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Abstract

Healthcare costs are systematically rising, and current therapy-focused healthcare systems
are not sustainable in the long run. While disease prevention is a viable instrument for
reducing costs and suffering, it requires risk modeling to stratify populations, identify high-
risk individuals and enable personalized interventions. In current clinical practice, however,
systematic risk stratification is limited: on the one hand, for the vast majority of endpoints,
no risk models exist. On the other hand, available models focus on predicting a single
disease at a time, rendering predictor collection burdensome. At the same time, the den-
sity of individual patient data is constantly increasing. Especially complex data modalities,
such as -omics measurements or images, may contain systemic information on future health
trajectories relevant for multiple endpoints simultaneously. However, to date, this data is
inaccessible for risk modeling as no dedicated methods exist to extract clinically relevant
information. This study built on recent advances in machine learning to investigate the ap-
plicability of four distinct data modalities not yet leveraged for risk modeling in primary
prevention. For each data modality, a neural network-based survival model was developed
to extract predictive information, scrutinize performance gains over commonly collected
covariates, and pinpoint potential clinical utility. Notably, the developed methodology was
able to integrate polygenic risk scores for cardiovascular prevention, outperforming existing
approaches and identifying benefiting subpopulations. Investigating NMR metabolomics,
the developed methodology allowed the prediction of future disease onset for many common
diseases at once, indicating potential applicability as a drop-in replacement for commonly
collected covariates. Extending the methodology to phenome-wide risk modeling, elec-
tronic health records were found to be a general source of predictive information with high
systemic relevance for thousands of endpoints. Assessing retinal fundus photographs, the
developed methodology identified diseases where retinal information most impacted health
trajectories. In summary, the results demonstrate the capability of neural survival models to
integrate complex data modalities for multi-disease risk modeling in primary prevention and
illustrate the tremendous potential of machine learning models to disrupt medical practice
toward data-driven prevention at population scale.
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1 Introduction

1.1 Motivation

Since antiquity, the times of Hippocrates, Galen and Bian Que, diagnosis and therapy have
been the central elements of medicine. Medicine is commonly considered successful once
health, the symptomless status has been restored through a structured diagnostic process
followed by disease resolving therapy. Thanks to constant progress over the millenia mani-
fested in the development of ever more precise diagnoses, and ever better treatments, many
diseases that once were almost certainly fatal have become curable. However, as positive
as this development is, there are strong warning signals indicating the lack of sustainability
in a disease and treatment focussed system. Over the past four decades, healthcare costs
have been consistently increasing among OECD countries (Joint OECD, EUROSTAT and
WHO Health Accounts SHA Questionnaires (JHAQ) 2022), reaching up to 16.9 % of the
GDP of the United States (11.2 % and 9.8 % of the GDPs of Germany and UK respectively)
in 2018 (Tikkanen and Abrams 2020). While the rise in healthcare costs has partly been
linked to population increase and the development and utilization of modern, more expen-
sive techniques, common and age-related diseases have been identified as a major driver of
healthcare expenditure (Dieleman et al. 2017). Further, despite projections expecting the in-
crease in health expenditure to stall, its anticipated growth rate still exceeds the growth rate
in the general economy within the OECD until 2030 (Lorenzoni et al. 2019). At the same
time, many diseases - in the USA nearly 50 % - are considered preventable as they may
be attributed to modifiable risk factors (US Burden of Disease Collaborators et al. 2018).
Translating this to potential savings, in 2016 alone, the USA spent a staggering amount of
$ 730.4 billion for the treatment of diseases that would have been preventable in the first
place (Bolnick et al. 2020). Further, as drastic these financial losses may seem, the eco-
nomic side alone fails to portray the full picture, as the manifestation of every preventable

disease inherently represents unnecessary suffering and lost years of life.

However, despite all these shortcomings, prevention is far from being the paradigm of
today’s healthcare system. In fact, as a consequence of the centuries-old prioritization of
diagnostics and therapeutics, today’s healthcare, despite all its progress is rather reactionary
in the original sense of the word: The notion of healthy individuals not requiring medical
attention is commonly accepted and most individuals would seek medical attention only in
response to an illness (see figure 1.1 on the facing page). While preventive programs and
health checks are starting to be recommended (Bundesgesundheitsministerium 2022; NHS
2022), in the majority of cases, it is only after disease onset, that the full capabilities of mod-

ern healthcare systems are leveraged. In consequence, almost the entire healthcare industry
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existing today is oriented towards the end of the causal disease chain: the focus is on the
disease as an abnormality to be corrected, not on health as the normality to be maintained
and current healthcare delivery systems act in fee-for-service or capitated approaches re-
imbursing, (re-)actions and treatments, often independent of the individual health outcome
(Porter and R.S. Kaplan 2016). In order for prevention to become the paradigm of health-

care, significant challenges in reimbursement and care-delivery have to be overcome.
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Figure 1.1: The effect of prevention. Schematic depiction of life trajectories for two individuals with preventive intervention
(green) and without (red). Without intervention, individuals at risk, likely develop diseases, shortening the lifespan and causing
high treatment costs. While preventive intervention causes short-term healthcare costs, it results in long-term benefits such a
longer, disease-free lifespan and lower overall healthcare costs.

An alternative approach to health care organization is described in the concept of value-
based health care (Porter 2010). Value-based healthcare aims to establish the maximization
of patient value as a shared objective among stakeholders, where patient value is defined as
the achieved health benefit over the costs required. Thus, by monitoring individual health
outcomes and carefully selecting the optimal treatment, value-based care decreases costs
while promoting the overall health of populations. As disease manifestations drive costs,
disease mitigation is implicitly valued higher than disease treatment. However, it is hard to
reliably estimate and quantify the value of preventive interventions as they often represent
long term investments into future health with negative short term financial rewards. With
reliable financial value being centered around the end of the causal disease chain, vendors
often lack the incentive for preventive care, even in a value-based care model. In com-
parison, the returns on preventive measures heavily depend on the selection of individuals
being recommended for intervention. Intervening in a population of high-risk individuals
with a high probability of experiencing disease onset will result in a larger portion of saved
costs, compared to promoting measures in a population of low-risk individuals that likely

would not have experienced a disease event regardless of the measures taken. Thus, an ac-
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curate selection of individuals for interventions is a decisive factor for economic returns on
preventive measures. Disease risk models can inform about an individual’s future health tra-
jectory by providing probabilistic estimates for future disease onset from variables at hand.
Based on these projections, the preventive potential becomes quantifiable as a function of
the estimated risk, available interventions and the anticipated costs resulting from a potential

disease onset.

More fundamentally, however, the very medical act of initiating preventive interventions
already depends on the anticipation of an individual’s future health trajectory. While harm-
less interventions such as life-style advice may be promoted for wider parts of the general
population, targeted prevention measures involving medication or treatment, require precise
knowledge on the potential costs, benefits and harms in the selected individuals. This form
of holistic risk mitigation has been exemplified in cardiovascular prevention, where the use
of disease risk models is recommended by medical guidelines to identify high-risk indi-
viduals and guide interventions (National Institute for health and Care Excellence (NICE)
2014). For the majority of diseases, however, the application of risk models is not part
of the common clinical practice, as no means of projecting on future disease onset exist.
Even for diseases where risk models have been proposed, the adoption into clinical practice
is often hampered by the effort and cost to collect the required clinical predictors (Steyer-
berg, Moons, et al. 2013). Consequently, there is huge potential for novel risk modeling
approaches to improve on the existing standard of care and disrupt clinical practice, both by
allowing the predictions for so far inaccessible endpoints, and by reducing costs and efforts
in predictor collection. By allowing for quantified and targeted risk mitigation, these novel
risk models may form the foundation of a systematic roll-out of preventive measures and

help to pave the way for a new prevention centered age of value-based care.

1.2 Background

1.2.1 Machine learning and neural networks

Most generally, machine learning describes a branch of statistics concerned with the devel-
opment or application of computational models able to complete unseen tasks. Machine
learning models learn and adapt based on inferred patterns in given data without follow-
ing explicit instructions. Given a pre-collected dataset, machine learning algorithms may be
trained by supervised or unsupervised learning. In unsupervised learning, data is unlabelled,

and the algorithm is required to infer patterns relying on similarities and differences between
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the individual samples. For example, given a dataset of images of mammals, without further
annotation, an unsupervised learning algorithm might be applied to identify distinguishing
features between the animals and regroup the photographs accordingly. In medicine, unsu-
pervised learning has been applied to identify new subgroups of coronary artery disease (Flo-
res et al. 2021) or new biomarkers separating healthy and disease populations (Shomorony
et al. 2020). While unsupervised learning does not require labels, it is generally consid-
ered a more complicated learning problem. Therefore, most machine learning applications
that require a high degree of confidence and accuracy are developed by supervised learning.
Supervised learning builds on labeled data to optimize a model’s parameters to minimize
an objective function, commonly measuring the prediction error or goodness of fit between
the label and the model’s prediction. For example, supervised learning could be applied to
a dataset of labeled images of cats and dogs to distinguish between the two animals accu-
rately. In medicine, supervised learning has been utilized for many years and has led to
applications including clinical risk prediction models (Goff et al. 2014; SCORE2 working
group and ESC Cardiovascular risk collaboration 2021), systems for automated diagnosis
and detection (Morey et al. 2020) of diseases and systems for optimization of hospital work-
flows (Tomasev et al. 2019).

To date, the most commonly applied machine learning method to leverage large and com-
plex datasets are neural networks. While the fundamental concept of neural networks dates
back to the 1950s (Rosenblatt 1958) and backpropagation and convolutional neural networks
were already established methods in the 1990s (Lecun et al. 1998), it was the increase in
available computing power that fostered the development of AlexNet, the epochal break-
through moment, heralding the deep learning boom of the 2010s (Krizhevsky, Sutskever,
and Hinton 2012). Since then, deep learning has become the method of choice for fea-
ture extraction, representation learning, and cognition across many scientific domains, from
Earth science (Reichstein et al. 2019), to physics (Erdmann et al. 2021) and biology (Webb
2018). Deep learning relies on large neural networks with many layers (hence the term
deep) to approximate a given function or minimize a specified objective. Importantly, neu-
ral networks do not require a manual specification of the features or feature combinations
that the model should consider. Instead, a neural network operates by learning weights to
process, combine and reweigh information in the input space to best minimize the given ob-
jective. Thus, where other machine learning algorithms require analysts to engineer features
carefully, neural networks are entirely data-driven. Large deep-learning models may have
millions of parameters, allowing them to approximate complex functions and extract spe-

cific features from the given inputs. Due to this large number of parameters, deep learning
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models require vast amounts of labeled data, and datasets might well extend to millions of

samples for image recognition tasks (Deng et al. 2009; T.-Y. Lin et al. 2014).

In consequence, with the availability of increasingly large labeled datasets, deep learn-
ing became applicable for many real-world applications. Notable examples in the scientific
medical domain include the detection of skin cancer in photographs (Esteva et al. 2017), the
prediction of in-hospital mortality, readmission, and length of stay from large-scale elec-
tronic health records data (Rajkomar et al. 2018), and the detection of atrial fibrillation in
standard 12-lead electrocardiograms (Attia et al. 2019). In summary, neural networks rep-
resent a powerful machine-learning method with a wide range of applications. Especially in
prevention, the application of neural networks on complex medical data promises to disrupt
the current medical practice by allowing for capable risk models to assess individual risk

landscapes over many diseases systematically and simultaneously.

1.2.2 Primary prevention

Prevention, or preventive healthcare, seeks to aid individuals in maintaining their health,
promote well-being and thereby avoid disease onset. Preventive actions may include mea-
sures such as immunization, screening for the identification of asymptomatic diseases or
risk factors, behavioral counseling to motivate lifestyle changes as well as the use of drugs
to prevent disease (Fletcher 2022). Leavell and Clark categorized preventive measures into
three tiers (Leavell et al. 1953). Primary prevention aims to avoid disease onset by targeting
its causal factors. According to this definition, primary prevention measures are undertaken
per se without indication or subclinical manifestations of disease, such as the administration
of vaccines for immunization, but also lifestyle interventions (such as smoking cessation),
prophylactic surgery or intervention by medicines (such as antihypertensives and statins).
Secondary prevention, on the other hand, is interested in acting upon subclinical and asymp-
tomatic disease manifestations to stop disease progression. Secondary prevention first re-
quires a screening process to detect the subclinical manifestation followed by a treatment
intervening on the identified issue. Secondary prevention may, for instance, act on specific
risk factors such as high blood pressure, obesity, or smoking. Ultimately, tertiary prevention
measures seek to prevent the onset of further complications once an individual has experi-
enced disease onset, for instance, the prevention of additional cardiovascular disease events
or the onset of atherosclerosis in an individual with type-2 diabetes. Tertiary prevention

commonly includes medical or surgical intervention and thus involves treatment.
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Although the categorization into the three levels defined by Leavell et al. is common, the
terminology is not definitive. In fact, the lines between the categories have become blurred,
with more preventive measures entering into clinical practice (Fletcher 2022). Thus, while
primary prevention, in its original definition, referred to unspecific measures such as vacci-
nations, it may now also include the administration of medicines. Further, in cardiovascular
prevention, for instance, definitions are more straightforward: primary prevention refers to
the measures administered to prevent the onset of the first cardiovascular event (the primary
disease event), including those usually categorized as secondary prevention. Primary pre-
vention in cardiology would include behavioral advice encouraging, for instance, more phys-
ical activity and the administration of statins to act on a diagnosed hypertension. Similarly,
secondary prevention in cardiovascular disease refers to what Leavell and Clark categorized
as tertiary prevention, namely the prevention of disease recurrence or consequential compli-
cations, for instance, a second, repeated myocardial infarction (Roe and Ohman 2012). Due
to its simplicity, this work will resort to the definitions of primary and secondary preven-
tion as utilized in cardiovascular prevention and the British National Health Service (NHS):
“primary prevention means working with partners [...] to prevent disease or injury before it

ever occurs.” (Alderwick and Dixon 2019).

Primary prevention is closely linked to primary care as it is commonly the main point of
interaction between individuals and their healthcare providers. Primary care refers to family
medicine or general practices offering non-specialist healthcare services from professionals,
called General Practitioner (GP), Family Physician (FP), or Primary Care Provider (PCP). In
the primary care setting, day-to-day healthcare, such as treatment of acute diseases as well
as public health measures like vaccinations, are provided, and specialist care often requires
a referral and previous examination from PCP. Due to this tight contact between individuals
and their PCP, many primary prevention programs, even those involving specialists such
as intervention on blood lipids in cardiovascular prevention, are initialized at primary care
sites (National Institute for health and Care Excellence (NICE) 2014). Depending on the
prevention strategy, prevention at the primary care site may include an examination by the
PCP and a prescription of laboratory tests to assess disease risk factors. In many countries,
national health strategies endorse risk factor assessment through the promotion of regular
health check-ups (Bundesgesundheitsministerium 2022; NHS 2022).

It is important to note, however, that guideline recommendations and the practice of clin-
ically adopted prevention strategies are very heterogeneous between healthcare systems and

health outcomes. For instance, while prevention has long been a central element of cardio-
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vascular medicine, and risk factor examination, as well as risk modeling, are integral parts
of the cardiovascular preventive strategy, this is far from being representative of the entire
disease spectrum. In fact, for the majority of diseases, there exists no preventive strategy
nor means of assessing the probability of future disease onset. Thus, even after systematic
risk factor collection, the spectrum of diseases for which a targeted intervention is feasible
is currently still limited. At the same time, the potential of established interventions is not
fully exhausted, as preventable diseases are still highly prevalent (Galea and Maani 2020) a
systematic roll-out of available primary prevention strategies is needed to reduce the burden

of preventable diseases.

1.2.3 Benefits, harms and guidance of interventions

In medicine, each action, such as a surgical procedure or pharmacological treatment, has
benefits and harms. The benefits describe the positive effects of an intervention, thus, for
instance, the reduction of risk, decrease in disease burden, or increase in well-being. Harms,
on the other hand, describe the detrimental effects of the intervention itself: side effects of
medications, pain experienced at the surgery, or psychological burden experienced in the
course or consequence of a medical measure. Notably, the interplay between the benefits
and harms of an intervention is not static but depends on the individual and their situation.
For instance, in secondary prevention and regular treatment, where an individual is subject
to a medical condition and has already embarked on a particular course of disease, the harms
of the treatment are justified by the experienced suffering and projected detrimental course
of the disease, which is to be cured. An example is prophylactic cardioverter-defibrillators,
which significantly reduce the risk for mortality and improve the quality of life in patients
with coronary artery disease or dilated cardiomyopathy (Theuns et al. 2010) but come with
significant harms, as the implantation of the device requires surgery.

In contrast, in primary prevention, individuals lack symptoms and do not suffer. Fur-
ther, disease trajectories are more uncertain, as there are, at most subclinical manifestations
of disease with an often non-deterministic future. Therefore, measures in primary preven-
tion require an understanding of the harms of an intervention, which need to be carefully
weighed against its projected benefits. While interventions with less harm can be rolled out
more easily, interventions with potentially more considerable harm require a more careful
selection of qualifying individuals. For instance, lifestyle advice may yield risk reduction at
comparatively low harm. At the same time, more targeted approaches, such as CD3 mono-

clonal antibodies in type-1 diabetes, may reduce risks more significantly, at potentially more
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significant harm (Herold et al. 2019).

Ultimately, the impact of an intervention on a population is determined by its overall ben-
efits and harms. Thus, to maximize the benefits of interventions and balance potential harms
and benefits, preventive measures must be recommended to those who would benefit most
while sparing others from the negative consequences. For instance, today’s medicine offers
precise interventions able to significantly reduce the future disease burden when recom-
mended to the correct individuals but of none to negative benefit when applied to an entire
population. Therefore, to guide preventive interventions and navigate the interplay between
benefits and harms, prevention and screening strategies commonly rely on risk assessment

as a form of selection process (see figure 1.2).
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Figure 1.2: Overview on risk stratification. a, Risk stratification allows the categorization of individuals into high-, medium-
, and low-risk strata. b, Risk strata show different event rates, with individuals in the high-risk group experiencing more events.
¢, Schematic depiction of cumulative event trajectories. Intervention on individuals in the high-risk group results in reduced
cumulative event trajectories, thus reduced risk. Risk reduction depends on the form of intervention, the prevalence of the
health outcome and the quality of the stratification.

Disease risk describes the probability of an individual experiencing disease onset in the
future. In the simplest form, risk may be estimated implicitly by examining known fac-
tors associated with disease onset, so-called risk factors. For instance, a high Body Mass
Index (BMI) is associated with metabolic diseases, cardiovascular complications, and can-
cers. While the measurement of an elevated BMI is not an exact probability, it already allows
a form of risk assessment and may be used for risk stratification. In risk stratification, indi-
viduals in a population are categorized by some proxy for disease risk, i.e., a risk estimate

or a risk factor value higher than a threshold, with the underlying goal of identifying a sub-
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population with a consistent risk profile (see figure 1.2 on the preceding page). Then, once
a high-risk group has been identified, an intervention with substantial harm would be rec-
ommended to individuals in a very narrow high-risk subpopulation, minimizing harm over
the entire population. Similarly, a less harmful intervention would be recommended for a
broader part of the population. Further, relative risks can be computed between strata once
a population has been stratified by risk. Relative risks are not probabilities on the individ-
ual level but rather provide an estimate of how likely an event is within certain groups of
individuals. Thereby, relative risks are utilized to assess differences between groups, scru-
tinize the stratification, and even estimate risk reductions if one stratum has been treated
and another has not. However, the more specific preventive interventions become, the more
fine-grained risk stratification is required to guide measures accurately. Personalized pre-
vention takes the balancing efforts a step further by aiming to direct preventive measures
on an individual basis to provide the right measure - considering benefits and harms - to the
right individual at the right time. However, making decisions on the individual level requires
quantifying the absolute individual disease risk. Only estimates of the probability of disease
onset on the individual level, i.e., absolute risk estimates, allow a balancing of benefits and
harms on the individual level. Personalized prevention is common practice, for instance, in
cardiovascular prevention, where risk models are applied to estimate the individual risk for
disease onset and to guide interventions (National Institute for health and Care Excellence
(NICE) 2014), but is less common for the prevention of other diseases. An overview on the
state-of-the-art risk models in cardiovascular prevention and the utilization of risk models

in primary prevention more generally is provided in section 1.3.1 on page 18.

Before a prevention strategy can enter clinical practice, reliable estimates of the overall
benefits and harms are required. Generally, these estimates are collected in a prospective
Randomized Controlled Trial (RCT), where the proposed intervention, along with its guid-
ing criteria (the selection of recommended individuals), is benchmarked against the standard
of care. After trial completion, a comparison of relative risks observed in individuals who
received the intervention and those treated regularly can then inform on the overall impact
of an intervention strategy. Commonly, intervention strategies only enter clinical practice
after multiple trials have proven systematic benefits. An example is the management of
Low-Density Lipoprotein Cholesterol (LDL-C) with statins, where randomized trials have
proven statins to lower cardiovascular disease burden and mortality while not significantly
increasing other causes of mortality (Armitage et al. 2019; Collins et al. 2016; Tonelli et al.
2011). In this case, risk models quantifying the absolute risk on an individual level have

been utilized as a form of inclusion criteria: individuals with a 10-year risk below 20 % for
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developing cardiovascular outcomes such as cardiovascular death or non-fatal myocardial
infarction (Tonelli et al. 2011) were selected to investigate the impact of statins in a low-risk
population.

In summary, benefits and harms need to be considered to maximize the positive impact
of preventive interventions. By applying risk stratification through risk factor assessment or
estimating disease risk via dedicated models, appropriate candidate populations are selected
to guide interventions and optimally balance benefits and harms. Risk assessment, there-
fore, is a fundamental requirement for preventive interventions, and the more accurately an
individual’s future health trajectory can be anticipated, the more fine-grained interventions

become applicable.

1.2.4 Fundamentals of risk modeling

Disease risk models provide means to assess individuals’ future health trajectories. Gen-
erally, survival analysis or risk modeling is a branch of machine learning that seeks to in-
vestigate durations or times until the occurrence of an event of interest. Traditionally, risk
modeling has been applied to investigate the lifespan of populations from birth to death (Cox
1972), hence the name “survival analysis”. Applied to today’s medical context and primary
prevention, risk modeling intends to answer the question of estimating the duration until the
time of occurrence of a specific disease or the time of need for certain procedures based on a
given set of information on the individual. Risk models may estimate absolute risk, thus an
exact probability for the event of interest at a particular time point, or relative risk, an esti-
mate of how likely an individual is to experience a specific event compared to others in the
population. While the latter is sufficient for investigating associations of clinical predictors
with disease onset and may even be exploited to identify high-risk individuals within a pop-
ulation, clinical guidelines involving risk models rely on absolute risk estimates (National
Institute for health and Care Excellence (NICE) 2014).
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Birth Prevalent event Baseline Incident event Follow-up period
{ T* C*
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Risk model S(tx) F(tix) f(tlx)

Figure 1.3: Risk models predict incident disease onset. Displayed is a schematic depiction of an individual’s health trajec-
tory in observational data from birth until the end of the follow-up period 7. Prevalent events are indicated by green dots,
while an incident event at time 7'« is indicated by a blue dot. The measurement of clinical predictors x at baseline ¢ informs
on the individual’s health status (gray arrow). Applying a risk model g(x;) on the clinical predictors gives an estimate of
the risk of incident events. Commonly this estimate is given by one of the relevant survival functions, i.e. S(¢|x), F'(¢|x) or

f(tlx).

More generally, risk modeling revolves around time-to-event data, comprising informa-
tion on whether an event occurred in the time an individual was observed A € {0, 1}, in-
formation on the duration of observation T, as well as information on the individual, some
feature vector x. Typically, the true event time 7'« (i.e., the exact time at which the event
occurred) is not observed for all individuals in a population, either because they left the
study prior to the occurrence of an event, or because the observation window is not long
enough for an event to occur. This phenomenon, noted as § = 0, is denoted as censoring,
and instead of the true event time, a right-censored event time C, the time until the cen-
soring occurs, is analyzed: 7' = min C'x, Tx. While right-censoring is the most relevant,
censoring may occur in other forms; for instance, left-censoring would describe individuals
joining the study at a later point in time, and interval censoring would describe unobserved
time-frames within the observation period. When analyzing time-to-event data, the primary
object of interest of risk modeling is to estimate the survival function, typically denoted as
S(t), informing on the probability of event-free survival up to a time point ¢ (see figure 1.3).
The survival function is complemented by the cumulative risk function F'(¢), informing on
the total accumulated risk up to a time point ¢.

St)=P(T>t)=1—F(t) (1.1)

with 0 < S(t) < 1, where F(t f f(z)dz. Thus, f(t) is the incidence function,

informing on the probability of occurrence of an event at a specific point in time, .
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Another important concept in risk modeling is the hazard function or hazard rate h(t),
defined as the incidence function at a specific time point ¢, conditioned on survival up to ¢

or later.
Pt <T < +dt)  f(t)

T xS@ S (12)

The goal of risk modeling is to accurately estimate the survival, cumulative risk and haz-
ard functions for a given individual based on a given set of covariates x at a desired time point
of interest ¢ (see figure 1.3 on the preceding page). Thus, a risk model regresses covariates
against events and durations, estimating the survival not only as a function of time, but rather
as a function of time conditioned on the covariates, i.e. S(¢|x), F'(t|x) and h(¢|x). Clinically
adopted risk models such as the cardiovascular risk scores AHA-ASCVD and ESC-SCORE2
or the CAIDE dementia score rely on linear Cox Proportional Hazards (CPH) models (see
section 2.2.2 on page 50, section 1.3.1 on page 18) (Goff et al. 2014; Kivipelto et al. 2006;
SCORE2 working group and ESC Cardiovascular risk collaboration 2021).

Information considered in the covariates of a clinical risk model may range from infor-
mation on the individual’s phenotype, including physiological measures, laboratory values,
or other risk factors, over sociodemographic values, such as income and diet, to information
on the family history and even genetics. However, there is no limitation to what can be
considered a covariate, and novel data modalities are regularly exploited for risk modeling.
Typically, clinical risk models are developed on data from observational cohorts, compris-
ing necessary sample sizes, baseline measurements (i.e., the covariates x), and a follow-up
period after baseline throughout which observations (7', A) were recorded. Commonly,
observation windows last 5-10 years or longer, depending on the disease of interest. For
infectious diseases, for instance, shorter observation windows are applied than for slow-
building diseases such as cardiovascular diseases (Goff et al. 2014; Hippisley-Cox, C.A.
Coupland, et al. 2021; SCORE2 working group and ESC Cardiovascular risk collaboration
2021). The baseline defines the time point ¢ = 0, thus the time at which the model predic-
tion is made from the collected covariates, x. With a defined baseline, disease events may
be categorized into prevalent events, those observed prior to the baseline measurements and
collection of covariates, and incident events, those observed after baseline within the obser-
vation period. Outcomes to be predicted by a risk model are incident events, and individuals
with prevalent events are commonly excluded from the analysis as the incidence function
for secondary events (those events observed for individuals with prevalent events) is much

different than for primary events. While models may as well be trained on populations with
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prevalent outcomes, the application of these models is not in prediction, but in prognosis,
the question of how a disease develops over time. Generally, the performance of risk models
is dependent on the outcome that is modeled, the population the model is applied to, and the
amount of information the predictors contain on the outcome. As the calculation of benefits
and harms of interventions may depend on a risk model’s output, it is crucial to thoroughly

scrutinize clinical risk models under relevant metrics prior to application in clinical practice.

1.2.5 Requirements for clinical risk models

In the primary prevention setting, risk modeling is applied with two motivations. On the
one hand, risk modeling is used to stratify a population by disease risk. Here, relative risks
are sufficient as they allow medical professionals to define population subgroups with high-
risk individuals pinpointing opportunities for preventive intervention. On the other hand,
risk modeling may be used for personalized prevention, guiding interventions based on risk
profiles of individuals. For this application, reliable absolute risks are required. Consider-
ing these two scenarios, three requirements must be met for risk models to be applicable
in clinical practice: sufficient discrimination, adequate calibration, and ample clinical util-
ity. Discrimination describes a model’s ability to stratify a given population, or in other
words, rank individuals correctly by their estimated disease risk. The ability to accurately
distinguish high- from low-risk individuals is the most fundamental requirement for clinical
risk models (Alba et al. 2017). Metrics, such as Harrel’s C-index or Concordance Index,
allow the assessment of the discriminatory performance in a given population (D’ Agostino
and Nam 2003). Thereby, the C-index measures the ratio of correctly ranked pairs over the
number of all comparable pairs in a population, with the intuition that individuals with ear-
lier events are expected to be assigned higher estimated risks compared to individuals with
later events or censored times. A detailed explanation of the C-index and its computation is
presented in the methods (see section 2.4.1 on page 58). It is important to be aware that the
discriminatory performance of a risk model is population dependent (Longato, Vettoretti,
and Di Camillo 2020). Thus, populations may be easier or more difficult to discriminate
depending on event and censoring rates and their homogeneity, i.e., the similarity of the in-
dividuals in a population. Further, discrimination is upper bound by the predictors collected,
the information they contain on the event of interest, and the randomness of events. A pop-
ulation where individuals differ very little from their measured predictors will be harder to
discriminate compared to a population where some individuals pose a much higher risk, for
instance, due to a prevalent event. Therefore, a model’s discriminatory performance requires

reassessment prior to applications in unseen populations.
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In addition, as ranking is relative within a population, a model’s discriminative perfor-
mance does not inform on the quality of model predictions in terms of actual scale, thus
on the accuracy of the predicted absolute risks (Cook and Ridker 2009). For instance, a
model could stratify a population perfectly while only predicting cumulative risks close to
0. Therefore, especially concerning personalized prevention, calibration is another vital re-
quirement for clinical applicability (Alba et al. 2017). Calibration describes the agreement
between a model’s estimated risk and the empirical risk observed in the population. The
more accurately a model’s prediction follows the empirical risk distribution, the more use-
ful the predictions become. A perfectly calibrated model would estimate risks in perfect
accordance with the observed risk, i.e., of the individuals with a predicted ten-year risk for
ischaemic heart disease of 20 %, about 20 % would experience an event within 10 years.
Similarly to discrimination, calibration is population-dependent, too. For instance, when
transferring a model from a low-risk to a high-risk population, the model might underesti-
mate disease risk, as it has been developed on less high-risk individuals (Alba et al. 2017).
In order to overcome this problem, models can be recalibrated to unseen populations by
rescaling their outputs. Methods for the evaluation of model calibration and recalibration of

model predictions are presented in section 2.4.5 on page 63 and section 2.2.5 on page 55.

With discrimination and calibration as prerequisites, the decisive requirement for a risk
model’s clinical application is its potential to impact health trajectories, the clinical utility.
Besides the model’s performance, which is reflected in discrimination and calibration, clin-
ical utility considers the effects of a prediction by factoring in the harms and benefits of an
intervention done in consequence of the prediction (also see section 1.2.3 on page 8). In
other words, if the model recommends an intervention, are the effects of this intervention
overall beneficial or detrimental? The clinical utility of a risk model is dependent on the
incidence of the disease of interest in the population and on the benefits and harms of an
intervention, represented by the choice of decision threshold at which the intervention is
recommended. The disease incidence upper bounds the number of individuals that benefit
from an intervention (Vickers and Elkin 2006). In a treat-all scenario, an intervention would
be provided for the entire population, with potentially only a few benefiting (maximally the
percentage of incident disease), but every treated individual experiencing the harm. The
choice of a decision threshold subsets the population into treated and untreated. While the
treated definitely experience the harm of the intervention and hopefully its benefits, the un-
treated definitely do not experience the harm of the intervention but may still be subject to
disease onset. At the decision threshold, the benefits and harms of treatment are equal to
the benefits and harms of not treating. Therefore, at levels of risk higher than the decision

threshold, the benefits outweigh the harms. The overall benefit thus not only depends on the
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chosen decision threshold but also on the ability of the model to stratify the population into
high- and low-risk individuals. The measure of net benefit allows for a holistic comparison
between models by quantifying their potential population-level impact (Marsh, Janes, and
Pepe 2020; Pauker and Kassirer 1980; Vickers, Van Calster, and Steyerberg 2016; Wein-
stein, Fineberg, Elstein, et al. 1980), and a model is said to be superior to another if its net
benefit surpasses the other’s net benefit at the chosen decision threshold. Decision curve
analysis allows assessing the net benefit of a model continuously over decision thresholds
(Vickers and Elkin 2006; Vickers, Van Calster, and Steyerberg 2016). Both methods are in-

troduced in detail in the methods (see section 2.4.2 on page 59 and section 2.4.4 on page 62.

Ultimately, in addition to fulfilling the necessary criteria of discrimintation, calibration
and clinical utility, a clinical risk model must be adopted into clinical practice to impact
care delivery. While the corpus of literature on clinical prediction models is vast, and over
the years, many clinical prediction models have been proposed (Damen et al. 2016; Lam-
bert, Abraham, and Inouye 2019), few are ever adopted into clinical practice (Ahmed et al.
2014; Wyatt and Altman 1995). Concerning individual prediction models, adoption may be
hampered by the lack of available predictors in the actual care setting (Steyerberg, Moons, et
al. 2013) and missing integration with clinical systems and workflows (Sharma et al. 2021;
Steyerberg, Moons, et al. 2013). Thus, in order for a model to be utilized in clinical prac-
tice, the necessary effort to gather the required information and compute the model output is
critical. While some predictors, such as age or biological sex, are readily and ubiquitously
available, others, such as blood tests or functional assays, require dedicated measurements.
Further, while more clinical predictors usually represent a more comprehensive picture of
an individual and consequently allow for more accurate predictions, the increased effort
required to facilitate computation may aggravate adoption. In other words, there is a trade-
off between the information provided by clinical predictors and the effort required for their
collection. Balancing information against effort is crucial in order to render models eas-
ily adaptable, and the ideal clinical risk model relies on informative data sources requiring

minimal effort in collection.

1.2.6 Clinical predictors in primary care

In primary prevention, the set of commonly assessed predictors is limited due to constraints
on the available resources in time and cost in the primary care setting. Thus, risk assessment
in primary prevention commonly considers risk factors that are either ubiquitously available
or collectible at low cost (Goff et al. 2014; Kivipelto et al. 2006; Lindstrom and Tuomilehto
2003; SCORE2 working group and ESC Cardiovascular risk collaboration 2021). Ubig-
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uitously available information refers to predictors such as age or biological sex, which do
not require a dedicated measurement. Also, information on an individual’s medical history
may be considered if the healthcare system allows accessing this data at low thresholds.
Factors collectible at low cost may include information on an individual acquirable through
questionnaires or examination, such as their socioeconomic status, lifestyle, and medication
or family history. Further, physiological measures such as the blood pressure or the Body
Mass Index (BMI) may be collected. Depending on national guidelines and their preventive
strategies, prevention programs may recommend calculating disease risk scores, for which
additional measures, such as laboratory tests assessing blood lipids or urine metabolites,
need to be acquired (Hippisley-Cox and C. Coupland 2010; Hippisley-Cox, C. Coupland,
and Brindle 2017). For instance, the German national prevention strategy promotes recurrent
health checkups in three-year intervals for adults aged 35 or older involving the collection
of blood measures for the prevention of heart disease, kidney disease, and type-2 diabetes.
The checkup involves the collection of blood measures like lipids and glucose as well as
urine measures like glucose, nitrate, and leukocyte counts (Bundesgesundheitsministerium
2022). Similarly, the NHS health check for adults between 40 to 74 aims to identify indi-
viduals with high-risk or subclinical manifestations of stroke, kidney disease, heart disease,
type-2 diabetes, or dementia (NHS 2022). Especially in cardiovascular prevention, the uti-
lization of risk models forms an integral part of the preventive strategy (National Institute
for health and Care Excellence (NICE) 2014). Therefore specific cardiovascular predic-
tors such as total cholesterol or HDL-cholesterol are collected frequently in primary care.
Clinically adopted risk models for primary prevention are also available for other diseases
such as type-2 diabetes (Lindstrom and Tuomilehto 2003), common cancers, and dementia
(Kivipelto et al. 2006) (see section 1.3.1 on the following page for a detailed overview).

Further, the deep integration of prediction models in prevention strategies is only rep-
resentative of some of the disease spectrum, and most diseases lack available means of
risk assessment. While additional risk models predicting other diseases or leveraging more
comprehensive parameter sets are frequently proposed, clinical adoption requires the opti-
mization of the tradeoff between required resources and predictive information (Steyerberg,
Moons, et al. 2013). Clinically adopted scores aim to deliver the most accurate predic-
tions from data collectible in the day-to-day primary care operations and are, therefore,
often limited in the choice of predictors. At the same time, today’s medicine generates
increasing amounts of data per individual: Information on an individual’s medical history
involving diagnoses, procedures, and medications is collected and aggregated in electronic

health records, and specialist examinations often produce complex data. One example is reti-
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nal fundus photographs taken at standard ophthalmology visits (MacGillivray et al. 2014).
These images are currently only assessed in the context of the specialist’s domain but could
carry valuable information on future disease trajectories. Further, in clinical research com-
plexes -omics assays, such as genotyping or lH-NMR metabolomics, are already applied
to measure unseen dimensions of human physiology. These assays promise to hold vital
information that cannot be assessed by examining standard clinical risk factors. At the same
time, examining complex data modalities could help reduce the required resources in pri-
mary care operations by replacing multiple measurements for independent risk factors with
a single assay. A better understanding of the information contained in these complex data
sources is needed to help public health decision-makers evaluate the potential for inclusion

in primary prevention strategies.

1.3 State of the art

The following section introduces the reader to state-of-the-art topics relevant to this work.
First, an overview of statistical models applied in primary care for the identification of in-
dividuals at highest risk for early intervention is presented. Next, to prepare the reader for
the following experimental work, the data modalities examined in this study are introduced.
Thus, prior work linking polygenic scores, metabolomics, electronic health records, and reti-
nal fundus photographs to disease onset is described in detail to portray the relevance and
potential of each data modalities for risk stratification. Lastly, to inform about the method-
ological foundation for this work, the state-of-the-art in the two deep learning domains of

image analysis and time-to-event modeling is summarized.

1.3.1 Risk models in primary prevention

In cardiovascular disease prevention, research on cardiovascular risk factors and the use of
predictive models has a long-standing history and risk assessment through risk models is a
central element of preventive guidelines (Goff et al. 2014; Mach et al. 2020; National Insti-
tute for health and Care Excellence (NICE) 2014). Beginning with the Framingham Heart
Study in the 1980s, followed by many similar investigations, a set of covariates heavily as-
sociated with cardiovascular disease onset has been identified. Besides age and biological
sex, smoking, overweight and obesity, an unhealthy diet, lack of physical inactivity, dyslipi-
demia (total cholesterol, HDL cholesterol), and conditions such as hypertension (assessed
through systolic blood pressure) and type-2 diabetes have been identified as cardiovascu-
lar risk factors (Caldwell et al. 2019; Goff et al. 2014; SCORE2 working group and ESC
Cardiovascular risk collaboration 2021; P.W. Wilson et al. 1998; P.W.F. Wilson, Castelli,
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and Kannel 1987). Additionally, information on blood pressure treatment and family his-
tory of CVD has been included (Hippisley-Cox, C. Coupland, and Brindle 2017). This
set of risk factors is commonly exploited in prevention and treatment and used by the vast
majority of today’s clinically relevant cardiovascular risk models, such as the SCORE-2,
ACC/AHA-ASCVD, and QRISK-3. Available and established risk models differ in the ex-
act endpoint definition, characteristics of the study population, predictor sets, and observa-
tion windows. The Framingham Risk Score calculates cardiovascular disease risk defined as
a 10-year risk for non-fatal myocardial infarction, stable and unstable angina pectoris, or fa-
tal coronary heart disease from nine covariates using a CPH model (P.W. Wilson et al. 1998).
Currently recommended in the United States cardiovascular risk prevention guidelines, the
ACC/AHA-ASCVD Score utilizes pooled cohort equations (sex-specific CPH models) re-
lying on nine clinical predictors to calculate the 10-year risk for a composite endpoint of
fatal coronary heart disease, non-fatal myocardial infarction and fatal or non-fatal stroke
(Goff et al. 2014). The European guidelines rely on the ESC-SCORE2 composed of sex-
specific and competing risk-adjusted CPH models stratified by regions. The ESC-SCORE?2
relies on seven covariates to calculate the 10-year risk for a composite of cardiovascular
mortality, non-fatal myocardial infarction, and non-fatal stroke (SCORE2 working group
and ESC Cardiovascular risk collaboration 2021). Its predecessor, the ESC-SCORE, relied
on the same covariate set and utilized a CPH model but considered only fatal events in the
endpoint definition (Conroy 2003). Further, more complex models exist: for instance the
QRISK3 score, relying on 22 clinical predictors in a CPH model to calculate the 10-year risk
for a composite outcome of coronary heart disease, ischaemic stroke, or transient ischaemic
attack (Hippisley-Cox, C. Coupland, and Brindle 2017).

In cancer prevention, risk modeling is much more diverse, as different cancer types have
organ- or tissue-specific risk factors. Cancers are characterized by malignant cell growth
initiated sporadically but affected by both genetic and lifestyle factors with a tissue and
organ-specific context. Thus, proposed clinical risk scores rely on diverse predictor sets
involving socio-demographic factors, laboratory assays, and genetic information (Cintolo-
Gonzalez et al. 2017; Frampton and Houlston 2017). In general, lifestyle factors, such as
smoking, obesity, lack of healthy diet, and physical inactivity, have been linked to mul-
tiple cancer types, including the most common cancers (Siegel et al. 2022) Iung cancer,
breast cancer, prostate cancer and colorectal cancer (Bray et al. 2018; Hippisley-Cox and C.
Coupland 2015). In breast cancer prevention, risk models are frequently consulted to both
assess a patient’s risk of being diagnosed with breast cancer and to guide further measures,

such as genetic counseling. Breast cancer-specific risk factors include age at menarche,
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first-term birth, biopsy history, and atypical hyperplasia. These factors are exploited in rec-
ommended scores, such as the Gail Score (Gail et al. 1989) and the Breast Cancer Risk
Assessment Tool (BCRAT) (Costantino et al. 1999), both relying on CPH models. Further,
breast cancer has a strong genetic component, with BRCA1/2 being known risk alleles. This
is considered in recently postulated scores such as the BCRAPRO that, in addition to the
clinical predictors in the BCRAT, considers ethnicity, ancestry and extended family history
of breast, ovarian, and other cancers (Berry et al. 2002) using a CPH model. A recently
proposed score, BOADICEA, additionally considers a Polygenic Score (PGS) based on 313
single-nucleotide polymorphisms along with information on known truncating variants in
risk genes and conventional risk factors (A. Lee et al. 2019). Risk factors for lung cancer
include the individual’s age, biological sex, the intensity or duration of cigarette smoking,
medical history and exposures from occupation or area of living (Schwartz and Cote 2016).
While lung cancer risk models have been proposed, to date, there is none recommended
for clinical practice (Schwartz and Cote 2016). Prostate cancer has a very strong relation-
ship with age, additional risk factors, including ethnicity, genetics, and nutrition (Bratt et
al. 2016; J.M. Chan, Gann, and Giovannucci 2005). Models predicting risk for prostate
cancer relying on the CPH approach have been proposed (Hippisley-Cox and C. Coupland
2021; Parekh et al. 2006; Steyerberg, Roobol, et al. 2007) and also been explored in clinical
practice (Vugt et al. 2012). Risk factors specific for colorectal cancer include red meat con-
sumption, medical history and family history of polyps, colonoscopies, inflammatory bowel
disease, medication for post-menopausal hormone, calcium supplementation as well as spe-
cific genetic variants (A.T. Chan and Giovannucci 2010; Pearlman et al. 2017). Despite the
strong genetic component, the occurrence of colorectal cancer is thought to be mainly spo-
radic (Cavestro et al. 2018). Several risk models have been proposed (Freedman et al. 2009;
Johnson et al. 2013; Zheng et al. 2020); however, screening is currently recommended based
on age as sole risk factor, without consideration of risk models (US Preventive Services Task
Force et al. 2021).

Cognitive decline or dementia is characterized by substantial impairment in human cere-
bral capabilities, such as information processing, memory, audiovisual cognition and lan-
guage (Larson 2019). Dementia is a common disease associated with aging, affecting 47
million individuals in 2015, with projections of strongly increasing prevalence (Livingston
et al. 2017). Strong links to vascular conditions have been established: risk factors for de-
mentia include cardiovascular risk factors such as age, hypertension, hypercholesterolemia,
physical inactivity, body mass index, and educational level, type-2 diabetes, smoking as

well as the prevalence of vascular diseases (Gottesman et al. 2017; Kivipelto et al. 2006;
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Luchsinger et al. 2005; Sindi et al. 2015). About 35 % of all prevalent dementias are at-
tributable to modifiable risk factors, such as sociodemographics, physical activity, mental
exercise, and smoking (Livingston et al. 2017). Although many risk prediction models for
dementia have been proposed, currently, none is recommended for clinical practice (E.Y.H.
Tang et al. 2015). Further, as no interventions with proven benefits exist, prevention pro-
grams center around modifiable lifestyle risk factors (Larson 2019). Notable models include
the CAIDE score estimating the long-term (20-year) risk for dementia incidence (Kivipelto
et al. 2006; Sindi et al. 2015) and the THIN score estimating the 5-year risk of a diagnosis
of dementia for those aged 60—79 (Walters et al. 2016). The CAIDE score relies on a CPH
model using cardiovascular risk factors and information on the education level along with
genetic information on the APOE4 variant carrier status. The THIN score also utilizes a
CPH model, however, it solely relies on predictors readily available in primary care (Wal-
ters et al. 2016).

Type-2 diabetes mellitus involves hyperglycemia and insulin resistance, driven both by
genetic factors involved in glucose metabolism and lifestyle factors such as nutrition and
physical activity affecting the metabolism (Paul Robertson 2022). As type-2 diabetes has
a high prevalence, affecting around 10 % of adults globally (H. Sun et al. 2022), there
has been extensive research on clinical risk factors and prevention measures. Clinical risk
factors for type-2 diabetes include family history, ethnicity, obesity, and lifestyle factors,
such as physical activity, smoking, nutrition, and sleep duration (G.A. Bello et al. 2019;
Chatterjee, Khunti, and Davies 2017). Many prediction models have been developed (Ab-
basi et al. 2012; Schwarz et al. 2009), relying on clinical predictors including age, fam-
ily history of diabetes, Body Mass Index (BMI), physical activity, blood pressure, High-
Density Lipoprotein (HDL), triglycerides, and Impaired Fasting Glucose (IFG). Notable
and clinically adopted models include the FINDRISC score (Lindstrdém and Tuomilehto
2003; Saaristo et al. 2005) and a simple model presented in the Framingham Offspring
Study (P.W.F. Wilson, Meigs, et al. 2007). The FINDRISC score estimates the 10-year
risk of being diagnosed with type-2 diabetes from a set of seven risk factors, including age,
antihypertensive medication, history of high blood glucose, body mass index, waist circum-
ference, information on diet and physical activity (Lindstrom and Tuomilehto 2003; Saaristo
et al. 2005). The simple clinical model developed in the Framingham Offspring Study esti-
mates the 7-year risk of incident type-2 diabetes in middle-aged individuals from age, sex,
parental history of diabetes, body mass index, and metabolic syndrome traits risk factors
(P.W.F. Wilson, Meigs, et al. 2007). Further models, including genetic information, have
been proposed (Cornelis et al. 2009; Lyssenko et al. 2008; Meigs et al. 2008), however not
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been adopted in clinical practice as the information gained by genetics over conventional
risk factors did not justify population-wide testing (Paul Robertson 2022).

In summary, while risk modeling is a central element of the prevention of cardiovascu-
lar diseases, preventive efforts for other diseases are less developed. Although risk models
have been proposed for some diseases like dementia and lung cancer, they are not recom-
mended by guidelines and thus are not applied in clinical practice (Schwartz and Cote 2016;
E.Y.H. Tang et al. 2015). Further, most models currently applied in clinical practice rely on
linear CPH models, imposing strong limitations on the tasks and setups that these models
may be used for. For instance, the kind of data modalities that may be considered for risk
modeling is limited and specifically, complex measurements of high dimensionality consist-
ing of multiple interrelated values, such as metabolomics measurements, health records or
images, are not accessible. Additionally, the linear methodology applied cannot inherently
model interactions between covariates, leading to inaccurate risk estimates if non-linearities
are present in the data. Further, risk models applied in today’s clinical practice commonly
assess a single endpoint at a time, rendering systematic risk analysis very tedious. In light
of these limitations, there is a great need for a new generation of clinically applicable risk
models able to assess complex data sources and multiple endpoints at a given time to disrupt

clinical practice and improve on the current standard of care.

1.3.2 Polygenic risk scores and integration in primary prevention

The relationship between human genetics and disease onset has long been of interest to med-
ical professionals, and over time, many disease-related genetic variants have been identified
(Sherry et al. 2001). While genetic variation is manifested along multiple dimensions, in-
cluding epigenetics, histone modifications, and DNA scaffolding, the genotype in the form
of Single Nucleotide Polymorphism (SNP) is most commonly assessed. A SNP describes
genetic variation at a single position in the DNA sequence (Ma and Zhou 2021). Individ-
ual SNPs may be associated with specific phenotypic traits or diseases, and while high-risk
variants such as APOFE4 for Alzheimer’s or BRACA?2 for breast cancer exist, complex traits
are commonly distributed over the entire genome (Boyle, Y.I. Li, and Pritchard 2017). In
the past 15 years, with the advent of Next-Generation Sequencing (NGS) and the creation
of large-scale genotyping studies, the relationship between genetic variation and complex
phenotypes was investigated on a much broader scale through Genome Wide Association
Study (GWAS) (Uffelmann et al. 2021). In GWAS, genetic features of samples with- and
without a phenotypic trait are compared in a case-control setting to derive SNP-wise effect

size estimates. Often, the interpretation of the estimated effects in a biomedical context,

22



1.3 State of the art

however, is not straightforward, as the variance of a trait is often explained by thousands of
(causal) variants. Further, causal variants may be correlated with other causal and non-causal
variants in spatial proximity in an effect called linkage disequilibrium. The application of
GWAS on populations with increasing sample size has led to the comprehensive catalogiza-
tion of human genetic variation (Sherry et al. 2001), identifying many SNPs associated with
diseases or complex traits (Ganna et al. 2019; International Consortium for Blood Pressure
Genome-Wide Association Studies et al. 2011; S.J. v.d. Lee et al. 2018; Yengo et al. 2022).

Polygenic Score (PGS) or Polygenic Risk Score (PRS) build on the knowledge of asso-
ciated variants to derive a single numerical indicator summarizing the genetic risk of de-
veloping a certain disease or trait. In their simplest form, PGS are linear combinations of
multiple disease- or trait-associated variants, where the weights are the variants’ estimated
genetic effect sizes. Commonly, effect sizes of SNPs associated with the trait or disease of
interest are estimated in a given population sample and then transferred to another, unseen
population to develop the polygenic predictor. In recent years, PGS have been developed
for a wide array of disease endpoints, such as Coronary Artery Disease (CAP) (Inouye et al.
2018), stroke (Abraham et al. 2019), chronic kidney disease (A. Khan, Turchin, et al. 2022),
type-2 diabetes (Khera, Chaffin, Aragam, et al. 2018; Khera, Chaffin, Wade, et al. 2019),
common cancers (Hung et al. 2021; Mavaddat et al. 2019), and phenotypic traits such as
drug-susceptibility (Ruderfer et al. 2016; Ward et al. 2018) and obesity (Khera, Chaffin,
Wade, et al. 2019). Albeit low overall predictive performance, PGS have been shown to be
able to stratify a population by risk for disease onset (Abraham et al. 2019; Inouye et al.
2018; A. Khan, Turchin, et al. 2022; Khera, Chaffin, Aragam, et al. 2018). Despite these
advances, the applicability of PGS for clinical practice is disputed (Torkamani, Wineinger,
and Topol 2018), and clinical utility has not been demonstrated thus far (Kumuthini et al.
2022). Especially in cardiovascular prevention, where many genetic variants have been
known to be associated with cardiovascular diseases (Nikpay et al. 2015) for a long time,
advocates of PGS argue that genetic testing may help to identify high-risk individuals at
earlier stages (Khera, Chaffin, Aragam, et al. 2018). Thus, the promise of PGS to leverage
genetic information in primary prevention for early disease detection has sparked the inter-
est of regulatory authorities (Khoury MJ 2019; UK Department of Health and Social Care
2019). However, the general applicability and benefit of pgs for prevention is hampered by
the low information content for the majority of individuals in the population. In the long-
tailed pgs distribution, only the individuals in the top percentiles show substantial changes
in the associated disease frequencies. Moreover, it is unclear how much information pgs

add when combined with commonly assessed cardiovascular risk factors for risk modeling
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and which and how many individuals would benefit from a systematic roll-out of pgs in
cardiovascular prevention. Several studies have investigated the possibility of adding pgs to
cardiovascular risk scores for primary prevention: Mosley et al. found no additional benefit
in adding a pgs against CHD to the features of the AHA/ASCVD pooled cohort equation in
two cohorts of US adults (Mosley et al. 2020). Elliot et al. found “significant, yet modest”
improvements in discrimination and reclassification after adding their score against CAP to
the features of the AHA ASCVD pooled cohort equation and the QRISK3 score in the UK
Biobank cohort (Elliott et al. 2020). Sun et al. found only incremental improvements in
discrimination over the population but notable reclassification after adding two polygenic
scores against coronary heart disease and stroke, respectively, to conventional predictors (L.
Sun et al. 2021). With the additional information on genetic predisposition, the authors es-
timate prevention of additional 7 % CVD events compared to conventional scores based on
the altered treatment recommendations (L. Sun et al. 2021). Most recently, Riveros McKay
et al. developed a novel integrative risk tool (IRT) combining a novel CAP PGS with the
Pooled Cohort Equations (PCE) and QRISK3 score, respectively (Riveros-Mckay Fernando
etal. 2021). The authors report a benefit in CAP prediction and estimate a net reclassification
improvement of 13.1 % at the 7.5 % 10-year risk threshold, proposing an effect of age and
sex on reclassification. Further, a recent meta-analysis identified only “negligible to mod-
est” improvement in discriminative performance upon the addition of PGS to established
cardiovascular risk scores (Groenendyk, Greenland, and S.S. Khan 2022). Importantly, all
studies investigating the addition of pgs along conventional cardiovascular risk factors re-
lied on linear CPH models, posing strong assumptions and potential limitations on effects

between traditional cardiovascular risk factors and the importance of PGS information.

Consequently, although PGS bear an enormous potential for preventive medicine and
risk modeling alike, their relationship to clinical phenotypes and known predictors remains
elusive (Janssens 2019). Specifically, the incorporation of SNPs acting on known risk factors
in PGS has raised concerns about potential biases emerging from joint analysis with those
same risk factors (Janssens 2019). This concern calls for tools capable of modeling these
complex interactions and a dedicated investigation into the integration of polygenic scores

and clinical predictors.

1.3.3 Metabolomics and disease risk

Metabolomics is concerned with analyzing small molecules, metabolites, and the down-
stream effectors of physiological pathways. The metabolome represents a snapshot of the

current state of physiology, combining information on the environment, the proteome, and
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the genome (Aderemi et al. 2021). As such, metabolites have long been of interest for
biomedical research, and in clinical practice individual metabolites such as glucose are uti-
lized in diagnostics, while others such as cholesterols are established clinical predictors for
cardiovascular disease risk (Goff et al. 2014; SCORE2 working group and ESC Cardio-
vascular risk collaboration 2021). Many other blood metabolites are routinely measured
in clinical practice for diagnosis and monitoring. Beyond these established markers, the
past decade has witnessed extensive research in the association of individual blood metabo-
lites and their alterations with common disease phenotypes, such as cardiovascular diseases,
type-2 diabetes, Alzheimer’s, or breast cancer (Holmes et al. 2018; A. Khan, Y. Choi, et al.
2020; Lécuyer et al. 2018; Mahendran, Cederberg, et al. 2013; Mahendran, Vangipurapu,
et al. 2013; Stancakova et al. 2012; Tynkkynen et al. 2018; Wiirtz, Tiainen, et al. 2012). Es-
pecially blood lipids have been associated with risk for disease onset: For instance, Holmes
et al. found very low-, intermediate-, and low-density lipoprotein particles to be associ-
ated with increased risk for myocardial infarction and glycoprotein acetyls, ketone bodies,
glucose, and docosahexaenoic acid with increased risk for myocardial infarction, ischemic
stroke, and intracerebral hemorrhage (Holmes et al. 2018). Other studies identified an im-
portant role of apolipoprotein B and LDL cholesterol in hyperglycemia (Stancédkova et al.
2012). Further, lipoproteins have been linked to increased dementia and Alzheimer’s risk,

while branched-chain amino acids had a protective effect (Tynkkynen et al. 2018).

Recently, however, studies have moved from associating individual markers to examining
entire metabolomic profiles. The metabolome has been linked to aging (Ahadi et al. 2020;
Alpert et al. 2019), disease onset (Alpert et al. 2019; Schiissler-Fiorenza Rose et al. 2019),
and mortality (Deelen et al. 2019), fully appreciating snapshots of the human blood metabo-
lite composition direct reflections of the physiological states (Buergel, Steinfeldt, Ruyoga,
et al. 2022). It was only through high-throughput methodologies such as Proton Nuclear
Magnetic Resonance (1H-NMR) spectroscopy, that enabled the assessment of metabolomic
profiles at scale. Proton Nuclear Magnetic Resonance (1H-NMR) spectroscopy, allows a
standardized quantification of a multitude of small circulating molecules in the blood at
once, while differing from other methods, such as mass spectrometry, by its virtual ab-
sence of batch effects, minimal requirements of expensive reagents, and high throughput
at comparatively low costs (Markley et al. 2017). In a current assay, 168 original mark-
ers are quantified, including amino and fatty acids and metabolites related to carbohydrate
metabolism and fluid balance, partly overlapping with conventional clinical predictors, in-
cluding glucose, albumin, and creatinine (Ala-Korpela et al. 2021; Soininen et al. 2015;

Wiirtz, A.J. Kangas, et al. 2017). Further, the assay has a high resolution of lipoprotein par-
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ticles, resolving their components, and measuring their sizes, and concentrations (Soininen
et al. 2015; Wiirtz, A.J. Kangas, et al. 2017). Over the past years, data generated through
this 1H-NMR metabolomics platform has been exploited in multiple studies, which inves-
tigated all-cause mortality (Deelen et al. 2019; Fischer et al. 2014), cardiovascular disease
(Soininen et al. 2015; Wiirtz, A.S. Havulinna, et al. 2015), type-2 diabetes (Ahola-Olli et al.
2019; Fizelova et al. 2015; Stancakova et al. 2012), Alzheimer’s disease (Tynkkynen et al.
2018), and COVID-19 (Julkunen et al. 2021). Based on data collected with the described
assay, Deelen et al. developed a risk model for 10-year all-cause mortality relying on a
CPH model, identifying 14 circulating metabolites independently associated with all-cause
mortality (Deelen et al. 2019). The generalization and robustness of the developed model
was demonstrated in an external population. Julkunen et al. relied on a similar setup for the
development of their COVID-19 prediction model (Julkunen et al. 2021). The developed
model, comprising 25 metabolomic markers, was significantly associated with enhanced
susceptibility to severe COVID-19 and pneumonia up to 11 years after the metabolomic
measure was taken. While the success of these approaches demonstrates the extent of the
information contained in IH-NMR metabolomics data, approaches not relying on feature

selection might increase productivity even further (Buergel, Steinfeldt, Ruyoga, et al. 2022).

A recent metabolomics study, by Pietzner et al., examined the multimorbidity and disease
onset from baseline untargeted plasma metabolomics profiling covering >1,000 markers si-
multaneously (Pietzner et al. 2021). The work demonstrates the existence of shared disease
etiologies and the systematic importance of many circulating blood metabolites. If this sys-
temically relevant information was contained in 1H-NMR metabolomic profiles as well, it
could be leveraged to assess future health trajectories, providing a holistic view of the com-
bined effects of environment and genetics. However, | H-NMR metabolomics has not been
utilized for the risk prediction of common diseases, and the contained information is yet to be
assessed. Especially, an application of multi-disease prediction models could help to iden-
tify multi-disease susceptibilities by leveraging the systemic information in metabolomic
profiles. Therefore, there is a great need for quantifying the predictive information in 1H-
NMR metabolomic data and assessing the added predictive information over established
clinical covariates. If resulting risk models had demonstrable clinical utility, the applica-
tion of IH-NMR metabolomics could help to streamline clinical workflows by reducing the
need for dedicated risk factor collection, facilitating the prevention of many diseases at once
(Buergel, Steinfeldt, Ruyoga, et al. 2022).
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1.3.4 Electronic health records and disease risk

In modern western medicine, an individual’s medical history is a central element for med-
ical decision-making. Thus, most medical decisions on diagnosis, treatment, and preven-
tion of diseases are fundamentally based on an individual’s medical history (Hampton et al.
1975). With the widespread digitalization, this information is routinely collected by health-
care providers, insurances, and governmental organizations at a population scale in the form
of Electronic Health Record (EHR) data (Clalit Institute 2022; Dk 2016; Health 2021; My
Health Record 2022; Wood et al. 2021). These readily accessible records, including diseases,
medications, and procedures, are potentially informative about future risk trajectories, but
their potential to improve medical decision-making is limited by the human ability to process
and understand vast amounts of data (Rush 2019). Thus, routine health records in clinical
practice are often perceived as a burden rather than a valuable asset (Furlow 2020).
Organized longitudinally with timestamped information, EHRSs typically contain concept
codes informing on diagnoses and treatments, such as administered medications or con-
ducted procedures. In addition, EHRs may contain demographic and laboratory measure-
ments as well as hospital or ward-specific information recorded in the context of secondary
care. A wide variety of medical vocabulary and coding schemes exist, with common ones
being the international classification of diseases (Who 1992) and SNOMED-CT (Donnelly
20006) for disease concepts, LOINC (Huff et al. 1998) for laboratory measurements, RxNorm
(Bennett 2012) for medications and OPCS codes (NHS Connecting for Health, Great Britain:
Department of Health, and Health and Social Care Information Centre 2006) for procedures.
The choice of these coding schemes depends on the care provider and thus requires standard-

ization and mapping efforts between healthcare systems and vendors.

While population scale EHR databases exist, examples of applied methodology are scarce.
In the research context, information collected through and stored in EHRs has been lever-
aged for disease phenotyping (Shang et al. 2021; A.S. Tang et al. 2022), diagnostic screen-
ing (Sekelj et al. 2021) and prediction of in-hospital and disease outcomes (Rajkomar et al.
2018). Existing approaches differ greatly in the breadth and depth to which EHR data is ana-
lyzed. In the most basic form, methods examining EHR-data extract established risk factors
from the records to allow the automatic computation of established risk models (Z. Xu et al.
2022) or leveraged established risk factors with modern, complex methodology (Hill et al.
2019). Due to the complex, sparse and longitudinal nature of EHR data, a great corpus of
work is dedicated to developing advanced methods for clustering (Beaulieu-Jones, Greene,
and Pooled Resource Open-Access ALS Clinical Trials Consortium 2016) and representa-
tion learning for outcome prediction (Y. Li et al. 2020), diagnosis (E. Choi et al. 2018; Y. Li
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et al. 2020; Rajkomar et al. 2018; Solares et al. 2021; J. Zhang et al. 2018) or risk prediction
(Bagheri et al. 2020; Langham et al. 2021).

To date, information in EHRs has been used to predict the onset of cardiovascular diseases
such as atrial fibrillation (Hill et al. 2019; Tiwari et al. 2020), myocardial infarction (Zhao
et al. 2019) and Major Adverse Cardiac Events (MACE) (Bagheri et al. 2020), dementia
(Ben Miled et al. 2020; Langham et al. 2021), as well as other common diseases including
type-2 diabetes, multiple sclerosis (C.A. Nelson et al. 2022) and cancers (Appelbaum et al.
2021). Further, the information in EHRs has been demonstrated to be relevant for the pre-
diction of in-hospital outcomes, such as in-house mortality, length of stay, and readmission
(Rajkomar et al. 2018). However, it is important to note that the utilized information varies
greatly between studies due to strong differences in data quality and heterogeneity of data
types included in the analyzed EHR datasets (C. Xiao, E. Choi, and J. Sun 2018). While
autoregressive (Ayala Solares et al. 2020; C. Xiao, E. Choi, and J. Sun 2018; J. Zhang et al.
2018) and transformer-based architectures (Y. Li et al. 2020; Rasmy et al. 2021) have been
applied to entire health records leveraging their longitudinal nature, and other approaches
leverage multi-modal data types (Bagheri et al. 2020), the majority of approaches rely on
feature selection to reduce the sparsity in the EHR data (Rajkomar et al. 2018; Zhao et al.
2019), even to the point of extracting a static, fixed length vector of information (Hill et al.
2019; Sekelj et al. 2021).

In summary, EHRs have been utilized for a wide range of prediction and diagnosis tasks
as well as for the definition of patient’s phenotypes, appreciating EHRs as a proxy for an
individual’s medical history. Despite this evidence emphasizing the relevance of the med-
ical information on an individual’s future, the application of EHRs for risk stratification in
primary prevention has hardly been investigated. While studies for individual endpoints
exist (Goldstein et al. 2017; Hippisley-Cox and C. Coupland 2013), there is a lack of com-
prehensive assessment of the applicability and utility of the information contained in EHRs.
Especially as the information in EHRs is medically relevant, collected routinely at no addi-
tional cost, and readily available at primary care sites, this data modality seems predestined

to improve primary care by allowing a systematic risk assessment.

1.3.5 Retinal fundus photographs and disease risk

The examination of the human retina is a crucial standard procedure in ophthalmology to in-
form on diseases of the eye (Kolb, Fernandez, and R. Nelson 1995; Wong, Hubbard, Cruick-
shanks, et al. 2004). The retina is the only tissue in the human body that allows a noninvasive
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examination of the nervous and vascular systems simultaneously (Kolb, Fernandez, and R.
Nelson 1995). Therefore, the retina has been analyzed beyond ophthalmology, and asso-
ciations with the human vascular and neurological conditions (Patton et al. 2005; Rim, G.
Lee, et al. 2020; Rim, Teo, et al. 2020; T.Y. Wong, Islam, et al. 2006; T.Y. Wong, Klein,
et al. 2003) have been established. Retinal features may inform on subclinical disease years
before manifestation (Baker et al. 2008; N. Cheung, Mitchell, and T.Y. Wong 2010; Patton
et al. 2005; T.Y. Wong and Mitchell 2007). Of special interest are patterns in the microvas-
cular network such as the geometry of vascular bifurcations, the vascular tortuosity and
diameters, nicks and dents of visible blood vessels (such as arteriolar narrowing or arteri-
ovenous nicking), which could inform on the microvascular health (C.Y.-L. Cheung et al.
2011; M.K. Ikram et al. 2006; Liew et al. 2011; Stanton et al. 1995). Retinal microvascular
features have been associated with stroke (Baker et al. 2008), coronary heart disease (Liew
etal. 2011; T.Y. Wong, Klein, et al. 2003), type-2 diabetes (Wong, Hubbard, Cruickshanks,
et al. 2004), and hypertension (M.K. Ikram et al. 2006). In addition, the retinal tissue is a
direct extension of the central nervous system (Kolb, Fernandez, and R. Nelson 1995). As
the nerves are located in a transparent layer, however, explicit features have been more dif-
ficult to define (MacGillivray et al. 2014).

Retinal fundoscopy is a noninvasive, simple, and fast assay of the human posterior eye.
Photographs are recorded using a low-potency microscope and a camera, flashing through
the iris and mapping the 3D inner posterior structure on a 2D image. Photographs are com-
monly recorded in full color and display the retina in high-resolution (MacGillivray et al.
2014). The onset of deep learning facilitated a great array of studies building large neu-
ral networks to analyze and associate retinal fundus photographs with clinical risk factors
and disease onset. Recent studies have been exploiting retinal fundus photographs for the
prediction of basic demographic markers such as age and biological sex (Nusinovici et al.
2022; Poplin et al. 2018), but also a broad array of vascular and systemic risk factors (Ger-
rits et al. 2021; Y.D. Kim et al. 2020; Poplin et al. 2018; Rim, G. Lee, et al. 2020), among
them traditionally invasive measurements such as the glomerular filtration rate (K. Zhang
et al. 2021), a coronary artery calcium score (Rim, C.J. Lee, et al. 2021) or lipid profiles
(Rim, G. Lee, et al. 2020). Other work has demonstrated approximations of biological age
modeled through retinal fundus photographs to predict mortality (Nusinovici et al. 2022;
Zhu et al. 2020). The quality of the estimated risk factors has been shown to be affected by
demographics (Gerrits et al. 2021) and prevalent diseases (Y.D. Kim et al. 2020), and the
transferability of models to distant populations was found to be limited (Rim, G. Lee, et al.

2020). Further risk factors related to thyroid function, biochemical measures, hematological
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parameters other than hematocrit and hemoglobin, as well as C-reactive protein, could not
be predicted from retinal fundus photographs (Rim, G. Lee, et al. 2020), indicating the limits
of the information contained in retinal fundus photographs.

In terms of direct relationships to disease, studies have been analyzing retinal fundus pho-
tographs with deep learning methods for disease detection (Babenko et al. 2022; B. Li et al.
2021; F. Li et al. 2021; Mitani, Hammel, and Y. Liu 2021; Mitani, A. Huang, et al. 2020;
Sabanayagam et al. 2020; K. Zhang et al. 2021), the prediction of disease progression (Ar-
cadu et al. 2019; Peng, Dharssi, et al. 2019; Peng, Keenan, et al. 2020; Yan et al. 2020)
and the prediction of disease onset (Bora et al. 2021; Poplin et al. 2018). To date, reti-
nal fundus photographs have been associated with multiple diseases, such as Age-related
Macula Degeneration (AMD) (Peng, Dharssi, et al. 2019; Peng, Keenan, et al. 2020; Yan
et al. 2020), diabetic retinopathy (Arcadu et al. 2019; Bora et al. 2021), Alzheimer’s and
all-cause dementia (C.Y. Cheung, Ran, et al. 2022), anemia (Mitani, A. Huang, et al. 2020),
type-2 diabetes (K. Zhang et al. 2021), Major Adverse Cardiac Events (MACE) (Poplin et al.
2018) and Chronic Kidney Disease (CKD) (Sabanayagam et al. 2020; K. Zhang et al. 2021).
Poplin et al., for instance, explored the prediction of incident MACE within 2-years after
screening. However, their retinal score did not add predictive performance over established
cardiovascular risk factors (Poplin et al. 2018). Bora et al. developed a model to predict
the development of mild or worse diabetic retinopathy within 2-years after screening in pa-
tients with diabetes (Bora et al. 2021). In a two-stage approach, Diaz-Pinto et al. trained
a variational autoencoder to reconstruct cardiovascular magnetic resonance images from
retinal fundus photographs. Subsequently, they leveraged the reconstructions with a large
convolutional neural network to predict cardiovascular risk factors and myocardial infarc-
tion (Diaz-Pinto et al. 2022). While these studies have been successfully predicting disease
onset from retinal fundus photographs, actual time-to-event modeling from retinal fundus
photographs is yet to be conducted. With the retina having been postulated as a broad source
of potentially untapped clinical information (MacGillivray et al. 2014), there is a great need
for a thorough assessment of the utility of retinal fundus photographs in primary prevention
over an overall spectrum of diseases. Specifically, there is great need for quantification of
the added predictive information over established clinical covariates to pinpoint opportuni-
ties for applications with potential for clinical utility.

1.3.6 Neural networks for image analysis

Even though the methodology of convolutional neural networks was established already in
the 1990s (Lecun et al. 1998), it was the creation of AlexNet (Krizhevsky, Sutskever, and
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Hinton 2012), that for the first time proved the capabilities of deep neural networks for image
analysis and sparked the deep learning boom of the 2010s. Since then, convolutional neu-
ral networks have grown increasingly more capable and increasingly large, encompassing
hundreds of layers and millions of weights in a single model (He et al. 2016; Z. Liu, Mao,
etal. 2022; Simonyan and Zisserman 2014; Xie et al. 2016). While the core methodology of
LeCun et al., the convolutional layer, remains effectively unchanged, modern deep neural
networks rely on architectural extensions and modifications to improve learning stability,
generalization, and parameter efficiency. Notable architectures include the ResNet(X)t ar-
chitecture (He et al. 2016; Xie et al. 2016) (see section 2.1.3 on page 44), built to circumvent
the vanishing gradient problem and allow for even larger networks, the MobileNet (Howard
et al. 2017) and EfficientNet (Tan and Le 2019) architectures developed to further optimize
parameter requirements and ultimately vision transformers, bridging the generalizability of
the transformer architecture with traceable computation of sliding window convolutions (Z.
Liu, Y. Lin, et al. 2021). ResNets are powerful image feature extractors that have been
applied to many different domains, from general image classification (He et al. 2016) to
medical tasks (Guo and Z. Yang 2018). Over the years, many ResNet-based architectures
have been proposed (Xie et al. 2016), and both the principle as well as the original archi-
tecture continue to be relevant (I. Bello et al. 2021). Most recently, Liu et al. introduced
the ConvNeXt architecture (Z. Liu, Mao, et al. 2022), relying on the ResNet principle. The
ConvNeXt architecture introduces specific changes to the ResNet architecture, upgrading its
performance to outperform much more parameter-heavy neural network architecture, such

as vision transformers (Z. Liu, Mao, et al. 2022).

The medical domain has embraced the capabilities of deep learning, and the use of deep
neural networks has become the gold standard for medical image analysis. As the image
datasets in the medical domain are not as extensive as the large image datasets used to de-
velop deep neural networks in machine learning research, transfer learning is a common
practice. In 2017 Esteva et al. proposed a classifier based on Google’s Inception v3 archi-
tecture, developed by Szegedy et al. (Szegedy et al. 2015), to distinguish among 757 classes
of malignant and benign skin cancer (Esteva et al. 2017). Notably, they utilized a model
pre-trained on ImageNet data, only fine-tuning the weights on their specific task (Esteva et
al. 2017). In 2018, Poplin et al. a deep neural network of the Inception v3 architecture, pre-
trained on ImageNet to estimate cardiovascular risk factors from retinal fundus photographs
(Poplin et al. 2018). Another area predestined for the application of deep neural networks
is radiology, where models have been developed for mammography scans as early as 2016

(D. Wang et al. 2016), estimating cardiovascular features from magnetic resonance images
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(Ferdian et al. 2020), and the prediction of COVID-19 from chest X-rays (Minaee et al.
2020). Further, deep learning has been applied for cancer detection (Tolkach et al. 2020; Z.
Zhang et al. 2019) in pathology slides and even to estimate genetic mutations (Fu et al. 2020).

To date, the ConvNeXt architecture has yet to be applied for the analysis of retinal fundus
photographs, leaving an interesting gap for investigation. However, as deep learning is a
general tool applicable to any image dataset, the latest methods developed in computer vision
will continue to be applied to real-world applications in medicine and beyond. Ultimately,
the latest methodology promises analytic advantages, such as fewer data requirements, more

stable training, or better feature detection.

1.3.7 Neural networks for risk modeling

Following the great success of deep learning methods in image and natural language process-
ing, neural networks became the method of choice in many scientific fields. Consequently,
in recent years, an increasing number of methods for neural network-based survival analysis
has been proposed. Among these approaches are semi-parametric and fully parametric mod-
els, allowing for discrete and continuous time intervals. DeepSurv, presented by Katzman
et al. (Katzman et al. 2017) builds upon existing methodology by modeling the Cox’s log
partial likelihood by a neural network as initially proposed by Faraggi and Simon (Faraggi
and Simon 1995). While this allows for non-linear interactions between covariates, the
model outputs a log partial hazard, which is subject to the proportional hazards assumption.
Kvamme et al. alleviated this assumption with the Cox-time model (Kvamme, Borgan, and
Scheel 2019), where the log Cox’s partial hazard function is approximated via a neural net-
work accessing both the covariates and the event time. In contrast, Luck et al. modeled
the hazard function directly for discrete time intervals and optimized it for tied events using
Efron’s approximation (Luck et al. 2017). In contrast to non-linear extensions and modifi-
cations of the Cox model, other neural network-based approaches seek to approximate the
survival function, incidence function, or even hazard functions directly. For instance, Gen-
sheimer et al. directly estimated the hazard function via maximum likelihood estimation in a
discrete-time model (Gensheimer and Narasimhan 2018). These ideas were taken further in
the DeepHit model, estimating the survival and incidence functions for discrete time points
by incorporating a ranking term into the loss function. DeepHit further offers the flexibility
of accounting for competing risks (C. Lee et al. 2018; Rietschel, Yoon, and Van Der Schaar
2018). Flexible parametric assumptions are made in the Deep Survival Machine model pro-
posed by Nagpal et al. where survival and incidence are fitted by a weighted mixture of

basis functions parameterized by neural networks (Nagpal, X.R. Li, and Dubrawski 2021).
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While this approach theoretically offers possibilities for generative modeling and variational
inference by sampling event times from the learned mixture, this has only been realized by
Xiu et al. in the Variational Survival Inference model (Xiu, Tao, and Henao 2020). Gen-
erative adversarial learning has also been attempted for event time prediction in the work
of Chapfuwa et al. by building on the classic accelerated failure time models (Chapfuwa
etal. 2018). Leaving the observational study setting of associating measurements at a single
baseline with an observed outcome and reverting to the idea of a continuous analysis enabled
by longitudinal records, an entirely different category of survival models can be imagined.
First attempts to leverage longitudinal data in survival modeling have been made by Ren et
al., applying a recurrent neural network to continuously model the hazard rate at each point
in time (Ren et al. 2019).

Based on the growing corpus of methods for neural survival models, multiple applica-
tions for clinical risk modeling have been developed thus far. DeepSurv was exploited for
the prediction of survival of oral cancer patients (D.W. Kim et al. 2019), where the neural
survival model outperformed a CPH model on a relatively small dataset of 255 individuals.
In another study, DeepSurv outperformed a CPH model for risk modeling of critically-ill
Covid-19 patients when applied to a tabular dataset of 1,590 patients and 74 features (Liang
et al. 2020). Others used the DeepSurv objective for survival outcome prediction in cervical
cancer from tabular features (Matsuo et al. 2019) and for clinical outcome prediction from
cancer genomic profiles (Yousefi et al. 2017). In addition, the DeepSurv model was applied
in combination with convolutional neural networks to predict cancer outcomes from his-
tology images (Mobadersany et al. 2018) and patient survival from cardiac motion videos
(G.A. Bello et al. 2019).

The discrete-time survival loss function specified by Gensheimer et al. was applied for
long-term cancer survival prediction from multimodal data, including information from his-
tology images, cancer genomics and individual medical history (Vale-Silva and Rohr 2021).
Others applied the method in combination with convolutional neural networks to predict the
onset of distant metastasis in a time-to-event analysis of head and neck cancer (Lombardo
et al. 2021). DeepSurvivalMachines were applied for long-term post-discharge mortality
prediction among ICU patients from demographic data, diagnostic data (ICD-9 codes), and
unstructured clinical notes in combination with complex transformer models (Dencker et al.
2022).
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These studies indicate the general applicability of neural network-based survival models
on real-world clinical data. Importantly, these models are applicable to any data for which
deep learning methods have been developed. This opens up exciting opportunities to explore
the utility of complex data sources such as images or -omics data for risk modeling in primary

prevention.

1.4 Aim of study

Healthcare costs are systematically on the rise, and current therapy-focused healthcare sys-
tems are not sustainable in the long run. At the same time, many diseases are linked to
modifiable risk factors, rendering disease prevention a viable instrument for reducing costs
and suffering (Galea and Maani 2020). Towards personalized prevention, risk modeling is
fundamentally important to stratify populations, identify high-risk individuals and deliver

the right interventions at the right time.

In current clinical practice, however, risk modeling is subject to severe limitations, and
the guidelines for the utilization of risk models in primary prevention strategies are very
heterogeneous. While, for instance, assessing future disease risk through predictive models
is an integral part of preventive guidelines for cardiovascular diseases, and established risk
models for diabetes, dementia, and certain types of cancers exist, this is not representative
of the entire disease spectrum. In fact, for most diseases, there exists no means of assessing
the probability of future disease onset. In the primary care setting, the substantial constraints
on available resources impose severe limitations on the number and complexity of clinical
predictors that may be considered in a given risk model (see section 1.2.5 on page 14). His-
torically, risk modeling in clinical practice has been limited to predicting the risk for a single
endpoint at a time, which increases the burden for a systematic risk assessment considering
the limited resources in primary prevention and the necessity to collect additional predictors
to predict endpoints. In consequence, only a few of the frequently proposed novel disease
risk models are ever adopted into clinical practice (Steyerberg, Moons, et al. 2013), and
those that are adopted optimize the trade-off between the resources required for the collec-

tion and the information provided by the predictors.

At the same time, the density of individual patient data is constantly increasing, and com-
plex data from -omics or imaging assays are routinely collected in clinical practice or are
becoming available in the clinical (research) context. This data may hold valuable informa-

tion on future health trajectories that could disrupt medical practice and decision-making.
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For instance, if complex data modalities contained similar information to clinical predictors
used today, the ability to utilize complex and rich data modalities for risk modeling could
reduce the number of required predictors and decrease the cost and effort of risk prediction.
This would not only foster the adoption of new risk models into clinical practice but also
generally promote risk modeling for preventive purposes. Additionally, if the information
in these complex data modalities was systemically relevant, and respective methods were
available for its extraction, the utilization of complex data could allow risk modeling for
a wide array of diseases at once from a single measurement. However, these possibilities
and the entire potential of leveraging complex data modalities for risk modeling in primary

prevention currently remain untapped due to a lack of dedicated methodology.

Neural survival models represent the state-of-the-art in survival analysis. Compared to
approaches used in today’s clinical practice, these models provide greater flexibility in both
the input and output space. As neural survival models rely on neural networks for feature
extraction, they are theoretically capable of integrating any data modality for which deep
learning methods exist. Thus, while current approaches are limited to scalar, independent
features, neural networks are able to extract meaningful information from complex signals.
Similarly, while current approaches are limited to predicting a single endpoint at a time,
neural survival models are well capable of predicting multi-disease onset. Thus, with com-
plex data modalities promising to contain systemic information, recent advances in machine
learning may help to unlock this potential and create a new generation of risk models for
primary prevention to perform a systematic risk assessment for a wide array of diseases si-

multaneously from a single measurement.

Thus, the aim of this study is to investigate the potential of complex data modalities for risk
modeling in primary prevention. Importantly, this study presents the development, training,
and validation of novel, neural network-based risk models to extract and integrate informa-
tion from four complex data modalities so far inaccessible for primary prevention: Polygenic
risk scores (section 1.3.2 on page 22), NMR metabolomics (section 1.3.3 on page 24), the
previous medical history in the form of electronic health records (section 1.3.4 on page 27)
and retinal fundus photographs (section 1.3.5 on page 28). Each of these data modalities is
highly relevant and bears the potential to improve risk modeling in primary prevention. For
example, genotyping assays allowing the calculation of polygenic risk scores are discussed
as a potential addition to primary prevention programs. Here, methods are needed to effi-
ciently integrate genetic information with conventional risk factors to understand the added

predictive value in primary care and pinpoint clinical utility (section 1.3.2 on page 22). 1H-
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NMR metabolomics, informing on a multitude of small circulating molecules in the blood,
have recently been shown to contain systemic information relevant to multiple diseases si-
multaneously. Available at scale and low costs, with appropriate methods, these assays
could be leveraged as a drop-in replacement for commonly collected covariates to inform
on risk trajectories for a whole spectrum of common diseases (section 1.3.3 on page 24.
In many modern healthcare systems, electronic health records are routinely collected in the
background, summarizing a patient’s medical history in the form of codes for observations,
diseases, procedures, and medications (section 1.3.4 on page 27). This data is readily avail-
able at no additional cost and may contain important information on an individual’s future
health trajectory. Like health records, retinal fundus photographs are routinely collected in
clinical practice and contain biological features associated with cardiovascular, neurologi-
cal, and metabolic conditions (section 1.3.5 on page 28). With dedicated tools, the relevance
of this information and its potential clinical utility could be scrutinized over a broad set of
clinical endpoints. For all these data modalities, an investigation of the shared and added
information over commonly collected clinical predictors and laboratory values is impera-

tively required to allow for an informed and structured decision on public health guidelines.

In exploring these four examples, this study has three concrete objectives: First, this study
aims to challenge existing strategies for clinical disease risk estimation by investigating ap-
plications of neural network-based approaches for time-to-event regression on real-world
medical data. Second, building on these methods, this study aims to develop dedicated risk
models to extract relevant information from “modern” complex data modalities (i.e., genet-
ics, metabolomics, health records, and retinal fundus photographs). Third, examining the
developed models’ predictions, this study aims to contribute to the understanding of each
data modality’s information content to allow an assessment of clinical utility. Specifically,
this involves scrutinizing the learned information against established clinical predictors and
quantifying additive information. Given the four independent data modalities, this study
is divided into four experiments, each presenting an independent model’s development and
evaluation. With the entirety of its four parts, this study provides a blueprint for the struc-
tured process of investigating the potential of complex data sources and a reference point for
the future development of dedicated tools leveraging complex data modalities for clinical

risk modeling.
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1.5 Outline

The previous sections aimed at providing the reader with an understanding of this work’s
greater context and background as well as the scientific state-of-the-art; the following sec-
tions will present details of the applied methodology and a description as well as a discus-
sion of the experiments conducted. The methods chapter (section 2 on page 39) aims to
equip the reader with an understanding of the applied methodology and its mathematical
foundations. Specific emphasis is placed on methods related to deep learning (section 2.1
on page 40), neural survival models (section 2.2 on page 49), utilized evaluation metrics
(section 2.4 on page 58) and attribution methods (section 2.5 on page 64). Further, details
on the implementation of the developed risk models are provided (section 2.6 on page 67).
Subsequently, the data chapter of this study (section 3 on page 73) provides the details of
all cohorts utilized in this study (section 3.1 on page 74). Further, the chapter contains de-
tails on the data preprocessing applied for each data modality (section 3.2 on page 76), the
definition and extraction of predictor sets, as well as the specifications of the endpoints for
each experiment (section 3.3 on page 83). Next, the results chapter (section 4 on page 87)
is divided into four experiments, each of which comprises an independent piece of origi-
nal research. In the first experiment, presented in section 4 on page 87, the applicability of
neural networks to the problem of cardiovascular risk modeling was investigated. A novel
cardiovascular risk score, Neural CVD, is presented and examined for its ability to integrate
genetic information in the form of Polygenic Score (PGS) with conventional cardiovascular
predictors. It is shown that Neural CVD was able to inherently model an attenuating effect
between the observed cardiovascular risk phenotype and polygenic information, confirming
a previously suggested hypothesis of information transitioning from genotype to phenotype.
Based on the results of this part of the study an article has been published in The Lancet Dig-
ital Health (Buergel, Steinfeldt, Loock, et al. 2022). The second experiment (section 5 on
page 101) investigated the applicability of Proton Nuclear Magnetic Resonance (1H-NMR)
metabolomics as a single-domain multi-disease assay for risk modeling in primary preven-
tion. Relying on a deep learning approach 1H-NMR metabolomic profiles were associated
with the risk of onset for 24 common disease endpoints. The added information over es-
tablished clinical predictors was quantified, and model examination revealed both global
as well as individual-level metabolite-disease associations. The results demonstrated the
systemic information contained in 1H-NMR metabolomic profiles and showcased the ap-
plicability of this data for risk modeling in primary prevention. Based on the results of
this part of the study an article has been published in Nature Medicine (Buergel, Steinfeldt,
Ruyoga, et al. 2022). Subsequently, in the third experiment, the predictive information con-
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tained in electronically versioned medical history was investigated over the entire human
phenome (section 6 on page 127). A neural survival model was trained to predict risk for
future disease onset for ~2,000 endpoints simultaneously. For a wide spectrum of diseases,
the learned risk states were additive to basic demographic predictors (age and biological
sex), indicating potential clinical utility. The applicability of the learned risk states for risk
stratification in primary care was showcased at two examples: primary prevention of car-
diovascular diseases and repurposing of the risk states to react to emerging health threads,
represented by COVID-19. The experiment demonstrated the vast amount of predictive in-
formation that is contained in individuals’ electronic medical history and its potential for risk
stratification in primary prevention. In the fourth experiment (section 7 on page 141), the
phenome-wide investigation of predictive information for incident disease onset is contin-
ued with the data modality of retinal fundus photographs. Relying on a large convolutional
architecture, retinal fundus photographs were associated with the risk of onset for 1,171 end-
points simultaneously. Similar to the experiment involving the medical history, the added
information over baseline demographic predictors, age, and biological sex was quantified to
pinpoint diseases where retinal fundus photographs could provide relevant information. A
dedicated investigation into the application of retinal information to simplify risk stratifica-
tion in the primary prevention of cardiovascular diseases did not reveal significant benefits.
Ultimately, attribution maps were computed, highlighting parts of the image that most posi-
tively and negatively influenced predictions. This experiment identified endpoints for which
retinal fundus photographs contain predictive information to guide further investigations and
the development of dedicated risk models. Ultimately, the conclusion chapter (section 8 on
page 157) summarizes and contextualizes the results of the four experiments and their im-
plications for the future of risk modeling in primary care, inviting the reader to think along
the lines of prevention into a future of digital and efficient medicine.
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2.1 Neural networks

2.1.1 Multi-layer perceptron

Neural networks or artificial neural networks represent the core method of deep learning.
A Neural Network (NN) or Artificial Neural Network (ANN) consists of layers of nodes,
which individually process information with a set of trainable weights to produce an individ-
ual output. The fundamental idea behind the structure of a singular node has been proposed
already in 1958 by Frank Rosenblatt (Rosenblatt 1958) as the perceptron. Following this
definition, in today’s practice, a node is defined by a linear operation between a set of learn-
able parameters 8, where w, b € # and an input vector x of length D which produces a scalar

output z that is transformed by a non-linearity ¢ to form the output y of length C:

ng(x) =oc(w-x+b) =0(z) =y (2.1)

A layer in a multi-layer perceptron may thereby consist of multiple nodes with individual
sets of weights, which may be defined by extending equation (2.1) to a weight matrix W,

where W € R"nedes*Minputs resulting in an output vector y of length n,, 4.,

he(x) =0(W-x+b)=0(z) =9y (2.2)

In modern deep learning, neural networks commonly consist of H + 2 layers which are
stacked to process information sequentially, with the first layer, called the input layer, trans-
forming the input, the following H layers, typed hidden layers, transforming each previous
layer’s outputs and the H + 2™ layer, called output layer, producing the final result 7. In a
Multi Layer Perceptron (MLP), the previous layer’s output nodes M), are the same number
as the subsequent layers input nodes. Neural networks where information flows direction-
ally through the network from the input layer to the output layer are also called feed-forward

neural networks (see figure 2.1 on the facing page).

Thus, formally, a feed-forward NN can be seen as a computational Directed Acyclic
Graph (DAG) consisting of many individual, sequentially chained operations defining a

function g parameterized by weights 8 of an input x producing an output :

9o(X) = ¥ (2.3)

go(x) = hn% (h‘nflzp (- h1¢1(x))) =y (2.4)

n—1
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Figure 2.1: DAG of a multilayer perceptron. Displayed is a pictogram of the connectivity in a (H + 2)-layer MLP with
Ny = D input units and Ny = C output units. The H'™ hidden layer contains (") hidden units. Figure adapted from
(Stutz 2022).

Here, g, may consist of H + 2 individual layers h;; parameterized by the individual layer’s
weights ¢, which process the previous layer’s outputs as described previously. As typical
in supervised machine learning, Neural Network are trained by minimizing a loss function

Ly(y,y) that quantifies the error between the prediction y and the observed label y.

In order to train a neural network and optimize its weights, gradient descent through back-
propagation is applied (Rumelhart, Hinton, and Williams 1986). In backpropagation, the
gradients of the loss function w.r.t. the model’s weights are passed backward through the
network, and parameters at step 6° are updated following equation 2.5 for the next step s+1,

6Ly(y,y)
s+1 _ ps __ 0\S>
05t =65 — « 50

where « is called the learning rate. The update rule is computed individually for each layer’s

(2.5)

set of weights and biases. Hence, the backpropagation step is often referred to as the back-
ward pass. Typically, a neural network is not trained on the entire dataset at once, computing
one single parameter update, but rather by randomly sampling so called batches of samples
from the dataset and computing iterative parameter updates on each batch until the loss
function has converged. Thereby a full pass over the dataset is referred to as epoch, and the
method is known as Stochastic Gradient Descent (SGD). Over the years, several extensions
to SGD have been proposed, controlling the parameter updates more carefully by tracking

averages and variances of the past steps’ updates (Kingma and Ba 2015).

Importantly, neural networks and MLPs are subject to limitations: Firstly, standard neural
networks are not interpretable and are considered black box models as they neither inform
on the importance of an input nor allow the interpretation of their internal processes. Due to

the extreme number of parameters, dedicated algorithms for post-hoc interpretability have
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to be applied in order to attribute importance measures to the input space and explain predic-
tions. Although many interpretability methods have been developed (Lapuschkin etal. 2019;
Lundberg and S.-1. Lee 2017; Ribeiro, Singh, and Guestrin 2016; Shrikumar, Greenside, and
Kundaje 2017; Sixt, Granz, and Landgraf 2020), limitations exist (Kumar et al. 2020; Sixt,
Granz, and Landgraf 2020) and interpretation requires dedicated effort, especially in the
medical domain (Tonekaboni et al. 2019). For a description of the interpretability methods
used in this study, see section 2.5 on page 64. Relating to the issue of interpretability, the
entirely data-driven nature of neural networks does not allow control over which informa-
tion from the input space is utilized to make a given prediction. Therefore, model auditing

and introspection are crucial to ensure sensible and fair predictions.

2.1.2 Convolutional neural networks

While fully-connected layers and MLPs are only able to process data in vectorized, thus
tabular format, other types of layers have been developed, allowing the analysis of more
complex domains with higher dimensional data such as images (Lecun et al. 1998), text
(Vaswani et al. 2017) or time-series (Hochreiter and Schmidhuber 1997; Jordan 1986) data.
Neural networks for image analysis commonly consist of convolutional layers, which al-
low the analysis of two- and three-dimensional inputs and exacerbate spatial information.
Specifically, convolutional layers parameterize a trainable filter mask or kernel K of speci-
fied dimensionality, which is applied over the input X in a convolution operation producing

the output feature map or activation map Y:

Yij = Z ZXi—m,j—nKm,n (26)
m n

where K € RMN and X € R’/ with I > M and J > N. The convolution operation is
essentially the sum of the elements of the Hadamard product of the kernel and the matching

selection of the input X, computed in a sliding fashion over the input.
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Kernel

1

Output
Input

Figure 2.2: The convolution operation. Schematic depiction of the convolutional operation. An input image X € R**J is

covoluted with a kernel K € R™>™*NYout . Each kernel is applied individually on the input image generating a dimension
of the output Y.

In practice, this operation is often three-dimensional as the image has RGB channels,
and a layer may have Ny, ..., kernels, resulting in a Ny, ., ,-dimensional output per

input pixel. Thus for a batch the input to a convolutional layer is a four-dimensional tensor
X e [RNbatch 7Nheight ’Nwidth’Nfeatures .

Convolutions possess a number of inherently desirable capabilities which have led to their
dominance in image analysis and other related fields. Firstly, the sliding window approach
of convolutions is conceptually close to mammal vision replicating concepts such as transla-
tion invariance of recognized shapes and objects. The nature of the convolutional operation
as the sum of the Hadamard product of a given region in the input and the kernel also inher-
ently satisfies the prior of spatial relativity, thus, the assumption that information in close
proximity must be relevant. Further, convolutional layers are very parameter efficient as
the same kernel is repeatedly applied over the input. A convolutional layer thus only re-
X M X N X Noyiput features

<< I,J, while a fully connected layer required one

quires Ninputfeatures
N.

input features’ M? N

output features
parameter for each pixel in the input space, thus I X J X Ny, 4004 feature

+ Noutput features Parameters, where
s parameters.

Thus, convolutional layers learn filter masks to extract meaningful features from the in-
puts. Convolutional neural networks commonly consist of many stacked convolutional lay-
ers. Here, layers closer to the input layer extract low-level features, such as edges, while
layers higher up in the network combine these features to retrieve aggregated information,
such as a particular shape. In practice, convolutional layers are often applied along pooling

operations. These layers essentially apply a kernel with a predefined operator, such as max,
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min, or average pooling, to reduce the dimensionality of the feature maps. The application
of pooling layers increases the receptive field of layers higher up in the network allowing
these layers to combine information over a wider spatial area of the input. At the same time,
the reduced dimensionality in the feature maps results in decreased computational require-
ments (Tan and Le 2019). For the implementation of convolutional neural networks, this
study relied on the PyTorch Python package (Paszke et al. 2017), and models were trained
on NVIDIA A100 and V100 Graphics Processing Unit (GPU)s.

2.1.3 Residual neural networks and ConvNeXt

Residual neural networks or ResNets, were introduced by He et al. in 2016, are a very
popular and highly capable form of neural network architecture originally proposed to cir-
cumvent the vanishing gradient problem hampering the training of large CNN architectures
(He et al. 2016). Older, very large neural networks suffered from low gradients in backprop-
agation resulting from low and zero-valued derivatives of the applied activation functions.
The ResNet architecture alleviated this problem by grouping the layers of a network (com-
monly convolutions) into blocks and introducing residual connections or skip connections,
which add the input feature map of a block to its output (see Figure 2.3). Importantly, the
information in this residual connection is not fed through an activation function, resulting in

a higher overall derivative of the block, thus counteracting the vanishing gradients problem.

ResNet block

following block

RelLU
pointwise
addition

256

previous block

ConvNeXt block

following block

pointwise
addition

BN

BN, ReLU GELU

BN, ReLU LN
1x1, 64 7x7, 96

depthwise convolution

96

previous block

Figure 2.3: Architectures of the ResNet and ConvNeXt blocks. Displayed are flow diagrams depicting the abstract archi-
tectures of the ResNet and ConvNeXt blocks. a, The ResNet block relies on batch normalization and ReLU activations. b,
Compared to the ResNet block, the ConvNeXt block utilizes layer normalization and a single GELU activation for improved
gradient flow and decreased computation. Further, the ConvNeXt block utilizes a depthwise convolution in the first layer of
the block and generally larger kernel sizes.
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The ConvNext architecture introduced by Liu et al. is the latest evolution of the residual
neural network principle, modifying the layers in the residual block to improve the per-
formance. Specifically, Liu et al. introduce an inverse bottleneck within the block while
reducing the number of channels passed between blocks from 256 to 96 and introducing
a depthwise convolution with a larger kernel size of 7x7 in the first layer of the block.
The ConvNeXt block generally has fewer activation functions, replaces Rectified Linear
Unit (ReLU) with Gaussian Error Linear Unit (GELU) (Hendrycks and Gimpel 2016), and
relies on layer normalization (Ba, Kiros, and Hinton 2016) instead of batch normalization
(Ioffe and Szegedy 2015). Liu et al. introduce three different sizes of ConvNeXt networks
with 29 million to 350 million parameters. This work relies on the ConvNeXt-small archi-

tecture for image inputs sized 384x384 pixels with 50 million parameters.

2.1.4 Activation functions

Activation functions or non-linearities are functions applied on the feature maps of neu-
ral networks to allow for non-linear combinations of the input features. Originally, neural
networks have been trained using the sigmoid function commonly denoted as o, which is
also known from logistic regression equation (2.7). The sigmoid function is defined from

— inf, inf and thus maps any real value to the interval |0, 1[:

xT

_ 1 _exp
Cl4exp®  14exp?

o(x) (2.7)

Due to the interval of its output |0, 1], the sigmoid function is often applied on the output
layer, and interpreted as a probability. The applicability of the sigmoid function as an acti-
vation function for hidden layers is limited by its derivative being always lower than 1, and 0
for most real values, which has been identified as the main cause of the vanishing gradients
problem (Bengio, Simard, and Frasconi 1994).

Another common activation function applied on the output layer of neural networks is the
softmax function. The softmax function defines a categorical probability distribution over
its inputs and is often applied for classification.

softmax(x), = P (2.8)

K ;.
> g exp®i

A very common activation function for hidden layers is the Rectified Linear Unit (ReLU)
(Nair and Hinton 2010). The ReLU is defined as
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ReLU(z) = {O ifw<0 2.9)

x else

For z < 0 the derivative of the ReLU is zero, while it is the slope for x > 0. While
technically, the derivative at x = 0 cannot be computed, it is just set to zero in practice (Ian
Goodfellow and Yoshua Bengio and Aaron Courville 2016). One issue encountered with
ReLU activations is the dying ReLU problem, where neurons would only output zeros for
any given input. The dying ReLU problem is caused by exploding gradients pushing the
neurons’ weights to output large negative values, thus regions where the ReLU function is
zero. The neuron would not be able to recover as the derivative of the ReLU at these regions
is zero as well. Despite these drawbacks, the ReLU activation function is frequently applied

and has become one of the standard activation functions used in deep learning.

One of the first modifications to the ReLU activation concerned the circumvention of the
dying neurons problem. The leaky ReLU (Maas, Hannun, and Ng 2013) introduces a small
but positive slope o with 0 < « < 1 for negative inputs where the ReLU applies a slope of

Z€10.

if x <0
Leaky ReLU (z) = {O‘x if (2.10)
T else
The exact value for v is commonly set prior to training and not learned but may be tuned

as a hyperparameter.

Other modifications of the ReLU concern the smoothness of the curve and its deriva-
tives. An early, smooth alternative to the ReL U activation function is the softplus activation

function. The softplus activation function is defined as

softplus(x) = log(1 + exp”) (2.11)

and the derivative of the softplus function is the sigmoid function, providing much smoother

derivatives as compared to the ReLU activation (Glorot, Bordes, and Bengio 2011).

Another smooth alternative to the ReLU activation function is the Gaussian Error Lin-
ear Unit (GELU) that relies on the cumulative distribution of a standard normal Gaussian
(Hendrycks and Gimpel 2016):
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GELU(z) = 2®(z) = x% [1 + erf(%)] (2.12)
where erf is the error function defined as erf(z) = % fOZ exp_w2 dw. In contrast to the
ReLU, the GELU weights the inputs by their percentile rank rather than gating them by
whether they are larger or smaller than zero, leading to an overall smoother curve. To date,
GELU are commonly applied in large transformer-based architectures, such as GPT-3 and
BERT (Brown et al. 2020; Devlin et al. 2018).

In the same work that introduced GELUs, Hendrycks and Gimpel also proposed the Sig-
moid Linear Unit (SiLU). The SiLU is similar in shape to the GELU but requires less com-
putation, as it is defined as relying on the sigmoid function (Hendrycks and Gimpel 2016).

1

(2.13)

SiL.Us have been applied in transformer-based architectures (Srinivas et al. 2021) and rein-
forcement learning (Elfwing, Uchibe, and Doya 2018).

Another recently proposed activation function is the Scaled Exponential Linear Unit (SELU)
(Klambauer et al. 2017). The SELU is defined as

Aa(exp®—1) ifx <0

2.14
AT else ( )

SELU (x) = {

where A and « are carefully determined factors defined as A ~ 1.6733 and a ~ 1.0507.

The SELU was designed to improve internal normalization in neural networks as the choice

of factors ensures that activations with approximately zero mean and unit variance will con-

verge towards zero mean and unit variance when propagated through the network layers
with SELU activations (Klambauer et al. 2017).

2.1.5 Regularization

Neural networks are inherently overparameterized, as they often contain vastly more param-
eters than training samples. While neural networks are thought to possess a form of internal
regularization, many regularization methods have been proposed to enhance the general-
izability, increase training stability and prevent overfitting. One of the most fundamental
methods is dropout (Srivastava et al. 2014), where neurons are disabled or “dropped” from
the computation with a given dropout probability. The selection of the disabled neuron is

performed on each step individually and neurons are removed with both their incoming and
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outgoing connection from the forward and backward passes during training. By enforcing
redundancy in model weights, dropout increases the robustness of the model prediction and
thereby helps neural networks to generalize. During test time, the dropout probability is set
to zero, and all neurons are activated. Further, dropout implicitly learns ensemble models,
which may be sampled during test time to approximate model uncertainty (Gal and Ghahra-
mani 2015). Another common form of regularization, commonly known as weight decay,
is the application of the /2 norm on the parameter values (equation (2.15)). The addition of
the regularization term to the objective function and its minimization forces the parameter
values closer to the origin. This form of regularization is similar to the Ridge regression
(Hoerl and Kennard 1970). The 2 norm is defined as

(2.15)

Other implicit forms of regularization include the application of early stopping, which in-
volves tracking a metric, commonly the objective function, on the validation set and stopping
the training once no significant improvement is detected over a defined number of epochs.

This number of epochs is referred to as the grace period.

Neural networks have also been shown to train more stability if multiple objectives are
minimized simultaneously. In multi-task learning, otherwise exploding gradients for one
sub-objective may be regularized by the influence of the other training objectives (Ian Good-
fellow and Yoshua Bengio and Aaron Courville 2016). Another common and very effective
technique applied to improve the robustness and generalization of neural networks is data
augmentation. In data augmentation, fake input samples are generated by distorting and
manipulating existing samples to introduce more data variance. Dataset augmentation is
straightforward for classification tasks and very commonly applied in the imaging domain.
Here, augmentation methods include rotations, crops, noise induction, manipulations of the
color and brightness as well as more advanced methods accounting for label information,
such as cut-mix (Yun et al. 2019). A detailed overview of image augmentation methods is
provided in section 2.3.1 on page 55. For non-image domains, such as tabular data augmen-
tation might not be applicable as beneficial variances are often unknown, and methods for

their introduction may not exist.
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2.1.6 Normalization

As activation functions are optimized for receiving inputs in ranges close to the origin, inter-
nal normalization of neural networks is very important. While normalization would ideally
be applied over the entire dataset, this is incompatible with the batch mode in which stochas-
tic gradient optimization operates. Thus, solutions have been proposed to apply normaliza-
tion over either subparts of data or subparts of the neural network. A very common form
of normalization applied in deep learning is batch normalization (Ioffe and Szegedy 2015),
where each batch of data is standardized to zero mean and unit variance by calculating the

mean 1 5(x) and variance 5 5(x)? over each dimension of the data x in a given batch B.

BN(x) = XZHEM) g (2.16)

~

Sp(x)2+e

where ¢ is added for numerical stability and -+ and 8 are learnable parameters of the same
dimension as the input x. During training, a batch normalization layer commonly keeps
running estimates of the mean 1 5(x) and variance 5 (x)? vectors, which are updated with

a momentum parameter m according to the update rule (equation (2.17)) during training,

5, =5,_1(1—m)+ms, (2.17)

and utilized for normalization during inference at test time.

Another common form of normalization is layer normalization (Ba, Kiros, and Hinton
2016). In contrast to batch normalization, where the mean and variance over each dimension
of the data in a given batch, layer norm computes these metrics per sample .S in the batch,
g (x) and 55 (x)2. Layer norm is commonly used in transformer architectures and recently
proposed convolutional architectures such as the ConvNeXt architecture (see section 2.1.3
on page 44) (Z. Liu, Mao, et al. 2022).

2.2 Survival models

2.2.1 Kaplan-Meier Estimator

The Kaplan-Meier estimator is one of the most fundamental tools of survival analysis. Pro-
posed in 1958 by Kaplan and Meier, the estimator allows a non-parametric assessment of
the survival function from observed data (E.L. Kaplan and P. Meier 1958). The estimator
S (t) is calculated as a product of the fractions of the number of events d; and the number of

individuals at risk n; over all observed event times ¢, up to the time point of interest ¢:
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N
S(t) = Hl—% (2.18)
t.<t i

k3

Thereby, the Kaplan-Meier estimator at the time point 0 is set to 1, S (0) = 0 to reflect
that the entire population is initially alive. Kaplan-Meier Estimators are commonly used
to estimate and compare survival functions, often for the comparison of survival functions
among different groups of individuals, for instance, between treated and untreated or high

and low-risk individuals.

2.2.2 Cox Proportional Hazards model

The Cox Proportional Hazards (CPH) model is a linear regression model for time-to-event
analysis first proposed by Cox et al. in 1972 (Cox 1972). The model is specified by a time-
dependent baseline hazard function h(¢), which is modified by the partial hazard h; to

calculate the hazard for an individual ¢ at a given time point ¢:

h;(t[x) = ho(t)h; = ho(t)@xp(ﬁTXﬁ (2.19)

where x; is the vector of covariates for individual ¢ and B is the vector of weights specifying
the model. Taking the logarithm of the CPH hazard function, the linear relationship between
the covariates and weights becomes evident:

log h;(t[x) = log ho(t) + Byx; + Bo;, + - + Bz, (2.20)

Importantly, the central assumption of the CPH model is that the partial hazard h, is con-
stant and does not depend on time. Thus, the baseline hazard h, is scaled with a constant to
yield the hazard for an individual. This assumption gives way to the possibility of computing
constant hazard ratios between groups of samples, which are also constant over time:

h

HR = thupﬂ = constant (2.21)

group?2
Following equation equation (2.19) the survival function S(¢|X;) is estimated via the
H(t|X;),

H(tlx;) = / ho(u)eap(BTx;) du = eap(BTx;) Hy 1) (2.22)
0]

and the basic relationship between cumulative hazard function and survival function,
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S(tlx;) = exp(—H(t]x;)) = exp(—Hy(t))* ") = 5 (¢)errBx) (2.23)

The likelihood of observing an event at time point ¢ for individual ¢ is given by the cox
likelihood function as the ratio of the individual hazard at the given time point and the sum

of the hazards of all other individuals at risk at the given time point:

h(t|x;) _ ho(t>€$p(ﬂTXi) B e$p(,3TXi>

Li#)= 2ot EX;) B 2 e, ¢ Mo (texp(BTx;) N 2, ¢ €D (BTX;)

(2.24)

As the baseline hazard is constant at a given time point for all individuals, the Cox like-
lihood is only dependent on the partial hazards. The overall likelihood of the CPH model is
the product of the individual likelihoods as samples are assumed to be independent:

L(B)=]]i=1L,8) (2.25)

Following this assumption, the log partial likelihood of the observed events is given by

log[ (t)ezp(B"x,) J = [,BTxi—log Z ho(t>€$p(,3TXj)]

T
i=1;0,= ]t >t hO( Jexp(B Xj i=1;8,=1 Jit;>t

i i

(2.26)
and the model is optimized by minimizing the negative log partial likelihood —I(83).

Importantly, the CPH model can be optimized without specifying the baseline hazard
function. However, the baseline hazard is commonly implemented by Weibull distributions,
and spline-based methods have been proposed as well (Etezadi-Amoli and Ciampi 1987).
Further, the CPH model may be implemented with regularization methods commonly ap-
plied to linear regression models (Tibshirani 1997). Although the CPH model is fairly easy
to interpret thanks to the linear relationship between the covariates and training the model is
feasible even with low sample sizes due to the low number of parameters, there are several
limitations. Firstly, the CPH model natively does not account for tied events. Extensions
have been proposed, relying on averaging partial hazards for tied events (Breslow 1974;
Efron 1977). Second, the proportional hazards assumption ignores time-dependent effects
on covariate importance, thus, a covariate is constrained to have the same effect regardless
of the time. This assumption is violated in many real-world scenarios, and methods for as-

sessing its validity have been proposed (Hess 1995). Third, the linear relationship between
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covariates may fail to pick up higher-order interactions encountered in real-world settings.

All CPH models were implemented with the lifelines Python package (Davidson-Pilon et
al. 2021). For the CPH model with Polygenic Score (PGS) and age interaction, an additional
interaction term (PGS*age) was added for every polygenic score predictor variable section 4

on page 87.

2.2.3 Deep Surv

In order to overcome the linearity constraint of the CPH model, Faraggi and Simon proposed
a neural network-based extension of the proportional hazards model (Faraggi and Simon
1995). Specifically, they suggested replacing the linear relationship between the weights 3

and the covariates X with a function g(X), parameterized by a neural network:

hi(tx;) = ho(t)h; = ho(t)exp(g(x;)) (2.27)

While computational resources significantly hampered the application of neural networks
at the time of the proposal, Katzmann et al. revisited the idea in the deep learning millennia
(Katzman et al. 2017). Applying the neural network g(X), the model minimizes the negative
log-likelihood of the CPH model (equation (2.26) on the previous page) as follows:

16)=— > [go(x;) —1og > cap] (2.28)
i=1;0,=1 jit; >t

In practice, the loss function is implemented to minimize the cumulative sum of the partial
log-likelihood for all observed events in a given batch. DeepSurv has been applied to scalar
and categorical feature sets (D.W. Kim et al. 2019; Liang et al. 2020; Matsuo et al. 2019;
Yousefi et al. 2017) as well as in combination with complex convolutional architectures ex-
tracting features from images (Mobadersany et al. 2018) and videos (G.A. Bello et al. 2019).
As DeepSurv may be combined with arbitrary feature extractors, it allows the utilization of
high-dimensional inputs for risk modeling. For this study, the DeepSurv model was im-
plemented in a custom Python implementation, following the speficications in the original
DeepSurv repository by Katzman et al., and the reimplementation of the loss by Kvamme
et al.. Details on the metabolomic state model and the retina risk model, both relying on the

DeepSurv objective are provided in section 2.6 on page 67.
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2.2.4 Deep Survival Machines

Deep Survival Machines proposed by Nagpal et al. are a fully parametric model to esti-
mate survival and incidence from covariates with time-varying effects (Nagpal, X.R. Li, and
Dubrawski 2021). The model is specified by a weighted mixture of primitive distributions,
where both the weights of the mixture as well as the primitive distribution are parameterized

by neural networks.

Thus the survival function for an individual is given by

K K
Si(tx;,0,0,0) =3 0y (x)Si(tx; 6, 0) = > 0 (x,)(1 = F(tx;, 6,))  (2.29)
k=1

k=1

where K is the dimensionality of the mixture, 0, ¢, ¥ are weights of three neural networks

N, 9g» Iy, and at[gk]

is the value of a softmax function over the K dimensional output of n, at
the k—th index. The cumulative incidence function Fy (|x;, ¢, v)) is the cumulative density
function of the utilized primitive distribution parameterized by two neural networks g, and
h,,. Analogous to the individual survival function, the incidence function of an individual

may be estimated by

K
Fi(tlx;, 0,0,0) = Y o (x;) fi(tx;, 6, %) (2.30)

k=1

where the incidence function f, (t|x,, 8, ¢, 1) is the probability density function of the prim-
itive distribution parameterized by the same two neural networks g, and h,,, and at[gk] is the
same softmax output.

Thus, the total likelihood of the Deep Survival Machines model for the censored data is

given by:

Ltotal (97 ¢a 1/)) = Lcensored(e’ ¢a ¢) X Luncensored(07 ¢7 ¢> (23 1)
Dsizo Déizl

= [T Sitlxi.0.0,%) x T fi(tlx;,0,0,%) (2.32)
=1 =1

While the model theoretically allows the utilization of any function with a definition in

the basic reals and a closed-form solution of the cumulative density function as primitive
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distribution, Nagpal et al. explored the application of the Lognormal and Weibull distribu-
tions. The model is optimized by maximizing the evidence lower bound of the total model
log likelihood (equation (2.31) on the previous page) tuned with a regularization parameter
a € [0,1] to adjust the loss for the degree of censoring in the dataset. The censored loss
is computed for the censored samples, while the uncensored loss is only computed for the

samples with observed events, thus where A = 1:

L= aLcensored + Luncensored (233)

The parameters for the primitive distributions, thus the weights of the neural networks
gy and h,, are learned jointly with the weights of the mixture, i.e., the parameters of the
neural network n,. However, in the original implementation, the parameters of the primitive

distributions are computed by

ay, = dj, + p(g4(x;)) (2.34)

and
by, = by, + p(hy(x;)) (2.35)

where ¢ is an activation function, h,, is a neural network and ka is a pre-trained base-
parameter. Nagpal et al. utilize the SELU and tanh activation functions for the Weibull
and Log-Normal primitive distributions respectively. The base-parameters are estimated
by fitting a singular (i.e. K = 1) primitive distribution to the train dataset. The parame-
ters of the primitive distributions are required to be tightly controlled as they are subject to
positivity constraints, which break the model when violated. Importantly, in this work, a
different implementation is proposed: Instead of relying on the additional pre-training step,
a softplus activation function is applied on the output of the neural networks g, and h,.
This simplifies the workflow, as no pre-training is necessary.

So far, Deep Survival Machines have been applied on tabular medical datasets for the
estimation of breast cancer risk and competing risks of breast cancer (Nagpal, X.R. Li, and
Dubrawski 2021) as well as on time series data from intensive care units to predict the du-
ration of stay and the short term life expectancy (Nagpal, Jeanselme, and Dubrawski 2021).
For this study, DeepSurvivalMachines have been implemented in Python in a custom im-

plementation, details are provided in section 2.6 on page 67.

54



2.3 Image analysis

2.2.5 Model calibration

In survival modeling, calibration describes the agreement between a model’s predicted prob-
abilities for the occurrence of an event in a specific timeframe and the actually observed
probabilities of the event in a given population. As risk models are commonly developed
on observational data originating from a specific population sample, calibration is not al-
ways guaranteed when the model is to be applied to unseen data. In fact, when models
are transferred between populations, risk models are often prone to over- or underestimate
the actual event probabilities. Once miscalibration has been detected, recalibration of the
model’s predictions may help the model’s predictions to match the actual event probabilities
in the new population. One possible means of recalibration is through the application of an
isotonic regression model to reweigh the miss-calibrated model’s predictions to match the
observed event probabilities more closely (Davidson-Pilon et al. 2021). Isotonic regression
describes a curve-fitting approach with monotonically increasing (or decreasing) values in
the output space (Chakravarti 1989; De Leeuw 1977). To apply isotonic regression for cali-
bration, the regression model is fit on the predicted probabilities to regress on the observed
probabilities. It is important to note that the set of observed event probabilities is discrete, as
observed event probabilities are derived from population subgroups with similar predicted
risks (see section 2.4.5 on page 63). Therefore, interpolating the observed risks with cubic
splines may be helpful. As fitting the isotonic regression model requires information on
the observed event time and indicator, this must not be done on the test dataset to prevent
information leakage.

In this study, models were recalibrated after the completion of the training on the training
dataset. First, model predictions were sorted by magnitude, and restricted cubic splines
with 3 knots were applied to interpolate the observed probabilities from the binary event
indicators. Subsequently, an isotonic regression model was fit on the training set using the
sklearn.isotonic.IsotonicRegression method ofthe scikit-learn Python package
(Pedregosa et al. 2011). At test time, the regression model was then treated as an additional

model layer to output the final calibrated cumulative risks.

2.3 Image analysis

2.3.1 Image augmentation methods

In deep learning for image analysis, dataset augmentation is a crucial element of regular-
ization. Over the years, many data augmentation methods have been developed to intro-

duce specific variances into the data and generate invariances beneficial for generalization.
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Thereby, dataset augmentation methods are often tailored specifically towards the task at
hand, for instance, introducing rotational variances in the data in order for the network to
learn rotation-invariant patterns. One of the fundamental augmentation methods includes ro-
tating the image by a specified, often random number of degrees or flipping the image across
a given axis. Other methods involve image degradation through noise. Often Gaussian blurs
are applied, or pixels are randomly set to maximum or minimum intensities. Images may
also be altered on their color channels (i.e., the RGB values) or their brightness and inten-
sity (i.e., in the HSV space) by color jittering, solarization, or posterization. The image may
also be permuted in its dimensions and information content by cutting out and resizing parts
of the image. Random crops, cutting at a random location in the image, the center crop,
and cropping and recombining parts of the image to generate new unseen samples are also
common augmentation methods. In practice, the construction of augmentation pipelines is
often empirical and follows the researcher’s intuitions on inductive biases. Image manipu-
lations may be done on the CPU prior to feeding the data onto the GPU as implemented in
PyTorch’s torchvision package (Paszke et al. 2017) or directly on the GPU as implemented
in the kornia package (Riba et al. 2020). In this study, image augmentation is applied for
training of the retina risk model section 7 on page 141. table 2.1 provides an overview on
the augmentation methods applied in this study and their specific functions. More details
such as the order of augmentation methods and the specific parameters applied are provided

in section 2.6 on page 67.

Table 2.1: Augmentation methods applied in augmentation of the retinal fundus photographs.
Augmentation method Function

Crops the image at a random location,
. based on a given aspect ratio to the

Random resize crop L .
original image, then resized the crop

to a given size.

Random horizontal flip Flips th'e' image horizontally with random
probability.

Random vertical flip Flips tl?e. image vertically with random
probability.

Random greyscale Applies greyscz.il.e conversion with
random probability.

. . Applies posterization with random
Random posterization .
probability.

Applies sharpness adjustment with
Random sharpness adjustment | aspecified factor with a random
probability.

Applied contrast adjustment with a
Random autocontrast specified factor under a random

probability.
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2.3 Image analysis

2.3.2 Canny edge detection operator

The Canny edge detection algorithm is a multi-stage computational approach for edge de-
tection in images (Canny 1986). It is defined by first converting the image to Grayscale and
then applying a 525 Gaussian filter to smooth the image. Subsequently, an edge detection
operator, such as the Sobel-Feldmann operator (equation (2.36)) (Sobel 1968) is applied to

derive image gradients in the horizontal and vertical directions, S, S,,.

-1 0 1 1 2 1
S,=|-2 0 2|S,=[0 0 o0 (2.36)
-1 0 1 -1 -2 -1

Based on the direction-specific gradients, the direction V and intensity |.S| of the edge can

be computed, as

S| = /52 + S (2.37)

and

Vi(z,y) = atan2(i) (2.38)
Sy
where atan?2 is defined as
arctan(¥) ifx>0

arctan(¥) +m if <0,y >0
atan2(z,y) = < arctan(¥) —7 if <0,y <0 (2.39)

3 ifr=0,y>0

_z ifr=0,y<0

After edge computation, the Canny algorithm applies non-maximum suppression to thin
out the derived edges, followed by double thresholding categorizing pixels in strong, weak,
and non-relevant. Strong pixels have high intensities and are considered edge-relevant,
while non-relevant pixels are those below both thresholds. Those pixels in between thresh-
olds are categorized as weak pixels and are further analyzed by hysteresis. In hysteresis, a
323 mask is applied on each weak pixel, setting it to a strong pixel if another strong pixel
is the 323 neighborhood. The canny edge detection algorithm is readily implemented in the
scikit-image Python package (Walt et al. 2014).
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2.4 Evaluation metrics

2.4.1 Concordance index

The concordance index or Harrell’s C-index is a common metric employed to scrutinize the
goodness of fit for risk models in survival analysis (Harrell et al. 1982). The C-index is a
measure for ranking accuracy considering the time of an individual event, censoring, and
the predicted risk. The underlying thought is that individuals at high predicted risk should
be experiencing events earlier than individuals at low predicted risk. Pairs for which this
ranking is correct are considered concordant pairs, while pairs where this is not the case,
are considered discordant. Thus for computation, the C-index requires the assessment of all
eligible pairs of samples i and j, where i # j with predicted risks p; and p; and times 7T;
and T';, where T' = min C'*, T+ with censoring time C'x and event time 7'+. Eligible pairs
are pairs of samples where either both samples have had an observed event (thus A = 1
for ¢ and j) or one of the two samples has had an event before the censoring time of the
other sample. In this case the pair is considered concordant if p; > p; and T; < T} and
discordant if otherwise. The C-index is then computed by calculating the ratio of the number

of concordant pairs over the number of all possible pairs:

C = Nconcordam‘, _ ZH&] ﬂ{p’ > pJ}ﬂ{él = 1}1{2 < T]} (240)
Nconcordant + Ndiscordant ZH&J 1{51 = 1}1{’1} < j}}

The C-index has values between 0 and 1, with 1 being a perfect ranking. Values close to
0.5 indicate random performance, while values close to 0 indicate perfectly inverse ranking.
Further, from the notation in 2.40, it becomes apparent that the C-index strongly depends
on the number of eligible pairs, which in turn depend on the number of observed events.
This has several consequences limiting the capabilities of the C-index. First, C-indices are
dataset and population-dependent, rendering inter-dataset comparisons futile. Furthermore,
in datasets with high degrees of censoring, the C-index depends largely on the few samples
with observed events and might not provide an accurate picture of the ranking over the entire
population. As a consequence, the implications of the C-index are not linear over its scale,
and a 0.1 increase from C; = 0.79 to C; = 0.80 is much more difficult to achieve than
a C-index increase from C; = 0.65 to €', = 0.66. In conclusion, C-index values should
only be compared on the same datasets to avoid misinterpretation. For all experiments in
this study, C-indices are computed using the lifelines Python package (Davidson-Pilon et al.
2021).
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2.4.2 Net reclassification improvement

The Net Reclassification Improvement (NRI) is a measure assessing how well a model cat-
egorizes individuals into risk groups compared to another model or a given standard. The
net reclassification improvement was proposed in 2007 by Pencina et al., with the inten-
tion to allow for a fine-grained assessment of risk-factor utility in risk prediction models
(Pencina, D’Agostino, D’ Agostino, et al. 2008). Pencina et al. argue that while statistical
significance is a prerequisite for the inclusion of risk factors in prediction models, statistical
significance does not necessarily imply a better risk prediction. Further, actually significant
and even causal risk factors might only marginally improve the performance of risk models
when measured via metrics such as the C-index or the Area under the receiver operating
characteristic. Thus, the net reclassification improvement is meant to provide means to as-
sess the effect on the predictions of a risk model upon risk factor or biomarker addition.
The underlying thought behind the net reclassification improvement is that clinical practice
often relies on risk categories to guide interventions. Thus, any model improving on cor-
rectly assigning these risk categories is to be preferred. If, for example, in cardiovascular
prevention, statins are recommended based on a certain risk threshold 75, = 0.2, dividing
the population into high-risk p, > 74, and low-risk p, < 75, model performance may be
evaluated by how many individuals with events are correctly assigned into this risk category,
and how many individuals without events are falsely assigned into this risk category. This
allows the assessment of the number of individuals that a proposed model B correctly up

classifies and down classifies over an existing model A:

(A, B) = #correctly up — #incorrectly down _

NRI
#events

events

(2.41)

SV 1{ps, < TH{pp, > TI1{8;, = 1} = S 1{p,, > TH{pp, < 7}1{5;, = 1}
> 1{s, =1}

(2.42)
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NRI _ #correctly down — #incorrectly up _

non-events (

A, B)

#non-events
(2.43)
S0 1{pa, > TH{pp, < 745 =0} — X 1{ps, < 7}1{pp, > 7}1{5, = 0}
>V 1{s, = 0}

(2.44)

Consequently, the net reclassification improvement of model A over model B is computed

as the sum of the NRIs for events and non-events:

NRI(A,B) = NRI

events (

A,B) + NRI

non—events(

A, B) (2.45)

The NRI has been extended to account for censored data by reformulating the 2.41 and
2.43 as probabilistic measures and applying Bayes’ rule:

NRI = P(up | event) — P(down | event) (2.46)
+P(down | non-event) — P(up | non-event) (2.47)
_ P(event | up) x N,,,, — P(event | down) X Ny, (2.48)
N,orar X P(event)
P(non-event | down) X Ny, ..., — P(non-event | up) x Nyp (2.49)

N,

rotal X P(non-event)

The probabilities for events and non-events are then estimated using Kaplan-Meier Esti-
mators (Pencina, D’ Agostino, and Steyerberg 2011). Ultimately, while the NRI is a strongly
relied-on metric in the medical statistical literature, it has known weaknesses. For instance,
the categorial NRI is very sensitive to event rates, and the NRI generally has been shown to
be overconfident, stating significant improvements even for the addition of uninformative
biomarkers (Pepe et al. 2015). The categorical net reclassification index was calculated with

the nricens R package (Inoue 2018).

2.4.3 Net benefit

The net benefit is a holistic measure allowing for assessing a recommendation’s effects over
a given population. A recommendation based on a risk model’s prediction may entail mea-

sures such as interventive medication or treatments. As these interventions and treatments
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commonly have side effects, adverse or not, the aim is to recommend interventions only to
those individuals in need, thus to those at risk. In order to stratify a population based on
a continuous risk score, a threshold 7 is applied. The choice of the threshold depends on
the disease and the benefit B obtained by treating an individual and the harm H caused by
treating an individual without the disease:
T= %{ (2.50)
Individuals with predicted risk p; > 7 would be recommended for intervention, while in-
dividuals with predicted risk below the threshold would be left unattained. This allows the
assessment of true positives and false positives of the threshold-based model recommenda-

tion against the observed events:

N
Npp =) 1{p; > 7}1{5; = 1} 2.51)

1

N
Nep =Y _1{p; > 7}1{5; = 0} (2.52)
Relying on these numbers, the net benefit for the treated population is calculated as follows

NTP_NFP w T
N N 1—r7

While models may be compared by their net benefit of the treated, it is recommended to

NBtreated = (253)

additionally assess the benefit of the untreated (Rousson and Zumbrunn 2011). Similar to
the benefit of the treated, the benefit of the untreated is calculated relying on the estimated

true negatives and false negatives,

N
Npy =Y 1{p; < 7}1{5, = 0} (2.54)

1

and

N
Npy = Z 1{p; < 7}1{5; = 1} (2.55)

by using a similar relationship with the threshold probability 7 as for the net benefit of the

treated,

untreated — N N X =

While a model maximizing the net benefit for the treated will, per definition, also max-

NB

(2.56)

imize the net benefit for the untreated, models differ in their effects for the treated and
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untreated populations. Therefore Rousson et al. proposed the overall net benefit, a sum of
the net benefit of the treated at threshold probability 7 and the net benefit of the untreated at
threshold probability 7 (Rousson and Zumbrunn 2011):

_ Nrp NTN_NFN % 1—T_NFP w T
overall N N N = N 1—

Similar to the individual net benefits of the treated and the untreated, the measure of the

NB

(2.57)

overall net benefit is equal to zero if benefit and losses compensate each other. While the
benefit of the treated may be negative but is upper bound by the disease prevalence d, the
benefit of the untreated is bound between [0, 1 — d]|. Thus, the overall net benefit as the
composite measure of the benefit of the treated and untreated may reach negative values
and is upper bound by 1. An overall net benefit of 1 requires all individuals to benefit, thus
a perfect prediction model. For all experiments, the net benefit was calculated with the dca
R package (Sjoberg 2021).

2.4.4 Decision curve analysis

The composite measure of the overall net benefit accounts for the effect of an intervention
recommended by, for instance, a prediction model, the treated and untreated in a popula-
tion. However, the overall net benefit strongly depends on the choice of decision threshold
7, and the choice of the decision threshold may not always be clearly defined. Therefore,
Vickers and Elkin et al. proposed the concept of decision curve analysis (Vickers and Elkin
2006). Decision curve analysis allows for assessing the benefit of an intervention over a
range of possible decision thresholds. Decision curves plot the benefit (y-axis) against deci-
sion thresholds (x-axis) and facilitate interpretation by providing two extreme case scenarios
per default. In the first edge case, none of the individuals are treated, resulting in zero true
and false positives TP = FP = (. In contrast, in the second edge case, all individuals
are treated, resulting in as many true positives as prevalent cases 7' P = d and accordingly,
FP = 1—d false positives. In the first case, the “treat none” case, the benefit of the treated is
always zero, irrespective of the threshold probability. In the second case, the “treat all” case,
the benefit of the treated is N'B,,..,;.q = d — (1 —d) x 7=, thus, a monotonically decreas-
ing function of the decision threshold, with a maximum at the prevalence d. Between these
two extreme cases, the benefit of the model can be plotted to determine at which decision
thresholds d; the benefit of the model is higher than the benefit of one of the two baseline
scenarios. In a model achieving perfect prediction, the false positives and false negatives
will equal zero, resulting in a net benefit of the treated of d, irrespective of the threshold

probability 7. In practice, the net benefit of the treated will be a - not necessarily monoton-
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ically - decreasing function of the threshold probability 7. By visualizing these functions,
different models may be compared by their net benefits at different decision thresholds of
interest. While extensions to the decision curve analysis have been proposed to consider
the overall net benefit in place of only the benefit of the treated (Rousson and Zumbrunn
2011), common practice is still to consider the benefit of the treated (Vickers, Calster, and
Steyerberg 2019; Vickers and Elkin 2006). Decision curve analysis was performed with the
dca R package (Sjoberg 2021).

2.4.5 Calibration curve analysis

Model calibration refers to the agreement between a model’s predicted probabilities and the
observed probabilities in a given dataset. In a time-to-event setting, calibration is assessed at
specific points in time, i.e., as the agreement between a model’s predicted cumulative risk ata
given time point and the observed event probability over the same timeframe. Importantly,
a model may be well-calibrated on one dataset while over or under-estimating the actual
probability in another dataset (see section 1.2.5 on page 14). Therefore it is vital to assess
model calibration before relying on a model’s absolute estimated risk. Most commonly,
calibration in a population is assessed by visual examination of calibration curves (Austin,
Harrell Jr, and Klaveren 2020). To calculate a calibration curve, samples in a population are
binned into n subgroups based on their predicted event probability p, at timepoint ¢, where
t is the end of the observation window. Next, the observed event probability p, over the
observation window for each subgroup is calculated as the ratio of the observed events and
the number of samples in the subgroup :
W N®@

events
pi) = “cvents (2.58)
" NY

samples
In the calibration curve, for each subgroup ¢, the observed event probability pii> is then
plotted against the average predicted probability ,oii). Thus, ideal calibration results in a
diagonal line through the origin with a slope of 1. A model is said to overestimate risk
if the predicted probabilities are consistently higher than the observed probabilities and,
vice versa, to underestimate risk. In this study, calibration curves are calculated based on a

custom implementation of the code provided in (Austin, Harrell Jr, and Klaveren 2020).

2.4.6 Relative risk differences

Relative risk differences describe a measure to assess the normalized impact on individual

risk predictions between two prediction models. For instance, relative risk differences allow
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the assessment of the impact on the predicted risk resulting from the addition of a new
variable (or multiple variables) y to a given set of variables x on the predicted risk of an
individual ¢. Relative risk differences are defined as

fz(zi> — fac(xz)
fm(xz)) te

where x is a set of clinical covariates, z = x Uy is another set of clinical covariates that

RRD, = (2.59)

is the union of x and y, f, and f, are two models trained on the covariate sets respectively
and e represents a small constant added for numerical stability. Relative risk differences are
positive if the added information y results in a higher risk estimate and negative if the added
information leads to a lower risk estimate. Commonly, x represents established clinical in-
formation, while y are novel markers that are to be investigated. Relative risk differences
for individuals with clinical risk (f,(x;)) below 1 % are prone to numerical instabilities in
calibration and should therefore be excluded. In this study, relative risk differences are ap-
plied to assess the impact of the addition of Polygenic Score (PGS) predictors to commonly
assessed cardiovascular predictors on individual predicted risk trajectories (see section 4 on

page 87).

2.5 Attribution methods

2.5.1 Shapley additive explanations

SHapley Additive exPlanations (SHAP) is an attribution method to explain individual pre-
dictions in neural networks (Lundberg and S.-I. Lee 2017). SHAP builds on the concept
of Shapley values to quantify the impact of single features on an individual prediction and
may be used to explain both local and global feature importances. Importantly, SHAP val-
ues fulfill three important conditions: local accuracy, missingness, and consistency (Molnar
2022). A single attribution under the explanation model pw in SHAP is defined by

p(W) =g+ Y oy, (2.60)

where o is the attribution value for the feature w; and oy = &(f(x)), the expected average
prediction of f(x), the model to be explained. The coalition vector w € {0, 1} of length
C, indicates if a feature is present 1 or missing 0. Local accuracy states, that the individual

attribution values o; for each member of a coalition w; explain a given prediction f(x)
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p(x) = f(x) = ap+ Z%‘ (2.61)

as all features in x are present, all values in w are 1.

The missingness property states that if a coalition member is missing (w; = 0), the expla-
nation value «; is 0 as well. Further, the consistency property states that the attribution value
a; changes according to the marginal contribution of a feature, reflecting changes indepen-
dently of other features. The computation time of exact Shapley values grows exponentially
with an increasing number of features; therefore, numerous approximation methods have
been proposed to improve computational efficiency. In this study, SHAP values were es-
timated using DeepSHAP, an adaptation of the DeepLIFT method (Shrikumar, Greenside,
and Kundaje 2017). Calculations were performed using the DeepExplainer method imple-
mented in version 0.39 of the shap package (Lundberg 2022). In order to derive the metabo-
lite importances for the metabolomic state model (see section 5 on page 101, per-sample
SHAP attributions were calculated for each metabolite and endpoint. Subsequently, attribu-
tions were aggregated per endpoint to derive a global metabolite-specific set of attributions.
Importantly, individual attributions were considered to be important if the absolute SHAP
value was in the top and bottom 1 % percentiles of the SHAP value distribution over all

attributions.

2.5.2 Information bottleneck attribution

Information Bottleneck Attribution (IBA) is an image attribution method for deep neural
networks proposed by Schulz and Sixt et al. (Sixt, Granz, and Landgraf 2020). IBA in-
troduces an information bottleneck into a trained neural network to suppress unimportant
information. Specifically, the information bottleneck learns parameters to replace infor-
mation irrelevant for a prediction with noise while retaining the predictive, thus important

information. The objective for the parameters of the information bottleneck is described by

L= ”Cpred + ﬁ’cl (262)

where £ red is the original prediction task and £; is a quantification of the mutual in-
formation in the inputs and the noise added by the bottleneck. Specifically, the bottleneck
replaces intermediate features with noise of identical mean and variance following a linear

interpolation:

Z = X)R+ (1—A(X)) (2.63)
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where R is the tensor of intermediate features and A(X) is a neural network predicting
the parameters of the information bottleneck. The parameters of A\(X) can be learned on an
individual sample or the entire dataset. Ultimately, the importance measure is derived by
evaluating the shared information between the intermediate features and the output of the
bottleneck (i.e., the £;):

ﬁ[ - DKL[P(Z | R) H Q(Z)] (2.64)

where P(Z|R) is defined by the neural network of the information bottleneck and Q(Z)
is a variational approximation of the prior P(Z), the added noise. In practice, the KL-
divergence is evaluated for each dimension of R independently and summed up to derive a
heatmap of important features. Then the output is scaled up to the resolution of the original
image. In this study, the original implementation of the IBA is applied, as defined in version
0.0.1 of the IBA Python package (Karl Schulz 2020): Specifically, IBA was calculated for
a selection of six endpoints with significant added predictive information over basic demo-
graphic predictors. In order to generate attributions for an image, IBA was applied for 64
random crops (see figure 2.7 on page 71) with crop ratio 0.66 and images were subsequently
aggregated to retrieve a full retinal fundus photograph. Repeating this procedure, attribu-
tions were calculated to maximize information, both, increasing and decreasing the predicted
retinal state (i.e., the log partial hazards quantified by the adapted CPH (Faraggi and Simon
1995; Katzman et al. 2017)), receiving two independent attribution maps. For visualization,
the direction of the aggregated attribution (represented by the colormap) was determined as
the difference of the positive (risk contributing) and negative (risk reducing) attributions,
and the strength of the attribution was determined as the maximum of the absolutes of both
attribution maps (represented by the alpha variable in the visualization). To reduce border
attribution effects and highlight all non-marginal features even more, attribution maps were
masked circularly by the 32 outmost pixels in each direction. Colormaps were scaled to the
95 % quantile borders of the full-image attribution maps calculated against the retinal state

adjusted for age and biological sex.
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2.6 Model implementation

Based on the work presented in the results chapters section 4 on page 87 and section 5 on
page 101 two manuscript have been prepared, submitted and published (Buergel, Steinfeldt,
Loock, et al. 2022; Buergel, Steinfeldt, Ruyoga, et al. 2022). Along the respective results
both manuscripts contain descriptions of the model implementations and methods. Detailed
information on the contributors is presented at the beginning of the respective results sections

and the published manuscripts.

2.6.1 NeuralCVD

The NeuralCVD model was implemented in Python 3.7 using PyTorch 1.7 (Paszke et al.
2017) and PyTorch-lightning 1.2. A Multi Layer Perceptron (MLP) with two fully connected
linear layers with 256 and 128 nodes, batch normalization, dropout (Srivastava etal. 2014) of
0.1, Scaled Exponential Linear Unit (SELU) activations (Klambauer et al. 2017) is applied
to learn a representation of the patient state. For details on the activation functions and
MLPs see section 2.1.1 on page 40 and section 2.1.4 on page 45. In short, the combination
of several fully connected linear layers each followed by a non-linear activation function,
allows learning higher-order interactions as each weight in the upstream layer is exposed to
each (non-linear) output of the previous layer. This representation is passed to an adapted
implementation of the Deep Survival Machines (DSM) to parametrize a weighted mixture
of four Weibull distributions with additional three linear layers for each of the parameters
(Nagpal, Jeanselme, and Dubrawski 2021; Nagpal, X.R. Li, and Dubrawski 2021).
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Figure 2.4: Architecture of the NeuralCVD score. Displayed is a pictogram of the architecture of the NeuralCVD score.
NeuralCVD score builds on the architecture of Deep Survival Machines (Nagpal, X.R. Li, and Dubrawski 2021) to learn
a patient representation from the input features to parameterize a mixture of Weibull distributions to model the incidence
function over a continuous time scale. The NeuralCVD score outputs both cumulative incidence and survival functions, as
well as the estimated risk.
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Importantly, the implementation deviates from the original DSM setup in discarding the
pretraining and instead adding Softplus activations to the linear layers for the shape and scale
parameters to enforce the Weibull distribution parameters’ positivity constraint (see meth-
ods subsubsection section 2.2.4 on page 53). This setup proved more reliable in the face of
high censoring rates. Like the original DSM setup, gradient descent is applied to minimize
two negative log-likelihood losses, one for the censored events maximizing the survival
probability at the censoring time, and another for the uncensored observations, maximizing
the event probability at the observation time. In order to balance the losses, the loss for
censored observations was weighted down by a factor of 0.5. The NeuralCVD model was
developed in 22-fold spatial cross-validation as described in section 3.2.6 on page 81. After
architecture development, hyperparameter search was run on train and validation splits of
partition zero as random search over a constrained parameter space tuning batch size, initial
learning rate, number of nodes in the layers of the feature extractor, size of its output vector
and number of dimensions of the Weibull distribution mixture. Final models were trained
for a maximum of 60 epochs using the Adam optimizer (Kingma and Ba 2015) with de-
fault parameters, stochastic weight averaging, a learning rate of 0.0005, and early stopping
tracking the performance on the validation set. In the Neural CVD model, risk at a specific
time point (f(¢)) and the cumulative risk (£'(¢)) is predicted by parameterizing the Weibull
function with a forward pass through the entire model.

2.6.2 Metabolomic state model

The Metabolomic State Model is a residual neural network simultaneously predicting metabolomic
states for each of the 24 endpoints. The metabolomic state is a scalar summary of an indi-
vidual’s risk for future onset of that specific endpoint. The architecture of the metabolomic
state model consists of two integral parts, a shared network and an array of smaller endpoint-
specific head networks figure 2.5 on the facing page. The shared neural network comprises
three fully connected linear layers, each with batch normalization, dropout (Srivastava et
al. 2014) of 0.3, and Sigmoid Linear Unit (SiLU) (Elfwing, Uchibe, and Doya 2017) ac-
tivations with 256, 256, and 512 nodes. It outputs a representation of size 512, which is
passed on to the endpoint-specific residual head networks. Thereby, each of the 24 residual
head networks takes two inputs: the shared representation learned by the shared network
and the original 168 metabolomic markers. Each residual head network consists again of
two parts: First, a small Multi Layer Perceptron (MLP) with three layers of 256, 128, and
32 nodes with a dropout of 0.6, batch normalization and SiLLU activations, which trans-
forms the shared representation, and second, a skip-connection (He et al. 2016) network of

three layers with 128, 128, and 32 nodes transforming the 168 metabolomic markers. The
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outputs of both networks are subsequently added in a skip-connection and fed through an-
other two-layer fully connected network of 128 and 128 nodes with a dropout of 0.6, batch
normalization, and SiLU activations. For details on skip-connections, see section 2.1.3 on
page 44. Then, the scalar metabolomic state is computed through a final single output linear
layer with identity activation. For each endpoint, and thus for each metabolomic state, an
adapted proportional hazards loss (Faraggi and Simon 1995; Katzman et al. 2017) is calcu-
lated individually, excluding prevalent events endpoint-specifically. The individual losses
are averaged and then summed up to derive the final loss of the Metabolomic State Model.
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Figure 2.5: Architecture of the Metabolomic State Model. a, Overview on the residual architecture of the metabolomic
state model. 168 circulating metabolomic markers are fed to the trunk network to learn a common shared representation.
Endpoint-specific head networks then predict the metabolomic state for each endpoint from the shared representation and the
input using a residual connection. b, Details of the individual endpoint-specific head network featuring residual connections.

After architecture development, hyperparameter search was run on train and validation
splits of partition zero as random search over a constrained parameter space tuning batch
size, initial learning rate, number of nodes in the layers of the endpoint heads, and size
of the output vector of the shared network. The final models were trained with batch size
1,024 for a maximum of 100 epochs using the Adam optimizer (Kingma and Ba 2015)
with default parameters, stochastic weight averaging, a learning rate of 0.001, and early
stopping tracking of the performance on each partition’s validation set. Further, a multi-step
learning rate schedule with gamma 0.1 and steps at 20, 30, and 40 epochs was applied. The
Metabolomic State Model was implemented in Python 3.7 using PyTorch 1.7 (Paszke et al.
2017) and PyTorch-lightning 1.4.

2.6.3 Medical history model

The medical history model is a multi-task neural network that relies on a binary represen-
tation of an individual’s medical history to simultaneously predict log partial hazards for a

set of 1,883 endpoints. The binary representation of an individual’s prior medical history
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is a binary vector indicating whether each of a selection of 15,595 medical concepts was

observed in this individual’s medical records.
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Figure 2.6: Architecture of the Medical History Model. Overview on the residual architecture of the medical history model.
Medical concepts observed prior to baseline are mapped to OMOP standard concepts, deriving a binary observation vector of
length 15,595. The vector is fed into the medical history model to predict the risk for incident disease onset for 1,833 endpoint
simultaneously.

The medical history model consists of three fully connected linear layers, each with 4,096
hidden units, layer normalization (Ba, Kiros, and Hinton 2016), dropout (Srivastava et al.
2014), and leaky ReLU activations. The last layer outputs a 1,883-dimensional vector repre-
senting the endpoint-specific log partial hazard (the risk state). Similar to the metabolomic
state model section 2.6.2 on page 68, for each endpoint, and thus for each risk state, an
adapted proportional hazards loss (Faraggi and Simon 1995; Katzman et al. 2017) is calcu-
lated individually. The individual losses are averaged and then summed up to derive the final
loss of the medical history model. After architecture development, hyperparameters were
tuned using bayesian optimization on train and validation splits over a constrained param-
eter space, tuning batch size, learning rate, weight decay, number of nodes in the layers of
the endpoint heads, number of hidden layers, dropout rates, and size of the output vector of
the shared network. The final models were trained with a batch size of 512 using the Adam
optimizer (Kingma and Ba 2015) with a learning rate of 0.0006 and weight decay of 0.3,
and early stopping tracking of the performance on the validation set. We implemented the
model in Python 3.9 using PyTorch 1.11 (Paszke et al. 2017) and PyTorch-lightning 1.5.5.

2.6.4 Retinal risk model

The retinal risk model is a deep convolutional neural network simultaneously predicting a
scalar summary of the risk for future incident disease onset, i.e., a retinal state, for 1,171
endpoints. The retinal risk model consists of two major parts, a large convolutional neu-

ral network for feature extraction and a smaller head network to reweigh the features and
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predict the retinal states. The convolutional feature extractor is the trunk of a ConvNext-
small network (Z. Liu, Mao, et al. 2022) consisting of 53 million parameters pre-trained on
the ImageNet dataset (Deng et al. 2009). Instead of the original fully connected prediction
layer, a custom head network is added. The head network consists of three fully connected
linear layers, the first two with 512 nodes, batch normalization, dropout (Srivastava et al.
2014) of 0.5, and leaky rectified linear units activations and the last one with 1,171 nodes
and identity activation as out layer. For each endpoint, and thus for each retinal state, an
adapted proportional hazards loss (Faraggi and Simon 1995; Katzman et al. 2017) is calcu-
lated individually, excluding prevalent events endpoint-specifically. The individual losses

are averaged and then summed up to derive the final loss of the retinal risk model.
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Figure 2.7: Architecture of the retinal risk model and the augmentation pipeline. a, The retinal risk model is a convolu-
tional architecture based on the ConvNext-small model, with a custom head network predicting log partial hazards for 1,171
endpoints simultaneously from a 3842384 sized image input. b, For training, retinal fundus images are pushed through the
augmentation pipeline sequentially, applying each augmentation with a random probability before being fed to the retinal risk
model.

After architecture development, hyperparameter search was run on train and validation
splits of partition zero as a random search over a constrained parameter space tuning batch
size, initial learning rate, number of nodes in the head network, number of warmup epochs,
and the weight decay. The final models were trained with a batch size of 256 for a maxi-
mum of 100 epochs using the Adam optimizer (Kingma and Ba 2015) with a weight decay
0f 0.001, a learning rate of 0.0001, a warm up period of 8 epochs, and early stopping track-
ing the performance on each partition’s validation set with a grace period of 40 epochs. The
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retinal state model was implemented in Python 3.9 using PyTorch 1.7 (Paszke et al. 2017)
and PyTorch-lightning 1.4.

During training the model receives resized random crops of the original retinal fundus
photographs to present the model with varying feature-resolutions. A random resized crop
is a percentage-based random crop followed by a resize to a given pixel shape. During train-
ing, the model receives random resized crops with crop ratios drawn for each sample from
a uniform distribution over {0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1.0} resized to 4202420 pixels.
The cropped images are subsequently fed through an extensive augmentation pipeline con-
sisting of a random rotation for up to 25 degrees, a center crop to 3842384 pixels, a random
horizontal flip with probability 0.5, a random vertical flip with probability 0.5, random appli-
cation of greyscaling with probability 0.1, random posterization for 4 bits with a probability
of 0.2, random sharpness adjustment with factor 2 and probability of 0.3, and random ap-
plication of auto contrast with a probability of 0.3. All augmentations were implemented
with the respective augmentation methods offered in torchvision.transforms as part
of the PyTorch Python package (Paszke et al. 2017). During the validation epochs, the crop
ratio was fixed at 0.8, and instead of applying the augmentation pipeline, images were only
center cropped to 3842384 pixels.

Finally, at test time, the predictions on the test sets were generated using test-time aug-
mentation of 100 samples per image with a crop ratio of 0.66 followed by a center crop of
3841384 pixels. Thus, at test-time, each image was fed 100 times through the augmenta-
tion pipeline and the network, retrieving 100 predictions. For each endpoint and image, the
arithmetic mean of these 100 predictions was used as the final retinal state for this endpoint.
More details on the foundations of the augmentations applied are provided in subsubsection
2.3.1.
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3.1 Data sources

3.1.1 UK Biobank

The UK biobank cohort, a sample of the UKs general population, is a large-scale population
cohort with longitudinal follow-up (Bycroft et al. 2018). Participants were enrolled from
2006 to 2010 in 22 recruitment centers across the United Kingdom; the follow-up is ongo-
ing, and records until the 24th of September 2021 are included in this analysis. The UK
Biobank cohort comprises 273,353 women and 229,107 men aged between 37-73 years at
the time of their assessment visit. Participants are linked to routinely collected records from
primary care (GP), hospital episode statistics (HES), and death registries (ONS), providing
longitudinal information on diagnosis, procedures, and prescriptions for the entire cohort
from Scotland, Wales, and England. The UK Biobank contains demographic information,
standard laboratory measures, questionnaires on lifestyle, and genotyping for all study par-
ticipants. Further, the UK Biobank offers many complex measurements for sub-selections
of participants. Contained are 1H-NMR metabolomics, measured at recruitment for a ran-
dom subset of individuals, 63,903 women and 54,078 men aged between 37 and 73 years at
the time of their baseline assessment. The cohort also contains retinal fundus photographs
taken during an eye examination at baseline for 85,223 participants. All models considered
throughout this work were developed on UK Biobank data. Depending on the model, sub-
sets of the UK Biobank cohort were used, and detailed descriptions of the study populations
are provided in the respective results sections. A detailed description of the data prepro-
cessing is provided in section 3.2 on page 76, and a description of the partitioning applied
is provided in section 3.2.6 on page 81. Data from the UK Biobank cohort is utilized in
all experiments performed in this study and details of the respective study populations, are

presented in each results subsection individually.

3.1.2 Whitehall II

The Whitehall II cohort is an ongoing prospective cohort study of adults, consisting of
10,308 people (3,413 women and 6,895 men) recruited at ages 35-55 (Marmot and Brunner
2005). At the time of recruitment 198588, all study participants were employed at the of-
fices of the 20 London Whitehall departments of the UK public service. Participants have
been followed up regularly throughout the years, with questionnaire and self-examination
conducted in 5 year intevals. Additionally, participants have been genotyped, and Proton
Nuclear Magnetic Resonance (1H-NMR) profiling was performed from serum samples be-
tween 1997-1999 for a random subset of the population. The Whitehall IT cohort was utilized
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in the validation process of the Metabolomic State model and a detailed description of the
cohort population, as well as a comparison with the UK Biobank study population, can be
found in table 8 on page 303.

3.1.3 PROspective Study of Pravastatin in the Elderly at Risk

The PROspective Study of Pravastatin in the Elderly at Risk (PROSPER) trial aimed to in-
vestigate the effects pravastatin (40 mg/day) in elderly individuals who are at risk of cvd
(Shepherd, Blauw, Murphy, Cobbe, et al. 1999; Shepherd, Blauw, Murphy, and Gaw 2002).
The trial was conducted as a double-blind, randomized, placebo-controlled trial including a
total of 5,804 participants between the ages of 70 and 82. Participants were recruited in the
primary care setting between December 1997 and May 1999 from 3 centers: Glasgow, Scot-
land; Cork, Ireland and Leiden, the Netherlands. The mean follow-up period was 3.2 years.
All included patients either had evidence of vascular disease (physician-diagnosed stable
angina, stroke, Transient Ischaemic Attack (TIA) or Myocardial Infarction (MI)), or high
risk of vascular disease as determined by hypertension, diabetes, or smoking status. Fasting
venous blood samples were collected at baseline and at 3-month intervals and biobanked at
-80 °C. For the present study, all individuals recruited at the Leiden recruitment center, with
Proton Nuclear Magnetic Resonance (1H-NMR) metabolomics data available through the
BBMRI-NL consortium (in total 960 individuals), were included, employing the study as a
cohort study. 1H-NMR metabolomics were quantified from previously unthawed 6-month
post-randomization samples. The PROSPER cohort was utilized in the validation process of
the Metabolomic State model, and a detailed description of the cohort population, as well as

a comparison with the UK Biobank study population, can be found in table 8 on page 303.

3.1.4 Leiden Longevity Study

The Leiden Longevity Study (LLS) includes data on 421 long-lived families of European
descent. Families were included in the study if at least two long-lived siblings were alive
and fulfilled the age criterion of 89 years or older for males and 91 years or older for females,
representing < 0.5 % of the Dutch population in 2001 (Schoenmaker et al. 2006). In total,
944 long-lived proband siblings (mean age = 94 years, range = 89-104), 1,671 offsprings
(mean age = 61 years, range = 39-81) and 744 spouses/partners thereof (mean age = 60 years,
range = 36-79) were included. For all included participants, follow-up is availbale until
the 27th of October 2016. 1H-NMR Metabolomics assays were conducted for 843 long-
lived probands, 1,157 of their offsprings, and 684 controls using non-fasted EDTA plasma
samples. For the experiments presented in this study, we included all 1,655 samples of the
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offspring and spouse population with complete baseline covariates and NMR metabolomics
available in the BBMRI-NL platform. The LLS cohort was utilized in the validation process
of the Metabolomic State model, and a detailed description of the cohort population, as well

as a comparison with the UK Biobank study population, can be found in table 8 on page 303.

3.1.5 Rotterdam Study

The Rotterdam Study is a prospective, population-based cohort study (M.A. Ikram et al.
2017) that was set up with the aim of investigating the occurrence of common diseases
in older adults. The study’s baseline examination took place in 1990 with approximately
7,983 persons aged 55 years and older undergoing a home interview and extensive physical
examination. Participants were re-visited every 3-4 years (RS-I) to collect follow-up infor-
mation. The study extended in two stages as of 2008 contained 14,926 subjects in total. All
participants provided written informed consent and the Medical Ethics Committee of the
Erasmus Medical Center, Rotterdam, approved the study. 1H-NMR metabolomics assays
were conducted in fasted EDTA plasma samples. For this study, we included all 2,949 sam-
ples with complete baseline covariates and 1H-NMR metabolomics that were available in
the BBMRI-NL platform. The Rotterdam study cohort was utilized in the validation process
of the Metabolomic State model, and a detailed description of the cohort population, as well

as a comparison with the UK Biobank study population, can be found in table 8 on page 303.

3.2 Data preprocessing

3.2.1 Extraction of covariates and clinical predictors

Basic demographic predictors and clinical covariates were utilized in all experiments in
this study. For the UK Biobank cohort, basic demographic information was extracted from
primary care records and matched with data collected at the studys recruitment interview.
Lifestyle information was extracted from the questionnaire completed at recruitment. Phys-
ical measurements and laboratory measures were taken at recruitment. Pre-existing medical
conditions were extracted from the questionnaire, interview at recruitment, primary care
records, and hospital episode statistics. Medications were extracted from the recruitment
interview. Cardiovascular predictors were selected based on the ESC and AHA recom-
mended cardiovascular risk scores for primary prevention, the AHA-ASCVD score (Goff
et al. 2014), and the ESC-SCORE2 (SCORE2 working group and ESC Cardiovascular risk
collaboration 2021) as well as the QRISK3 risk calculator (Hippisley-Cox, C. Coupland,
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and Brindle 2017).

Table 3.1: Clinical predictors utilized in this study. A = Assessment, L = Blood Laboratory Assessment, Q = Questionnaire,
I = Interview, P = Physical Assessment,HES = Hospital Episode Statistics, GP = Primary Care Records.
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$ S 2 2 : = Z
Predictor Source Coding < @ © & Z U kK
Age at Recruitment Q1 Field ID: 21022 X X X X X X X
Sex Q1 Field ID: 31 X X X X X X X
Education Q1 Field ID: 21001 X X
Ethnicity Q1 Field ID: 21000 X X X X
Townsend Deprivation | Q/I Field ID: 189 X
Index
Overall Health Rating Q1 Field ID: 2178 X
Smoking Status Q1 Field ID: 20116 X X X X X
Body-Mass-Index P Field ID: 21001 X X X X
‘Weight P Field ID: 21002 X X X
Standing Height P Field ID: 50 X X
Waist Circumference P Field ID: 48 X X
Waist-Hip Ratio P Field ID: 48/49 X
Physical Activity Q1 Field ID: 20116 X X X
Alcohol Intake Q/1 Field ID: 1558 X
Glucose L Field ID: 30740 X
HbAlc L Field ID: 30750 X
AST L Field ID: 30650 X
ALT L Field ID: 30620 X
AP L Field ID: 30610 X
Albumin L Field ID: 30600 X
Creatinine L Field ID: 30700 X
Cystatine C L Field ID: 30720 X
Urea L Field ID: 30670 X
Urate L Field ID: 30880 X
C-reaktive Protein L Field ID: 30710 X
Erythrocyte Count L Field ID: 30010 X
Leukocyte Count L Field ID: 30000 X
Platelet Count L Field ID: 30080 X
Hemoglobin L Field ID: 30020 X
Hematocrit L Field ID: 30030 X
MCH L Field ID: 30050 X
MCV L Field ID: 30040 X
MCHC L Field ID: 30060 X
Systolic Blood Pressure A Field ID: 4080 X X X X X
Diastolic Blood Pressure | A Field ID: 4079 X
Total Cholesterol A Field ID: 30690 X X X X X
HDL Cholesterol A Field ID: 30760 X X
LDL Cholesterol A Field ID: 30780 X X
Triglycerides A Field ID: 30870 X X
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Table 3.1 continued from previous page

N 0
@ z
28 23 % g B
S S 2 %2 3 = zZ
Predictor Source Coding < @ O ~ Z O =
FH Heart Disease Q1 Field ID: 20107, 20110 X X
FH Type-2 Diabetes Q1 Field ID: 20107, 20110, X X
20111
Antihypertensive Treat- | Q/I ATC: C02 X X X X X
ment
Aspirin Q1 ATC: B0l X
Atypical Antipsychotics Q1 ATC: NO5 X X
Glucocorticoids Q/1 ATC: HO2 X X
Type-1 Diabetes Q/I/GP/HES | ICDI10: E10 X X
Type-2 Diabetes Q/I/GP/HES | ICDI10: Ell, E12, E13, | x X X
El4
Chronic Kidney Disease | Q/I/GP/HES | ICDI10: 112, N18,N19 X X
Atrial Fibrillation Q/I/GP/HES | ICDI10: 147, 148 X X
Migraine Q/I/GP/HES | ICD10: G43, G44 X X
Rheumatoid Arthritis Q/I/GP/HES | ICDI10: J99, M05, MO06, X X
MO8, M12, M13
Systemic Lupus Erythe- | Q/I/GP/HES | ICD10: M32 X X
matosus
Severe Mental Illness Q/I/GP/HES | ICD10: F20, F25, F30, X X
F31, F32, F33, F44
Erectile Dysfunction Q/I/GP/HES | ICD10: F52, N48 X X

For the Neurcal CVD score, the QRISK 3 variable set was extended with available informa-
tion on the overall health status and the BMI. For the experiments involving the metabolomic
state model, predictors were grouped into three sets of clinical predictors, Age+Sex, AS-
CVD, and the PANEL set (see section 5 on page 101). The PANEL predictor set contains,
additional predictors from the CAIDE (Kivipelto et al. 2006) and FINDRISC (Lindstrom and
Tuomilehto 2003) scores as well as comprehensive information on lifestyle, demographics,
physical measurements, and lab values available in the primary care setting (see table 3.1
on the preceding page). The Age+Sex and ASCVD predictor sets were replicated on the
PROSPER, LLS, RS, and Whitehall II cohorts for external validation. In each of these co-
horts, data was already obtained in tabular format, and predictors did not require a dedicated

extraction from primary care.

3.2.2 Calculation of PGS and the PGSMETA Score

Individual Polygenic Score (PGS) were calculated on the imputed genotyping data for all
participants in the UK Biobank cohort and utilized in the experiments investigating the in-
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tegration of PGS with clinical covariates (see section 4 on page 87). Predefined Polygenic
Score (PGS), five for coronary artery disease (PGS000011 (Tada et al. 2016), PGS000018
(Inouye et al. 2018), PGS000057 (Natarajan et al. 2017), PGS000058 (Morieri et al. 2018)
and PGS000059 (Hajek Catherine et al. 2018)) and one for stroke (PGS000039 (Abraham
et al. 2019)) were selected from the PGS catalog (Lambert, Gil, et al. 2021) and calculated
for all participants. The PGS were developed on multiple external cohorts and covered
a diverse set of patients. The polygenic scores were developed on the Malmo Diet and
Cancer Study (MDC, PGS000011), the West of Scotland Coronary Prevention Study (WO-
SCOPS, PGS000057), the Coronary Artery Risk Development in Young Adults (CARDIA,
PGS000057) and Biolmage cohorts, the Action to Control Cardiovascular Risk in Diabetes
(ACCORD, PGS000058), the Outcome Reduction With Initial Glargine Intervention (ORI-
GIN, PGS000058), the Multi-Ethnic Study of Atherosclerosis (MESA, PGS000059) and the
CARDIoGRAMplusC4D (PGS000018) and MEGASTROKE (PGS000039) Genome Wide
Association Study (GWAS) results. All PGSs were calculated with the published weights
from the PGS catalog (Lambert, Gil, et al. 2021), the imputed genotype information from
the UK Biobank, and the R package PRSice-2 (S.W. Choi, Mak, and O’Reilly 2020). In
order to be able to provide a holistic analysis of the overall genetic risk, the individual PGS
are aggregated to a composite measure to construct a polygenic meta score (PGSMETA).
PGSMETA is derived by summing up the individual percentile ranks for each of the six
PGS scores and calculating a new aggregated percentile rank over the sum. All models are
trained under the utilization of the six individual PGS scores, not the PGSMETA score.

3.2.3 Processing of NMR Metabolomics data

All experiments in this study involving Proton Nuclear Magnetic Resonance (1H-NMR)
metabolomic profiling rely on the same standardized assay offered by Nightingale Health,
Inc. The assay covers 168 metabolites from multiple amino acids over lipids, lipoproteins,
cholesterol subtypes, and inflammation markers (Soininen et al. 2015; Wiirtz, A.J. Kangas,
et al. 2017). Additionally, the assay offers 81 precomputed percentage ratios derived from
combinations of the 168 original measures; as these were not primary metabolite measure-
ments, they were not included in the analysis. A full list of the metabolomic predictors

applied in this study is presented in table 2 on page 245.

Prior to model development and training, the corpus of available 1H-NMR metabolomics
data in the UK Biobank was split into spatially decoupled train, test, and validation sets
following the procedure described in section 3.2.6 on page 81. Subsequently, for each par-

tition, the 1H-NMR metabolomics data was imputed along the demographic and clinical
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information, then log-transformed and standardized to zero mean and unit variance. For
external validation on the PROSPER, LLS, RS, and Whitehall II cohorts, IH-NMR data
was imputed and normalized utilizing the imputers and standardization procedures of the 22
models developed in the partitions of the UK Biobank cohort.

3.2.4 Processing of EHR data

In the UK Biobank cohort, participants’ data has been linked to NHS health records, com-
posed of primary care data, hospital episode statistics, and mortality information Bycroft
et al. 2018; Sudlow et al. 2015. The linked primary care data originates from two differ-
ent healthcare provider systems, EMIS and TPP, coded predominantly in CTV3, SNOMED
CT, and dm+d. The data contains coded clinical events (including diagnoses, history, symp-
toms, lab results & procedures), prescriptions (i.e., medications that are prescribed but not
necessarily dispensed), and a range of administrative codes (e.g., referrals to specialist hos-
pital clinics). The hospital inpatient data originates from the Data Access Request Service
(DARS) for England, the Secure Anonymised Information Linkage (SAIL) Databank for
Wales, and the electronic Data Research and Innovation Service (eDRIS) for Scotland with
records predominantly coded in ICD-10 and OPCS-4. The mortality data originates from the
NHS Digital for participants in England & Wales and the NHS Central Register (NHSCR)
for participants in Scotland, with causes of death coded in ICD-10.

For preprocessing, all these data sources were mapped to standard vocabularies of the
OMOP CDM (SNOMED CT, RxNorm and CVX) using the mapping tables provided by
NHS Digital, SNOMED International and the UK Biobank. The data was restricted to the
OMOP domains of “Observation”, “Condition”, “Procedure”, “Drug” and “Device” with
71,036 unique concepts in total. Subsequently, a threshold was applied on the observation
frequency of each concept, retaining only concepts observed in more than 50 individuals.
Thresholding yielded a subset of 15,595 unique concepts which was utilized for analysis.
For each individual, these 15,595 unique concepts were aggregated in a binary observation
vector informing on whether or not a concept is part of the individual’s medical history. A

full list of the 15,595 unique concepts and their definitions is provided in table 3 on page 248.

3.2.5 Retinal Fundus Photographs

Prior to model development and training, the corpus of available retinal fundus photographs
was cleaned and preprocessed to exclude corrupted and faulty samples. Retinal images

usually consist of a central, circular image structure representing the retinal disc, surrounded
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by dark areas. However, as the retinal fundus images in the UK biobank were automatically
taken during optical coherence tomography and not manually curated, the dataset contains
faulty images, which are heavily underexposed, heavily overexposed, or may even show the
eye from the outside. Therefore, the preprocessing pipeline included the removal of images
where the retinal disc was not detectable, either because of over- or under-exposition, over-
or under-saturation, lack of focus or frame, or due to strong shifts in either of the three color
channels. In order to remove such faulty samples, a set of 1,000 valid images was first
manually curated with the aid of ophthalmological domain experts. Next, each image of the
dataset, including the manually curated samples, was first tested for a detectable retinal disc
by first converting the image to grayscale and applying the Canny edge detection operator.
If the retinal disc was detectable in the grayscale converted image, all areas outside the
retinal disc in the original image were removed (i.e., set to NaN values), and the image
was trimmed such that the retinal disc touched all four image borders. Next, distributions
(mean and standard deviations) for the three RGB color channels and the three HSV channels
were computed on the curated set. Subsequently, all images of the remaining dataset were
compared in the means of their RGB and HSV channels to the distribution of the curated
samples. All images with a mean outside the 20 interval in any of the six assessed channels
defined by the curated reference dataset, were excluded from the analysis. In total, the UK
Biobank cohort contains 175,000 retinal fundus photographs for 85,000 participants from
both the left and right eyes. Of these images, 136,000 items for 68,000 participants were
measured at baseline, while the remainder of the images was measured 5 years after baseline.
In order to relate the images to the observed outcomes, the analysis was restricted to images
recorded at baseline. After the application of the preprocessing pipeline, the cleaned dataset

contained 113,122 images for 61,264 participants measured at baseline (see table 3.2).

Table 3.2: Retinal fundus photographs available in the UK Biobank.

Left Eye Right Eye

Images Participants | Images Participants
UK Biobank 87,546 84,744 88,242 85,223
At Baseline 68,207 67,685 68,798 68,114
After Preprocessing | 55,832 55,582 57,290 56,985

3.2.6 Dataset partitions and imputation

All experiments, thus, the development and testing of the Neural CVD model, the Metabolomic
State Model, and the Retinal Risk model, were conducted in spatial cross-validation in the

UK Biobank cohort. For each experiment, the respective UK Biobank study population was
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split into 22 spatially separated partitions based on the location of the assessment center
at recruitment (see figure 3.1). The data was analyzed in 22-fold nested cross-validation,
setting aside one of the spatially separated partitions as a test set, aggregating the remain-
ing partitions, and randomly selecting 10 % of the aggregated data for the validation set.
Within each of the 22 cross-validation loops, the individual test set (i.e., the spatially sepa-
rated partition) remained untouched throughout model development, and the validation set
was used to validate the fitting progress and checkpoint selection. All 22 obtained models
were then evaluated on their respective test sets, and model predictions were aggregated for

downstream analysis.

a
Dataset Preparation

Test Training Validation
80% 20%
©= for each % @.@@ e "'@
from @_ — : ‘. — e
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Figure 3.1: Spatial cross-validation in the UK Biobank cohort. a, To develop machine learning models, the eligible study
population, a subset of the UK Biobank population, is split into train, validation and test sets in 22-fold nested cross-validation
based on the assigned UK Biobank assessment center. b, For each of the 22 partitions, the machine learning model is trained
on the input variables, and predictions are gathered for each partitions test set. Additionally, baseline models are trained
on baseline predictors. Ultimately, predictions of the machine learning model and the baseline models are aggregated for
benchmarking and downstream analysis.

Assuming random occurence of missingness, data was imputed relying on multiple im-
putations using chained equations with random forests (Stekhoven and Bithlmann 2012).
Continuous variables were standardized; Categorical variables were one-hot encoded. Im-
putation models were fitted on the training sets and applied to the respective validation and
test sets. This procedure was independently repeated for each of the four described experi-

ments.
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3.3 Endpoint definitions

3.3.1 MACE endpoint

The cardiovascular endpoint of Major Adverse Cardiac Events (MACE) was defined based
on International Classification of Diseases (ICD) codes. Specifically, by the earliest recorded
event of fatal or non-fatal myocardial infarction (ICD10 codes 121, 122, 123, 124, 125) or fa-
tal or non-fatal transient ischaemic attack or ischaemic stroke (ICD10 codes G45, 163, 164)
either in the primary care records, the hospital episode statistics, or death records. The
MACE endpoint was utilized to develop and validate a neural network-based risk model
(Neural CVD) integrating polygenic and clinical information to predict the 10-year cardio-
vascular disease risk in disease-free participants from the UK Biobank cohort (see section 4

on page 87).

3.3.2 Common disease endpoints

In order to investigate the added information and usability of 1H-NMR metabolomics in
risk modeling of common diseases, a set of 24 endpoints was adapted from an earlier study:
Pietzner et al. defined a set of common disease endpoints from ICD10 codes (Pietzner
et al. 2021). The set was replicated in the UK Biobank cohort, defining each of the 24
endpoints by the earliest occurrence of one of its defining ICD10 codes in the primary care
records, the hospital episode statistics, or death records of the UK Biobank cohort. A full
list of the endpoint definitions can be found in table 3.3. For each endpoint, only disease-
free individuals, thus individuals without a prior record of the endpoint, were considered
eligible. Additionally, individuals with lipid-lowering therapy records were excluded in the
case of cardiovascular endpoints. In the case of predominantly sex-specific diseases such as

prostate and breast cancer, only men or women were analyzed respectively.

Table 3.3: Definitions, exclusions, and incident events of the common diseases endpoints in the UK Biobank cohort.
All endpoints were defined based on ICD-10 code records in primary care, HES and death records. Exclusion criteria were
applied to each endpoint specifically, and excluded individuals were not considered in the endpoint loss or any downstream
analyses.

Abbreviation Description ICD 10 Codes Exclusion Crite- | Eligable Incident
ria partici- Event
pants Rate (%)
Dementia All-Cause- F00,F01,F02,F03,G30, | Prior disease | 117245 2.06%
Dementia G31 records
MACE Major adverse car- | G45, 121, 122, 123, 124, | Prior disease | 92629 8.73%
diac event 125,163, 164 records, self
reported lipid
lowering therapy
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Table 3.3 continued from previous page

Abbreviation Description ICD 10 Codes Exclusion Crite- | Eligable Incident
ria partici- Event
pants Rate (%)
T2 Diabetes Type-2 Diabetes E10,E11,E12,E13,E14 | Prior disease | 111745 4.77%
records
Liver Disease Liver Disease B15, B16, B17, B18, | Prior disease 115468 5.16%
B19, C22, E83, E88,185, | records
K70, K72, K73, K74,
K75,K76,R18, 294
Renal Disease Renal Disease N00, NO1, NO02, NO3, | Prior disease | 111704 10.70%
NO04, NO05, N06, NO7, | records
NO08, N09, N10, NII,
N12, NI13, N14, NI15,
N16, N17, N18, N19,
N25, N26, N27, N28,
N29
Atrial Fibrilla- | Atrial Fibrillation 148 Prior disease | 116026 5.68%
tion records
Heart Failure Heart Failure 150 Prior disease | 113636 3.53%
records
CHD Coronary Heart | 120, 121, 122, 123, 124, | Prior disease 108551 7.86%
Disease 125 records
Venous Venous Thrombosis | 180, I81, 182 Prior disease | 114986 1.70%
Thrombo- records
sis
Cerebral Cerebral Stroke 163, 165, 166 Prior disease | 117342 1.85%
Stroke records
AAA Abdominal Aortic | 171 Prior disease | 117826 0.77%
Aneurysm records
PAD Peripheral ~ Artery | 170, 171, 172, 173, 174, | Prior disease 115132 3.51%
Disease 175,176,177,178, 179 records
Asthma Asthma J45, J46 Prior disease | 102392 3.79%
records
COPD Chronic  Obstruc- | J40, J41, J42, J43, J44, | Prior disease | 110465 7.90%
tive Pulmonary | J47 records
Disease
Lung Cancer Lung Cancer C33,C34 Prior disease | 117896 1.08%
records
Skin Cancer Non-melanoma C44 Prior disease | 115996 4.24%
Skin Cancer records
Colon Cancer Colon Cancer C18 Prior disease | 117617 1.04%
records
Rectal Cancer Rectal Cancer C19, C20 Prior disease 117699 0.65%
records
Prostate Prostate Cancer C61 Prior disease | 53393 2.21%
Cancer records, females
Breast Cancer Breast Cancer C50 Prior disease | 62009 2.15%
records, males
Parkinson’s Parkinson’s Disease | G20, G21, G22 Prior disease 117764 0.61%
records
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Table 3.3 continued from previous page

Abbreviation Description ICD 10 Codes Exclusion Crite- | Eligable Incident
ria partici- Event
pants Rate (%)
Fractures Fractures S02, S12, S22, S32,S42, | Prior disease | 106392 7.43%
S52,S62, S72,S82,S92, | records
T02, TOS, T10
Cataracts Cataracts H25, H26 Prior disecase | 114345 9.67%
records
Glaucoma Glaucoma H40 Prior disease | 115934 2.31%
records

3.3.3 Phecode endpoints

While the MACE and common disease endpoints were defined by custom and domain
knowledge specific remappings of individual ICD-10 codes, phecodes were applied for the
assessment of risks on a phenome-wide scale. Phecodes aim to facilitate associative analy-
ses with medical phenotypes by providing a mapping from ICD-10 and ICD-10-CM codes
into clinically meaningful phenotypes (Wei et al. 2017; P. Wu et al. 2019). Thus, ICD-10
codes in the primary care records (GP), the hospital episode statistics (HES), or death records
of individuals were mapped to PheCodes X by either mapping directly from ICD-10 (HES,
death records) or mapping from SNOMED to ICD-10 (using the official SNOMED mapping
table) and then to Phecodes X. All-cause death was defined as an additional, custom end-
point, due to the lack of an appropriate phecode. Additionally, congenital, developmental,
and neonatal endpoints were excluded, as all UK Biobank participants are adults. For each
endpoint, time-to-event outcomes were extracted, defined by the first occurrence after re-
cruitment in primary care, the hospital episode statistics, or death records. Subsequently, for
both experiments, the development of the medical history model and the retinal risk model,
a population-specific frequency cutoff was applied to exclude endpoints recorded in less
than 100 individuals in the respective study population. In the case of the medical history
models, this procedure yielded 1,833 endpoints, on the subset of the UK Biobank population
with retinal fundus photographs 1,171 endpoints were derived. A full table of all utilized
endpoints is presented in the appendix: see table 4 on page 265 for both the endpoints used

in the retinal risk model as well as for the endpoints used in the medical history model.
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Based on the work presented in this chapter a manuscript has been prepared, submitted
and published in The Lancet Digital Health (Buergel, Steinfeldt, Loock, et al. 2022). The
published manuscript was written and prepared by Thore Buergel, Dr. Jakob Steinfeldt,
Professor John Deanfield, Professor Roland Eils and Professor Ulf Landmesser. Details
on the individual author’s contributions to the publication are presented in the published

manuscript.

4.1 Experimental Setup

This section presents the development and validation of a novel neural network-based car-
diovascular disease risk model in the UK Biobank cohort. NeuralCVD (see figure 2.4 on
page 67), based on Deep Survival Machines (Nagpal, X.R. Li, and Dubrawski 2021) relies
on a set of 29 cardiovascular risk factors utilized in well-established clinical cardiovascular
risk scores, the ESC score (Conroy 2003), the AHA/ASCVD score (Goff et al. 2014) and
the QRISK3 score (Hippisley-Cox, C. Coupland, and Brindle 2017) to predict risk for inci-
dent Major Adverse Cardiac Events (MACE). A list of all utilized predictors is presented in
table 3.1 on page 77, the endpoint definition is presented in section 3.3.1 on page 83 and a
detailed description of the Neural CVD score is provided in section 2.6 on page 67. In order
to assess the composite of clinical and genetic predictors, an additional version of the Neu-
ralCVD score is developed on an extended covariate set including six well-established Poly-
genic Score (PGS) against coronary artery disease and stroke (see section 3.2.2 on page 78).
To benchmark the Neural CVD approach and to evaluate the impact of the PGS-contained
information on the predictive performance of cardiovascular risk, five additional models are
trained: replications of the ESC-SCORE, AHA/ASCVD, and QRISK3 score, respectively,
as well as two CPH models developed on the same predictor sets as the two Neural CVD
scores. All models are developed in 22-fold spatial cross-validation as described in sec-
tion 3.2.6 on page 81 and evaluated against the occurrence of the first recorded MACE
in the observation window. After training all models, the Neural CVD score is scrutinized
against the established cardiovascular risk scores. Further, the PGS’s added benefit is com-

pared between the linear CPH model and the nonlinear Neural CVD.

4.2 Characteristics of the study population

Information on demographics, clinical records, and outcomes were extracted from the entire
UK Biobank cohort (Bycroft et al. 2018; Sudlow et al. 2015) (see section 3.1.1 on page 74).
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From the 502,505 individuals, sixteen participants who withdrew their participation agree-
ment, one participant without information on sex, and 106,775 with prior records of my-

ocardial infarction, stroke, or lipid-lowering treatment were excluded (see figure 4.1).

a Selection of Study Population b Observation Time
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Figure 4.1: Selection and composition of the study population. a, Starting with the entire UK Biobank population, individ-
uals who withdrew consent had missing information about their sex or had earlier records of incident myocardial infarction
or stroke or lipid-lowering treatment at baseline were excluded. The remaining set was split into training, validation, and test
sets in 22-fold nested cross-validation based on the UK Biobank assessment center. b, Distribution of observation times for
the derived study population. The median observation time was 11.7 years (IQR 11.0, 12.3). ¢, Kaplan-Meier estimates for
the disease-free survival functions stratified by sex. d, Numbers at risk in 5-year intervals stratified by sex.

The remaining 395,713 participants had a median age of 56 years (IQR 49, 62), 57.3 %
were female, the majority being of White/British ethnicity, relatively affluent, and “good”
self-reported overall health (table 4.1 on the following page). Of the study population, 11 %
were current smokers, and 1.5 % were diagnosed with type-2 diabetes (table 4.1 on the next
page). The median Body Mass Index (BMI) was 26.4 (IQR 23.8, 29.4), systolic blood pres-
sure was 135 (IQR 124, 148) mmHg and total cholesterol was 5.84 (IQR 5.16, 6.56) mmol/l.
Participants were observed for a median follow-up time of 11.7 years, and 28,083 (7.1 %)
participants experienced a Major Adverse Cardiac Events (MACE), defined as Fatal + Non-
fatal Myocardial Infarction (MI), Fatal + Nonfatal Transient Ischaemic Attack (TIA)/Stroke

89



4 A Neural Survival model integrates polygenic information for cardiovascular risk

prediction

or Cardiovascular Death within the observation period (figure 4.1 on the preceding page).

Table 4.1: Summary statistics of the study po

pulation. Reported are medians (IQR) and absolute counts (%).

Characteristic Male, Female, Overall,
N =169,081 N =226,632 N =395,713
Age at Recruitment 56 (48, 62) 56 (49, 62) 56 (49, 62)

Ethnicity
Asian
Black
Chinese
Mixed
White
Missing

3,523 (2.1%)
2,782 (1.7%)
491 (0.3%)
892 (0.5%)
158,761 (95%)
2,632

3,588 (1.6%)
3,871 (1.7%)
866 (0.4%)
1,624 (0.7%)
213,464 (96%)
3,219

7,111 (1.8%)
6,653 (1.7%)
1,357 (0.3%)
2,516 (0.6%)
372,225 (95%)
5,851

Townsend Deprivation Index

2.16 (-3.67, 0.53)

2.19(-3.67, 0.37)

2.18 (-3.67, 0.44)

Missing 230 276 506

Overall Health Rating

Excellent 30,892 (18%) 42,310 (19%) 73,202 (19%)
Good 98,290 (59%) 136,866 (61%) 235,156 (60%)
Fair 32,890 (20%) 39,057 (17%) 71,947 (18%)
Poor 5,813 (3.5%) 6,970 (3.1%) 12,783 (3.3%)
Missing 1,196 1,429 2,625
Smoking Status

Current 21,454 (13%) 20,012 (8.9%) 41,466 (11%)
Previous 58,717 (35%) 69,074 (31%) 127,791 (32%)
Never 87,924 (52%) 136,326 (60%) 224,250 (57%)
Missing 986 1,220 2,206
Body-Mass-Index 26.9 (24.7,29.5) 25.8(23.2,29.3) 26.4 (23.8,29.4)
Missing 1,161 1,180 2,341

Weight (kg) 84 (76, 93) 68 (61, 78) 75 (66, 86)
Missing 1,026 1,105 2,131

Standing Height (cm) 176 (172, 181) 163 (158, 167) 168 (162, 175)
Missing 1,017 959 1,976

Systolic Blood Pressure (mmHg)

138 (128, 150)

132 (120, 146)

135 (124, 148)

Missing 10,193 13,679 23,872

Diastolic Blood Pressure (mmHg) 84 (78,91) 80 (74, 87) 82 (75, 89)
Missing 10,192 13,678 23,870

Total Cholesterol (mmol/l) 5.72 (5.07, 6.41) 5.93 (5.24, 6.68) 5.84 (5.16, 6.56)
Missing 10,480 15,514 25,994

HDL Cholesterol (mmol/l) 1.26 (1.08, 1.47) 1.57 (1.34, 1.83) 1.43 (1.20, 1.70)
Missing 22,622 34,937 57,559

LDL Cholesterol (mmol/l) 3.67 (3.17,4.20) 3.66 (3.13,4.25) 3.67 (3.15,4.23)
Missing 10,835 15,858 26,693

Triglycerides (mmol/l)
Missing

1.68 (1.16, 2.43)
10,659

1.30 (0.94, 1.84)
15,634

1.4 (1.02, 2.09)
26,293

FH Heart Disease

57,025 (34%)

90,847 (40%)

147,872 (37%)

Antihypertensive Treatment

1,697 (1.0%)

1,610 (0.7%)

3,307 (0.8%)

Aspirin

1,456 (0.9%)

935 (0.4%)

2,391 (0.6%)

Atypical Antipsychotics

2,086 (1.2%)

3,865 (1.7%)

5,951 (1.5%)

Glucocorticoids

122 (0.1%)

233 (0.1%)

355 (0.1%)
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Table 4.1 continued from previous page

Characteristic Male, Female, Overall,

N =169,081 N =226,632 N =395,713
Type 1 Diabetes 795 (0.5%) 586 (0.3%) 1,381 (0.3%)
Type 2 Diabetes 3,379 (2.0%) 2,440 (1.1%) 5,819 (1.5%)
Chronic Kidney Disease 6,052 (3.6%) 8,253 (3.6%) 14,305 (3.6%)
Atrial Fibrillation 2,687 (1.6%) 2,303 (1.0%) 4,990 (1.3%)
Migraine 7,027 (4.2%) 20,879 (9.2%) 27,906 (7.1%)
Rheumatoid Arthritis 6,052 (3.6%) 16,916 (7.5%) 22,968 (5.8%)
Systemic Lupus Erythematosus 186 (0.1%) 725 (0.3%) 911 (0.2%)
Severe Mental Illness 14,303 (8.5%) 28,902 (13%) 43,205 (11%)
Erectile Dysfunction 7,731 (4.6%) 0 (0%) 7,731 (2.0%)

4.3 Neural CVD outperforms established CVD-Risk models

In order to determine whether neural networks improved risk discrimination over conven-
tional approaches, the Neural CVD was first compared against established clinical baselines
and a linear CPH model trained on the same 29 cardiovascular risk factors. All scores were
evaluated independently on all 22 assessment centers of the UK Biobank cohort with the
Concordance Index (see section 2.4.1 on page 58) and the categorical net-reclassification-
improvement (see section 2.4.2 on page 59) at the 10 % threshold (as recommended in the
NICE guidelines (National Institute for health and Care Excellence (NICE) 2014)) as met-

rics for the risk discrimination.

Neural CVD score outperformed the SCORE, ASCVD, and QRISK3 models with a differ-
ence in C-Index of+0.037 (0.034-0.039), +0.024 (0.023-0.026), +0.01 (0.009-0.011) and Net
Reclassification Improvement (NRI) of +0.1043 (0.0981-0.1103), +0.0704 (0.0648-0.0765),
+0.0488 (0.0442-0.0534) respectively (see figure 4.2 on the next page, table 4.2 on the fol-
lowing page, table 2 on page 285). Furthermore, Neural CVD improved over a linear CPH
model fitted on the same set of covariates with a difference in C-Index of +0.003 (0.002-
0.004) and NRI of +0.0469 (0.0429-0.0511) (see table 2 on page 285. The discrimination
performance was stable over the 22 spatially distinct assessment centers (see figure 1 on
page 202, table 4 on page 287), and all models were well-calibrated over the observed risk
spectrum (see figure 4.2 on the next page and figure 1 on page 202).
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Figure 4.2: Performance and calibration of the NeuralCVD score and established CVD risk models. a, Displayed are
discriminatory performances of the Neural CVD score, trained Cox Proportional Hazards (CPH) models, and established CVD
risk scores in terms of C-index. The Neural CVD score outperformed existing approaches in discrimination of Major Adverse
Cardiac Events (MACE) at 10 years. Evaluated over the entire study population, this corresponded to an increment of 0.01
compared with the best-performing baseline model, the QRISK3 score table 2 on page 285. b-d, Calibration curves and
distributions of the predicted risks for each model at 10 years after baseline. PGS = Polygenic risk score.

Table 4.2: Categorical Net Reclassification Improvement of NeuralCVD in comparison to other scores at the 10 %

threshold

SCORE ASCVD QRISK3 CPH

NRI 0.1043  (0.0981, | 0.0704 (0.0643, | 0.0488 (0.0442, | 0.0469  (0.0429,
0.1103) 0.0765) 0.0534) 0.0511)

Cafze; ey | 1565% (1506%. | 1L41% (1086%. | 9.62%  (9.17%, | 10.75% (1035%

(n=23.786) 1 16 230) 12.01%) 10.06%) 11.17%)

Non-

‘i‘;flazzsg 5.22% (-5.33%, - | -4.38% (-4.47%, - | -4.74% (-4.83%, - | -6.06% (-6.14%, -

(n=37L889) | 5 119%) 427%) 4.65%) 5.98%)
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4.4 Assessing the ability of Neural CVD to integrate PGS

information

Prior to integrating the PGS into the variable set for the development of the composite Neu-
ralCVD and CPH models, the six PGS were assessed for validity in the study population.
All six PGS, as well as the derived PGSMETA (see section 3.2.2 on page 78), were found
to be associated with incident MACE onset in the study population (figure 2 on page 203).

Subsequently, to investigate the potential of the non-linear Neural CVD model to integrate
polygenic information with established clinical covariates, the six PGS against coronary
artery disease and stroke were added to the covariate set, and both the Neural CVD model
as well as a linear CPH model were retrained. Furthermore, to allow the CPH model to
assess potential non-linear effects between age and genetic information, interaction terms
between age and the polygenic scores were additionally evaluated. Beyond that, all models
were scrutinized against a previously published ASCVD-based model involving polygenic
information (L. Sun et al. 2021).

Table 4.3: Categorical net reclassification improvement of the PGS addition to Neural CVD (Neural CVD+PGS) over other
scores at the 10 % threshold.

CPH Sun PGS CPH PGS CPH PGS*age CPH NeuralCVD
NRI 0.074  (0.0678, | 0.0424 (0.0383, | 0.0359 (0.0321, | 0.0585 (0.0538, | 0.0116  (0.0066,
0.0795) 0.0464) 0.0394) 0.0625) 0.0159)
Caf;; gy | 1292% (1239%. | 1034% (9.89%. | 9% (8.65%, | 11.87% (11.42%, | 1.12%  (0.62%,
(=23.790) |13 4704) 10.76%) 9.34%) 12.27%) 1.54%)
N‘ir;clazzz 5.52% (-5.64%, - | -6.1% (-6.16%, - | -5.41% (-5.48%, - | -6.01% (-6.11%, - | 0.05% (-0.03%,
(=371.909) | 5 4204 6%) 5.34%) 5.92%) 0.12%)

The addition of polygenic scores to the predictor set improved the discrimination perfor-
mance for the Neural CVD model in terms of C-index by +0.006 (0.005-0.007) and in terms
of NRI by +0.0116 (0.0066-0.0159) when compared to the NeuralCVD model trained on
covariates only (figure 4.2 on the preceding page, table 4.3, table 3 on page 286). While the
addition of the polygenic scores resulted in improvements in discriminative performance for
the CPH model as well, the Neural CVD model remained superior in C-Index (CPH+PGS:
+0.002 (0.002-0.003), CPH+PGS*age: +0.002 (0.002-0.003)) and NRI (CPH+PGS: +0.0424
(0.0383-0.0464), CPH+PGS*age: +0.0359 (0.0321-0.0394)). Compared to the model pro-
posed by Sun et al., substantial improvements in the C-Index of +0.022 (0.021-0.024) and
of +0.0740 (0.0687-0.0790) in terms of NRI became apparent (see table 3 on page 286. All
models were well-calibrated over the full spectrum of risk (see figure 4.2 on the preceding

page), and the differences were consistent in the spatially separated assessment centers (fig-
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ure 1 on page 202, table 4 on page 287).

4.5 Individual differences in predicted risk after PGS addition

In order to further characterize the impact of the additional genetic information on pre-
dictions for single individuals in both the CPH and the NeuralCVD models, relative risk
differences between each model’s predictions with and without genetic information were
calculated (see section 2.4.6 on page 63). Relative risk differences are positive if the poly-

genic scores resulted in a higher risk estimate and negative if they led to a lower risk estimate.

The Neural CVD model predicted relative risk differences in the range of +805 % and
-84 % compared to values in the range of +152 % and -63 % (+249 % and -72 % with
PGS*age interaction) for the linear CPH model (see figure 4.3 on page 96).

In order to examine this wide interval of relative risk differences obtained for the Neural-
CVD model, associations between the information added by the PGS (i.e., the relative risk
difference) and the observed clinical phenotype were examined. Individual conventional
risk factors were not substantially associated with relative risk differences at ten years (fig-
ure 3 on page 204). However, associations with the overall clinical risk (see figure 4.3 on
page 96) and with age (see figure 4.3 on page 96) were notable. In the subpopulation of
individuals with high genetic risk (i.e., individuals in the top 5 % PGSMETA), pronounced
risk differences in the predicted risk were evident in younger individuals with low to inter-
mediate clinical risk: the relative risk difference diminished with increasing clinical risk,
and age. This effect was most notable for individuals with high genetic risk and flattened
out with lower genetic predisposition (figure 4 on page 205). These differences were nonex-
istent in the linear CPH model without interaction terms but observable in the CPH model

with the PGS*age interaction terms.

Further, the observed effect reflects the predicted cardiovascular risk trajectories strat-
ified by clinical risk and age (figure 4.3 on page 96). Young and low-risk individuals
were predicted to have the highest relative risk increase from high genetic predisposition
(RR,_q, : 2.64(2.52 —2.76)). Individuals between 50 and 60 years at intermediate clinical
risk were predicted to have a lower impact (RR,_; : 1.81(1.78 —1.85)), and individuals >
60 years at already high clinical risk witnessed the smallest effect on their overall risk with
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the additional high genetic risk information with RR,_, : 1.40(1.37 — 1.42).

To further substantiate these findings, the number of events stratified by clinical risk and
age at the end of the observation window for different genetic risk strata was examined (fig-
ure 5 on page 206). The relative risk for high genetic risk (Top 5 % PGSMETA) subpopula-
tionwas RR,_;, : 1.96(1.59—2.44) for the young and low risk, RR,_, : 1.64(1.40—1.86)
for the middle age and intermediate-risk and RR,_, : 1.49(1.32 — 1.60) for the older and
high-risk subgroup at the end of the observation window (see table 5 on page 288:.

These findings suggest that the additional predictive polygenic information depends on
the clinical phenotype (i.e., clinical risk) and that the Neural CVD model is able to reflect
this residual contribution and assess the residual predictive information correctly (see fig-
ure 4.4 on page 97). High genetic risk barely affected the overall risk in older individuals
when their clinical risk was already high. In contrast, the risk in young individuals at low to

intermediate clinical risk was sharply increased.
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Figure 4.3: The NeuralCVD score learned the residual contribution of the polygenic information over the clinical
phenotype. a, Relative Risk Difference (RRD) for three genetic strata (bottom, median, and top 5 % PGSMETA). Higher
genetic risk increased the RRDs for all models. The distributions of RRDs for the NeuralCVD score were wide, with RRDs
of up to +805 % for the top 5 % genetic stratum compared to the predicted risk based on the clinical factors. b, RRDs within
the two CPH models and the Neural CVD score upon the PGS addition for the bottom, median, and top 5 % of PGSMETA.
Increasing genetic risk yielded positive RRDs for both models. RRDs for the CPH model were constant over the spectrum
of clinical risk. In contrast, NeuralCVD learned a residual contribution of the polygenic risk over the clinical risk. In the
high genetic risk group, RRDs were the highest for the low to the intermediate clinical risk group and declined with clinical
risk > 15 %. ¢, A similar, albeit weaker trend, is observable. d, 25-year risk ratios stratified by genetic risk (bottom, median,
and top 5 % PGSMETA), age, and clinical risk. Additional genetic information increases risk most in individuals with low
to intermediate clinical risk and age <50. e, 25-year cumulative risk stratified by genetic risk (bottom, median and top 5 %
PGSMETA), age, and clinical risk. Risk ratios from d are reflected in the CVD risk trajectories and the proportion of polygenic
risk in the overall risk. The difference in trajectories was most pronounced in individuals with low to intermediate clinical
risk and age <50.

96



4.5 Individual differences in predicted risk after PGS addition

Genotype:

SNPs \/

Residual predictive information

Figure 4.4: The information transition hypothesis. A schematic depiction of the proposed mechanism for the impact of
polygenic information on overall risk, adapted from Janssens, 2019. Parts of the Single Nucleotide Polymorphism (SNP)s
included in PGS mediate through the manifestation of a clinical phenotype. As conventional risk factors contain this infor-
mation, the information gained by PGS addition is the residual information.
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4.6 Discussion

In recent years, Polygenic Score (PGS) predicting the lifetime risk for many common dis-
eases have been developed. Especially in cardiovascular prevention, an application of PGS
in primary prevention could help to improve risk predictions and thus better guide inter-
ventions. However, as polygenic risk scores commonly model an individual’s lifetime risk,
it is mandatory to understand the relationship between phenotypic information contained
in commonly assessed cardiovascular risk factors and genetic information in a given PGS.
Further, despite neural networks representing the state-of-the-art performance in survival

modeling, few medical studies have exploited this potential so far.

In this experiment, Neural CVD, a novel neural network based cardiovascular risk model
predicting 10-year risk for incident Major Adverse Cardiac Events (MACE), was developed.
On data from the UK Biobank cohort, the Neural CVD score improved discrimination and re-
classification at the 10 % risk threshold over the latest currently available clinical scores and
a Cox Proportional Hazards (CPH) baseline trained on the same phenotypic data. Notably,
the improvements of Neural CVD over established models do not require additional predic-
tor collection and thus encourage the application of neural survival models in cardiovas-
cular prevention. Retraining NeuralCVD on a predictor set, including genetic information,
its performance in discrimination, and categorical reclassification at the 10 % risk thresh-
old improved. These observations align with previous studies reporting the identification
of more high-risk individuals upon addition of PGS information to common cardiovascular
predictors (Elliott et al. 2020; L. Sun et al. 2021). Previous studies integrated PGS with
clinical predictors in an additive relationship relying on established linear models, irrespec-
tive of biological mechanisms of action and potential mediatory effects on the observed
phenotype (Riveros-Mckay Fernando et al. 2021; L. Sun et al. 2021). While the impact
of PGS on risk discrimination are known to be small on the population level, its impact is
not equally distributed over individuals, and for some individuals, the impact is consider-
able. The Relative Risk Difference (RRD) calculated in this experiment revealed that the
NeuralCVD score inherently accounts for the transition of predictive information from the
genotype to the composite clinical phenotype by learning higher-order interactions between
clinical factors and a common representation of the patient state. The transition is accounted
for in a learned attenuating effect of observed phenotypes, summarized in the learned patient
representation, with increasing clinical risk on information gained by the PGS addition in
the high-genetic risk strata. A similar but weaker interaction was reproduced by modeling

an interaction between age and the added PGS in the CPH model. The observation of the
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attenuating relationship implies that substantial parts of the genetic lifetime risk captured in
PGS act through phenotypic manifestation and that age represents a lossy proxy on the in-
formation transitioning to the patient state. Ultimately, however, it is the added information
of PGS information over the clinical risk factors (see figure 4.4 on page 97) which matters
in an applied clinical setting (Janssens 2019). This hypothesis of information transitioning
from the genotype to the phenotype was first postulated by Janssens et al.: while genetic in-
formation is independent at birth, the effects of SNPs are mediated through the manifestation
of clinical risk factors (e.g. LDL, elevated blood pressure, obesity). Thus, when assessed
later in life and in combination with risk factors, the genotype only provides information
on the residual genetic risk; alas, the information not yet manifested in the phenotype. The
experiments performed in the UK Biobank, confirm this heterogeneity in the importance
of genetic information on future disease risk (figure 5 on page 206, table 5 on page 288).
The findings confirming the transitioning hypothesis have two separate implications: First,
PGS are most relevant for identifying individuals at high risk before they have a manifested
severe clinical phenotype. Second, once the predictive information transitioned from the
genotype to the phenotype (i.e., the clinical risk is considerable), the PGS contain just mod-

est information on future risk trajectories.

Despite the large sample size, the presented experiments are subject to limitations. First,
as demonstrated previously, individuals in the UK Biobank study cohort have a lower risk for
cardiovascular events and are generally healthier than the general population in the UK (Fry
etal. 2017; L. Sun et al. 2021). Thus, recalibration with a relevant data source, e.g., the UK
Clinical Practice Research Datalink (CPRD), should be performed before a clinical appli-
cation of the Neural CVD score. Second, despite the extensive spatial cross-validation over
22 recruitment centers, and the absence of overfitting, the Neural CVD score has not been
validated on an external cohort. This is of particular importance for every model incorporat-
ing polygenic scores, as a generalization to ancestrally distant populations is controversial
(Schultz et al. 2022). Third, while discrimination, reclassification, and calibration are crit-
ical criteria for evaluating predictive models and allow a comparison with the established
baselines, these metrics cannot assess clinical benefit. In order to quantify relevant metrics,
such as life years saved by identifying the correct individuals for early intervention, and
demonstrate clinical utility, prospective studies are required. This is especially relevant, as
most individuals are not expected to experience strong risk modifications after consideration

of polygenic scores.
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In summary, Neural CVD is a highly performant neural-network-based risk model for pri-
mary cardiovascular prevention. The score outperformed conventional scores and learned
the residual genetic contribution to identifying individuals at the highest risk of cardiovas-
cular events. This demonstrates the capability of neural survival models and opens up new
opportunities for targeted primary CVD prevention, integrating both clinical and genetic risk

factors.
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Based on the results presented in this chapter a manuscript has been prepared, submitted
and published in Nature Medicine (Buergel, Steinfeldt, Ruyoga, et al. 2022). The published
manuscript was written and prepared by Thore Buergel, Dr. Jakob Steinfeldt, Professor
Roland Eils and Professor Ulf Landmesser. Details on the individual author’s contributions
to the publication are presented in the published manuscript.

5.1 Experimental Setup

This experiment presents a novel neural network-based risk model to exploit the potential of
Proton Nuclear Magnetic Resonance (1H-NMR)-based blood profiling as a single-domain
assay to simultaneously predict multi-disease onset. Specifically, a deep residual multi-task
neural network, the Metabolomic State Model (see section 2.6.2 on page 68), is developed,
trained, and validated to simultaneously learn disease-specific metabolomic states for 24
conditions, including common metabolic, vascular, respiratory, musculoskeletal and neuro-
logical disorders and cancers (figure 5.1 on the facing page). The scalar metabolomic states,
contained in a 24-dimensional vector, were derived from 168 circulating metabolomic mark-
ers measured in 120,000 individuals in the UK Biobank population cohort (Bycroft et al.
2018). The learned metabolomic states were subsequently investigated by integration in
Cox Proportional Hazards (CPH) models, assessing the risk for individual endpoints and
demonstrating that information gained through 1H-NMR metabolomic profiling is additive
to known clinical predictors. This analysis was replicated in four independent cohorts, the
Whitehall 11 cohort (Marmot and Brunner 2005), the Rotterdam Study (M.K. Ikram et al.
2006), the Leiden Longevity Study (Schoenmaker et al. 2006), and the PROspective Study of
Pravastatin in the Elderly at Risk (Shepherd, Blauw, Murphy, Cobbe, et al. 1999; Shepherd,
Blauw, Murphy, and Gaw 2002) (figure 5.1 on the next page, section 3 on page 73), and the
metabolomic states were investigated for their clinical utility. Similarly to the experiment
described in section 4 on page 87, the metabolomic state model was developed and trained
in 22-fold spatial cross-validation over the recruitment centers of the UK Biobank cohort
(see section 3.2.6 on page 81). Further relying on the spatial separation, the predictions
of the metabolomic state model were subsequently integrated in endpoint-specific survival
models to scrutinize the information in the metabolomic states against clinical predictors.

Subsequently, predictions of the survival models were aggregated for downstream analysis.

In summary, the experimental approach involved four steps: first, the information of the

1H-NMR metabolomic profile on disease risk was investigated by assessing the stratifica-

102



5.1 Experimental Setup

a
= Risk model
—@ NMR Risk estimate
. 24 scalar values
Metabolomics N L8 -
i — - o — individually summarizing
quantitative assay of % disease risk
Single blood draw 168 circulating metabolites
b
Whitehall Il —
% Cohort Application of Survival Analysis
(N=6,117) Metabolomic State Model per Endpoint
Rotterdam Clinical
Study
% (N=2,949)_’ Predictors CoxPH(X)
Leiden Longevity NMR _ 1 _, Benchmarking
% Study Metabolomics CoxPH(X,0) per Endpoint
(N =1,655)
Trained Metabolomic CoxPH(O)
PROSPER
Cohort State Model
(N =960)
[ Diagnoses ﬁ'u';fés? Inflammation Medication
Demography Familial | Physical elabolsm
tI&Lifester HIStOK L Il\/leasurements Lipids IKidney Liver L IBlOOd Counts L
Age+Sex | |®
AscvD @@ |® [ e @ a
FINDRISK
CAIDE
PANEL HE SO EEEEEEEETS
QX DL 20T BB X0 QEEDLTTDT PLLLOFTLLYYECSEEELEEL QLS Y
2835558 8885255555838 e fF888ETS33582TESS
CEQG>L oS =02 RYT L 5828 =SE25588332888o3838 0
E=2 7 288 o8> 8383383 2TFFH 5 25O 2o g33E§
n S g o600 %TE D& 0 o o >0 L5 2 c & o 2 2B ¢ o7 g &
£ T 2= c T E £ cccF o 2 & & o S5S5c 62 2 5 oL
09 @ fNNZ=o 3 T 5 OO0 2 3 S & =2 2002 PT 33 g
S o f oo e € 9o = T T F 5 2 3 0S8 2338 ¢
< 23 o_a.-c‘“o 8 o w33 EEg X0 S p O 2
EEzpprg>g @532 EEs g3 3 ©za%
T - 17 o F £ < 35 r > 3 c &I &
oz k] S g 22 ot 838 &
my E 5 5 ¢ < =t
> £ o T Q
2 8 < 2 g
73 =g
< 3
c
©
[
=

Figure 5.1: Overview of the experimental setup. a, Based on a single blood draw and 1H-NMR Metabolomics profiling,
the metabolomic state model estimates metabolomic states summarizing disease risks for 24 common disease endpoints. For
model development the eligible UK Biobank population (with IH-NMR blood metabolomics and valid consent) was split
into train, validation, and test sets in 22-fold nested cross-validation based on the assigned UK Biobank assessment center as
described in section 3.2.6 on page 81. b, The Metabolomic State Model was externally validated in four independent cohorts,
the Whitehall II Cohort and three cohorts from the BBMRI-NL consortium, the Rotterdam Study, the Leiden Longevity
Study, and the PROSPER cohort. ¢, Overview of the clinical predictor sets considered in this experiment. Predictors originate
from scores commonly applied in primary prevention. Additionally, variables are integrated into a comprehensive predictor
set (PANEL) to investigate overlapping information with the metabolomic state. A full list of clinical predictors and their
utilization in the different predictor sets is provided in table 3.1 on page 77.
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tion of event rates and ten-year discriminative performances of the metabolomic states; next,
the additive information of the metabolomic states over clinical predictors was explored, by
scrutinizing the models against conventional clinical predictors and calculating adjusted risk
trajectories in both the UK Biobank and the external validation cohorts; third, followed an
assessment of the clinical utility of metabolomic state additions over clinical predictors, and
fourth, metabolomic profiles associated with high risk for specific endpoints were closely
investigated, both on the population as well as on the individual level.

5.2 Characteristics of the study population

The metabolomic state model was developed on a subset of the UK Biobank cohort with
Proton Nuclear Magnetic Resonance (1H-NMR) metabolomic measurements, representing
a sample of the UK general population (Bycroft et al. 2018) (see section 3.1.1 on page 74).
In total, clinical predictors and disease endpoints for 117,981 individuals with serum 1H-
NMR profiling at the time of cohort recruitment (see section 3.2.3 on page 79, table 3.3 on
page 83, table 3.1 on page 77, and table 2 on page 245) were extracted. The study population
had a median age of 58 (IQR 50, 63) years; 54.2 % were female, 11 % current smokers, and
5.2 % were diagnosed with type-2 diabetes (table 5.1). The median BMI was 26.8 (IQR
24.2, 29.9), systolic blood pressure was 136 (IQR 124, 149) mmHg, total cholesterol was
5.65 (IQR 4.90, 6.42) mmol/l and glucose was 4.93 (IQR 4.60, 5.32) mmol/l. The median

follow-up time was 12.2 years with ~1,435,340 overall patient-years.

Table 5.1: Summary statistics of the study population. Reported are medians (IQR) and absolute counts (%).

Male Female Overall
N =154,078 N =63,903 N=117,981
Age at Recruitment 58 (50, 64) 57 (50, 63) 58 (50, 63)
Education years 15.00 (11.00, | 13.00 (11.00, | 13.00 (11.00,
15.00) 15.00) 15.00)
Current Smoker 6,724 (12%) 5,747 (9.0%) 12,471 (11%)

Daily Alcohol Intake 13,651 (25%) 10,191 (16%) 23,842 (20%)
Daily Moderate to Vigorous Physical Activity 50 (15, 105) 45 (10, 90) 45 (10, 90)
Daily Healthy Food 52,974 (98%) 63,290 (99%) 116,264 (99%)

Family History Diabetes 8,827 (16%) 11,266 (18%) 20,093 (17%)
Type 2 Diabetes 3,882 (7.2%) 2,295 (3.6%) 6,177 (5.2%)
Weight (kg) 84 (76, 94) 69 (62, 79) 76 (66, 88)

Standing Height (cm)

176 (171, 180)

162 (158, 167)

168 (162, 175)

BMI

27.3(25.0, 30.1)

26.1(23.5,29.7)

26.8 (24.2,29.9)

Waist-Hip-Ratio

0.93 (0.89, 0.98)

0.81 (0.7, 0.86)

0.87 (0.80, 0.94)

Waist Circumference (cm)

96 (89, 103)

83 (76, 92)

90 (80, 99)
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5.2 Characteristics of the study population

Table 5.1 continued from previous page

Male
N =54,078

Female
N =63,903

Overall
N=117,981

Systolic Blood Pressure (mmHg)

139 (128, 152)

133 (121, 147)

136 (124, 149)

Total Cholesterol (mmol/L)

5.45 (4.70, 6.21)

5.80 (5.07, 6.58)

5.65 (4.90, 6.42)

LDL Cholesterol (mmol/L)

3.46 (2.87, 4.05)

3.56 (3.00, 4.17)

3.52(2.94,4.12)

HDL Cholesterol (mmol/L)

1.24 (1.06, 1.45)

1.55(1.32, 1.82)

1.40 (1.17, 1.67)

Triglycerides (mmol/L)

1.69 (1.18, 2.44)

1.33 (0.96, 1.89)

1.48 (1.04, 2.14)

Glucose (mmol/L)

4.96 (4.61,5.37)

4.91 (4.59, 5.28)

4.93 (4.60, 5.32)

Glycated Hemoglobin (%)

35.3(32.8, 38.1)

35.2(32.7,37.7)

35.2(32.8,37.9)

Creatinine (umol/L)

80 (72, 88)

63 (57, 70)

70 (61, 81)

Cystatin C (mg/L) 0.92 (0.84, 1.01) 0.86 (0.78, 0.95) 0.88 (0.80, 0.98)
Urea (mmol/L) 5.45 (4.68,6.33) 5.10 (4.33,5.95) 5.26 (4.49,6.13)
Urate (umol/L) 350 (305, 399) 264 (225, 309) 303 (250, 361)
Aspartate Aminotransferase (U/L) 26 (23,31) 23 (20, 27) 24 (21,29)
Alanine Aminotransferase (U/L) 24 (18, 32) 18 (14, 23) 20 (15,27)
Alkaline Phosphatase (U/L) 79 (67, 93) 82 (67, 98) 80 (67, 96)

Albumin (g/L)

45.52 (43.80,
47.24)

44.91 (4321,
46.63)

4520 (4347,
46.93)

C-Reactive Protein (mg/L)

1.29 (0.67, 2.55)

1.38 (0.65, 2.95)

1.33 (0.66, 2.76)

Erythrocytes (1012 cells/L)

4.74 (4.51,4.98)

432 (4.10, 4.54)

4.50 (4.23,4.79)

Leucocytes (109 cells/L)

6.68 (5.66, 7.89)

6.61 (5.60, 7.81)

6.64 (5.62, 7.85)

Platelets (109 cells/L)

234 (202, 269)

261 (226, 301)

248 (214, 287)

Haemoglobin (g/dL)

1500 (1437,
15.64)

13.50 (1290,
14.10)

1415 (1331,
15.02)

Haematocrit (%)

433 (41.4,452)

39.2(37.5, 41.0)

41.0 (38.7,43.5)

Mean Corpuscular Volume (fl)

91.4 (88.8, 94.1)

91.1(88.4, 93.7)

91.2 (88.6, 93.9)

Mean Corpuscular Haemaglobin (pg)

31.69  (30.70,
32.70)

3137 (30.33,
32.37)

3150 (30.50,
32.50)

Mean Corpuscular Haemaglobin (g/dL)

3460  (34.00,
35.22)

3436 (33.80,
35.00)

3448 (33.90,
35.10)

Antihypertensives

1,090 (2.0%)

680 (1.1%)

1,770 (1.5%)

For validation, four independent cohorts with the same Proton Nuclear Magnetic Res-
onance (1H-NMR) metabolomics assay were analyzed, the Whitehall II cohort (Marmot
and Brunner 2005), the Rotterdam Study (M.K. Ikram et al. 2006), the Leiden Longevity
Study (Schoenmaker et al. 2006), and the PROspective Study of Pravastatin in the Elderly at
Risk (Shepherd, Blauw, Murphy, Cobbe, et al. 1999; Shepherd, Blauw, Murphy, and Gaw
2002). The Whitehall II cohort is an ongoing prospective cohort study, including 1H-NMR
metabolomic measurements for 6,197 participants aged between 44 and 69 years (Marmot
and Brunner 2005). The Rotterdam Study is a prospective, population-based cohort study
including individuals recruited in the Ommoord district in Rotterdam (Netherlands). The
study offers IH-NMR metabolomic measurements for 2,949 participants with a median
age of 74 years (IQR 70-79) (M.K. Ikram et al. 2006). The Leiden Longevity PAROFFS
Study (LLS) comprises offsprings and spouses of long-lived individuals, with 1H-NMR
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5 Metabolomic profiles predict individual multi-disease outcomes

metabolomics measurements for 1,655 individuals with a mean age of 59 years (IQR 54-63)
(Schoenmaker et al. 2006). Finally, the PROspective Study of Pravastatin in the Elderly at
Risk (PROSPER) was set up as a clinical trial to investigate pravastatin effects (Shepherd,
Blauw, Murphy, Cobbe, et al. 1999; Shepherd, Blauw, Murphy, and Gaw 2002). Of the re-
cruited population, 960 samples with a median age of 76 years (IQR 73-78) are included in
the BBMRI-NL platform. Detailed characteristics of the four replication cohorts are given
in section 3 on page 73, and a comparison between the cohorts is presented in table 1 on

page 236.

5.3 The metabolomic state is associated with event rates and

stratifies the population according to disease risk

A critical component of prevention is identifying individuals at high risk of developing a
disease, often at an early subclinical stage. The first step was, therefore, to investigate the
ability of the 1H-NMR-derived metabolomic states to stratify the population by observed
incident event rates in the observation period (figure 5.3). Further, to allow a comparison
between the endpoints despite the large differences in observed event rates (e.g., Parkin-
son’s disease: 0.6 %, Major Adverse Cardiac Events (MACE): 8.7 %), the observed event
rate ratio (OR) between the individuals in the top and bottom 10 % of metabolomic states
(figure 5.3, table 5 on page 290) was additionally calculated including 95 % confidence in-
tervals (table 5 on page 290.

All endpoints, except breast cancer, displayed increasing event rates over the metabolomic
state percentiles indicating stratification performance. For 15 of the 24 endpoints (62.5 %),
the event rate in the top 10 % was >5-times higher than in the bottom 10 % of the metabolomic
state (see Figure 2). For a few conditions, such as type-2 diabetes (Top 10 %: 21.87 %, Bot-
tom 10 %: 0.36 %, OR: 61.45, 95 % CI: 47, 86.12), abdominal aortic aneurysm (Top 10 %:
2.46 %, Bottom 10 %: 0.18 %, OR: 14.1 95 % CI: 9.93, 24.45) and heart failure (Top 10 %:
10.80 %, Bottom 10 %: 0.96 %, OR: 11.27, 95 % CI: 9.43, 13.5) the ratio was more than 10.
However, the ratios for most other diseases were lower, e.g., cerebral stroke: 9.66 (95 %
CI: 7.64, 12.14), MACE 9.25 (95 % CI: 8.12, 10.53), atrial fibrillation: 8.13 (95 % CI: 6.95,
9.37), all-cause dementia 6.39 (95 % CI: 5.4, 8.09) or COPD 4.98 (95 % CI: 4.37, 5.62). On
the other end, for a few diseases e.g., glaucoma (Top 10 %: 3.47 %, Bottom 10 %: 1.57 %,
OR: 2.19, 95 % CI: 1.91, 2.62) or asthma (Top 10 %: 5.52 %, Bottom 10 %: 2.48 %, OR:
2.22, 95 % CI: 2.01, 2.57), ratios were much smaller suggesting the metabolomic state to

106



5.3 The metabolomic state is associated with event rates and stratifies the population

according to disease risk

provide less information on disease onset.

These observations were further reflected in the cumulative event trajectories, where the
metabolomic state separated trajectories for the bottom, median, and top 10 % of metabolomic
states for all endpoints except breast cancer (see figure 5.3 on the preceding page). Cumula-
tive event rates were separated most notably for type-2 diabetes, renal disease, and heart fail-
ure but also to a much lesser extent for glaucoma or asthma. In summary, the metabolomic
state contained stratifying information for 23 of 24 diseases, most notably for conditions

with a known metabolic or cardiovascular contribution.
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Figure 5.2: The metabolomic state is associated with observed event rates and stratifies survival.
observed event frequencies for incident disease onset plotted against the metabolomic state percentiles over the entire study
population for all 24 endpoints. A higher metabolomic state is associated with increased observed event rates across all
investigated endpoints but breast cancer. b, Displayed are cumulative event rates over the observation time for all assessed
endpoints, stratified by metabolomic state quantiles (light blue: bottom 10 %, blue: median 10 %, dark blue: top 10 %).
Stratification by metabolomic state yields separated risk trajectories for all endpoints but breast cancer. Major Adverse Cardiac
Events (MACE), Coronary Heart Disease (CHD), Peripheral Artery Disease (PAD), Abdominal Aortic Aneurysm (AAA),
Chronic Obstructive Pulmonary Disease (COPD).
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5.4 The metabolomic state shares information with common clinical predictors

5.4 The metabolomic state shares information with common clinical

predictors

Many clinical predictors are readily available in primary care and commonly used to stratify
the risk of common diseases, such as cardiovascular disease (Conroy 2003; Goffet al. 2014),
kidney disease (Velde et al. 2009), dementia (Kivipelto et al. 2006) or diabetes (Lindstrom
and Tuomilehto 2003). While risk scores involving more complex predictors have been
proposed (Khera, Chaffin, Aragam, et al. 2018; Marsh, Janes, and Pepe 2020), the trade-
off between the added predictive information and the resources in time and cost required
to collect the new data has limited clinical adoption (C. Huang et al. 2021). Thus, the pre-
dictive information of the relatively affordable and standardized NMR metabolomics assay
was scrutinized against common clinical predictors in both the UK Biobank and four inde-

pendent validation cohorts.

First, disease risk was modeled for each endpoint in the UK Biobank using Cox Propor-
tional Hazards (CPH) models for three clinical predictor sets with increasing complexity:
Age+Sex, highly predictive and available ahead of any test, ASCVD, a set of readily avail-
able cardiovascular predictors, and PANEL a comprehensive selection of clinical predic-
tors including in-depth blood measurements (see figure 5.1 on page 103) exceeding what is
typically available in primary care. For all sets, the performance of the CPH models was
benchmarked against CPH models based on the sets’ combinations with the Metabolomic
State (MET). The discriminative performances in terms of Harrell’s C-Index of all mod-
els ten years after baseline are displayed in figure 5.3 on the next page. Subsequently, to
externally validate the metabolomic states, the trained metabolomic state model was trans-
ferred and applied to the external validation cohorts. This was followed by a replication
of the CPH models with and without metabolomic state addition for the Age+Sex predic-
tor set for all endpoints available. The external validation results are displayed in figure 6
on page 208. The discriminative performance of the metabolomic state (MET) was highly
disease dependent: while the metabolomic state contained significantly less predictive infor-
mation than the clinical predictors for cataracts, glaucomas, skin, colon, rectal, and prostate
cancers, this was not the case for renal disease, liver disease, and type-2 diabetes. Here, the
metabolomic state contained a greater predictive value than Age+Sex and even ASCVD.
Generally, the discriminative performance improved upon the addition of more comprehen-
sive clinical predictors systematically across all endpoints. Further, the model performances
were stable over different age groups, biological sexes, and ethnic backgrounds (see figure 7

on page 209). Details on the absolute discriminatory performances for all models trained and
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Figure 5.3: Predictive value of the metabolomic state is endpoint dependent. a, Displayed are discriminative performances
in terms of C-index of the Cox Proportional Hazards (CPH) models trained on the metabolomic state only (MET), the three
clinical predictor sets (Age+Sex, ASCVD, and PANEL) and the sets’ combinations with the metabolomic state. The horizontal
dashed lines indicate the median performance of the three clinical predictor sets. Whiskers indicate the 95 % Confidence
Interval (CI) determined by bootstrapping over 1000 iterations. b, Displayed are pair-wise differences in discriminative
performance between the Age+Sex baseline (gray dashed line), the metabolomic state only (blue), and the combination of
Age+Sex and the metabolomic state (orange). The metabolomic state in isolation outperforms the Age+Sex baseline for
6 of 24 endpoints, while its addition to the baseline set improves discriminative performance for 18 of 24 endpoints. ¢,
Displayed are differences in discriminative performance between the ASCVD predictors (grey dashed line), the combination
of Age+Sex and the metabolomic state (orange), and the combination of the metabolomic state and the ASCVD predictors
(red). Age+Sex+MET performs better than or equal to the ASCVD set for 15 endpoints. The addition of the metabolomic state
to ASCVD improves the performance of type-2 diabetes dramatically. d, Discriminative performance differences between
the comprehensive PANEL predictors (dashed line), the ASCVD+MET (red), and the PANEL+MET (black). E.g., all-cause
dementia and type-2 diabetes addition of the metabolomic state results in a clear benefit in discrimination over the PANEL.
b-d, All performances are reported as medians (dots), and whiskers extend to the 95 % CI as estimated by bootstrapping over
1000 iterations. Note that the x-axis range differs across panels; the vertical grid lines indicate differences of 0.02 C-Index.
Major Adverse Cardiac Events (MACE), Coronary Heart Disease (CHD), Peripheral Artery Disease (PAD), Abdominal Aortic
Aneurysm (AAA), Chronic Obstructive Pulmonary Disease (COPD).
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5.4 The metabolomic state shares information with common clinical predictors

the direct model comparisons in the UK Biobank cohort are provided in table 6 on page 291

and table 7 on page 292.

Next, the predictive value of the metabolomic state and the combination of the metabolomic
state with clinical predictors was compared directly by calculating C-index deltas between
pairs of models for the same endpoint (figure 5.3 on the facing page). In this direct compar-
ison, CPH models fit on solely the metabolomic state (MET) performed competitively or
better than Age+Sex for 10 of the 24 endpoints, including type-2 diabetes and COPD, but
also heart failure, liver disease, and renal disease (figure 5.3 on the preceding page). This
competitive performance compared to Age+Sex was validated in external cohorts for type-
2 diabetes, COPD, heart failure, CHD, and all-cause dementia (see figure 6 on page 208,
table 8 on page 303).

Interestingly, CPH models fit on the combination of the metabolomic state with Age+Sex
(Age+Sex+MET) performed comparably to or better than the ASCVD predictors for 15 of
the 24 endpoints, including type-2 diabetes, liver disease, renal disease, heart failure, ve-
nous thrombosis, and dementia (figure 5.3 on the facing page). Further, the comprehensive
PANEL score generally contained the most predictive information. Nevertheless, perfor-
mance gains over the combinations of ASCVD and the metabolomic state and Age+Sex and
the metabolomic state were only modest (figure 5.3 on the preceding page). To exclude dif-
ferences in model complexity as a determinant for performance, the complex metabolomic
state model architecture was additionally trained on the predictors of the PANEL set (fig-
ure 8 on page 210). Here, no systematic performance improvements were noticeable, indi-
cating the performance differences to be driven by the information in the NMR metabolomic
profiles. Further, the metabolomic state model outperformed endpoint-specific linear mod-
els and linear models trained on principal components, demonstrating its ability to retrieve
information from shared metabolite profiles while retaining flexibility in fitting endpoint-

specific variations (see figure 9 on page 211).

In summary, these findings indicate the metabolomic state to contain substantial predic-
tive information, shared in part with comprehensive clinical predictors. This suggests the
potential of metabolomic states to augment simple demographic predictors such as age and
biological sex and add clinically relevant information for many common diseases simulta-

neously.
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5.5 The metabolomic state adds predictive value over clinical

variables

Besides investigating the shared information, quantifying the additive predictive value over
readily available clinical variables is crucial to determining the clinical utility of a novel
predictor. Therefore, the NMR metabolomics assay variables were first directly compared
with the predictors of the PANEL set. Apart from shared measures such as glucose, albumin,
or creatinine, lipids, and creatinine/cystatin ¢, no strong correlations (| » |> 0.5) between
predictors in the PANEL set and variables from the NMR metabolomics assay were notice-
able (see table ?? on page ??). Further, an assessment of the aggregated coefficients of the
CPH models trained on the PANEL predictor set revealed basic demographic information,
medical history, and physical measurements to provide the most predictive information over

all endpoints (see table 11 on page 313).

Consequently, the performance differences between the CPH models’ fit on clinical pre-
dictors and those with the added metabolomic state (see table 8 on page 303) were assessed
next. In the UK Biobank, the metabolomic state significantly added predictive informa-
tion over age and sex for 18 of the 24 endpoints; 6 endpoints, those with a comparably low
predictive value of the metabolomics state, such as Parkinson’s disease, skin cancer, colon
cancer, rectal cancer, glaucoma, and cataracts did not benefit from metabolomic state addi-
tion. A replication of the analysis in the four external validation cohorts confirmed signif-
icant discriminative improvements over Age+Sex for coronary heart disease, heart failure,
atrial fibrillation, type-2 diabetes, and COPD. Detailed results are presented in figure 6 on
page 208. Specifics on the characteristics of the external validation cohorts are presented
in table 1 on page 236. The addition of the metabolomic state to the cardiovascular pre-
dictors from the ASCVD set further significantly improved discriminative performance for
15 of the 24 endpoints (figure 5.3 on page 110). Even when added to the comprehensive
PANEL set, the metabolomic state provided significant additional discriminatory value for
8 of the 24 endpoints (figure 5.3 on page 110), in terms of the C-index, including type-2
diabetes (+0.009, 95 % CI: +0.007, +0.012), dementia (+0.005, 95 % CI: +0.000, +0.009),
heart failure (+0.005, 95 % CI: +0.003, +0.007), COPD (+0.005, 95 % CI: +0.003, +0.006),
renal disease (+0.004, 95 % CI: +0.002, +0.005), coronary heart disease (+0.003, 95 % CI:
+0.001, +0.004) and MACE (+0.002, 95 % CI: +0.000, +0.004).

The development of the CPH models allowed for a calculation of adjusted hazard ratios

and partial effects of the metabolomic state under consideration of established clinical pre-
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dictors. Partial effects and hazard ratios (HR, per SD metabolomic state, with 95 % CI)
for combinations of the metabolomic state with the predictor sets Age+Sex, ASCVD, and
PANEL for the 18 endpoints with discrimination benefits over Age+Sex set are presented
in figure 5.4 on the next page. A separation between the top, median, and bottom 10 % of
metabolomic states was notable for 14 of the 18 endpoints when adjusted for more compre-
hensive clinical predictors. A change of one standard deviation in the metabolomic state for
type-2 diabetes resulted in substantial adjusted HRs (HR p 5 gex: 3.83 (95 % CI: 3.71-4.01),
HRpsngL: 2.5 (95 % CI: 2.34-2.67)), which were replicated with adjustment for Age+Sex
in the independent cohorts (see figure 6 on page 208). Other investigated endpoints such as
all-cause dementia (HR ggeigex: 1.56 (95 % CI:1.54-1.72), HRppnpr: 1.46 (95 % CI: 1.43-
1.47)), heart failure (HR ygei5ex: 1.8 (95 % CI: 1.74-1.86), HRpyngr: 1.45 (95 % CI: 1.38-
1.52)), COPD (HR pgeisext 1.56 (95 % CI: 1.53-1.6), HRppngr: 1.35 (95 % CI: 1.31-1.39))
or MACE (HR g 5ex: 1.63 (95 % CI: 1.58-1.69), HRpsngr: 1.4 (95 % CI: 1.33-1.46)) show
less pronounced, yet clear separation of the risk trajectories. As for type-2 diabetes, the HRs
of the metabolomic states were externally validated with adjustment for Age+Sex for all-
cause dementia, heart failure, atrial fibrillation, CHD, and COPD (see figure 6 on page 208).
In contrast, the metabolomic state only marginally modified the risk trajectories for diseases
such as asthma (HR pyergex: 1.37 (95 % CI: 1.3-1.44), HRppng: 1.09 (95 % CI: 1.03-1.16))
and cataract (HR y e gex: 1.22 (95 % CI: 1.18-1.25), HRppngp: 1.08 (95 % CI: 1.05-1.11)).

The findings indicate that the metabolomic state adds significant predictive information
over basic and comprehensive clinical predictors for many common diseases. A replication
of the findings in four independent cohorts confirms the substantial detrimental role of ad-

verse metabolomic profiles on the risk of incident disease onset.
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Figure 5.4: Adjusted effect of the metabolomic state is endpoint dependent. a, Adjusted trajectories representing the
partial cumulative risk dependent on the metabolomic state over time for the endpoints where the metabolomic state added
information to the Age+Sex baseline (see figure 5.3 on page 110) for the bottom (light blue), median (blue) and top (dark blue)
10 % metabolomic state quantiles. The shaded area indicates the 95 % confidence interval as estimated by bootstrapping over
1000 iterations. b, Adjusted Hazard Ratio (HR) for the metabolomic state in combination with the three clinical predictor sets.
A unit standard deviation increase in the metabolomic state corresponds to a HR increase in predicted risk. Adjustment for
increasing complex clinical predictors generally decreases the HRs, however, for endpoints where the metabolomic state has a
high predictive value (see figure 5.3 on page 110), e.g. type-2 diabetes the HRs remain high even after exhaustive adjustment
with comprehensive clinical predictors. The 95 % confidence interval is indicated and estimated by bootstrapping over 1000
iterations.

114



5.6 Discriminative performance translates into potential clinical utility

5.6 Discriminative performance translates into potential clinical

utility

While discrimination and additive performance are critical, the clinical utility of any risk
model depends on calibration and the choice of adequate thresholds for interventions. All
models were found to be well-calibrated in the UK Biobank cohort (see figure 5.5 on page 117
and figure 10 on page 218 for details on all endpoints). The large sample size and close
follow-up allowed an assessment of the clinical utility over a wide range of clinically rea-
sonable intervention thresholds. However, adequate clinical decision thresholds depend on
interventions’ benefits and harms and disease prevalence. Therefore, decision curve anal-
ysis (Vickers, Calster, and Steyerberg 2019; Vickers, Van Calster, and Steyerberg 2016)
(see section 2.4.4 on page 62) was performed to estimate the benefit of including the NMR
metabolomic assay into the predictor set for clinical risk modeling (again, see figure 5.5 on
page 117 and figure 10 on page 218 for details on all endpoints). Further, clinically-relevant
metrics, such as the sensitivity, positive predictive value, and the positive likelihood ratio

over multiple false-positive rates, were calculated additionally (see table 12 on page 314).

Specifically, the metabolomic state was assessed in two scenarios: First, in combina-
tion with Age+Sex and with the less resource-intensive, non-laboratory predictors of the
PANEL set as a potentially economical and practical option; and second, in combination
with the entire PANEL set (including all laboratory predictors), to assess whether the pos-
sibility of a net benefit even beyond comprehensive predictors. Generally, previously ob-
served discriminative gains (figure 5.3 on page 110) translated into utility gains (figure 5.5
on page 117 and figure 10 on page 218 for details on all endpoints). For most endpoints,
the metabolomic state substantially added to age and sex, and the inclusion of additional
non-laboratory predictors of the PANEL set either closed (12 of the 24 endpoints, including
type-2 diabetes, stroke, heart failure, and lung cancer) or narrowed the gap (an additional 4
of the 24 endpoints, including dementia, atrial fibrillation, and renal disease) to the complete
comprehensive set of PANEL predictors. A direct combination of the metabolomic state and
the PANEL predictors further improved the utility for 11 of the 24 endpoints (most notably
type-2 diabetes, heart failure, and dementia, see figure 10 on page 218 for details on all end-
points, figure 11 on page 219 for additional analyses investigating APOFE4 carrier status for
dementia). Contrariwise, if there were no discriminatory value improvements, no relevant
clinical utility improvements could be found. These observations were directly reflected in

the positive predictive values and the positive likelihood ratios (table 12 on page 314).
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In summary, these findings demonstrate that combinations of the metabolomic state with
both, easily obtainable and extensive clinical predictors, bear the potential of delivering not
only discriminative improvements but also clinical utility over clinically relevant decision
thresholds.
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Figure 5.5: Model calibration and additive predictive value of the metabolomic state translate to potential clinical
utility. a-c, Displayed are calibration curves for Cox Proportional Hazards (CPH) models trained on the three clinical predictor
sets AgeSex, ASCVD, and PANEL as well as their extensions with the metabolomic state (i.e., AgeSex+MET) for three
endpoints, (a) type-2 diabetes, (b) dementia and (c) heart failure. All models are well-calibrated. d-f, Displayed are net
benefit curves for the same three endpoints, standardized by the endpoint’s prevalence. The horizontal solid gray line indicates
treat none, and the vertical solid gray line indicates freat all. The standardized net benefit of AgeSex (gray line), ASCVD
(dashed dark gray line), and the PANEL set (dotted black line) are compared to AgeSex+MET (green line) and additional
non-laboratory predictors of the PANEL (PANELnoLaboratory, blue line). The green colored area indicates the added benefit
of the metabolomic state addition over AgeSex, while the blue alpha indicates added performance over PANELnoLaboratory,
respectively. g-i, The same standardized net benefit curves comparing the performance of PANEL+MET (solid black line)
against all baselines: AgeSex (gray line), ASCVD (dashed dark gray line), and the PANEL set (dotted black line).
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5.7 Identification of disease-specific metabolite profiles

A requirement for the adoption of neural networks in medicine is explainability (Gilpin et
al. 2018; Molnar 2022). SHapley Additive exPlanations (SHAP) is a post-hoc attribution
method informing on the importance of individual input variables for a given prediction
(Lundberg 2022; Lundberg and S.-I1. Lee 2017). Thus, applied to the metabolomic state
model, informs on which metabolites most affect disease risk. Generally, the larger the ab-
solute SHAP value, the more important a metabolite is for an individual prediction. Based
on the direction of the effect of a metabolite’s contribution, increasing or decreasing the pre-

dicted risk, the SHAP value can take positive or negative values (see section 2.5 on page 64).

First, to understand the role of individual metabolites over the disease spectrum, abso-
lute SHAP values were calculated per metabolite and disease (figure 5.6 on the next page,
figure 12 on page 220). Most of the high-impact metabolites were linked to multiple dis-
eases: Plasma levels of metabolites with consistently high contribution included the amino
acids glutamine, glycine, and tyrosine, metabolites related to carbohydrate metabolism, al-
bumin, the kidney function marker creatinine, Glycoprotein Acetylation (GlycA), and the
ketone bodies acetone and acetoacetate. An important role was further implied for fatty acids
such as Ainoleic Acid (LA) and multiple lipoprotein components, including free cholesterol
in very large HDL, triglycerides in large LDL, phospholipids in small LDL, and sphin-
gomyelins. Beyond the shared metabolite profiles between diseases, marked associations
were notable between creatinine and abdominal aortic aneurysm, glucose and type-2 di-
abetes, as well as between Glycoprotein Acetylation (GlycA) and both lung cancer and
chronic obstructive pulmonary disease (COPD). Notably, for diseases with a strong discrim-
inatory value of the metabolomic state (e.g., type-2 diabetes), the predicted metabolite con-
tributions were considerably higher than for diseases with less discriminatory metabolomic

information (figure 5.6 on the next page).

The two diseases with the strongest metabolic contributions over the comprehensive clini-
cal predictors and indications of clinical utility (see above), type-2 diabetes (figure 5.6 on the
facing page) and all-cause dementia (figure 5.6 on the next page), were further investigated
for individual metabolomic profiles. For the prediction of metabolomic state for type-2 dia-
betes, metabolites related to carbohydrate metabolisms, such as glucose and lactate, showed
the highest importance for the metabolomic state model (figure 5.6 on the facing page). Fur-
ther, metabolites such as amino acids, ketone bodies, lipids, fatty acids, and creatinine and

albumin displayed high relevance, all in line with earlier findings (Mahendran, Cederberg,
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Figure 5.6: Introspection of the metabolomic state informs on metabolite profiles associated with disease risk. a, Dis-
played is a heatmap of metabolite importances, quantified by the absolute global SHAP value estimates per endpoint for
the 75 globally most important metabolites. Important metabolites are often relevant for multiple diseases. The endpoints
are sorted by the discriminative performance of the metabolomic state (left to right, see figure 5.3 on page 110). Generally,
the more predictive the metabolomic state, the higher the absolute attributed metabolite importances. b, Displayed is the
global metabolite attribution profile for type-2 diabetes. Individual attributions are aggregated by percentiles, where each dot
represents one percentile. The more distant a dot from the circular baseline, the stronger the absolute attribution for the per-
centile. Deviations towards the center represent negative (protective), and deviations towards the outside represent positive
(risk-increasing) contributions to the metabolomic state. The color indicates the metabolite’s normalized mean plasma value.
Glycolysis-related metabolites are estimated to have the highest impact, with many other metabolites contributing, such as
various amino acids, fatty acids, and lipoprotein components. ¢, Global metabolite attributions for all-cause dementia. Amino
acids, fluid balance metabolites, fatty acids, glycolysis-related metabolites, and ketone bodies contribute most to the predicted
metabolomic state.

et al. 2013; Mahendran, Vangipurapu, et al. 2013; Wiirtz, Tiainen, et al. 2012). Additionally
confirmed were the association of higher plasma levels of the fatty acids DocosaHexaenoic
Acid (DHA) and LA with lower risk (Virtanen et al. 2014; J.H. Wu et al. 2017). The ob-
served contribution of the lipid content across the whole density gradient of lipoproteins,
including a high TriGlyceride (TG) content in large and medium-sized LDL or free choles-
terol content in very small VLDL and HDL, was very distinct with notable associations
with lower risk, as well as with increased risk. For all-cause dementia, creatinine, albumin,
and the amino acids glutamine, leucine, and tyrosine were found to be predominant con-
tributors to predicted risk (figure 5.6 on the previous page). Similarly to type-2 diabetes,
observed associations were in line with earlier findings: fatty acids such as LA, Monounsat-
urated Fatty Acid (MUFA), and Saturated Fatty Acid (SFA) were associated with increased
risk, while branched-chain amino acids displayed protective effects. The findings further
implicated associations of glucose, the ketone bodies acetate, acetoacetate, acetone, and
beta-hydroxybutyrate. Finally, several lipoproteins were strongly associated, most notably
free cholesterol in very large HDL and cholesteryl ester in extremely large VLDL. Compre-
hensive data for all investigated endpoints, including the most important metabolites, can be
found in the supplements (figure 12 on page 220, table 14 on page 321). Disease-specific

attribution profiles for all assessed endpoints are provided in the figure 13 on page 233.

5.8 High-risk individuals for type-2 diabetes differ in their personal

metabolomic profiles

The computation of SHAP values enables derivation of attribution profiles for each indi-
vidual and disease, informing on the specific contribution of metabolites to individual risk.

Further, the computation of SHAP values allows the assessment of individual risk attribution
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profiles for each participant and each disease, informing on the impact of single metabolites
on a given prediction. To explore the landscape of risk attribution profiles, attribution pro-
files for type-2 diabetes were embedded in 2-dimensional Uniform Manifold Approximation
and Projection (UMAP) space and visualized along the UMAP coordinates (figure 5.7 on
the next page) (Mclnnes, Healy, and Melville 2018).

Interestingly, the UMAP space is resolved by the estimated importance of glucose. Thus
the SHAP values assigned to glucose regarding the predicted risk for type-2 diabetes (fig-
ure 5.7 on the following page). This point is further illustrated in the example of three
high-risk individuals whose attribution profiles are presented with highlighted high-impact
metabolites (SHAP € [—0.2,0.2] corresponding to the top and bottom 1 % percentiles).
While most high-risk individuals (top 1 % metabolomic state) were located at coordinates
with strong glucose attribution, high-risk individuals were scattered over the entire attribu-
tion space (figure 5.7 on the next page). Most notably, the attribution profiles of high-risk
individuals were not consistently dominated by glucose but by, for instance, low levels of
albumin, LA and DHA, histidine, and glycine (figure 5.7 on the following page). This
observation is further reflected in the 1H-NMR metabolite concentrations: here, substantial
differences between concentrations of glucose, LA, fatty acids, and triglycerides became ap-
parent when comparing individuals in the area with the most substantial glucose attribution
with individuals in two spatially distinct, high-risk UMAP regions (figure 14 on page 234).

In summary, these findings demonstrate the metabolomic state model to leverage estab-

lished metabolite-disease associations and illustrate the potential of attribution methods to

inform on the impact of single metabolites on an individual’s predicted risk.
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Figure 5.7: Individual attribution profiles diverge for high-risk individuals in type-2 diabetes. The Uniform Manifold
Approximation and Projection (UMAP) projection allows an assessment of the complex, high-dimensional manifold of attri-
bution values in 2-dimensional space. For visualization, 41 unconnected outliers of 117,981 total observations were excluded.
a, Displayed is the high-dimensional manifold of attribution values of the SHAP metabolite attributions for type-2 diabetes
in 2-dimensional UMAP space. Visualized is the entire study population. Each dot represents an individual and is colored by
the individual’s predicted metabolomic state for type-2 diabetes. b, The same 2-dimensional UMAP colored by the Glucose
SHAP value. ¢, Displayed are three individual attribution profiles for high-risk (metabolomic state > 10, top 1 % metabolomic
state percentile) individuals, indicated by the letters A, B, C in the central UMAP. The three individual attribution profiles are
dominated by different metabolites. The scale bar represents a unit in the UMAP space. The individual attribution profiles
are set up equivalently to figure 5.6 on page 119: Each point in an individual attribution profile indicates one metabolite; the
position, size, and color of the point indicate the magnitude and direction of the attributed contribution to the predicted risk.
The green and red circles represent the bounds of the top and bottom percentile of the global SHAP distribution, respectively,
indicating outliers in the SHAP global distribution.
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5.9 Discussion

A robust and accurate assessment of future disease risk is a critical component of disease
prevention. However, comprehensive risk assessment often requires the careful acquisition
of predictors, one disease at a time. In consequence, the resources (time and cost) required
for the collection can severely limit the adoption and utility (Steyerberg, Moons, et al. 2013)
for each disease-specific risk score individually. Interestingly, many common diseases in-
volve metabolic alterations, and human blood metabolomic patterns contain rich systemic
information on the underlying physiology (Ahadi et al. 2020; Deelen et al. 2019; Julkunen et
al. 2021; Nicholson et al. 2012; Pietzner et al. 2021; Schiissler-Fiorenza Rose et al. 2019).
While individual metabolites have long been linked to disease risk, systemic information
from blood metabolomics could inform on multiple diseases at once. Importantly, in recent
years, assays such as Proton Nuclear Magnetic Resonance (1H-NMR) spectroscopy have
matured and allow the retrieval of information on serum metabolites very robustly and at
comparatively low costs (Soininen et al. 2015; Wiirtz, A.J. Kangas, et al. 2017). However,
the potential of the metabolomic profile as a single-domain multi-disease assay in primary

care has not been investigated thus far.

This experiment explored the potential of NMR-derived metabolomic profiles as a tool for
individualized outcome prediction across 24 common diseases. Over 1.4 ~million person-
years of follow-up allowed a robust exploitation of the systemic information in metabolomic
profiles to derive integrative metabolomic states for many diseases simultaneously. The
metabolomic states were found to be predictive for all but one of the investigated dis-
eases, and findings were externally validated in four independent cohorts for available end-
points. Further, the predictive value beyond clinical variables was assessed, and a subset
of endpoints with potential clinical utility was identified. Finally, the experiment examined
metabolite attributions confirming a multitude of disease-associated metabolites as well as

a shared metabolomic background of common diseases.

Importantly, the predictive information of the metabolomic state matched established clin-
ical variables for multiple of the investigated endpoints. In line with previous reports on
NMR-metabolite associations, this confirms the predictivity of metabolomic profiles for
e.g., type-2 diabetes (Ahola-Olli et al. 2019), dementia (Tynkkynen et al. 2018), and car-
diovascular diseases (Deelen et al. 2019; Holmes et al. 2018; Wiirtz, A.S. Havulinna, et
al. 2015), such as coronary heart disease and heart failure (Delles et al. 2018). Generally,

the additional predictive information decreased when combined with increasingly compre-
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hensive clinical predictors. This indicated that substantial parts of the metabolomic state’s
discriminatory information were shared with established clinical predictors. Despite that,
the metabolomic state contained complementary information that added predictive value
even over comprehensive laboratory measurements for multiple endpoints, including type-
2 diabetes, all-cause dementia, and heart failure. These findings largely translate into the
potential clinical utility of NMR-based metabolomic profiling as a replacement for compre-
hensive laboratory examinations and as an additional source of discriminatory information

to refine comprehensive risk assessments.

The attributions for each individual allowed an assessment of how differences in the
metabolomic profiles affect disease risk. Here, the impact of metabolites like albumin and
creatinine was confirmed. Albumin and creatinine are two metabolites that have previously
been associated with all-cause and disease-specific mortality (Deelen et al. 2019; Fischer et
al. 2014) and are already measured in routine care (Ronit et al. 2020; Wannamethee, Shaper,
and Perry 1997). Further, the experiment confirmed multi-disease associations for Ainoleic
Acid (LA), tyrosine, glycine, and cholesteryl esters in extremely large VLDL, reinforcing
the hypothesis of systemic metabolomic information (Pietzner et al. 2021). Dissecting the
disease-specific attribution profiles for type-2 diabetes and dementia, multiple metabolite-
disease associations previously reported in the literature were observed. In the case of type-2
diabetes, associations included metabolites beyond glucose: a positive association between
high levels of glycoprotein acetyls, branched-chain amino acids, lactate, and fatty acids (Mo-
nounsaturated Fatty Acid (MUFA) and Saturated Fatty Acid (SFA)) and the predicted disease
risk, as well as protective associations with lower disease risk such as linoleic acid or glycine
(Ahola-Olli et al. 2019; Mahendran, Cederberg, et al. 2013) were discovered. For demen-
tia, associations with branched-chain amino acids, including leucine and valine, and fatty
acids, most notably LA, were replicated (S.J. v.d. Lee et al. 2018; Tynkkynen et al. 2018).
Further, on a broader disease spectrum, associations of Glycoprotein Acetylation (GlycA)
with cardiovascular disease, type-2 diabetes, COPD, and lung cancer were reflected in the
attributions (Kettunen et al. 2018; Komaromy et al. 2020). In consequence, these findings
suggest the metabolomic state capture systemic information in NMR-derived metabolomic

profiles based on established shared and highly specific metabolite-disease associations.

Further, the findings render Proton Nuclear Magnetic Resonance (1H-NMR) metabolomics
profiling an attractive candidate for a single-domain multi-disease assay to identify individ-
uals at risk and to guide interventions potentially. Since many countries already recommend

regular check-ups entailing blood tests for adults in the prevention and early detection of se-
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lected common diseases (Bundesgesundheitsministerium 2022; NHS 2022), the results of
this experiment demonstrate the predictive potential of NMR-metabolomic profiling in com-
bination with easy-to-obtain clinical predictors, including age and biological sex, but also to
refine risk trajectories in combination with comprehensive laboratory assays. Additionally,
the estimation of metabolomic risk profiles over many common diseases at once could be
of potential value for the guidance of not just pharmacological but also lifestyle interven-
tions. This is especially relevant for diseases such as type-2 diabetes, where interventions
on modifiable risk factors have been shown to delay disease onset (Pronk, Remington, and
Force* 2015) and prevent subsequent comorbidities (Haffner et al. 1998; Yusuf et al. 2004).
Similarly, the Lancet 2020 commission suggested that up to 40 % of worldwide demen-
tia may be preventable by interventions on modifiable risk factors (Livingston et al. 2017).
Here, an easily accessible parameter — below the level of, e.g., cerebrospinal fluid analysis
— could ideally serve as an argument to motivate affected persons for preventive lifestyle
adjustments (Rosenberg et al. 2018). This is particularly compelling, as today’s pharma-
cological treatment options for dementia are scarce and of only insufficient symptomatic
benefit (S.-M. Wang et al. 2021). However, the efficacy of various lifestyle interventions is
disputed (Ngandu et al. 2022; Silarova et al. 2019), calling for further experimental investi-

gation.

Before application in routine care, substantial challenges remain to be solved. While the
Proton Nuclear Magnetic Resonance (1H-NMR) assay is very robust and orders of magni-
tude cheaper thanMass-Spectrometry (MS) based alternatives, the sensitivity is lower. Also,
the current metabolite coverage is relatively narrow and lipid-focused (Soininen et al. 2015;
Wiirtz, A.J. Kangas, et al. 2017). Although the metabolite coverage is expected to be ex-
panded in the future, it presents a limitation for the clinical utility to date. Further, while the
NMR assay is by design very robust, downstream quantification from the raw NMR spectra
requires harmonization of individual measurements for the reliable application of multivari-
able prediction models. Additionally, even though the applied study population for model
development comprised almost 120 thousand individuals, the population is more healthy
and less deprived than the general UK population (Fry et al. 2017). While the external vali-
dation in the four independent cohorts indicated a general transferability of the findings, the
validation was limited by the available endpoint information. Thus, validation could only
be performed for a subset of 7 endpoints. In light of the limitations, an application of the
metabolomic state model to predict disease risk beyond the validated conditions and in spe-
cific populations outside the research context is not feasible. Ultimately, a broad roll-out of

NMR metabolomics for clinical care requires multiple logistical questions to be addressed,
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including both sample processing and transport.

Taken together, the integrated analysis of NMR-derived metabolomic profiles demon-
strates the potential of metabolomic profiles for predicting and preventing diseases such as
type-2 diabetes, heart failure, and dementia. In addition, the experiment illustrates the po-
tential of metabolomic profiling as a multi-disease assay for the personalized prevention of

many common diseases at once.
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The findings presented in this chapter include contributions by Dr. Jakob Steinfeldt and
Dr. Benjamin Wild. Specifically, Dr. Jakob Steinfeldt contributed with the mapping of the
Electronic Health Record (EHR) data to the OMOP CDM standard, and jointly with Dr.

Benjamin Wild to the implementation of the medical history model.

6.1 Experimental setup

This experiment explores the predictive potential of an individual’s medical history and
proposes a systematic approach for phenome-wide risk stratification. The experiment intro-
duces the medical history model, a deep neural network, simultaneously estimating disease
risk for 1,883 endpoints, including common and actionable metabolic, cardiovascular, res-
piratory, musculoskeletal, and neurological disorders (figure 6.1). For this experiment, the

prior medical history is defined as the entirety of routine health records before recruitment.

Birth Time of prediction

0 o o o ammm(D) ! O © O
<« History Future —»
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= |7 @ /O:,« _O:
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Health Records Machine learning

from primary and [R155% model R88

secondary care . i
Binary Phenome-wide

observation risk estimates

vector for 1,883 diseases

Figure 6.1: Utilizing individual medical histories for phenome-wide disease onset prediction. The medical history cap-
tures primary and secondary care encounters, including diagnoses, medications, and procedures (ideally) from birth. The data
is aggregated into a binary observation vector indicating if a medical code was present prior to baseline (i.e., the time point of
prediction). A multi-layer perceptron is trained on the observational data to simultaneously predict phenome-wide incident
disease onset for 1,883 endpoints.

The medical history model was developed, trained, and validated on aggregated electronic
health records from the UK Biobank cohort (Bycroft et al. 2018; Sudlow et al. 2015), and
details on the model’s architecture are presented in section 2.6.3 on page 69. Details on the
data preprocessing and aggregation are presented in section 3.2.4 on page 80. Similarly to
the experiments previously described section 4 on page 87, the metabolomic state model was
developed and trained in 22-fold spatial cross-validation over the recruitment centers of the
UK Biobank cohort (see section 3.2.6 on page 81). Subsequently, the predicted risk states
were integrated with Cox Proportional Hazards (CPH) models (Cox 1972) to scrutinize the
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phenome-wide predictive potential over simple demographic predictors (age and biologi-
cal sex), and for cardiovascular diseases over guideline-recommended scores for primary
prevention (SCORE2, ASCVD, and QRISK3) (Goff et al. 2014; Hippisley-Cox, C. Coup-
land, and Brindle 2017; SCORE2 working group and ESC Cardiovascular risk collaboration
2021). For an overview of the utilized predictors, see table 3.1 on page 77. Ultimately, the
learned phenome-wide risk states were investigated for their capability to react to emerging
health threats in the example of COVID-19. In summary, the results demonstrate the po-
tential of routine health records for the simultaneous prediction of phenome-wide disease

risk.

6.2 Characteristics of the study population

The medical history model was developed on Electronic Health Record (EHR) data of in-
dividuals of the UK Biobank cohort, representing a sample of the UK general population
(Bycroft et al. 2018) (see section 3.1.1 on page 74). In total, EHR data, clinical predictors,
and disease endpoints for 502,460 individuals were extracted. The UK Biobank cohort is
a longitudinal population cohort with relatively healthy individuals of mostly British de-
scent, with a median age of 58 (IQR 50, 63) years, 54.4 % biological females, 11 % current
smokers, and a median BMI of 26.7 (IQR 24.1, 29.9) at recruitment (see table 6.1). Individ-
uals were followed for a median of 12.6 years resulting in ~6.2M overall person-years on
1,883 phenome-wide endpoints (P. Wu et al. 2019) with more than 100 incident events (see
section 3.3.3 on page 85).

Table 6.1: Summary statistics of the study population. Reported are medians (IQR) and absolute counts (%).

Male, N = | Femalee, N = | Overall, N =
229,107 273,353 502,460
Age (years) 58 (50, 64) 57 (50, 63) 58 (50, 63)
Ethnicity Asian 5,878 (2.6%) 5,575 (2.0%) 11,453 (2.3%)
Black 3,407 (1.5%) 4,653 (1.7%) 8,060 (1.6%)
Mixed 1,105 (0.5%) 1,851 (0.7%) 2,956 (0.6%)
White 215,244 (95%) 257,413 (96%) 472,657 (95%)
Unknown 3,473 (1.5%) 3,861 (1.4%) 7,334 (1.5%)
Smoking status Current 28,607 (13%) 24,364 (9.0%) 52,971 (11%)
Previous 87,604 (38%) 85,440 (31%) 173,044 (35%)
Never 111,460 (49%) 162,037 (60%) 273,497 (55%)
Unknown 1,436 (0.6%) 1,512 (0.7%) 2,948 (0.5%)
Body Mass Index 27.3 (25.0, 30.1) 26.1(23.5,29.7) 26.7 (24.1, 29.9)
Unknown 1,646 (0.7%) 1,458 (0.6%) 3,104 (0.6%)
Systolic Blood Pres- 139 (128, 152) 133 (121, 147) 136 (124, 150)
sure (mmHg)
Unknown 13,579 (5.9%) 16,536 (6.0%) 30,115 (6.0%)
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6.3 The medical history is associated with future disease onset

The central prerequisite of clinical utility is a predictor’s ability to stratify a population by
risk for disease onset. The more accurately low- and high-risk individuals can be distin-
guished, the more effective targeted interventions, prevention, and disease diagnoses be-
come. Thus, to answer the question of whether health records contain information to iden-
tify high-risk individuals, the relationship between the estimated endpoint-specific risk states
and the risk of future disease was assessed over the entire human phenome (figure 6.2 on
page 132). First, the incident events were counted over percentile ranks of the predicted
risk states for each endpoint, and subsequently, event rate ratios between the top and bot-
tom 10 % of risk states were calculated. Importantly, the risk states predicted from health
records alone resulted in a substantial separation of event rates in the top and bottom 10 %
of risk states, reflecting a strong stratification of high and low-risk individuals for almost all
endpoints covering a broad range of disease categories and etiologies. For 1,404 of 1,883
endpoints (74.6 %), stratification by risk states resulted in >10-times more events for in-
dividuals in the top 10 % of the predicted risk states compared to the bottom 10 %. For
instance, these endpoints included rheumatoid arthritis (Ratio ~12.5), coronary heart dis-
ease (Ratio ~23), or chronic obstructive pulmonary disease (Ratio ~63). For 286 (15.1 %)
of the 1,883 conditions, including abdominal aortic aneurysm (Ratio ~212), and all-cause
death (Ratio ~107), individuals in the top 10 % suffered more than 100 times the number
of incident events compared to the bottom 10 %. In contrast, the separation between high
and low-risk individuals was smaller (Ratio less than 10) for 479 (25.4 %) endpoints, which
included hypertension (Ratio ~5.5) and anemia (Ratio ~6.9), both diagnoses often made ear-
lier in life or precursors for future comorbidities. Importantly, the ratios were greater than
1 for all 1,883 investigated endpoints, even though all models were developed in spatially
segregated assessment centers. The complete list of incident event counts over risk state
deciles is presented in table 15 on page 324, and the full list of event rate ratios for all end-

points can be found in table 16 on page 340.

In addition to the phenome-wide distribution of event rate ratios, detailed associations
between the risk percentiles and incident event ratios, as well as cumulative event rates for
up to 15 years of follow-up for the top, median, and bottom percentiles, were calculated
for a subset of 24 selected endpoints (see figure 6.2 on page 132). These endpoints include
actionable and common diseases with significant societal burdens, specific cardiovascular

conditions with pharmacological and surgical interventions, as well as additional interesting
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endpoints without any preexisting tools to stratify risk to date.

In summary, the results demonstrated that disease-specific risk states predicted from in-
dividual medical histories (i.e., EHR data) are able to capture the risk of onset for all 1,883
investigated endpoints over a wide range of disease categories and etiologies. Consequently,
routine health records contain a vast, currently unused potential for the phenome-wide risk
estimation of disease onset in the general population.
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Figure 6.2: Routine health records stratify phenome-wide disease onset. a, Event rate ratios of incident events between
the top 10 % and the bottom 10 % of the estimated risk states for each endpoint. Event rate ratios are greater than 1 for
all of the 1,883 investigated endpoints indicating the presence of relevant information in Electronic Health Record (EHR)
to predict future disease onset. b, Observed incident event frequencies plotted against risk state percentiles over the entire
study population for a selection of 24 endpoints. ¢, Cumulative event rates over the observation time for selected endpoints,
stratified by risk state quantiles (light blue: bottom 1 %, blue: median 1 %, dark blue: top 1 %). Stratification by risk state
yields separated risk trajectories. Statistical measures were derived from 502,460 individuals. Individuals with prevalent
diseases were excluded from the endpoint-specific analyses.
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6.4 Medical history yields discriminative improvements over basic

predictors

While routinely collected health records contain information that is able to stratify the pop-
ulation by disease risk, this does not prove clinical utility. Towards an application, the ex-
tracted information should ideally inform beyond ubiquitously available predictors. Thus,
the predictive information in EHR data was scrutinized against age and biological sex to
investigate clinical utility further. Specifically, the risk of disease onset was modeled for
all 1,883 endpoints using CPH models trained on age and biological sex (Age+Sex) and
age, biological sex, and the learned risk state. This allowed a direct performance compari-
son between the baseline model (Age+Sex) and the model augmented with the medical risk
state (Age+Sex+MedicalHistory), and further the calculation of adjusted hazard ratios (see
table 18 on page 394) and 10-year discriminative improvements (denoted as Delta C-index,

see figure 6.3 on the following page).

The addition of information from the medical history resulted in significant improvements
over the baseline model (Age+Sex) for 1,800 (95.6 %) of the 1,883 investigated endpoints
(figure 6.3 on the next page, table 17 on page 356) and for a wide array of these endpoints,
the discriminative improvements were considerable (Delta C-Index Q,5: 0.099, Qs,: 0.119,
Q55: 0.139). For the highlighted subset of 24 endpoints (defined in figure 6.2 on the pre-
ceding page), the most remarkable discriminative improvements were observed for the pre-
diction of suicide attempts (C-Index: 0.608 (CI 0.602, 0.615) — 0.831 (CI 0.826, 0.837)),
back pain (C-Index: 0.519 (CI 0.517, 0.521) — 0.72 (CI 0.719, 0.722)), all-cause mortal-
ity (C-Index 0.701 (CI 0.699, 0.703) — 0.878 (CI 0.877, 0.88)) and Chronic Obstructive
Pulmonary Disease (COPD) (C-Index 0.662 (0.66, 0.666) — 0.818 (CI 0.815, 0.82)). In
contrast, other endpoints, such as Parkinson’s disease (C-Index: 0.738 (CI 0.732, 0.745)
— 0.737 (CI 0.731, 0.743)) did not benefit from the information contained in the medical
history.

These findings indicate that health records contain substantial predictive information be-
yond fundamental demographic predictors for a wide range of endpoints from diverse dis-
ease categories, indicating potential utility for risk stratification. Thus, individual phenome-
wide risk estimations have the potential to inform on actionable disease endpoints system-

atically.
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Figure 6.3: Discriminative performance of the medical history addition over basic demographic predictors. a, C-Index
deltas between CPH models trained on Age+Sex (baseline) and Age+Sex+MedicalHistory for all 1,883 endpoints. 1,800
(95.6 %) of 1,883 investigated endpoints show significant improvements over the baseline model. b, Absolute C-Index values
for the baseline (Age+Sex, black point) and the model including the estimated risk state (Age+Sex+MedicalHistory, red point)
for a selection of 24 endpoints. ¢, Direct C-index differences between the baseline (Age+Sex) and the model including the
estimated risk state (Age+Sex+MedicalHistory) for a selection of 24 endpoints. All performances are reported as medians
(dots), and whiskers extend to the 95 % CI as estimated by bootstrapping over 100 iterations. Individuals with prevalent
diseases were excluded from the endpoint-specific analyses.

6.5 Learned medical risk states are applicable for cardiovascular

prevention and public health reactions

In contrast to the vast majority of endpoints, in the primary prevention of cardiovascular dis-
eases, the utilization of risk scores has long been established. In fact, the use of risk scores is
recommended by major international guidelines for the primary prevention of cardiovascu-
lar events to guide preventive lipid-lowering interventions (National Institute for health and
Care Excellence (NICE) 2014). While the predictors for these primary prevention scores
are accessible at a low cost, they require physical and laboratory measurements and must be
manually updated by healthcare providers. If the information derived from the medical his-
tory was competitive to these predictors, this could substantially reduce friction and cost in
primary care. Thus, the risk of cardiovascular disease onset was modeled using CPH mod-

els and predictors from well-validated primary prevention scores, the European Society of
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Cardiology SCORE2 (SCORE2 working group and ESC Cardiovascular risk collaboration
2021), the American Heart Association ASCVD (Goff et al. 2014) and the British QRISK3
(Hippisley-Cox, C. Coupland, and Brindle 2017) score, recommended by the NHS Health
Check (NHS 2022).

Interestingly, the discriminative performance of a simplified risk model, including only
age, sex, and the predicted risk state (Age+Sex+MedicalHistory), was competitive or better
than the established cardiovascular risk scores for all investigated cardiovascular endpoints
(figure 6.4 on page 137, table 19 on page 414), with differences in the C-Index of +0.002
(CI-0.001, 0.005) for ischemic stroke, +0.003 (CI 0.001, 0.005) for ischemic heart disease
and +0.007 (CI 0.004, 0.009) for myocardial infarction compared with the comprehensive
QRISK3 score. In addition, the discriminative improvements for later stage outcomes, in-
cluding heart failure (+0.02 (C1 0.017, 0.022)), cardiac arrest (+0.055 (C10.049, 0.062)), and
all-cause death (+0.136 (CI 0.134, 0.138)), were dramatically better when the prior health

records are considered.

Thus far, this experiment has shown the potential utility of routine health records for the
onset prediction of a broad spectrum of 1,883 established disease endpoints over the human
phenome and the direct applicability of the information extracted from medical history for
the primary prevention of cardiovascular diseases. However, novel diseases like COVID-19
do not have defined medical codes. Nevertheless, these emerging health threats may require
fast and reliable risk stratification in light of scarce or missing information on outcomes.
Here, pre-trained medical risk states estimated from routinely collected EHRs may be re-

purposed to stratify and prioritize patients.

This possible application was examined at the recent example of the COVID-19 pan-
demic. COVID-19 is a respiratory infection with pneumonia and sepsis as common, life-
threatening complications of severe cases. Thus, the risk states (i.e., the log partial likeli-
hoods estimated from the routine health records) for pneumonia, sepsis, and all-cause death
were repurposed to calculate a severity score under strict limitation to information available
at the end of 2019 (the time before COVID-19 spread globally). Interestingly, a combina-
tion of age and the three risk states improved the discriminative performance for both se-
vere and fatal COVID-19 outcomes over age alone (Severe: C-Index (Age) 0.62 — C-Index
(AgetRiskStates) 0.65 and Fatal: C-Index (Age) 0.70 — C-Index (Age+RiskStates) 0.78).
In an applied setting, these discriminative improvements would have translated into higher
cumulative incidence in the Top 5 % of the population compared to age alone (figure 6.4 on
page 137). In the top 5 % of the age-based risk score (~79 (IQR 77, 81) years old), 0.42 %
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(CI 0.34 %, 0.5 %, n=105) would have been hospitalized, and 0.26 % (CI 0.2 %, 0.33 %,
n=66) would have died by the end of the first wave. By the end of the second wave, around
0.96 % (CI 0.83 %, 1.08 %, n=240) would have been hospitalized and 0.44 % (0.36 %,
0.52 %, n=111) would have died. When stratified based on the estimated risk states, much
higher rates of hospitalization and death were found when selecting the same number of
individuals: By the end of the first wave, around 0.61 % (CI 0.51 %, 0.71 %, n=153) would
have been hospitalized, and 0.54 % (0.45 %, 0.63 %, n=136) would have died. By the end
of the second wave, 1.24 % (CI 1.1 %, 1.38 %, n=312) would have been hospitalized and
0.83 % (0.72 %, 0.94 %, n=208) would have died.

Thus, in summary, these findings showed that the predictive information in routine health
records could be competitive in identifying high-risk individuals with established guideline-
recommended risk scores for the primary prevention of cardiovascular diseases. Further,
the extracted predictive information captured in risk states may be leveraged to respond to
emerging health threats. Notably, both applications, in primary prevention of cardiovascular

disease and public health, require no additional data or dedicated measurements.
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Figure 6.4: Showcases of applications for learned risk states. a, Absolute C-Index comparing risk scores (age and sex,
SCORE2, ASCVD, and QRISK3 as indicated, black point) with the simplified model (Age+Sex+MedicalHistory, red seg-
ment). b, Direct C-Index comparisons matching the models compared in a. All performances are reported as medians (dots),
and whiskers extend to the 95 % CI as estimated by bootstrapping over 100 iterations. Individuals with prevalent diseases
were excluded from the endpoint-specific analyses. ¢, Estimated cumulative event trajectories of severe (individual was hos-
pitalized) and fatal COVID-19 outcomes stratified by the top, median, and bottom 5 % based on age (left) or risk states of

pneumonia, sepsis, and all-cause mortality as estimated by Kaplan-Meier analysis.
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6.6 Discussion

Individual risk assessment is the foundation for personalized prevention and efficient early
diagnostics through screening. In the current medical practice, however, a systematic risk
assessment is severely limited by the spectrum of available risk scores and the necessity
to acquire the predictors for their calculation. As existing risk models are centered around
the prediction of a single disease at a time, the time and effort for dedicated measurements
severely limit the clinical adoption, utility, and disease coverage of risk scores in primary
prevention settings (Steyerberg, Moons, et al. 2013). At the same time, over recent years,
longitudinal EHR have become available on the population level. These health records rep-
resent an individual’s medical history, informing on prior diagnoses, treatments, medica-
tions, and a multitude of related procedural measures. Thus, EHR presents a potentially
very informative data source readily available without dedicated measurement. However,
the potential of longitudinal health records for systematic phenome-wide risk estimation has

not been investigated thus far.

This experiment presented the medical history model, a neural network-based survival
model ingesting information on an individual’s medical history to simultaneously predict
risk states for 1,833 endpoints. The medical history model allowed for a dedicated investi-
gation of the information contained in EHR data to predict risk for future disease onset to en-
able primary prevention on a phenome-wide scale. The predicted risk states were evaluated
in over 500,000 individuals and six million person-years of follow-up in the UK Biobank
cohort. The individual medical history was found to be highly predictive for most investi-
gated endpoints, generalizing across 22 spatially segregated recruitment centers and three
healthcare provider systems from England, Scotland, and Wales. The results indicate that
the information in EHR data provides potential utility beyond conventional predictors, even
for diseases without existing risk stratification tools. Towards applicability, a simple com-
bination of basic demographics and the predicted risk states was found to be competitive
with guideline-recommended scores for the primary prevention of cardiovascular diseases.
Further, investigating the example of the COVID-19 pandemic, risk states were found to be

applicable as a quick-reaction tool to respond to emerging disease threats.

Importantly, the presented approach provides the first-ever means to assess the risk for
future disease onset for many diseases at once. Three main scenarios of potential utility are
imaginable: First, in the best case, the high-risk disease is preventable and effective inter-

ventions exist, e.g., lipid-lowering medication in the primary prevention of cardiovascular
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disease. Second, while most diseases are not preventable, early detection can substantially
slow down the progression and development of adverse events for other diseases, e.g., type-2
diabetes (Pozzilli, Strollo, and Bonora 2014), or systolic heart failure (Fonarow et al. 2011).
Ultimately, even if an outcome is not preventable or treatable, estimates of prospective risk
can be highly actionable, e.g., for personal decisions or advanced care planning. For illus-
tration, a high risk of cardiac arrest could trigger discussions of the preferences for future
medical care, including cardiopulmonary resuscitation, ventilatory support, or enteral feed-
ing. Similarly, a high risk of death could enable prospective palliative consultations and
shared decisions for transitioning from curative to palliative care in the right individuals
(Adelson et al. 2017; Weissman and D.E. Meier 2011).

Further investigations are necessary before this approach can be deployed in routine care
outside the UK Biobank. First, health records fundamentally differ from modalities com-
monly used in conventional risk scores (Vayena 2021) as they are recorded as a consequence
of interactions with the medical system and are thus subject to biological, procedural, and
socioeconomic biases. In addition, recorded information is not static but conditional on
the ever-changing nature of medical knowledge and policy changes reflected in the applied
coding systems. Therefore, differences in data providers and population characteristics can
substantially complicate the learning of robust features and hamper transferability between
healthcare systems. Another challenge is that large study populations and aggressive regu-
larization are required to avoid overfitting due to the vast complexity of the records. Thus,
despite the large cohort of over 500,000 individuals and over six million person-years of
follow-up, about 55,000 of 71,000 original concepts had to be excluded due to low obser-
vation frequencies. Likewise, only the 1,883 most common endpoints with more than 100
incident events were included in the analysis. The third limitation arises from model de-
velopment in the UK Biobank cohort and its restriction to the British healthcare system.
While the findings indicated generalization between different locations in the UK (England,
Scotland, and Wales), applications critically depend on the right choice of decision thresh-
olds and, therefore, the absolute risk estimates. As the UK Biobank cohort is healthier and
has lower disease prevalences than the UK general population (Fry et al. 2017), absolute
risks are expected to be underestimated. With many national initiatives emerging to curate
routine health records for millions of individuals, future studies will allow a better under-

standing of the challenges and limitations inherent to the information contained in EHR data.

In summary, this experiment presented the first systematic approach to simultaneously

perform risk stratification for thousands of diseases across many clinical specialties. It is
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6 Medical history predicts future health trajectories over the human phenome

based on currently unused information, which is theoretically available in real-time at no
additional cost. The findings of this experiment suggest a considerable potential to disrupt
medical practice by performing data-driven risk assessments to inform and guide early di-

agnosis, treatments, and preventive interventions.
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7 Phenome-wide prediction of disease onset from retinal fundus photographs

The findings presented in this chapter include contributions by Dr. Jakob Steinfeldt and
Lukas Loock. Specifically, Dr. Jakob Steinfeldt contributed with the mapping of the Elec-
tronic Health Record (EHR) data to the OMOP CDM standard, and jointly with Lukas Loock

to the implementation of the retinal risk model.

7.1 Experimental setup

In this experiment, information predictive for incident disease onset in retinal fundus pho-
tographs was explored on a phenome-wide scale (see section 1.3.5 on page 28). To this end,
anovel neural network-based risk model, the Retinal Risk Model (section 2.6.4 on page 70),
was developed to simultaneously extract meaningful information from retinal fundus pho-
tographs across all clinical specialties, including metabolic, vascular, respiratory, muscu-
loskeletal and neurological disorders as well as cancers (figure 7.1 on the next page). The
Retinal Risk Model is a multi-task convolutional neural network based on the ConvNext ar-
chitecture (Z. Liu, Mao, et al. 2022) fine-tuned on retinal fundus photographs to model the
integrative retinal state over the entire human phenome for 1,171 endpoints simultaneously
(figure 7.1 on the facing page, details provided in section 2.6.4 on page 70). The broad su-
pervision, in combination with the individual objectives, allows the model to leverage the
systemically relevant information in retinal fundus photographs while retaining flexibility in
fitting endpoint-specific variations. The scalar risk states were derived from retinal fundus
photographs recorded in 61,256 individuals in the UK Biobank population cohort (Bycroft
et al. 2018; Sudlow et al. 2015). Similarly to the experiments previously described in this
work, the Retinal Risk Model was developed and trained in 22-fold spatial cross-validation
over the recruitment centers of the UK Biobank cohort (see section 3.2.6 on page 81). After
development, training, and validation, the learned retinal states were extensively investi-
gated for their information content by integrating them in Cox Proportional Hazards (CPH)
models (Cox 1972) to model the risk for individual endpoints and investigate if the informa-
tion gained through retinal fundus photographs is additive to basic demographic predictors.
While the integration into survival models also relied on spatial separation, subsequent pre-

dictions of the survival models were aggregated for downstream analysis.

In summary, this experiment was conducted in four steps: first, the information extracted
from the retinal fundus photograph was examined for its ability to stratify the study popu-
lation by event rates, and the ten-year discriminative performances of the risk states were
assessed; second, the additive information of the retinal risk states over basic demographic

predictors was explored by comparing the CPH models trained on age and biological sex
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Figure 7.1: Overview on the experiment and the retinal risk model. The Retinal Risk Model is a neural network-based
survival model ingesting retinal fundus photographs to simultaneously predict retinal states capturing information on incident
disease onset for 1,171 diseases simultaneously.

against models extended with the retinal risk states; third, the applicability of the extracted
retinal information for risk modeling in cardiovascular primary prevention was investigated
by scrutinizing the retinal risk states against established cardiovascular predictors. Fourth
and last, image attributions were calculated to pinpoint regions of the retina contributing

most to disease risk.

7.2 Characteristics of the study population

The Retinal Risk Model was developed and trained on retinal fundus photographs contained
in the UK Biobank cohort (Bycroft et al. 2018; Sudlow et al. 2015), a sample of the general
population. Participants were enrolled from 2006 to 2010 in 22 recruitment centers across
the United Kingdom; the follow-up is ongoing. The UK Biobank provides retinal fundus
photographs recorded at recruitment for a subset of ~68,000 individuals. Data filtering,
cleaning, and preprocessing (see section 3.2.5 on page 80) derived the study population of
61,256 individuals (see table 7.1. Clinical predictors and disease endpoints were extracted

as described in section 3.2.1 on page 76 and section 3.3.3 on page 85.

Table 7.1: Summary statistics of the study population. Reported are medians (IQR) and absolute counts (%).

Male, N =27,971 | Female, N =33,285 | Overall, N = 61,256

Age at Recruitment 59 (50, 64) 58 (50, 63) 58 (50, 63)
Ethnicity

Asian 794 (2.9%) 712 (2.2%) 1,506 (2.5%)

Black 651 (2.4%) 895 (2.7%) 1,546 (2.6%)
Chinese 81 (0.3%) 162 (0.5%) 243 (0.4%)

Mixed 157 (0.6%) 300 (0.9%) 457 (0.8%)

White 25,753 (94%) 30,539 (94%) 56,292 (94%)
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Table 7.1 continued from previous page

Female, N = 33,285

7 Phenome-wide prediction of disease onset from retinal fundus photographs

Overall, N = 61,256

Current Smoker

3,232 (12%)

2,608 (7.8%)

5,840 (9.5%)

Type-2 Diabetes 2,024 (7.2%) 1,148 (3.4%) 3,172 (5.2%)
Weight (kg) 85 (76, 94) 69 (62, 79) 77 (66, 88)
Standing Height (cm) 176 (171, 180) 163 (159, 167) 168 (162, 176)
BMI 27.3(25.0,30.0) 26.0(23.3,29.6) 26.7 (24.1,29.8)

Systolic Blood Pressure (mmHg) | 138 (128, 150)
Total Cholesterol (mmol/L) 5.44 (4.70, 6.20)
HDL Cholesterol (mmol/L) 1.26 (1.09, 1.48)

133 (120, 146)
5.82(5.10, 6.58)
1.59 (1.36, 1.86)

136 (124, 148)
5.65 (4.90, 6.42)
1.43(1.20, 1.71)

The study population had a median age of 58 (IQR 50, 63) years; 54.3 % were female,
9.5 % current smokers, and 5.2 % were diagnosed with type 2 diabetes. The median BMI
was 26.7 (IQR 24.1, 29.8), systolic blood pressure was 136 (IQR 124, 148) mmHg, total
cholesterol was 5.65 (IQR 4.90, 6.42) mmol/l, and HDL cholesterol was 1.43 (IQR 1.20,
1.71) mmol/l. The median follow-up time was 11.4 years, with 684,968 overall patient
years.

7.3 Phenome-wide association of retinal states with future disease

onset

Biological features in the human retina have long been associated with cardiovascular, neu-
rological, and metabolic diseases, and the retina has been discussed as a potential source of
systemic information. While retinal fundus photographs have been leveraged for the onset
prediction of individual disease endpoints, so far, the predictive potential of retinal fundus
photographs has not been investigated systematically over a broader range of endpoints.
To identify endpoints for which retinal fundus photographs contain predictive information,
the relationship between the learned endpoint-specific risk states and the risk of future dis-
ease (figure 7.2 on page 146) was assessed for all 1,171 endpoints across the entire human
phenome. Specifically, incident events were counted over the percentiles of the risk states,
and subsequently observed event rates were assessed between the top and bottom 10 % of
risk states over the entire phenome (figure 7.2 on page 146). Details on the observed event
rates are provided in the example of all-cause mortality with a Ratio of 13.3. Importantly,
event rates increased gradually, reflecting a stratification of high and low-risk individuals
for the majority of endpoints covering a broad range of disease categories and etiologies
(figure 7.2 on page 146): For 338 of 1,171 endpoints (28.8 %), >5-times as many events
for individuals in the top 10 % of the predicted risk states compared to the bottom 10 %
were observed and for 338 endpoints (28.8 %) even >5-times as many. These endpoints

included, for instance, type-2 diabetes (Ratio ~7.1), chronic kidney disease (Ratio ~9.6),
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7.3 Phenome-wide association of retinal states with future disease onset

coronary heart disease (Ratio ~13.2), chronic obstructive pulmonary disease (Ratio ~14.8),
and Parkinson’s disease (Ratio ~20.00). For 27 (2.3 %) of the 1,171 conditions, including
lung cancer (Ratio ~52.7), cataracts (Ratio ~58.6), age-related macular degeneration (Ratio
~116.7), and Alzheimer’s disease (Ratio ~133.0), individuals in the top 10 % encountered
more than 50 times the number of incident events compared to the bottom 10 %. In contrast,
for 164 (14.0 %) endpoints, including, for instance, hepatitis (Ratio ~1.40), major depressive
disorders (Ratio ~1.89), and psoriasis (Ratio ~1.51), no separation between high and low-
risk individuals (Ratio equal to less than 2) was observed. Notably, the ratios were greater
than 3 for 585 (49.95 %) of the 1,171 endpoints, even though all models were developed in
spatially segregated assessment centers. The complete list of all endpoints and correspond-

ing statistics can be found in table 21 on page 417 and table 22 on page 438.

In addition to the phenome-wide analysis of 1,171 endpoints, cumulative event rates for
up to 15 years (figure 7.2 on the following page) of follow-up for the top, median, and bottom
percentiles were calculated for a subset of 24 selected endpoints. These selected endpoints
cover common diseases across clinical specialties and diseases with established retinal as-
sociations. Retinal information was found to stratify the risk trajectories well for cardiovas-
cular conditions such as myocardial infarction and heart failure, metabolic conditions such
as type-2 diabetes, neurological conditions such as all-cause dementia and Parkinson’s, neo-
plastic diseases such as skin cancer, colon cancer, and lung cancer, as well as ocular condi-

tions such as age-related macular degeneration and cataracts.

In summary, information from retinal fundus photographs stratified the risk of onset for
the majority of the 1,171 investigated endpoints across clinical specialties. These findings
indicate that retinal fundus photographs contain relevant information for risk stratification

in the general population across the human phenome.
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Figure 7.2: Information in retinal fundus photographs stratifies incident disease onset. a, Ratio of incident events in
the Top 10 % compared with the Bottom 10 % of the estimated risk states. Event rates in the Top 10 % are greater than
double the event rate in the Bottom 10 % for 1,007 of the 1.171 investigated endpoints (85.9 %). Red dots indicate the 24
selected endpoints displayed in subfigure d. b, To illustrate, 865 (14.1 %) individuals in the top risk decile for all-cause death
experienced an event compared with only 65 (1.1 %) in the bottom decile, with a risk ratio of 13.3. ¢, Overview of the number
of endpoints surpassing a given rate ratio. d, Cumulative event rates for a selection of 24 endpoints for the Top 1 %, median,
and Bottom 1 % of risk percentiles over 15 years. Statistical measures were derived from 62,256 individuals. Individuals
with prevalent diseases were excluded from the endpoints-specific analysis.
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7.4 Retinal information yields discriminative improvements over

basic predictors

While retinal fundus photographs contained stratifying information about disease onset over
a broad spectrum of endpoints, clinical utility requires information to be additive to ubiqui-
tously available predictors. Therefore, in the following experimental step, the risk of disease
onset was modeled using CPH models for all 1,171 endpoints to test whether retinal fundus
photographs contained predictive information beyond age and biological sex. Specifically,
the performance of the baseline model (based on age and biological sex) was compared with
the model augmented with the risk learned from retinal fundus photographs (based on age,
biological sex, and the retinal state). Additionally, the modeling allowed the calculation of
adjusted hazard ratios (denoted as HR in table 24 on page 485) and 10-year discriminative

improvements (denoted as Delta C-index in figure 7.3 on the following page).

Significant improvements over the baseline model (age and biological sex only) were ob-
served for 456 (38.94 %) of the 1,171 investigated endpoints (figure 7.3 on the next page,
Supplementary Table 4). Interestingly 79.1 % of all assessed metabolic diseases, 64.5 % of
all assessed eye-related diseases, and 18.7 % of all assessed cardiovascular diseases were
found to gain significant discriminatory performance from the addition of retinal information
(table 23 on page 460). For the highlighted subset of 24 endpoints (indicated in figure 7.3
on the next page), significant discriminative improvements were noted for the prediction of
cataracts (C-Index: 0.732 (95 % C1 0.728, 0.736) — 0.784 (95 % CI1 0.049, 0.055)), diabetic
retinopathy (C-Index: 0.63 (95 % CI 0.621, 0.637) — 0.708 (95 % CI1 0.697, 0.714)), heart
failure (C-Index: 0.737 (95 % CI1 0.731, 0.748) — 0.747 (95 % CI 0.739, 0.756)), myocar-
dial infarction (C-Index: 0.707 (95 % CI 0.699, 0.715) — 0.715 (95 % CI 0.707, 0.723)),
all-cause death (C-Index: 0.707 (95 % CI10.702, 0.714) — 0.718 (95 % CI 0.712, 0.723))
and COVID-19 (C-Index: 0.504 (95 % CI 0.468, 0.542) — 0.61 (95 % CI 0.57, 0.651)).
Improvements were suggested for ischaemic stroke (C-Index: 0.704 (95 % CI10.692, 0.715)
— 0.711 (95 % CI1 0.7, 0.721)) and chronic kidney disease (C-Index: 0.684 (95 % C10.677,
0.692) — 0.688 (95 9% CI1 0.681, 0.693)), albeit not significant in the investigated population.
In contrast, the retinal information did not improve discrimination beyond age and biolog-
ical sex for endpoints such as dementia (C-Index: 0.788 (95 % CI 0.776, 0.802) — 0.783
(95 % C10.772, 0.796), Parkinson’s disease (C-Index: 0.724 (95 % CI1 0.709, 0.74) — 0.716
(95 % CI10.698, 0.731)) and cancers of the digestive organs (C-Index: 0.672 (95 % CI 0.663,
0.683) — 0.669 (95 % CI 0.659, 0.68)).
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Figure 7.3: Retinal information adds significant gains in discriminatory performance. a, Differences in discrimina-
tory performance quantified by the C-Index between Cox Proportional Hazards (CPH) models trained on Age+Sex and
Age+Sex+Retina for all 1,171 endpoints. Significant improvements over the baseline model (Age+Sex, age, and biologi-
cal sex only) are found for 456 (38.9 %) of the 1,171 investigated endpoints. Red dots indicate selected endpoints in subfigure
b. b, Absolute discriminatory performance in terms of C-Index comparing the baseline (Age+Sex, black point) with the added
retinal information (Age+Sex+Retina, red point) for selected endpoints. ¢, Relative discriminatory performance in terms of C-
Index deltas comparing the baseline (Age+Sex) with the added retinal information (Age+Sex+Retina) for selected endpoints.
Dots indicate medians and whiskers extend to the 95 % confidence interval for distributions bootstrapped with 100 iterations.

The adjusted hazard ratios (HR, per standard deviation retinal state, with 95 % CI) of the
CPH models trained on the combinations of the retinal information and the predictors age
and biological sex for all endpoints are presented in table 24 on page 485. A change of
one standard deviation in the retinal risk state was estimated to substantially alter the risk
trajectory as indicated by the adjusted HRs for diabetic retinopathy (adjusted HR: 3.22 (95 %
CI: 2.87, 3.47)), Glaucoma (adjusted HR: 3.02 (95 % CI: 2.78, 3.38) or All-Cause Death
(adjusted HR: 3.25 (95 % CI: 3, 3.53)). Even for diseases where discriminatory benefits
over age and biological sex were not significant, such as Dementia (HR: 3.68 (95 % CI:
3.24, 4.15); adjusted HR: 2.5 (95 % CI: 2.25, 2.66), Parkinson’s disease (HR: 4.26 (95 %
CI: 3.5, 4.73); adjusted HR: 2.23 (95 % CI: 1.95, 2.61)) or cancer of the digestive organs

(HR:3.56 (95 % CI: 3.2, 3.83); adjusted HR: 2.87 (95 % CI: 2.56, 3.18) adjusted HRs were
substantial.
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7.5 Extracted retinal information is similar to cardiovascular

predictors

In the primary prevention of cardiovascular diseases, risk scores are well established to guide
preventive lipid-lowering interventions. While the utilized predictors are accessible at a low
cost, they require dedicated physical and laboratory measurements by healthcare providers.
Vascular information in the human retina has been linked to the risk of the onset of many
cardiovascular diseases (C.Y. Cheung, D. Xu, et al. 2020; Poplin et al. 2018), and retinal
fundus photographs have been suggested as a drop-in replacement for cardiovascular risk
factors (Rudnicka et al. 2022).

In order to explicitly investigate the utility of retinal information and its ability to augment
or simplify cardiovascular risk scores, the risk for cardiovascular disease onset was modeled
using Cox Proportional Hazards (CPH) models with predictors from well-validated primary
prevention scores: the European Society of Cardiology SCORE2 (SCORE2 working group
and ESC Cardiovascular risk collaboration 2021), the American Heart Association ASCVD
(Goff et al. 2014) and the British QRISK3 score (Hippisley-Cox, C. Coupland, and Brindle
2017), recommended by the NHS Health Check (NHS 2022). These cardiovascular risk
scores were found to consistently outperform a combination of the retinal state with age and
biological sex for all investigated cardiovascular endpoints (figure 7.4 on the next page).
The addition of the retinal state to the established cardiovascular predictor sets revealed
information from retinal fundus photographs to not significantly improve discriminatory
performance for any of the investigated cardiovascular endpoints, including myocardial in-
farction (+0.001 C-Index (95 % CI-0.003, 0.005) over SCORE2) and -0.001 C-Index (95 %
CI-0.005, 0.002) over ASCVD), coronary heart disease (+0 C-Index (95 % CI-0.002, 0.003)
over SCORE2 and -0.001 C-Index (95 % CI -0.004, 0.001) over ASCVD) and heart fail-
ure (+0.003 C-Index (95 % CI -0.001, 0.007) over SCORE2 and -0.001 C-Index (95 % CI
-0.005, 0.003) over ASCVD) (see figure 7.4 on the following page and table 25 on page 509).

Therefore, these findings indicate that information extracted from retinal fundus pho-

tographs with the methodology applied in this study is not additive over current guideline-

recommended cardiovascular risk models.
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Figure 7.4: Retinal information is not additive to cardiovascular risk factors. a, Discriminatory performances (left) and
direct differences (right) in terms of C-index between CPH models trained on sets of established cardiovascular predictors
(SCORE2, ASCVD, and QRISK as black dots) and their extensions with retinal information (red dots). b, Discriminatory
performances (left) and direct differences (right) in terms of C-index between CPH models trained on sets of established car-
diovascular predictors (SCORE2, ASCVD, and QRISK as black dots) and a simplified risk model based on Age+Sex+Retina.
Dots indicate medians and whiskers extend to the 95 % confidence interval for distributions bootstrapped over 100 iterations.
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7.6 Image attributions reveal risk-related regions in retinal fundus

photographs

While neural networks are not inherently interpretable, methods have been developed to
overcome this challenge (Schulz et al. 2020). While information has been attributed to
retinal fundus photographs in previous studies, the additive information has not been ex-
plicitly investigated. Therefore, in the following experimental step, Information Bottleneck
Attribution (IBA) (Schulz et al. 2020) were calculated for six diseases with high relevance
and incidence to identify which physiological regions of the human retina inform on future
disease onset (figure 7.5 on the following page). Importantly, attributions were computed
against the retinal state alone and against the additive information over age and biological
sex.

Comparing the attributions against the retinal state, predictions were found to be driven
by distributed regions of known importance, such as patterns in the vascularization and the
regions of the fovea or the macula (figure 7.5 on the next page). Notably, the predictions
for an individual were influenced by the same consistent regions for multiple endpoints, al-
beit with endpoint-dependent directionality. Assessing the adjusted attributions revealed the
origins and directional effects of the additive information over the basic demographic pre-
dictors age and biological sex. For instance, for the individual in figure 7.5 on the following
page, the retinal state was dominated by the young age and female sex of the individual,
resulting in predominantly protective attributions, while the adjusted attributions revealed
the origins of the information modifying the predicted health trajectory. Generally, infor-
mation corresponding to age and biological sex centered around the fovea and the vascular
regions. In contrast, additive information was found to be distributed over the retinal fundus
photograph, with particular features highlighted.

In summary, the image attributions revealed the additive predictive information to orig-
inate from well-described retinal regions, the macula, the fovea, and the vascularization.
With these regions being consistent across individuals and endpoints, our model attributions
might help guide further molecular research and help ophthalmologists focus their efforts

on associating retinal features with disease onset.
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Figure 7.5: Attribution reveals risk-related regions in retinal fundus photographs. The image attributions for six selected
endpoints and three individuals were derived by applying the Information Bottleneck Attribution (IBA)-method against the
retinal state as well as against its adjustment with age and biological sex. The color map indicates the directionality of the
impact (risk increasing, red, or decreasing, green), while the color intensity indicates the absolute scale of the attributions.
The bounds of the colormap represent the minimum and maximum values observed in the adjusted attribution maps.
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The retina has long been postulated as a broad source of relevant clinical information for
ophthalmological, cardiovascular, neurological, and metabolic diseases (MacGillivray et
al. 2014). Retinal fundoscopy is a non-invasive method to image the human retina, com-
monly conducted in ophthalmological examinations. While the information in retinal fundus
photographs has already been leveraged for disease diagnosis(Ahn and Shah 2021; Mitani,
Hammel, and Y. Liu 2021; Mitani, A. Huang, et al. 2020; Sabanayagam et al. 2020; W.
Xiao et al. 2021), risk factor estimation(Poplin et al. 2018; Rim, C.J. Lee, et al. 2021; Rim,
G. Lee, et al. 2020) and outcome prediction (Arcadu et al. 2019; C.Y. Cheung, D. Xu, et
al. 2020; Rudnicka et al. 2022; K. Zhang et al. 2021) for individual disease endpoints, the
extent, and relevance of predictive information contained in retinal fundus photographs is
currently unclear. In this experiment, the predictive information for predicting individual
disease onset contained in retinal fundus photographs was mapped out for the first time over
the entire human phenome. With ~685,000 person-years of follow-up, information in reti-
nal fundus photographs was robustly leveraged to derive integrative retinal states for 1,171
disease endpoints simultaneously. The systematic analysis allowed for the identification of
diseases where information from retinal fundus photographs has the potential to augment
individual risk assessment and impact clinical decision-making. The learned retinal states
were found to contain enough information to stratify the population by incident disease risk
for 625 of the 1,171 investigated diseases. Further, by investigating the predictive value
beyond common demographic predictors, a subset of endpoints where retinal information
provides complementary information was identified. A specific examination of a possible
application of retinal information for risk modeling in cardiovascular prevention yielded no
evidence for added information over established cardiovascular predictors. Finally, image
attributions confirmed the importance of known retinal features and a shared physiological

background of diseases with additive retinal information.

Importantly, the predictive information contained in retinal fundus photographs was found
to add significant discriminative improvements over the basic demographic predictors age
and biological sex for 456 endpoints across all categories of the human phenome. These
endpoints include diseases with established associations to features in retinal fundus pho-
tographs: cardiovascular diseases such as coronary heart disease and myocardial infarction
(Poplin et al. 2018; Rudnicka et al. 2022); metabolic diseases like type-2 diabetes (K. Zhang
et al. 2021) and anemia (Mitani, A. Huang, et al. 2020), ocular diseases such as age-related

macular degeneration (Peng, Dharssi, et al. 2019; Peng, Keenan, et al. 2020; Yan et al. 2020)
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and diabetic retinopathy (Arcadu et al. 2019; Bora et al. 2021) as well as all-cause mortal-
ity (Nusinovici et al. 2022; Zhu et al. 2020). However, a multitude of additional diseases
where retinal information significantly improved the discriminatory performance over basic
demographic predictors was identified, across all disease categories of the human phenome,
indicating retinal fundus photographs to capture systemic information relevant over a much
wider disease spectrum. Examples include inflammatory diseases such as chronic obstruc-
tive pulmonary disease, infectious diseases such as pneumonia and COVID-19, additional
cardiovascular endpoints such as hypertension and heart failure, cancers such as malignant
neoplasms of the skin and respiratory organs, and mental disorders such as major depres-
sion. For these endpoints, the information contained in retinal fundus photographs may be
leveraged in combination with primary demographic predictors as a low-cost tool for popula-
tion stratification and identification of high-risk individuals. In contrast, for other endpoints
such as chronic kidney disease (Sabanayagam et al. 2020; K. Zhang et al. 2021) or all-cause
dementia (C.Y. Cheung, Ran, et al. 2022), the results of this experiment reproduced previ-
ous studies identifying predictive information, however, suggesting this information to be a

proxy for basic demographic predictors.

The retina is considered a non-invasive window into the human vascular condition, and
links between retinal vascularization and cardiovascular diseases have long been established
(MacGillivray et al. 2014; McGeechan et al. 2008; Owen et al. 2019; T.Y. Wong, Islam, et
al. 2006; T.Y. Wong, Klein, et al. 2003). In line with recent work, the results of this ex-
periment demonstrate the importance of retinal information for predicting cardiovascular
disease onset (Poplin et al. 2018; Rudnicka et al. 2022) able to stratify the population and
provide significant discriminative performance gains over basic demographic predictors.
However, a detailed investigation of the possibility of augmenting the primary prevention
of cardiovascular diseases yielded no evidence for retinal information providing discrimina-
tory improvements over comprehensive sets of cardiovascular risk factors. Previous studies
have shown that retinal fundus photographs contain (lossy) information on cardiovascular
risk factors (Gerrits et al. 2020; Poplin et al. 2018; Rim, C.J. Lee, et al. 2021), and although
studies have extracted more complex risk factors, such as the retinal vessel caliber (C.Y. Che-
ung, D. Xu, et al. 2020; McGeechan et al. 2008) or the coronary artery calcium score (Rim,
C.J. Lee, et al. 2021), this information could not be retrieved with the applied methodology,
suggesting the need of explicit supervision for its extraction. Nevertheless, retinal fundus
photographs have the potential to augment no-cost predictors like age and biological sex as
an information proxy on cardiovascular risk factors to enable automated background exam-

inations in ophthalmological care to identify individuals for further screening procedures at
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no additional cost.

Calculating attributions for six endpoints with high relevance and incidence allowed an
assessment of which and how regions of the retinal fundus photographs contributed to risk.
Comparing the attribution maps between cardiovascular, metabolic, and neurological dis-
eases, the importance of the retinal vascularization patterns, the macula, and the fovea, was
confirmed. Importantly, these regions are commonly examined by ophthalmologists and
long suspected to contain relevant features for neurological and cardiovascular conditions
(MacGillivray et al. 2014; Poplin et al. 2018; T.Y. Wong, Islam, et al. 2006; T.Y. Wong,
Klein, et al. 2003). Interestingly, individual features were generally important across mul-
tiple disease endpoints, indicating that these regions of the human retina contain systemic
information on the human condition. Further, information on age and biological sex ap-
peared to be enriched in consistently attributed regions, while added information was found

to be distributed more selectively over the image.

Before, information from retinal fundus photographs may be leveraged for risk-modeling
in clinical practice; however, substantial challenges remain. Even though the study popula-
tion comprised over 61 thousand individuals, the population is healthier and less deprived
than the general UK population (Fry et al. 2017). Further, while the model was validated
in spatially separated samples from the individual assessment centers, and no signs of over-
fitting were observed, the developed retinal risk model has yet to be evaluated in an en-
tirely independent cohort. External validation is of particular importance as retinal fundus
photographs are known to be sensitive to batch effects as well as procedure and equipment-
dependent sources of variance (Beede et al. 2020). In light of these limitations, careful scru-
tinization is imperative prior to applying the retinal risk model outside the research context.
Ultimately, broad utilization of retinal fundus photography for preventive care requires not
only a further examination of the connection between information retrievable from images

and disease onset but also questions on infrastructure and logistics to be addressed.

Taken together, this study systematically assessed predictive information in retinal fun-
dus photographs on a phenome-wide scale. By mapping out the predictive information and
the potential of retinal fundus photographs for disease onset prediction, the experiment con-
firmed the potential of retinal fundus photographs to inform non-invasively on the human

condition.
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Modern medicine is centered around treatment, not around prevention and health mainte-
nance. In light of rising healthcare costs worldwide, an adaptation of prevention as a central
dogma is urgently needed. However, a fundamental requirement for personalized prevention
is the ability to predict disease risks early and accurately in order to stratify populations and
deliver the right interventions to the right individuals at the right time. However, a compre-
hensive, systematic assessment of disease risk is currently not feasible due to methodological
limitations. On the one hand, there exist no risk stratification tools for a large number of
diseases, and on the other hand, newly proposed risk models are hardly adapted into clinical
practice due to the severe resource limitations constraining the collection of required pre-
dictors in the primary care setting. At the same time, in modern medicine, more and more
data on patients is available in the clinical and research context that could be exploited for
risk modeling. Especially complex data modalities, such as -omics measurements or im-
ages, bear supposedly valuable information on an individual’s future health trajectory. This
information could potentially disrupt medical practice and decision-making by allowing the
prediction for many endpoints simultaneously from a single assay and optimizing resource
requirements by rendering the collection of many individual predictors obsolete. However,
this potential so far has remained unassessed due to a lack of dedicated methods allowing
for the extraction of clinically relevant information from complex data modalities and the

integration of this information for risk modeling.

Thus, the aim of this study was to build on recent advances in machine learning to in-
vestigate the applicability of complex data modalities for risk modeling in primary pre-
vention. Towards this goal, four novel neural network-based survival models were devel-
oped, trained, and validated in four independent experiments involving four distinct data
modalities not yet leveraged for risk modeling in primary prevention to date: polygenic
risk scores for cardiovascular prevention, | H-NMR metabolomics as a drop-in replacement
for the measurement of costly laboratory assays in the primary prevention of common dis-
eases, electronic health records as a general source of predictive information relevant over a
wide spectrum of diseases and retinal fundus photographs as a systemic information source
across many endpoints over the human phenome. For each model and modality, the predic-
tions were examined to scrutinize the extracted predictive information against commonly
collected predictors and pinpoint clinical utility. Further, where appropriate, interpretability
methods were applied to assess the model predictions and identify the origin of predictive
information. Throughout the entire analysis, special emphasis was placed on quantifying

the clinical benefit of the information added by complex data modalities in the primary care
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setting.

Importantly, this study demonstrated the applicability of neural survival models on real-
world clinical data for risk modeling in primary prevention and their superior performance in
comparison to linear baselines. While performance comparisons have been presented before
(Katzman et al. 2017; Nagpal, X.R. Li, and Dubrawski 2021), this study adds an extensive
evaluation in real-world populations of sufficient size and a benchmarking against clini-
cally adopted baselines under consideration of metrics beyond pure discrimination. While
the added discriminatory performance of a fully-parametric neural survival model over a
Cox Proportional Hazards (CPH) model was modest when trained on a selection of scalar,
almost uncorrelated parameters (see the Neural CVD results, figure 4.2 on page 92), the neu-
ral survival model still generated a positive Net Reclassification Improvement (NRI), thus
benefiting the reclassification of individuals into risk groups. Further, the results of the
Polygenic Score (PGS) integration show that neural survival models are inherently capable
of modeling medically relevant nonlinear interactions between the input covariates. While
the nonlinear effect was partly recoverable with an explicit interaction, the fully parametric
model picked up the nonlinearity inherently and more accurately. Consequently, the utiliza-
tion of neural survival models may be beneficial whenever there are nonlinear interactions
in the feature space to model these effects correctly and inherently. Incremental benefits
in terms of discrimination were also found when comparing a CPH model trained on the
PANEL predictor set with the complex metabolomic state model architecture (see figure 8
on page 210). Here, the benefit may be caused both by the increased model complexity al-
lowing higher expressivity, as well as by the better regularization through supervision with
multiple endpoints simultaneously.

Besides these benefits, this study strongly underlines the versatility of neural survival
models in their ability to extract meaningful features from complex data modalities. Even
large architectures like the ConvNeXt feature extractor utilized to extract information from
the retinal fundus photographs with 53 million parameters or the complex metabolomic state
model architecture with residual head networks were efficiently trainable in a neural survival
setup. Importantly, the versatility of neural survival models is also reflected in the output
space: Historically, clinical risk modeling involved the collection of predictors to calculate
a risk score in a single endpoint setting one disease at a time. While neural survival models
have been shown to be capable of multi-disease risk modeling, (C. Lee et al. 2018; Nagpal,
X.R. Li, and Dubrawski 2021), this study explicitly investigates multi-disease risk modeling

in a clinically applicable context. For instance, the metabolomic state model proposed in this
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study is able to reliably predict disease risk for 24 common disease endpoints from a single
input. Extending this approach, the retinal risk model generates risk estimates for 1,171
diseases and the medical history model even for 1,833 diseases across all categories of the
human phenome. While these three approaches were developed to assess the information
content of their respective input data and not per se for risk modeling on an individual level,
the architectures and the results of their evaluation provide a glimpse into a neural survival

model-enabled future of systematic risk assessment.

Exploiting the superiority and increased flexibility of neural survival models, this study
presented four novel neural network-based risk models, each tailored to extract predictive
information from a specific data modality. The successful development, training, and vali-
dation of each model allowed a scrutinization of the learned information and quantification
of the added predictive information over established clinical predictors. Importantly, for
each of these data modalities, this study builds on previous work by explicitly character-
izing the extent of contained predictive information against established clinical predictors
with special emphasis on clinical utility. For instance, PGS had been combined with clin-
ical covariates in previous studies (Mosley et al. 2020; L. Sun et al. 2021), with reports of
limited added discriminatory performance. However, the utilization of advanced methodol-
ogy in Neural CVD and the examination of metrics beyond discrimination, such as the Net
Reclassification Improvement (NRI), allowed for identifying subpopulations with the clear
clinical benefit of PGS addition. In the case of the 1H-NMR metabolomics data, Electronic
Health Record (EHR) data, and the retinal fundus photographs, previous studies had ex-
ploited the data modalities to estimate risk for individual endpoints (Bagheri et al. 2020;
Bora et al. 2021; C.Y. Cheung, Ran, et al. 2022; Deelen et al. 2019; Julkunen et al. 2021;
Langham et al. 2021; Rudnicka et al. 2022; Solares et al. 2021). This study complements
these prior investigation by explicitly characterizing the predictive information and quan-
tifying the added predictive performance over conventional clinical predictors available in
primary care. A quantification of the added predictive performance is essential to decide
whether there is truly more (unique) information provided by the data modality or whether
the contained information is merely a proxy for information already accessible through con-

ventional clinical covariates.

Importantly, the results demonstrate that while a data modality may contain information
per se able to stratify a population for a given endpoint, that information must not necessar-
ily be additive to conventionally assessed covariates. In the case of the retinal fundus pho-

tographs, extracted information stratified the population for 625 of 1,171 diseases (53.7 %),
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while significant additional information over Age+Sex was observed for a much smaller set
of 456 endpoints (38.9 %). Medical history showed significant benefits over age and sex
for 1,800 of 1,833 diseases (95.6 %), thus relevance over most parts of the human phenome,
although endpoints with no benefit were observed as well. For cardiovascular endpoints,
information from the medical history was additive to cardiovascular predictors from the
SCORE2, ASCVD, and QRISK3 scores. In the case of the nmr) metabolomics data, the
contained information was predictive for 23 out of 24 endpoints, and significant additions
over Age+Sex were observed for 16 and additions over the ASCVD predictors for eight
endpoints. Thus, the information extracted from 1H-NMR metabolomics data overlapped
with information on age and biological sex and, to a lesser extent, with information on more

complex predictors, i.e., from the ASCVD set.

On the other hand, information extracted from retinal fundus photographs did not sig-
nificantly add discriminative information over cardiovascular predictors from the SCORE?2,
ASCVD, and QRISK3 sets, indicating a substantial overlap in predictive information. Previ-
ous studies have demonstrated that cardiovascular predictors may be estimated from retinal
fundus photographs, albeit as lossy reconstructions (Poplin et al. 2018; Rim, G. Lee, et al.
2020). While other studies indicated the possibility of extracting additional information with
specific supervision, an evaluation of clinical utility is pending (Rim, C.J. Lee, et al. 2021;
Rudnicka et al. 2022). Depending on the overlap of the extracted information, various ap-
plications of complex data modalities can be envisioned. Therefore, prior to considering an
application of a complex data modality for risk modeling in primary care, it is imperative to
characterize the information contained explicitly. In the trivial case, the extracted informa-
tion is additive even to complex predictor sets and provides knowledge on an individual’s
risk trajectory that could otherwise not be gained or only at substantially higher costs. In
this case, the extracted information may be leveraged to refine and augment future health
trajectories. One example is the consideration of lH-NMR metabolomic data along the AS-
CVD predictor set for the prediction of type-2 diabetes, dementia, or heart failure, where
significant performance increases translating into increased clinical utility were found (see
figure 5.5 on page 117). Other examples are the consideration of an individual’s medical
history along cardiovascular predictors of the SCORE2, ASCVD, or QRISK3 sets (see fig-
ure 6.4 on page 137) or the addition of PGS to the already very comprehensive Neural CVD
predictor set (see table 4.3 on page 93). In the case of the 1H-NMR metabolomics and the
PGS, the added information comes at the expense of additional measurements, calling for a
precise definition of the benefitting subpopulation that should receive the assay. However,

even if the information in the complex data modality is not exactly additive to complex vari-
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able sets, there is still vast potential for clinical utility through optimizing workflows and
reducing resource requirements. The experiments in this study have demonstrated that by
utilizing the information extracted from a complex data modality in combination with easily
accessible predictors such as age and biological sex, the risk for multiple diseases may be
estimated quite reliably at low costs. Such a risk model would promise to reduce friction
in the primary care setting by reducing the time and effort required for predictor collection
while simultaneously rendering a systematic risk assessment feasible. Importantly, the ap-
peal of such an approach increases with every predictable endpoint, even if the performance
of the extracted information in combination with age and biological sex is only on par with
established, specialized risk models. One example is the use of 1H-NMR metabolomics in
combination with Age+Sex as a drop-in replacement for multiple individual risk factor mea-
surements requiring laboratory assays to derive a risk model able to assess 10-year disease
onset reliably for 15 common diseases, performing on par with ASCVD predictors. Another
example is the combination of information from medical history with Age+Sex to allow sys-
temic risk assessment for a vast number of endpoints. Importantly, this system could run as a
guardian-angel running in the background of care platforms. Additionally, this combination
performed comparably or better than SCORE2, ASCVD, and QRISK3, indicating direct ap-

plicability with the potential to simplify cardiovascular risk modeling in primary prevention.

Nevertheless, while a significant addition of predictive information is a prerequisite of
clinical utility, it is insufficient as proof. In the case of the IH-NMR metabolomics data,
decision curve analysis was performed for all endpoints with significant additions over age
and biological sex, leading to the identification of explicit decision thresholds at which the
added discriminatory performance would translate into an overall net benefit (i.e., into more
correctly identified high-risk individuals, see results for heart failure, dementia, and type-
2 diabetes, figure 5.5 on page 117). However, as decision curve analysis requires manual
inspection, in the case of the retinal fundus photographs and the medical history, the sys-
tematic tracing of clinical utility over decision thresholds was impeded by the vast number
of endpoints with a significant benefit over age and biological sex. Consequently, future
studies must investigate which endpoints the discriminatory benefits translate into clinical

benefit and quantify the clinical benefit over the spectrum of possible decision thresholds.

Further, while decision curve analysis is the state-of-the-art method to holistically eval-
uate the clinical benefit given established interventions and decision thresholds, it is no
replacement for a real-world demonstration. Thus, towards applying the developed models

in primary prevention, the added value of intervening in identified high-risk individuals has

162



to be demonstrated explicitly in randomized controlled trials. While the administration of
interventive medication has been demonstrated to be effective, for instance, in the example
of statins in cardiovascular prevention (Armitage et al. 2019; Collins et al. 2016; Tonelli et
al. 2011), and interventions on modifiable risk factors have been proven to delay the onset
of type-2 diabetes (Pronk, Remington, and Force* 2015), the benefit of risk communication
for the induction of lifestyle changes is debated (Ngandu et al. 2022; Silarova et al. 2019).
This is especially critical, as the majority of the endpoints modeled by, e.g., the metabolomic
state model or the medical history model, lack established medicinal interventions. Thus,
trials are required to investigate the benefits of lifestyle advice or further diagnostic screen-
ing, especially for diseases without available medicative interventions. Another strong call
for real-world evidence emerges from the very homogeneous study population, composed
predominantly of middle-aged caucasians. While external validation has been performed for
the metabolomic state model, the validation cohorts were limited to the European continent.
Therefore, additional investigations are needed to assess the transferability of the findings

to genetically distant populations or different non-European healthcare systems.

In summary, this study has demonstrated the capability of neural survival models as a ver-
satile tool to unlock the potential of complex data modalities for primary prevention. Exem-
plified in four experiments for four independent data modalities, this study has showcased
the application of neural survival models for the extraction of risk-relevant information from
complex data modalities and its scrutinization against established risk models and predic-
tors. Many more interesting and information-rich data sources worth examining exist, and
the experimentative framework solidified in this study may serve as a blueprint for further
investigations. While the models developed in this study will likely not enter clinical prac-
tice, their demonstrated capabilities and proposed benefits make a strong case to lay focus on
exploiting underused data modalities and multi-disease risk modeling to improve discrimi-
nation, reduce resource requirements and increase clinical benefit. Collectively, this study
illustrates the potential of machine learning models to disrupt medical practice and enter an

age of data-driven prevention-centered medicine on a population scale.
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Acronyms

1H-NMR
AAA
AMD
ANN
ASCVD
BCRAT
BMI
CAP
CHD
CI
CKD
CNN
COPD
CPH
CVD
DAG
DHA
DSM
ECG
EHR
FP
GELU
GlycA
GP
GPU
GWAS
HDL
HR

Proton Nuclear Magnetic Resonance
Abdominal Aortic Aneurysm
Age-related Macula Degeneration
Artificial Neural Network
Atherosclerotic Cardiovascular Disease
Breast Cancer Risk Assessment Tool
Body Mass Index

Coronary Artery Disease

Coronary Heart Disease

Confidence Interval

Chronic Kidney Disease
Convolutional Neural Network
Chronic Obstructive Pulmonary Disease
Cox Proportional Hazards
Cardiovascular Disease

Directed Acyclic Graph
DocosaHexaenoic Acid

Deep Survival Machines

Electronic Cardiogram

Electronic Health Record

Family Physician

Gaussian Error Linear Unit
Glycoprotein Acetylation

General Practitioner

Graphics Processing Unit

Genome Wide Association Study
High-Density Lipoprotein

Hazard Ratio
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Acronyms

IBA Information Bottleneck Attribution
ICD International Classification of Diseases
IFG Impaired Fasting Glucose

IQR Inter Quartile Range

LA Ainoleic Acid

LDL Low-Density Lipoprotein

LDL-C Low-Density Lipoprotein Cholesterol
Leaky ReLU Leaky Rectified Linear Unit

LR Logistic Regression

MACE Major Adverse Cardiac Events
MET Metabolomic State

MI Myocardial Infarction

MLP Multi Layer Perceptron

MS Mass-Spectrometry

MUFA Monounsaturated Fatty Acid

NaN Not a Number

NGS Next-Generation Sequencing

NHS National Health Service

NN Neural Network

NRI Net Reclassification Improvement
PAD Peripheral Artery Disease

PCA Principal Component Analysis
PCE Pooled Cohort Equations

PCP Primary Care Provider

PGS Polygenic Score

PPV Positive Predictive Value

PRS Polygenic Risk Score

RCT Randomized Controlled Trial
ReLU Rectified Linear Unit

ResNet Residual Neural Network

RRD Relative Risk Difference

SCORE Systematic COronary Risk Evaluation
SELU Scaled Exponential Linear Unit
SFA Saturated Fatty Acid

SGD Stochastic Gradient Descent
SHAP SHapley Additive exPlanations
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SiLU
SNP
TG
TIA
TNR
TPR
TPU
UMAP

Acronyms

Sigmoid Linear Unit

Single Nucleotide Polymorphism
TriGlyceride

Transient Ischaemic Attack

True Negative Rate/Specificity

True Positive Rate/Recall or Sensitivity
Tensor Processing Unit

Uniform Manifold Approximation and Projection
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Zusammenfassung

Die Kosten im Gesundheitswesen steigen systematisch und derzeitige therapieorientierte
Gesundheitssysteme sind nicht nachhaltig. Angesichts vieler verhinderbarer Krankheiten
stellt die Prévention ein veritables Instrument zur Verringerung von Kosten und Leiden
dar. Risikostratifizierung ist die grundlegende Voraussetzung fiir ein praventionszentri-
ertes Gesundheitswesen um Personen mit hohem Risiko zu identifizieren und Malnah-
men einzuleiten. Heute ist eine systematische Risikostratifizierung jedoch nur begrenzt
moglich, da fiir die meisten Krankheiten keine Risikomodelle existieren und sich verfiig-
bare Modelle auf einzelne Krankheiten beschrinken. Weil fiir deren Berechnung jeweils
spezielle Sets an Prddiktoren zu erheben sind werden in Praxis oft nur wenige Modelle
angewandt. Gleichzeitig versprechen komplexe Datenmodalititen, wie Bilder oder -omics-
Messungen, systemische Informationen iiber zukiinftige Gesundheitsverldufe, mit poten-
tieller Relevanz fiir viele Endpunkte gleichzeitig. Da es an dedizierten Methoden zur Ex-
traktion klinisch relevanter Informationen fehlt, sind diese Daten jedoch fiir die Risikomod-
ellierung unzugénglich, und ihr Potenzial blieb bislang unbewertet. Diese Studie nutzt ma-
chinelles Lernen, um die Anwendbarkeit von vier Datenmodalititen in der Primérpraven-
tion zu untersuchen: polygene Risikoscores fiir die kardiovaskuldre Pravention, NMR Meta-
bolomicsdaten, elektronische Gesundheitsakten und Netzhautfundusfotos. Pro Datenmodal-
itdt wurde ein neuronales Risikomodell entwickelt, um relevante Informationen zu extra-
hieren, additive Information gegeniiber iiblicherweise erfassten Kovariaten zu quantifizieren
und den potenziellen klinischen Nutzen der Datenmodalitit zu ermitteln. Die entwickelte
Me-thodik konnte polygene Risikoscores fiir die kardiovaskuldre Prévention integrieren.
Im Falle der NMR-Metabolomik erschloss die entwickelte Methodik wertvolle Informa-
tionen iiber den zukiinftigen Ausbruch von Krankheiten. Unter Einsatz einer phdnomen-
weiten Risikomodellierung erwiesen sich elektronische Gesundheitsakten als Quelle pradik-
tiver Information mit hoher systemischer Relevanz. Bei der Analyse von Fundusfotografien
der Netzhaut wurden Krankheiten identifiziert fiir deren Vorhersage Netzhautinformationen
genutzt werden konnten. Zusammengefasst zeigten die Ergebnisse das Potential neuronaler
Risikomodelle die medizinische Praxis in Richtung einer datengesteuerten, praventionsori-

entierten Medizin zu veridndern.
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Figure

Table 1: Third party material utilized in this study.
Source

Description

figure 5.1 on page 103

https://www.flaticon.com/
free-icon/blood-tube_2978935?
related_id=2978935

Blood draw icon

figure 1.2 on page 9,
figure 3.1 on page 82,
figure 5.1 on page 103

https://www.flaticon.com/
free-dicon/crowd_3382490?term=
population&related_id=3382490

Population icon

figure 3.1 on page 82

https://www.flaticon.com/
free-icon/location_5352397?
term=1location&page=1&position=
1&page=1&position=1&related_-id=
535239&origin=style

Location icon

figure 3.1 on page 82

https://www.flaticon.com/
premium-icon/locations_19167017?
related_id=1916701

Location icon 2

figure 2.6 on page 70
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https://www.flaticon.com/
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Figure 1: Spatial validation of the NeuralCVD model. a, Displayed is the discriminatory performance of the Neural CVD
model The NeuralCVD score outperforms existing approaches in discrimination at ten years measured by Harrell’s C-index
(via bootstrap).Displayed is the discriminatory performance of the Neural CVD model in terms of C-index over the 22 assess-

ment centers of the UK Biobank cohort.
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Figure 2: Polygenic risk scores and survival models. a, Frequency of Major Adverse Cardiac Events (MACE) over the
Polygenic Score (PGS) percentiles for all applied PGS scores, labelled by their PGS catalogue ID. The calculated PGSMETA
score summarizes the information from all six scores. b, Mean cumulative risk predicted by models trained on solely the clini-
cal predictors (light colour) and models trained on the clinical and PGS information (dark colour) for the Cox and NeuralCVD
models, respectively, over the PGS percentiles. All models exploit the information provided by the six PGS variables.
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Figure 3: Relative risk differences show no relevant univariate correlation with individual risk factors. Relative risk
differences between individual predictions of models trained on clinical variables alone and clinical variables including PGS
for the Cox model (linear blue, with interactions red) and the NeuralCVD score (green). Individual clinical factors do not
correlate notably with the observed relative risk differences.
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Figure 4: Relative risk differences are influenced by clinical phenotype and age over the entire spectrum of polygenic
risk. a, Relative risk differences within the Cox model (linear blue, with interactions red) and the NeuralCVD (green) score
upon PGS addition vs clinical risk stratified by age. b, Relative risk differences within the Cox model (linear blue, with
interactions red) and the Neural CVD (green) score upon PGS addition vs. age stratified by clinical risk.
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Figure 5: Stratified relative risks of genetic predisposition. Risk (based on event rates) of high and low genetic predis-
position relative to median genetic risk stratified by predicted clinical risk (recalibrated QRISK3) and age. High genetic risk
individuals face an increase in relative risk at age<50 and otherwise low risk. At age>60 and already high risk, there is a
decrease in relative risk.
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Figure 6: External validation in four independent cohorts. a, Displayed are discriminative performances quantified by
the C-index for the UK Biobank and the four external validation cohorts, Whitehall IT (WHII), Rotterdam Study (RS), Leiden
Longevity Study (LLS) and the PROSPER trial (PROSPER). CPH models were trained on the metabolomic state model (MET)
as fitted on UK Biobank and applied to each cohort, as well as on Age+Sex and Age+Sex+MET. The metabolomic state is
predictive in the replication cohorts for all assessed endpoints. Dots indicate the median performance, while whiskers indicate
the 95 % Confidence Interval (CI) determined by bootstrapping over 1000 iterations. b, Age+Sex adjusted Hazard Ratio (HR)
for the metabolomic state in all five cohorts. A unit standard deviation increase in the metabolomic state corresponds to a HR
increase in predicted risk. 95 % confidence interval is indicated and estimated by bootstrapping over 1000 iterations.
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Figure 7: The discriminative performance is largely comparable over multiple subgroups. Displayed are the discrimina-
tive performances of the metabolomic state, the three clinical predictor sets and their combinations stratified by endpoint, age
at recruitment, biological sex, and self-reported ethnic background. The number of events and eligible individuals is indicated
at the top of each panel. As the concordance index is only reliable if a sufficient number of events are recorded, subgroups
with less than 100 events were excluded. All performances are reported as medians (dots) and whiskers extend to the 95 %
confidence intervals as estimated by bootstrapping over 1000 iterations.
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Figure 8: Comparison of predictive performance of the PANEL predictors in a Cox Proportional Hazards (CPH) model
and the neural network. Comparison of discriminative performances of the Cox Proportional Hazards (CPH) models and
Metabolomic State Model (MSM) trained on the PANEL covariates. The discriminative performance of the PANEL predictors
is either similar or can be further improved by modeling with the same architecture as the metabolomic state model for most
(non-cancer) endpoints. All performances are reported as medians (dots) and whiskers extend to the 95 % confidence intervals
as estimated by bootstrapping over 1000 iterations.
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Figure 9: The metabolomic state model outperforms linear baselines on NMR-derived metabolite profiles and NMR-
derived metabolite profiles are more predictive than PANEL metabolites. a, Displayed are C-indices for the Cox Propor-
tional Hazards (CPH) models trained on the metabolomic state (MET), the 168 metabolites (CPH) as well as on the first 10
components of a PCA-reduction of the 168 metabolites (PCA) for each of the 24 investigated endpoints. The metabolomic state
performs comparably or better than both the CPH and PCA models for all endpoints, except prostate cancer. b, Displayed are
C-indices for Cox Proportional Hazards (CPH) models trained on Age+Sex (Age+Sex), the metabolomic states derived from
NMR metabolomics (MET(NMR)), the metabolomic states derived from the PANEL metabolites (MET(PANEL)) and com-
binations of Age+Sex and the metabolomic states respectively. NMR metabolomic profiles provide predictive information
comparable or superior to the PANEL metabolites for all investigated endpoints, also reflected in the predictive performance
over the Age+Sex covariates. The MET(PANEL) set included albumin, cholesterol, hdl-cholesterol, 1dl direct, triglycerides,
glucose and creatinine. All performances are reported as medians (dots) and whiskers extend to the 95 % confidence intervals
as estimated by bootstrapping over 1000 iterations. Major Adverse Cardiac Events (MACE), Coronary Heart Disease (CHD),
Peripheral Artery Disease (PAD), Abdominal Aortic Aneurysm (AAA), Chronic Obstructive Pulmonary Disease (COPD).
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Figure 10: Model calibration and clinical utility for all endpoints. Displayed are calibration curves and decision curves
analyzing clinical utility for all endpoints. In each panel, the left figure displays the calibration curve calibration curve for
Cox Proportional Hazards (CPH) models including the baseline parameter sets AgeSex, ASCVD and PANEL as well as
their extensions with the metabolomic state (i.e. AgeSex+MET). All models are well calibrated. The center figure displays
endpoint specific net benefit curves standardized by the endpoint prevalence, where the horizontal solid gray line indicates
“treat none” and the vertical solid gray line indicates “treat all”. The standardized net benefit of AgeSex (gray line), ASCVD
(dashed dark gray line) and the PANEL set (dotted black line), are compared to AgeSex+MET (green line) and additional
non-laboratory predictors of the PANEL (PANELnoLaboratory, blue line). The green alpha indicates the added benefit of
the metabolomic state addition over AgeSex, while the blue alpha indicates added performance over PANELnoLaboratory,
respectively. The right figure displays the standardized net benefit curves comparing the performance of PANEL+MET (solid
black line) against all baselines: AgeSex (gray line), ASCVD (dashed dark gray line) and the PANEL set (dotted black line).
Major Adverse Cardiac Events (MACE), Coronary Heart Disease (CHD), Peripheral Artery Disease (PAD), Abdominal Aortic
Aneurysm (AAA), Chronic Obstructive Pulmonary Disease (COPD).
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Figure 11: The metabolomic state contains independent predictive information over the APOE4 carrier status for
all-cause dementia. a, Displayed are C-index deltas between a CPH model trained on the PANEL+4POE4 predictor
set, its metabolomic state addition (PANEL+4POE4+MET) as well as between a CPH model trained on the PANEL set
and its respective metabolomic state addition (PANEL+MET). The metabolomic state adds predictive information over
the PANEL+APOE4. b, Displayed are partial trajectories for MET deciles (Top, Median, Bottom 10 %) adjusted for the
PANEL covariates and the PANEL+4POE4 covariates, respectively. ¢, Hazard Ratio (HR) for the metabolomic state ad-
justed for the predictors of the PANEL and PANEL+APOE4. d, Decision curve analysis for PANEL/PANEL+MET and
PANEL+APOE4/PANEL+APOE4+MET. The areas in between the solid and dotted lines indicate added net benefits resulting
from metabolomic state addition to PANEL (gray lines, red area) and PANEL+A4POE4 (black lines, violett area), respectively.
The addition of the metabolomic state to the PANEL predictors improves population net benefit between the 2-8 % decision
threshold. In case of PANEL+A4POEY, the metabolomic state addition improves utility at thresholds between 5-10 %. C-index

deltas and HRs are reported as medians (dots) and whiskers extend to the 95 % confidence intervals as estimated by boot-
strapping over 1000 iterations.
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Figure 12: Global metabolite importances for each metabolite and endpoint. Displayed is a heatmap of the metabolite
importances, represented by absolute global SHAP value estimates per endpoint for all measured 168 circulating metabolites.
The endpoints are sorted by the discriminative performance of the metabolomic state (left to right, see figure 8 on page 210).
Major Adverse Cardiac Events (MACE), Coronary Heart Disease (CHD), Peripheral Artery Disease (PAD), Abdominal Aortic
Aneurysm (AAA), Chronic Obstructive Pulmonary Disease (COPD).
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Figure 13: Global attributions for all endpoints. Displayed are global metabolite attribution profiles for all endpoints.
Individual attributions are aggregated by percentiles with each dot indicating one percentile. The more distant a dot from the
circular baseline, the stronger the absolute attribution for the percentile. Deviations toward the center represent negative, and
deviations toward the outside represent positive contributions to the metabolomic state. The color indicates the metabolite’s
mean normalized plasma value. Major Adverse Cardiac Events (MACE), Coronary Heart Disease (CHD), Peripheral Artery
Disease (PAD), Abdominal Aortic Aneurysm (AAA), Chronic Obstructive Pulmonary Disease (COPD).
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Figure 14: Metabolites differ throughout the attribution space. Displayed are distributions for all 168 measured metabo-
lites stratified by the region (A, B and C) in the UMARP of the attribution space for type 2 diabetes (see figure 5.7 on page 122).
Regions were defined by including all samples with an euclidean distance < 1 to the centroid A, B and C respectively; an eu-
clidean distance of 1 is indicated by the scale bar (see figure 5.7 on page 122). The distributions differ significantly for
metabolites, including glucose, fatty acids (i.e., LA and Omega-6) and multiple lipoprotein components (i.e., VLDL choles-
terol and very large HDL triglycerides).
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Table 1: Comparison of covariate and metabolite distributions for all cohorts.

UKB WHII Rotterdam Leiden PROSPER
(n=117981) (n=6117) Study Longevity (n=960)
(n=2949) Study
(n=1655)

Basic Median 44- 50- 55- 60- 65- Median Median Median
Charac- (IQR) 49 54 59 64 69 (IQR) (IQR) (IQR)
teristics
Age 58 50 63 1268 | 1775 1293 1296 485 74 70 79 59 54 63 75 73 78
(Years) (20.7%) (29.0%)] (21.1%) (21.2%) (7.9%
Biological Male: 54078 (45.8%) Male: 4347 (71.1%) Male: 1243 (42.1%) Male: 734 (44.5%) Male: 493 (51.4%)
Sex Female: 63903 (54.2%) Female: 1770 (28.9%) Female: 1706 (57.9%) Female: 921 (55.5%) Female: 467 (48.6%)
NMR Median Median Median Median Median
Metabo- (IQR) (IQR) (IQR) (IQR) (IQR)
lites
Acetate 0.01 0.01 0.02 0.05 0.03 0.07 0.04 0.03 0.06 | 0.04 0.03 0.05 | 0.02 0.01 0.03
(mmol/1)
Acetoacetdte 0.01 0.01 0.02 0.02 0.01 0.03 0.02 0.02 0.04 | 0.02 0.01 0.03 | 0.00 0.00 0.01
(mmol/1)
Acetone 0.01 0.01 0.02 0.02 0.02 0.03 0.02 0.01 0.02 | 0.02 0.01 0.02 | 0.02 0.02 0.03
(mmol/1)
Ala 0.29 0.24 0.34 0.41 0.37 0.46 0.34 0.30 039 | 035 0.31 041 | 0.36 0.31 0.42
(mmol/l)
Albumin | 38.89 36.88 40.91 44.12 42.14 46.01 38.21 36.55 39.96| 38.58 36.79 40.60[ 36.40 34.46 38.53
[€D)
ApoAl 1.42 1.27 1.58 1.51 1.39 1.66 1.46 1.31 1.63 | 1.53 1.36 1.71 | 134 1.20 1.49
@
ApoB 0.82 0.70 0.96 0.98 0.85 1.13 1.00 0.88 1.14 | 1.01 0.88 1.14 | 0.89 0.74 1.04
@
bOH- 0.04 0.03 0.07 0.05 0.02 0.12 0.05 0.03 0.08 | 0.04 0.03 0.07 | 0.08 0.06 0.13
butyrate
(mmol/1)
Cholines | 2.51 2.25 2.78 2.78 2.56 3.02 2.73 2.45 297 | 281 2.53 3.06 | 239 2.11 2.64
(mmol/l)
Citrate 0.06 0.05 0.07 0.06 0.06 0.07 0.08 0.07 0.09 | 0.07 0.06 0.08 | 0.08 0.07 0.09
(mmol/l)
Clinical 2.47 2.00 2.97 3.18 2.72 3.67 333 2.84 3.83 | 337 2.89 3.89 | 2.80 2.26 3.38
LDL-C
(mmol/1)
Creatinine| 0.06 0.06 0.07 0.08 0.07 0.09 0.08 0.07 0.09 | 0.08 0.07 0.09 | 0.08 0.07 0.09
(mmol/1)
DHA 0.22 0.18 0.28 0.24 0.20 0.29 0.20 0.16 025 | 0.22 0.17 027 | 0.19 0.15 0.23
(mmol/1)
Gln 0.53 0.48 0.58 0.64 0.59 0.68 0.65 0.61 0.70 | 0.66 0.61 0.71 | 0.62 0.57 0.67
(mmol/l)
Glucose 3.44 3.01 3.89 5.06 4.75 5.43 5.86 5.49 643 | 5.83 5.36 6.47 | 4.01 2.93 4.83
(mmol/l)
Gly 0.15 0.12 0.19 0.26 0.23 0.29 0.16 0.13 020 | 0.17 0.14 022 | 0.17 0.13 0.21
(mmol/1)
GlycA 0.78 0.71 0.86 0.83 0.77 0.90 0.89 0.81 097 | 0.89 0.81 097 | 0.89 0.82 0.97
(mmol/1)
HDL 9.61 9.49 9.77 9.60 9.51 9.73 9.53 9.43 9.67 | 9.54 9.43 9.67 | 9.54 9.44 9.66
size
(nm)
HDL-C 1.26 1.06 1.49 1.38 1.23 1.57 1.32 1.13 1.54 | 1.38 1.18 1.64 | 1.19 1.02 1.38
(mmol/l)
HDL- 0.98 0.83 1.17 1.08 0.96 1.23 1.03 0.87 1.21 | 1.08 0.91 1.28 | 0.93 0.80 1.08
CE
(mmol/1)
HDL- 0.28 0.24 0.33 0.30 0.27 0.35 0.29 0.25 0.34 | 031 0.26 0.36 | 0.26 0.23 0.30
FC
(mmol/1)
HDL-L 2.90 2.52 336 3.07 2.75 3.47 2.93 2.56 338 | 3.08 2.67 3.55 | 2.68 2.32 3.04
(mmol/l)
HDL-P 0.01 0.01 0.02 0.02 0.02 0.02 0.02 0.01 0.02 | 0.02 0.02 0.02 | 0.01 0.01 0.02
(mmol/l)
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UKB
(n=117981)

WHII
(n=6117)

Table 1 continued from previous page

Rotterdam
Study
(n=2949)

1 Data and Implementation

Leiden
Longevity
Study
(n=1655)

PROSPER
(n=960)

HDL-
PL
(mmol/l)

1.50 1.31

1.73

1.55

1.38

1.75

1.48

1.31

1.71

1.56

1.35

1.79

1.35 1.18

1.53

HDL-
TG
(mmol/1)

0.14 0.11

0.17

0.13

0.11

0.17

0.12

0.10

0.15

0.13

0.10

0.16

0.13 0.10

0.16

His
(mmol/1)

0.06 0.06

0.07

0.08

0.07

0.08

0.07

0.07

0.08

0.07

0.06

0.08

0.07 0.06

0.07

IDL-C
(mmol/1)

0.83 0.69

0.97

0.98

0.86

1.11

0.99

0.85

1.14

0.99

0.85

1.15

0.85 0.72

1.01

IDL-CE
(mmol/1)

0.61 0.50

0.71

0.73

0.64

0.82

0.73

0.62

0.84

0.74

0.63

0.85

0.62 0.52

0.74

IDL-FC
(mmol/l)

0.22 0.18

0.26

0.25

0.22

0.28

0.26

0.23

0.30

0.25

0.22

0.29

0.23 0.19

0.27

IDL-L
(mmol/l)

1.21 1.02

1.40

1.42

1.25

1.60

1.42

1.23

1.62

1.42

1.23

1.62

1.26 1.06

1.48

IDL-P
(mmol/1)

0.00 0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00 0.00

0.00

IDL-PL
(mmol/1)

0.29 0.25

0.33

0.33

0.29

0.38

0.33

0.29

0.37

0.33

0.29

0.37

0.30 0.26

0.35

IDL-
TG
(mmol/1)

0.09 0.08

0.10

0.09

0.10

0.08

0.10

0.08

0.12

0.10 0.08

0.12

Tle
(mmol/l)

0.05 0.04

0.06

0.06

0.05

0.07

0.05

0.04

0.06

0.05

0.05

0.07

0.06 0.05

0.07

L-
HDL-C
(mmol/1)

0.26 0.17

0.39

0.29

0.22

0.39

0.24

0.16

0.36

0.26

0.17

0.37

0.22 0.15

0.31

L-
HDL-
CE
(mmol/l)

0.20 0.13

0.30

0.23

0.17

0.30

0.19

0.13

0.28

0.20

0.13

0.29

0.17 0.12

0.24

L-
HDL-
FC
(mmol/1)

0.06 0.04

0.09

0.06

0.05

0.09

0.05

0.04

0.08

0.06

0.04

0.08

0.05 0.03

0.07

L-
HDL-L
(mmol/l)

0.57 0.41

0.82

0.61

0.47

0.81

0.53

0.37

0.74

0.56

0.38

0.79

0.49 0.35

0.66

L-
HDL-P
(mmol/1)

0.00 0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00 0.00

0.00

L-

HDL-
PL
(mmol/l)

0.29 0.21

0.41

0.30

0.23

0.39

0.26

0.19

0.36

0.28

0.19

0.39

0.24 0.17

0.32

L-
HDL-
TG
(mmol/1)

0.03 0.02

0.04

0.03

0.02

0.04

0.02

0.02

0.03

0.02

0.02

0.03

0.02 0.02

0.03

L-
LDL-C
(mmol/l)

1.10 0.92

1.29

1.40

1.21

1.59

1.45

1.25

1.67

1.49

1.29

1.71

1.23 1.03

1.47

L-LDL-
CE
(mmol/1)

0.81 0.68

0.95

1.03

0.90

1.18

1.07

0.92

1.23

1.10

0.96

1.27

0.91 0.76

1.08

L-LDL-
FC
(mmol/l)

0.29 0.24

0.34

0.36

0.32

0.41

0.38

0.32

0.44

0.38

0.33

0.44

0.33 0.27

0.39

L-
LDL-L
(mmol/1)

1.54 1.30

1.79

1.93

1.69

2.18

2.00

1.74

228

2.04

1.79

233

1.72 1.45

2.02
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Supplementary Tables

UKB
(n=117981)

WHII
(n=6117)

Table 1 continued from previous page

Rotterdam
Study
(n=2949)

Leiden
Longevity
Study
(n=1655)

PROSPER
(n=960)

L-
LDL-P
(mmol/l)

0.00 0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00 0.00

0.00

L-LDL-
PL
(mmol/1)

0.35 0.30

0.40

0.43

0.38

0.48

0.44

0.39

0.50

0.45

0.39

0.51

0.39 0.33

0.45

L-LDL-
TG
(mmol/1)

0.09 0.08

0.11

0.10

0.09

0.12

0.10

0.09

0.11

0.10

0.09

0.12

0.10 0.09

0.12

L-
VLDL-
C
(mmol/1)

0.09 0.06

0.13

0.10

0.07

0.13

0.11

0.08

0.15

0.11

0.08

0.15

0.08 0.06

0.11

L-
VLDL-
CE
(mmol/l)

0.05 0.03

0.07

0.06

0.04

0.07

0.06

0.04

0.08

0.06

0.04

0.08

0.04 0.03

0.06

L-
VLDL-
FC
(mmol/1)

0.04 0.03

0.06

0.05

0.03

0.06

0.05

0.04

0.07

0.05

0.04

0.08

0.04 0.03

0.05

L-
VLDL-
L
(mmol/1)

0.30 0.20

0.43

0.31

0.21

0.43

0.37

0.26

0.53

0.38

0.26

0.56

0.24 0.17

0.33

L-
VLDL-
P
(mmol/l)

0.00 0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00 0.00

0.00

L-
VLDL-
PL
(mmol/1)

0.06 0.04

0.09

0.06

0.04

0.09

0.07

0.05

0.11

0.07

0.05

0.11

0.05 0.03

0.07

L-
VLDL-
TG
(mmol/1)

0.15 0.10

0.22

0.14

0.09

0.21

0.19

0.13

0.27

0.19

0.13

0.30

0.11 0.07

0.15

LA
(mmol/1)

3.37 2.95

3.83

3.83

3.45

427

3.90

344

438

3.97

3.49

447

3.27 2.82

3.79

Lactate
(mmol/1)

3.68 3.05

4.42

2.46

2.10

1.20

0.95

1.40

1.04

522 3.72

7.88

LDL
size
(nm)

23.93 23.86

23.98

23.97

23.94

23.99

23.93

23.85

23.99]

23.91

23.84

23.97

23.97 23.92

24.01

LDL-C
(mmol/l)

1.68 1.41

1.98

2.14

1.86

244

225

1.94

2.55

2.30

1.99

2.62

1.90 1.58

223

LDL-
CE
(mmol/l)

1.23 1.03

1.45

1.56

1.35

1.79

1.64

1.41

1.86

1.69

1.45

1.92

1.37 1.14

1.61

LDL-
FC
(mmol/l)

0.45 0.38

0.53

0.57

0.50

0.65

0.61

0.52

0.69

0.62

0.53

0.71

0.52 0.43

0.61

LDL-L
(mmol/l)

241 2.04

2.82

3.02

2.64

343

3.16

2.74

3.56

323

2.81

3.66

2.70 227

3.17

LDL-P
(mmol/1)

0.00 0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00 0.00

0.00

LDL-
PL
(mmol/1)

0.59 0.50

0.69

0.73

0.64

0.82

0.76

0.66

0.85

0.77

0.68

0.87

0.66 0.55

0.77

LDL-
TG
(mmol/l)

0.14 0.12

0.16

0.15

0.13

0.18

0.15

0.13

0.17

0.15

0.13

0.18

0.15 0.13

0.18

Leu
(mmol/1)

0.10 0.08

0.11

0.13

0.11

0.14

0.10

0.09

0.12

0.11

0.09

0.13

0.11 0.10

0.13
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UKB
(n=117981)

WHII
(n=6117)

Table 1 continued from previous page

Rotterdam
Study
(n=2949)

1 Data and Implementation

Leiden
Longevity
Study
(n=1655)

PROSPER
(n=960)

M-
HDL-C
(mmol/l)

0.48 0.40

0.56

0.52

0.46

0.59

0.49

0.42

0.59

0.53

0.44

0.63

0.44 0.37

0.52

M-
HDL-
CE
(mmol/1)

0.39 0.33

0.46

0.43

0.38

0.49

0.41

0.35

0.48

0.43

0.36

0.52

0.37 0.31

0.43

M-
HDL-
FC
(mmol/1)

0.08 0.07

0.10

0.09

0.08

0.11

0.09

0.07

0.09

0.08

0.08 0.06

0.09

M-
HDL-L
(mmol/1)

1.01 0.87

1.16

1.06

0.94

1.20

1.01

0.88

1.17

1.07

0.92

1.24

0.91 0.78

1.05

M-
HDL-P
(mmol/l)

0.00 0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00 0.00

0.00

M-
HDL-
PL
(mmol/1)

0.47 0.41

0.54

0.49

044

0.55

0.47

0.41

0.54

0.50

0.42

0.57

0.42 0.36

0.49

M-
HDL-
TG
(mmol/1)

0.05 0.04

0.06

0.05

0.04

0.06

0.04

0.04

0.06

0.05

0.04

0.06

0.04 0.03

0.06

M-
LDL-C
(mmol/1)

0.41 0.34

0.49

0.53

0.45

0.61

0.56

0.48

0.64

0.57

0.49

0.66

0.46 0.38

0.54

M-
LDL-
CE
(mmol/1)

0.30 0.24

0.36

0.38

0.32

0.44

0.39

0.34

0.46

0.41

0.35

0.47

0.32 0.26

0.38

M-
LDL-
FC
(mmol/l)

0.13

0.14

0.17

0.14

0.19

0.14 0.11

0.16

M-
LDL-L
(mmol/1)

0.60 0.50

0.71

0.76

0.65

0.87

0.80

0.70

0.92

0.83

0.71

0.95

0.68 0.56

0.79

M-
LDL-P
(mmol/1)

0.00 0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00 0.00

0.00

M-
LDL-
PL
(mmol/1)

0.16 0.13

0.18

0.20

0.17

0.23

0.21

0.18

0.24

0.22

0.19

0.25

0.18 0.15

0.21

M-
LDL-
TG
(mmol/l)

0.03 0.03

0.04

0.03

0.03

0.04

0.03

0.03

0.04

0.04

0.03

0.04

0.03 0.03

0.04

M-
VLDL-
C
(mmol/1)

0.16 0.12

0.21

021

0.17

0.26

022

0.17

0.26

0.21

0.17

0.26

0.18 0.13

0.23

M-
VLDL-
CE
(mmol/1)

0.09 0.06

0.12

0.12

0.09

0.14

0.12

0.09

0.14

0.11

0.09

0.14

0.10 0.07

0.13

M-
VLDL-
FC
(mmol/l)

0.08 0.06

0.10

0.09

0.07

0.10

0.08

0.10

0.08

0.12

0.08 0.06

0.10
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Supplementary Tables

UKB
(n=117981)

WHII
(n=6117)

Table 1 continued from previous page

Rotterdam
Study
(n=2949)

Leiden
Longevity
Study
(n=1655)

PROSPER
(n=960)

M-
VLDL-
L
(mmol/l)

0.55 0.42

0.69

0.64

0.51

0.78

0.69

0.55

0.86

0.71

0.56

0.90

0.52 0.40

0.66

M-
VLDL-
P
(mmol/1)

0.00 0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00 0.00

0.00

M-
VLDL-
PL
(mmol/1)

0.12 0.09

0.16

0.15

0.12

0.19

0.16

0.13

0.19

0.16

0.13

0.20

0.13 0.09

0.16

M-
VLDL-
TG
(mmol/l)

0.25 0.19

0.34

0.27

0.20

0.35

0.31

0.24

0.42

0.33

0.24

0.46

0.22 0.17

0.28

MUFA
(mmol/1)

2.68 225

3.24

291

2.52

3.42

2.83

2.46

3.29

291

251

342

249 2.12

2.89

non-
HDL-C
(mmol/1)

3.21 2.67

3.78

3.91

3.36

446

4.06

3.52

4.63

4.09

3.58

4.69

3.49 2.84

4.09

Omega-
3
(mmol/l)

0.49 0.37

0.64

0.55

0.43

0.70

0.35

0.25

0.49

0.40

0.28

0.52

0.34 0.25

0.45

Omega-
[3
(mmol/1)

4.41 3.99

4.87

4.78

4.40

521

4.86

443

5.33

491

448

5.41

4.20 3.76

4.69

Phe
(mmol/1)

0.04 0.04

0.05

0.08

0.07

0.08

0.05

0.05

0.06

0.05

0.05

0.06

0.06 0.05

0.07

Phosphatid
(mmol/1l)

yl2.06 1.82

231

227

2.07

2.50

2.27

2.02

2.50

2.34

2.09

2.58

1.90 1.67

2.15

Phosphog]|
(mmol/l)

c2.23 1.98

2.50

2.46

224

2.70

241

2.15

2.64

248

222

2.73

2.07 1.81

2.31

PUFA
(mmol/l)

4.92 4.42

5.47

5.35

4.89

5.88

5.25

4.75

5.76

533

4.84

5.89

4.55 4.07

5.12

Pyruvate
(mmol/1)

0.08 0.06

0.09

0.05

0.04

0.06

0.06

0.04

0.07

0.07

0.05

0.09

0.07 0.05

0.12

Remnant-
C
(mmol/1)

1.52 1.25

1.81

1.76

1.51

2.04

1.81

1.56

2.08

1.80

1.55

2.07

1.56 1.26

1.88

S-
HDL-C
(mmol/l)

0.44 0.40

0.48

0.49

0.46

0.52

0.50

0.46

0.54

0.52

0.47

0.57

0.45 0.41

0.49

S-HDL-
CE
(mmol/1)

0.32 0.29

0.35

0.36

0.34

0.39

0.37

0.34

0.40

0.39

0.35

0.43

0.34 0.30

0.37

S-HDL-
FC
(mmol/l)

0.11 0.10

0.12

0.14

0.13

0.12

0.15

0.11 0.10

0.13

S-
HDL-L
(mmol/1)

1.14 1.04

1.24

1.23

1.15

1.32

1.24

1.14

1.34

1.29

1.19

1.42

1.12 1.02

1.23

S-
HDL-P
(mmol/1)

0.01 0.01

0.01

0.01

0.01

0.01

0.01

0.01

0.01

0.01

0.01

0.01

0.01 0.01

0.01

S-HDL-
PL
(mmol/l)

0.65 0.59

0.71

0.68

0.63

0.74

0.69

0.63

0.75

0.72

0.66

0.79

0.62 0.56

0.68

S-HDL-
TG
(mmol/1)

0.05 0.04

0.06

0.05

0.04

0.06

0.05

0.04

0.06

0.05

0.04

0.06

0.05 0.04

0.06

S-
LDL-C
(mmol/l)

0.21

0.22

0.24

0.23

0.20

0.26

0.23

0.20

0.26

0.19 0.16

0.23
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UKB
(n=117981)

WHII
(n=6117)

Table 1 continued from previous page

Rotterdam
Study
(n=2949)

1 Data and Implementation

Leiden
Longevity
Study
(n=1655)

PROSPER
(n=960)

S-LDL-
CE
(mmol/l)

0.13 0.11

0.15

0.13

0.18

0.16

0.14

0.16

0.14

0.14 0.11

S-LDL-
FC
(mmol/1)

0.05 0.04

0.06

0.06

0.05

0.07

0.07

0.06

0.07

0.07

0.06

0.08

0.06 0.05

0.06

S-
LDL-L
(mmol/1)

0.28 0.24

0.32

0.33

0.29

0.37

0.35

0.30

0.39

0.36

0.31

0.40

0.30 0.25

0.35

S-
LDL-P
(mmol/l)

0.00 0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00 0.00

0.00

S-LDL-
PL
(mmol/l)

0.09 0.07

0.10

0.10

0.09

0.11

0.10

0.09

0.12

0.11

0.09

0.12

0.09 0.08

0.11

S-LDL-
TG
(mmol/l)

0.01 0.01

0.02

0.01

0.01

0.02

0.01

0.01

0.02

0.02

0.01

0.02

0.01 0.01

0.02

S-
VLDL-
C
(mmol/1)

0.15 0.12

0.19

0.18

0.15

0.22

0.18

0.15

0.21

0.18

0.15

0.22

0.17 0.13

0.21

S-
VLDL-
CE
(mmol/1)

0.09 0.07

0.12

0.09

0.14

0.11

0.09

0.11

0.09

0.10 0.08

S-
VLDL-
FC
(mmol/l)

0.06 0.04

0.07

0.07

0.06

0.08

0.07

0.06

0.08

0.07

0.06

0.09

0.06 0.05

0.08

S-
VLDL-
L
(mmol/1)

0.39 0.31

0.49

0.45

0.37

0.54

0.46

0.37

0.55

0.47

0.38

0.57

0.40 0.33

0.49

S-
VLDL-
P
(mmol/l)

0.00 0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00 0.00

0.00

S-
VLDL-
PL
(mmol/1)

0.09 0.07

0.11

0.11

0.09

0.13

0.11

0.10

0.14

0.12

0.10

0.14

0.10 0.08

0.12

S-
VLDL-
TG
(mmol/1)

0.15 0.11

0.19

0.15

0.12

0.20

0.16

0.12

0.21

0.17

0.13

0.22

0.13 0.11

0.17

SFA
(mmol/1)

3.91 3.39

4.55

422

3.75

4.82

4.26

3.79

4.83

4.39

3.88

5.05

3.71 3.25

4.29

Sphingo-
myelins
(mmol/l)

0.44 0.39

0.49

0.50

0.46

0.54

0.50

0.45

0.54

0.51

0.47

0.56

0.46 0.41

0.51

Total
BCAA
(mmol/1)

0.34 0.30

0.40

0.42

0.38

0.47

0.38

0.34

0.43

0.39

0.34

0.45

0.40 0.36

0.45

Total-C
(mmol/1)

5.15

5.33

5.91

542

6.06

5.53

4.94

6.19

4.66 4.04

5.39

Total-
CE
(mmol/l)

3.29 2.86

3.74

3.87

3.49

4.28

3.96

3.51

442

4.04

3.60

4.51

3.38 2.95

3.91

Total-
FA
(mmol/1)

11.57 10.18

13.19

12.52

11.25

14.04

12.39

11.11

13.85

12.70

11.31

14.35

10.73 9.55

12.22
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Supplementary Tables

UKB
(n=117981)

WHII
(n=6117)

Table 1 continued from previous page

Rotterdam
Study
(n=2949)

Leiden
Longevity
Study
(n=1655)

PROSPER
(n=960)

Total-
FC
(mmol/l)

1.24 1.06

1.42

1.45

1.29

1.63

1.47

1.31

1.65

1.49

1.33

1.68

1.27 1.08

1.48

Total-L
(mmol/l)

8.65 7.62

9.75

9.67

8.73

10.69

9.94

8.97

11.02!

10.20

9.14

11.43

8.50 7.41

9.66

Total-P
(mmol/1)

0.02 0.01

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.02 0.01

0.02

Total-
PL
(mmol/1)

2.87 2.58

3.19

3.13

2.87

3.42

3.15

2.84

344

3.24

293

3.53

271 2.47

3.08

Total-
TG
(mmol/l)

1.18 0.87

1.61

1.14

0.87

1.52

1.27

0.98

1.71

1.32

1.00

1.85

1.02 0.78

1.30

Tyr
(mmol/1)

0.06 0.05

0.07

0.06

0.05

0.07

0.07

0.06

0.08

0.07

0.06

0.08

0.07 0.06

0.08

Unsa-
turation
(de-
gree)

1.36 1.31

1.41

1.37

1.33

1.41

1.32

1.28

1.36

1.31

1.27

1.36

1.30 1.26

1.35

Val
(mmol/l)

0.20 0.17

0.23

0.24

0.22

0.26

0.22

0.20

0.25

0.23

0.20

0.26

0.23 0.20

0.26

VLDL
size

(nm)

38.60 37.70

39.52

38.49

37.83

39.10

38.87

38.17

39.74]

38.92

38.19

39.86,

38.04 37.46

38.66

VLDL-
C
(mmol/1)

0.69 0.54

0.87

0.79

0.63

0.95

0.81

0.66

0.98

0.80

0.65

0.98

0.70 0.55

0.89

VLDL-
CE
(mmol/1)

0.41 0.32

0.52

0.48

0.39

0.58

0.48

0.39

0.58

0.48

0.39

0.57

0.43 0.34

0.55

VLDL-
FC
(mmol/1)

0.28 0.21

0.35

031

0.24

0.38

0.32

0.26

0.41

0.32

0.26

0.41

0.27 0.21

0.34

VLDL-
L
(mmol/l)

2.61

222

1.74

291

226

1.72

3.02

2.26

VLDL-
P
(mmol/1)

0.00 0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00 0.00

0.00

VLDL-
PL
(mmol/1l)

0.45 0.34

0.58

0.49

0.37

0.60

0.51

0.40

0.64

0.51

0.40

0.65

0.42 0.32

0.54

VLDL-
TG
(mmol/1)

0.81 0.54

1.17

0.76

0.53

1.07

0.90

0.64

1.29

0.94

0.66

1.41

0.64 0.45

0.86

XL-
HDL-C
(mmol/1)

0.07 0.06

0.10

0.08

0.06

0.10

0.07

0.06

0.09

0.07

0.06

0.09

0.07 0.06

0.09

XL-
HDL-
CE
(mmol/1)

0.05 0.04

0.07

0.06

0.04

0.07

0.05

0.04

0.07

0.05

0.04

0.07

0.05 0.04

0.06

XL-
HDL-
FC
(mmol/l)

0.02 0.02

0.03

0.02

0.02

0.02

0.02

0.02

0.03

0.02

0.02

0.02

0.02 0.02

0.03

XL-
HDL-L
(mmol/1)

0.15 0.11

0.21

0.15

0.12

0.19

0.13

0.10

0.18

0.13

0.10

0.18

0.13 0.10

0.17

XL-
HDL-P
(mmol/1)

0.00 0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00 0.00

0.00
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Rotterdam
Study
(n=2949)

1 Data and Implementation

Leiden
Longevity
Study
(n=1655)

PROSPER
(n=960)

XL-
HDL-
PL
(mmol/l)

0.07 0.05

0.10

0.06

0.05

0.09

0.06

0.04

0.08

0.05

0.03

0.08

0.06 0.04

0.08

XL-
HDL-
TG
(mmol/1)

0.01 0.01

0.01

0.01

0.01

0.01

0.01

0.00

0.01

0.01

0.00

0.01

0.01 0.01

0.01

XL-
VLDL-
C
(mmol/1)

0.05 0.03

0.07

0.05

0.04

0.07

0.06

0.04

0.08

0.06

0.04

0.08

0.05 0.03

0.06

XL-
VLDL-
CE
(mmol/l)

0.03 0.02

0.04

0.03

0.02

0.04

0.03

0.03

0.04

0.04

0.03

0.05

0.03 0.02

0.04

XL-
VLDL-
FC
(mmol/1)

0.02 0.01

0.03

0.02

0.01

0.03

0.02

0.02

0.03

0.02

0.01

0.04

0.02 0.01

0.03

XL-
VLDL-
L
(mmol/1)

0.18 0.10

0.28

0.17

0.10

0.25

0.20

0.13

0.31

0.20

0.13

0.33

0.14 0.09

0.20

XL-
VLDL-
P
(mmol/l)

0.00 0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00 0.00

0.00

XL-
VLDL-
PL
(mmol/1)

0.03 0.02

0.05

0.03

0.02

0.05

0.04

0.02

0.06

0.04

0.02

0.06

0.03 0.02

0.04

XL-
VLDL-
TG
(mmol/1)

0.09 0.05

0.15

0.08

0.04

0.13

0.11

0.06

0.17

0.11

0.06

0.19

0.06 0.04

0.10

XS-
VLDL-
C
(mmol/l)

0.18 0.15

0.22

0.20

0.17

0.23

0.20

0.17

0.23

0.19

0.16

0.22

0.18 0.15

0.22

XS-
VLDL-
CE
(mmol/1)

0.12 0.10

0.15

0.14

0.12

0.16

0.14

0.11

0.16

0.13

0.11

0.15

0.13 0.10

0.15

XS-
VLDL-
FC
(mmol/1)

0.06 0.05

0.07

0.06

0.05

0.07

0.06

0.05

0.07

0.06

0.05

0.07

0.06 0.05

0.07

XS-
VLDL-
L
(mmol/l)

0.35 0.30

0.41

0.38

0.32

0.44

0.36

0.31

0.42

0.36

0.31

0.41

0.35 0.29

0.42

XS-
VLDL-
P
(mmol/1)

0.00 0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00 0.00

0.00

XS-
VLDL-
PL
(mmol/1)

0.10 0.09

0.12

0.11

0.09

0.13

0.10

0.09

0.12

0.10

0.08

0.12

0.10 0.08

0.12

XS-
VLDL-
TG
(mmol/l)

0.07 0.05

0.08

0.07

0.06

0.08

0.06

0.05

0.08

0.07

0.05

0.08

0.06 0.05

0.08
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Rotterdam
Study
(n=2949)

Leiden
Longevity
Study
(n=1655)

PROSPER
(n=960)

XXL-
VLDL-
C
(mmol/l)

0.05 0.02

0.08

0.03

0.01

0.05

0.04

0.02

0.06

0.04

0.02

0.07

0.04 0.02

0.06

XXL-
VLDL-
CE
(mmol/1)

0.03 0.01

0.04

0.02

0.01

0.03

0.02

0.01

0.04

0.02

0.01

0.04

0.03 0.02

0.04

XXL-
VLDL-
FC
(mmol/1)

0.02 0.01

0.04

0.01

0.00

0.02

0.01

0.01

0.03

0.01

0.00

0.03

0.01 0.01

0.02

XXL-
VLDL-
L
(mmol/l)

0.18 0.07

0.34

0.07

0.02

0.18

0.12

0.05

0.24

0.11

0.03

0.25

0.10 0.03

0.19

XXL-
VLDL-
P
(mmol/1)

0.00 0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00 0.00

0.00

XXL-
VLDL-
PL
(mmol/1)

0.03 0.01

0.05

0.01

0.00

0.03

0.02

0.01

0.04

0.02

0.00

0.04

0.02 0.01

0.03

XXL-
VLDL-
TG
(mmol/l)
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0.10 0.04

0.20

0.03

0.00

0.06

0.02

0.14

0.06

0.01

0.15

0.04 0.00

0.09



1 Data and Implementation

Table 2: Metabolites measured in the 1H-NMR metabolomics assay. All metabolomic predictors were loglp transformed
and then standard scaled. All listed predictors are available in the UK Biobank cohort under Field ID 220 and were measured

at recruitment.

Abbreviation Description Subgroup Group

Ala Alanine Amino acids Amino acids

Gln Glutamine Amino acids Amino acids

Gly Glycine Amino acids Amino acids

His Histidine Amino acids Amino acids

Ile Isoleucine Branched-chain  amino Amino acids
acids

Leu Leucine Branched-chain  amino Amino acids
acids

Total BCAA Total concentration of branched-chain amino acids Branched-chain  amino Amino acids

(leucine + isoleucine + valine) acids

Val Valine Branched-chain  amino Amino acids
acids

Phe Phenylalanine Aromatic amino acids Amino acids

Tyr Tyrosine Aromatic amino acids Amino acids

ApoAl Apolipoprotein Al Apolipoproteins Apolipoproteins

ApoB Apolipoprotein B Apolipoproteins Apolipoproteins

Clinical LDL-C Clinical LDL cholesterol Cholesterol Cholesterol

HDL-C HDL cholesterol Cholesterol Cholesterol

LDL-C LDL cholesterol Cholesterol Cholesterol

non-HDL-C Total cholesterol minus HDL-C Cholesterol Cholesterol

Remnant-C Remnant  cholesterol  (non-HDL, non-LDL Cholesterol Cholesterol

-cholesterol)

Total-C Total cholesterol Cholesterol Cholesterol

VLDL-C VLDL cholesterol Cholesterol Cholesterol

HDL-CE Cholesteryl esters in HDL Cholesteryl esters Cholesteryl esters

LDL-CE Cholesteryl esters in LDL Cholesteryl esters Cholesteryl esters

Total-CE Total esterified cholesterol Cholesteryl esters Cholesteryl esters

VLDL-CE Cholesteryl esters in VLDL Cholesteryl esters Cholesteryl esters

DHA Docosahexaenoic acid Fatty acids Fatty acids

LA Linoleic acid Fatty acids Fatty acids

MUFA Monounsaturated fatty acids Fatty acids Fatty acids

Omega-3 Omega-3 fatty acids Fatty acids Fatty acids

Omega-6 Omega-6 fatty acids Fatty acids Fatty acids

PUFA Polyunsaturated fatty acids Fatty acids Fatty acids

SFA Saturated fatty acids Fatty acids Fatty acids

Total-FA Total fatty acids Fatty acids Fatty acids

Unsaturation Degree of unsaturation Fatty acids Fatty acids

Albumin Albumin Fluid balance Fluid balance

Creatinine Creatinine Fluid balance Fluid balance

HDL-FC Free cholesterol in HDL Free cholesterol Free cholesterol

LDL-FC Free cholesterol in LDL Free cholesterol Free cholesterol

Total-FC Total free cholesterol Free cholesterol Free cholesterol

VLDL-FC Free cholesterol in VLDL Free cholesterol Free cholesterol

Citrate Citrate Glycolysis related Glycolysis related
metabolites metabolites

Glucose Glucose Glycolysis related Glycolysis related
metabolites metabolites

Lactate Lactate Glycolysis related Glycolysis related
metabolites metabolites

Pyruvate Pyruvate Glycolysis related Glycolysis related
metabolites metabolites

GlycA Glycoprotein acetyls Inflammation Inflammation

Acetate Acetate Ketone bodies Ketone bodies

Acetoacetate Acetoacetate Ketone bodies Ketone bodies

Acetone Acetone Ketone bodies Ketone bodies

bOHbutyrate 3-Hydroxybutyrate Ketone bodies Ketone bodies

HDL-P Concentration of HDL particles Lipoprotein particle con- Lipoprotein particle con-
centrations centrations

LDL-P Concentration of LDL particles Lipoprotein particle con- Lipoprotein particle con-
centrations centrations

Total-P Total concentration of lipoprotein particles Lipoprotein particle con- Lipoprotein particle con-

centrations

centrations
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Abbreviation Description Subgroup Group
VLDL-P Concentration of VLDL particles Lipoprotein particle con- Lipoprotein particle con-
centrations centrations
HDL size Average diameter for HDL particles Lipoprotein particle Lipoprotein particle
sizes sizes
LDL size Average diameter for LDL particles Lipoprotein particle Lipoprotein particle
sizes sizes
VLDL size Average diameter for VLDL particles Lipoprotein particle Lipoprotein particle
sizes sizes
XXL-VLDL-C Cholesterol in chylomicrons and extremely large Chylomicrons and ex- Lipoprotein subclasses
VLDL tremely large VLDL
XXL-VLDL-CE Cholesteryl esters in chylomicrons and extremely Chylomicrons and ex- Lipoprotein subclasses
large VLDL tremely large VLDL
XXL-VLDL-FC Free cholesterol in chylomicrons and extremely Chylomicrons and ex- Lipoprotein subclasses
large VLDL tremely large VLDL
XXL-VLDL-L Total lipids in chylomicrons and extremely large Chylomicrons and ex- Lipoprotein subclasses
VLDL tremely large VLDL
XXL-VLDL-P Concentration of chylomicrons and extremely Chylomicrons and ex- Lipoprotein subclasses
large VLDL particles tremely large VLDL
XXL-VLDL-PL Phospholipids in chylomicrons and extremely Chylomicrons and ex- Lipoprotein subclasses
large VLDL tremely large VLDL
XXL-VLDL-TG Triglycerides in chylomicrons and extremely large Chylomicrons and ex- Lipoprotein subclasses
VLDL tremely large VLDL
XL-VLDL-C Cholesterol in very large VLDL Very large VLDL Lipoprotein subclasses
XL-VLDL-CE Cholesteryl esters in very large VLDL Very large VLDL Lipoprotein subclasses
XL-VLDL-FC Free cholesterol in very large VLDL Very large VLDL Lipoprotein subclasses
XL-VLDL-L Total lipids in very large VLDL Very large VLDL Lipoprotein subclasses
XL-VLDL-P Concentration of very large VLDL particles Very large VLDL Lipoprotein subclasses
XL-VLDL-PL Phospholipids in very large VLDL Very large VLDL Lipoprotein subclasses
XL-VLDL-TG Triglycerides in very large VLDL Very large VLDL Lipoprotein subclasses
L-VLDL-C Cholesterol in large VLDL Large VLDL Lipoprotein subclasses
L-VLDL-CE Cholesteryl esters in large VLDL Large VLDL Lipoprotein subclasses
L-VLDL-FC Free cholesterol in large VLDL Large VLDL Lipoprotein subclasses
L-VLDL-L Total lipids in large VLDL Large VLDL Lipoprotein subclasses
L-VLDL-P Concentration of large VLDL particles Large VLDL Lipoprotein subclasses
L-VLDL-PL Phospholipids in large VLDL Large VLDL Lipoprotein subclasses
L-VLDL-TG Triglycerides in large VLDL Large VLDL Lipoprotein subclasses
M-VLDL-C Cholesterol in medium VLDL Medium VLDL Lipoprotein subclasses
M-VLDL-CE Cholesteryl esters in medium VLDL Medium VLDL Lipoprotein subclasses
M-VLDL-FC Free cholesterol in medium VLDL Medium VLDL Lipoprotein subclasses
M-VLDL-L Total lipids in medium VLDL Medium VLDL Lipoprotein subclasses
M-VLDL-P Concentration of medium VLDL particles Medium VLDL Lipoprotein subclasses
M-VLDL-PL Phospholipids in medium VLDL Medium VLDL Lipoprotein subclasses
M-VLDL-TG Triglycerides in medium VLDL Medium VLDL Lipoprotein subclasses
S-VLDL-C Cholesterol in small VLDL Small VLDL Lipoprotein subclasses
S-VLDL-CE Cholesteryl esters in small VLDL Small VLDL Lipoprotein subclasses
S-VLDL-FC Free cholesterol in small VLDL Small VLDL Lipoprotein subclasses
S-VLDL-L Total lipids in small VLDL Small VLDL Lipoprotein subclasses
S-VLDL-P Concentration of small VLDL particles Small VLDL Lipoprotein subclasses
S-VLDL-PL Phospholipids in small VLDL Small VLDL Lipoprotein subclasses
S-VLDL-TG Triglycerides in small VLDL Small VLDL Lipoprotein subclasses
XS-VLDL-C Cholesterol in very small VLDL Very small VLDL Lipoprotein subclasses
XS-VLDL-CE Cholesteryl esters in very small VLDL Very small VLDL Lipoprotein subclasses
XS-VLDL-FC Free cholesterol in very small VLDL Very small VLDL Lipoprotein subclasses
XS-VLDL-L Total lipids in very small VLDL Very small VLDL Lipoprotein subclasses
XS-VLDL-P Concentration of very small VLDL particles Very small VLDL Lipoprotein subclasses
XS-VLDL-PL Phospholipids in very small VLDL Very small VLDL Lipoprotein subclasses
XS-VLDL-TG Triglycerides in very small VLDL Very small VLDL Lipoprotein subclasses
IDL-C Cholesterol in IDL IDL Lipoprotein subclasses
IDL-CE Cholesteryl esters in IDL IDL Lipoprotein subclasses
IDL-FC Free cholesterol in IDL IDL Lipoprotein subclasses
IDL-L Total lipids in IDL IDL Lipoprotein subclasses
IDL-P Concentration of IDL particles IDL Lipoprotein subclasses
IDL-PL Phospholipids in IDL IDL Lipoprotein subclasses
IDL-TG Triglycerides in IDL IDL Lipoprotein subclasses
L-LDL-C Cholesterol in large LDL Large LDL Lipoprotein subclasses
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Abbreviation Description Subgroup Group

L-LDL-CE Cholesteryl esters in large LDL Large LDL Lipoprotein subclasses
L-LDL-FC Free cholesterol in large LDL Large LDL Lipoprotein subclasses
L-LDL-L Total lipids in large LDL Large LDL Lipoprotein subclasses
L-LDL-P Concentration of large LDL particles Large LDL Lipoprotein subclasses
L-LDL-PL Phospholipids in large LDL Large LDL Lipoprotein subclasses
L-LDL-TG Triglycerides in large LDL Large LDL Lipoprotein subclasses
M-LDL-C Cholesterol in medium LDL Medium LDL Lipoprotein subclasses
M-LDL-CE Cholesteryl esters in medium LDL Medium LDL Lipoprotein subclasses
M-LDL-FC Free cholesterol in medium LDL Medium LDL Lipoprotein subclasses
M-LDL-L Total lipids in medium LDL Medium LDL Lipoprotein subclasses
M-LDL-P Concentration of medium LDL particles Medium LDL Lipoprotein subclasses
M-LDL-PL Phospholipids in medium LDL Medium LDL Lipoprotein subclasses
M-LDL-TG Triglycerides in medium LDL Medium LDL Lipoprotein subclasses
S-LDL-C Cholesterol in small LDL Small LDL Lipoprotein subclasses
S-LDL-CE Cholesteryl esters in small LDL Small LDL Lipoprotein subclasses
S-LDL-FC Free cholesterol in small LDL Small LDL Lipoprotein subclasses
S-LDL-L Total lipids in small LDL Small LDL Lipoprotein subclasses
S-LDL-P Concentration of small LDL particles Small LDL Lipoprotein subclasses
S-LDL-PL Phospholipids in small LDL Small LDL Lipoprotein subclasses
S-LDL-TG Triglycerides in small LDL Small LDL Lipoprotein subclasses
XL-HDL-C Cholesterol in very large HDL Very large HDL Lipoprotein subclasses
XL-HDL-CE Cholesteryl esters in very large HDL Very large HDL Lipoprotein subclasses
XL-HDL-FC Free cholesterol in very large HDL Very large HDL Lipoprotein subclasses
XL-HDL-L Total lipids in very large HDL Very large HDL Lipoprotein subclasses
XL-HDL-P Concentration of very large HDL particles Very large HDL Lipoprotein subclasses
XL-HDL-PL Phospholipids in very large HDL Very large HDL Lipoprotein subclasses
XL-HDL-TG Triglycerides in very large HDL Very large HDL Lipoprotein subclasses
L-HDL-C Cholesterol in large HDL Large HDL Lipoprotein subclasses
L-HDL-CE Cholesteryl esters in large HDL Large HDL Lipoprotein subclasses
L-HDL-FC Free cholesterol in large HDL Large HDL Lipoprotein subclasses
L-HDL-L Total lipids in large HDL Large HDL Lipoprotein subclasses
L-HDL-P Concentration of large HDL particles Large HDL Lipoprotein subclasses
L-HDL-PL Phospholipids in large HDL Large HDL Lipoprotein subclasses
L-HDL-TG Triglycerides in large HDL Large HDL Lipoprotein subclasses
M-HDL-C Cholesterol in medium HDL Medium HDL Lipoprotein subclasses
M-HDL-CE Cholesteryl esters in medium HDL Medium HDL Lipoprotein subclasses
M-HDL-FC Free cholesterol in medium HDL Medium HDL Lipoprotein subclasses
M-HDL-L Total lipids in medium HDL Medium HDL Lipoprotein subclasses
M-HDL-P Concentration of medium HDL particles Medium HDL Lipoprotein subclasses
M-HDL-PL Phospholipids in medium HDL Medium HDL Lipoprotein subclasses
M-HDL-TG Triglycerides in medium HDL Medium HDL Lipoprotein subclasses
S-HDL-C Cholesterol in small HDL Small HDL Lipoprotein subclasses
S-HDL-CE Cholesteryl esters in small HDL Small HDL Lipoprotein subclasses
S-HDL-FC Free cholesterol in small HDL Small HDL Lipoprotein subclasses
S-HDL-L Total lipids in small HDL Small HDL Lipoprotein subclasses
S-HDL-P Concentration of small HDL particles Small HDL Lipoprotein subclasses
S-HDL-PL Phospholipids in small HDL Small HDL Lipoprotein subclasses
S-HDL-TG Triglycerides in small HDL Small HDL Lipoprotein subclasses
Cholines Total cholines Other lipids Other lipids
Phosphatidylc Phosphatidylcholines Other lipids Other lipids
Phosphoglyc Phosphoglycerides Other lipids Other lipids
Sphingomyelins Sphingomyelins Other lipids Other lipids

HDL-PL Phospholipids in HDL Phospholipids Phospholipids
LDL-PL Phospholipids in LDL Phospholipids Phospholipids
Total-PL Total phospholipids in lipoprotein particles Phospholipids Phospholipids
VLDL-PL Phospholipids in VLDL Phospholipids Phospholipids

HDL-L Total lipids in HDL Total lipids Total lipids

LDL-L Total lipids in LDL Total lipids Total lipids

Total-L Total lipids in lipoprotein particles Total lipids Total lipids

VLDL-L Total lipids in VLDL Total lipids Total lipids

HDL-TG Triglycerides in HDL Triglycerides Triglycerides
LDL-TG Triglycerides in LDL Triglycerides Triglycerides
Total-TG Total triglycerides Triglycerides Triglycerides
VLDL-TG Triglycerides in VLDL Triglycerides Triglycerides

1 Data and Implementation
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Table 3: Information on EHR-derived predictors used for the medical history model.

Domain Concept Class Concept ID Concept Name Total Number Observation
1D of Observa- Frequency
tions
Condition Clinical Finding 132344 Gingival and periodontal disease 223 0.04%
Condition Clinical Finding 132391 Furuncle of face 433 0.09%
Condition Clinical Finding 132408 Back problem 142 0.03%
Condition Clinical Finding 132412 Post-laminectomy syndrome 56 0.01%
Condition Clinical Finding 132446 Congenital anomaly of skin 60 0.01%
Condition Clinical Finding 132466 Lumbar sprain 3190 0.63%
Condition Clinical Finding 132579 Subacute thyroiditis 192 0.04%
Condition Clinical Finding 132583 Postablative hypothyroidism 113 0.02%
Condition Clinical Finding 132702 Erythema multiforme 571 0.11%
Condition Clinical Finding 132703 Lichen planus 3470 0.69%
Condition Clinical Finding 132706 Disorder of nail 2763 0.55%
Condition Clinical Finding 132797 Sepsis 1243 0.25%
Condition Clinical Finding 132835 Pediculosis capitis 582 0.12%
Condition Clinical Finding 132932 Chronic ethmoidal sinusitis 163 0.03%
Condition Clinical Finding 132943 Acute periodontitis 73 0.01%
Condition Clinical Finding 132982 Keloid scar 1131 0.23%
Condition Clinical Finding 132983 Dermatographic urticaria 250 0.05%
Condition Clinical Finding 133002 Acute osteomyelitis 244 0.05%
Condition Clinical Finding 133141 Tinea pedis 10223 2.03%
Condition Clinical Finding 133147 Primary malignant neoplasm of skin of trunk 863 0.17%
Condition Clinical Finding 133228 Dental caries 2198 0.44%
Condition Clinical Finding 133280 Alopecia 3007 0.60%
Condition Clinical Finding 133283 Pyoderma gangrenosum 58 0.01%
Condition Clinical Finding 133284 Impetigo herpetiformis 85 0.02%
Condition Clinical Finding 133285 Dermatitis factitia 105 0.02%
Condition Clinical Finding 133294 Prepatellar bursitis 2976 0.59%
Condition Clinical Finding 133299 Swelling of limb 504 0.10%
Condition Clinical Finding 133327 Viremia 369 0.07%
Condition Clinical Finding 133384 Burn any degree involving less than 10 percent of body 174 0.03%
surface

Condition Clinical Finding 133424 Primary malignant neoplasm of thyroid gland 235 0.05%
Condition Clinical Finding 133444 Thyroiditis 418 0.08%
Condition Clinical Finding 133468 Disorder of extremity 244 0.05%
Condition Clinical Finding 133547 Pyoderma 2271 0.45%
Condition Clinical Finding 133569 Fasciitis 116 0.02%
Condition Clinical Finding 133637 Partial thickness burn of lower limb 63 0.01%
Condition Clinical Finding 133646 Injury of digital nerve 76 0.02%
Condition Clinical Finding 133685 Salmonella infection 721 0.14%
Condition Clinical Finding 133691 Meningococcemia 54 0.01%
Condition Clinical Finding 133713 Malignant melanoma of skin of face 72 0.01%
Condition Clinical Finding 133726 Carcinoma in situ of skin of face 62 0.01%
Condition Clinical Finding 133728 Congenital hypothyroidism 72 0.01%
Condition Clinical Finding 133729 Hyperparathyroidism 410 0.08%
Condition Clinical Finding 133737 Acute thyroiditis 58 0.01%
Condition Clinical Finding 133794 Chronic gingivitis 221 0.04%
Condition Clinical Finding 133803 Periapical abscess with sinus tract 242 0.05%
Condition Clinical Finding 133834 Atopic dermatitis 19472 3.88%
Condition Clinical Finding 133835 Eczema 27942 5.56%
Condition Clinical Finding 133848 Slipped upper femoral epiphysis 71 0.02%
Condition Clinical Finding 133853 Osteomyelitis of ankle AND/OR foot 87 0.02%
Condition Clinical Finding 133857 Acquired deformity of limb 152 0.03%
Condition Clinical Finding 133859 Preauricular cyst 57 0.01%
Condition Clinical Finding 133861 Cleft lip 52 0.01%
Condition Clinical Finding 134057 Disorder of cardiovascular system 8757 1.74%
Condition Clinical Finding 134122 Contact dermatitis due to oil and grease 72 0.01%
Condition Clinical Finding 134144 Cleft palate with cleft lip 54 0.01%
Condition Clinical Finding 134159 Precordial pain 1723 0.34%
Condition Clinical Finding 134222 Injury of forearm 267 0.05%
Condition Clinical Finding 134304 Benign neoplasm of parathyroid gland 178 0.04%
Condition Clinical Finding 134308 Carcinoma in situ of skin of lower limb 97 0.02%
Condition Clinical Finding 134312 Tatrogenic hypothyroidism 56 0.01%
Condition Clinical Finding 134398 Periodontal disease 121 0.02%
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Condition Clinical Finding 134404 Anal spasm 350 0.07%
Condition Clinical Finding 134438 Contact dermatitis 7012 1.40%
Condition Clinical Finding 134441 Chronic ulcer of skin 248 0.05%
Condition Clinical Finding 134442 Systemic sclerosis 212 0.04%
Condition Clinical Finding 134452 Olecranon bursitis 5313 1.06%
Condition Clinical Finding 134453 Bursitis 1234 0.25%
Condition Clinical Finding 134460 Plantar fascial fibromatosis 6708 1.34%
Condition Clinical Finding 134461 Tietze’s disease 955 0.19%
Condition Clinical Finding 134603 Chronic myeloid leukemia 125 0.02%
Condition Clinical Finding 134668 Chronic maxillary sinusitis 990 0.20%
Condition Clinical Finding 134681 Diffuse spasm of esophagus 590 0.12%
Condition Clinical Finding 134718 Hirsutism 120 0.02%
Condition Clinical Finding 134735 Chronic osteomyelitis 126 0.03%
Condition Clinical Finding 134736 Backache 44489 8.85%
Condition Clinical Finding 134743 Congenital ichthyosis of skin 92 0.02%
Condition Clinical Finding 134870 Pityriasis versicolor 2556 0.51%
Condition Clinical Finding 134898 Non-toxic uninodular goiter 323 0.06%
Condition Clinical Finding 135030 Discoloration of skin 55 0.01%
Condition Clinical Finding 135061 Congenital anomaly of musculoskeletal system 90 0.02%
Condition Clinical Finding 135208 Benign neoplasm of lip 69 0.01%
Condition Clinical Finding 135214 Polycythemia vera (clinical) 414 0.08%
Condition Clinical Finding 135215 Hashimoto thyroiditis 429 0.09%
Condition Clinical Finding 135287 Non-neoplastic nevus 436 0.09%
Condition Clinical Finding 135303 Cyst of oral soft tissue 340 0.07%
Condition Clinical Finding 135333 Pressure ulcer 207 0.04%
Condition Clinical Finding 135360 Syncope 3359 0.67%
Condition Clinical Finding 135473 Dermatophytosis 8237 1.64%
Condition Clinical Finding 135526 Spinal cord disease 220 0.04%
Condition Clinical Finding 135615 Pityriasis 287 0.06%
Condition Clinical Finding 135618 Pruritic rash 496 0.10%
Condition Clinical Finding 135772 Goiter 996 0.20%
Condition Clinical Finding 135777 Neoplasm of uncertain behavior of skin 183 0.04%
Condition Clinical Finding 135778 Toxic multinodular goiter 148 0.03%
Condition Clinical Finding 135858 Disorder of lip 511 0.10%
Condition Clinical Finding 135923 Cleft palate 58 0.01%
Condition Clinical Finding 135930 Musculoskeletal finding 95 0.02%
Condition Clinical Finding 136030 Sweating fever 86 0.02%
Condition Clinical Finding 136057 Benign neoplasm of skin of trunk 656 0.13%
Condition Clinical Finding 136184 Pruritus of skin 6554 1.30%
Condition Clinical Finding 136185 Abnormal granulation tissue 294 0.06%
Condition Clinical Finding 136198 Cervical spondylosis with myelopathy 799 0.16%
Condition Clinical Finding 136368 Non-toxic multinodular goiter 1198 0.24%
Condition Clinical Finding 136496 Cellulitis and abscess of face 593 0.12%
Condition Clinical Finding 136497 Scar conditions and fibrosis of skin 1623 0.32%
Condition Clinical Finding 136516 Congenital pes planus 131 0.03%
Condition Clinical Finding 136575 Nonvenomous insect bite with infection 183 0.04%
Condition Clinical Finding 136580 Dehiscence of surgical wound 860 0.17%
Condition Clinical Finding 136661 Non-toxic nodular goiter 352 0.07%
Condition Clinical Finding 136710 Perichondritis of pinna 129 0.03%
Condition Clinical Finding 136773 Rosacea 12130 2.41%
Condition Clinical Finding 136775 Contact dermatitis due to solar radiation 197 0.04%
Condition Clinical Finding 136779 Disorder of forearm 666 0.13%
Condition Clinical Finding 136788 Spinal stenosis of lumbar region 1205 0.24%
Condition Clinical Finding 136865 Injury of radial nerve 72 0.01%
Condition Clinical Finding 136915 Primary malignant neoplasm of skin of lip 160 0.03%
Condition Clinical Finding 136917 Primary malignant neoplasm of skin of face 2592 0.52%
Condition Clinical Finding 136934 Primary hyperparathyroidism 347 0.07%
Condition Clinical Finding 137016 Retained dental root 906 0.18%
Condition Clinical Finding 137053 Seborrheic dermatitis 11511 2.29%
Condition Clinical Finding 137057 Paronychia 1995 0.40%
Condition Clinical Finding 137193 Erythema 462 0.09%
Condition Clinical Finding 137213 Dermal mycosis 6797 1.35%
Condition Clinical Finding 137275 Disorder of muscle 403 0.08%
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Condition Clinical Finding 137351 Epidermoid cyst of skin 15099 3.01%
Condition Clinical Finding 137379 Musculoskeletal symptom 3142 0.63%
Condition Clinical Finding 137548 Cervical radiculopathy 154 0.03%
Condition Clinical Finding 137613 Eclampsia in pregnancy 143 0.03%
Condition Clinical Finding 137626 Seborrheic dermatitis of scalp 3181 0.63%
Condition Clinical Finding 137627 Prickly heat 699 0.14%
Condition Clinical Finding 137682 Skin sensation disturbance 1231 0.24%
Condition Clinical Finding 137785 Verruca plantaris 9697 1.93%
Condition Clinical Finding 137813 Benign neoplasm of mouth region 136 0.03%
Condition Clinical Finding 137820 Postoperative hypothyroidism 898 0.18%
Condition Clinical Finding 137829 Aplastic anemia 130 0.03%
Condition Clinical Finding 137856 Atypical facial pain 902 0.18%
Condition Clinical Finding 137944 Bullous dermatosis 63 0.01%
Condition Clinical Finding 137951 Acquired keratoderma 93 0.02%
Condition Clinical Finding 137967 Muscle, ligament and fascia disorders 513 0.10%
Condition Clinical Finding 137977 Jaundice 1283 0.26%
Condition Clinical Finding 137989 Abnormal results of cardiovascular function studies 294 0.06%
Condition Clinical Finding 138102 Benign neoplasm of skin 10318 2.05%
Condition Clinical Finding 138113 Cyst of thyroid 665 0.13%
Condition Clinical Finding 138148 Plantar nerve lesion 712 0.14%
Condition Clinical Finding 138176 Acute gingivitis 300 0.06%
Condition Clinical Finding 138181 Radicular cyst 472 0.09%
Condition Clinical Finding 138225 Disorder of sebaceous gland 250 0.05%
Condition Clinical Finding 138239 Finding of limb structure 212 0.04%
Condition Clinical Finding 138278 Sprains and strains of joints and adjacent muscles 3220 0.64%
Condition Clinical Finding 138346 Erysipelas 728 0.14%
Condition Clinical Finding 138379 Chronic lymphoid leukemia, disease 279 0.06%
Condition Clinical Finding 138384 Acquired hypothyroidism 9965 1.98%
Condition Clinical Finding 138387 Thyrotoxicosis 4300 0.86%
Condition Clinical Finding 138388 Secondary hyperparathyroidism 55 0.01%
Condition Clinical Finding 138455 Stomatitis 532 0.11%
Condition Clinical Finding 138463 Aphthous ulcer of mouth 2123 0.42%
Condition Clinical Finding 138466 Leukoplakia of oral mucosa 103 0.02%
Condition Clinical Finding 138501 Cholinergic urticaria 126 0.03%
Condition Clinical Finding 138502 Vitiligo 1238 0.25%
Condition Clinical Finding 138525 Pain in limb 7381 1.47%
Condition Clinical Finding 138565 Hyperhidrosis 745 0.15%
Condition Clinical Finding 138612 Injury of cervical nerve roots 63 0.01%
Condition Clinical Finding 138682 Herpes zoster auricularis 116 0.02%
Condition Clinical Finding 138717 Toxic diffuse goiter 381 0.08%
Condition Clinical Finding 138790 Chronic periodontitis 411 0.08%
Condition Clinical Finding 138825 Actinic keratosis 11028 2.19%
Condition Clinical Finding 138841 Disorder of sacrum 269 0.05%
Condition Clinical Finding 138845 Rheumatism 1522 0.30%
Condition Clinical Finding 138994 Myelodysplastic syndrome (clinical) 117 0.02%
Condition Clinical Finding 139057 Disorder of oral soft tissues 230 0.05%
Condition Clinical Finding 139099 Ingrowing nail 4215 0.84%
Condition Clinical Finding 139803 Acute transverse myelitis 60 0.01%
Condition Clinical Finding 139841 Chronic frontal sinusitis 216 0.04%
Condition Clinical Finding 139850 Acute frontal sinusitis 2152 0.43%
Condition Clinical Finding 139899 Pemphigoid 51 0.01%
Condition Clinical Finding 139900 Urticaria 11408 2.27%
Condition Clinical Finding 139902 Allergic urticaria 2270 0.45%
Condition Clinical Finding 139906 Intervertebral disc disorder of cervical region with 234 0.05%
myelopathy

Condition Clinical Finding 139980 Epidermal burn of forearm 61 0.01%
Condition Clinical Finding 140020 Viral exanthem 461 0.09%
Condition Clinical Finding 140027 Herpetic gingivostomatitis 680 0.14%
Condition Clinical Finding 140062 Iodine hypothyroidism 100 0.02%
Condition Clinical Finding 140090 Lesion of median nerve 75 0.01%
Condition Clinical Finding 140168 Psoriasis 12098 2.41%
Condition Clinical Finding 140173 Telogen effluvium 93 0.02%
Condition Clinical Finding 140176 Erythema nodosum 1115 0.22%
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Condition Clinical Finding 140190 Disorder of back 897 0.18%
Condition Clinical Finding 140214 Eruption 21097 4.20%
Condition Clinical Finding 140266 Contusion of back 123 0.02%
Condition Clinical Finding 140273 Contusion of forearm 64 0.01%
Condition Clinical Finding 140352 Acute myeloid leukemia, disease 133 0.03%
Condition Clinical Finding 140362 Hypoparathyroidism 134 0.03%
Condition Clinical Finding 140480 Impetigo 6052 1.20%
Condition Clinical Finding 140487 Dermatitis herpetiformis 200 0.04%
Condition Clinical Finding 140526 Congenital anomaly of endocrine gland 62 0.01%
Condition Clinical Finding 140641 Verruca vulgaris 11879 2.36%
Condition Clinical Finding 140648 Onychomycosis due to dermatophyte 7661 1.52%
Condition Clinical Finding 140673 Hypothyroidism 17769 3.54%
Condition Clinical Finding 140708 Myelopathy due to another disorder 450 0.09%
Condition Clinical Finding 140803 Idiopathic urticaria 508 0.10%
Condition Clinical Finding 140821 Spasm 1736 0.35%
Condition Clinical Finding 140842 Changes in skin texture 175 0.03%
Condition Clinical Finding 140949 Infestation by Sarcoptes scabiei var hominis 3566 0.71%
Condition Clinical Finding 140961 Infestation by Phthirus pubis 131 0.03%
Condition Clinical Finding 140966 Benign neoplasm of skin of face 682 0.14%
Condition Clinical Finding 141004 Lesion of radial nerve 51 0.01%
Condition Clinical Finding 141056 Acute ethmoidal sinusitis 165 0.03%
Condition Clinical Finding 141090 Pyogenic granuloma of skin 755 0.15%
Condition Clinical Finding 141094 Lichen 377 0.08%
Condition Clinical Finding 141095 Acne 11076 2.20%
Condition Clinical Finding 141213 Scarlet fever 1272 0.25%
Condition Clinical Finding 141216 Molluscum contagiosum infection 972 0.19%
Condition Clinical Finding 141232 Malignant melanoma of skin 1372 0.27%
Condition Clinical Finding 141248 Benign neoplasm of skin of lip 150 0.03%
Condition Clinical Finding 141249 Benign neoplasm of thyroid gland 297 0.06%
Condition Clinical Finding 141253 Disorder of thyroid gland 1211 0.24%
Condition Clinical Finding 141323 Acute maxillary sinusitis 6710 1.34%
Condition Clinical Finding 141371 Pityriasis rosca 2556 0.51%
Condition Clinical Finding 141375 Hypertrophic condition of skin 1121 0.22%
Condition Clinical Finding 141456 Chilblains 791 0.16%
Condition Clinical Finding 141650 Disseminated superficial actinic porokeratosis 71 0.02%
Condition Clinical Finding 141651 Stevens-Johnson syndrome 80 0.02%
Condition Clinical Finding 141652 Localized hyperhidrosis 84 0.02%
Condition Clinical Finding 141663 Osteomyelitis 312 0.06%
Condition Clinical Finding 141667 Laxity of ligament 79 0.02%
Condition Clinical Finding 141825 Simple goiter 1366 0.27%
Condition Clinical Finding 141917 Balanitis xerotica obliterans 388 0.08%
Condition Clinical Finding 141932 Senile hyperkeratosis 33370 6.64%
Condition Clinical Finding 141933 Alopecia arcata 1316 0.26%
Condition Clinical Finding 141941 Cervical spondylosis without myelopathy 5276 1.05%
Condition Clinical Finding 141960 Skin finding 107 0.02%
Condition Clinical Finding 192242 Acute hepatitis C 117 0.02%
Condition Clinical Finding 192259 Ascariasis 63 0.01%
Condition Clinical Finding 192273 Benign neoplasm of adrenal gland 95 0.02%
Condition Clinical Finding 192275 Alpha-1-antitrypsin deficiency 83 0.02%
Condition Clinical Finding 192279 Disorder of kidney due to diabetes mellitus 169 0.03%
Condition Clinical Finding 192353 Disorder of gallbladder 763 0.15%
Condition Clinical Finding 192357 Paralytic ileus 96 0.02%
Condition Clinical Finding 192359 Renal failure syndrome 891 0.18%
Condition Clinical Finding 192367 Dysplasia of cervix 1321 0.26%
Condition Clinical Finding 192370 Secondary female infertility 1587 0.32%
Condition Clinical Finding 192433 Congenital hypertrophic pyloric stenosis 69 0.01%
Condition Clinical Finding 192438 Abdominal mass 746 0.15%
Condition Clinical Finding 192450 Retention of urine 3576 0.71%
Condition Clinical Finding 192568 Secondary malignant neoplasm of intra-abdominal lymph 372 0.07%
nodes

Condition Clinical Finding 192606 Paraplegia 149 0.03%
Condition Clinical Finding 192667 Atrophic gastritis 323 0.06%
Condition Clinical Finding 192671 Gastrointestinal hemorrhage 1239 0.25%
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Condition Clinical Finding 192675 Biliary cirrhosis 86 0.02%
Condition Clinical Finding 192676 Cervical intraepithelial neoplasia grade 1 6737 1.34%
Condition Clinical Finding 192680 Portal hypertension 203 0.04%
Condition Clinical Finding 192683 Uterovaginal prolapse 2357 0.47%
Condition Clinical Finding 192731 Digestive symptom 117 0.02%
Condition Clinical Finding 192819 Typhoid fever 142 0.03%
Condition Clinical Finding 192854 Intramural leiomyoma of uterus 964 0.19%
Condition Clinical Finding 192855 Cancer in situ of urinary bladder 173 0.03%
Condition Clinical Finding 192885 Tarsal tunnel syndrome 98 0.02%
Condition Clinical Finding 192953 Intestinal adhesions with obstruction 488 0.10%
Condition Clinical Finding 192956 Cholecystitis 1027 0.20%
Condition Clinical Finding 192960 Noninfectious gastroenteritis 74 0.01%
Condition Clinical Finding 192963 Disorder of pancreas 180 0.04%
Condition Clinical Finding 192964 Infectious disorder of kidney 288 0.06%
Condition Clinical Finding 192974 Secondary uterine inertia 53 0.01%
Condition Clinical Finding 192979 Obstetric high vaginal laceration 93 0.02%
Condition Clinical Finding 193138 Primary malignant neoplasm of lower third of esophagus 108 0.02%
Condition Clinical Finding 193165 Disorder of adrenal gland 85 0.02%
Condition Clinical Finding 193170 Renal glycosuria 121 0.02%
Condition Clinical Finding 193238 Acute appendicitis with peritoneal abscess 189 0.04%
Condition Clinical Finding 193242 Perforation of intestine 149 0.03%
Condition Clinical Finding 193249 Acute hemorrhagic gastritis 335 0.07%
Condition Clinical Finding 193252 Diverticulosis of small intestine 161 0.03%
Condition Clinical Finding 193253 Nephritis 126 0.03%
Condition Clinical Finding 193254 Disorder of vagina 124 0.02%
Condition Clinical Finding 193256 Alcoholic fatty liver 203 0.04%
Condition Clinical Finding 193261 Vaginospasm 216 0.04%
Condition Clinical Finding 193262 Inflammatory disorder of penis 109 0.02%
Condition Clinical Finding 193277 Deliveries by cesarean 3214 0.64%
Condition Clinical Finding 193326 Urge incontinence of urine 3234 0.64%
Condition Clinical Finding 193402 Bacterial enteritis 1365 0.27%
Condition Clinical Finding 193439 Benign neoplasm of body of uterus 139 0.03%
Condition Clinical Finding 193460 Disorder of lower extremity 420 0.08%
Condition Clinical Finding 193518 Intestinal obstruction 1442 0.29%
Condition Clinical Finding 193519 Impaired renal function disorder 126 0.03%
Condition Clinical Finding 193520 Urinary bladder stone 481 0.10%
Condition Clinical Finding 193522 Acute prostatitis 643 0.13%
Condition Clinical Finding 193528 Third degree uterine prolapse 320 0.06%
Condition Clinical Finding 193530 Follicular cyst of ovary 681 0.14%
Condition Clinical Finding 193666 Injury of hip region 207 0.04%
Condition Clinical Finding 193688 Clostridioides difficile infection 450 0.09%
Condition Clinical Finding 193739 Ovarian failure 255 0.05%
Condition Clinical Finding 193782 End-stage renal disease 347 0.07%
Condition Clinical Finding 193807 Anorectal fistula 717 0.14%
Condition Clinical Finding 193818 Calculus of prostate 55 0.01%
Condition Clinical Finding 193830 Third degree perineal laceration 249 0.05%
Condition Clinical Finding 193871 Genuine stress incontinence 10056 2.00%
Condition Clinical Finding 193874 Nocturnal enuresis 1218 0.24%
Condition Clinical Finding 194081 Acute cystitis 5455 1.09%
Condition Clinical Finding 194091 Calculus in urethra 60 0.01%
Condition Clinical Finding 194092 Uterine prolapse without vaginal wall prolapse 172 0.03%
Condition Clinical Finding 194093 Postcoital bleeding 3532 0.70%
Condition Clinical Finding 194109 Delayed AND/OR secondary postpartum hemorrhage 373 0.07%
Condition Clinical Finding 194133 Low back pain 61590 12.26%
Condition Clinical Finding 194175 Left upper quadrant pain 95 0.02%
Condition Clinical Finding 194229 Crushing injury of lower limb 66 0.01%
Condition Clinical Finding 194382 External hemorrhoids 533 0.11%
Condition Clinical Finding 194406 Urinary tract obstruction 321 0.06%
Condition Clinical Finding 194408 Hydroureter 62 0.01%
Condition Clinical Finding 194418 Urethral caruncle 352 0.07%
Condition Clinical Finding 194420 Endometriosis of fallopian tube 137 0.03%
Condition Clinical Finding 194439 Obstetric perineal wound disruption 60 0.01%
Condition Clinical Finding 194475 Hiccoughs 164 0.03%
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Condition Clinical Finding 194491 Tenderness of epigastrium 184 0.04%
Condition Clinical Finding 194526 Injury of trunk 235 0.05%
Condition Clinical Finding 194611 Carcinoma in situ of uterine cervix 2631 0.52%
Condition Clinical Finding 194684 Crohn’s disease of large bowel 403 0.08%
Condition Clinical Finding 194686 Acquired renal cystic disease 350 0.07%
Condition Clinical Finding 194693 Postprocedural pelvic peritoneal adhesions 147 0.03%
Condition Clinical Finding 194696 Dysmenorrhea 7793 1.55%
Condition Clinical Finding 194702 Premature rupture of membranes 679 0.14%
Condition Clinical Finding 194710 Placenta previa without hemorrhage 125 0.02%
Condition Clinical Finding 194871 Trichomonal vulvovaginitis 146 0.03%
Condition Clinical Finding 194913 Idiopathic peripheral autonomic neuropathy 77 0.02%
Condition Clinical Finding 194984 Disease of liver 713 0.14%
Condition Clinical Finding 194985 Postgastric surgery syndrome 69 0.01%
Condition Clinical Finding 194990 Inflammatory disease of liver 763 0.15%
Condition Clinical Finding 194991 Calculus of gallbladder with acute cholecystitis 950 0.19%
Condition Clinical Finding 194992 Celiac disease 2112 0.42%
Condition Clinical Finding 194993 Intestinal malabsorption 306 0.06%
Condition Clinical Finding 194995 Disorder of ureter 277 0.06%
Condition Clinical Finding 194997 Prostatitis 1976 0.39%
Condition Clinical Finding 195002 Ulceration of intestine 269 0.05%
Condition Clinical Finding 195007 Female stress incontinence 4630 0.92%
Condition Clinical Finding 195012 Intermenstrual bleeding - irregular 4474 0.89%
Condition Clinical Finding 195072 Medullary sponge kidney 61 0.01%
Condition Clinical Finding 195074 Longitudinal deficiency of lower limb 54 0.01%
Condition Clinical Finding 195197 Primary malignant neoplasm of vulva 50 0.01%
Condition Clinical Finding 195212 Hypercortisolism 99 0.02%
Condition Clinical Finding 195259 Meralgia paresthetica 1094 0.22%
Condition Clinical Finding 195294 Thrombosed hemorrhoids 727 0.14%
Condition Clinical Finding 195300 Alcoholic gastritis 195 0.04%
Condition Clinical Finding 195306 Gastroduodenitis 3042 0.61%
Condition Clinical Finding 195307 Hydrops of gallbladder 82 0.02%
Condition Clinical Finding 195312 Functional disorder of bladder 99 0.02%
Condition Clinical Finding 195314 Nephrotic syndrome 250 0.05%
Condition Clinical Finding 195321 Postmenopausal bleeding 15110 3.01%
Condition Clinical Finding 195363 Congenital anomaly of the kidney 50 0.01%
Condition Clinical Finding 195401 Contusion of hip 60 0.01%
Condition Clinical Finding 195464 Epidemic pleurodynia 196 0.04%
Condition Clinical Finding 195500 Benign neoplasm of uterus 97 0.02%
Condition Clinical Finding 195562 Hemorrhoids 32784 6.52%
Condition Clinical Finding 195581 Peritoneal adhesion 1545 0.31%
Condition Clinical Finding 195585 Crohn’s disease of small intestine 279 0.06%
Condition Clinical Finding 195588 Cystitis 16723 3.33%
Condition Clinical Finding 195590 Urethral stricture 2488 0.50%
Condition Clinical Finding 195596 Chronic pancreatitis 403 0.08%
Condition Clinical Finding 195598 Chronic uterine inflammatory disease 90 0.02%
Condition Clinical Finding 195599 Prolapse of vaginal vault after hysterectomy 302 0.06%
Condition Clinical Finding 195603 Vulval and/or perineal noninflammatory disorders 855 0.17%
Condition Clinical Finding 195632 Rupture of quadriceps tendon 119 0.02%
Condition Clinical Finding 195769 Submucous leiomyoma of uterus 1185 0.24%
Condition Clinical Finding 195770 Subserous leiomyoma of uterus 570 0.11%
Condition Clinical Finding 195834 Atherosclerosis of renal artery 78 0.02%
Condition Clinical Finding 195856 Cholangitis 259 0.05%
Condition Clinical Finding 195861 Small kidney 59 0.01%
Condition Clinical Finding 195862 Urethritis 482 0.10%
Condition Clinical Finding 195864 Diverticulum of bladder 425 0.08%
Condition Clinical Finding 195867 Noninflammatory disorder of the vagina 2375 0.47%
Condition Clinical Finding 195873 Leukorrhea 294 0.06%
Condition Clinical Finding 195906 Disorder of lumbar spine 167 0.03%
Condition Clinical Finding 195926 Slowing of urinary stream 240 0.05%
Condition Clinical Finding 195977 Contusion of trunk 164 0.03%
Condition Clinical Finding 196044 Primary malignant neoplasm of stomach 76 0.02%
Condition Clinical Finding 196061 Benign neoplasm of stomach 1014 0.20%
Condition Clinical Finding 196149 Acute appendicitis with generalized peritonitis 578 0.12%
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Condition Clinical Finding 196151 Functional disorder of intestine 347 0.07%
Condition Clinical Finding 196152 Peritonitis 548 0.11%
Condition Clinical Finding 196157 Induratio penis plastica 2041 0.41%
Condition Clinical Finding 196158 Disorder of penis 1267 0.25%
Condition Clinical Finding 196160 Fistula of intestine 146 0.03%
Condition Clinical Finding 196162 Inflammatory disease of the uterus 148 0.03%
Condition Clinical Finding 196163 Cervicitis and endocervicitis 280 0.06%
Condition Clinical Finding 196165 Cervical intraepithelial neoplasia grade 2 3301 0.66%
Condition Clinical Finding 196168 Irregular periods 9432 1.88%
Condition Clinical Finding 196328 Salmonella gastroenteritis 785 0.16%
Condition Clinical Finding 196359 Primary malignant neoplasm of uterine cervix 198 0.04%
Condition Clinical Finding 196360 Primary malignant neoplasm of bladder 997 0.20%
Condition Clinical Finding 196364 Benign neoplasm of uterine cervix 162 0.03%
Condition Clinical Finding 196436 Internal hemorrhoids 142 0.03%
Condition Clinical Finding 196454 Colostomy and enterostomy malfunction 262 0.05%
Condition Clinical Finding 196456 Gallstone 5832 1.16%
Condition Clinical Finding 196463 Alcoholic cirrhosis 208 0.04%
Condition Clinical Finding 196468 Acute salpingo-oophoritis 103 0.02%
Condition Clinical Finding 196473 Hypertrophy of uterus 975 0.19%
Condition Clinical Finding 196523 Diarrhea 17234 3.43%
Condition Clinical Finding 196528 Hypospadias 154 0.03%
Condition Clinical Finding 196569 Contusion of abdominal wall 112 0.02%
Condition Clinical Finding 196620 Viral enteritis 127 0.03%
Condition Clinical Finding 196653 Malignant tumor of kidney 106 0.02%
Condition Clinical Finding 196733 Urethral syndrome 243 0.05%
Condition Clinical Finding 196734 Disorder of prostate 739 0.15%
Condition Clinical Finding 196738 Disorder of male genital organ 1777 0.35%
Condition Clinical Finding 196751 Placenta previa with hemorrhage 144 0.03%
Condition Clinical Finding 196758 Tumor of body of uterus affecting pregnancy 149 0.03%
Condition Clinical Finding 196813 Simple renal cyst 84 0.02%
Condition Clinical Finding 196821 Urethral discharge 202 0.04%
Condition Clinical Finding 196925 Secondary malignant neoplasm of retroperitoneum and 164 0.03%
peritoneum
Condition Clinical Finding 197006 Residual hemorrhoidal skin tags 2419 0.48%
Condition Clinical Finding 197023 Bilateral inguinal hernia 1039 0.21%
Condition Clinical Finding 197032 Hyperplasia of prostate 5427 1.08%
Condition Clinical Finding 197033 Endometriosis of pelvic peritoneum 829 0.16%
Condition Clinical Finding 197034 Intussusception of intestine 226 0.04%
Condition Clinical Finding 197036 Vesicoureteric reflux 99 0.02%
Condition Clinical Finding 197039 Male genital organ vascular diseases 647 0.13%
Condition Clinical Finding 197050 Abnormality of organs AND/OR soft tissues of pelvis af- 246 0.05%
fecting pregnancy

Condition Clinical Finding 197150 Late effect of fracture of lower extremities 214 0.04%
Condition Clinical Finding 197163 Burn of trunk 103 0.02%
Condition Clinical Finding 197223 Enterobiasis 1303 0.26%
Condition Clinical Finding 197230 Malignant neoplasm of uterus 124 0.02%
Condition Clinical Finding 197236 Uterine leiomyoma 17740 3.53%
Condition Clinical Finding 197237 Benign neoplasm of prostate 58 0.01%
Condition Clinical Finding 197304 Ulcer of lower extremity 1174 0.23%
Condition Clinical Finding 197318 Cholesterolosis of gallbladder 275 0.05%
Condition Clinical Finding 197320 Acute renal failure syndrome 836 0.17%
Condition Clinical Finding 197324 Disorder of peritoneum 79 0.02%
Condition Clinical Finding 197331 Disorder of urinary tract 96 0.02%
Condition Clinical Finding 197332 Incomplete uterovaginal prolapse 2860 0.57%
Condition Clinical Finding 197343 First degree perineal laceration 2833 0.56%
Condition Clinical Finding 197349 Perineal hematoma 250 0.05%
Condition Clinical Finding 197381 Epigastric pain 15159 3.02%
Condition Clinical Finding 197484 Diarrhea of presumed infectious origin 1624 0.32%
Condition Clinical Finding 197494 Viral hepatitis C 273 0.05%
Condition Clinical Finding 197500 Primary malignant neoplasm of colon 488 0.10%
Condition Clinical Finding 197508 Malignant tumor of urinary bladder 656 0.13%
Condition Clinical Finding 197593 Impaction of intestine 109 0.02%
Condition Clinical Finding 197601 Spermatocele 215 0.04%
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Condition Clinical Finding 197602 Tubo-ovarian inflammatory disease 59 0.01%
Condition Clinical Finding 197603 Intestinal volvulus 251 0.05%
Condition Clinical Finding 197605 Inflammatory disorder of male genital organ 611 0.12%
Condition Clinical Finding 197606 Female infertility of tubal origin 166 0.03%
Condition Clinical Finding 197607 Excessive and frequent menstruation 9006 1.79%
Condition Clinical Finding 197609 Cervical, vaginal and vulval inflammatory diseases 214 0.04%
Condition Clinical Finding 197610 Cyst of ovary 7622 1.52%
Condition Clinical Finding 197625 Third stage hemorrhage 269 0.05%
Condition Clinical Finding 197654 Congenital cystic disease of liver 72 0.01%
Condition Clinical Finding 197672 Urinary incontinence 6564 1.31%
Condition Clinical Finding 197675 Incontinence of feces 1633 0.33%
Condition Clinical Finding 197676 Large liver 234 0.05%
Condition Clinical Finding 197684 Dysuria 12970 2.58%
Condition Clinical Finding 197751 Burn of lower limb 315 0.06%
Condition Clinical Finding 197795 Acute type B viral hepatitis 74 0.01%
Condition Clinical Finding 197917 Disorder of biliary tract 467 0.09%
Condition Clinical Finding 197925 Hemorrhage of rectum and anus 12576 2.50%
Condition Clinical Finding 197927 Intrauterine synechiae 67 0.01%
Condition Clinical Finding 197938 Uterine inertia 274 0.05%
Condition Clinical Finding 197950 Cellulitis and abscess of trunk 169 0.03%
Condition Clinical Finding 197981 Abdominal tenderness 223 0.04%
Condition Clinical Finding 197988 Generalized abdominal pain 685 0.14%
Condition Clinical Finding 198075 Condyloma acuminatum of the anogenital region 412 0.08%
Condition Clinical Finding 198101 Lipoma of skin and subcutaneous tissue (excluding face) 418 0.08%
Condition Clinical Finding 198124 Kidney disease 207 0.04%
Condition Clinical Finding 198177 Abdominal aortic aneurysm 335 0.07%
Condition Clinical Finding 198185 Chronic renal failure 473 0.09%
Condition Clinical Finding 198195 Ovulation bleeding 1341 0.27%
Condition Clinical Finding 198197 Male infertility 346 0.07%
Condition Clinical Finding 198198 Polyp of vagina 264 0.05%
Condition Clinical Finding 198199 Pyelonephritis 637 0.13%
Condition Clinical Finding 198201 Chronic salpingo-oophoritis 50 0.01%
Condition Clinical Finding 198202 Cystocele 6345 1.26%
Condition Clinical Finding 198263 Right upper quadrant pain 810 0.16%
Condition Clinical Finding 198334 Enteric campylobacteriosis 3253 0.65%
Condition Clinical Finding 198337 Infectious diarrheal disease 1948 0.39%
Condition Clinical Finding 198363 Candidiasis of vagina 7307 1.45%
Condition Clinical Finding 198400 Hemangioma of skin and subcutaneous tissue 113 0.02%
Condition Clinical Finding 198401 Neoplasm of uncertain behavior of bladder 336 0.07%
Condition Clinical Finding 198402 Neoplasm of uncertain behavior of kidney 77 0.02%
Condition Clinical Finding 198464 Incisional hernia 1006 0.20%
Condition Clinical Finding 198465 Megacolon, not Hirschsprung’s 86 0.02%
Condition Clinical Finding 198483 Stricture or atresia of the vagina 117 0.02%
Condition Clinical Finding 198488 Placental abruption 96 0.02%
Condition Clinical Finding 198492 Second degree perineal laceration 4129 0.82%
Condition Clinical Finding 198520 Lumbar spondylosis with myelopathy 93 0.02%
Condition Clinical Finding 198572 Cervical intraepithelial neoplasia 611 0.12%
Condition Clinical Finding 198678 Intestinal infectious disease 1113 0.22%
Condition Clinical Finding 198700 Secondary malignant neoplasm of liver 79 0.02%
Condition Clinical Finding 198715 Premature menopause 968 0.19%
Condition Clinical Finding 198803 Benign prostatic hyperplasia 4565 0.91%
Condition Clinical Finding 198809 Acute cholecystitis 2111 0.42%
Condition Clinical Finding 198822 Furuncle of buttock 341 0.07%
Condition Clinical Finding 198964 Chronic hepatitis C 269 0.05%
Condition Clinical Finding 198984 Malignant tumor of cervix 431 0.09%
Condition Clinical Finding 198985 Primary malignant neoplasm of kidney 418 0.08%
Condition Clinical Finding 199067 Female pelvic inflammatory disease 2436 0.48%
Condition Clinical Finding 199074 Acute pancreatitis 1704 0.34%
Condition Clinical Finding 199075 Neurogenic bladder 1118 0.22%
Condition Clinical Finding 199076 Tubal pregnancy 355 0.07%
Condition Clinical Finding 199078 Vaginal wall prolapse 492 0.10%
Condition Clinical Finding 199754 Primary malignant neoplasm of pancreas 53 0.01%
Condition Clinical Finding 199764 Benign neoplasm of ovary 1097 0.22%
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Condition Clinical Finding 199837 Portal vein thrombosis 54 0.01%
Condition Clinical Finding 199839 External hemorrhoids without complication 3782 0.75%
Condition Clinical Finding 199856 Varicose veins of lower extremity with inflammation 185 0.04%
Condition Clinical Finding 199860 Hernia of abdominal cavity 544 0.11%
Condition Clinical Finding 199861 Perianal abscess 1954 0.39%
Condition Clinical Finding 199866 Acute gastritis 2952 0.59%
Condition Clinical Finding 199875 Prolapse of vaginal walls without uterine prolapse 1118 0.22%
Condition Clinical Finding 199876 Prolapse of female genital organs 1782 0.35%
Condition Clinical Finding 199877 Mucous polyp of cervix 1422 0.28%
Condition Clinical Finding 199878 Light and infrequent menstruation 114 0.02%
Condition Clinical Finding 199881 Endometriosis of ovary 1091 0.22%
Condition Clinical Finding 199891 Rhesus isoimmunization affecting pregnancy 369 0.07%
Condition Clinical Finding 199913 Acquired deformity of ankle AND/OR foot 141 0.03%
Condition Clinical Finding 199978 Contusion of lower limb 469 0.09%
Condition Clinical Finding 200051 Primary malignant neoplasm of ovary 470 0.09%
Condition Clinical Finding 200169 Pruritus ani 9139 1.82%
Condition Clinical Finding 200174 Disorder of skin and/or subcutaneous tissue 12023 2.39%
Condition Clinical Finding 200219 Abdominal pain 49033 9.76%
Condition Clinical Finding 200445 Chronic prostatitis 968 0.19%
Condition Clinical Finding 200447 Gastrointestinal complication 349 0.07%
Condition Clinical Finding 200450 Disorder of urethra 285 0.06%
Condition Clinical Finding 200452 Disorder of female genital organs 931 0.19%
Condition Clinical Finding 200458 Acquired atrophy of ovary and fallopian tube 87 0.02%
Condition Clinical Finding 200459 Endometrial cystic hyperplasia 196 0.04%
Condition Clinical Finding 200461 Endometriosis of uterus 1884 0.37%
Condition Clinical Finding 200527 Splenomegaly 263 0.05%
Condition Clinical Finding 200528 Ascites 466 0.09%
Condition Clinical Finding 200675 Neoplasm of uncertain behavior of ovary 136 0.03%
Condition Clinical Finding 200680 Neoplasm of bladder 266 0.05%
Condition Clinical Finding 200687 Renal disorder due to type 1 diabetes mellitus 66 0.01%
Condition Clinical Finding 200762 Autoimmune hepatitis 110 0.02%
Condition Clinical Finding 200763 Chronic hepatitis 200 0.04%
Condition Clinical Finding 200765 Chronic cholecystitis 1324 0.26%
Condition Clinical Finding 200773 Stenosis of rectum and anus 191 0.04%
Condition Clinical Finding 200775 Endometrial hyperplasia 960 0.19%
Condition Clinical Finding 200779 Polyp of corpus uteri 7646 1.52%
Condition Clinical Finding 200780 Disorder of uterus 66 0.01%
Condition Clinical Finding 200789 Retained placenta, without hemorrhage 231 0.05%
Condition Clinical Finding 200843 Finding of frequency of urination 9860 1.96%
Condition Clinical Finding 200845 Urgent desire to urinate 3360 0.67%
Condition Clinical Finding 200848 Dribbling of urine 226 0.04%
Condition Clinical Finding 200959 Secondary malignant neoplasm of intrapelvic lymph nodes 69 0.01%
Condition Clinical Finding 200962 Primary malignant neoplasm of prostate 2377 0.47%
Condition Clinical Finding 200970 Carcinoma in situ of prostate 346 0.07%
Condition Clinical Finding 201045 Thrombosed external hemorrhoids 3460 0.69%
Condition Clinical Finding 201061 Diaphragmatic hernia 17363 3.46%
Condition Clinical Finding 201066 Obstruction of bile duct 323 0.06%
Condition Clinical Finding 201078 Atrophic vaginitis 6560 1.31%
Condition Clinical Finding 201093 Infection of skin and/or subcutaneous tissue 10323 2.05%
Condition Clinical Finding 201131 Pelvic mass 392 0.08%
Condition Clinical Finding 201211 Herpetic vulvovaginitis 285 0.06%
Condition Clinical Finding 201254 Type 1 diabetes mellitus 1686 0.34%
Condition Clinical Finding 201257 Disorder of endocrine ovary 75 0.01%
Condition Clinical Finding 201313 Hypertensive renal disease 187 0.04%
Condition Clinical Finding 201322 Internal hemorrhoids without complication 1767 0.35%
Condition Clinical Finding 201332 Alveolitis of jaw 55 0.01%
Condition Clinical Finding 201337 Disorder of bladder 4178 0.83%
Condition Clinical Finding 201338 Urethral fistula 69 0.01%
Condition Clinical Finding 201340 Gastritis 16505 3.28%
Condition Clinical Finding 201341 Incisional hernia with obstruction 112 0.02%
Condition Clinical Finding 201344 Intestinovesical fistula 69 0.01%
Condition Clinical Finding 201347 Pelvic congestion syndrome 58 0.01%
Condition Clinical Finding 201418 Flatulence, eructation and gas pain 268 0.05%

256



1 Data and Implementation

Table 3 continued from previous page

Domain Concept Class Concept ID Concept Name Total Number Observation
D of Observa- Frequency
tions
Condition Clinical Finding 201461 Disorder affecting transplanted structure 111 0.02%
Condition Clinical Finding 201518 Primary malignant neoplasm of lower limb 739 0.15%
Condition Clinical Finding 201595 Thrombosed internal hemorrhoids 247 0.05%
Condition Clinical Finding 201603 Disorder of teeth AND/OR supporting structures 876 0.17%
Condition Clinical Finding 201606 Crohn’s disease 1828 0.36%
Condition Clinical Finding 201612 Alcoholic liver damage 495 0.10%
Condition Clinical Finding 201614 Calculus of bile duct with cholecystitis 151 0.03%
Condition Clinical Finding 201618 Disorder of intestine 12961 2.58%
Condition Clinical Finding 201619 Gastric diverticulum 61 0.01%
Condition Clinical Finding 201620 Kidney stone 4343 0.86%
Condition Clinical Finding 201621 Chronic cystitis 476 0.09%
Condition Clinical Finding 201622 Prostatic congestion or hemorrhage 114 0.02%
Condition Clinical Finding 201625 Malposition of uterus 624 0.12%
Condition Clinical Finding 201626 Mittelschmerz 464 0.09%
Condition Clinical Finding 201627 Abnormal vaginal bleeding 685 0.14%
Condition Clinical Finding 201642 Retained portions of placenta AND/OR membranes with- 61 0.01%
out hemorrhage

Condition Clinical Finding 201688 Delay when starting to pass urine 512 0.10%
Condition Clinical Finding 201690 Renal colic 5705 1.14%
Condition Clinical Finding 201728 Foreign body in digestive tract 55 0.01%
Condition Clinical Finding 201780 Shigellosis 182 0.04%
Condition Clinical Finding 201792 Nongonococcal urethritis 1100 0.22%
Condition Clinical Finding 201820 Diabetes mellitus 7861 1.56%
Condition Clinical Finding 201824 Benign neoplasm of bladder 54 0.01%
Condition Clinical Finding 201826 Type 2 diabetes mellitus 17447 3.47%
Condition Clinical Finding 201891 Disorder of stomach 280 0.06%
Condition Clinical Finding 201894 Acute vascular insufficiency of intestine 106 0.02%
Condition Clinical Finding 201901 Abscess of liver 106 0.02%
Condition Clinical Finding 201909 Female infertility 2630 0.52%
Condition Clinical Finding 201916 Ureteric stone 2603 0.52%
Condition Clinical Finding 201956 Congenital anomaly of lower limb 54 0.01%
Condition Clinical Finding 22340 Esophageal varices without bleeding 283 0.06%
Condition Clinical Finding 22350 Edema of larynx 127 0.03%
Condition Clinical Finding 22492 Foreign body in pharynx 413 0.08%
Condition Clinical Finding 23220 Chronic tonsillitis 734 0.15%
Condition Clinical Finding 23325 Heartburn 8184 1.63%
Condition Clinical Finding 23653 Foreign body in esophagus 236 0.05%
Condition Clinical Finding 23731 Benign neoplasm of larynx 64 0.01%
Condition Clinical Finding 23798 Acute laryngopharyngitis 104 0.02%
Condition Clinical Finding 23986 Disorder of pituitary gland 96 0.02%
Condition Clinical Finding 24134 Neck pain 36693 7.30%
Condition Clinical Finding 24148 Congenital diverticulum of pharynx 156 0.03%
Condition Clinical Finding 24230 Foreign body in larynx 69 0.01%
Condition Clinical Finding 24602 Benign neoplasm of esophagus 84 0.02%
Condition Clinical Finding 24609 Hypoglycemia 1057 0.21%
Condition Clinical Finding 24660 Acute tonsillitis 15379 3.06%
Condition Clinical Finding 24818 Injury of neck 1052 0.21%
Condition Clinical Finding 24909 Hereditary spherocytosis 105 0.02%
Condition Clinical Finding 24966 Esophageal varices 70 0.01%
Condition Clinical Finding 24970 Chronic laryngitis 591 0.12%
Condition Clinical Finding 24977 Mucocele of salivary gland 158 0.03%
Condition Clinical Finding 25056 Congenital anomaly of neck 60 0.01%
Condition Clinical Finding 252758 Late effect of fracture of skull AND/OR face bones 174 0.03%
Condition Clinical Finding 25297 Acute pharyngitis 25350 5.05%
Condition Clinical Finding 253009 Thoracogenic scoliosis 76 0.02%
Condition Clinical Finding 253321 Stridor 141 0.03%
Condition Clinical Finding 253506 Pneumonitis 56 0.01%
Condition Clinical Finding 253549 Disorder of connective tissue 334 0.07%
Condition Clinical Finding 253796 Pneumothorax 1338 0.27%
Condition Clinical Finding 253815 Ulceration of vulva 307 0.06%
Condition Clinical Finding 253896 Traumatic pneumothorax without open wound into thorax 125 0.02%
Condition Clinical Finding 253954 Pulmonary tuberculosis 1182 0.24%
Condition Clinical Finding 254061 Pleural effusion 2083 0.41%
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Condition Clinical Finding 254068 Disorder of upper respiratory system 435 0.09%
Condition Clinical Finding 254443 Sjogren’s syndrome 744 0.15%
Condition Clinical Finding 254591 Secondary malignant neoplasm of lung 179 0.04%
Condition Clinical Finding 254662 Pulmonary infarction 190 0.04%
Condition Clinical Finding 254669 Disorder of vocal cord 440 0.09%
Condition Clinical Finding 254761 Cough 48541 9.66%
Condition Clinical Finding 25518 Sickle cell trait 499 0.10%
Condition Clinical Finding 255302 Spontaneous pneumothorax 569 0.11%
Condition Clinical Finding 255348 Polymyalgia rheumatica 1500 0.30%
Condition Clinical Finding 255573 Chronic obstructive lung disease 5007 1.00%
Condition Clinical Finding 25572 Disorder of salivary gland 430 0.09%
Condition Clinical Finding 255841 Chronic bronchitis 293 0.06%
Condition Clinical Finding 255848 Pneumonia 1835 0.37%
Condition Clinical Finding 255891 Lupus erythematosus 122 0.02%
Condition Clinical Finding 255919 Finding of head and neck region 65 0.01%
Condition Clinical Finding 256439 Allergic rhinitis due to pollen 21162 4.21%
Condition Clinical Finding 256448 Chronic asthmatic bronchitis 135 0.03%
Condition Clinical Finding 256449 Bronchiectasis 2069 0.41%
Condition Clinical Finding 256450 Asbestosis 126 0.03%
Condition Clinical Finding 256451 Bronchitis 32776 6.52%
Condition Clinical Finding 256531 Head and neck swelling 522 0.10%
Condition Clinical Finding 256633 Primary malignant neoplasm of base of tongue 50 0.01%
Condition Clinical Finding 256717 Bronchospasm 559 0.11%
Condition Clinical Finding 256722 Bronchopneumonia 901 0.18%
Condition Clinical Finding 256723 Pneumonia and influenza 1075 0.21%
Condition Clinical Finding 257004 Acute exacerbation of chronic obstructive airways disease 1149 0.23%
Condition Clinical Finding 257007 Allergic rhinitis 18287 3.64%
Condition Clinical Finding 257011 Acute upper respiratory infection 4919 0.98%
Condition Clinical Finding 257012 Chronic sinusitis 7130 1.42%
Condition Clinical Finding 257315 Bacterial pneumonia 350 0.07%
Condition Clinical Finding 257581 Exacerbation of asthma 1928 0.38%
Condition Clinical Finding 257628 Systemic lupus erythematosus 573 0.11%
Condition Clinical Finding 257683 Posterior rhinorrhea 913 0.18%
Condition Clinical Finding 257778 Pertussis 1090 0.22%
Condition Clinical Finding 257907 Disorder of lung 343 0.07%
Condition Clinical Finding 258369 Primary malignant neoplasm of lung 72 0.01%
Condition Clinical Finding 25844 Ulcer of esophagus 3680 0.73%
Condition Clinical Finding 258482 Abscess of Bartholin’s gland 1385 0.28%
Condition Clinical Finding 258540 Marfan’s syndrome 119 0.02%
Condition Clinical Finding 258780 Emphysematous bronchitis 1623 0.32%
Condition Clinical Finding 258785 Pneumococcal pneumonia 166 0.03%
Condition Clinical Finding 259153 Pain in throat 15581 3.10%
Condition Clinical Finding 259848 Chronic rhinitis 10489 2.09%
Condition Clinical Finding 259852 Staphylococcal pneumonia 51 0.01%
Condition Clinical Finding 259865 Cyst of Bartholin’s gland duct 1775 0.35%
Condition Clinical Finding 259995 Foreign body in orifice 52 0.01%
Condition Clinical Finding 260123 Acute sinusitis 30004 5.97%
Condition Clinical Finding 260125 Acute bronchiolitis 336 0.07%
Condition Clinical Finding 260131 Disorder of bronchus 140 0.03%
Condition Clinical Finding 260139 Acute bronchitis 23221 4.62%
Condition Clinical Finding 260336 Primary malignant neoplasm of glottis 78 0.02%
Condition Clinical Finding 260427 Common cold 9052 1.80%
Condition Clinical Finding 26052 Primary malignant neoplasm of larynx 57 0.01%
Condition Clinical Finding 260759 Malocclusion of teeth 60 0.01%
Condition Clinical Finding 261116 Acquired deformity of nose 257 0.05%
Condition Clinical Finding 261236 Primary malignant neoplasm of upper lobe, bronchus or 127 0.03%
lung

Condition Clinical Finding 261324 Pneumonia due to Streptococcus 74 0.01%
Condition Clinical Finding 261325 Pulmonary emphysema 834 0.17%
Condition Clinical Finding 261326 Viral pneumonia 409 0.08%
Condition Clinical Finding 261687 Hemoptysis 4024 0.80%
Condition Clinical Finding 261880 Atelectasis 829 0.16%
Condition Clinical Finding 26638 Primary malignant neoplasm of esophagus 155 0.03%
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Condition Clinical Finding 26662 Testicular hypofunction 98 0.02%
Condition Clinical Finding 26711 Chronic pharyngitis 668 0.13%
Condition Clinical Finding 26727 Hematemesis 2233 0.44%
Condition Clinical Finding 26935 Disorder of endocrine testis 109 0.02%
Condition Clinical Finding 27674 Nausea and vomiting 6637 1.32%
Condition Clinical Finding 28060 Streptococcal sore throat 623 0.12%
Condition Clinical Finding 28179 Polyp of vocal cord or larynx 265 0.05%
Condition Clinical Finding 28403 Gigantism and acromegaly 96 0.02%
Condition Clinical Finding 28457 Hypertrophy of tonsils 223 0.04%
Condition Clinical Finding 28461 Hypertrophy of salivary gland 80 0.02%
Condition Clinical Finding 28779 Bleeding esophageal varices 54 0.01%
Condition Clinical Finding 28974 Candidiasis of the esophagus 85 0.02%
Condition Clinical Finding 29056 Sialoadenitis 702 0.14%
Condition Clinical Finding 29735 Candidiasis of mouth 3122 0.62%
Condition Clinical Finding 30133 Acute laryngitis 9756 1.94%
Condition Clinical Finding 30163 Cellulitis and abscess of neck 100 0.02%
Condition Clinical Finding 30234 Neck sprain 9014 1.79%
Condition Clinical Finding 30284 Motion sickness 586 0.12%
Condition Clinical Finding 30365 Panhypopituitarism 58 0.01%
Condition Clinical Finding 30437 Gastro-esophageal reflux disease with esophagitis 15191 3.02%
Condition Clinical Finding 30441 Sialolithiasis 412 0.08%
Condition Clinical Finding 30679 Benign neoplasm of major salivary gland 68 0.01%
Condition Clinical Finding 30683 Hemoglobin SS disease without crisis 69 0.01%
Condition Clinical Finding 30753 Esophagitis 13812 2.75%
Condition Clinical Finding 30968 Diabetes insipidus 121 0.02%
Condition Clinical Finding 30978 Thalassemia 129 0.03%
Condition Clinical Finding 31057 Disorder of pharynx 408 0.08%
Condition Clinical Finding 312327 Acute myocardial infarction 6053 1.20%
Condition Clinical Finding 312337 Arterial embolus and thrombosis 216 0.04%
Condition Clinical Finding 312349 Venous varices 560 0.11%
Condition Clinical Finding 312358 Chronic glomerulonephritis 106 0.02%
Condition Clinical Finding 312437 Dyspnea 17774 3.54%
Condition Clinical Finding 312622 Venous retinal branch occlusion 461 0.09%
Condition Clinical Finding 312648 Benign essential hypertension 807 0.16%
Condition Clinical Finding 312653 Acute myocarditis 65 0.01%
Condition Clinical Finding 312723 Congenital heart disease 115 0.02%
Condition Clinical Finding 312902 Benign intracranial hypertension 120 0.02%
Condition Clinical Finding 312934 Atherosclerosis of aorta 128 0.03%
Condition Clinical Finding 312950 IgE-mediated allergic asthma 83 0.02%
Condition Clinical Finding 312998 Pain in thoracic spine 2063 0.41%
Condition Clinical Finding 31317 Dysphagia 6207 1.24%
Condition Clinical Finding 313217 Atrial fibrillation 3669 0.73%
Condition Clinical Finding 313219 Phlebitis and thrombophlebitis 1382 0.28%
Condition Clinical Finding 313223 Granulomatosis with polyangiitis 117 0.02%
Condition Clinical Finding 313459 Sleep apnea 3825 0.76%
Condition Clinical Finding 313504 Osler hemorrhagic telangiectasia syndrome 101 0.02%
Condition Clinical Finding 313761 Central retinal vein occlusion 314 0.06%
Condition Clinical Finding 313791 Bundle branch block 111 0.02%
Condition Clinical Finding 313792 Paroxysmal tachycardia 392 0.08%
Condition Clinical Finding 313878 Respiratory symptom 3591 0.71%
Condition Clinical Finding 314054 Aortic valve disorder 346 0.07%
Condition Clinical Finding 314059 Right bundle branch block 835 0.17%
Condition Clinical Finding 314090 Mild pre-eclampsia 113 0.02%
Condition Clinical Finding 314131 Degeneration of cervical intervertebral disc 1744 0.35%
Condition Clinical Finding 314171 Low blood pressure reading 414 0.08%
Condition Clinical Finding 314379 First degree atrioventricular block 359 0.07%
Condition Clinical Finding 314383 Myocarditis 115 0.02%
Condition Clinical Finding 314457 Congenital stenosis of aortic valve 64 0.01%
Condition Clinical Finding 314617 Basophilia 93 0.02%
Condition Clinical Finding 314658 Cardiomegaly 1190 0.24%
Condition Clinical Finding 314659 Arteritis 160 0.03%
Condition Clinical Finding 314665 Atrial flutter 531 0.11%
Condition Clinical Finding 314666 Old myocardial infarction 2742 0.55%
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Condition Clinical Finding 314754 Wheezing 5261 1.05%
Condition Clinical Finding 314962 Raynaud’s disease 3212 0.64%
Condition Clinical Finding 314965 Embolism and thrombosis of an arm or leg artery 337 0.07%
Condition Clinical Finding 314971 Chronic respiratory failure 55 0.01%
Condition Clinical Finding 315078 Palpitations 21656 4.31%
Condition Clinical Finding 315085 Lymphadenopathy 4419 0.88%
Condition Clinical Finding 31509 Primary malignant neoplasm of tonsil 102 0.02%
Condition Clinical Finding 315273 Mitral valve stenosis 176 0.04%
Condition Clinical Finding 315276 Vitreous hemorrhage 585 0.12%
Condition Clinical Finding 315286 Chronic ischemic heart disease 7944 1.58%
Condition Clinical Finding 315296 Preinfarction syndrome 4443 0.88%
Condition Clinical Finding 315361 Orthopnea 151 0.03%
Condition Clinical Finding 315558 Atherosclerosis of arteries of the extremities 373 0.07%
Condition Clinical Finding 315564 Aortic valve regurgitation 694 0.14%
Condition Clinical Finding 315832 Angina decubitus 55 0.01%
Condition Clinical Finding 315922 Patent ductus arteriosus 83 0.02%
Condition Clinical Finding 315947 Thoracic back sprain 1143 0.23%
Condition Clinical Finding 31597 Acute laryngotracheitis 1019 0.20%
Condition Clinical Finding 31602 Disorder of the larynx 377 0.08%
Condition Clinical Finding 316084 Lymphadenitis 318 0.06%
Condition Clinical Finding 31610 Disorder of esophagus 1139 0.23%
Condition Clinical Finding 316127 Vitreous opacities 170 0.03%
Condition Clinical Finding 316139 Heart failure 840 0.17%
Condition Clinical Finding 316211 Acquired spondylolisthesis 588 0.12%
Condition Clinical Finding 316428 Hypertrophic obstructive cardiomyopathy 115 0.02%
Condition Clinical Finding 316429 Premature beats 575 0.11%
Condition Clinical Finding 316457 Mallory-Weiss syndrome 313 0.06%
Condition Clinical Finding 316501 Vascular disease of the skin 54 0.01%
Condition Clinical Finding 316814 Hyperventilation 1047 0.21%
Condition Clinical Finding 316822 Heart murmur 1601 0.32%
Condition Clinical Finding 316866 Hypertensive disorder 26570 5.29%
Condition Clinical Finding 316998 Left bundle branch block 747 0.15%
Condition Clinical Finding 316999 Conduction disorder of the heart 147 0.03%
Condition Clinical Finding 317002 Low blood pressure 1503 0.30%
Condition Clinical Finding 317003 Compression of vein 61 0.01%
Condition Clinical Finding 317009 Asthma 43294 8.62%
Condition Clinical Finding 317109 Respiratory arrest 67 0.01%
Condition Clinical Finding 317248 Disorder of hematopoietic structure 381 0.08%
Condition Clinical Finding 317299 Disorder of vitreous body 517 0.10%
Condition Clinical Finding 317305 Stricture of artery 412 0.08%
Condition Clinical Finding 317309 Peripheral arterial occlusive disease 153 0.03%
Condition Clinical Finding 317576 Coronary arteriosclerosis 14286 2.84%
Condition Clinical Finding 317585 Aortic aneurysm 278 0.06%
Condition Clinical Finding 317893 Paroxysmal supraventricular tachycardia 579 0.12%
Condition Clinical Finding 318096 Secondary malignant neoplasm of lymph node 442 0.09%
Condition Clinical Finding 318169 Varicose veins of lower extremity 18247 3.63%
Condition Clinical Finding 318174 Phlebitis 716 0.14%
Condition Clinical Finding 318186 Achalasia of esophagus 185 0.04%
Condition Clinical Finding 31821 Disorder of endocrine system 339 0.07%
Condition Clinical Finding 318222 Acute lymphadenitis 870 0.17%
Condition Clinical Finding 318443 Arteriosclerotic vascular disease 191 0.04%
Condition Clinical Finding 318448 Second degree atrioventricular block 171 0.03%
Condition Clinical Finding 318566 Flushing 768 0.15%
Condition Clinical Finding 318712 Peripheral circulatory disorder due to type 1 diabetes mel- 76 0.02%
litus

Condition Clinical Finding 318736 Migraine 26542 5.28%
Condition Clinical Finding 318772 Disorder of pericardium 290 0.06%
Condition Clinical Finding 318776 Rheumatic mitral regurgitation 64 0.01%
Condition Clinical Finding 318800 Gastroesophageal reflux disease 13584 2.70%
Condition Clinical Finding 31884 Acquired diverticulum of esophagus 84 0.02%
Condition Clinical Finding 319016 Retinal lattice degeneration 109 0.02%
Condition Clinical Finding 319034 Hypertensive heart disease without congestive heart failure 82 0.02%
Condition Clinical Finding 319041 Orthostatic hypotension 1459 0.29%
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Condition Clinical Finding 319049 Acute respiratory failure 89 0.02%
Condition Clinical Finding 31967 Nausea 7251 1.44%
Condition Clinical Finding 319825 Rheumatic heart disease 72 0.01%
Condition Clinical Finding 319826 Secondary hypertension 143 0.03%
Condition Clinical Finding 319835 Congestive heart failure 799 0.16%
Condition Clinical Finding 319843 Mitral valve disorder 236 0.05%
Condition Clinical Finding 319844 Acute ischemic heart disease 344 0.07%
Condition Clinical Finding 320073 Neutropenia 1236 0.25%
Condition Clinical Finding 320116 Acute pericarditis 711 0.14%
Condition Clinical Finding 320128 Essential hypertension 83173 16.55%
Condition Clinical Finding 320136 Disorder of respiratory system 3575 0.71%
Condition Clinical Finding 320416 Diseases of mitral and aortic valves 212 0.04%
Condition Clinical Finding 320420 Vitreous degeneration 95 0.02%
Condition Clinical Finding 320425 Heart block 260 0.05%
Condition Clinical Finding 320536 Electrocardiogram abnormal 6011 1.20%
Condition Clinical Finding 320739 Dissection of aorta 62 0.01%
Condition Clinical Finding 320741 Thrombophlebitis 1110 0.22%
Condition Clinical Finding 320744 Complete atrioventricular block 252 0.05%
Condition Clinical Finding 320749 Polyarteritis nodosa 58 0.01%
Condition Clinical Finding 321042 Cardiac arrest 178 0.04%
Condition Clinical Finding 321052 Peripheral vascular disease 2118 0.42%
Condition Clinical Finding 321074 Pre-existing hypertension complicating pregnancy, child- 75 0.01%
birth and puerperium
Condition Clinical Finding 321080 Hypertension complicating pregnancy, childbirth and the 188 0.04%
puerperium
Condition Clinical Finding 321107 Congenital insufficiency of aortic valve 64 0.01%
Condition Clinical Finding 321119 Coarctation of aorta 67 0.01%
Condition Clinical Finding 321318 Angina pectoris 13688 2.72%
Condition Clinical Finding 321319 Cardiomyopathy 571 0.11%
Condition Clinical Finding 321533 Immature white blood cells 643 0.13%
Condition Clinical Finding 321588 Heart disease 903 0.18%
Condition Clinical Finding 321596 Peripheral venous insufficiency 300 0.06%
Condition Clinical Finding 321689 Apnea 82 0.02%
Condition Clinical Finding 321876 Disorder of capillaries 124 0.02%
Condition Clinical Finding 321887 Disorder of artery 272 0.05%
Condition Clinical Finding 35609842 Reactive depression, prolonged single episode 1727 0.34%
Condition Clinical Finding 35622958 Disorder in remission 155 0.03%
Condition Clinical Finding 35623051 Autosomal dominant polycystic kidney disease 155 0.03%
Condition Clinical Finding 35623148 Vomiting co-occurrent and due to infectious disease 78 0.02%
Condition Clinical Finding 35624213 Secondary cataract 770 0.15%
Condition Clinical Finding 35624440 Synovial cyst of ankle and foot 59 0.01%
Condition Clinical Finding 35624442 Synovial cyst of hand 89 0.02%
Condition Clinical Finding 35624449 Synovial cyst of wrist 101 0.02%
Condition Clinical Finding 35624549 Mucous retention cyst of cervix uteri 489 0.10%
Condition Clinical Finding 35624868 Lesion of face 235 0.05%
Condition Clinical Finding 35626087 Disorder of right macula due to diabetes mellitus 195 0.04%
Condition Clinical Finding 35626088 Disorder of left macula due to diabetes mellitus 212 0.04%
Condition Clinical Finding 3654438 Dislocation of wrist 81 0.02%
Condition Clinical Finding 3654543 Dislocation of joint of foot 86 0.02%
Condition Clinical Finding 3654603 Cellulitis and abscess of hand 300 0.06%
Condition Clinical Finding 3655355 Erectile dysfunction 18722 3.73%
Condition Clinical Finding 3655359 Erectile dysfunction due to psychophysiologic disorder 155 0.03%
Condition Clinical Finding 3656146 Strain of rectus abdominus muscle 58 0.01%
Condition Clinical Finding 3657563 First trimester bleeding 289 0.06%
Condition Clinical Finding 3657564 Burn of wrist and hand 426 0.08%
Condition Clinical Finding 3661861 Allergic reaction to insect bite 674 0.13%
Condition Clinical Finding 3663197 Glaucoma suspect 854 0.17%
Condition Clinical Finding 36674599 Asthma never causes night symptoms 163 0.03%
Condition Clinical Finding 36675035 Prematurity of infant 215 0.04%
Condition Clinical Finding 36676308 Laryngeal stridor 53 0.01%
Condition Clinical Finding 36676420 Paronychia due to ingrown nail 570 0.11%
Condition Clinical Finding 36683296 Polycystic ovary 1546 0.31%
Condition Clinical Finding 36683372 Delayed healing of surgical wound 68 0.01%
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Condition Clinical Finding 36712695 Suspected fetal abnormality affecting management of 153 0.03%
mother
Condition Clinical Finding 36712756 Accidental needle stick injury 81 0.02%
Condition Clinical Finding 36712821 Postprocedural infection 3019 0.60%
Condition Clinical Finding 36712845 Isolated proteinuria 216 0.04%
Condition Clinical Finding 36712846 Persistent proteinuria 61 0.01%
Condition Clinical Finding 36713107 Lumbar spondylolisthesis 287 0.06%
Condition Clinical Finding 36713108 Lumbosacral spondylolisthesis 129 0.03%
Condition Clinical Finding 36713630 Cystoscopy normal 2052 0.41%
Condition Clinical Finding 36714126 Difficulty walking 81 0.02%
Condition Clinical Finding 36714559 Disorder caused by alcohol 80 0.02%
Condition Clinical Finding 36715479 Hydronephrosis due to ureteral obstruction 59 0.01%
Condition Clinical Finding 36715575 Hypopituitarism following procedure 54 0.01%
Condition Clinical Finding 36715577 Disorder of patella 423 0.08%
Condition Clinical Finding 36715792 Acquired absence of breast 1192 0.24%
Condition Clinical Finding 36715916 Internal hemorrhoids grade I 2185 0.43%
Condition Clinical Finding 36716270 Cyst of kidney 548 0.11%
Condition Clinical Finding 36716565 Multiple open wounds of head 65 0.01%
Condition Clinical Finding 36716659 Recurrent aphthous stomatitis 60 0.01%
Condition Clinical Finding 36716672 Strain of tendon of wrist 97 0.02%
Condition Clinical Finding 36716700 Perforation and abscess of large intestine co-occurrent and 219 0.04%
due to diverticulitis

Condition Clinical Finding 36716712 Calculus of gallbladder without cholecystitis or cholangitis 5774 1.15%
Condition Clinical Finding 36716939 Recurrent ulcer of mouth 389 0.08%
Condition Clinical Finding 37016130 Lesion of oral mucosa 1005 0.20%
Condition Clinical Finding 37016195 Leiomyoma 775 0.15%
Condition Clinical Finding 37016310 Complicated internal hemorrhoid 1319 0.26%
Condition Clinical Finding 37016775 Traumatic and/or non-traumatic injury of back 1732 0.34%
Condition Clinical Finding 37017182 Joint pain of pelvic region 718 0.14%
Condition Clinical Finding 37017184 On examination retinal arteriovenous nicking 101 0.02%
Condition Clinical Finding 37017314 Lack of interest 269 0.05%
Condition Clinical Finding 37018096 Infection of tooth socket 101 0.02%
Condition Clinical Finding 37018196 Prediabetes 411 0.08%
Condition Clinical Finding 37018293 Inflammatory disorder of jaw region 58 0.01%
Condition Clinical Finding 37018674 Increased aspartate transaminase level 136 0.03%
Condition Clinical Finding 37109843 Absence of lower limb 174 0.03%
Condition Clinical Finding 37110172 Acquired mallet toe 56 0.01%
Condition Clinical Finding 37110280 Incomplete legal abortion without complication 103 0.02%
Condition Clinical Finding 37110367 Acquired varus deformity of limb 53 0.01%
Condition Clinical Finding 37110444 Harmful pattern of use of nicotine 443 0.09%
Condition Clinical Finding 37110545 Disorder of nervous system following procedure 55 0.01%
Condition Clinical Finding 37110634 Strain of tendon of biceps brachii 68 0.01%
Condition Clinical Finding 37116361 Accidental wound during procedure 778 0.15%
Condition Clinical Finding 37116845 Acute severe refractory exacerbation of asthma 266 0.05%
Condition Clinical Finding 37117206 Foreign body granuloma of soft tissue 118 0.02%
Condition Clinical Finding 37118667 Disorder of anterior uveal tract 91 0.02%
Condition Clinical Finding 37119138 Iron deficiency anemia due to blood loss 386 0.08%
Condition Clinical Finding 37119234 Disorder of musculoskeletal system following procedure 83 0.02%
Condition Clinical Finding 37203984 Anal fistula 1025 0.20%
Condition Clinical Finding 37206139 Acute bronchitis co-occurrent with wheeze 2131 0.42%
Condition Clinical Finding 37206607 Overactive bladder 155 0.03%
Condition Clinical Finding 37206611 Idiopathic detrusor overactivity 3641 0.72%
Condition Clinical Finding 37206940 Human papillomavirus deoxyribonucleic acid test positive 184 0.04%
Condition Clinical Finding 37206941 Human papillomavirus deoxyribonucleic acid test negative 208 0.04%
Condition Clinical Finding 372247 Candidal otitis externa 118 0.02%
Condition Clinical Finding 372324 Eustachian tube disorder 372 0.07%
Condition Clinical Finding 372328 Otitis media 10365 2.06%
Condition Clinical Finding 372409 Sciatica 25451 5.07%
Condition Clinical Finding 372448 Loss of consciousness 5219 1.04%
Condition Clinical Finding 372479 Laceration of eye 90 0.02%
Condition Clinical Finding 372547 Viral encephalitis 169 0.03%
Condition Clinical Finding 372604 Movement disorder 78 0.02%
Condition Clinical Finding 372610 Postconcussion syndrome 230 0.05%
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Condition Clinical Finding 372615 Post-infectious encephalitis 53 0.01%
Condition Clinical Finding 372629 Nonexudative age-related macular degeneration 216 0.04%
Condition Clinical Finding 372635 Corneal degeneration 81 0.02%
Condition Clinical Finding 372828 Herpes zoster ophthalmicus 269 0.05%
Condition Clinical Finding 372887 Disorder of brain 197 0.04%
Condition Clinical Finding 372888 Sciatic nerve lesion 94 0.02%
Condition Clinical Finding 372894 Central serous chorioretinopathy 452 0.09%
Condition Clinical Finding 372896 Stimulus deprivation amblyopia 200 0.04%
Condition Clinical Finding 372897 Homonymous hemianopia 168 0.03%
Condition Clinical Finding 372906 Blindness - both eyes 113 0.02%
Condition Clinical Finding 372907 Scarred macula 125 0.02%
Condition Clinical Finding 372914 Optic atrophy 195 0.04%
Condition Clinical Finding 372924 Cerebral artery occlusion 123 0.02%
Condition Clinical Finding 373035 Closed fracture of malar AND/OR maxillary bones 364 0.07%
Condition Clinical Finding 373101 Injury of ulnar nerve 213 0.04%
Condition Clinical Finding 37311123 Dislocation of digit of hand 729 0.15%
Condition Clinical Finding 37311250 Bilateral lower limb edema 512 0.10%
Condition Clinical Finding 37311319 Hypovolemia 724 0.14%
Condition Clinical Finding 37312105 Strain of rotator cuff of shoulder 1130 0.22%
Condition Clinical Finding 37312249 Pimple of skin 3355 0.67%
Condition Clinical Finding 37312366 Repetitive motion disorder 843 0.17%
Condition Clinical Finding 373127 Herpes simplex disciform keratitis 81 0.02%
Condition Clinical Finding 373202 Corneal ulcer 1199 0.24%
Condition Clinical Finding 373212 Esophoria 60 0.01%
Condition Clinical Finding 373216 Disorder of mastoid 110 0.02%
Condition Clinical Finding 373404 Ophthalmic herpes simplex 178 0.04%
Condition Clinical Finding 373432 Benign neoplasm of nervous system 542 0.11%
Condition Clinical Finding 373474 Diplopia 2112 0.42%
Condition Clinical Finding 373478 Presbyopia 150 0.03%
Condition Clinical Finding 373487 Ischemic optic neuropathy 105 0.02%
Condition Clinical Finding 373488 Partial oculomotor nerve palsy 59 0.01%
Condition Clinical Finding 373489 Congenital nystagmus 75 0.01%
Condition Clinical Finding 373499 Disorder of eye region 1799 0.36%
Condition Clinical Finding 373503 Transient cerebral ischemia 3492 0.69%
Condition Clinical Finding 373638 Superficial injury of cornea 192 0.04%
Condition Clinical Finding 373747 Extrapyramidal disease 223 0.04%
Condition Clinical Finding 373748 Grand mal status 58 0.01%
Condition Clinical Finding 373769 Nuclear cataract 100 0.02%
Condition Clinical Finding 373785 Disorder of lens 72 0.01%
Condition Clinical Finding 373786 Abnormal vision 235 0.05%
Condition Clinical Finding 373852 Neuralgia 3397 0.68%
Condition Clinical Finding 37397422 Asymptomatic periapical periodontitis 479 0.10%
Condition Clinical Finding 37397686 Increased urine output 280 0.06%
Condition Clinical Finding 37399074 Sample microscopy: crystals 215 0.04%
Condition Clinical Finding 37399393 Symptomatic periapical periodontitis 175 0.03%
Condition Clinical Finding 373995 Delirium 199 0.04%
Condition Clinical Finding 374022 Hemiplegia 969 0.19%
Condition Clinical Finding 374025 Retinal hemorrhage 764 0.15%
Condition Clinical Finding 374027 Lesion of ulnar nerve 1088 0.22%
Condition Clinical Finding 374028 Age related macular degeneration 598 0.12%
Condition Clinical Finding 374034 Visual disturbance 3411 0.68%
Condition Clinical Finding 374035 Keratitis 1585 0.32%
Condition Clinical Finding 374036 Chronic conjunctivitis 645 0.13%
Condition Clinical Finding 374043 Hereditary corneal dystrophy 89 0.02%
Condition Clinical Finding 374044 Ptosis of eyelid 1346 0.27%
Condition Clinical Finding 374053 Sudden hearing loss 160 0.03%
Condition Clinical Finding 374055 Basilar artery syndrome 104 0.02%
Condition Clinical Finding 374202 Penetrating wound of eye 86 0.02%
Condition Clinical Finding 374221 Injury of brachial plexus 80 0.02%
Condition Clinical Finding 374313 Neoplasm of uncertain behavior of soft tissues 163 0.03%
Condition Clinical Finding 374317 Alcohol-induced psychosis 71 0.01%
Condition Clinical Finding 374347 Blepharoconjunctivitis 1312 0.26%
Condition Clinical Finding 374360 Disorder of optic nerve 78 0.02%
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Condition Clinical Finding 374362 Keratoconus 478 0.10%
Condition Clinical Finding 374364 Disorder of middle ear 87 0.02%
Condition Clinical Finding 374366 Sensorineural hearing loss 3979 0.79%
Condition Clinical Finding 374375 Impacted cerumen 12450 2.48%
Condition Clinical Finding 374631 Motor neuron disease 58 0.01%
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1 Data and Implementation

Table 4: PheCode endpoints for the retinal risk and medical history models. The number of eligible participants, event
counts and frequencies were calculated on the respective study populations.

Endpoint Category Phecode string Number Number Endpoint | Number Number Endpoint
eligable of ob- fre- eligable of ob- fre-
(EHR) serva- quency (Retina) serva- quency
tions (EHR) tions (Retina)
(EHR) (Retina)

OMOP_4306655 Death All-Cause Death 502453 37697 7.50% 61256 3490 5.70%
phecode_001 D Salmonella 500882 377 0.08%

phecode_002 D Staphylococcus 499671 6587 1.32% 60945 658 1.08%
phecode_002-1 D Staphylococcus aureus 500332 4909 0.98% 61010 486 0.80%
phecode_003 D Escherichia coli 499141 9687 1.94% 60757 959 1.58%
phecode_004 D Streptococcus 497273 4847 0.97% 60584 494 0.82%
phecode_004-1 ID Streptococcus pneumoniae 501390 863 0.17%

phecode_004-2 ID Group A Streptococcus 502357 332 0.07%

phecode_004-3 ID Group B Streptococcus 502252 394 0.08%

phecode_005 D Mycobacteria 499403 787 0.16% 60899 113 0.19%
phecode_005-1 D Mycobacterium tuberculosis 499443 593 0.12%

phecode_005-2 D Nontuberculous mycobacteria 502404 214 0.04%

phecode_007 D Hemophilus infection 502164 927 0.18% 61220 107 0.17%
phecode_007-1 D Hemophilus influenzae 502196 907 0.18% 61223 103 0.17%
phecode_008 D Helicobacter [H. pylori] 498210 3253 0.65% 60757 364 0.60%
phecode_009 D Pseudomonas 502111 2075 0.41% 61210 231 0.38%
phecode_010 1D Corynebacterium 500862 568 0.11%

phecode_011 1D Klebsiclla 502336 1329 0.26% 61234 157 0.26%
phecode_012 ID Proteus 502375 785 0.16%

phecode 015 ID Clostridium 499922 1839 0.37% 60986 198 0.32%
phecode_015-2 D Clostridium difficile 500932 1662 0.33% 61131 166 0.27%
phecode 019 D Treponema 502208 170 0.03%

phecode_020 D Borrelia 502182 714 0.14%

phecode_020-1 D Lyme disease 502184 711 0.14%

phecode_024 D Pertussis 501358 329 0.07%

phecode_025 D Enterococcus 502417 748 0.15%

phecode_030 D Campylobacter 499207 3857 0.77% 60829 407 0.67%
phecode_050 1D Enterovirus 501677 272 0.05%

phecode_050-4 ID Hand, foot, and mouth disease 502269 181 0.04%

phecode_052 ID Herpesvirus 463710 31789 6.86% 56105 3872 6.90%
phecode_052-1 ID Herpes simplex 492140 6836 1.39% 59849 797 1.33%
phecode_052-3 D Varicella zoster virus 477534 27230 5.70% 57980 3342 5.76%
phecode_052-31 D Varicella [chickenpox] 495469 636 0.13%

phecode_052-32 D Herpes zoster 484218 27057 5.59% 58885 3301 5.61%
phecode_052-4 D Infectious mononucleosis 497301 218 0.04%

phecode_052-5 D Cytomegalovirus [CMV] 502349 261 0.05%

phecode_054 1D Hepatovirus 498714 912 0.18% 60742 111 0.18%
phecode_054-2 D Hepatitis B 501770 317 0.06%

phecode_054-3 1D Hepatitis C 501981 280 0.06%

phecode_054-31 ID Chronic hepatitis C 502019 283 0.06%

phecode_054-5 ID Hepatitis E 502451 104 0.02%

phecode_055 ID Poxvirus 501380 428 0.09%

phecode_055-1 D Molluscum contagiosum 501472 406 0.08%

phecode_056 D Human papillomavirus 472643 18560 3.93% 57047 2397 4.20%
phecode_056-1 D Plantar wart 492759 6265 1.27% 59921 840 1.40%
phecode_057 D Retrovirus 502025 197 0.04%

phecode_057-1 D Human immunodeficiency virus 502026 190 0.04%

phecode_058 D Pneumoviridae 502441 283 0.06%

phecode_058-1 D Respiratory syncytial virus 502441 258 0.05%

phecode_059 1D Coronavirus 502459 8127 1.62% 61256 1055 1.72%
phecode_059-1 ID COVID-19* 502460 7911 1.57% 61256 1017 1.66%
phecode_060 ID Adenovirus 502334 131 0.03%

phecode_061 ID Influenza virus 491767 3866 0.79% 59986 362 0.60%
phecode_066 D Orthorubulavirus [Mumps] 499354 152 0.03%

phecode_069 D Other specified viral infections 502191 192 0.04%

phecode_070 D Candidiasis 465697 27144 5.83% 56152 3219 5.73%
phecode_074 D Aspergillosis 502280 411 0.08%

phecode_076 D Pneumocystosis 502429 185 0.04%

phecode_084 D Parasites 496120 2216 0.45% 60406 267 0.44%
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Endpoint Category Phecode string Number Number Endpoint | Number Number Endpoint
eligable of ob- fre- eligable of ob- fre-
(EHR) serva- quency (Retina) serva- quency
tions (EHR) tions (Retina)
(EHR) (Retina)
phecode_084-2 D Malaria [Plasmodium] 501375 306 0.06%
phecode_084-4 D Trichomoniasis 500442 379 0.08%
phecode_084-6 1D Enterobiasis 501157 542 0.11%
phecode_084-7 ID Giardiasis 501773 409 0.08%
phecode_086 ID Pediculosis, acariasis and other infestations 498101 1921 0.39% 60691 247 0.41%
phecode_088 ID Sexually transmitted disease 493998 2200 0.45% 60219 248 0.41%
phecode_089 D Infections 324948 99346 30.57% 37131 11862 31.95%
phecode_089-1 D Bacterial infections 464449 37907 8.16% 56465 4047 7.17%
phecode_089-2 D Viral infections 396152 69917 17.65% 46932 8466 18.04%
phecode_089-3 D Fungal infections 423350 59579 14.07% 50074 7223 14.42%
phecode_091 D Gangrene 502341 298 0.06%
phecode_092 D Bacteremia, Sepsis, and SIRS 500511 16551 3.31% 60969 1652 2.71%
phecode_092-1 D Systemic inflammatory response syndrome 502460 771 0.15%
phecode_092-2 1D Sepsis 500592 16290 3.25% 60983 1635 2.68%
phecode_092-8 1D Bacteremia 502443 132 0.03%
phecode_095 ID Sequela of infection 498668 2255 0.45% 60746 241 0.40%
phecode_096 ID Contact or exposure to infectious agent 499867 3171 0.63% 60909 467 0.77%
phecode_097 D Drug resistant microorganisms 501975 1227 0.24% 61178 137 0.22%
phecode_097-1 1D Methicillin resistant Staphylococcus aureus 501985 1094 0.22% 61179 117 0.19%
phecode_098 ID Carrier or suspected carrier of infectious dis- 501765 3116 0.62% 61130 289 0.47%
cases
phecode 098-2 1D Carrier or suspected carrier of Staphylococcus 502246 154 0.03%
aurcus
phecode_099 ID Lab findings related to infections 496792 7397 1.49% 60344 776 1.29%
phecode 100 Neoplasms Malignant neoplasm of the head and neck 501324 2282 0.46% 61126 250 0.41%
phecode 100-1 Neoplasms Malignant neoplasm of the oral cavity 502131 746 0.15%
phecode_100-12 Neoplasms Malignant neoplasm of the tongue 502255 481 0.10%
phecode_100-2 Neoplasms Malignant neoplasm of the oropharynx 502307 434 0.09%
phecode_100-5 Neoplasms Malignant neoplasm of nasal cavities, middle 502369 105 0.02%
ear, and accessory sinuses
phecode_100-6 Neoplasms Malignant neoplasm of the larynx 502230 361 0.07%
phecode_100-7 Neoplasms Malignant neoplasm of the pharynx 502435 128 0.03%
phecode_100-8 Neoplasms Malignant neoplasm of the lip 502415 101 0.02%
phecode_100-9 Neoplasms Malignant neoplasm of the salivary glands 502332 203 0.04%
phecode_101 Neoplasms Malignant neoplasm of the digestive organs 498324 15535 3.12% 60713 1652 2.72%
phecode_101-1 Neoplasms Malignant neoplasm of the esophagus 502222 1654 0.33% 61222 176 0.29%
phecode_101-2 Neoplasms Malignant neoplasm of stomach 502242 1407 0.28% 61222 138 0.23%
phecode_101-21 Neoplasms Malignant neoplasm of cardia 502381 647 0.13%
phecode_101-3 Neoplasms Malignant neoplasm of the small intestine 502363 491 0.10%
phecode 101-4 Neoplasms Malignant neoplasm of the colon and rectum 499666 8051 1.61% 60906 882 1.45%
phecode_101-41 Neoplasms Malignant neoplasm of the colon 500526 6050 1.21% 61007 670 1.10%
phecode_101-42 Neoplasms Malignant neoplasm of the rectum 501377 2656 0.53% 61120 277 0.45%
phecode_101-5 Neoplasms Malignant neoplasm of the anus and anal canal 502321 382 0.08%
phecode_101-6 Neoplasms Malignant neoplasm of the liver and intrahep- 502374 1099 0.22% 61238 118 0.19%
atic bile ducts
phecode_101-61 Neoplasms Malignant neoplasm of the liver 502432 500 0.10%
phecode_101-62 Neoplasms Malignant neoplasm of the intrahepatic bile 502435 566 0.11%
ducts
phecode _101-7 Neoplasms Malignant neoplasm of the gallbladder and ex- 502417 510 0.10%
trahepatic bile ducts
phecode 101-71 Neoplasms Malignant neoplasm of the gallbladder 502451 181 0.04%
phecode_101-8 Neoplasms Malignant neoplasm of the pancreas 502371 1908 0.38% 61244 181 0.30%
phecode_102 Neoplasms Malignant neoplasm of the thoracic and respi- 501748 6810 1.36% 61165 686 1.12%
ratory organs
phecode 102-1 Neoplasms Malignant neoplasm of the of bronchus and 502066 5832 1.16% 61199 594 0.97%
lung
phecode_102-3 Neoplasms Malignant neoplasm of the trachea 502401 313 0.06%
phecode 102-5 Neoplasms Malignant neoplasm of the heart, mediastinum, 502424 188 0.04%
thymus, and pleura
phecode_103 Neoplasms Malignant neoplasm of the skin 488663 31041 6.35% 59332 3620 6.10%
phecode_103-1 Neoplasms Melanomas of skin 499701 5002 1.00% 60872 574 0.94%
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eligable of ob- fre- eligable of ob- fre-
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phecode_103-2 Neoplasms Keratinocyte carcinoma 496218 16640 3.35% 60277 1997 3.31%
phecode_103-21 Neoplasms Basal cell carcinoma 496402 14745 2.97% 60306 1737 2.88%
phecode_103-22 Neoplasms Squamous cell carcinoma of the skin 502253 2631 0.52% 61225 368 0.60%
phecode_103-3 Neoplasms Carcinoma in situ of skin 501228 4852 0.97% 61116 597 0.98%
phecode_104 Neoplasms Malignant sarcoma-related cancers 501446 2165 0.43% 61123 224 0.37%
phecode_104-1 Neoplasms Malignant neoplam of the bone and/or cartilage 502198 431 0.09%
phecode_104-2 Neoplasms Malignant neoplasm of retroperitoneum and 502402 479 0.10%
peritoneum
phecode_104-3 Neoplasms Malignant neoplasm of other connective and 501901 986 0.20%
soft tissue
phecode_104-5 Neoplasms Gastrointestinal stromal tumor* 502447 159 0.03%
phecode_105 Neoplasms Malignant neoplasm of the breast 491370 12724 2.59% 59833 1420 2.37%
phecode_105-1 Neoplasms Malignant neoplasm of the breast, female 265414 8953 3.37% 32179 1080 3.36%
phecode_106 Neoplasms Gynecological malignant neoplasms 267075 4215 1.58% 32501 442 1.36%
phecode_106-1 Neoplasms Malignant neoplasm of external female genital 268852 854 0.32%
organs and cervix
phecode_106-11 Neoplasms Malignant neoplasm of the vulva 273166 290 0.11%
phecode_106-13 Neoplasms Malignant neoplasm of the cervix 269034 531 0.20%
phecode_106-2 Neoplasms Malignant neoplasm of the uterus 272382 1966 0.72% 33158 226 0.68%
phecode_106-21 Neoplasms Malignant neoplasm of endometrium 272466 1877 0.69% 33170 215 0.65%
phecode_106-3 Neoplasms Malignant neoplasm of the ovary 272514 1646 0.60% 33167 169 0.51%
phecode_106-4 Neoplasms Malignant neoplasm of the fallopian tube and 273322 172 0.06%
uterine adnexa
phecode_107 Neoplasms Malignant neoplasm of male genitalia 224915 13780 6.13% 27396 1747 6.38%
phecode_107-1 Neoplasms Malignant neoplasm of the penis 228915 330 0.14%
phecode_107-2 Neoplasms Malignant neoplasm of the prostate 225740 13373 5.92% 27506 1699 6.18%
phecode_107-3 Neoplasms Malignant neoplasm of the testis 228455 164 0.07%
phecode_108 Neoplasms Malignant neoplasm of the urinary tract 500054 6664 1.33% 60947 641 1.05%
phecode_108-4 Neoplasms Malignant neoplasm of the kidney 501887 2195 0.44% 61172 227 0.37%
phecode_108-41 Neoplasms Malignant neoplasm of kidney, except pelvis 501960 2004 0.40% 61179 201 0.33%
phecode_108-42 Neoplasms Malignant neoplasm of renal pelvis 502428 179 0.04%
phecode_108-5 Neoplasms Malignant neoplasm of the bladder 500998 3745 0.75% 61076 344 0.56%
phecode _108-7 Neoplasms Malignant neoplasm of ureter 502424 257 0.05%
phecode_109 Neoplasms Malignant neoplasm of the eye, brain and other 502056 1653 0.33% 61204 188 0.31%
parts of central nervous system
phecode_109-1 Neoplasms Malignant neoplasm of eye 502301 194 0.04%
phecode_109-16 Neoplasms Malignant neoplasm of choroid 502364 117 0.02%
phecode_109-3 Neoplasms Malignant neoplasm of brain 502269 1324 0.26% 61235 151 0.25%
phecode_110 Neoplasms Malignant neoplasm of the endocrine glands 501903 910 0.18% 61172 102 0.17%
phecode_110-1 Neoplasms Malignant neoplasm of the thyroid 502050 573 0.11%
phecode_110-4 Neoplasms Malignant neoplasm of the pituitary gland and 502359 140 0.03%
craniopharyngeal duct
phecode_112 Neoplasms Malignant neoplasm of other and ill-defined 491673 37928 7.71% 59854 4502 7.52%
sites
phecode_112-1 Neoplasms Mesothelioma* 502451 531 0.11%
phecode_114 Neoplasms Neuroendocrine tumors 502198 1002 0.20% 61226 124 0.20%
phecode_114-4 Neoplasms Carcinoid tumors 502415 128 0.03%
phecode_114-6 Neoplasms Pheochromocytoma (including adrenal gland 502300 728 0.14%
neoplasms)
phecode_116 Neoplasms Secondary malignant neoplasm 499427 21179 4.24% 60894 2120 3.48%
phecode_116-1 Neoplasms Secondary malignancy of lymph nodes 500269 10438 2.09% 61015 909 1.49%
phecode_116-2 Neoplasms Secondary malignancy of respiratory organs 502251 6536 1.30% 61229 621 1.01%
phecode_116-3 Neoplasms Secondary malignant neoplasm of digestive 502233 4324 0.86% 61227 416 0.68%
systems
phecode_116-4 Neoplasms Secondary malignant neoplasm of liver 502146 7266 1.45% 61226 735 1.20%
phecode_116-5 Neoplasms Secondary malignancy of brain/spine 502417 2284 0.45% 61250 250 0.41%
phecode_116-6 Neoplasms Secondary malignancy of bone 502221 6141 1.22% 61214 681 1.11%
phecode_116-7 Neoplasms Secondary malignant neoplasm of skin 502416 476 0.09%
phecode_120 Neoplasms Hemo onc - by cell of origin 499041 8133 1.63% 60774 897 1.48%
phecode_120-1 Neoplasms Myeloid 501207 3748 0.75% 61099 429 0.70%
phecode_120-11 Neoplasms Plasma cell 502389 182 0.04%
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phecode_120-12 Neoplasms Monocyte 502451 151 0.03%
phecode_120-13 Neoplasms Erythroid 502142 409 0.08%
phecode_120-2 Neoplasms Lymphoid 500803 3995 0.80% 61011 443 0.73%
phecode_120-21 Neoplasms Mature B-cell 501241 3586 0.72% 61081 381 0.62%
phecode_120-22 Neoplasms Mature T-Cell 502357 310 0.06%
phecode_121 Neoplasms Leukemia 501694 2222 0.44% 61142 263 0.43%
phecode _121-1 Neoplasms Acute leukemia 502283 766 0.15%
phecode_121-11 Neoplasms Acute lymphoid leukemia 502414 104 0.02%
phecode_121-12 Neoplasms Acute myeloid leukemia 502326 661 0.13%
phecode_121-2 Neoplasms Chronic leukemia 501911 1406 0.28% 61178 165 0.27%
phecode_121-21 Neoplasms Chronic lymphoid leukemia 502022 1167 0.23% 61191 142 0.23%
phecode_121-22 Neoplasms Chronic myloid leukemia 502335 202 0.04%
phecode_121-23 Neoplasms Chronic myelomonocytic (monocytic) 502457 123 0.02%
leukemia
phecode_122 Neoplasms Lymphoma 500922 3174 0.63% 61026 329 0.54%
phecode_122-1 Neoplasms Hodgkin lymphoma 502038 289 0.06%
phecode_122-2 Neoplasms Non-Hodgkin lymphoma 501268 2946 0.59% 61071 296 0.48%
phecode_122-21 Neoplasms Follicular lymphoma 502170 669 0.13%
phecode_122-22 Neoplasms Diffuse large B-cell lymphoma* 502273 1155 0.23% 61234 121 0.20%
phecode_122-24 Neoplasms T-cell lymphoma 502441 158 0.03%
phecode_123 Neoplasms Multiple myeloma and malignant plasma cell 502222 1253 0.25% 61225 147 0.24%
neoplasms
phecode_123-1 Neoplasms Multiple myeloma 502251 1226 0.24% 61228 140 0.23%
phecode_124 Neoplasms Myeloproliferative disorder 501593 2154 0.43% 61148 246 0.40%
phecode 124-3 Neoplasms Polycythemia vera 502158 393 0.08%
phecode 124-5 Neoplasms Essential thrombocythemia 502156 861 0.17% 61204 103 0.17%
phecode_124-6 Neoplasms Myelodysplastic syndrome 502373 705 0.14%
phecode_124-7 Neoplasms Chronic myeloproliferative disease 502321 434 0.09%
phecode_125 Neoplasms Other malignant neoplasms of lymphoid, 502220 322 0.06%
hematopoietic and related tissue
phecode_130 Neoplasms Cancer (solid tumor, excluding BCC) 467151 69687 14.92% 56709 7801 13.76%
phecode_132 Neoplasms Sequelae of cancer 501000 5493 1.10% 61101 667 1.09%
phecode_135 Neoplasms Benign neoplasm of the head and neck 495301 5890 1.19% 60373 677 1.12%
phecode_135-1 Neoplasms Benign neoplasm of the oral cavity 501304 1414 0.28% 61134 145 0.24%
phecode_135-12 Neoplasms Benign neoplasm of the tongue 502303 127 0.03%
phecode_135-16 Neoplasms Benign neoplasm of the salivary glands 501978 645 0.13%
phecode_135-5 Neoplasms Benign neoplasm of the paranasal sinus and 496862 4203 0.85% 60541 496 0.82%
nasal cavity
phecode_135-6 Neoplasms Benign neoplasm of vocal cord or larynx 502019 311 0.06%
phecode_136 Neoplasms Benign neoplasm of the digestive organs 487512 52354 10.74% 59179 5933 10.03%
phecode_136-1 Neoplasms Benign neoplasm of the esophagus 502356 163 0.03%
phecode_136-2 Neoplasms Benign neoplasm of stomach 500164 11273 2.25% 60935 1299 2.13%
phecode_136-3 Neoplasms Benign neoplasm of the small intestine 502300 254 0.05%
phecode 136-4 Neoplasms Benign neoplasm of colon, rectum, anus and 489805 44166 9.02% 59473 5004 8.41%
anal canal
phecode_136-41 Neoplasms Benign neoplasm of the colon 493775 37524 7.60% 60008 4231 7.05%
phecode_136-42 Neoplasms Benign neoplasm of rectum and anus 496403 17530 3.53% 60451 1990 3.29%
phecode_136-6 Neoplasms Benign neoplasm of the liver and intrahepatic 502390 183 0.04%
bile ducts
phecode_136-8 Neoplasms Benign neoplasm of the pancreas 502448 151 0.03%
phecode 137 Neoplasms Benign neoplasm of the thoracic and respira- 502372 248 0.05%
tory organs
phecode_137-5 Neoplasms Benign neoplasm of the heart, mediastinum, 502411 145 0.03%
thymus, and pleura
phecode_138 Neoplasms Benign neoplasm of the skin 455462 34419 7.56% 54546 4328 7.93%
phecode_138-1 Neoplasms Nevus, non-neoplastic 499732 3635 0.73% 60891 464 0.76%
phecode_138-2 Neoplasms Melanocytic nevi* 473750 27003 5.70% 56817 3466 6.10%
phecode 139 Neoplasms Benign sarcoma-related cancers 482142 18854 3.91% 58504 2174 3.72%
phecode 139-1 Neoplasms Benign neoplams of the bone and/or cartilage 501840 425 0.08%
phecode 139-3 Neoplasms Benign neoplasm of other connective and soft 500712 1103 0.22% 61019 103 0.17%

tissue
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phecode_139-4 Neoplasms Benign neoplasm of peripheral nerves* 502044 509 0.10%
phecode_139-5 Neoplasms Lipoma 487886 13458 2.76% 59248 1585 2.68%
phecode_139-51 Neoplasms Lipomatosis* 502274 146 0.03%
phecode_139-52 Neoplasms Lipoma of intrathoracic organs 502089 1020 0.20% 61215 117 0.19%
phecode_139-53 Neoplasms Lipoma of other skin subcutaneous tissue 496405 4832 0.97% 60407 520 0.86%
phecode_139-54 Neoplasms Testicular limpoma 228722 1124 0.49% 27926 129 0.46%
phecode_139-6 Neoplasms Hemangioma and lymphangioma 499054 4410 0.88% 60832 494 0.81%
phecode_139-61 Neoplasms Hemangioma 499130 4312 0.86% 60843 488 0.80%
phecode_139-62 Neoplasms Lymphangioma 502373 109 0.02%
phecode_140 Neoplasms Benign neoplasm of the breast 496908 1469 0.30% 60535 170 0.28%
phecode_142 Neoplasms Lump or mass in breast or nonspecific abnor- 465844 21214 4.55% 56243 2813 5.00%
mal breast exam
phecode_142-1 Neoplasms Lump or mass in breast 472819 13671 2.89% 57209 1725 3.02%
phecode_142-2 Neoplasms Abnormal mammogram 502256 186 0.04%
phecode_142-21 Neoplasms Mammographic microcalcification 502256 186 0.04%
phecode_144 Neoplasms Gynecological benign neoplasms 241780 15460 6.39% 29060 1869 6.43%
phecode_144-1 Neoplasms Benign neoplasms of external female genital 265110 3365 1.27% 32266 373 1.16%
organs and cervix
phecode_144-11 Neoplasms Benign neoplasms of the vulva 273114 138 0.05%
phecode_144-12 Neoplasms Benign neoplasms of the vagina 272987 220 0.08%
phecode_144-13 Neoplasms Benign neoplasms of the cervix 265667 3065 1.15% 32334 337 1.04%
phecode_144-2 Neoplasms Benign neoplasms of the uterus 249187 12639 5.07% 29962 1575 5.26%
phecode_144-21 Neoplasms Leiomyoma of uterus 254139 8978 3.53% 30607 1165 3.81%
phecode_144-3 Neoplasms Benign neoplasms of the ovary 272034 1565 0.58% 33112 158 0.48%
phecode 146 Neoplasms Benign neoplasm of the genitourinary system 500174 6392 1.28% 60887 842 1.38%
phecode_146-2 Neoplasms Benign neoplasm of the prostate 227092 5961 2.62% 27640 797 2.88%
phecode_146-4 Neoplasms Benign neoplasm of the kidney 502414 192 0.04%
phecode_146-5 Neoplasms Benign neoplasm of the bladder 502352 183 0.04%
phecode_148 Neoplasms Benign neoplasm of the eye, brain and other 501101 3257 0.65% 61055 394 0.65%
parts of central nervous system
phecode_148-1 Neoplasms Benign neoplasm of eye 502087 1743 0.35% 61188 216 0.35%
phecode_148-16 Neoplasms Benign neoplasm of choroid 502214 1599 0.32% 61212 206 0.34%
phecode_148-2 Neoplasms Benign neoplasm of meninges (Meningioma) 502040 1011 0.20% 61202 121 0.20%
phecode_148-3 Neoplasms Benign neoplasm of brain 502363 121 0.02%
phecode_148-5 Neoplasms Benign neoplasm of cranial nerve 502070 451 0.09%
phecode_149 Neoplasms Benign neoplasm of the endocrine glands 501385 1623 0.32% 61113 219 0.36%
phecode_149-1 Neoplasms Benign neoplasm of the thyroid 502026 326 0.06%
phecode_149-3 Neoplasms Benign neoplasm of the parathyroid gland 502274 756 0.15% 61236 109 0.18%
phecode_149-4 Neoplasms Benign neoplasm of the pituitary gland and 502015 540 0.11%
craniopharyngeal duct
phecode_153 Neoplasms Benign neoplasm of other or unspecified sites 501562 580 0.12%
phecode_159 Neoplasms Genetic susceptibility to malignant neoplasm 502412 354 0.07%
phecode_159-1 Neoplasms Genetic susceptibility to malignant neoplasm 502417 271 0.05%
of breast
phecode_160 Blood Nutritional anemias 485092 25919 5.34% 59133 2876 4.86%
phecode_160-1 Blood Iron deficiency anemia 486933 23536 4.83% 59385 2600 4.38%
phecode_160-2 Blood Megaloblastic anemia 500443 3728 0.74% 60985 417 0.68%
phecode_160-4 Blood Other deficiency anemia 501912 642 0.13%
phecode_161 Blood Hemolytic anemias 502110 382 0.08%
phecode_161-1 Blood Intrinsic (hereditary) hemolytic anemias 502232 193 0.04%
phecode_161-2 Blood Extrinsic (acquired) hemolytic anemias 502308 258 0.05%
phecode_161-21 Blood Autoimmune hemolytic anemias [ATHA] 502377 185 0.04%
phecode_162 Blood Aplastic anemia 502198 1380 0.27% 61227 151 0.25%
phecode_162-8 Blood Pancytopenia 502397 336 0.07%
phecode_164 Blood Anemia 474002 43808 9.24% 57646 4887 8.48%
phecode_164-1 Blood Microcytic anemia 486928 23551 4.84% 59384 2603 4.38%
phecode_164-2 Blood Macrocytic anemia 500091 3938 0.79% 60941 444 0.73%
phecode _164-3 Blood Acute posthemorrhagic anemia 502185 215 0.04%
phecode_164-6 Blood Anemia secondary to chronic diseases and con- 500455 1692 0.34% 60967 154 0.25%
ditions
phecode_164-62 Blood Anemia in neoplastic disease 502310 777 0.15%
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phecode_165 Blood Hemoglobinopathies 501169 771 0.15% 61042 136 0.22%
phecode_165-2 Blood Thalassemia 501810 352 0.07%
phecode_165-25 Blood Thalassemia minor 501962 320 0.06%
phecode_165-3 Blood Hemoglobin C trait [Sickle-cell trait] 501961 308 0.06%
phecode_168 Blood Coagulation defects, purpura and other hemor- 498730 6510 1.31% 60713 812 1.34%
rhagic conditions
phecode_168-1 Blood Hypo-coagulability 500190 3501 0.70% 60956 446 0.73%
phecode_168-11 Blood Hereditary hypo-coagulability 502202 168 0.03%
phecode_168-12 Blood Hemorrhagic disorder due to intrinsic circulat- 502388 165 0.03%
ing anticoagulants
phecode_168-15 Blood Acquired coagulation factor deficiency 502449 103 0.02%
phecode_168-18 Blood Other nonthrombocytopenic purpura 502147 716 0.14%
phecode_168-19 Blood Spontaneous ecchymoses 500838 2271 0.45% 61045 258 0.42%
phecode_168-2 Blood Hyper-coagulability 502061 834 0.17% 61180 123 0.20%
phecode 168-21 Blood Primary hypercoagulable state [Primary 502074 644 0.13%
thrombophilia]
phecode_168-211 Blood Activated protein C resistance® 502343 130 0.03%
phecode 168-214 Blood Antiphospholipid syndrome* 502345 134 0.03%
phecode _168-3 Blood Hereditary deficiency of other clotting factors 502154 373 0.07%
phecode_168-4 Blood Abnormal coagulation profile 502268 1197 0.24% 61214 147 0.24%
phecode_169 Blood Platelet defects 500885 4918 0.98% 61004 675 1.11%
phecode_169-1 Blood Thrombocytopenia 500918 4890 0.98% 61006 672 1.10%
phecode_169-11 Blood Immune thrombocytopenic purpura [ITP] 501997 683 0.14% 61187 102 0.17%
phecode_169-14 Blood Secondary thrombocytopenia 502373 282 0.06%
phecode_170 Blood Decreased white blood cell count 499695 8125 1.63% 60823 906 1.49%
phecode_170-1 Blood Neutropenia 499774 7908 1.58% 60832 882 1.45%
phecode_170-13 Blood Neutropenia due to infection 502444 291 0.06%
phecode_170-19 Blood Neutropenia NOS 501109 2424 0.48% 61046 282 0.46%
phecode 170-2 Blood Lymphocytopenia 502370 270 0.05%
phecode 171 Blood Increased white blood cell count 501496 1398 0.28% 61081 179 0.29%
phecode_171-1 Blood Lymphocytosis (symptomatic) 502043 740 0.15% 61148 102 0.17%
phecode_171-7 Blood Eosinophilia 502155 460 0.09%
phecode_171-9 Blood Elevated white blood cell count [Leukocytosis] 502277 148 0.03%
NOS
phecode_172 Blood Other disorders of white blood cells 500925 2100 0.42% 60871 267 0.44%
phecode_172-2 Blood Genetic anomalies of leukocytes 502365 244 0.05%
phecode_174 Blood Diseases of spleen 501864 2260 0.45% 61174 254 0.42%
phecode_174-1 Blood Hyposplenism* 502272 662 0.13%
phecode_174-2 Blood Splenomegaly 502136 1237 0.25% 61206 144 0.24%
phecode_174-6 Blood Cyst of spleen* 502436 102 0.02%
phecode_174-7 Blood Infarction of spleen* 502402 236 0.05%
phecode_175 Blood Polycythemias 501961 1042 0.21% 61207 139 0.23%
phecode_175-2 Blood Secondary polycythemia 502189 909 0.18% 61230 125 0.20%
phecode 176 Blood Other diseases of blood and blood-forming or- 500275 2605 0.52% 60998 446 0.73%
gans
phecode_177 Blood Abnormality of the lymph nodes 490447 15769 3.22% 59576 1984 3.33%
phecode _177-1 Blood Lymphadenitis 500388 705 0.14%
phecode_177-13 Blood Acute lymphadenitis 501186 315 0.06%
phecode_177-2 Blood Enlargement of lymph nodes [Lymphadenopa- 493937 11966 2.42% 60041 1482 2.47%
thy]
phecode_177-3 Blood Lymphangitis 502177 324 0.06%
phecode_177-4 Blood Lymphedema 501322 3172 0.63% 61098 417 0.68%
phecode_179 Blood Immunodeficiencies 501978 1588 0.32% 61172 187 0.31%
phecode_179-1 Blood Hypogammaglobulinemia NOS 502419 306 0.06%
phecode_179-9 Blood Immunodeficiency NOS 502137 1053 0.21% 61187 115 0.19%
phecode_180 Blood Other disorders involving the immune mecha- 501834 3425 0.68% 61147 390 0.64%
nism
phecode_180-3 Blood Paraproteinemias 502346 2068 0.41% 61242 242 0.40%
phecode_180-31 Blood Monoclonal gammopathy 502382 1926 0.38% 61245 220 0.36%
phecode_180-33 Blood Macroglobulinemia [Waldenstrom macroglob- 502424 176 0.04%

ulinemia]
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phecode_181 Blood Autoimmune disease 486677 14610 3.00% 59193 1578 2.67%
phecode_200 Endo Disorders of thyroid gland 474595 28006 5.90% 57383 3122 5.44%
phecode_200-1 Endo Hypothyroidism 483612 23512 4.86% 58570 2538 4.33%
phecode_200-12 Endo Hypothyroidism due to drugs or iatrogenic 502385 146 0.03%

causes
phecode_200-13 Endo Postprocedural hypothyroidism 501427 2149 0.43% 61124 239 0.39%
phecode_200-14 Endo Hypothyroidism, not specified as secondary 484555 20668 4.27% 58685 2233 3.81%
phecode_200-2 Endo Goiter 496277 5721 1.15% 60432 704 1.16%
phecode_200-21 Endo Diffuse goiter 500008 1405 0.28% 60952 157 0.26%
phecode_200-22 Endo Uninodular goiter [single thyroid nodule] 500825 2387 0.48% 61008 315 0.52%
phecode_200-23 Endo Multinodular goiter 501066 1913 0.38% 61084 243 0.40%
phecode_200-3 Endo Thyrotoxicosis [hyperthyroidism] 497060 4344 0.87% 60536 499 0.82%
phecode_200-31 Endo Graves’ disease [Toxic diffuse goiter] 501154 1071 0.21% 61096 117 0.19%
phecode_200-4 Endo Thyroiditis 501012 938 0.19% 61062 107 0.18%
phecode_200-41 Endo Hashimoto thyroiditis [Chronic lymphocytic 501700 631 0.13%

thyroiditis]
phecode_200-7 Endo Todine-deficiency related thyroid disorders* 502174 3621 0.72% 61221 367 0.60%
phecode_200-9 Endo Abnormal thyroid function studies 500237 2200 0.44% 60940 268 0.44%
phecode_202 Endo Diabetes mellitus 477657 37953 7.95% 57936 4259 7.35%
phecode_202-1 Endo Type 1 diabetes 499103 3722 0.75% 60870 450 0.74%
phecode_202-2 Endo Type 2 diabetes 478574 37460 7.83% 58037 4163 7.17%
phecode_202-3 Endo Secondary diabetes 502420 197 0.04%
phecode_202-32 Endo Drug or chemical induced diabetes mellitus* 502427 172 0.03%
phecode_202-4 Endo Other specified diabetes* 496341 38221 7.70% 60444 5006 8.28%
phecode 203 Endo Metabolic syndrome [Dysmetabolic syndrome 502326 191 0.04%

X]
phecode_204 Endo Elevated blood glucose level 489096 37190 7.60% 59259 4823 8.14%
phecode_204-1 Endo Impaired fasting glucose 499340 6011 1.20% 60651 720 1.19%
phecode_204-2 Endo Impaired glucose tolerance (oral) 498520 13587 2.73% 60635 1698 2.80%
phecode_204-4 Endo Prediabetes* 502049 570 0.11% 61194 108 0.18%
phecode_205 Endo Hypoglycemia 501289 4032 0.80% 61110 416 0.68%
phecode_205-3 Endo Drug-induced hypoglycemia* 502430 143 0.03%
phecode_206 Endo Disorders of pancreatic internal secretion (excl. 502439 127 0.03%

DM)
phecode_208 Endo Disorders of parathyroid gland 501591 2953 0.59% 61134 374 0.61%
phecode_208-1 Endo Hypoparathyroidism 502316 196 0.04%
phecode_208-2 Endo Hyperparathyroidism 501739 2844 0.57% 61147 362 0.59%
phecode_208-21 Endo Primary hyperparathyroidism 502108 1771 0.35% 61195 232 0.38%
phecode_208-22 Endo Secondary hyperparathyroidism 502367 687 0.14%
phecode_209 Endo Disorders of the pituitary gland and its hy- 501436 1609 0.32% 61120 197 0.32%

pothalamic control
phecode_209-1 Endo Pituitary hyperfunction 501901 882 0.18% 61174 102 0.17%
phecode_209-12 Endo Syndrome of inappropriate secretion of antidi- 502408 674 0.13%

uretic hormone
phecode_209-13 Endo Hyperprolactinemia* 502087 119 0.02%
phecode_209-2 Endo Hypopituitarism 502003 643 0.13%
phecode_209-21 Endo Diabetes insipidus 502332 123 0.02%
phecode_209-22 Endo Hypopituitarism NOS 502114 535 0.11%
phecode_209-23 Endo Iatrogenic hypopituitarism* 502391 114 0.02%
phecode_210 Endo Cushing’s syndrome 502342 129 0.03%
phecode 211 Endo Disorders of adrenal glands 501939 1430 0.28% 61205 175 0.29%
phecode _211-1 Endo Hyperaldosteronism 502335 101 0.02%
phecode_211-2 Endo Adrenocortical insufficiency 502165 774 0.15%
phecode_211-21 Endo Primary adrenocortical insufficiency 502274 277 0.06%
phecode_211-22 Endo Drug-induced adrenocortical insufficiency* 502452 107 0.02%
phecode_214 Endo Ovarian dysfunction 272065 479 0.18%
phecode_214-1 Endo Primary ovarian failure 272177 455 0.17%
phecode_214-11 Endo Premature menopause 272385 422 0.15%
phecode_215 Endo Testicular dysfunction 228738 641 0.28% 27923 103 0.37%
phecode_215-1 Endo Testicular hypofunction 228810 612 0.27%
phecode_229 Endo Other endocrine disorders 502037 336 0.07%
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phecode_230 Metab Malnutrition and underweight 495351 26056 5.26% 60371 3065 5.08%
phecode_230-1 Metab Protein-calorie malnutrition 502320 719 0.14%
phecode_230-2 Metab Abnormal loss of weight and underweight 496512 21092 4.25% 60500 2452 4.05%
phecode_230-21 Metab Abnormal weight loss 497079 20015 4.03% 60533 2341 3.87%
phecode_230-22 Metab Underweight 501869 1477 0.29% 61223 154 0.25%
phecode_230-3 Metab Anorexia 501209 6442 1.29% 61116 776 1.27%
phecode 230-4 Metab Cachexia 502446 313 0.06%
phecode _230-5 Metab Early satiety 502460 128 0.03%
phecode 232 Metab Vitamin deficiencies 497025 35843 7.21% 60415 5117 8.47%
phecode_232-1 Metab Vitamin A deficiency 501753 113 0.02%
phecode_232-2 Metab Vitamin B group deficiency 498666 13489 2.71% 60705 1585 2.61%
phecode_232-27 Metab Vitamin B12 deficiency 500830 2562 0.51% 61031 272 0.45%
phecode_232-29 Metab Folate deficiency [Vitamin B9] 502091 1230 0.24% 61208 153 0.25%
phecode_232-4 Metab Vitamin D deficiency 501521 25142 5.01% 61062 3911 6.40%
phecode_234 Metab Other nutritional deficiencies 500482 4532 0.91% 61057 1280 2.10%
phecode_236 Metab Overweight and obesity 471690 52586 11.15% 57314 6340 11.06%
phecode_236-1 Metab Obesity 471819 52464 11.12% 57338 6324 11.03%
phecode_236-11 Metab Morbid obesity 501516 2668 0.53% 61109 283 0.46%
phecode_236-2 Metab Localized adiposity 502292 244 0.05%
phecode 237 Metab Abnormal weight gain 498418 3510 0.70% 60755 369 0.61%
phecode_239 Metab Hyperlipidemia 442105 78585 17.78% 52389 10050 19.18%
phecode_239-1 Metab Hypercholesterolemia 451646 73101 16.19% 53958 9407 17.43%
phecode_239-11 Metab Pure hypercholesterolemia 453668 73199 16.13% 54293 9463 17.43%
phecode_239-12 Metab Familial hypercholesterolemia* 501395 1535 0.31% 61068 186 0.30%
phecode_239-2 Metab Hyperglyceridemia 499001 2375 0.48% 60716 258 0.42%
phecode_239-21 Metab Pure hyperglyceridemia 502105 904 0.18%
phecode_239-3 Metab Mixed hyperlipidemia 499330 1529 0.31% 60770 195 0.32%
phecode_240 Metab Disorders of amino-acid transport and 502298 168 0.03%
metabolism
phecode_241 Metab Disorders of carbohydrate metabolism 501854 493 0.10%
phecode_242 Metab Lipid storage disorders 502344 155 0.03%
phecode_244 Metab Disorders of lipoprotein metabolism and other 501101 2859 0.57% 61043 431 0.71%
lipidemias
phecode_244-4 Metab Lipodystrophy, not elsewhere classified 502395 242 0.05%
phecode_247 Metab Disorders of mineral metabolism and mineral 484323 34180 7.06% 59033 3877 6.57%
deficiencies
phecode_247-3 Metab Disorder of phosphorus metabolism 502407 1805 0.36% 61252 218 0.36%
phecode_247-4 Metab Disorders of magnesium metabolism 502406 2999 0.60% 61244 358 0.58%
phecode_247-42 Metab Hypomagnesemia* 502431 576 0.11%
phecode 247-5 Metab Disorders of calcium metabolism 501174 6268 1.25% 61060 737 1.21%
phecode_247-51 Metab Hypocalcemia 501933 1293 0.26% 61187 132 0.22%
phecode_247-52 Metab Hypercalcemia 502113 1681 0.33% 61189 222 0.36%
phecode_247-7 Metab Disorders of iron metabolism 485646 26868 5.53% 59229 2985 5.04%
phecode_247-71 Metab Hemochromatosis 502159 743 0.15%
phecode_247-711 Metab Hereditary hemochromatosis 502324 222 0.04%
phecode_247-72 Metab Iron deficiency 486123 25754 5.30% 59285 2852 4.81%
phecode_248 Metab Disorders of plasma-protein metabolism, NEC 502262 1136 0.23% 61231 129 0.21%
phecode_248-1 Metab Alpha-1-antitrypsin deficiency 502375 132 0.03%
phecode_249 Metab Amyloidosis 502390 550 0.11%
phecode_249-1 Metab Cerebral amyloid angiopathy* 502455 211 0.04%
phecode 251 Metab Disorders of bilirubin excretion 500937 1590 0.32% 61032 182 0.30%
phecode_251-1 Metab Gilbert syndrome* 500996 1499 0.30% 61042 173 0.28%
phecode_252 Metab Other and unspecified disorders of metabolism 502263 345 0.07%
phecode_256 Metab Disorders of fluid, electrolyte and acid-base 495716 36496 7.36% 60493 4817 7.96%
balance
phecode 256-1 Metab Hyperosmolality and/or hypernatremia 502058 2042 0.41% 61205 319 0.52%
phecode_256-2 Metab Hyposmolality and/or hyponatremia 499993 14641 2.93% 61002 2315 3.79%
phecode_256-3 Metab Mixed disorder of acid-base balance 502192 4656 0.93% 61220 492 0.80%
phecode_256-31 Metab Acidosis 502208 4057 0.81% 61222 437 0.71%
phecode_256-32 Metab Alkalosis 502445 680 0.14%
phecode_256-4 Metab Hyperkalemia [Hyperpotassemia] 501796 5418 1.08% 61159 616 1.01%

272



Table 4 continued from previous page

1 Data and Implementation

Endpoint Category Phecode string Number Number Endpoint | Number Number Endpoint
eligable of ob- fre- eligable of ob- fre-
(EHR) serva- quency (Retina) serva- quency
tions (EHR) tions (Retina)
(EHR) (Retina)
phecode_256-5 Metab Hypokalemia [Hypopotassemia] 501339 8409 1.68% 61144 960 1.57%
phecode_256-6 Metab Fluid overload 502369 3073 0.61% 61244 343 0.56%
phecode_256-7 Metab Volume depletion 501618 10584 2.11% 61134 1169 1.91%
phecode_256-71 Metab Dehydration 502302 845 0.17%
phecode_257 Metab Polydipsia 500601 1547 0.31% 61018 190 0.31%
phecode 280 Mental Substance related disorders 489557 20707 4.23% 59584 2413 4.05%
phecode_280-1 Mental Alcohol use disorders 490806 19603 3.99% 59746 2266 3.79%
phecode_280-11 Mental Alcohol abuse 497292 11089 2.23% 60633 1212 2.00%
phecode_280-12 Mental Alcohol dependence 497114 6285 1.26% 60514 684 1.13%
phecode_280-13 Mental Alcoholic liver disease 501590 1776 0.35% 61146 186 0.30%
phecode_280-14 Mental Alcoholic pancreatitis 502334 215 0.04%
phecode_280-2 Mental Opioid related disorders 502246 248 0.05%
phecode_280-22 Mental Opioid dependence 502277 181 0.04%
phecode_280-3 Mental Cannabis related disorders 502262 386 0.08%
phecode_280-31 Mental Cannabis abuse 502374 308 0.06%
phecode_280-4 Mental Sedative, hypnotic, or anxiolytic related disor- 502041 278 0.06%
ders
phecode_280-42 Mental Sedative, hypnotic or anxiolytic-related depen- 502054 264 0.05%
dence
phecode_280-8 Mental Other psychoactive substance related disorders 501606 904 0.18% 61147 145 0.24%
phecode_280-81 Mental Other psychoactive substance abuse 502156 235 0.05%
phecode_280-82 Mental Other psychoactive substance dependence 501833 710 0.14% 61165 106 0.17%
phecode_281 Mental Substance abuse, dependence, and withdrawl 400986 31733 7.91% 47197 3749 7.94%
phecode_281-1 Mental Substance abuse 496902 11529 2.32% 60581 1274 2.10%
phecode 281-2 Mental Substance dependence 403510 26850 6.65% 47476 3215 6.77%
phecode 281-21 Mental Substance withdrawal 502091 440 0.09%
phecode_282-1 Mental Current tobacco use and nicotine dependence 428880 21120 4.92% 51019 2415 4.73%
phecode_283 Mental Other behavioral problems 379487 79939 21.07% 43721 9143 20.91%
phecode_283-3 Mental High risk sexual behavior 501986 267 0.05%
phecode_283-4 Mental Patient’s noncompliance with medical treat- 496888 19329 3.89% 60438 2414 3.99%
ment and regimen
phecode_283-8 Mental Other problems related to lifestyle 388872 71273 18.33% 45188 7971 17.64%
phecode_284 Mental Suicide ideation and attempt or self harm 498884 5253 1.05% 60757 664 1.09%
phecode_284-1 Mental Suicidal ideations 499748 3959 0.79% 60875 536 0.88%
phecode_284-2 Mental Suicide and self-inflicted harm 501423 1931 0.39% 61109 206 0.34%
phecode_284-29 Mental Intentional self-harm* 501458 1914 0.38% 61112 203 0.33%
phecode_286 Mental Mood [affective] disorders 428189 38738 9.05% 51563 4730 9.17%
phecode_286-1 Mental Bipolar disorder 501038 1048 0.21% 61050 110 0.18%
phecode_286-2 Mental Major depressive disorder 435448 39083 8.98% 52388 4781 9.13%
phecode 286-21 Mental Major depressive disorder, recurrent 497154 2007 0.40% 60532 268 0.44%
phecode _286-3 Mental Premenstrual dysphoric disorder 266025 489 0.18%
phecode_286-4 Mental Dysthymic disorder 498047 537 0.11%
phecode_287 Mental Psychotic disorder 500446 1687 0.34% 60982 169 0.28%
phecode_287-1 Mental Schizophrenia 501435 545 0.11%
phecode_287-2 Mental Schizoaffective disorder 502194 176 0.04%
phecode_287-4 Mental Delusional disorders 501832 803 0.16%
phecode_287-5 Mental Drug-induced psychotic disorder 502173 245 0.05%
phecode_288 Mental Anxiety disorders 450706 38089 8.45% 54383 4845 8.91%
phecode 288-2 Mental Panic disorder [episodic paroxysmal anxiety] 495730 4220 0.85% 60359 546 0.90%
phecode_288-3 Mental Generalized anxiety disorder 488225 8475 1.74% 59535 1120 1.88%
phecode_288-4 Mental Phobic disorders 497607 5257 1.06% 60610 673 1.11%
phecode_288-41 Mental Agoraphobia 501817 174 0.03%
phecode_289 Mental Obsessive-compulsive disorder 501112 536 0.11%
phecode_290 Mental Reaction to severe stress, and adjustment dis- 478418 18280 3.82% 58246 2233 3.83%
orders
phecode_290-1 Mental Posttraumatic stress disorder 501526 961 0.19% 61119 110 0.18%
phecode 291 Mental Dissociative, conversion and factitious disor- 501847 603 0.12%
ders
phecode 292 Mental Somatoform disorders 500197 1009 0.20% 61016 126 0.21%
phecode_293 Mental Eating disorders 500840 519 0.10%
phecode_293-1 Mental Anorexia nervosa 501725 109 0.02%
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phecode_293-4 Mental Polyphagia 502214 273 0.05%
phecode_294 Mental Sexual dysfunction and disorders 479648 26856 5.60% 57966 3405 5.87%
phecode_296 Mental Specific personality disorders 501083 494 0.10%
phecode_296-4 Mental Borderline personality disorder 502206 260 0.05%
phecode_299 Mental Mental disorder, not otherwise specified 498234 2701 0.54% 60647 309 0.51%
phecode_308 Mental Signs and symptoms involving emotional state 467448 34220 7.32% 56265 4269 7.59%
phecode_308-1 Mental Irritability 501397 1136 0.23% 61108 135 0.22%
phecode_308-3 Mental Emotional lability 501161 1253 0.25% 61070 163 0.27%
phecode_308-4 Mental Demoralization and apathy 502059 812 0.16% 61197 176 0.29%
phecode_308-5 Mental Nervousness 501127 1480 0.30% 61119 182 0.30%
phecode_308-6 Mental Excessive crying of child, adolescent, or adult 501587 799 0.16% 61117 111 0.18%
phecode_308-7 Mental Restlessness and agitation* 501589 2023 0.40% 61145 209 0.34%
phecode_320 Neuro Meningitis 500464 471 0.09%
phecode_320-1 Neuro Infective meningitis 500898 322 0.06%
phecode_320-11 Neuro Bacterial meningitis 501951 184 0.04%
phecode_320-12 Neuro Viral meningitis 501397 140 0.03%
phecode_320-3 Neuro Meningitis NOS 501993 159 0.03%
phecode 321 Neuro Encephalitis, myelitis and encephalomyelitis 501641 687 0.14%
phecode_321-1 Neuro Encephalitis 501901 291 0.06%
phecode 321-12 Neuro Viral encephalitis 502156 231 0.05%
phecode_321-2 Neuro Myelitis 502227 130 0.03%
phecode_321-21 Neuro Acute (transverse) myelitis 502307 106 0.02%
phecode_322 Neuro Other CNS infection 502271 437 0.09%
phecode_322-4 Neuro Intracranial and intraspinal abscess 502367 200 0.04%
phecode_323 Neuro Systemic atrophies primarily affecting the cen- 502127 1128 0.22% 61217 130 0.21%
tral nervous system
phecode_323-1 Neuro Hereditary ataxia 502246 379 0.08%
phecode_323-3 Neuro Motor neuron disease 502387 684 0.14%
phecode_323-31 Neuro Amyotrophic lateral sclerosis [ALS] 502444 190 0.04%
phecode_324 Neuro Extrapyramidal and movement disorders 487693 21890 4.49% 59234 2523 4.26%
phecode_324-1 Neuro Parkinsonism 501677 4363 0.87% 61158 495 0.81%
phecode_324-11 Neuro Parkinson’s disease (Primary) 501702 4196 0.84% 61159 481 0.79%
phecode _324-12 Neuro Secondary parkinsonism 502426 343 0.07%
phecode_324-2 Neuro Degenerative diseases of the basal ganglia (ex- 502440 407 0.08%
cluding parkinsons)
phecode _324-21 Neuro Progressive  supranuclear ophthalmoplegia 502456 215 0.04%
[Steele-Richardson-Olszewski]*
phecode_324-3 Neuro Dystonia 493180 7610 1.54% 59966 913 1.52%
phecode 324-34 Neuro Torticollis 494329 4830 0.98% 60102 614 1.02%
phecode_324-36 Neuro Blepharospasm 502229 377 0.08%
phecode_324-4 Neuro Tremor 499622 8421 1.69% 60896 975 1.60%
phecode_324-41 Neuro Essential tremor* 501800 2791 0.56% 61159 305 0.50%
phecode_324-5 Neuro Myoclonus 502320 401 0.08%
phecode_324-8 Neuro Restless legs syndrome 500491 3891 0.78% 60976 413 0.68%
phecode_325 Neuro Symptoms and signs related to movement dis- 496250 22452 4.52% 60560 2492 4.11%
orders
phecode_325-1 Neuro Abnormal involuntary movements 501769 1279 0.25% 61166 147 0.24%
phecode_325-12 Neuro Fasciculation* 501977 689 0.14%
phecode_325-2 Neuro Abnormality of gait and mobility 499946 20734 4.15% 60926 2272 3.73%
phecode_325-21 Neuro Ataxic gait* 502363 335 0.07%
phecode_325-23 Neuro Unsteadiness on feet* 501606 3016 0.60% 61144 300 0.49%
phecode_325-3 Neuro Lack of coordination 498822 3863 0.77% 60881 428 0.70%
phecode_326 Neuro Demyelinating diseases of the central nervous 500417 887 0.18%
system
phecode_326-1 Neuro Multiple sclerosis 500662 761 0.15%
phecode_327 Neuro Other degenerative diseases of nervous system 502156 2813 0.56% 61207 303 0.50%
phecode_328 Neuro Dementias and cerebral degeneration 502284 10001 1.99% 61233 968 1.58%
phecode 328-1 Neuro Alzheimer’s disease 502395 5432 1.08% 61246 535 0.87%
phecode_328-2 Neuro Frontotemporal dementia 502454 333 0.07%
phecode_328-4 Neuro Dementia with Lewy bodies 502457 570 0.11%
phecode_328-7 Neuro Vascular dementia 502432 2304 0.46% 61251 198 0.32%
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phecode_328-8 Neuro Dementia in conditions classified elsewhere 502392 5056 1.01% 61244 520 0.85%
phecode_328-9 Neuro Dementia NOS 502383 5185 1.03% 61246 491 0.80%
phecode_329 Neuro Symptoms and signs involving cognitive func- 494132 35145 7.11% 60136 3963 6.59%
tions and awareness
phecode_329-1 Neuro Memory loss 499014 15719 3.15% 60736 1916 3.15%
phecode_329-4 Neuro Other specified cognitive deficit 500427 3224 0.64% 60970 365 0.60%
phecode_329-41 Neuro Attention and concentration deficit 501758 890 0.18% 61163 123 0.20%
phecode_329-42 Neuro Cognitive communication deficit 501131 2360 0.47% 61067 246 0.40%
phecode_329-5 Neuro Mild cognitive impairment, so stated 502390 3121 0.62% 61245 349 0.57%
phecode_329-6 Neuro Transient global amnesia 502027 1412 0.28% 61199 171 0.28%
phecode 329-8 Neuro Altered mental status, unspecified 501573 563 0.11%
phecode_329-9 Neuro Delirium 502344 6836 1.36% 61237 609 0.99%
phecode_330 Neuro Epilepsy, recurrent seizures, convulsions 494833 6375 1.29% 60275 648 1.08%
phecode_330-1 Neuro Epilepsy 496820 3843 0.77% 60529 417 0.69%
phecode_330-11 Neuro Generalized epilepsy 500993 1123 0.22% 61044 137 0.22%
phecode_330-12 Neuro Partial epilepsy 501520 904 0.18% 61135 112 0.18%
phecode_330-3 Neuro Convulsions 498957 4677 0.94% 60798 475 0.78%
phecode_331 Neuro Headache 431867 45870 10.62% 51822 5529 10.67%
phecode_331-1 Neuro Tension headache 495365 5637 1.14% 60317 720 1.19%
phecode_331-3 Neuro Headache syndromes, non migraine 502277 892 0.18% 61221 141 0.23%
phecode_331-4 Neuro Cluster headaches 501383 516 0.10%
phecode_331-6 Neuro Migraine 473384 13329 2.82% 57495 1590 2.77%
phecode_331-61 Neuro Migraine with aura 499712 2920 0.58% 60938 362 0.59%
phecode_331-62 Neuro Hemiplegic migraine 502285 127 0.03%
phecode_331-7 Neuro Drug induced headache 502360 238 0.05%
phecode_331-8 Neuro Headache NOS 456388 40688 8.92% 55021 4880 8.87%
phecode_333 Neuro Sleep disorders 469527 39471 8.41% 56668 4822 8.51%
phecode_333-1 Neuro Sleep apnea 497726 9970 2.00% 60614 1226 2.02%
phecode_333-11 Neuro Obstructive sleep apnea 500744 5036 1.01% 61002 663 1.09%
phecode_333-2 Neuro Insomnia 484832 17645 3.64% 58769 2197 3.74%
phecode_333-3 Neuro Hypersomnia 501993 417 0.08%
phecode_333-4 Neuro Circadian rhythm sleep disorder 501240 1105 0.22% 61095 117 0.19%
phecode_333-43 Neuro Circadian rhythm sleep disorder, jet lag or shift 502356 116 0.02%
work type
phecode_333-5 Neuro Parasomnia and sleep arousal Disorders 502111 671 0.13%
phecode 334 Neuro Disorders of other cranial nerves 496122 7112 1.43% 60446 794 1.31%
phecode_334-1 Neuro Trigeminal nerve disorders [CN5] 499552 3323 0.67% 60908 368 0.60%
phecode_334-11 Neuro Trigeminal neuralgia 500521 2777 0.55% 61033 298 0.49%
phecode_334-12 Neuro Atypical face pain 501558 498 0.10%
phecode_334-2 Neuro Facial nerve disorders and weakness 499422 2850 0.57% 60843 324 0.53%
phecode_334-21 Neuro Bell’s palsy 499833 2193 0.44% 60906 267 0.44%
phecode_334-23 Neuro Facial weakness 502259 415 0.08%
phecode_334-24 Neuro Clonic hemifacial spasm* 502354 194 0.04%
phecode_334-4 Neuro Disorders of oculomotor nerves 502104 899 0.18%
phecode_334-41 Neuro Third [oculomotor] nerve palsy 502337 261 0.05%
phecode_334-42 Neuro Fourth [trochlear] nerve palsy 502390 234 0.05%
phecode_334-44 Neuro Sixth [abducent] nerve palsy 502290 448 0.09%
phecode_335 Neuro Nerve root and plexus disorders 499030 9541 1.91% 60847 1020 1.68%
phecode_335-1 Neuro Nerve plexus lesions 502180 218 0.04%
phecode_335-11 Neuro Brachial plexus lesions 502188 197 0.04%
phecode_335-2 Neuro Nerve root lesions 502256 270 0.05%
phecode_335-4 Neuro Phantom limb (syndrome) 502408 128 0.03%
phecode_336 Neuro Mononeuropathies 479190 26221 5.47% 58154 3135 5.39%
phecode_336-1 Neuro Carpal tunnel syndrome 484865 17138 3.53% 58894 2040 3.46%
phecode_336-2 Neuro Lesion of median, ulnar, radial nerve 500169 3519 0.70% 60995 416 0.68%
phecode_336-4 Neuro Mononeuritis of upper limb 502305 253 0.05%
phecode_336-5 Neuro Mononeuritis of lower limb 498722 7434 1.49% 60725 939 1.55%
phecode _336-51 Neuro Lesion of sciatic nerve 502344 639 0.13%
phecode_336-52 Neuro Meralgia paresthetica 501365 2026 0.40% 61105 250 0.41%
phecode_336-54 Neuro Tarsal tunnel syndrome 502362 142 0.03%
phecode_336-55 Neuro Lesion of plantar nerve 500276 4296 0.86% 60936 573 0.94%

275



Supplementary Tables

Table 4 continued from previous page

Endpoint Category Phecode string Number Number Endpoint | Number Number Endpoint
eligable of ob- fre- eligable of ob- fre-
(EHR) serva- quency (Retina) serva- quency
tions (EHR) tions (Retina)
(EHR) (Retina)
phecode_337 Neuro Polyneuropathies 499466 9040 1.81% 60859 1046 1.72%
phecode_337-1 Neuro Hereditary and idiopathic neuropathy 502248 632 0.13%
phecode_337-11 Neuro Hereditary motor and sensory neuropathy 502303 457 0.09%
phecode_337-2 Neuro Inflammatory polyneuropathy 501902 500 0.10%
phecode_337-21 Neuro Guillain-Barre syndrome [Acute infective 502181 262 0.05%
polyneuritis]
phecode_337-3 Neuro Toxic neuropathy 502391 404 0.08%
phecode_337-31 Neuro Drug-induced polyneuropathy 502437 308 0.06%
phecode_337-8 Neuro Polyneuropathy in diseases classified else- 502209 1402 0.28% 61219 169 0.28%
where
phecode_338 Neuro Myasthenia gravis and other myoneural disor- 502224 405 0.08%
ders
phecode_338-1 Neuro Myasthenia gravis 502241 351 0.07%
phecode_339 Neuro Primary disorders of muscles 502266 222 0.04%
phecode_339-1 Neuro Muscular dystrophy 502363 121 0.02%
phecode_340 Neuro Myopathies 502303 466 0.09%
phecode_341 Neuro Cerebral palsy and other paralytic syndromes 500585 4483 0.90% 61048 482 0.79%
phecode _341-1 Neuro Cerebral palsy 502226 110 0.02%
phecode _341-2 Neuro Hemiplegia and hemiparesis 500985 3742 0.75% 61089 402 0.66%
phecode_341-6 Neuro Cauda equina syndrome 502278 613 0.12%
phecode_342 Neuro Plegia and unspecified paralysis 501145 2390 0.48% 61076 277 0.45%
phecode_342-1 Neuro Paraplegia/Diplegia 502245 369 0.07%
phecode_342-2 Neuro Quadriplegia 502361 186 0.04%
phecode_342-4 Neuro Monoplegia 501751 1828 0.36% 61145 204 0.33%
phecode_342-5 Neuro Paralysis NOS 502122 154 0.03%
phecode_343 Neuro Disorders of autonomic nervous system 501115 1903 0.38% 61138 212 0.35%
phecode_343-1 Neuro Autonomic neuropathy 502295 388 0.08%
phecode_343-3 Neuro Complex regional pain syndrome 501602 941 0.19%
phecode 343-5 Neuro Horner’s syndrome* 502236 203 0.04%
phecode_343-6 Neuro Multi-system degeneration of the autonomic 502440 149 0.03%
nervous system*
phecode_344 Neuro Disorders of the circulation of the cere- 501909 1348 0.27% 61196 148 0.24%
brospinal fluid
phecode_344-1 Neuro Hydrocephalus 502175 998 0.20% 61221 110 0.18%
phecode_344-12 Neuro Obstructive hydrocephalus 502423 158 0.03%
phecode _344-13 Neuro (Idiopathic) normal pressure hydrocephalus 502448 219 0.04%
phecode 344-2 Neuro Benign intracranial hypertension 502306 153 0.03%
phecode_344-3 Neuro Cerebrospinal fluid leak 502336 239 0.05%
phecode_345 Neuro Encephalopathy 502403 445 0.09%
phecode_346 Neuro Brain damage and brain death 502101 1531 0.30% 61206 165 0.27%
phecode_346-1 Neuro Postconcussion syndrome 502252 334 0.07%
phecode_346-3 Neuro Anoxic brain damage 502435 425 0.08%
phecode_346-5 Neuro Compression of brain 502419 207 0.04%
phecode_346-6 Neuro Cerebral edema 502429 545 0.11%
phecode_347 Neuro Other disorders of the brain and CNS 501835 2464 0.49% 61194 276 0.45%
phecode_347-1 Neuro Cerebral cysts 502260 433 0.09%
phecode 347-2 Neuro Disorders of meninges 502420 174 0.03%
phecode_348 Neuro Other diseases of spinal cord 499657 4797 0.96% 60903 540 0.89%
phecode_348-2 Neuro Myelopathies 500193 3732 0.75% 60978 407 0.67%
phecode_348-21 Neuro Vascular myelopathies 502399 338 0.07%
phecode_348-4 Neuro Spinal cord compression* 502273 848 0.17%
phecode_349 Neuro Disorder of nervous system 498071 5924 1.19% 60567 635 1.05%
phecode_349-1 Neuro Abnormal findings on diagnostic test of central 500640 3607 0.72% 60984 353 0.58%
nervous system
phecode_349-12 Neuro Abnormal electroencephalogram [EEG] 501886 154 0.03%
phecode_349-13 Neuro Abnormal findings on diagnostic imaging of 501382 2692 0.54% 61090 280 0.46%
skull and head
phecode_349-15 Neuro Intracranial space-occupying lesion found on 502397 313 0.06%
diagnostic imaging of central nervous system*
phecode_349-2 Neuro Abnormal results of function studies of periph- 501296 1693 0.34% 61079 205 0.34%

eral nervous system
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phecode_349-3 Neuro Nonspecific abnormal electromyogram [EMG] 502375 140 0.03%
phecode_350 Neuro Other symptoms involving nervous system 488239 31455 6.44% 59034 3682 6.24%
phecode_350-3 Neuro Abnormal reflex 501712 381 0.08%
phecode_350-5 Neuro Repeated falls* 500777 18645 3.72% 61066 1926 3.15%
phecode_351 Neuro Disturbances of skin sensation 475577 38133 8.02% 57397 4697 8.18%
phecode_351-1 Neuro Anesthesia of skin* 495744 8410 1.70% 60286 1091 1.81%
phecode 351-2 Neuro Hypoesthesia of skin* 501154 3383 0.68% 61035 430 0.70%
phecode _351-3 Neuro Paresthesia of skin* 487507 18559 3.81% 59156 2260 3.82%
phecode_351-4 Neuro Hyperesthesia* 502190 351 0.07%
phecode_352 Neuro Disturbances of sensation of smell and taste 500473 4198 0.84% 60956 521 0.85%
phecode_352-1 Neuro Anosmia* 501459 1928 0.38% 61102 227 0.37%
phecode_352-2 Neuro Parosmia* 502354 288 0.06%
phecode_352-3 Neuro Parageusia* 501882 1319 0.26% 61169 169 0.28%
phecode_353 Neuro Symptoms and signs involving general sensa- 499399 8927 1.79% 60823 1036 1.70%
tions and perceptions
phecode_353-1 Neuro Hallucinations 502025 2164 0.43% 61191 230 0.38%
phecode_353-11 Neuro Auditory hallucinations* 502319 377 0.08%
phecode_353-12 Neuro Visual hallucinations 502360 905 0.18%
phecode_354 Neuro Dizziness and giddiness 464289 53900 11.61% 55889 6330 11.33%
phecode 355 Neuro Coma and other alteration of consciousness 499900 5920 1.18% 60985 670 1.10%
phecode_355-1 Neuro Coma 501539 1656 0.33% 61134 211 0.35%
phecode _355-2 Neuro Alteration of consciousness 500809 4376 0.87% 61106 470 0.77%
phecode_355-21 Neuro Transient alteration of awareness 502431 166 0.03%
phecode_356 Neuro Speech disturbance 500761 5792 1.16% 61049 568 0.93%
phecode_356-1 Neuro Dysarthria 502236 998 0.20% 61231 107 0.17%
phecode_356-2 Neuro Aphasia and dysphasia 501910 2374 0.47% 61186 235 0.38%
phecode_356-4 Neuro Slurred speech* 502333 550 0.11%
phecode_360 Eye Inflammation of eyelids 477620 30243 6.33% 57946 3710 6.40%
phecode_360-1 Eye Hordeolum 494424 10558 2.14% 60111 1408 2.34%
phecode_360-11 Eye Hordeolum externum 494424 10558 2.14% 60111 1408 2.34%
phecode_360-12 Eye Hordeolum internum 500795 2224 0.44% 61041 239 0.39%
phecode_360-13 Eye Abscess of eyelid 502195 324 0.06%
phecode_360-2 Eye Chalazion 494833 7730 1.56% 60260 952 1.58%
phecode_360-4 Eye Blepharitis 490900 17709 3.61% 59789 1991 3.33%
phecode_360-5 Eye Noninfectious dermatoses of eyelid 501445 1106 0.22% 61121 149 0.24%
phecode_360-51 Eye Eczematous dermatitis of eyelid 501535 1027 0.20% 61137 139 0.23%
phecode_361 Eye Disorders of eyelid function 499472 6676 1.34% 60863 710 1.17%
phecode_361-1 Eye Entropion and trichiasis of eyelid 501922 1706 0.34% 61192 158 0.26%
phecode_361-15 Eye Trichiasis of eyelid without entropion 502374 374 0.07%
phecode_361-2 Eye Lagophthalmos 502397 125 0.02%
phecode_361-3 Eye Ptosis of eyelid 500852 3212 0.64% 61027 387 0.63%
phecode 361-4 Eye Blepharochalasis 502045 1089 0.22% 61196 124 0.20%
phecode _361-9 Eye Ectropion of eyelid 502006 1336 0.27% 61196 125 0.20%
phecode_362 Eye Other disorders of the eyelids 496266 7322 1.48% 60401 861 1.43%
phecode_362-1 Eye Xanthelasma of eyelid 501420 680 0.14%
phecode_362-5 Eye Cysts of eyelid 500751 1635 0.33% 61004 180 0.30%
phecode_362-6 Eye Dermatochalasis of eyelid 502451 151 0.03%
phecode_363 Eye Disorders of lacrimal system 489661 26912 5.50% 59474 3265 5.49%
phecode_363-2 Eye Dry eye syndrome [Tear film insufficiency] 493904 21541 4.36% 59986 2704 4.51%
phecode_363-5 Eye Epiphora 499342 5230 1.05% 60847 551 0.91%
phecode_363-51 Eye Epiphora due to excess lacrimation 502299 143 0.03%
phecode_363-6 Eye Inflammation of lacrimal passages 502004 503 0.10%
phecode_363-61 Eye Dacryocystitis 502087 345 0.07%
phecode _363-7 Eye Stenosis and insufficiency of lacrimal passages 501179 1939 0.39% 61109 193 0.32%
phecode_365 Eye Noninflammatory disorders of the orbit 501713 781 0.16%
phecode_365-2 Eye Orbital edema or congestion 502114 345 0.07%
phecode_365-3 Eye Exophthalmos [Proptosis] 502165 289 0.06%
phecode_366 Eye Noninflammatory disorders of conjunctiva 498647 3681 0.74% 60699 447 0.74%
phecode_366-1 Eye Pterygium of eye 501439 911 0.18% 61112 113 0.18%
phecode_366-2 Eye Conjunctival degenerations and deposits 501859 645 0.13%
phecode_366-21 Eye Pinguecula 501925 554 0.11%

277



Supplementary Tables

Table 4 continued from previous page

Endpoint Category Phecode string Number Number Endpoint | Number Number Endpoint
eligable of ob- fre- eligable of ob- fre-
(EHR) serva- quency (Retina) serva- quency
tions (EHR) tions (Retina)
(EHR) (Retina)
phecode_366-4 Eye Vascular abnormalities of conjunctiva 500767 1861 0.37% 60973 219 0.36%
phecode_366-42 Eye Conjunctival hyperemia 501211 1135 0.23% 61049 132 0.22%
phecode_366-5 Eye Conjunctival edema 502408 103 0.02%
phecode_366-6 Eye Conjunctival cysts 502199 327 0.07%
phecode_367 Eye Inflammation of the eye 453151 33578 7.41% 54765 4039 7.38%
phecode_367-1 Eye Conjunctivitis 461240 28229 6.12% 55811 3398 6.09%
phecode _367-12 Eye Allergic [atopic] conjunctivitis 497084 3539 0.71% 60523 481 0.79%
phecode_367-13 Eye Blepharoconjunctivitis 501106 1828 0.36% 61116 220 0.36%
phecode_367-2 Eye Keratitis 499025 3088 0.62% 60861 309 0.51%
phecode_367-21 Eye Corneal ulcer 501185 1010 0.20% 61112 101 0.17%
phecode_367-22 Eye Punctate keratitis 502308 152 0.03%
phecode_367-3 Eye Keratoconjunctivitis 501862 429 0.09%
phecode_367-4 Eye Inflammation of orbit 502058 587 0.12%
phecode_367-41 Eye Cellulitis of orbit 502171 414 0.08%
phecode_367-5 Eye Uveitis 498848 2883 0.58% 60777 363 0.60%
phecode_367-52 Eye Iridocyclitis 498874 2878 0.58% 60786 363 0.60%
phecode_367-6 Eye Episcleritis 500443 1363 0.27% 61005 168 0.28%
phecode_367-7 Eye Scleritis 501689 365 0.07%
phecode_367-9 Eye Chorioretinal inflammation 502168 217 0.04%
phecode_369 Eye Noninflammatory disorders of the cornea 499983 5281 1.06% 60972 647 1.06%
phecode_369-1 Eye Corneal scars and opacities 502043 874 0.17% 61212 103 0.17%
phecode_369-2 Eye Corneal edema 502353 414 0.08%
phecode_369-4 Eye Corneal degenerations 501905 2269 0.45% 61190 290 0.47%
phecode_369-42 Eye Recurrent erosion of cornea 502104 247 0.05%
phecode_369-44 Eye Senile corneal changes including arcus senilis 502352 136 0.03%
phecode_369-5 Eye Hereditary corneal dystrophies 501986 1310 0.26% 61197 173 0.28%
phecode_369-51 Eye Fuchs’ dystrophy 502260 577 0.11%
phecode_369-6 Eye Corneal deformities 501963 170 0.03%
phecode_369-62 Eye Keratoconus 501976 139 0.03%
phecode_370 Eye Disorders of iris and ciliary body 502021 1895 0.38% 61209 227 0.37%
phecode_370-1 Eye Degeneration of iris and ciliary body 502391 315 0.06%
phecode_370-3 Eye Vascular disorders of iris and ciliary body 502249 657 0.13%
phecode_370-4 Eye Adhesions of iris 502381 269 0.05%
phecode_371 Eye Cataract 490051 61484 12.55% 59805 6798 11.37%
phecode_371-3 Eye Nuclear cataract 501112 19200 3.83% 61146 2023 3.31%
phecode_371-31 Eye Age-related nuclear cataract 501112 19200 3.83% 61146 2023 3.31%
phecode_372 Eye Disorders of lens (excluding cataracts) 502200 583 0.12%
phecode_372-1 Eye Aphakia 502304 234 0.05%
phecode_372-2 Eye Dislocation of lens 502398 110 0.02%
phecode 373 Eye Noninflammatory disorders of choroid 501900 1382 0.28% 61167 189 0.31%
phecode 373-1 Eye Chorioretinal scars 502220 551 0.11%
phecode_373-2 Eye Choroidal degenerations 502378 107 0.02%
phecode_374 Eye Disorders of the retina 486877 38291 7.86% 59019 4472 7.58%
phecode_374-1 Eye Retinal detachments and breaks 498824 5436 1.09% 60784 672 1.11%
phecode_374-11 Eye Serous retinal detachment 500169 2641 0.53% 60959 324 0.53%
phecode_374-12 Eye Traction detachment of retina 502415 161 0.03%
phecode_374-13 Eye Horseshoe tear of retina without detachment 502434 111 0.02%
phecode_374-14 Eye Round hole of retina without detachment 502399 121 0.02%
phecode_374-2 Eye Retinoschisis and retinal cysts 502160 643 0.13%
phecode 374-21 Eye Retinoschisis 502259 457 0.09%
phecode 374-3 Eye Retinal vascular changes and occlusions 499516 6192 1.24% 60848 736 1.21%
phecode_374-32 Eye Retinal microaneurysms 502176 258 0.05%
phecode_374-33 Eye Retinal neovascularization 502348 531 0.11%
phecode_374-37 Eye Retinal arterial occlusions 502183 764 0.15%
phecode_374-38 Eye Retinal vein occlusions 501584 2651 0.53% 61125 314 0.51%
phecode_374-39 Eye Transient retinal arterial occlusion [Amaurosis 502031 1082 0.22% 61197 131 0.21%
fugax]
phecode_374-4 Eye Retinal disorders in diseases classified else- 496739 16415 3.30% 60356 1839 3.05%
where
phecode_374-41 Eye Hypertensive retinopathy 502249 166 0.03%
phecode_374-42 Eye Diabetic retinopathy 497268 15571 3.13% 60400 1760 2.91%

278



Table 4 continued from previous page

1 Data and Implementation

Endpoint Category Phecode string Number Number Endpoint | Number Number Endpoint
eligable of ob- fre- eligable of ob- fre-
(EHR) serva- quency (Retina) serva- quency
tions (EHR) tions (Retina)
(EHR) (Retina)

phecode_374-5 Eye Macular degeneration 500060 14908 2.98% 60918 1816 2.98%

phecode_374-51 Eye Age-related macular degeneration 501304 5717 1.14% 61073 704 1.15%

phecode_374-511 Eye Nonexuadative (dry) age-related macular de- 502244 1821 0.36% 61203 246 0.40%
generation

phecode_374-512 Eye Exuadative (wet) age-related macular degener- 502416 1210 0.24% 61247 150 0.24%
ation

phecode_374-52 Eye Macular cyst, hole, or pseudohole 502094 1819 0.36% 61216 251 0.41%

phecode_374-54 Eye Drusen (degenerative) of macula 502251 639 0.13%

phecode_374-55 Eye Puckering of macula 502198 3171 0.63% 61217 418 0.68%

phecode_374-6 Eye Peripheral retinal degeneration 502028 546 0.11%

phecode_374-61 Eye Lattice degeneration of retina 502351 162 0.03%

phecode_374-7 Eye Hereditary retinal dystrophy 502026 462 0.09%

phecode_374-8 Eye Retinal edema 501996 2250 0.45% 61192 267 0.44%

phecode_374-9 Eye Central serous chorioretinopathy 502007 345 0.07%

phecode 375 Eye Abnormal intraocular pressure 494435 19829 4.01% 60078 2465 4.10%

phecode_375-1 Eye Glaucoma 496839 14012 2.82% 60486 1664 2.75%

phecode_375-11 Eye Open angle glaucoma 500869 6228 1.24% 61057 752 1.23%

phecode_375-112 Eye Pigmentary glaucoma 502394 138 0.03%

phecode_375-113 Eye Primary open angle glaucoma 501901 2605 0.52% 61174 327 0.53%

phecode_375-12 Eye Angle-Closure Glaucoma 502054 2111 0.42% 61222 222 0.36%

phecode_375-14 Eye Low-tension glaucoma (Normal-tension glau- 502227 953 0.19% 61224 120 0.20%
coma)

phecode_375-6 Eye Ocular hypertension 499959 5669 1.13% 60822 748 1.23%

phecode_375-7 Eye Hypotony of eye 502436 114 0.02%

phecode_376 Eye Disorders of vitreous body 493291 20094 4.07% 59957 2501 4.17%

phecode_376-1 Eye Vitreous degeneration 496807 14419 2.90% 60473 1855 3.07%

phecode_376-2 Eye Vitreous opacities 493513 19976 4.05% 59995 2488 4.15%

phecode_376-21 Eye Crystalline deposits in vitreous body 498547 5715 1.15% 60672 646 1.06%

phecode 376-4 Eye Vitreomacular adhesion 502459 446 0.09%

phecode_377 Eye Hemorrhage of the eye 493772 14189 2.87% 60115 1621 2.70%

phecode_377-2 Eye Conjunctival hemorrhage 495626 11218 2.26% 60353 1321 2.19%

phecode_377-4 Eye Retinal hemorrhage 501641 1775 0.35% 61158 171 0.28%

phecode_377-5 Eye Vitreous hemorrhage 501746 1344 0.27% 61157 144 0.24%

phecode_377-8 Eye Hyphema 502084 170 0.03%

phecode_379 Eye Infection of the eye 500423 2473 0.49% 61009 311 0.51%

phecode_379-2 Eye Eye infection, viral 500633 2321 0.46% 61036 284 0.47%

phecode_379-21 Eye Infection of the eye, herpes 501288 1257 0.25% 61126 155 0.25%

phecode_380 Eye Disorders of optic nerve and visual pathways 500347 2881 0.58% 60969 305 0.50%

phecode_380-1 Eye Optic neuropathy 501519 776 0.15%

phecode_380-11 Eye Optic neuritis 501686 262 0.05%

phecode_380-12 Eye Ischemic optic neuropathy 502350 288 0.06%

phecode_380-2 Eye Disorders of optic disc 501483 1908 0.38% 61114 205 0.34%

phecode_380-21 Eye Papilledema 502327 133 0.03%

phecode_380-22 Eye Optic disc drusen 502360 160 0.03%

phecode_380-3 Eye Optic atrophy 502230 357 0.07%

phecode_381 Eye Strabismus 498337 2681 0.54% 60761 302 0.50%

phecode_381-1 Eye Paralytic strabismus [Neurogenic strabismus] 502023 1221 0.24% 61202 132 0.22%

phecode_381-11 Eye Ophthalmoplegia 502408 282 0.06%

phecode_381-3 Eye Esotropia 500885 374 0.07%

phecode_381-4 Eye Exotropia 501689 541 0.11%

phecode 381-6 Eye Duane’s syndrome [Duane anomaly] 501031 522 0.10%

phecode 381-8 Eye Heterophoria 502241 408 0.08%

phecode_381-81 Eye Esophoria 502400 105 0.02%

phecode_381-82 Eye Exophoria 502331 205 0.04%

phecode_382 Eye Other disorders of binocular movement 502129 341 0.07%

phecode_383 Eye Irregular eye movements 501885 1148 0.23% 61189 108 0.18%

phecode_383-1 Eye Nystagmus 501980 689 0.14%

phecode_384 Eye Anomalies of pupillary function 501760 1035 0.21% 61191 102 0.17%

phecode_384-1 Eye Anisocoria 502275 208 0.04%

phecode_384-3 Eye Mydriasis 502223 232 0.05%

phecode 384-4 Eye Tonic pupil 502238 102 0.02%
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Table 4 continued from previous page

Endpoint Category Phecode string Number Number Endpoint | Number Number Endpoint
eligable of ob- fre- eligable of ob- fre-
(EHR) serva- quency (Retina) serva- quency

tions (EHR) tions (Retina)
(EHR) (Retina)

phecode_385 Eye Abnormal results of function studies of eye 502423 1848 0.37% 61248 186 0.30%

phecode_386 Eye Visual disturbances 490087 19438 3.97% 59699 2201 3.69%

phecode_386-1 Eye Amblyopia 501355 2765 0.55% 61130 305 0.50%

phecode_386-2 Eye Diplopia 500338 3379 0.68% 61034 376 0.62%

phecode_386-3 Eye Visual discomfort 502323 175 0.03%

phecode_386-4 Eye Visual field defects 500661 2712 0.54% 61030 307 0.50%

phecode 386-41 Eye Scotoma 501838 563 0.11%

phecode_386-42 Eye Hemianopia 502123 572 0.11%

phecode_386-8 Eye Sudden or transient visual loss 502359 211 0.04%

phecode_386-9 Eye Visual distortions and subjective visual distur- 501568 1323 0.26% 61103 156 0.26%

bances

phecode_387 Eye Disorders of refraction and accommodation 497979 10839 2.18% 60676 1363 2.25%

phecode_387-1 Eye Hypermetropia 501833 1065 0.21% 61170 128 0.21%

phecode_387-2 Eye Myopia 499531 4671 0.94% 60911 557 0.91%

phecode_387-21 Eye Progressive high (degenerative) myopia 502256 428 0.09%

phecode_387-3 Eye Astigmatism 501666 4841 0.96% 61118 685 1.12%

phecode_387-4 Eye Presbyopia 502310 221 0.04%

phecode_387-5 Eye Anisometropia 502370 178 0.04%

phecode_388 Eye Blindness and low vision 500517 6563 1.31% 61022 884 1.45%

phecode_388-1 Eye Blindness of both eyes 502347 611 0.12%

phecode_389 Eye Other disorders of eye 472649 38333 8.11% 56945 4472 7.85%

phecode_389-1 Eye Ocular pain 499349 3351 0.67% 60797 379 0.62%

phecode_390 Hearing Disorders of external ear 430811 72104 16.74% 51278 8946 17.45%

phecode_390-1 Hearing Otitis externa 465507 33953 7.29% 56257 4157 7.39%

phecode_390-4 Hearing Impacted cerumen 460447 54778 11.90% 55248 6818 12.34%

phecode_390-5 Hearing Stenosis of external ear canal 502333 104 0.02%

phecode_390-6 Hearing Perichondritis and chondritis of pinna 501702 2076 0.41% 61160 244 0.40%

phecode_391 Hearing Disorders of the middle ear 462567 33890 7.33% 55937 4151 7.42%

phecode_391-1 Hearing Otitis media 477272 18214 3.82% 57852 2207 3.81%

phecode_391-11 Hearing Acute otitis media 496606 1603 0.32% 60555 189 0.31%

phecode_391-12 Hearing Chronic otitis media 497486 2778 0.56% 60659 321 0.53%

phecode_391-2 Hearing Eustachian tube disorders 488905 15187 3.11% 59444 1883 3.17%

phecode 391-21 Hearing Eustachian salpingitis 499679 1446 0.29% 60918 184 0.30%

phecode_391-22 Hearing Obstruction of Eustachian tube 500941 454 0.09%

phecode_391-4 Hearing Tympanosclerosis 502238 219 0.04%

phecode_391-6 Hearing Cholesteatoma of middle ear 501694 549 0.11%

phecode_391-7 Hearing Perforation of tympanic membrane 498660 2741 0.55% 60809 307 0.50%

phecode_391-8 Hearing Otosclerosis 501360 353 0.07%

phecode_391-9 Hearing Otorrhea 499737 2565 0.51% 60856 308 0.51%

phecode_392 Hearing Otalgia and effusion of ear 480506 23160 4.82% 58063 2814 4.85%

phecode_393 Hearing Mastoiditis and related conditions 502061 374 0.07%

phecode_394 Hearing Disorders of vestibular function 493053 16057 3.26% 59925 1916 3.20%

phecode 394-1 Hearing Meniere disease 500368 1668 0.33% 60980 211 0.35%

phecode_394-2 Hearing Vertigo 496531 13479 2.71% 60371 1582 2.62%

phecode_394-21 Hearing Paroxysmal vertigo 498022 11441 2.30% 60560 1344 2.22%

phecode_394-22 Hearing Vestibular neuronitis 500961 2371 0.47% 61061 274 0.45%

phecode_394-4 Hearing Abnormal vestibular function study 501725 983 0.20% 61142 119 0.19%

phecode_395 Hearing Other diseases of inner ear 488618 14213 2.91% 59508 1614 2.71%

phecode_395-1 Hearing Labyrinthitis 490571 13402 2.73% 59703 1511 2.53%

phecode_395-3 Hearing Noise effects on inner ear 502079 124 0.02%

phecode_396 Hearing Hearing impairment 469854 53896 11.47% 56785 6075 10.70%

phecode_396-1 Hearing Conductive hearing loss 500766 1498 0.30% 61050 153 0.25%

phecode_396-11 Hearing Conductive hearing loss, bilateral 502351 182 0.04%

phecode 396-2 Hearing Sensorineural hearing loss 495834 11314 2.28% 60363 1204 1.99%

phecode_396-21 Hearing Sensorineural hearing loss, bilateral 501072 3888 0.78% 61046 416 0.68%

phecode _396-22 Hearing Presbycusis 501376 3135 0.63% 61115 313 0.51%

phecode_396-3 Hearing Mixed conductive and sensorineural hearing 502218 685 0.14%

loss

phecode_396-5 Hearing Sudden idiopathic hearing loss 502287 140 0.03%

phecode_397 Hearing Other hearing abnormality 487635 18878 3.87% 59152 2376 4.02%

phecode_397-1 Hearing Tinnitus 487926 18592 3.81% 59215 2333 3.94%
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1 Data and Implementation

Endpoint Category Phecode string Number Number Endpoint | Number Number Endpoint
eligable of ob- fre- eligable of ob- fre-
(EHR) serva- quency (Retina) serva- quency
tions (EHR) tions (Retina)
(EHR) (Retina)

phecode_397-3 Hearing Hyperacusis 502366 129 0.03%

phecode_398 Hearing Other disorders of ear 496836 7828 1.58% 60497 977 1.61%

phecode_398-1 Hearing Abnormal auditory function study 501382 1968 0.39% 61094 238 0.39%

phecode_400 Cardio Rheumatic fever and chronic rheumatic heart 500483 8897 1.78% 61009 1034 1.69%
diseases

phecode_400-2 Cardio Chronic rheumatic heart diseases 501248 8905 1.78% 61099 1030 1.69%

phecode_401 Cardio Hypertension 407287 99909 24.53% 48591 11114 22.87%

phecode_401-1 Cardio Essential hypertension 407510 99799 24.49% 48612 11111 22.86%

phecode_401-2 Cardio Hypertensive heart disease 502224 1044 0.21%

phecode_401-3 Cardio Hypertensive chronic kidney disease 501603 1543 0.31% 61133 115 0.19%

phecode_401-6 Cardio Secondary hypertension 501208 2995 0.60% 61056 450 0.74%

phecode_402 Cardio Elevated blood pressure reading without diag- 471799 29538 6.26% 57523 3111 5.41%
nosis of hypertension

phecode_403 Cardio Angina pectoris 484383 21945 4.53% 59052 2385 4.04%

phecode_403-1 Cardio Coronary artery spasm [Coronary vasospasm] 502271 312 0.06%

phecode_404 Cardio Ischemic heart disease 481544 36540 7.59% 58791 4055 6.90%

phecode_404-1 Cardio Myocardial infarction [Heart attack] 493387 17790 3.61% 60213 1800 2.99%

phecode_404-11 Cardio Acute myocardial infarction 494415 12879 2.60% 60303 1265 2.10%

phecode_404-2 Cardio Coronary  atherosclerosis  [Atherosclerotic 487408 27309 5.60% 59460 3044 5.12%
heart disease]

phecode_406 Cardio Chronic pulmonary heart disease 502141 2921 0.58% 61221 316 0.52%

phecode_406-1 Cardio Pulmonary hypertension 502186 2572 0.51% 61226 292 0.48%

phecode_406-11 Cardio Primary pulmonary hypertension 502250 572 0.11%

phecode_406-13 Cardio Secondary pulmonary arterial hypertension* 502426 142 0.03%

phecode_408 Cardio Diseases of pulmonary vessels 502415 118 0.02%

phecode_410 Cardio Inflammation of the heart [Carditis] 498360 4195 0.84% 60762 498 0.82%

phecode_410-1 Cardio Pericarditis 501540 788 0.16%

phecode_410-2 Cardio Endocarditis 499427 3115 0.62% 60892 376 0.62%

phecode_410-3 Cardio Myocarditis 502272 395 0.08%

phecode_411 Cardio Other diseases of pericardium 501905 2937 0.59% 61175 358 0.59%

phecode_411-1 Cardio Hemopericardium NEC 502455 206 0.04%

phecode_411-2 Cardio Pericardial effusion (noninflammatory)* 502217 2078 0.41% 61215 257 0.42%

phecode_413 Cardio Heart valve disorders 496622 21548 4.34% 60553 2375 3.92%

phecode_413-1 Cardio Mitral valve disorders 499104 13381 2.68% 60828 1464 2.41%

phecode_413-11 Cardio Mitral valve insufficiency 500364 8343 1.67% 60984 899 1.47%

phecode_413-12 Cardio Mitral valve prolapse* 501445 952 0.19% 61134 108 0.18%

phecode_413-13 Cardio Mitral valve stenosis 502237 362 0.07%

phecode_413-2 Cardio Aortic valve disorders 499841 11941 2.39% 60957 1249 2.05%

phecode_413-21 Cardio Aortic stenosis 501283 6212 1.24% 61131 625 1.02%

phecode_413-22 Cardio Aortic insufficiency 501383 4423 0.88% 61127 469 0.77%

phecode_413-3 Cardio Tricuspid valve disorders 502085 6939 1.38% 61195 803 1.31%

phecode_413-32 Cardio Tricuspid value insufficiency* 502355 1872 0.37% 61245 207 0.34%

phecode_413-4 Cardio Pulmonary valve disorders 502146 964 0.19% 61207 119 0.19%

phecode_413-42 Cardio Pulmonary valve insufficiency* 502411 923 0.18% 61248 114 0.19%

phecode_413-6 Cardio Heart valve replaced 501709 2911 0.58% 61191 313 0.51%

phecode_414 Cardio Cardiomyopathy 501389 3749 0.75% 61116 414 0.68%

phecode_414-1 Cardio Hypertrophic cardiomyopathy 502245 646 0.13%

phecode_414-11 Cardio Obstructive hypertrophic cardiomyopathy 502345 348 0.07%

phecode_414-2 Cardio Dilated cardiomyopathy* 502049 1276 0.25% 61197 132 0.22%

phecode_414-5 Cardio Ischemic cardiomyopathy* 502373 823 0.16%

phecode_414-9 Cardio Takotsubo syndrome [Stress cardiomyopathy] 502459 167 0.03%

phecode_416 Cardio Cardiac arrhythmia and conduction disorders 484929 52637 10.85% 58954 5938 10.07%

phecode_416-1 Cardio Paroxysmal tachycardia 498738 6196 1.24% 60761 769 1.27%

phecode_416-11 Cardio Supraventricular tachycardia 499529 4559 0.91% 60850 574 0.94%

phecode_416-12 Cardio Ventricular tachycardia 501885 1927 0.38% 61183 230 0.38%

phecode_416-2 Cardio Atrial fibrillation and flutter 494218 32911 6.66% 60144 3692 6.14%

phecode_416-21 Cardio Atrial fibrillation 497277 22131 4.45% 60476 2707 4.48%

phecode_416-211 Cardio Paroxysmal atrial fibrillation* 500568 9583 1.91% 60969 1166 1.91%

phecode_416-212 Cardio Persistent atrial fibrillation* 502448 1571 0.31% 61253 194 0.32%

phecode 416-213 Cardio Chronic atrial fibrillation* 502460 616 0.12%

phecode 416-214 Cardio Permanent atrial fibrillation* 502454 126 0.03%
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Endpoint Category Phecode string Number Number Endpoint | Number Number Endpoint
eligable of ob- fre- eligable of ob- fre-
(EHR) serva- quency (Retina) serva- quency
tions (EHR) tions (Retina)
(EHR) (Retina)
phecode_416-22 Cardio Atrial flutter 501221 3815 0.76% 61034 460 0.75%
phecode_416-221 Cardio Typical atrial flutter® 502460 224 0.04%
phecode_416-222 Cardio Atypical atrial flutter* 502460 102 0.02%
phecode_416-3 Cardio Ventricular fibrillation and flutter 502284 827 0.16%
phecode_416-31 Cardio Ventricular fibrillation 502403 166 0.03%
phecode_416-4 Cardio Heart block 499315 18187 3.64% 60848 2026 3.33%
phecode 416-41 Cardio Atrioventricular block 501602 7736 1.54% 61145 879 1.44%
phecode_416-42 Cardio Left bundle branch block 501418 5964 1.19% 61113 622 1.02%
phecode_416-43 Cardio Right bundle branch block 501233 6305 1.26% 61107 734 1.20%
phecode_416-5 Cardio Premature depolarization [Premature beats] 499787 6849 1.37% 60918 857 1.41%
phecode_416-51 Cardio Atrial premature depolarization [Supraventric- 502148 1467 0.29% 61206 181 0.30%
ular premature beats]
phecode_416-52 Cardio Ventricular premature depolarization*® 501281 3948 0.79% 61113 531 0.87%
phecode_416-6 Cardio Long QT syndrome 502439 125 0.02%
phecode_416-7 Cardio Sinoatrial node dysfunction 502229 1180 0.23% 61225 116 0.19%
phecode_416-71 Cardio Sick sinus syndrome* 502229 1180 0.23% 61225 116 0.19%
phecode_416-8 Cardio Pre-excitation syndrome [Anomalous atri- 502157 158 0.03%
oventricular excitation]
phecode_417 Cardio Abnormalities of heart beat 475187 58820 12.38% 57387 6912 12.04%
phecode_417-1 Cardio Palpitations 480022 27313 5.69% 58118 3307 5.69%
phecode_417-2 Cardio Tachycardia 500372 8174 1.63% 60974 965 1.58%
phecode_417-3 Cardio Bradycardia* 499968 11922 2.38% 60894 1453 2.39%
phecode_418 Cardio Abnormal results of cardiovascular function 492031 19270 3.92% 59668 2227 3.73%
studies
phecode_418-1 Cardio Abnormal electrocardiogram [ECG] [EKG] 497517 13964 2.81% 60472 1649 2.73%
phecode_419 Cardio Presence of cardiac device 501380 6524 1.30% 61138 688 1.13%
phecode_419-2 Cardio Presence of cardiac defibrillator 502452 136 0.03%
phecode_420 Cardio Cardiac arrest 502105 2930 0.58% 61211 341 0.56%
phecode_423 Cardio Abnormal cardiac sounds 496771 6216 1.25% 60604 706 1.16%
phecode_423-1 Cardio Cardiac murmurs 496983 5294 1.07% 60631 602 0.99%
phecode_424 Cardio Heart failure 499141 19432 3.89% 60846 1996 3.28%
phecode_424-1 Cardio Left heart failure 500217 9413 1.88% 61001 884 1.45%
phecode_424-2 Cardio Systolic heart failure 502093 3174 0.63% 61201 320 0.52%
phecode_424-3 Cardio Diastolic heart failure 502402 1498 0.30% 61242 154 0.25%
phecode_424-5 Cardio Right heart failure* 502429 106 0.02%
phecode_424-6 Cardio Hypertensive heart disease with heart failure 502425 282 0.06%
phecode_425 Cardio Cardiomegaly 500037 11640 2.33% 60922 1318 2.16%
phecode_426 Cardio Other heart disorders in diseases NEC 500855 11384 2.27% 61028 1163 1.91%
phecode_430 Cardio Nontraumatic Intracranial hemorrhage 500766 4343 0.87% 61055 443 0.73%
phecode 430-1 Cardio Nontraumatic subarachnoid hemorrhage 501326 1824 0.36% 61118 159 0.26%
phecode_430-2 Cardio Nontraumatic intracerebral hemorrhage 501944 2167 0.43% 61192 236 0.39%
phecode_430-3 Cardio Nontraumatic subdural hemorrhage 502312 1019 0.20% 61234 118 0.19%
phecode_431 Cardio Stroke and transient cerebral ischemic attacks 494276 20901 4.23% 60256 2197 3.65%
phecode_431-1 Cardio Stroke 497707 13787 2.77% 60692 1388 2.29%
phecode_431-11 Cardio Cerebral infarction [Ischemic stroke] 499013 11434 2.29% 60849 1157 1.90%
phecode_431-12 Cardio Hemorrhagic stroke 500936 3334 0.67% 61074 333 0.55%
phecode_431-14 Cardio Cerebellar stroke syndrome* 502356 391 0.08%
phecode_431-15 Cardio Lacunar syndrome* 502411 734 0.15%
phecode_431-2 Cardio Transient cerebral ischemic attacks 498793 10481 2.10% 60783 1126 1.85%
phecode_433 Cardio Other cerebrovascular disease 499648 13315 2.66% 60908 1534 2.52%
phecode 433-1 Cardio Occlusion and stenosis of cerebral arteries 501889 2671 0.53% 61192 283 0.46%
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Supplementary Tables

Figure 1: Study population stratified by assessment centre.
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2 A Neural Survival model integrates polygenic information for cardiovascular risk

prediction

Figure 2: Comparison of the NeuralCVD score with established risk scores. The NeuralCVD score outperforms existing
approaches in discrimination at ten years measured by Harrell’s C-index (via bootstrapping with 1000 iterations).

Differences in C-Index: NeuralCVD clinical vs. Other Models
Clinical Baselines Clinical
SCORE ASCVD QRISK3 Cox clinical
0.037 (C1 0.034-0.039) 0.024 (Cl 0.023-0.026) 0.01 (CI 0.009-0.011) 0.003 (CI 0.002-0.004)
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Supplementary Tables

Figure 3: Comparison after addition of PGS. PGS addition increases the C-index for the Neural CVD score. Furthermore,
it improves upon the Cox model without PGS and all other tested scores with added PGS information incl. the Cox with
interaction terms between PGS and age.

Differences in C-Index: NeuralCVD clinical + PGS vs. Other Models
Clinical + PGS Clinical
Cox Sun PGS Cox clinical PGS COX clinical PGS*age Cox clinical NeuralCVD clinical
0.022 (C10.021-0.024) 0.002 (CI0.002 -0.003) 0.002 (CI0.002 -0.003) 0.009 (CI 0.008 -0.01) 0.006 (CI 0.005 -0.007)
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2 A Neural Survival model integrates polygenic information for cardiovascular risk

prediction

Figure 4: Discriminative Performance of the NeuralCVD score after addition of PGS on spatially distinct assessment
centres. The NeuralCVD score improves upon all other scores with and without PGS. The improvements in discrimination
(via bootstrapped C-Index, 1000 iterations) are stable over the 22 spatially distinct assessment centre test sets, not visible at

training time.

Differences in C-Index by Assessment Centre: NeuralCVD clinical + PGS vs. Other Models

SCORE
Leeds °~°410l(g‘;gi035-
Bristol 0»04%.(5; %035-
Newcastle 0.04 ({%L%;)sa-
Nottingham 0-0“‘:) ((()35| %035-
e
Sheffield °'°3% g;l 3027.
T
Hounslow 0‘041(;%|5?032-
Bury 0.0420.(((’:5| ;)),033_
Croydon 0,048()F(§:;;039.
Birmingham °-°380 f&l g).ozg-
Middlesborough 0'04%'((?; &035-
Stoke 00410%; g).ozg-
Glasgow 0.0450.((;:5| ;035.
Cardiff °~°5% 4((;:(-*1 60).0:11-
Edinburgh 0'0460.(&"»80).034-
Oxford 040370&% %oza.
Manchester 0-02%'(0(1' 20).017-
Barts 0.036 o('((:)l5 ()).023-
Stockport 0.044 (C1 0.022-
(pilot) 0.067)
Swansea 0.027 o(glest';_ooe-
Wrexham 0.075 (C1 0.024-

0.132)

Clinical Baselines

ASCVD

0.028 (C10.022-
0.034)

0.031(CI 0.025-
0.037)
0.029 (C10.022-
0.036)
0.032 (C1 0.025-
0.039)
0.032 (C1 0.026-
0.04)
0.024 (C1 0.017-
0,033)

0.031(C1 0.023-
0.038)

0.029 (C1 0.022-
0.038)

0.03 (C10.022-
0.038)

0.037 (C10.029-
0.046)
0.031(C1 0.023-
0.04)

0.033 (C1 0.024-
0.041)

0.031(C 0.021-
0.041)

0.033 (C1 0.024-
0.042)

0.036 (C1 0.027-
0.047)

0.037 (C1 0.026-
0.048)

0.027 (C10.016-
0.039)

0.016 (C1 0.004-
0.027)

0.025 (C10.013-
0.037)

0.031(Cl 0.012-
0.053)

0.024 (CI-0.004-
0.055)

0.038 (C10-
0.083)

QRISK3

0.017 (C10.013-
0.022)

0.014 (CI 0.01-
0.019)

0.018 (C1 0.013-
0.023)

0.015 (C1 0.01-
0.021)

0.017 (C10.012-
0.022)

0.012 (C1 0.006-
0.017)

0.018 (C1 0.012-
0.024)

0.017 (C10.011-
0.023)

0.013 (C10.008-
0.019)

0.016 (CI 0.01-
0.022)

0.012 (C1 0.006-
0.018)

0.02 (C10.014-
0.027)

0.015 (C1 0.009-
0.022)

0.021(C10.014-
0.028)

0.017 (C10.01-
0.025)

0.019 (C10.011-
0.027)

0.016 (C10.008-
0.024)

0.005 (C1-0.003-
0.015)

0.011 (C10.003-
0.019)

0.013 (CI -0.002-
0.028)

0.007 (C1-0.014-
0.026)

0.054 (C10.014-
0.101)

Clinical

Cox clinical

0.01(C1 0.007-
0.014)

0.007 (CI 0.004-
0.01)
0.008 (C1 0.004-
0.012)
0.009 (C1 0.005-
0.013)
0.008 (C1 0.005-
0.012)
0.006 (C1 0.002-
0.009)

0.01(CI 0.006-
0.014)

0.007 (CI 0.004-
0.01)

0.01(CI 0.006-
0.014)

0.01(Cl10.005-
0.014)

0.005 (CI 0.001-
0.01)

0.013 (CI 0.008-
0.018)

0.012 (C1 0.007-
0.017)

0.01(C10.005-
0.015)

0.012 (CI 0.007-
0.018)
0.005 (CI 0-0.011)

0.009 (CI 0.003-
0.015)

0.002 (CI -0.004-
0.009)

0.005 (CI -0.002-
0.011)

0.006 (CI -0.003-
0.016)

0.004 (CI-0.01-
0.017)

0.018 (CI -0.009-
0.047)

NeuralCVD clinical

0.007 (C1 0.005-
0.01)

0.005 (C1 0.002-
0.008)
0.006 (CI 0.002-
0.01)
0.005 (C1 0.002-
0.008)

0.007 (C10.004-
0.01)

0.004 (C10-0.007)

0.007 (C10.003-
0.01)

0.004 (C10-0.007)
0.007 (C10.003-
0.01)

0.007 (C10.003-
0.011)

0.002 (C1-0.002-
0.006)

0.01(C10.006-
0.014)

0.007 (C10.003-
0.012)

0.01(C10.005-
0.014)

0.009 (C10.0056-
0.014)

0.004 (C1-0.001-
0.009)

0.007 (C10.002-
0.012)

0.003 (CI -0.004-
0.009)

0.002 (CI-0.004-
0.007)

0.005 (CI -0.004-
0.014)

-0.001 (C1-0.014-
0.01)

0.015 (CI -0.009-
0.04)

Cox Sun PGS

0.02 (C1 0.016-
0.026)

0.025 (Cl 0.019-
0.03)

0.02 (CI 0.014-
0.026)
0.025 (C10.019-
0.032)
0.025 (CI1 0.019-
0.031)

0.016 (CI 0.009-
0.023)

0.022 (C1 0.015-
0.028)

0.021 (C1 0.014-
0.028)

0.021(C1 0.014-
0.028)

0.028 (C1 0.021-
0.035)

0.023 (C1 0.016-
0.031)

0.026 (CI 0.019-
0.033)

0.022 (C1 0.014-
0.03)

0.021 (C1 0.013-
0.029)

0.027 (C10.018-
0.035)

0.029 (CI1 0.019-
0.038)

0.018 (CI 0.009-
0.029)

0.012 (CI 0.003-
0.021)

0.022 (C1 0.013-
0.034)

0.03 (C10.012-
0.049)

0.026 (CI 0-
0.057)

0.034 (C10.003-
0.069)

Clinical + PGS

Cox clinical PGS

0.002 (CI 0~
0.004)

0.003 (C10-
0.005)

0.002 (CI-0.001-
0.004)

0.003 (C10.001-
0.006)
0.003 (C10.001-
0.005)
-0.002 (C1-0.005-

0.001)

0.003 (C10.001-
0.006)

0.003 (C10.001-
0.005)

0.003 (C10.001-
0.006)

0.004 (C10.001-
0.007)
0.001 (C1-0.001-
0.004)

0.005 (C1 0.002-
0.008)

0.004 (C10-
0.007)

0.001 (CI-0.001-
0.004)

0.004 (C10.001-
0.008)

0 (C1-0.003-
0.004)

0.002 (C1-0.001-
0.006)

-0.003 (CI -0.007-
0)

0.002 (C1 -0.002-
0.007)

0.006 (C10-0.013)

0.002 (CI -0.007-
0.012)

0.007 (CI -0.006-
0.022)

Cox clinical
PGS*age

0.002 (CI 0-0.004)

0.003 (C1 0-0.005)

0.002 (CI -0.001-
0.004)

0.003 (C10.001-
0.006)

0.002 (CI 0-0.005)

-0.002 (C1-0.005-
0.001)

0.003 (C10.001-
0.006)

0.002 (CI 0-0.005)

0.003 (C10.001-
0.006)
0.004 (C10.001-
0.006)

0.002 (CI -0.001-
0.005)

0.004 (C10.001-
0.007)

0.004 (C1 0-0.007)

0.001 (Cl -0.002-
0.004)

0.005 (C1 0.002-
0.008)

0.001 (C1 -0.003-
0.005)

0.001 (CI -0.002-
0.005)

-0.003 (CI -0.007-
0.001)

0.002 (C1-0.002-
0.007)

0.007 (C1 0.001-
0.014)

0 (C1-0.009-0.01)

0.005 (CI -0.007-
0.018)
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Figure 5: Stratified relative risks of genetic predisposition. Event rates of high and low genetic predisposition relative to
median genetic risk stratified by predicted clinical risk (recalibrated QRISK3) and age.

Relative Risks

A Low Genetic Risk Intermediate Genetic Risk High Genetic Risk
ge
Clinical Risk (Years) n n(Events) Relative Risk n n(Events) Relative Risk n n(Events) Relative Risk

Low (<6%) <50 4964 81 O'%fgz'ﬂf% 5284 108 °b9_g7‘f:1"§g;’° 5864 238 1?29‘532'_22;/"
Low (<5%) 50-60 4224 98 06)7_26\5?0'33;/“ 3808 10 OPLEN* s72a 208 DRG0
Low (<5%) >60 990 35 obg‘;g()(_::'gg;% 766 30 obs‘s;s(gl.zsf;m 556 33 1'(,5'36(?,",22';"
g e s SO w0 w OROES e e VRSN
Tooyed@e® s0-60 2208 106 O0ZIT0% 2363 1se '0eLGT0% 2614 320 MG ITAE
Gt e v o GRSH v we CHEE ww su U
oy e m o OB s o SEE e w NG
High (>10%) 50-60 582 61 06.75(1%%5;? 740 115 1'323?:'??;/" 818 208 1'?4{?375)%
High (>10%) >60 2479 340 %%%gf 2530 423 0'331‘?1'.35’)% 2342 592 1"‘1?3‘20_'1%?%

288



3 Metabolomic profiles predict individual multi-disease outcomes

3 Metabolomic profiles predict individual multi-disease outcomes

289



Supplementary Tables

Table 5: Event rate ratios of the metabolomic state with the proportion of individuals with incident disease. Proportion
of incident disease in the bottom 10 % and top 10 % quantiles of the metabolomic state and the respective event rate ratios for
all endpoints. The numbers in the brackets correspond to the 95 % ClIs over 1000 bootstrapping iterations.

290

Bottom 10%

Top 10%

Observed Event Rate Ratio

MACE 2.01% (1.77%, 2.26%) | 18.59% (18.09%, 19.28%) | 9.25(8.12, 10.53)
CHD 2.34% (2.04%, 2.67%) | 16.47% (15.95%, 17.23%) | 7.07 (6.24,8.15)
Cerebral Stroke 0.49% (0.39%, 0.62%) | 4.77% ( 4.40%, 5.16%) 9.66 (7.64, 12.14)
Dementia 0.77% ( 0.62%, 0.93%) | 5.00% ( 4.60%, 5.33%) 639 (5.4, 8.09)

Heart Failure

0.96% (0.81%, 1.16%)

10.80% (10.24%, 11.29%)

11.27 (943, 13.5)

Atrial Fibrillation

1.69% ( 1.48%, 1.96%)

13.74% (13.24%, 14.50%)

8.13 (6.95,9.37)

T2 Diabetes

0.36% (0.25%, 0.46%)

21.87% (21.07%, 22.65%)

61.45 (47, 86.12)

Liver Disease

2.13% ( 1.89%, 2.36%)

12.30% (11.76%, 13.02%)

5.79 (5.17, 6.68)

Renal Disease

4.31% ( 3.96%, 4.69%)

27.19% (26.57%, 28.03%)

6.3 (5.85, 6.87)

PAD

1.80% ( 1.60%, 1.99%)

8.74% ( 8.26%, 9.17%)

4.89 (4.4,5.53)

Ven. Thrombosis

0.81% (0.66%, 0.98%)

3.24% (2.97%, 3.60%)

4.03 (3.26, 5.05)

AAA

0.18% ( 0.11%, 0.24%)

2.46% (2.15%, 2.72%)

14.1 (9.93, 24.45)

COPD

3.44% ( 3.09%, 3.81%)

17.06% (16.27%, 17.84%)

4.98 (4.37,5.62)

Asthma

2.48% ( 2.20%, 2.72%)

5.52% ( 5.17%, 5.99%)

222(2.01,2.57)

Parkinson’s

0.25% (0.17%, 0.34%)

1.31% ( 1.11%, 1.49%)

5.18 (3.41, 7.44)

Cataracts 3.32% (2.95%, 3.65%) 17.79% (17.00%, 18.45%) 5.4 (4.83,6.08)
Glaucoma 1.57% ( 1.37%, 1.79%) 3.47% ( 3.17%, 3.73%) 2.19(1.91, 2.62)
Fractures 4.40% ( 4.10%, 4.88%) 11.29% (10.67%, 11.90%) 2.55(2.26,2.77)



3 Metabolomic profiles predict individual multi-disease outcomes

Table 6: Absolute discriminatory performances for all scores in the UKB.

£ £ g
£ 53 z =
3 b 3 a a 2 A
£ 4 4 > > a a
2 % 5 2 b Z Z
= < < < < IS >
MACE 0.672(0.665, | 0.697(0.691, | 0.72 (0.714, | 0.725(0.719, | 0.732(0.726, | 0.735(0.729, | 0.737(0.731,
0.679) 0.704) 0.727) 0.731) 0.738) 0.741) 0.743)
CHD 0.658 (0.652, | 0.656 (0.65, | 0.686 (0.68, | 0.684(0.678, | 0.694(0.688, | 0.697(0.692, | 0.7 (0.695,
0.664) 0.662) 0.692) 0.69) 0.7) 0.704) 0.706)
Cerebral Stroke 0.686(0.673, | 0.714(0.703, | 0.736(0.726, | 0.747(0.736, | 0.754(0.742, | 0.757(0.746, | 0.758 (0.748,
0.698) 0.725) 0.747) 0.758) 0.764) 0.768) 0.769)
Dementia 0.634 (0.621, | 0.649(0.635, | 0.669(0.655, | 0.661(0.647, | 0.673(0.659, | 0.677(0.664, | 0.682(0.669,
0.648) 0.662) 0.681) 0.673) 0.685) 0.689) 0.694)
Heart Failure 0.695 (0.686, | 0.67 (0.66, | 0.717(0.708, | 0.699 (0.69, | 0.721(0.712, | 0.733(0.724, | 0.738(0.729,
0.705) 0.678) 0.726) 0.707) 0.73) 0.742) 0.746)
Atrial Fibrillation 0.676 (0.669, | 0.73 (0.723, | 0.743(0.737, | 0.741(0.735, | 0.747 (0.74, | 0.766 (0.76, | 0.767(0.761,
0.684) 0.736) 0.749) 0.747) 0.752) 0.772) 0.773)
T2 Diabetes 0.818(0.812, | 0.61 (0.602, | 0.82 (0.813, | 0.724(0.717, | 0.821(0.815, | 0.852(0.847, | 0.861(0.856,
0.824) 0.618) 0.826) 0.731) 0.827) 0.858) 0.867)
Liver Disease 0.656 (0.648, | 0.58 (0.572, | 0.661(0.653, | 0.625(0.616, | 0.664(0.655, | 0.685(0.678, | 0.687 (0.68,
0.664) 0.588) 0.669) 0.633) 0.672) 0.694) 0.696)
Renal Disease 0.655 (0.65, | 0.63 (0.624, | 0.674(0.668, | 0.65 (0.645, | 0.677(0.672, | 0.686 (0.68, | 0.689 (0.684,
0.661) 0.635) 0.68) 0.656) 0.683) 0.691) 0.695)
PAD 0.657 (0.647, | 0.663(0.654, | 0.69 (0.681, | 0.69 (0.681, | 0.7 (0.691, | 0.705(0.696, | 0.707(0.698,
0.667) 0.672) 0.7) 0.699) 0.71) 0.714) 0.717)
Ven. Thrombosis 0.614 (0.6, | 0.605(0.592, | 0.634 (0.62, | 0.614 (0.6, | 0.634 (0.62, | 0.663(0.651, | 0.664(0.651,
0.627) 0.616) 0.646) 0.626) 0.647) 0.676) 0.677)
AAA 0.731(0.712, | 0.786(0.771, | 0.797(0.782, | 0.803(0.789, | 0.805(0.791, | 0.808(0.794, | 0.808(0.793,
0.749) 0.8) 0.811) 0.817) 0.819) 0.822) 0.822)
COPD 0.63 (0.624, | 0596 (0.59, | 0.645(0.638, | 0.639(0.633, | 0.659(0.653, | 0.664(0.658, | 0.668(0.662,
0.636) 0.602) 0.651) 0.646) 0.665) 0.67) 0.674)
Asthma 0589 (0.58, | 0.545(0.536, | 0.593(0.583, | 0.574(0.564, | 0.596(0.587, | 0.613(0.603, | 0.615(0.605,
0.598) 0.555) 0.601) 0.583) 0.605) 0.622) 0.624)
Parkinson’s 0.617(0.591, | 0.753(0.735, | 0.745(0.727, | 0.757(0.738, | 0.747(0.729, | 0.749(0.731, | 0.739 (0.72,
0.642) 0.772) 0.763) 0.774) 0.765) 0.767) 0.757)
Cataracts 0.638(0.632, | 0.731(0.727, | 0.735 (0.73, | 0.738(0.733, | 0.739(0.734, | 0.741(0.737, | 0.741(0.737,
0.644) 0.736) 0.739) 0.743) 0.743) 0.746) 0.746)
Glaucoma 0.567 (0.555, | 0.652(0.642, | 0.65 (0.639, | 0.657(0.646, | 0.654(0.643, | 0.654(0.644, | 0.651 (0.641,
0.579) 0.663) 0.661) 0.667) 0.665) 0.665) 0.662)
Fractures 0.581(0.574, | 0.591(0.584, | 0.601(0.594, | 0.595(0.588, | 0.601(0.594, | 0.604(0.598, | 0.606 (0.6,
0.588) 0.598) 0.607) 0.602) 0.608) 0.611) 0.613)
Lung Cancer 0.698 (0.682, | 0.683(0.669, | 0.74 (0.724, | 0.771(0.757, | 0.78 (0.766, | 0.793(0.779, | 0.79 (0.776,
0.715) 0.698) 0.754) 0.786) 0.795) 0.806) 0.804)
Skin Cancer 0.571(0.563, | 0.659(0.651, | 0.659(0.651, | 0.661(0.653, | 0.66 (0.652, | 0.667(0.659, | 0.666(0.658,
0.58) 0.667) 0.667) 0.67) 0.669) 0.675) 0.674)
Colon Cancer 0.605 (0.587, | 0.682(0.665, | 0.681(0.664, | 0.684(0.668, | 0.679(0.662, | 0.687(0.669, | 0.68 (0.662,
0.623) 0.699) 0.696) 0.7) 0.695) 0.702) 0.695)
Rectal Cancer 0.609 (0.587, | 0.68 (0.66, | 0.678(0.657, | 0.682(0.661, | 0.676(0.655, | 0.683(0.663, | 0.676(0.654,
0.629) 0.699) 0.698) 0.7) 0.696) 0.702) 0.694)
Prostate Cancer 0.547 (0.535, | 0.689(0.679, | 0.69 (0.68, | 0.692(0.682, | 0.692(0.682, | 0.693(0.683, | 0.693 (0.683,
0.56) 0.698) 0.699) 0.701) 0.701) 0.702) 0.702)
Breast Cancer 0.532 (052, | 0.546(0.533, | 0.548(0.536, | 0.542 (0.53, | 0.544(0.532, | 0.56 (0.547, | 0.56 (0.547,
0.545) 0.557) 0.559) 0.553) 0.556) 0.572) 0.572)
Overall 0.639(0.637, | 0.658(0.656, | 0.688(0.686, | 0.681(0.679, | 0.694(0.691, | 0.703(0.701, | 0.704(0.701,
0.642) 0.66) 0.69) 0.684) 0.696) 0.705) 0.706)
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Table 7: Relative discriminatory performances for all comparisons in the UKB. Relative performances are reported as
medians and 95 % Cls, estimated by bootstrapping over 1000 iterations. Differences were considered significant if the 95 %
ClIs did not cross zero (no difference).

Endpoint Comparisons Median Delta C- Lower 95% CI Upper 95% CI Significance
Index Delta C-Index Delta C-Index
MACE Age+Sex vs. Metabolomics 0.025 0.016 0.033 *
MACE Age+Sex+Metabolomics vs. AgetSex 0.023 0.020 0.027 *
MACE Age+Sex+Metabolomics vs. 0.048 0.043 0.053 *
Metabolomics
MACE ASCVD vs. Age+Sex 0.028 0.024 0.032 *
MACE ASCVD vs. Age+Sex+Metabolomics 0.005 0.001 0.008 *
MACE ASCVD vs. Metabolomics 0.053 0.046 0.060 *
MACE ASCVD+Metabolomics vs. Age+Sex 0.035 0.031 0.039 *
MACE ASCVD+Metabolomics vs. 0.011 0.009 0.014 *
Age+Sex+Metabolomics
MACE ASCVD+Metabolomics vs. ASCVD 0.007 0.005 0.009 *
MACE ASCVD+Metabolomics vs. 0.060 0.054 0.065 *
Metabolomics
MACE PANEL vs. Age+Sex 0.038 0.034 0.042 *
MACE PANEL vs. Age+Sex+Metabolomics 0.015 0.011 0.018 *
MACE PANEL vs. ASCVD 0.010 0.008 0.012 *
MACE PANEL vs. ASCVD+Metabolomics 0.003 0.001 0.005 *
MACE PANEL vs. Metabolomics 0.063 0.056 0.069 *
MACE PANEL+Metabolomics vs. Age+Sex 0.040 0.036 0.045 *
MACE PANEL+Metabolomics VS. 0.017 0.014 0.019 *
Age+Sex+Metabolomics
MACE PANEL+Metabolomics vs. ASCVD 0.012 0.009 0.015 *
MACE PANEL+Metabolomics ~ vs. AS- 0.005 0.004 0.006 *
CVD+Metabolomics
MACE PANEL+Metabolomics vs. 0.065 0.059 0.070 *
Metabolomics
MACE PANEL+Metabolomics vs. PANEL 0.002 0.000 0.004 *
CHD Age+Sex vs. Metabolomics -0.002 -0.009 0.005 ns
CHD Aget+Sex+Metabolomics vs. Age+Sex 0.029 0.026 0.033 *
CHD Age+Sex+Metabolomics vs. 0.028 0.024 0.031 *
Metabolomics
CHD ASCVD vs. Age+Sex 0.028 0.025 0.031 *
CHD ASCVD vs. Aget+Sex+Metabolomics -0.002 -0.005 0.002 ns
CHD ASCVD vs. Metabolomics 0.026 0.021 0.032 *
CHD ASCVD+Metabolomics vs. Age+Sex 0.038 0.034 0.042 *
CHD ASCVD+Metabolomics V. 0.008 0.007 0.010 *
Age+Sex+Metabolomics
CHD ASCVD+Metabolomics vs. ASCVD 0.010 0.007 0.012 *
CHD ASCVD+Metabolomics V. 0.036 0.032 0.040 *
Metabolomics
CHD PANEL vs. Age+Sex 0.041 0.037 0.045 *
CHD PANEL vs. Age+Sex+Metabolomics 0.012 0.009 0.015 *
CHD PANEL vs. ASCVD 0.013 0.011 0.016 *
CHD PANEL vs. ASCVD+Metabolomics 0.004 0.001 0.006 *
CHD PANEL vs. Metabolomics 0.040 0.034 0.045 *
CHD PANEL+Metabolomics vs. Age+Sex 0.044 0.040 0.048 *
CHD PANEL+Metabolomics vs. 0.015 0.012 0.017 *
Age+Sex+Metabolomics
CHD PANEL+Metabolomics vs. ASCVD 0.016 0.013 0.019 *
CHD PANEL+Metabolomics  vs. AS- 0.006 0.005 0.008 *
CVD+Metabolomics
CHD PANEL+Metabolomics vs. 0.042 0.038 0.046 *
Metabolomics
CHD PANEL+Metabolomics vs. PANEL 0.003 0.001 0.004 *
Cerebral Stroke Age+Sex vs. Metabolomics 0.028 0.015 0.042 *
Cerebral Stroke Age+Sex+Metabolomics vs. AgetSex 0.023 0.015 0.029 *
Cerebral Stroke Age+Sex+Metabolomics vs. 0.051 0.043 0.059 *
Metabolomics
Cerebral Stroke ASCVD vs. Age+Sex 0.033 0.026 0.040 *
Cerebral Stroke ASCVD vs. Age+Sex+Metabolomics 0.011 0.003 0.017 *
Cerebral Stroke ASCVD vs. Metabolomics 0.061 0.049 0.074 *
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3 Metabolomic profiles predict individual multi-disease outcomes

Table 7 continued from previous page

Endpoint Comparisons Median Delta C- Lower 95% CI Upper 95% CI Significance
Index Delta C-Index Delta C-Index

Cerebral Stroke ASCVD+Metabolomics vs. Age+Sex 0.040 0.032 0.048 *

Cerebral Stroke ASCVD+Metabolomics VS, 0.017 0.013 0.022 *
Age+Sex+Metabolomics

Cerebral Stroke ASCVD+Metabolomics vs. ASCVD 0.007 0.002 0.011 *

Cerebral Stroke ASCVD+Metabolomics V. 0.068 0.060 0.076 *
Metabolomics

Cerebral Stroke PANEL vs. Aget+Sex 0.043 0.036 0.051 *

Cerebral Stroke PANEL vs. Age+Sex+Metabolomics 0.021 0.014 0.027 *

Cerebral Stroke PANEL vs. ASCVD 0.010 0.007 0.014 *

Cerebral Stroke PANEL vs. ASCVD+Metabolomics 0.004 -0.001 0.008 ns

Cerebral Stroke PANEL vs. Metabolomics 0.072 0.060 0.083 *

Cerebral Stroke PANEL+Metabolomics vs. Age+Sex 0.045 0.036 0.053 *

Cerebral Stroke PANEL+Metabolomics vs. 0.022 0.017 0.027 *
Age+Sex+Metabolomics

Cerebral Stroke PANEL+Metabolomics vs. ASCVD 0.011 0.006 0.017 *

Cerebral Stroke PANEL+Metabolomics ~ vs. AS- 0.005 0.002 0.007 *
CVD+Metabolomics

Cerebral Stroke PANEL+Metabolomics vs. 0.073 0.064 0.081 *
Metabolomics

Cerebral Stroke PANEL+Metabolomics vs. PANEL 0.001 -0.003 0.005 ns

Dementia Age+Sex vs. Metabolomics 0.014 0.000 0.030 ns

Dementia Age+Sex+Metabolomics vs. Age+Sex 0.020 0.013 0.028 *

Dementia Age+Sex+Metabolomics vs. 0.035 0.026 0.044 *
Metabolomics

Dementia ASCVD vs. Age+Sex 0.012 0.007 0.016 *

Dementia ASCVD vs. Age+Sex+Metabolomics -0.008 -0.015 -0.001 *

Dementia ASCVD vs. Metabolomics 0.026 0.012 0.042 *

Dementia ASCVD+Metabolomics vs. Age+Sex 0.024 0.017 0.031 *

Dementia ASCVD+Metabolomics vs. 0.004 0.002 0.006 *
Age+Sex+Metabolomics

Dementia ASCVD+Metabolomics vs. ASCVD 0.012 0.006 0.018 *

Dementia ASCVD+Metabolomics vs. 0.038 0.030 0.048 *
Metabolomics

Dementia PANEL vs. Aget+Sex 0.028 0.021 0.035 *

Dementia PANEL vs. Age+Sex+Metabolomics 0.008 0.001 0.015 *

Dementia PANEL vs. ASCVD 0.016 0.011 0.022 *

Dementia PANEL vs. ASCVD+Metabolomics 0.004 -0.002 0.011 ns

Dementia PANEL vs. Metabolomics 0.043 0.030 0.056 *

Dementia PANEL+Metabolomics vs. AgetSex 0.033 0.025 0.042 *

Dementia PANEL+Metabolomics vs. 0.013 0.009 0.017 *
Age+Sex+Metabolomics

Dementia PANEL+Metabolomics vs. ASCVD 0.021 0.014 0.029 *

Dementia PANEL+Metabolomics ~ vs. AS- 0.009 0.005 0.013 *
CVD+Metabolomics

Dementia PANEL+Metabolomics vs. 0.048 0.038 0.058 *
Metabolomics

Dementia PANEL+Metabolomics vs. PANEL 0.005 0.000 0.009 *

Heart Failure Age+Sex vs. Metabolomics -0.026 -0.036 -0.016 *

Heart Failure Age+Sex+Metabolomics vs. Age+Sex 0.047 0.041 0.054 *

Heart Failure Age+Sex+Metabolomics vs. 0.022 0.017 0.026 *
Metabolomics

Heart Failure ASCVD vs. Age+Sex 0.029 0.024 0.034 *

Heart Failure ASCVD vs. Age+Sex+Metabolomics -0.018 -0.024 -0.013 *

Heart Failure ASCVD vs. Metabolomics 0.003 -0.006 0.012 ns

Heart Failure ASCVD+Metabolomics vs. Age+Sex 0.052 0.045 0.058 *

Heart Failure ASCVD+Metabolomics VS. 0.004 0.002 0.006 *
Age+Sex+Metabolomics

Heart Failure ASCVD+Metabolomics vs. ASCVD 0.022 0.018 0.027 *

Heart Failure ASCVD+Metabolomics vs. 0.026 0.021 0.030 *
Metabolomics

Heart Failure PANEL vs. Age+Sex 0.063 0.057 0.070 *

Heart Failure PANEL vs. Age+Sex+Metabolomics 0.016 0.010 0.021 *

Heart Failure PANEL vs. ASCVD 0.034 0.030 0.039 *

Heart Failure PANEL vs. ASCVD+Metabolomics 0.012 0.006 0.016 *
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Table 7 continued from previous page

Endpoint Comparisons Median Delta C- Lower 95% CI Upper 95% CI Significance
Index Delta C-Index Delta C-Index

Heart Failure PANEL vs. Metabolomics 0.038 0.029 0.045 *

Heart Failure PANEL+Metabolomics vs. Age+Sex 0.068 0.061 0.075 *

Heart Failure PANEL+Metabolomics vs. 0.021 0.017 0.025 *
Age+Sex+Metabolomics

Heart Failure PANEL+Metabolomics vs. ASCVD 0.039 0.034 0.045 *

Heart Failure PANEL+Metabolomics ~ vs. AS- 0.016 0.013 0.020 *
CVD+Metabolomics

Heart Failure PANEL+Metabolomics Vs, 0.042 0.036 0.048 *
Metabolomics

Heart Failure PANEL+Metabolomics vs. PANEL 0.005 0.003 0.007 *

Atrial  Fibrilla- Age+Sex vs. Metabolomics 0.053 0.045 0.061 *

tion

Atrial  Fibrilla- Age+Sex+Metabolomics vs. Age+Sex 0.014 0.011 0.017 *

tion

Atrial  Fibrilla- Age+Sex+Metabolomics vs. 0.067 0.061 0.072 *

tion Metabolomics

Atrial ~ Fibrilla- ASCVD vs. Aget+Sex 0.011 0.009 0.013 *

tion

Atrial  Fibrilla- ASCVD vs. Age+Sex+Metabolomics -0.003 -0.005 0.000 ns

tion

Atrial  Fibrilla- ASCVD vs. Metabolomics 0.064 0.057 0.071 *

tion

Atrial  Fibrilla- ASCVD+Metabolomics vs. Age+Sex 0.017 0.014 0.020 *

tion

Atrial  Fibrilla- ASCVD+Metabolomics vs. 0.003 0.002 0.004 *

tion Age+Sex+Metabolomics

Atrial  Fibrilla- ASCVD+Metabolomics vs. ASCVD 0.006 0.004 0.008 *

tion

Atrial  Fibrilla- ASCVD+Metabolomics vs. 0.070 0.064 0.075 *

tion Metabolomics

Atrial  Fibrilla- PANEL vs. Age+Sex 0.037 0.033 0.041 *

tion

Atrial  Fibrilla- PANEL vs. Age+Sex+Metabolomics 0.023 0.020 0.027 *

tion

Atrial  Fibrilla- PANEL vs. ASCVD 0.026 0.023 0.029 *

tion

Atrial  Fibrilla- PANEL vs. ASCVD+Metabolomics 0.020 0.017 0.023 *

tion

Atrial  Fibrilla- PANEL vs. Metabolomics 0.090 0.083 0.097 *

tion

Atrial  Fibrilla- PANEL+Metabolomics vs. Age+Sex 0.037 0.033 0.041 *

tion

Atrial  Fibrilla- PANEL+Metabolomics vs. 0.024 0.021 0.027 *

tion Age+Sex+Metabolomics

Atrial  Fibrilla- PANEL+Metabolomics vs. ASCVD 0.026 0.023 0.030 *

tion

Atrial  Fibrilla- PANEL+Metabolomics ~ vs. AS- 0.020 0.017 0.023 *

tion CVD+Metabolomics

Atrial  Fibrilla- PANEL+Metabolomics Vs, 0.090 0.084 0.097 *

tion Metabolomics

Atrial  Fibrilla- PANEL+Metabolomics vs. PANEL 0.000 -0.001 0.001 ns

tion

T2 Diabetes Age+Sex vs. Metabolomics -0.208 -0.218 -0.199 *

T2 Diabetes Age+Sex+Metabolomics vs. Age+Sex 0.209 0.200 0.219 *

T2 Diabetes Age+Sex+Metabolomics vs. 0.001 0.001 0.002 *
Metabolomics

T2 Diabetes ASCVD vs. Age+Sex 0.114 0.105 0.123 *

T2 Diabetes ASCVD vs. Age+Sex+Metabolomics -0.095 -0.102 -0.088 *

T2 Diabetes ASCVD vs. Metabolomics -0.094 -0.100 -0.087 *

T2 Diabetes ASCVD+Metabolomics vs. Age+Sex 0.211 0.202 0.221 *

T2 Diabetes ASCVD+Metabolomics VS. 0.002 0.001 0.002 *
Age+Sex+Metabolomics

T2 Diabetes ASCVD+Metabolomics vs. ASCVD 0.097 0.091 0.103 *

T2 Diabetes ASCVD+Metabolomics Vs, 0.003 0.002 0.004 *

Metabolomics
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Table 7 continued from previous page

Endpoint Comparisons Median Delta C- Lower 95% CI Upper 95% CI Significance
Index Delta C-Index Delta C-Index
T2 Diabetes PANEL vs. Aget+Sex 0.242 0.233 0.252 *
T2 Diabetes PANEL vs. Age+Sex+Metabolomics 0.033 0.028 0.037 *
T2 Diabetes PANEL vs. ASCVD 0.128 0.122 0.134 *
T2 Diabetes PANEL vs. ASCVD+Metabolomics 0.031 0.026 0.035 *
T2 Diabetes PANEL vs. Metabolomics 0.034 0.029 0.039 *
T2 Diabetes PANEL+Metabolomics vs. Age+Sex 0.251 0.242 0.261 *
T2 Diabetes PANEL+Metabolomics vs. 0.042 0.039 0.045 *
Age+Sex+Metabolomics
T2 Diabetes PANEL+Metabolomics vs. ASCVD 0.137 0.131 0.144 *
T2 Diabetes PANEL+Metabolomics ~ vs. AS- 0.040 0.037 0.043 *
CVD+Metabolomics
T2 Diabetes PANEL+Metabolomics vs. 0.043 0.041 0.046 *
Metabolomics
T2 Diabetes PANEL+Metabolomics vs. PANEL 0.009 0.007 0.012 *
Liver Disease Age+Sex vs. Metabolomics -0.076 -0.085 -0.065 *
Liver Disease Age+Sex+Metabolomics vs. AgetSex 0.081 0.072 0.089 *
Liver Disease Age+Sex+Metabolomics vs. 0.005 0.004 0.008 *
Metabolomics
Liver Disease ASCVD vs. Age+Sex 0.045 0.038 0.051 *
Liver Disease ASCVD vs. Age+Sex+Metabolomics -0.037 -0.044 -0.030 *
Liver Disease ASCVD vs. Metabolomics -0.031 -0.039 -0.023 *
Liver Disease ASCVD+Metabolomics vs. Age+Sex 0.084 0.075 0.091 *
Liver Disease ASCVD+Metabolomics vs. 0.002 0.001 0.004 *
Age+Sex+Metabolomics
Liver Disease ASCVD+Metabolomics vs. ASCVD 0.039 0.032 0.046 *
Liver Disease ASCVD+Metabolomics vs. 0.008 0.005 0.010 *
Metabolomics
Liver Disease PANEL vs. Age+Sex 0.105 0.097 0.114 *
Liver Disease PANEL vs. Age+Sex+Metabolomics 0.024 0.019 0.030 *
Liver Disease PANEL vs. ASCVD 0.061 0.054 0.068 *
Liver Disease PANEL vs. ASCVD+Metabolomics 0.022 0.017 0.028 *
Liver Disease PANEL vs. Metabolomics 0.030 0.024 0.036 *
Liver Disease PANEL+Metabolomics vs. Age+Sex 0.107 0.098 0.116 *
Liver Disease PANEL+Metabolomics VS. 0.026 0.023 0.030 *
Age+Sex+Metabolomics
Liver Disease PANEL+Metabolomics vs. ASCVD 0.063 0.056 0.070 *
Liver Disease PANEL+Metabolomics ~ vs. AS- 0.024 0.021 0.028 *
CVD+Metabolomics
Liver Disease PANEL+Metabolomics vs. 0.032 0.028 0.036 *
Metabolomics
Liver Disease PANEL+Metabolomics vs. PANEL 0.002 -0.001 0.005 ns
Renal Disease Age+Sex vs. Metabolomics -0.026 -0.032 -0.020 *
Renal Disease Age+Sex+Metabolomics vs. Age+Sex 0.045 0.041 0.049 *
Renal Disease Age+Sex+Metabolomics vs. 0.019 0.016 0.021 *
Metabolomics
Renal Disease ASCVD vs. Age+Sex 0.021 0.018 0.023 *
Renal Disease ASCVD vs. Aget+Sex+Metabolomics -0.024 -0.028 -0.020 *
Renal Disease ASCVD vs. Metabolomics -0.005 -0.011 0.001 ns
Renal Disease ASCVD+Metabolomics vs. Age+Sex 0.048 0.044 0.052 *
Renal Disease ASCVD+Metabolomics VS, 0.003 0.002 0.004 *
Age+Sex+Metabolomics
Renal Disease ASCVD+Metabolomics vs. ASCVD 0.027 0.024 0.030 *
Renal Disease ASCVD+Metabolomics V. 0.022 0.019 0.025 *
Metabolomics
Renal Disease PANEL vs. Age+Sex 0.056 0.052 0.060 *
Renal Disease PANEL vs. Age+Sex+Metabolomics 0.011 0.008 0.015 *
Renal Disease PANEL vs. ASCVD 0.035 0.032 0.038 *
Renal Disease PANEL vs. ASCVD+Metabolomics 0.008 0.005 0.011 *
Renal Disease PANEL vs. Metabolomics 0.030 0.025 0.035 *
Renal Disease PANEL+Metabolomics vs. Age+Sex 0.060 0.056 0.064 *
Renal Disease PANEL+Metabolomics vs. 0.015 0.013 0.017 *
Age+Sex+Metabolomics
Renal Disease PANEL+Metabolomics vs. ASCVD 0.039 0.035 0.042 *
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Table 7 continued from previous page

Endpoint Comparisons Median Delta C- Lower 95% CI Upper 95% CI Significance
Index Delta C-Index Delta C-Index

Renal Disease PANEL+Metabolomics AS- 0.012 0.010 0.014 *
CVD+Metabolomics

Renal Disease PANEL+Metabolomics vs. 0.034 0.030 0.037 *
Metabolomics

Renal Disease PANEL+Metabolomics vs. PANEL 0.004 0.002 0.005 *

PAD Age+Sex vs. Metabolomics 0.006 -0.004 0.016 ns

PAD Age+Sex+Metabolomics vs. Age+Sex 0.027 0.021 0.033 *

PAD Age+Sex+Metabolomics vs. 0.033 0.028 0.038 *
Metabolomics

PAD ASCVD vs. AgetSex 0.027 0.022 0.032 *

PAD ASCVD vs. Aget+Sex+Metabolomics 0.000 -0.006 0.005 ns

PAD ASCVD vs. Metabolomics 0.033 0.024 0.041 *

PAD ASCVD+Metabolomics vs. Age+Sex 0.037 0.031 0.044 *

PAD ASCVD+Metabolomics vs. 0.010 0.007 0.013 *
Age+Sex+Metabolomics

PAD ASCVD+Metabolomics vs. ASCVD 0.010 0.006 0.014 *

PAD ASCVD+Metabolomics Vs, 0.043 0.037 0.049 *
Metabolomics

PAD PANEL vs. Aget+Sex 0.042 0.036 0.049 *

PAD PANEL vs. Age+Sex+Metabolomics 0.015 0.009 0.020 *

PAD PANEL vs. ASCVD 0.015 0.012 0.019 *

PAD PANEL vs. ASCVD+Metabolomics 0.005 0.001 0.009 *

PAD PANEL vs. Metabolomics 0.048 0.040 0.056 *

PAD PANEL+Metabolomics vs. Age+Sex 0.044 0.038 0.052 *

PAD PANEL+Metabolomics vs. 0.017 0.013 0.021 *
Age+Sex+Metabolomics

PAD PANEL+Metabolomics vs. ASCVD 0.018 0.013 0.022 *

PAD PANEL+Metabolomics AS- 0.007 0.005 0.010 *
CVD+Metabolomics

PAD PANEL+Metabolomics vs. 0.050 0.044 0.057 *
Metabolomics

PAD PANEL+Metabolomics vs. PANEL 0.002 0.000 0.005 ns

Ven. Thrombo- Age+Sex vs. Metabolomics -0.009 -0.025 0.007 ns

sis

Ven. Thrombo- Age+Sex+Metabolomics vs. Age+Sex 0.029 0.017 0.041 *

sis

Ven. Thrombo- Age+Sex+Metabolomics vs. 0.020 0.014 0.026 *

sis Metabolomics

Ven. Thrombo- ASCVD vs. Age+Sex 0.009 0.003 0.015 *

sis

Ven. Thrombo- ASCVD vs. Aget+Sex+Metabolomics -0.020 -0.030 -0.009 *

sis

Ven. Thrombo- ASCVD vs. Metabolomics 0.000 -0.015 0.015 ns

sis

Ven. Thrombo- ASCVD+Metabolomics vs. Age+Sex 0.030 0.018 0.041 *

sis

Ven. Thrombo- ASCVD+Metabolomics vs. 0.000 -0.002 0.002 ns

sis Age+Sex+Metabolomics

Ven. Thrombo- ASCVD+Metabolomics vs. ASCVD 0.021 0.010 0.030 *

sis

Ven. Thrombo- ASCVD+Metabolomics vs. 0.020 0.014 0.026 *

sis Metabolomics

Ven. Thrombo- PANEL vs. Age+Sex 0.058 0.047 0.071 *

sis

Ven. Thrombo- PANEL vs. Age+Sex+Metabolomics 0.029 0.018 0.040 *

sis

Ven. Thrombo- PANEL vs. ASCVD 0.049 0.038 0.060 *

sis

Ven. Thrombo- PANEL vs. ASCVD+Metabolomics 0.029 0.018 0.039 *

sis

Ven. Thrombo- PANEL vs. Metabolomics 0.049 0.035 0.063 *

sis

Ven. Thrombo- PANEL+Metabolomics vs. Age+Sex 0.059 0.047 0.072 *

sis
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Endpoint Comparisons Median Delta C- Lower 95% CI Upper 95% CI Significance
Index Delta C-Index Delta C-Index

Ven. Thrombo- PANEL+Metabolomics V. 0.030 0.022 0.038 *

sis Age+Sex+Metabolomics

Ven. Thrombo- PANEL+Metabolomics vs. ASCVD 0.050 0.038 0.061 *

sis

Ven. Thrombo- PANEL+Metabolomics ~ vs. AS- 0.030 0.022 0.037 *

sis CVD+Metabolomics

Ven. Thrombo- PANEL+Metabolomics vs. 0.050 0.041 0.060 *

sis Metabolomics

Ven. Thrombo- PANEL+Metabolomics vs. PANEL 0.001 -0.005 0.007 ns

sis

AAA Age+Sex vs. Metabolomics 0.054 0.039 0.072 *

AAA Age+Sex+Metabolomics vs. AgetSex 0.011 0.004 0.018 *

AAA Age+Sex+Metabolomics vs. 0.066 0.056 0.076 *
Metabolomics

AAA ASCVD vs. Aget+Sex 0.018 0.012 0.024 *

AAA ASCVD vs. Age+Sex+Metabolomics 0.006 -0.001 0.014 ns

AAA ASCVD vs. Metabolomics 0.072 0.057 0.088 *

AAA ASCVD+Metabolomics vs. Age+Sex 0.019 0.011 0.027 *

AAA ASCVD+Metabolomics vs. 0.008 0.004 0.012 *
Age+Sex+Metabolomics

AAA ASCVD+Metabolomics vs. ASCVD 0.002 -0.004 0.007 ns

AAA ASCVD+Metabolomics vs. 0.074 0.063 0.084 *
Metabolomics

AAA PANEL vs. Aget+Sex 0.023 0.015 0.030 *

AAA PANEL vs. Age+Sex+Metabolomics 0.011 0.003 0.020 *

AAA PANEL vs. ASCVD 0.005 0.001 0.010 *

AAA PANEL vs. ASCVD+Metabolomics 0.003 -0.003 0.011 ns

AAA PANEL vs. Metabolomics 0.076 0.062 0.093 *

AAA PANEL+Metabolomics vs. Age+Sex 0.022 0.013 0.031 *

AAA PANEL+Metabolomics Vvs. 0.011 0.005 0.017 *
Age+Sex+Metabolomics

AAA PANEL+Metabolomics vs. ASCVD 0.005 -0.002 0.011 ns

AAA PANEL+Metabolomics ~ vs. AS- 0.003 -0.001 0.007 ns
CVD+Metabolomics

AAA PANEL+Metabolomics vs. 0.077 0.065 0.089 *
Metabolomics

AAA PANEL+Metabolomics vs. PANEL 0.000 -0.006 0.005 ns

COPD Age+Sex vs. Metabolomics -0.034 -0.042 -0.027 *

COPD Age+Sex+Metabolomics vs. AgetSex 0.049 0.044 0.054 *

COPD Age+Sex+Metabolomics Vvs. 0.014 0.012 0.017 *
Metabolomics

COPD ASCVD vs. AgetSex 0.044 0.039 0.049 *

COPD ASCVD vs. Aget+Sex+Metabolomics -0.005 -0.011 0.000 ns

COPD ASCVD vs. Metabolomics 0.009 0.002 0.016 *

COPD ASCVD+Metabolomics vs. Aget+Sex 0.064 0.058 0.069 *

COPD ASCVD+Metabolomics VS. 0.015 0.012 0.017 *
Age+Sex+Metabolomics

COPD ASCVD+Metabolomics vs. ASCVD 0.020 0.016 0.023 *

COPD ASCVD+Metabolomics VS, 0.029 0.025 0.033 *
Metabolomics

COPD PANEL vs. Age+Sex 0.068 0.062 0.074 *

COPD PANEL vs. Age+Sex+Metabolomics 0.019 0.015 0.024 *

COPD PANEL vs. ASCVD 0.024 0.021 0.028 *

COPD PANEL vs. ASCVD+Metabolomics 0.005 0.001 0.008 *

COPD PANEL vs. Metabolomics 0.034 0.028 0.039 *

COPD PANEL+Metabolomics vs. Age+Sex 0.073 0.067 0.078 *

COPD PANEL+Metabolomics vs. 0.024 0.020 0.027 *
Age+Sex+Metabolomics

COPD PANEL+Metabolomics vs. ASCVD 0.029 0.025 0.033 *

COPD PANEL+Metabolomics ~ vs. AS- 0.009 0.007 0.011 *
CVD+Metabolomics

COPD PANEL+Metabolomics vs. 0.038 0.034 0.042 *
Metabolomics

COPD PANEL+Metabolomics vs. PANEL 0.005 0.003 0.006 *
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Index Delta C-Index Delta C-Index
Asthma Age+Sex vs. Metabolomics -0.044 -0.055 -0.033 *
Asthma Age+Sex+Metabolomics vs. Age+Sex 0.047 0.038 0.057 *
Asthma Age+Sex+Metabolomics vs. 0.003 0.001 0.006 *
Metabolomics
Asthma ASCVD vs. AgetSex 0.029 0.021 0.037 *
Asthma ASCVD vs. Age+Sex+Metabolomics -0.019 -0.028 -0.010 *
Asthma ASCVD vs. Metabolomics -0.015 -0.026 -0.006 *
Asthma ASCVD+Metabolomics vs. Age+Sex 0.051 0.042 0.061 *
Asthma ASCVD+Metabolomics vs. 0.004 0.002 0.006 *
Age+Sex+Metabolomics
Asthma ASCVD+Metabolomics vs. ASCVD 0.023 0.015 0.030 *
Asthma ASCVD+Metabolomics vs. 0.007 0.004 0.010 *
Metabolomics
Asthma PANEL vs. Age+Sex 0.068 0.058 0.078 *
Asthma PANEL vs. Aget+Sex+Metabolomics 0.021 0.013 0.028 *
Asthma PANEL vs. ASCVD 0.039 0.032 0.047 *
Asthma PANEL vs. ASCVD+Metabolomics 0.017 0.010 0.024 *
Asthma PANEL vs. Metabolomics 0.024 0.016 0.032 *
Asthma PANEL+Metabolomics vs. Age+Sex 0.069 0.059 0.080 *
Asthma PANEL+Metabolomics vs. 0.022 0.017 0.027 *
Age+Sex+Metabolomics
Asthma PANEL+Metabolomics vs. ASCVD 0.041 0.033 0.049 *
Asthma PANEL+Metabolomics AS- 0.018 0.014 0.023 *
CVD+Metabolomics
Asthma PANEL+Metabolomics vs. 0.026 0.020 0.031 *
Metabolomics
Asthma PANEL+Metabolomics vs. PANEL 0.001 -0.002 0.005 ns
Parkinson’s Age+Sex vs. Metabolomics 0.137 0.112 0.163 *
Parkinson’s Age+Sex+Metabolomics vs. Aget+Sex -0.009 -0.016 -0.002 *
Parkinson’s Age+Sex+Metabolomics vs. 0.128 0.109 0.148 *
Metabolomics
Parkinson’s ASCVD vs. Aget+Sex 0.003 -0.002 0.008 ns
Parkinson’s ASCVD vs. Aget+Sex+Metabolomics 0.012 0.005 0.019 *
Parkinson’s ASCVD vs. Metabolomics 0.140 0.117 0.164 *
Parkinson’s ASCVD+Metabolomics vs. Age+Sex -0.007 -0.015 0.001 ns
Parkinson’s ASCVD+Metabolomics vs. 0.002 -0.001 0.005 ns
Age+Sex+Metabolomics
Parkinson’s ASCVD+Metabolomics vs. ASCVD -0.010 -0.015 -0.004 *
Parkinson’s ASCVD+Metabolomics vs. 0.131 0.111 0.150 *
Metabolomics
Parkinson’s PANEL vs. Age+Sex -0.004 -0.012 0.004 ns
Parkinson’s PANEL vs. Age+Sex+Metabolomics 0.004 -0.005 0.015 ns
Parkinson’s PANEL vs. ASCVD -0.007 -0.015 -0.001 *
Parkinson’s PANEL vs. ASCVD+Metabolomics 0.002 -0.007 0.012 ns
Parkinson’s PANEL vs. Metabolomics 0.133 0.108 0.158 *
Parkinson’s PANEL+Metabolomics vs. Age+Sex -0.014 -0.024 -0.004 *
Parkinson’s PANEL+Metabolomics vs. -0.006 -0.013 0.002 ns
Age+Sex+Metabolomics
Parkinson’s PANEL+Metabolomics vs. ASCVD -0.017 -0.027 -0.008 *
Parkinson’s PANEL+Metabolomics AS- -0.008 -0.015 0.000 *
CVD+Metabolomics
Parkinson’s PANEL+Metabolomics Vs, 0.123 0.102 0.143 *
Metabolomics
Parkinson’s PANEL+Metabolomics vs. PANEL -0.010 -0.016 -0.004 *
Cataracts Age+Sex vs. Metabolomics 0.094 0.087 0.100 *
Cataracts Age+Sex+Metabolomics vs. Age+Sex 0.003 0.002 0.004 *
Cataracts Age+Sex+Metabolomics VS. 0.097 0.091 0.102 *
Metabolomics
Cataracts ASCVD vs. AgetSex 0.006 0.005 0.007 *
Cataracts ASCVD vs. Age+Sex+Metabolomics 0.003 0.002 0.004 *
Cataracts ASCVD vs. Metabolomics 0.100 0.094 0.106 *
Cataracts ASCVD+Metabolomics vs. Age+Sex 0.007 0.006 0.008 *
Cataracts ASCVD+Metabolomics vs. 0.004 0.003 0.005 *
Age+Sex+Metabolomics
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Table 7 continued from previous page

Endpoint Comparisons Median Delta C- Lower 95% CI Upper 95% CI Significance
Index Delta C-Index Delta C-Index
Cataracts ASCVD+Metabolomics vs. ASCVD 0.001 0.000 0.001 *
Cataracts ASCVD+Metabolomics VS, 0.101 0.095 0.106 *
Metabolomics
Cataracts PANEL vs. Aget+Sex 0.010 0.008 0.012 *
Cataracts PANEL vs. Age+Sex+Metabolomics 0.007 0.006 0.008 *
Cataracts PANEL vs. ASCVD 0.004 0.003 0.005 *
Cataracts PANEL vs. ASCVD+Metabolomics 0.003 0.002 0.004 *
Cataracts PANEL vs. Metabolomics 0.104 0.098 0.109 *
Cataracts PANEL+Metabolomics vs. Age+Sex 0.010 0.008 0.011 *
Cataracts PANEL+Metabolomics vs. 0.007 0.006 0.008 *
Age+Sex+Metabolomics
Cataracts PANEL+Metabolomics vs. ASCVD 0.004 0.003 0.005 *
Cataracts PANEL+Metabolomics ~ vs. AS- 0.003 0.002 0.004 *
CVD+Metabolomics
Cataracts PANEL+Metabolomics vs. 0.104 0.098 0.109 *
Metabolomics
Cataracts PANEL+Metabolomics vs. PANEL 0.000 0.000 0.000 ns
Glaucoma Age+Sex vs. Metabolomics 0.085 0.074 0.098 *
Glaucoma Age+Sex+Metabolomics vs. AgetSex -0.002 -0.005 0.000 ns
Glaucoma Age+Sex+Metabolomics vs. 0.083 0.074 0.094 *
Metabolomics
Glaucoma ASCVD vs. Age+Sex 0.004 0.001 0.007 *
Glaucoma ASCVD vs. Age+Sex+Metabolomics 0.006 0.004 0.009 *
Glaucoma ASCVD vs. Metabolomics 0.090 0.079 0.102 *
Glaucoma ASCVD+Metabolomics vs. Age+Sex 0.001 -0.002 0.005 ns
Glaucoma ASCVD+Metabolomics vs. 0.004 0.002 0.006 *
Age+Sex+Metabolomics
Glaucoma ASCVD+Metabolomics vs. ASCVD -0.003 -0.005 -0.001 *
Glaucoma ASCVD+Metabolomics vs. 0.087 0.077 0.097 *
Metabolomics
Glaucoma PANEL vs. Age+Sex 0.002 -0.002 0.006 ns
Glaucoma PANEL vs. Age+Sex+Metabolomics 0.004 0.000 0.008 *
Glaucoma PANEL vs. ASCVD -0.002 -0.005 0.000 ns
Glaucoma PANEL vs. ASCVD+Metabolomics 0.000 -0.002 0.003 ns
Glaucoma PANEL vs. Metabolomics 0.087 0.076 0.099 *
Glaucoma PANEL+Metabolomics vs. Age+Sex -0.001 -0.004 0.003 ns
Glaucoma PANEL+Metabolomics vs. 0.001 -0.002 0.005 ns
Age+Sex+Metabolomics
Glaucoma PANEL+Metabolomics vs. ASCVD -0.005 -0.008 -0.002 *
Glaucoma PANEL+Metabolomics  vs. AS- -0.002 -0.005 0.000 *
CVD+Metabolomics
Glaucoma PANEL+Metabolomics vs. 0.084 0.074 0.095 *
Metabolomics
Glaucoma PANEL+Metabolomics vs. PANEL -0.003 -0.004 -0.001 *
Fractures Age+Sex vs. Metabolomics 0.010 0.003 0.017 *
Fractures Age+Sex+Metabolomics vs. Age+Sex 0.009 0.006 0.014 *
Fractures Age+Sex+Metabolomics vs. 0.020 0.016 0.023 *
Metabolomics
Fractures ASCVD vs. AgetSex 0.004 0.002 0.006 *
Fractures ASCVD vs. Aget+Sex+Metabolomics -0.006 -0.009 -0.002 *
Fractures ASCVD vs. Metabolomics 0.014 0.007 0.020 *
Fractures ASCVD+Metabolomics vs. Age+Sex 0.010 0.006 0.014 *
Fractures ASCVD+Metabolomics V. 0.000 0.000 0.001 ns
Age+Sex+Metabolomics
Fractures ASCVD+Metabolomics vs. ASCVD 0.006 0.003 0.009 *
Fractures ASCVD+Metabolomics VS. 0.020 0.016 0.024 *
Metabolomics
Fractures PANEL vs. Aget+Sex 0.013 0.009 0.017 *
Fractures PANEL vs. Age+Sex+Metabolomics 0.003 0.000 0.007 ns
Fractures PANEL vs. ASCVD 0.009 0.006 0.012 *
Fractures PANEL vs. ASCVD+Metabolomics 0.003 -0.001 0.007 ns
Fractures PANEL vs. Metabolomics 0.023 0.017 0.029 *
Fractures PANEL+Metabolomics vs. Age+Sex 0.015 0.011 0.020 *
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Endpoint Comparisons Median Delta C- Lower 95% CI Upper 95% CI Significance
Index Delta C-Index Delta C-Index

Fractures PANEL+Metabolomics Vs, 0.006 0.003 0.008 *
Age+Sex+Metabolomics

Fractures PANEL+Metabolomics vs. ASCVD 0.011 0.007 0.015 *

Fractures PANEL+Metabolomics ~ vs. AS- 0.005 0.003 0.008 *
CVD+Metabolomics

Fractures PANEL+Metabolomics vs. 0.025 0.021 0.030 *
Metabolomics

Fractures PANEL+Metabolomics vs. PANEL 0.002 0.000 0.004 *

Lung Cancer Age+Sex vs. Metabolomics -0.015 -0.036 0.006 ns

Lung Cancer Aget+Sex+Metabolomics vs. Age+Sex 0.056 0.042 0.071 *

Lung Cancer Age+Sex+Metabolomics vs. 0.041 0.034 0.050 *
Metabolomics

Lung Cancer ASCVD vs. Age+Sex 0.087 0.074 0.101 *

Lung Cancer ASCVD vs. Aget+Sex+Metabolomics 0.031 0.018 0.044 *

Lung Cancer ASCVD vs. Metabolomics 0.072 0.054 0.090 *

Lung Cancer ASCVD+Metabolomics vs. Age+Sex 0.097 0.081 0.111 *

Lung Cancer ASCVD+Metabolomics VS. 0.040 0.032 0.049 *
Age+Sex+Metabolomics

Lung Cancer ASCVD+Metabolomics vs. ASCVD 0.009 0.002 0.017 *

Lung Cancer ASCVD+Metabolomics VS. 0.082 0.070 0.094 *
Metabolomics

Lung Cancer PANEL vs. Age+Sex 0.109 0.095 0.123 *

Lung Cancer PANEL vs. Age+Sex+Metabolomics 0.053 0.041 0.065 *

Lung Cancer PANEL vs. ASCVD 0.022 0.016 0.029 *

Lung Cancer PANEL vs. ASCVD+Metabolomics 0.012 0.005 0.020 *

Lung Cancer PANEL vs. Metabolomics 0.095 0.079 0.110 *

Lung Cancer PANEL+Metabolomics vs. Age+Sex 0.106 0.091 0.121 *

Lung Cancer PANEL+Metabolomics vs. 0.050 0.041 0.060 *
Age+Sex+Metabolomics

Lung Cancer PANEL+Metabolomics vs. ASCVD 0.019 0.012 0.027 *

Lung Cancer PANEL+Metabolomics  vs. AS- 0.010 0.006 0.014 *
CVD+Metabolomics

Lung Cancer PANEL+Metabolomics vs. 0.092 0.079 0.105 *
Metabolomics

Lung Cancer PANEL+Metabolomics vs. PANEL -0.003 -0.008 0.002 ns

Skin Cancer Age+Sex vs. Metabolomics 0.088 0.079 0.097 *

Skin Cancer Age+Sex+Metabolomics vs. AgetSex 0.000 -0.001 0.001 ns

Skin Cancer Age+Sex+Metabolomics vs. 0.088 0.079 0.096 *
Metabolomics

Skin Cancer ASCVD vs. Age+Sex 0.002 0.000 0.004 *

Skin Cancer ASCVD vs. Age+Sex+Metabolomics 0.002 0.000 0.004 *

Skin Cancer ASCVD vs. Metabolomics 0.090 0.080 0.099 *

Skin Cancer ASCVD+Metabolomics vs. Age+Sex 0.001 -0.001 0.003 ns

Skin Cancer ASCVD+Metabolomics vs. 0.001 0.000 0.003 ns
Age+Sex+Metabolomics

Skin Cancer ASCVD+Metabolomics vs. ASCVD -0.001 -0.002 0.000 *

Skin Cancer ASCVD+Metabolomics vs. 0.089 0.080 0.097 *
Metabolomics

Skin Cancer PANEL vs. Age+Sex 0.007 0.004 0.010 *

Skin Cancer PANEL vs. Age+Sex+Metabolomics 0.007 0.004 0.010 *

Skin Cancer PANEL vs. ASCVD 0.005 0.003 0.008 *

Skin Cancer PANEL vs. ASCVD+Metabolomics 0.006 0.004 0.009 *

Skin Cancer PANEL vs. Metabolomics 0.095 0.086 0.105 *

Skin Cancer PANEL+Metabolomics vs. Age+Sex 0.006 0.003 0.009 *

Skin Cancer PANEL+Metabolomics vs. 0.007 0.004 0.009 *
Age+Sex+Metabolomics

Skin Cancer PANEL+Metabolomics vs. ASCVD 0.004 0.002 0.007 *

Skin Cancer PANEL+Metabolomics ~ vs. AS- 0.005 0.003 0.008 *
CVD+Metabolomics

Skin Cancer PANEL+Metabolomics vs. 0.094 0.086 0.103 *
Metabolomics

Skin Cancer PANEL+Metabolomics vs. PANEL -0.001 -0.002 0.000 ns

Colon Cancer Age+Sex vs. Metabolomics 0.076 0.058 0.097 *

Colon Cancer Age+Sex+Metabolomics vs. Age+Sex -0.001 -0.009 0.005 ns
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Table 7 continued from previous page

Endpoint Comparisons Median Delta C- Lower 95% CI Upper 95% CI Significance
Index Delta C-Index Delta C-Index

Colon Cancer Age+Sex+Metabolomics vs. 0.075 0.063 0.089 *
Metabolomics

Colon Cancer ASCVD vs. Age+Sex 0.001 -0.002 0.005 ns

Colon Cancer ASCVD vs. Aget+Sex+Metabolomics 0.003 -0.003 0.010 ns

Colon Cancer ASCVD vs. Metabolomics 0.078 0.060 0.097 *

Colon Cancer ASCVD+Metabolomics vs. Age+Sex -0.003 -0.011 0.004 ns

Colon Cancer ASCVD+Metabolomics vs. -0.001 -0.002 -0.001 *
Age+Sex+Metabolomics

Colon Cancer ASCVD+Metabolomics vs. ASCVD -0.004 -0.011 0.002 ns

Colon Cancer ASCVD+Metabolomics VS, 0.074 0.061 0.088 *
Metabolomics

Colon Cancer PANEL vs. Age+Sex 0.005 -0.002 0.012 ns

Colon Cancer PANEL vs. Age+Sex+Metabolomics 0.006 -0.003 0.014 ns

Colon Cancer PANEL vs. ASCVD 0.003 -0.004 0.010 ns

Colon Cancer PANEL vs. ASCVD+Metabolomics 0.008 -0.002 0.016 ns

Colon Cancer PANEL vs. Metabolomics 0.081 0.063 0.099 *

Colon Cancer PANEL+Metabolomics vs. Age+Sex -0.002 -0.011 0.007 ns

Colon Cancer PANEL+Metabolomics vs. -0.001 -0.007 0.006 ns
Age+Sex+Metabolomics

Colon Cancer PANEL+Metabolomics vs. ASCVD -0.003 -0.013 0.005 ns

Colon Cancer PANEL+Metabolomics ~ vs. AS- 0.001 -0.005 0.007 ns
CVD+Metabolomics

Colon Cancer PANEL+Metabolomics vs. 0.075 0.060 0.089 *
Metabolomics

Colon Cancer PANEL+Metabolomics vs. PANEL -0.007 -0.013 0.000 *

Rectal Cancer Age+Sex vs. Metabolomics 0.070 0.050 0.090 *

Rectal Cancer Age+Sex+Metabolomics vs. AgetSex -0.002 -0.011 0.006 ns

Rectal Cancer Age+Sex+Metabolomics vs. 0.068 0.054 0.081 *
Metabolomics

Rectal Cancer ASCVD vs. Age+Sex 0.001 -0.002 0.005 ns

Rectal Cancer ASCVD vs. Age+Sex+Metabolomics 0.004 -0.004 0.012 ns

Rectal Cancer ASCVD vs. Metabolomics 0.072 0.052 0.091 *

Rectal Cancer ASCVD+Metabolomics vs. Age+Sex -0.004 -0.013 0.005 ns

Rectal Cancer ASCVD+Metabolomics vs. -0.001 -0.003 0.000 ns
Age+Sex+Metabolomics

Rectal Cancer ASCVD+Metabolomics vs. ASCVD -0.006 -0.014 0.002 ns

Rectal Cancer ASCVD+Metabolomics vs. 0.067 0.053 0.080 *
Metabolomics

Rectal Cancer PANEL vs. Age+Sex 0.003 -0.006 0.011 ns

Rectal Cancer PANEL vs. Age+Sex+Metabolomics 0.005 -0.006 0.016 ns

Rectal Cancer PANEL vs. ASCVD 0.001 -0.006 0.009 ns

Rectal Cancer PANEL vs. ASCVD+Metabolomics 0.007 -0.004 0.017 ns

Rectal Cancer PANEL vs. Metabolomics 0.073 0.052 0.093 *

Rectal Cancer PANEL+Metabolomics vs. Age+Sex -0.005 -0.016 0.006 ns

Rectal Cancer PANEL+Metabolomics VS, -0.002 -0.010 0.005 ns
Age+Sex+Metabolomics

Rectal Cancer PANEL+Metabolomics vs. ASCVD -0.007 -0.017 0.004 ns

Rectal Cancer PANEL+Metabolomics  vs. AS- -0.001 -0.008 0.006 ns
CVD+Metabolomics

Rectal Cancer PANEL+Metabolomics vs. 0.066 0.051 0.080 *
Metabolomics

Rectal Cancer PANEL+Metabolomics vs. PANEL -0.008 -0.015 0.000 *

Prostate Cancer Age+Sex vs. Metabolomics 0.142 0.127 0.154 *

Prostate Cancer Age+Sex+Metabolomics vs. Age+Sex 0.002 0.001 0.002 *

Prostate Cancer Age+Sex+Metabolomics vs. 0.143 0.128 0.156 *
Metabolomics

Prostate Cancer ASCVD vs. Age+Sex 0.004 0.001 0.006 *

Prostate Cancer ASCVD vs. Aget+Sex+Metabolomics 0.002 0.000 0.004 ns

Prostate Cancer ASCVD vs. Metabolomics 0.145 0.131 0.159 *

Prostate Cancer ASCVD+Metabolomics vs. Age+Sex 0.004 0.002 0.006 *

Prostate Cancer ASCVD+Metabolomics VS, 0.002 0.000 0.004 *
Age+Sex+Metabolomics

Prostate Cancer ASCVD+Metabolomics vs. ASCVD 0.000 0.000 0.001 ns
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Endpoint Comparisons Median Delta C- Lower 95% CI Upper 95% CI Significance
Index Delta C-Index Delta C-Index

Prostate Cancer ASCVD+Metabolomics Vs, 0.145 0.131 0.159 *
Metabolomics

Prostate Cancer PANEL vs. Aget+Sex 0.004 0.001 0.008 *

Prostate Cancer PANEL vs. Age+Sex+Metabolomics 0.003 -0.001 0.007 ns

Prostate Cancer PANEL vs. ASCVD 0.001 -0.002 0.004 ns

Prostate Cancer PANEL vs. ASCVD+Metabolomics 0.001 -0.003 0.004 ns

Prostate Cancer PANEL vs. Metabolomics 0.146 0.131 0.160 *

Prostate Cancer PANEL+Metabolomics vs. Age+Sex 0.004 0.001 0.008 *

Prostate Cancer PANEL+Metabolomics vs. 0.003 -0.001 0.007 ns
Age+Sex+Metabolomics

Prostate Cancer PANEL+Metabolomics vs. ASCVD 0.001 -0.003 0.004 ns

Prostate Cancer PANEL+Metabolomics ~ vs. AS- 0.000 -0.003 0.003 ns
CVD+Metabolomics

Prostate Cancer PANEL+Metabolomics vs. 0.146 0.130 0.160 *
Metabolomics

Prostate Cancer PANEL+Metabolomics vs. PANEL 0.000 0.000 0.000 *

Breast Cancer Age+Sex vs. Metabolomics 0.013 0.000 0.026 ns

Breast Cancer Age+Sex+Metabolomics vs. Age+Sex 0.003 -0.002 0.008 ns

Breast Cancer Age+Sex+Metabolomics vs. 0.016 0.007 0.026 *
Metabolomics

Breast Cancer ASCVD vs. Age+Sex -0.004 -0.009 0.002 ns

Breast Cancer ASCVD vs. Age+Sex+Metabolomics -0.007 -0.012 -0.001 *

Breast Cancer ASCVD vs. Metabolomics 0.010 -0.003 0.022 ns

Breast Cancer ASCVD+Metabolomics vs. Age+Sex -0.001 -0.007 0.005 ns

Breast Cancer ASCVD+Metabolomics vs. -0.004 -0.008 0.000 *
Age+Sex+Metabolomics

Breast Cancer ASCVD+Metabolomics vs. ASCVD 0.002 -0.001 0.006 ns

Breast Cancer ASCVD+Metabolomics vs. 0.012 0.002 0.022 *
Metabolomics

Breast Cancer PANEL vs. Age+Sex 0.014 0.003 0.027 *

Breast Cancer PANEL vs. Aget+Sex+Metabolomics 0.011 0.000 0.023 *

Breast Cancer PANEL vs. ASCVD 0.018 0.007 0.029 *

Breast Cancer PANEL vs. ASCVD+Metabolomics 0.016 0.005 0.027 *

Breast Cancer PANEL vs. Metabolomics 0.028 0.013 0.042 *

Breast Cancer PANEL+Metabolomics vs. Age+Sex 0.014 0.003 0.027 *

Breast Cancer PANEL+Metabolomics vs. 0.011 0.000 0.023 *
Age+Sex+Metabolomics

Breast Cancer PANEL+Metabolomics vs. ASCVD 0.018 0.007 0.030 *

Breast Cancer PANEL+Metabolomics ~ vs. AS- 0.016 0.005 0.027 *
CVD+Metabolomics

Breast Cancer PANEL+Metabolomics vs. 0.028 0.013 0.042 *
Metabolomics

Breast Cancer PANEL+Metabolomics vs. PANEL 0.000 -0.001 0.001 ns
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Table 8: Relative discriminatory performances in the four independent cohorts. Relative performances are reported as
medians and 95 % Cls, estimated by bootstrapping over 1000 iterations. Differences were considered significant if the 95 %
ClIs did not cross zero (no difference).

Endpoint Comparisons Cohort Median Delta Lower 95% CI Upper 95% CI Significance
C-Index Delta C-Index Delta C-Index
CHD MET vs. Age+Sex UKB 0.00 -0.005 0.009 ns
CHD MET vs. Age+Sex WHII -0.01 -0.046 0.017 ns
CHD MET vs. Age+Sex RS 0.01 -0.030 0.050 ns
CHD MET vs. Age+Sex PROSPER 0.00 -0.038 0.045 ns
CHD Age+Sex+MET vs. Age+Sex UKB 0.03 0.026 0.033 *
CHD Age+Sex+MET vs. Age+Sex WHII 0.03 0.019 0.042 *
CHD Age+Sex+MET vs. Age+Sex RS 0.04 0.016 0.061 *
CHD Age+Sex+MET vs. Age+Sex PROSPER 0.03 0.008 0.052 *
Cerebral Stroke MET vs. Age+Sex UKB -0.03 -0.042 -0.015 *
Cerebral Stroke MET vs. Age+Sex WHII -0.04 -0.096 -0.004 *
Cerebral Stroke MET vs. Age+Sex RS -0.05 -0.094 -0.010 *
Cerebral Stroke MET vs. Age+Sex LLS -0.01 -0.117 0.087 ns
Cerebral Stroke MET vs. Age+Sex PROSPER 0.03 -0.095 0.147 ns
Cerebral Stroke Aget+Sex+MET vs. Age+Sex UKB 0.02 0.015 0.029 *
Cerebral Stroke Aget+Sex+MET vs. Age+Sex WHII 0.01 -0.003 0.015 ns
Cerebral Stroke Aget+Sex+MET vs. Age+Sex RS 0.01 0.000 0.027 ns
Cerebral Stroke Age+Sex+MET vs. Age+Sex LLS 0.00 -0.020 0.040 ns
Cerebral Stroke Aget+Sex+MET vs. Aget+Sex PROSPER 0.05 -0.001 0.153 ns
Dementia MET vs. Age+Sex UKB -0.01 -0.030 0.000 ns
Dementia MET vs. Age+Sex WHII -0.11 -0.198 0.001 ns
Dementia MET vs. Age+Sex RS -0.11 -0.144 -0.082 *
Dementia AgetSex+MET vs. Age+Sex UKB 0.02 0.013 0.028 *
Dementia Age+Sex+MET vs. Age+Sex WHII 0.01 -0.009 0.040 ns
Dementia Age+Sex+MET vs. Age+Sex RS 0.00 0.000 0.007 ns
Heart Failure MET vs. Age+Sex UKB 0.03 0.016 0.036 *
Heart Failure MET vs. Age+Sex WHII -0.08 -0.170 0.012 ns
Heart Failure MET vs. Age+Sex RS -0.02 -0.055 0.020 ns
Heart Failure MET vs. Age+Sex PROSPER 0.06 -0.012 0.147 ns
Heart Failure Aget+Sex+MET vs. Age+Sex UKB 0.05 0.041 0.054 *
Heart Failure Age+Sex+MET vs. Age+Sex WHII 0.04 0.009 0.069 *
Heart Failure Aget+Sex+MET vs. Age+Sex RS 0.04 0.019 0.055 *
Heart Failure Age+Sex+MET vs. Age+Sex PROSPER 0.08 0.033 0.148 *
Atrial  Fibrilla- MET vs. Age+Sex UKB -0.05 -0.061 -0.045 *
tion
Atrial  Fibrilla- MET vs. Age+Sex RS -0.02 -0.056 0.018 ns
tion
Atrial  Fibrilla- MET vs. Aget+Sex PROSPER 0.03 -0.037 0.101 ns
tion
Atrial  Fibrilla- Aget+Sex+MET vs. Age+Sex UKB 0.01 0.011 0.017 *
tion
Atrial  Fibrilla- Age+Sex+MET vs. Age+Sex RS 0.02 0.004 0.038 *
tion
Atrial  Fibrilla- Age+Sex+MET vs. Age+Sex PROSPER 0.05 0.012 0.100 *
tion
T2 Diabetes MET vs. Age+Sex UKB 0.21 0.199 0.218 *
T2 Diabetes MET vs. Age+Sex WHII 0.29 0.258 0.329 *
T2 Diabetes MET vs. Age+Sex RS 0.23 0.183 0.274 *
T2 Diabetes MET vs. Age+Sex LLS 0.19 0.124 0.261 *
T2 Diabetes MET vs. Age+Sex PROSPER 0.10 -0.002 0.203 ns
T2 Diabetes Aget+Sex+MET vs. Age+Sex UKB 0.21 0.200 0.219 *
T2 Diabetes Aget+Sex+MET vs. Age+Sex WHIIL 0.30 0.267 0.333 *
T2 Diabetes Age+Sex+MET vs. Age+Sex RS 0.23 0.186 0.275 *
T2 Diabetes Age+Sex+MET vs. Age+Sex LLS 0.20 0.134 0.268 *
T2 Diabetes Age+Sex+MET vs. Age+Sex PROSPER 0.12 0.044 0.210 *
COPD MET vs. Age+Sex UKB 0.03 0.027 0.042 *
COPD MET vs. Age+Sex WHII 0.08 0.007 0.155 *
COPD MET vs. Age+Sex RS -0.02 -0.078 0.029 ns
COPD MET vs. Age+Sex LLS 0.08 -0.037 0.204 ns
COPD Aget+Sex+MET vs. Age+Sex UKB 0.05 0.044 0.054 *
COPD Age+Sex+MET vs. Age+Sex WHII 0.09 0.043 0.130 *
COPD Aget+Sex+MET vs. Age+Sex RS 0.04 0.012 0.065 *
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Endpoint Comparisons Cohort Median Delta Lower 95% CI Upper 95% CI Significance
C-Index Delta C-Index Delta C-Index
COPD | AgetSextMET vs. Age+Sex | LLsS [ 010 [ 0.034 [ 0.205 [ *
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Table 9: Correlation matrix between the NMR metabolites and the PANEL predictors. Part 2.
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His 0.0 0.0 0.0 0.0 0.0 0.0 -0.1 0.1 0.0 0.1 0.0 0.0 0.0 -0.1
Ile 0.0 0.0 0.0 -0.2 0.3 0.1 0.1 0.2 0.1 0.3 0.3 0.1 0.1 0.0
Leu 0.0 0.0 0.0 -0.3 0.3 0.1 0.1 0.2 0.1 0.3 0.3 0.1 0.2 0.0
Total_ BCAA 0.1 0.0 0.0 -0.3 0.4 0.2 0.1 0.2 0.1 0.3 0.3 0.1 0.2 0.0
Val 0.1 0.0 0.0 -0.3 0.4 0.2 0.2 0.2 0.1 0.3 0.3 0.1 0.2 0.0
Phe 0.0 -0.1 -0.1 -0.1 0.2 0.1 0.1 0.1 0.1 0.2 0.1 0.0 0.1 0.0
Tyr 0.1 0.0 0.0 -0.1 0.2 0.1 0.1 0.0 0.1 0.2 0.1 0.1 0.1 0.1
Albumin 0.0 0.1 0.1 0.1 0.0 0.0 -0.1 0.0 -0.1 0.0 0.0 0.0 0.0 -0.1
Creatinine 0.1 0.0 0.0 -0.3 0.3 0.1 0.1 0.8 0.6 0.4 0.5 0.1 0.1 0.0
GlycA 02 | 02 |02 | 03 | 05 | ol 02 | 00 | 03 | 01 02 | 01 02 | 03
DHA 00 | 03 | 03 | 04 | 01 |00 | 01 | 01 | 01 | o1 01 | 00 | 00 | 00
LA 0.1 0.7 0.7 0.3 0.3 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0 0.0
MUFA 0.2 0.5 0.5 -0.2 0.8 0.1 0.1 0.0 0.2 0.1 0.2 0.1 0.2 0.1
Omega_3 0.1 0.4 0.3 0.2 0.3 0.0 0.0 -0.1 -0.1 0.1 0.0 0.0 0.1 0.0
Omega_6 0.1 0.8 0.7 0.3 0.3 0.0 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0 0.1
PUFA 0.1 0.8 0.7 0.3 0.3 0.0 0.0 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0
SFA 0.2 0.6 0.6 0.1 0.7 0.1 0.1 0.0 0.1 0.1 0.2 0.1 0.2 0.1
Total_FA 0.2 0.7 0.6 0.1 0.6 0.0 0.0 0.0 0.1 0.1 0.1 0.1 0.1 0.1
Unsaturation -0.1 0.1 0.0 0.4 -0.6 -0.1 -0.1 -0.1 -0.2 0.0 -0.3 -0.1 -0.2 -0.1
Citrate 00 | 00 | 00 | o1 00 | 01 0.1 0.1 0.1 00 | 00 | 01 00 | 01
Glucose 0.1 00 | 00 |00 |02 |07 |05 |00 | ol 0.1 0.1 0.1 0.1 0.1
Lactate 00 | 00 | 00 | 01 | ol 0.1 0.1 00 | 00 | 01 | o1 | 00 | o1 0.0
Pyruvate 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Acetate 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0
Acetoacetate 0.1 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.1 0.1 0.1 0.0 0.0
Acetone 0.0 0.0 -0.1 0.1 -0.1 0.0 0.0 0.0 0.0 0.0 0.1 0.1 0.0 0.0
bOHbutyrate 0.1 0.1 0.0 0.1 -0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0
HDL_L 0.0 0.3 0.1 0.8 -0.2 0.0 -0.1 -0.3 -0.2 0.0 -0.3 0.0 -0.2 0.0
LDL_L 0.1 0.9 0.9 0.2 0.2 -0.1 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0
Total_L 0.1 0.8 0.8 0.3 0.4 0.0 -0.1 -0.1 0.0 0.0 0.0 0.0 0.1 0.0
VLDL_L 02 | 05 | 06 | 04 | 08 | 00 | o1 0.1 02 | 01 03 | 01 02 | 01
Clinical_LDL_C 0.1 08 | 09 |02 |00 | 01 | 01 | 01 | 01 |00 |00 |00 |00 |00
HDL_C 0.0 0.3 0.1 0.9 -0.4 -0.1 -0.2 -0.3 -0.3 -0.1 -0.3 -0.1 -0.2 -0.1
LDL_C 0.1 0.9 0.9 0.2 0.1 -0.1 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0
non_HDL_C 0.1 0.9 0.9 0.2 0.2 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0 0.0
Remnant_C 0.1 0.9 0.9 0.1 0.2 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0 0.1
Total_C 0.1 0.9 0.8 0.5 0.0 -0.1 -0.2 -0.2 -0.1 0.0 -0.1 0.0 0.0 0.0
VLDL_C 0.1 0.7 0.8 -0.2 0.5 0.0 0.0 0.0 0.1 0.0 0.2 0.0 0.1 0.1
HDL_FC 0.0 0.4 0.1 0.9 -0.2 -0.1 -0.1 -0.3 -0.2 -0.1 -0.3 0.0 -0.2 0.0
LDL_FC 0.0 0.8 0.8 0.3 -0.1 -0.1 -0.1 -0.1 -0.1 0.0 -0.1 0.0 0.0 0.0
Total_FC 0.1 0.9 0.9 0.3 0.1 -0.1 -0.1 -0.1 -0.1 0.0 -0.1 0.0 0.0 0.0
VLDL_FC 02 | 07 | 07 | 03 |06 |00 |00 | 00 | ol 0.1 02 | 01 02 | 01
HDL_CE 00 | 02 |00 |09 | 04 | 01 | 02 | 03 | 03 | 01 | 03 | 01 | 02 | -01
LDL_CE 0.1 0.9 0.9 0.2 0.2 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0 0.0
Total CE 0.1 0.9 0.8 0.5 0.0 -0.1 -0.2 -0.2 -0.1 0.0 -0.1 0.0 -0.1 0.0
VLDL_CE 0.1 0.8 0.9 -0.1 0.4 -0.1 0.0 0.0 0.1 0.0 0.1 0.0 0.1 0.1
HDL_PL 0.0 0.3 0.0 0.8 -0.1 0.0 -0.1 -0.2 -0.2 0.0 -0.3 0.0 -0.1 0.0
LDL_PL 0.1 0.8 0.9 0.1 0.1 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0 0.0
Total_PL 0.1 0.8 0.7 0.5 0.2 -0.1 -0.1 -0.2 -0.1 0.0 -0.1 0.0 0.0 0.0
VLDL_PL 0.2 0.6 0.7 -0.3 0.7 0.0 0.1 0.1 0.1 0.1 0.2 0.1 0.2 0.1
HDL_TG 0.2 0.3 0.2 -0.1 0.8 0.1 0.1 0.0 0.1 0.1 0.2 0.1 0.2 0.1
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LDL_TG 0.2 0.5 0.5 -0.2 0.8 0.1 0.1 0.0 0.2 0.1 0.2 0.1 0.2 0.1
Total_ TG 0.2 0.3 0.4 -0.4 0.8 0.1 0.1 0.1 0.2 0.1 0.3 0.1 0.3 0.1
VLDL_TG 0.2 0.3 0.4 -0.4 0.8 0.1 0.1 0.1 0.2 0.1 0.3 0.1 0.3 0.1
Cholines 0.1 0.7 0.6 0.6 0.2 0.0 -0.1 -0.2 -0.1 0.0 -0.1 0.0 0.0 0.0
Phosphatidylc 0.1 0.7 0.5 0.6 0.2 0.0 -0.1 -0.2 -0.1 0.0 -0.1 0.0 0.0 0.0
Phosphoglyc 0.1 0.7 0.5 0.6 0.2 0.0 -0.1 -0.2 -0.1 0.0 -0.1 0.0 0.0 0.0
Sphingomyelins 0.1 0.8 0.7 0.6 -0.1 -0.1 -0.1 -0.2 -0.1 0.0 -0.2 0.0 -0.1 0.0
HDL_size -0.1 0.1 -0.1 0.5 -0.2 -0.1 -0.1 -0.1 -0.1 0.0 -0.3 0.0 -0.1 0.0
LDL_size -0.1 0.2 0.2 0.3 -0.4 -0.1 -0.1 -0.1 -0.1 0.0 -0.2 -0.1 -0.2 -0.1
VLDL_size 0.1 0.1 0.1 -0.4 0.6 0.1 0.1 0.1 0.1 0.1 03 0.1 0.2 0.1
HDL_P 0.1 0.4 0.2 0.7 -0.1 0.0 -0.1 -0.2 -0.2 0.0 -0.2 0.0 -0.1 0.0
LDL_P 0.1 0.8 0.9 0.0 0.2 -0.1 -0.1 0.0 0.0 0.0 0.1 0.0 0.1 0.0
Total_P 0.1 0.5 0.3 0.7 -0.1 -0.1 -0.1 -0.2 -0.2 0.0 -0.2 0.0 -0.1 0.0
VLDL_P 0.1 0.7 0.7 -0.2 0.6 0.0 0.0 0.0 0.1 0.1 0.2 0.1 0.2 0.1
XXL_VLDL_C 0.2 0.3 0.3 -0.4 0.8 0.1 0.1 0.1 0.2 0.1 0.3 0.1 0.3 0.1
XXL_VLDL_CE 0.2 0.3 0.4 -0.4 0.8 0.1 0.1 0.1 0.2 0.1 0.3 0.1 0.2 0.1
XXL_VLDL_FC 0.2 0.2 0.3 -0.4 0.9 0.1 0.1 0.1 0.2 0.1 03 0.1 0.3 0.1
XXL_VLDL_L 0.2 0.2 0.2 -0.4 0.8 0.1 0.1 0.1 0.2 0.1 03 0.1 0.3 0.1
XXL_VLDL_P 0.2 0.2 0.2 -0.4 0.9 0.1 0.1 0.1 0.2 0.1 03 0.1 0.3 0.1
XXL_VLDL_PL 0.2 0.2 0.2 -0.4 0.9 0.1 0.1 0.1 0.2 0.1 03 0.1 0.3 0.1
XXL_VLDL_TG 0.2 0.2 0.2 -0.4 0.8 0.1 0.1 0.1 0.2 0.1 03 0.1 0.3 0.1
XL_VLDL_C 0.2 0.5 0.6 -0.4 0.7 0.0 0.1 0.1 0.2 0.1 03 0.1 0.2 0.1
XL_VLDL_CE 0.2 0.6 0.7 -0.4 0.7 0.0 0.1 0.1 0.2 0.1 0.3 0.1 0.2 0.1
XL_VLDL_FC 0.2 0.4 0.5 -0.4 0.8 0.1 0.1 0.1 0.2 0.1 0.3 0.1 0.2 0.1
XL_VLDL_L 0.2 0.3 0.4 -0.5 0.8 0.1 0.1 0.1 0.2 0.1 0.3 0.1 0.3 0.1
XL_VLDL_P 0.2 0.3 0.4 -0.5 0.8 0.1 0.1 0.1 0.2 0.1 0.3 0.1 0.3 0.1
XL_VLDL_PL 0.2 0.4 0.4 -0.5 0.8 0.1 0.1 0.1 0.2 0.1 0.3 0.1 0.3 0.1
XL_VLDL_TG 0.2 0.2 0.3 -0.5 0.9 0.1 0.1 0.1 0.2 0.1 03 0.1 0.3 0.1
L_VLDL_C 0.2 0.5 0.6 -0.4 0.7 0.0 0.1 0.1 0.2 0.1 03 0.1 0.2 0.1
L_VLDL_CE 0.1 0.6 0.7 -0.4 0.6 0.0 0.0 0.1 0.1 0.1 0.2 0.1 0.2 0.1
L_VLDL_FC 0.2 0.4 0.5 -0.5 0.8 0.1 0.1 0.1 0.2 0.1 03 0.1 0.2 0.1
L_VLDL_L 0.2 0.4 0.5 -0.4 0.8 0.1 0.1 0.1 0.2 0.1 03 0.1 0.2 0.1
L_VLDL_P 0.2 0.4 0.4 -0.4 0.8 0.1 0.1 0.1 0.2 0.1 0.3 0.1 0.2 0.1
L_VLDL_PL 0.2 0.4 0.4 -0.5 0.8 0.1 0.1 0.1 0.2 0.1 0.3 0.1 0.2 0.1
L_VLDL_TG 0.2 0.3 0.4 -0.4 0.8 0.1 0.1 0.1 0.2 0.1 0.3 0.1 0.2 0.1
M_VLDL_C 0.1 0.8 0.9 0.1 0.1 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0 0.0
M_VLDL_CE 0.0 0.8 0.9 0.2 0.0 -0.1 -0.1 -0.1 -0.1 0.0 -0.1 0.0 0.0 0.0
M_VLDL_FC 0.1 0.8 0.9 -0.1 0.4 -0.1 0.0 0.0 0.0 0.0 0.1 0.0 0.1 0.1
M_VLDL_L 0.1 0.7 0.7 -0.2 0.6 0.0 0.0 0.0 0.1 0.1 0.2 0.0 0.2 0.1
M_VLDL_P 0.1 0.7 0.8 -0.2 0.5 0.0 0.0 0.0 0.1 0.0 0.2 0.0 0.1 0.1
M_VLDL_PL 0.1 0.8 0.8 -0.1 0.5 0.0 0.0 0.0 0.1 0.0 0.1 0.0 0.1 0.1
M_VLDL_TG 0.2 0.4 0.5 -0.4 0.8 0.1 0.1 0.1 0.2 0.1 03 0.1 0.2 0.1
S_VLDL_C 0.1 0.7 0.8 -0.2 0.4 0.0 0.0 0.0 0.1 0.0 0.1 0.0 0.1 0.1
S_VLDL_CE 0.1 0.7 0.8 -0.2 0.4 0.0 0.0 0.0 0.1 0.1 0.2 0.1 0.1 0.1
S_VLDL_FC 0.1 0.8 0.9 -0.1 0.3 -0.1 0.0 0.0 0.0 0.0 0.1 0.0 0.1 0.1
S_VLDL_L 0.2 0.6 0.7 -0.3 0.6 0.0 0.1 0.1 0.1 0.1 0.2 0.1 0.2 0.1
S_VLDL_P 0.2 0.6 0.7 -0.3 0.7 0.0 0.1 0.1 0.2 0.1 0.2 0.1 0.2 0.1
S_VLDL_PL 0.1 0.7 0.8 -0.2 0.5 0.0 0.0 0.0 0.1 0.1 0.2 0.0 0.1 0.1
S_VLDL_TG 0.2 0.3 0.4 -0.4 0.8 0.1 0.1 0.1 0.2 0.1 03 0.1 0.2 0.1
XS_VLDL_C 0.1 0.8 0.8 0.2 0.1 -0.1 -0.1 -0.1 0.0 0.0 -0.1 0.0 0.0 0.1
XS_VLDL_CE 0.0 0.8 0.8 0.3 0.0 -0.1 -0.1 -0.1 -0.1 0.0 -0.1 0.0 0.0 0.0
XS_VLDL_FC 0.1 0.8 0.8 0.1 0.3 -0.1 0.0 -0.1 0.0 0.0 0.0 0.0 0.1 0.1
XS_VLDL_L 0.1 0.8 0.8 0.1 0.4 0.0 0.0 -0.1 0.0 0.0 0.0 0.1 0.1 0.1
XS_VLDL_P 0.1 0.8 0.8 0.0 0.4 0.0 0.0 -0.1 0.0 0.0 0.0 0.1 0.1 0.1
XS_VLDL_PL 0.1 0.7 0.8 0.0 0.4 0.0 0.0 -0.1 0.1 0.1 0.0 0.1 0.1 0.1
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3 Metabolomic profiles predict individual multi-disease outcomes

Table 9 continued from previous page
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XS_VLDL_TG 0.2 0.4 0.4 -0.3 0.8 0.1 0.1 0.1 0.2 0.1 0.2 0.1 0.2 0.1
L_LDL_C 0.1 0.9 0.9 0.3 0.0 -0.1 -0.1 -0.1 -0.1 0.0 -0.1 0.0 0.0 0.0
L_LDL_CE 0.1 0.9 0.9 0.3 0.1 -0.1 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0
L_LDL_FC 0.0 0.8 0.8 0.4 -0.1 -0.1 -0.2 -0.1 -0.1 0.0 -0.1 0.0 -0.1 0.0
L_LDL_L 0.1 0.9 0.9 0.3 0.1 -0.1 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0
L_LDL_P 0.1 0.8 0.9 0.1 0.2 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0 0.0
L_LDL_PL 0.1 0.9 0.9 0.2 0.0 -0.1 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0
L_LDL_TG 0.2 0.5 0.5 -0.1 0.7 0.1 0.1 0.0 0.2 0.1 0.2 0.1 0.2 0.1
M_LDL_C 0.1 0.8 0.9 0.0 0.2 -0.1 -0.1 0.0 0.0 0.0 0.1 0.0 0.1 0.0
M_LDL_CE 0.1 0.8 0.8 0.0 0.3 -0.1 0.0 0.0 0.0 0.0 0.1 0.0 0.1 0.0
M_LDL_FC 0.1 0.8 0.8 0.2 0.0 -0.1 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0
M_LDL_L 0.1 0.8 0.9 0.0 0.3 -0.1 0.0 0.0 0.0 0.0 0.1 0.0 0.1 0.0
M_LDL_P 0.1 0.8 0.9 0.0 0.3 -0.1 0.0 0.0 0.0 0.0 0.1 0.0 0.1 0.0
M_LDL_PL 0.1 0.8 0.9 0.0 0.3 -0.1 0.0 0.0 0.0 0.0 0.1 0.0 0.1 0.0
M_LDL_TG 0.2 0.5 0.5 -0.2 0.8 0.1 0.1 0.1 0.2 0.1 0.3 0.1 0.2 0.1
S_LDL_C 0.1 0.8 0.9 0.0 0.2 -0.1 -0.1 0.0 0.0 0.0 0.1 0.0 0.1 0.0
S_LDL_CE 0.1 0.8 0.9 0.0 0.3 -0.1 0.0 0.0 0.0 0.0 0.1 0.0 0.1 0.0
S_LDL_FC 0.0 0.7 0.8 0.1 -0.1 -0.1 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0
S_LDL_L 0.1 0.8 0.9 0.0 0.3 -0.1 0.0 0.0 0.0 0.0 0.1 0.0 0.1 0.0
S_LDL_P 0.1 0.8 0.9 -0.1 0.4 -0.1 0.0 0.0 0.0 0.0 0.1 0.0 0.1 0.1
S_LDL_PL 0.1 0.8 0.9 0.0 0.2 -0.1 -0.1 0.0 0.0 0.0 0.1 0.0 0.1 0.0
S_LDL_TG 0.2 0.4 0.4 -0.3 0.9 0.1 0.1 0.1 0.2 0.1 0.3 0.1 0.3 0.1
IDL_C 0.0 0.8 0.8 0.4 -0.1 -0.1 -0.2 -0.2 -0.1 0.0 -0.2 0.0 -0.1 0.0
IDL_CE 0.0 0.8 0.8 0.4 -0.1 -0.1 -0.2 -0.2 -0.1 0.0 -0.2 0.0 -0.1 0.0
IDL_FC 0.0 0.8 0.8 0.4 -0.1 -0.1 -0.2 -0.2 -0.1 0.0 -0.1 0.0 -0.1 0.0
IDL_L 0.1 0.9 0.9 0.4 0.0 -0.1 -0.2 -0.2 -0.1 0.0 -0.1 0.0 0.0 0.0
IDL_P 0.1 0.8 0.9 0.2 0.1 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0 0.0
IDL_PL 0.0 0.9 0.9 0.4 0.0 -0.1 -0.1 -0.2 -0.1 0.0 -0.1 0.0 0.0 0.0
IDL_TG 0.2 0.5 0.5 -0.1 0.7 0.1 0.1 0.0 0.2 0.1 0.2 0.1 0.2 0.1
XL_HDL_C -0.1 0.3 0.1 0.8 -0.4 -0.1 -0.2 -0.2 -0.2 -0.1 -0.4 -0.1 -0.2 0.0
XL_HDL_CE -0.1 0.3 0.1 0.8 -0.4 -0.1 -0.2 -0.2 -0.2 -0.1 -0.4 -0.1 -0.2 -0.1
XL_HDL_FC -0.1 0.3 0.1 0.6 -0.4 -0.1 -0.2 -0.2 -0.2 -0.1 -0.4 0.0 -0.2 0.0
XL_HDL_L -0.1 0.2 0.1 0.8 -0.4 -0.1 -0.2 -0.2 -0.2 -0.1 -0.4 -0.1 -0.2 0.0
XL_HDL_P -0.1 0.3 0.1 0.8 -0.3 -0.1 -0.1 -0.2 -0.2 -0.1 -0.4 0.0 -0.2 0.0
XL_HDL_PL -0.1 0.2 0.0 0.7 -0.4 -0.1 -0.1 -0.2 -0.2 -0.1 -0.4 -0.1 -0.2 0.0
XL_HDL_TG 0.1 0.5 0.4 0.1 0.7 0.1 0.1 0.0 0.1 0.1 0.1 0.1 0.1 0.1
L_HDL_C -0.1 0.2 0.0 0.9 -0.5 -0.1 -0.2 -0.2 -0.3 -0.1 -0.4 -0.1 -0.3 -0.1
L_HDL_CE -0.1 0.2 0.0 0.9 -0.5 -0.1 -0.2 -0.2 -0.3 -0.1 -0.4 -0.1 -0.3 -0.1
L_HDL_FC -0.1 0.2 0.0 0.9 -0.4 -0.1 -0.2 -0.2 -0.2 -0.1 -0.4 -0.1 -0.2 -0.1
L_HDL_L -0.1 0.2 0.0 0.9 -0.4 -0.1 -0.2 -0.3 -0.2 -0.1 -0.4 -0.1 -0.2 -0.1
L_HDL_P -0.1 0.2 0.0 0.9 -0.4 -0.1 -0.2 -0.2 -0.2 -0.1 -0.4 -0.1 -0.2 -0.1
L_HDL_PL -0.1 0.2 -0.1 0.9 -0.4 -0.1 -0.1 -0.2 -0.2 -0.1 -0.4 -0.1 -0.2 -0.1
L_HDL_TG 0.1 0.3 0.2 0.3 0.5 0.0 0.0 -0.1 0.0 0.1 -0.1 0.1 0.0 0.1
M_HDL_C 0.0 0.2 0.0 0.8 -0.3 0.0 -0.1 -0.2 -0.2 0.0 -0.3 0.0 -0.2 -0.1
M_HDL_CE 0.0 0.2 0.0 0.8 -0.3 0.0 -0.1 -0.2 -0.2 -0.1 -0.3 0.0 -0.2 -0.1
M_HDL_FC 0.0 0.3 0.1 0.8 -0.2 0.0 -0.1 -0.2 -0.2 0.0 -0.3 0.0 -0.1 0.0
M_HDL_L 0.1 0.2 0.0 0.7 -0.1 0.0 -0.1 -0.2 -0.2 0.0 -0.2 0.0 -0.1 0.0
M_HDL_P 0.0 0.2 0.0 0.8 -0.1 0.0 -0.1 -0.2 -0.2 0.0 -0.2 0.0 -0.1 0.0
M_HDL_PL 0.1 0.2 0.0 0.7 0.0 0.0 -0.1 -0.2 -0.2 0.0 -0.2 0.0 -0.1 0.0
M_HDL_TG 0.2 0.3 0.2 -0.1 0.7 0.1 0.1 0.0 0.1 0.1 0.2 0.1 0.2 0.1
S_HDL_C 0.1 0.4 0.3 0.3 0.1 0.0 0.0 -0.1 -0.1 0.0 0.1 0.0 0.0 0.0
S_HDL_CE 0.1 0.3 0.3 0.3 0.0 0.0 0.0 -0.1 -0.1 0.0 0.1 0.0 0.0 0.0
S_HDL_FC 0.2 0.6 0.4 0.4 0.2 0.0 0.0 -0.1 -0.1 0.0 0.0 0.0 0.0 0.0
S_HDL_L 0.2 0.4 0.3 0.2 0.3 0.0 0.0 -0.1 0.0 0.0 0.1 0.0 0.1 0.0
S_HDL_P 0.2 0.4 0.4 0.3 0.1 0.0 0.0 -0.1 -0.1 0.0 0.1 0.0 0.1 0.0
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Table 10: Correlation matrix between the NMR metabolites and the PANEL predictors. Part 3.
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Ala 0.0 0.0 0.1 0.0 0.0 0.1 0.1 0.0 0.0 0.0 0.0
GIn 0.1 -0.2 0.0 0.1 -0.1 0.0 0.0 0.0 0.0 0.0 0.0
Gly 0.0 0.1 03 | -0.1 0.1 03 03 | 00 0.0 0.1 0.0
His 0.1 0.1 0.0 0.1 0.1 0.0 0.0 0.0 0.0 0.0 0.0
Ile 0.0 0.0 0.1 0.1 0.0 0.1 0.1 0.0 0.0 0.1 0.0
Leu 0.0 0.0 0.2 0.1 -0.1 0.2 0.2 0.0 0.0 0.1 0.0
Total_ BCAA 0.0 0.0 0.2 0.1 0.0 0.2 0.2 0.0 0.0 0.1 0.0
Val 0.0 0.0 0.2 0.1 -0.1 0.2 0.2 0.0 0.0 0.1 0.0
Phe -0.1 0.1 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Tyr -0.1 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Albumin 0.5 -0.2 0.0 -0.1 -0.1 0.1 0.1 0.0 0.1 0.1 0.0
Creatinine 0.0 0.0 0.2 0.1 -0.1 0.3 0.2 0.0 0.0 0.0 0.1
GlycA -0.1 0.4 0.1 0.3 0.2 0.0 0.0 -0.1 -0.1 0.0 0.0
DHA 0.1 0.1 02 | -0.1 0.0 0.1 -0.1 0.1 0.1 0.0 0.0
LA 0.1 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.1
MUFA 0.1 0.1 0.1 0.2 0.1 0.1 0.1 0.0 0.0 0.1 0.0
Omega_3 0.1 0.0 -0.1 0.0 0.0 -0.1 -0.1 0.0 0.1 0.0 0.0
Omega_6 0.1 0.0 0.0 0.0 0.1 0.0 -0.1 0.0 0.0 0.0 -0.1
PUFA 0.1 0.0 -0.1 0.0 0.1 -0.1 -0.1 0.0 0.0 0.0 -0.1
SFA 0.1 0.0 0.0 0.1 0.1 0.1 0.1 0.0 0.1 0.1 0.0
Total_FA 0.1 0.0 0.0 0.1 0.1 0.1 0.0 0.0 0.0 0.1 0.0
Unsaturation 0.1 -0.1 -0.2 -0.2 0.0 -0.2 -0.2 0.0 0.0 -0.1 0.0
Citrate 0.0 -0.1 0.0 0.0 0.0 -0.1 -0.1 0.0 0.0 0.0 0.0
Glucose 0.0 0.1 -0.1 0.0 -0.1 -0.1 -0.1 0.0 0.0 0.0 0.1
Lactate 0.1 0.0 0.2 02 02 02 02 0.0 0.0 0.1 0.0
Pyruvate 0.0 0.0 0.1 0.1 0.1 0.1 0.0 0.0 0.0 -0.1 0.0
Acetate 0.0 0.0 0.0 0.0 -0.1 0.0 0.0 0.1 0.1 0.0 0.0
Acetoacetate 0.0 0.1 0.0 0.1 0.0 0.0 0.0 0.1 0.1 0.0 0.0
Acetone 0.1 0.0 0.0 0.0 -0.1 0.0 0.0 0.1 0.1 0.0 0.0
bOHbutyrate 0.1 0.1 0.0 0.1 0.0 0.0 0.0 0.1 0.0 0.0 0.0
HDL_L 0.1 -0.1 -0.3 -0.1 0.1 -0.3 -0.3 0.1 0.1 0.0 0.0
LDL_L 0.1 0.0 0.1 -0.1 0.1 0.1 0.0 0.0 0.0 0.0 -0.1
Total_L 0.1 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 -0.1
VLDL_L 0.1 0.1 0.2 0.1 0.1 0.2 0.2 -0.1 0.0 0.1 0.0
Clinical LDL_C 0.1 0.1 0.0 0.1 0.1 0.0 0.0 0.0 0.0 0.0 0.1
HDL_C 0.1 0.1 04 | -0.1 0.1 03 03 | 01 0.1 -0.1 0.0
LDL_C 0.1 0.1 0.0 0.1 0.1 0.0 0.0 0.0 0.0 0.0 0.1
non_HDL_C 0.1 0.0 0.0 -0.1 0.1 0.0 0.0 0.0 0.0 0.0 -0.1
Remnant_C 0.1 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 -0.1
Total_C 0.1 -0.1 -0.1 -0.1 0.1 -0.1 -0.1 0.0 0.0 0.0 -0.1
VLDL_C 0.1 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.1 0.0
HDL_FC 0.0 -0.1 -0.4 -0.1 0.1 -0.3 -0.3 0.1 0.1 0.0 0.0
LDL_FC 0.1 -0.1 0.0 -0.1 0.1 0.0 0.0 0.0 0.0 0.0 -0.1
Total_FC 0.1 0.0 -0.1 -0.1 0.1 0.0 0.0 0.0 0.0 0.0 -0.1
VLDL_FC 0.1 0.0 0.2 0.1 0.1 0.2 0.2 0.0 0.0 0.1 0.0
HDL_CE 0.1 0.1 04 | -0.1 0.1 03 03 | 01 0.1 0.1 0.0
LDL_CE 02 0.0 0.1 0.1 0.1 0.1 0.1 0.0 0.0 0.0 -0.1
Total_CE 0.1 0.1 0.1 0.1 0.1 0.1 -0.1 0.0 0.0 0.0 -0.1
VLDL_CE 0.1 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 -0.1
HDL_PL 0.0 -0.1 -0.3 0.0 0.1 -0.3 -0.3 0.1 0.1 0.0 0.0
LDL_PL 0.1 0.0 0.1 -0.1 0.1 0.1 0.1 0.0 0.0 0.0 -0.1
Total_PL 0.1 0.0 -0.2 0.0 0.1 -0.1 -0.1 0.1 0.1 0.0 -0.1
VLDL_PL 0.1 0.1 0.2 0.1 0.1 0.2 0.2 -0.1 0.0 0.1 0.0
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HDL_TG 0.0 0.1 0.0 0.1 0.1 0.1 0.1 0.0 0.1 0.1 0.0
LDL_TG 0.0 0.1 0.1 0.1 0.1 0.1 0.1 0.0 0.0 0.1 0.0
Total_ TG 0.1 0.1 02 02 0.0 02 02 0.0 0.0 0.1 0.0
VLDL_TG 0.1 0.1 02 0.1 0.0 03 02 01 | 00 0.1 0.0
Cholines 0.1 01 | 02 | 00 0.1 02 | 02 | o1 0.1 0.0 0.1
Phosphatidyle 0.1 01 | 02 | 00 0.1 02 | 02 | 01 0.1 0.0 0.1
Phosphoglyc 0.1 0.0 02 | 00 0.1 01 | 02 | 01 0.1 0.0 0.1
Sphingomyelins 0.1 0.0 02 | 01 | o1 02 | 02 | o1 0.0 0.0 0.1
HDL_size 0.0 0.0 03 | 01 | 00 02 | 02 | 01 0.0 0.0 0.0
LDL_size 0.0 0.0 02 | 01 | o1 02 | 02 | 00 0.0 01 | 00
VLDL_size 0.1 0.0 02 0.1 0.0 02 02 01 | 00 0.1 0.0
HDL_P 0.1 01 | 02 | 01 | o1 02 | 02 | o1 0.1 0.0 0.0
LDL_P 0.1 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 0.1
Total_P 0.1 01 | 02 | 01 | o1 02 | 02 | o1 0.1 0.0 0.0
VLDL_P 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.0 0.0 0.1 0.0
XXL_VLDL_C 0.1 0.1 02 02 0.0 02 02 0.0 0.0 0.1 0.0
XXL_VLDL_CE 0.1 0.1 02 02 0.0 02 02 0.0 0.0 0.1 0.0
XXL_VLDL_FC 0.1 0.1 02 02 0.0 02 02 0.0 0.0 0.1 0.0
XXL_VLDL_L 0.0 0.1 02 02 0.0 03 02 0.0 0.0 0.1 0.0
XXL_VLDL_P 0.0 0.1 02 02 0.0 02 02 0.0 0.0 0.1 0.0
XXL_VLDL_PL 0.0 0.1 02 02 0.0 02 02 0.0 0.0 0.1 0.0
XXL_VLDL_TG 0.0 0.1 02 02 0.0 02 02 0.0 0.0 0.1 0.0
XL_VLDL_C 0.1 0.1 02 0.1 0.0 02 02 01 | 00 0.1 0.0
XL_VLDL_CE 0.1 0.1 02 0.1 0.1 02 02 01 | 00 0.1 0.0
XL_VLDL_FC 0.1 0.1 02 0.1 0.0 03 02 01 | 00 0.1 0.0
XL_VLDL_L 0.1 0.1 02 0.1 0.0 03 02 01 | 00 0.1 0.0
XL_VLDL_P 0.1 0.1 02 0.1 0.0 03 02 01 | 00 0.1 0.0
XL_VLDL_PL 0.1 0.1 02 0.1 0.0 03 02 0.1 | 00 0.1 0.0
XL_VLDL_TG 0.1 0.1 02 02 0.0 03 02 0.0 0.0 0.1 0.0
L_VLDL _C 0.1 0.1 02 0.1 0.0 02 02 01 | 00 0.1 0.0
L_VLDL _CE 0.1 0.0 02 0.1 0.1 02 02 01 | 00 0.1 0.0
L_VLDL_FC 0.1 0.1 03 0.1 0.0 03 02 01 | 00 0.1 0.0
L_VLDL L 0.1 0.1 03 0.1 0.0 03 02 01 | 00 0.1 0.0
L_VLDL_P 0.1 0.1 02 0.1 0.0 03 02 01 | 00 0.1 0.0
L_VLDL_PL 0.1 0.1 02 0.1 0.0 03 02 01 | 00 0.1 0.0
L_VLDL_TG 0.1 0.0 02 0.1 0.0 03 02 01 | 00 0.1 0.0
M_VLDL_C 0.1 0.0 0.1 01 | 01 0.0 0.0 0.0 0.0 0.0 0.1
M_VLDL_CE 0.1 0.0 0.0 01 | 01 0.0 0.0 0.0 0.0 0.0 0.1
M_VLDL_FC 0.1 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 0.1
M_VLDL L 0.1 0.0 02 0.1 0.1 02 02 01 | 00 0.1 0.0
M_VLDL_P 0.1 0.0 02 0.0 0.1 02 0.1 01 | 00 0.1 0.0
M_VLDL_PL 0.1 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.1 0.0
M_VLDL_TG 0.1 0.0 02 0.1 0.0 02 02 01 | 00 0.1 0.0
S_VLDL_C 0.1 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 0.0
S_VLDL,_CE 0.1 0.1 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 0.0
S_VLDL_FC 0.1 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 0.1
S_VLDL_L 0.1 0.1 02 0.1 0.1 02 02 0.0 0.0 0.1 0.0
S_VLDL_P 0.1 0.1 02 0.1 0.1 02 02 01 | 00 0.1 0.0
S_VLDL_PL 0.1 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.1 0.0
S_VLDL_TG 0.1 0.1 02 0.1 0.0 02 02 0.0 0.0 0.1 0.0
XS_VLDL_C 0.0 0.0 01 | 00 0.1 01 | 01 | 00 0.0 0.0 0.1
XS_VLDL_CE 0.0 0.0 01 | 00 0.1 01 | 01 | 00 0.0 0.0 0.1
XS_VLDL_FC 0.0 0.1 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.1
XS_VLDL_L 0.0 0.1 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0
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Table 10 continued from previous page
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XS_VLDL_P 0.0 0.1 0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0
XS_VLDL_PL 0.0 0.1 0.0 0.1 0.1 0.0 0.0 0.0 0.0 0.0 0.0
XS_VLDL_TG 0.0 0.1 0.1 0.1 0.1 0.1 0.1 0.0 0.0 0.1 0.0
L_LDL_C 0.1 -0.1 0.0 -0.1 0.1 0.0 0.0 0.0 0.0 0.0 -0.1
L_LDL_CE 0.1 -0.1 0.0 -0.1 0.1 0.0 0.0 0.0 0.0 0.0 -0.1
L_LDL_FC 0.1 -0.1 0.0 -0.1 0.1 0.0 0.0 0.0 0.0 0.0 -0.1
L_LDL_L 0.1 -0.1 0.0 -0.1 0.1 0.0 0.0 0.0 0.0 0.0 -0.1
L_LDL_P 0.1 0.0 0.1 0.0 0.1 0.0 0.0 0.0 0.0 0.0 -0.1
L_LDL_PL 0.1 -0.1 0.0 -0.1 0.1 0.0 0.0 0.0 0.0 0.0 -0.1
L_LDL_TG 0.0 0.1 0.1 0.1 0.1 0.1 0.1 0.0 0.0 0.1 0.0
M_LDL_C 0.2 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 -0.1
M_LDL_CE 0.2 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 -0.1
M_LDL_FC 0.2 -0.1 0.1 -0.1 0.1 0.1 0.1 0.0 0.0 0.0 -0.1
M_LDL_L 0.2 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 -0.1
M_LDL_P 0.1 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 -0.1
M_LDL_PL 0.2 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 -0.1
M_LDL_TG 0.1 0.1 0.1 0.1 0.1 0.2 0.1 0.0 0.0 0.1 0.0
S_LDL_C 0.1 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 -0.1
S_LDL_CE 0.1 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 -0.1
S_LDL_FC 0.1 -0.1 0.1 -0.1 0.1 0.0 0.0 0.0 0.0 0.0 -0.1
S_LDL_L 0.1 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 -0.1
S_LDL_P 0.1 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 -0.1
S_LDL_PL 0.1 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 -0.1
S_LDL_TG 0.1 0.1 0.2 0.1 0.0 0.2 0.2 0.0 0.0 0.1 0.0
IDL_C 0.1 -0.1 -0.1 -0.1 0.1 -0.1 -0.1 0.0 0.0 0.0 -0.1
IDL_CE 0.1 -0.1 -0.1 -0.1 0.1 -0.1 -0.1 0.0 0.0 0.0 -0.1
IDL_FC 0.1 0.0 -0.1 -0.1 0.1 -0.1 -0.1 0.0 0.0 0.0 -0.1
IDL_L 0.1 0.0 -0.1 -0.1 0.1 -0.1 -0.1 0.0 0.0 0.0 -0.1
IDL_P 0.1 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 -0.1
IDL_PL 0.1 0.0 -0.1 -0.1 0.1 -0.1 -0.1 0.0 0.0 0.0 -0.1
IDL_TG 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 0.1 0.0
XL_HDL_C 0.0 -0.1 -0.3 -0.1 0.0 -0.3 -0.3 0.1 0.0 -0.1 -0.1
XL_HDL_CE 0.0 -0.1 -0.3 -0.1 0.0 -0.3 -0.3 0.1 0.0 -0.1 -0.1
XL_HDL_FC -0.1 0.0 -0.3 -0.1 0.0 -0.3 -0.3 0.1 0.0 -0.1 -0.1
XL_HDL_L -0.1 -0.1 -0.4 -0.1 0.0 -0.3 -0.3 0.1 0.0 -0.1 0.0
XL_HDL_P 0.0 -0.1 -0.3 -0.1 0.0 -0.3 -0.3 0.1 0.0 0.0 -0.1
XL_HDL_PL -0.1 -0.1 -0.4 -0.1 0.0 -0.3 -0.3 0.1 0.0 -0.1 0.0
XL_HDL_TG 0.0 0.0 0.0 0.1 0.1 0.0 0.0 0.0 0.0 0.1 0.0
L_HDL_C 0.0 -0.1 -0.4 -0.1 0.0 -0.4 -0.3 0.1 0.1 -0.1 0.0
L_HDL_CE 0.0 -0.1 -0.4 -0.1 0.0 -0.4 -0.3 0.1 0.1 -0.1 0.0
L_HDL_FC 0.0 -0.1 -0.4 -0.1 0.0 -0.4 -0.3 0.1 0.1 -0.1 0.0
L_HDL L 0.0 -0.1 -0.4 -0.1 0.1 -0.4 -0.4 0.1 0.1 -0.1 0.0
L_HDL_P 0.0 -0.1 -0.4 -0.1 0.0 -0.4 -0.3 0.1 0.1 -0.1 0.0
L_HDL_PL 0.0 -0.1 -0.4 -0.1 0.1 -0.4 -0.3 0.1 0.1 -0.1 0.0
L_HDL_TG 0.0 0.0 -0.2 0.1 0.1 -0.1 -0.1 0.1 0.1 0.0 0.0
M_HDL_C 0.1 -0.1 -0.3 -0.1 0.1 -0.3 -0.3 0.1 0.1 0.0 0.0
M_HDL_CE 0.1 -0.1 -0.3 -0.1 0.1 -0.3 -0.3 0.1 0.1 0.0 0.0
M_HDL_FC 0.1 -0.1 -0.3 -0.1 0.1 -0.3 -0.3 0.1 0.1 0.0 0.0
M_HDL_L 0.1 -0.1 -0.3 0.0 0.1 -0.2 -0.2 0.1 0.1 0.0 0.0
M_HDL_P 0.1 -0.1 -0.3 -0.1 0.1 -0.3 -0.2 0.1 0.1 0.0 0.0
M_HDL_PL 0.1 -0.1 -0.3 0.0 0.1 -0.2 -0.2 0.1 0.1 0.0 0.0
M_HDL_TG 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.1 0.1 0.0
S_HDL_C 0.2 -0.1 0.0 0.0 0.1 0.0 0.0 0.1 0.1 0.0 0.0
S_HDL_CE 0.2 -0.1 0.0 0.0 0.1 0.1 0.0 0.0 0.0 0.0 0.0
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Mean Corpuscular Haemaglobin (pg)

Mean Corpuscular Haemaglobin (g/dL)
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S_HDL_FC 0.2 0.0 -0.1 0.0 0.1 0.0 0.0 0.1 0.1 0.0 0.0
S_HDL_L 0.2 0.0 0.0 0.0 0.1 0.0 0.0 0.1 0.1 0.0 0.0
S_HDL_P 0.2 -0.1 0.0 0.0 0.1 0.1 0.1 0.0 0.1 0.0 0.0
S_HDL_PL 0.1 0.0 0.0 0.1 0.1 0.0 0.0 0.1 0.1 0.0 0.0
S_HDL_TG 0.0 0.1 0.2 02 0.0 0.2 0.2 0.0 0.0 0.1 0.0
ApoAl 0.1 -0.1 -0.3 -0.1 0.1 -0.3 -0.3 0.1 0.1 0.0 0.0
ApoB 0.1 0.0 0.1 0.0 0.1 0.1 0.1 0.0 0.0 0.0 -0.1
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gregated over all 24 endpoints.

Rank
Table 11: Ranked aggregated coefficients of PANEL. Coefficients were ag

Predictor Mean(coef)

1 Age 0.518
2 Smoking Status 0.324
3 Weight 0.29
4 Sex 0.281
5 Daily Healthy Food 0.247
6 Body-Mass-Index 0.23
7 Type 2 Diabetes 0.216
8 Standing Height 0.195
9 Antihypertensives 0.19
10 Waist-Hip Ratio 0.119
11 Cystatine C 0.11
12 Erythrocyte Count 0.102
13 LDL Cholesterol 0.098
14 Waist Circumference 0.097
15 Hematocrit 0.088
16 Hemoglobin 0.086
17 Creatinine 0.081
18 Alcohol Intake 0.076
19 Total Cholesterol 0.076
20 FH Type 2 Diabetes 0.07
21 Education 0.064
22 HDL Cholesterol 0.058
23 MCV 0.055
24 HbAlc 0.054
25 ALT 0.054
26 Systolic Blood Pressure 0.054
27 Albumin 0.053
28 Urate 0.051
29 MCH 0.045
30 Leukocyte Count 0.041
31 MCHC 0.039
32 AST 0.038
33 Triglycerides 0.037
34 Urea 0.037
35 Glucose 0.029
36 Platelet Count 0.027
37 C-reaktive Protein 0.025
38 AP 0.023
39 Physical Activity 0.021
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Table 12: Sensitivity, positive predictive value, and positive likelihood ratios of the metabolomic state addition over
false-positive rate thresholds.

5% FPR | 10% FPR | 15% FPR | 20% FPR
2 £ 2 £ 2 £ 2 ¥
§ %' > + g % > £ g % > £ § % > +

Endpoint Score ﬁ g : 5 ﬁ E & 5 ﬁ E & E ﬁ 5 & 5

MACE MET 013 0.3 017 265] 011 024 016 237] 010 032 015 2.15] 009 040 0.4 201
MACE AgeSex 015 0.5 020 305| 012 026 0.17 264| 010 036 016 238| 009 044 015 221
MACE AgeSexMET 015 0.17 021 335] 012 029 0.9 290| 010 039 017 258| 009 048 0.6 238
MACE ASCVD 015 0.7 022 349| 012 030 019 295| 010 040 017 263| 009 049 0.6 243
MACE ASCVD+MET 015 0.8 022 363| 012 031 020 3.06| 010 041 018 273| 009 050 0.16 248
MACE PANEL(noB)+MET | 0.15 0.19 023 374 | 012 031 020 3.10] 010 041 018 276| 009 050 0.16 248
MACE PANEL 0.5 019 023 371 012 031 020 3.12| 010 041 018 274 008 050 017 252
MACE PANEL+MET 016 0.19 024 387 ] 012 032 020 3.18] 010 042 018 279 | 009 051 0.17 254
CHD MET 014 013 019 270 | 012 023 0.6 231 011 031 015 210]| 010 039 0.14 194
CHD AgeSex 014 012 017 246| 012 023 016 228 011 032 015 211 | 009 040 0.14 197
CHD AgeSextMET 015 0.5 020 294| 013 026 018 257| 011 036 017 238| 0.10 044 016 218
CHD ASCVD 015 0.5 020 297| 012 026 018 260| 010 035 017 233| 009 044 016 2.19
CHD ASCVD+MET 015 0.6 021 3.14] 013 027 019 271| 011 037 017 246]| 009 045 0.16 226
CHD PANEL(noB)+MET | 0.16 0.16 022 325| 0.3 028 0.19 276| 011 037 017 247 | 009 045 0.16 226
CHD PANEL 015 0.6 022 328] 012 028 0.9 278 010 037 017 247 | 009 045 0.16 227
CHD PANEL+MET 016 0.7 022 332] 012 028 0.19 284| 011 038 018 251 | 009 046 0.16 230
Cercbral Stroke MET 004 0.5 005 304| 003 026 005 259| 003 035 004 236| 002 042 004 211
Cerebral Stroke AgeSex 004 016 006 3.10] 003 028 005 28] 003 037 005 250| 002 046 004 231
Cerebral Stroke AgeSex+MET 004 0.17 006 346| 003 030 005 299| 003 041 005 271| 002 051 005 254
Cerebral Stroke ASCVD 004 0.19 007 384 | 003 032 006 324| 002 045 005 297| 002 053 005 266
Cerebral Stroke ASCVD+MET 004 019 007 377] 003 034 006 341| 003 045 005 3.00| 002 054 005 272
Cerebral Stroke PANEL(noB)+MET | 0.04 0.9 007 382 | 003 034 006 340| 003 045 005 301 | 002 054 005 271
Cerebral Stroke PANEL 004 020 007 409| 003 034 006 3.39| 002 046 005 308| 002 055 005 277
Cerebral Stroke PANEL+MET 004 020 007 404| 003 035 006 3.50| 002 047 006 3.1 | 002 056 005 2.80
Dementia MET 004 0.5 006 295| 003 024 005 242| 002 032 004 213| 002 039 004 197
Dementia AgeSex 003 0.6 006 327| 003 027 005 276| 003 040 005 266| 002 048 005 240
Dementia AgeSex+MET 004 0.8 007 358] 003 029 006 293| 003 040 005 264| 002 047 005 236
Dementia ASCVD 003 0.7 007 343] 003 029 006 283| 003 040 005 268| 002 049 005 247
Dementia ASCVD+MET 004 019 007 373] 003 030 006 298] 003 039 005 263| 002 048 005 242
Dementia PANEL(noB)*MET | 0.04 0.9 007 3.84| 003 031 006 3.13| 003 041 005 274 002 049 005 247
Dementia PANEL 004 019 007 378| 003 032 006 323| 003 044 006 291]| 002 051 005 257
Dementia PANEL+MET 004 020 008 404| 003 033 006 328| 003 043 006 286| 002 051 005 255
Heart Failure MET 008 020 013 408| 006 032 011 321| 004 041 009 273| 004 048 008 239
Heart Failure AgeSex 006 0.5 010 293] 005 026 009 258| 005 035 008 236]| 004 043 007 217
Heart Failure AgeSexMET 008 023 014 459| 006 035 0.1 3.55| 005 044 010 293| 004 052 009 258
Heart Failure ASCVD 007 020 013 406| 005 032 010 321| 004 042 009 282 004 049 008 247
Heart Failure ASCVD+MET 008 024 015 487] 006 036 012 3.62| 005 045 010 301 | 004 053 009 2.63
Heart Failure PANEL(noB)+MET | 008 025 0.5 500| 006 037 012 372] 005 047 010 3.11| 004 054 009 270
Heart Failure PANEL 008 026 016 5.12] 005 038 012 378] 004 048 010 3.17| 004 055 009 277
Heart Failure PANEL+MET 008 026 016 522] 006 039 013 393| 004 048 011 323[ 004 055 009 276
Atrial Fibrillation | MET 010 0.6 016 3.10| 009 026 0.3 258 007 034 012 228| 006 042 0.11 208
Atrial Fibrillation | AgeSex 011 016 016 321] 009 029 0.15 287| 008 039 014 263| 007 049 013 243
Atrial Fibrillation | AgeSex+MET 012 019 019 38| 010 031 016 3.13| 008 042 014 281 | 007 051 013 254
Atrial Fibrillation | ASCVD 012 018 018 3.63| 009 032 016 3.17| 008 042 015 282| 007 051 013 253
Atrial Fibrillation | ASCVD+MET 012 0.9 019 38| 009 033 017 330| 008 043 015 285| 007 052 013 258
Atrial Fibrillation | PANEL(noB)+MET | 0.13 021 020 422 | 0.10 035 0.7 348| 008 045 015 3.02]| 007 054 014 272
Atrial Fibrillation | PANEL 012 022 021 450| 009 037 018 3.66| 007 047 016 3.16| 006 056 0.4 281
Atrial Fibrillation | PANEL+MET 013 023 022 459] 009 037 018 3.69| 008 047 016 3.17| 006 056 0.14 281
T2 Diabetes MET 0.14 036 027 729] 009 050 020 500] 006 060 017 399 | 005 067 0.14 336
T2 Diabetes AgeSex 007 009 009 187] 006 018 008 1.75] 006 025 008 165| 005 032 007 1.60
T2 Diabetes AgeSex+MET 014 037 027 738] 009 050 020 500| 006 060 017 399 | 005 067 0.14 337
T2 Diabetes ASCVD 010 0.8 015 351 | 008 029 0.3 294| 007 040 012 267 | 006 049 0.11 245
T2 Diabetes ASCVD+MET 014 037 027 734] 009 050 020 502| 006 060 017 402] 005 068 0.14 339
T2 Diabetes PANEL(noB)+MET | 0.14 040 029 801 | 009 056 022 556| 006 065 018 435| 005 072 0.15 3.60
T2 Diabetes PANEL 012 042 030 836| 008 057 022 574| 006 068 019 455| 005 075 0.16 3.74
T2 Diabetes PANEL+MET 0.3 046 031 9.17| 008 060 023 603| 006 069 019 461 | 004 076 0.6 3.81
Liver Disease MET 009 0.6 015 3.14] 007 026 012 257| 006 033 011 223] 005 040 0.0 2.00
Liver Disease AgeSex 006 007 007 147] 006 015 007 146| 005 022 007 147 | 005 028 007 143
Liver Discase AgeSex+MET 009 0.16 015 3.14] 007 026 012 259| 006 034 011 224]| 005 041 0.10 2.04
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Table 12 continued from previous page

5% FPR 10% FPR 15% FPR 20% FPR
Liver Disease ASCVD 007 013 012 254 | 006 021 010 211 | 005 029 009 192]| 005 036 009 178
Liver Disease ASCVD+MET 009 016 015 323 | 007 026 013 264 | 006 034 011 229| 005 041 010 207
Liver Disease PANEL(noB)+MET 009 016 015 324 | 007 027 013 266 | 006 035 011 231| 005 042 010 210
Liver Discase PANEL 0.08 018 017 370 0.07 029 014 293 006 038 012 252| 005 045 0.11 224
Liver Disease PANEL+MET 0.09 019 017 383 | 007 030 014 29| 0.06 038 012 253| 005 045 0.11 224
Renal Disease MET 0.19 019 031 381 | 015 028 025 283 0.3 036 023 243 | 011 043 021 217
Renal Disease AgeSex 016 012 022 231 015 022 021 217| 013 031 020 205| 012 039 019 193
Renal Disease AgeSex+MET 020 021 033 411 | 016 031 027 309| 013 039 024 262| 012 046 022 231
Renal Disease ASCVD 0.17 016 028 323 | 014 026 024 260| 013 035 022 234| 012 043 020 214
Renal Disease ASCVD+MET 020 021 033 414 016 032 027 3.16| 013 040 024 264| 012 047 022 233
Renal Disease PANEL(noB)+*MET 020 021 034 428 016 032 028 320| 013 040 024 270| 012 047 022 237
Renal Disease PANEL 018 023 036 470 | 015 034 029 341 | 013 042 025 280| 011 049 023 244
Renal Disease PANEL+MET 019 023 036 468 | 015 034 029 340| 013 043 025 285| 011 049 023 247
PAD MET 0.07 016 0.10 3.11 006 027 009 266 005 035 008 231 004 042 007 2.09
PAD AgeSex 0.06 014 009 274| 005 024 008 240 005 033 007 221 | 004 041 0.07 203
PAD AgeSex+MET 0.08 017 011 349 | 0.06 029 009 288 0.05 039 009 258| 004 046 0.08 230
PAD ASCVD 0.07 018 012 367 | 005 030 010 299 0.05 039 009 25| 004 046 0.08 232
PAD ASCVD+MET 008 020 0.13 402 006 032 011 323| 005 041 009 272| 004 048 008 242
PAD PANEL(noB)+*MET 008 021 013 411 | 006 032 010 322| 005 041 009 275| 004 049 008 246
PAD PANEL 007 021 013 424 | 005 032 010 320| 005 042 009 279| 004 049 008 244
PAD PANEL+MET 008 021 0.14 429 | 006 033 011 331 | 005 042 009 281 | 004 050 008 249
Ven. Thrombosis MET 003 011 004 217 | 002 019 003 191 | 002 027 003 1.79]| 002 034 003 172
Ven. Thrombosis AgeSex 002 008 003 161 002 016 003 158| 002 023 003 152| 002 030 003 151
Ven. Thrombosis AgeSex+MET 003 011 004 223 003 021 003 206| 002 028 003 18| 002 035 003 176
Ven. Thrombosis ASCVD 0.03 009 003 176 | 0.02 018 003 176 0.02 025 003 1.69| 002 033 0.03 1.64
Ven. Thrombosis ASCVD+MET 0.03 011 004 218 | 003 020 003 197 002 028 003 188 002 035 0.03 176
Ven. Thrombosis PANEL(noB)+MET 0.03 012 004 247 | 003 023 004 225 002 031 003 209| 002 039 003 193
Ven. Thrombosis PANEL 003 013 004 261 003 023 004 229| 002 032 004 213| 002 039 003 194
Ven. Thrombosis PANEL+MET 003 013 004 260 003 023 004 227| 002 032 004 215| 002 039 003 197
AAA MET 002 019 003 38 | 002 032 002 325| 001 042 002 283| 00l 049 002 246
AAA AgeSex 002 019 003 385 | 002 034 003 340| 001 047 002 3.16]| 001 060 002 3.00
AAA AgeSex+MET 002 024 004 480 002 041 003 406| 001 053 003 355| 001l 063 002 312
AAA ASCVD 002 026 004 522 002 041 003 410| 001 052 003 349| 001 062 002 3.12
AAA ASCVD+MET 002 028 004 550 | 002 042 003 424| 001 055 003 366| 001 064 002 321
AAA PANEL(noB)+MET 002 029 004 579 002 044 003 440| 001 055 003 370| 001 063 002 3.17
AAA PANEL 0.02 029 004 575| 002 042 003 421 001 054 003 362| 001 064 002 3.19
AAA PANEL+MET 0.02 030 004 594 | 002 044 003 436 001 055 003 3.66| 001 065 002 323
COPD MET 0.15 014 019 280 | 012 023 017 233 011 031 015 207| 010 038 0.14 192
COPD AgeSex 011 009 013 175 011 017 012 166 | 010 024 012 161| 010 031 012 156
COPD AgeSextMET 015 015 020 297 | 013 024 017 244| 011 033 016 219| 010 040 015 202
COPD ASCVD 0.14 016 022 328 | 011 026 018 256| 010 033 016 222| 009 039 014 197
COPD ASCVD+MET 016 018 024 359 012 028 020 284 | 011 037 017 244| 009 043 016 217
COPD PANEL(noB)+*MET 016 019 025 384 | 013 030 020 29 | 011 038 018 257| 009 045 016 227
COPD PANEL 015 019 025 387 | 012 030 020 299| 010 038 018 251| 009 045 016 224
COPD PANEL+MET 016 020 025 397 | 013 030 021 303| 011 039 018 261]| 009 046 016 228
Asthma MET 006 009 007 184 | 005 017 006 1.66| 005 024 006 159]| 004 030 006 150
Asthma AgeSex 0.04 007 005 135| 004 013 005 125 0.04 019 005 126 004 025 005 123
Asthma AgeSex+MET 0.06 0.09 007 182 0.05 018 007 177 005 025 006 1.64| 004 031 006 155
Asthma ASCVD 0.05 009 006 174 | 0.05 0.16 006 158 0.04 023 006 1.54| 0.04 029 0.05 147
Asthma ASCVD+MET 006 009 007 190 005 017 006 1.74| 005 025 006 167| 004 032 006 159
Asthma PANEL(noB)+MET 006 011 008 224 005 020 007 196| 005 027 007 183] 004 035 006 175
Asthma PANEL 006 011 008 222 005 020 007 199| 005 028 007 18| 004 035 006 175
Asthma PANEL+MET 006 012 008 232 005 020 007 203| 005 028 007 18| 004 035 006 175
Parkinson’s MET 001 013 002 252 001 021 001 209 001 029 001 1.93 | 0.01 037 0.01 1.86
Parkinson’s AgeSex 001 018 002 363 001 033 002 328| 001 042 002 279| 001 050 002 250
Parkinson’s AgeSex+MET 001 017 002 336 001 029 002 293| 001 041 002 275| 001 050 001 249
Parkinson’s ASCVD 001 019 002 375 001 033 002 329| 001 045 002 29| 001 053 002 265
Parkinson’s ASCVD+MET 0.01 019 002 378 | 0.01 031 002 307 001 041 002 275| 001 050 0.01 249
Parkinson’s PANEL(noB)+MET 0.01 018 002 364 | 001 030 002 29 | 001 042 002 277 001 052 002 26l
Parkinson’s PANEL 0.01 018 002 361 | 001 035 002 347 001 045 002 298| 001 053 0.02 2.66
Parkinson’s PANEL+MET 001 016 002 322 | 001 032 002 322| 001 043 002 28| 00l 053 002 264
Cataracts MET 0.14 o011 019 223 | 012 020 018 204| 011 028 017 18| 011 035 016 176
Cataracts AgeSex 019 017 027 350 016 031 025 306| 014 041 023 275| 012 050 021 252
Cataracts AgeSex+MET 019 018 027 352 016 031 025 309| 013 041 023 275| 012 051 021 253
Cataracts ASCVD 019 018 028 367 | 016 031 025 312| 013 043 023 284 | 012 051 022 257
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5% FPR 10% FPR 15% FPR 20% FPR
Cataracts ASCVD+MET 019 018 028 363 | 016 031 025 314| 013 042 023 283 012 052 022 258
Cataracts PANEL(noB)+MET 019 018 028 367 | 016 032 025 316| 013 042 023 282 012 052 022 258
Cataracts PANEL 019 019 029 378 | 016 032 026 323| 013 043 023 285 011 052 022 260
Cataracts PANEL+MET 0.19 018 028 369 | 016 032 026 323 013 043 023 284 | 011 052 022 260
Glaucoma MET 0.03 008 004 167 | 003 014 003 137 003 021 003 138| 002 027 003 134
Glaucoma AgeSex 0.04 010 005 206 | 003 020 004 196 003 029 004 192| 003 036 004 183
Glaucoma AgeSextMET 004 010 004 193 003 020 004 197| 003 028 004 18| 003 037 004 186
Glaucoma ASCVD 004 011 005 221 003 020 005 201| 003 029 004 191 003 037 004 183
Glaucoma ASCVD+MET 004 011 005 217 003 020 005 201| 003 029 004 193 003 037 004 183
Glaucoma PANEL(noB)+MET 004 010 005 208 | 003 020 005 199| 003 029 004 194 | 003 037 004 184
Glaucoma PANEL 004 011 005 213 | 003 020 005 202| 003 029 004 192 003 036 004 182
Glaucoma PANEL+MET 004 010 005 210 003 020 005 201| 003 029 004 195 003 036 004 182
Fractures MET 0.10 009 013 185 009 0.16 0.11 1.62| 008 023 0.11 1.52| 0.08 029 0.10 1.46
Fractures AgeSex 0.10 0.10 0.14 204 | 009 018 012 1.78| 009 025 012 166 | 008 032 0.11 1.61
Fractures AgeSex+MET 0.11 010 014 209 | 010 019 013 186 0.09 026 012 1.71 0.08 033 012 1.64
Fractures ASCVD 0.10 010 014 197 | 0.09 0.8 013 182 0.09 026 012 1.70 | 0.08 032 0.11 1.61
Fractures ASCVD+MET 0.11 010 014 208 | 010 019 013 185 0.09 026 012 172 0.08 033 012 1.64
Fractures PANEL(noB)+MET 011 o011 015 212 010 019 013 18| 009 026 012 174 008 033 012 165
Fractures PANEL 011 o011 015 221 010 019 013 191| 009 027 012 177 | 008 034 012 168
Fractures PANEL+MET 011 o011 015 222 010 020 014 195| 009 027 013 181 | 008 034 012 170
Lung Cancer MET 003 020 004 410 002 031 003 3.14| 002 041 003 274 001 049 003 245
Lung Cancer AgeSex 002 012 003 237 002 023 002 226| 001 031 002 209 001 041 002 203
Lung Cancer AgeSex+MET 003 021 004 414 | 002 034 004 343| 002 045 003 302 001 053 003 264
Lung Cancer ASCVD 002 033 007 6.64| 001 045 005 447| 001 052 004 347 001 059 003 296
Lung Cancer ASCVD+MET 0.03 033 007 654| 002 046 005 463 001 055 004 369| 001 061 003 3.05
Lung Cancer PANEL(noB)+MET 0.03 034 007 687 | 002 048 005 478 0.01 056 004 376| 001 062 003 3.2
Lung Cancer PANEL 0.03 035 007 697 | 002 048 005 478 0.01 057 004 381 | 001 063 003 3.13
Lung Cancer PANEL+MET 003 035 007 698 | 002 048 005 485 | 001 056 004 374 001 064 003 3.19
Skin Cancer MET 006 009 007 178 005 015 006 152| 005 022 006 148 | 004 028 006 140
Skin Cancer AgeSex 007 012 010 242 006 021 009 213| 006 031 008 204 005 039 008 193
Skin Cancer AgeSex+MET 007 012 009 235 006 021 009 212| 006 031 008 204 005 039 008 193
Skin Cancer ASCVD 007 012 010 242 | 006 022 009 219| 006 031 008 206 005 039 008 196
Skin Cancer ASCVD+MET 007 012 009 235 006 022 009 219| 006 031 008 204 005 039 008 195
Skin Cancer PANEL(noB)+MET 007 013 010 251 | 006 022 009 223| 006 031 008 206 005 039 008 196
Skin Cancer PANEL 008 013 010 261 | 006 022 009 220| 006 032 009 210 005 040 008 198
Skin Cancer PANEL+MET 0.08 013 010 255| 007 023 009 225 006 031 008 210| 005 039 0.08 197
Colon Cancer MET 0.02 009 002 179 | 0.01 018 002 180 0.01 025 002 169 | 001 031 002 157
Colon Cancer AgeSex 0.02 012 002 239| 002 022 002 220 001 032 002 210| 001 041 002 205
Colon Cancer AgeSextMET 002 013 003 254 | 002 023 002 231| 001 032 002 212 001 039 002 196
Colon Cancer ASCVD 002 012 002 238 002 022 002 222| 001l 032 002 213 001 041 002 207
Colon Cancer ASCVD+MET 002 013 003 251 002 023 002 226| 001 031 002 206 001 040 002 201
Colon Cancer PANEL(noB)+MET 002 013 003 252 002 023 002 228| 001 032 002 213 001 041 002 203
Colon Cancer PANEL 002 013 003 256 002 024 002 235| 001 032 002 211 | 001 041 002 204
Colon Cancer PANEL+MET 002 013 003 257 002 022 002 224| 001 031 002 209 001 039 002 193
Rectal Cancer MET 001 009 001 18| 001 018 001 184 | 001 026 001 172 001 032 001 161
Rectal Cancer AgeSex 001 013 002 249 | 001 026 002 260| 001 035 002 235 001 043 001 213
Rectal Cancer AgeSex+MET 0.01 012 002 235| 001 026 002 256 001 037 002 245]| 001 044 001 221
Rectal Cancer ASCVD 0.01 013 002 261 | 001 025 002 250 001 036 002 239]| 001 043 0.01 214
Rectal Cancer ASCVD+MET 0.01 011 001 227 | 001 025 002 253 001 036 002 238 | 001 044 0.01 220
Rectal Cancer PANEL(noB)+MET 001 012 001 232 001 024 002 239| 001 035 001 232 001 045 001 224
Rectal Cancer PANEL 001 013 002 256 001 025 002 245| 001 035 001 231 | 001 042 001 211
Rectal Cancer PANEL+MET 001 012 002 242 001 025 002 245| 001 035 002 234 001 043 001 215
Prostate Cancer MET 005 006 006 120 004 012 006 120| 004 017 006 1.17 | 004 023 005 1.14
Prostate Cancer AgeSex 008 009 009 19 | 007 019 009 18 | 006 028 009 183 006 035 008 175
Prostate Cancer AgeSex+MET 008 0.10 009 194 | 007 019 009 18| 007 028 009 187 | 006 035 008 176
Prostate Cancer ASCVD 008 0.10 009 205| 007 020 009 195| 007 028 009 186 | 006 036 008 180
Prostate Cancer ASCVD+MET 008 0.10 009 204 | 007 020 009 195| 007 028 009 18| 006 036 008 180
Prostate Cancer PANEL(noB)+MET 0.08 010 009 199 | 007 020 009 19 | 007 028 009 185| 0.06 037 009 183
Prostate Cancer PANEL 0.09 010 009 199 | 007 019 009 195 007 028 009 188 | 0.06 037 009 183
Prostate Cancer PANEL+MET 0.09 010 009 199 | 0.07 020 009 197 007 028 009 188 | 0.06 037 009 183
Breast Cancer MET 004 006 005 120 004 011 005 1.14| 004 018 005 120 004 023 005 117
Breast Cancer AgeSex 004 005 004 101 | 004 010 004 104| 004 016 004 105| 004 022 004 110
Breast Cancer AgeSex+MET 004 006 004 1.12| 004 012 005 1.16| 004 018 005 1.17| 004 023 005 116
Breast Cancer ASCVD 004 005 004 104 004 011 004 107| 004 016 004 106 004 022 004 1.09
Breast Cancer ASCVD+MET 004 005 004 103 004 011 004 1.10| 004 017 005 1.15| 004 022 004 1.12
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5% FPR 10% FPR 15% FPR 20% FPR
Breast Cancer PANEL(noB)+MET | 0.05 007 006 148 004 0.14 005 136] 004 020 005 136] 004 026 005 131
Breast Cancer PANEL 005 007 005 139] 004 014 005 137] 004 020 005 133] 004 026 005 130
Breast Cancer PANEL+MET 005 007 005 140 004 0.4 005 136| 004 020 005 133 004 026 005 131
Table 13: Sensitivity, positive predictive value, and positive likelihood ratios of the metabolomic state addition over
false-positive rate thresholds.
25% FPR 30% FPR | 35% FPR | 40% FPR
= £ = £ = £z = £

Endpoint Score ﬁ r;z:; & 5 ﬁ E & E ﬁ 5 & 5 ﬁ 5 : 5
MACE MET 008 048 0.3 190 007 054 013 18| 007 060 012 172 006 065 011 163
MACE AgeSex 008 052 0.4 207 007 058 0.3 193] 006 064 013 18| 006 070 012 174
MACE AgeSex-+MET 008 055 0.5 221 007 061 014 205| 006 068 0.3 193] 005 073 013 182
MACE ASCVD 008 056 0.5 224 007 063 0.4 209 006 069 0.14 197 005 074 013 184
MACE ASCVD+MET 008 057 0.5 226 007 064 014 212 006 069 014 198 005 075 013 187
MACE PANEL(noB)+MET | 0.08 057 0.5 226| 007 064 014 213| 006 069 014 193] 005 075 013 186
MACE PANEL 007 058 016 232| 007 064 015 214| 006 070 014 19| 005 075 013 187
MACE PANEL+MET 007 058 0.5 230| 007 064 014 213| 006 070 014 200| 005 075 013 188
CHD MET 009 046 014 1.85| 008 053 013 176 | 007 058 012 166 | 007 064 012 160
CHD AgeSex 008 047 0.4 18| 008 053 013 176 007 059 0.3 168 006 064 012 160
CHD AgeSex-+MET 008 051 0.5 204 008 057 014 191 007 063 013 179 006 068 013 171
CHD ASCVD 008 051 0.5 203| 008 057 014 191 007 063 013 18 | 006 068 013 171
CHD ASCVD+MET 008 052 0.5 209 008 059 0.4 195| 007 064 014 18| 006 070 013 174
CHD PANEL(noB)+MET | 008 053 0.5 210 007 059 0.4 196| 007 065 0.14 185 006 070 013 175
CHD PANEL 008 053 0.5 211 007 059 0.4 198 007 065 0.14 18 | 006 070 013 175
CHD PANEL+MET 008 054 0.5 214 007 060 015 199 | 007 065 014 18| 006 071 013 177
Cerebral Stroke MET 002 050 004 199| 002 056 003 1.8 | 001 062 003 176| 001 066 003 166
Cerebral Stroke AgeSex 002 054 004 217| 002 062 004 206| 002 068 004 195| 001 073 003 183
Cerebral Stroke AgeSex+MET 002 058 004 234| 002 065 004 218] 001 071 004 204| 001 076 003 191
Cerebral Stroke ASCVD 002 061 004 243| 002 067 004 222| 001 072 004 205| 001 077 003 192
Cerebral Stroke ASCVD+MET 002 062 004 248 002 068 004 227 001 073 004 209 001 078 004 196
Cerebral Stroke PANEL(noB)+MET | 002 061 004 244 002 068 004 228 001 073 004 210 001 079 004 196
Cerebral Stroke PANEL 002 063 005 252 002 069 004 230 001 074 004 212 001 078 004 195
Cerebral Stroke PANEL+MET 002 063 005 252 001 069 004 230 001 074 004 212 001 078 004 195
Dementia MET 002 046 004 18 002 051 003 171 001 056 003 161 001 061 003 153
Dementia AgeSex 002 055 004 220 002 060 004 202 002 065 004 18 | 002 069 003 172
Dementia AgeSex-+MET 002 055 004 221 002 061 004 204 002 066 004 19| 001 070 004 176
Dementia ASCVD 002 056 005 224| 002 062 004 205| 002 067 004 191 002 071 004 177
Dementia ASCVD+MET 002 056 004 222| 002 062 004 206| 002 067 004 191| 001 071 004 178
Dementia PANEL(noB)*MET | 0.02 057 005 228[ 002 063 004 210] 002 068 004 1.94] 001 071 004 1.79
Dementia PANEL 0.02 058 005 233] 002 064 004 212 002 068 004 194] 001 072 004 1.80
Dementia PANEL+MET 002 058 005 231 002 063 004 209 002 068 004 193] 001 072 004 179
Heart Failure MET 003 053 007 214 003 059 007 198 002 064 006 18| 002 068 006 171
Heart Failure AgeSex 004 051 007 205| 004 058 007 194 003 064 006 18 003 069 006 172
Heart Failure AgeSex-+MET 003 058 008 233 003 063 007 211 003 069 007 196 002 074 006 184
Heart Failure ASCVD 003 056 008 223| 003 062 007 207 003 067 007 192 003 072 006 179
Heart Failure ASCVD+MET 003 059 008 236 003 065 007 216 003 069 007 198 002 074 006 1.85
Heart Failure PANEL(noB)+MET | 0.03 061 008 242| 003 066 007 221 | 003 071 007 202| 002 075 006 188
Heart Failure PANEL 003 062 008 247| 003 067 008 224| 003 072 007 205| 002 076 006 1.89
Heart Failure PANEL+MET 003 062 008 246| 003 068 008 225| 002 072 007 206| 002 076 007 191
Atrial Fibrillation MET 006 049 010 1.94| 005 055 010 1.84| 004 061 009 173| 004 065 009 1.63
Atrial Fibrillation AgeSex 006 057 012 227] 005 064 011 213 | 005 069 011 199 | 004 075 010 1.87
Atrial Fibrillation AgeSex-+MET 006 059 0.2 234 005 065 012 218 004 071 011 203| 004 077 010 191
Atrial Fibrillation ASCVD 006 058 0.2 234 005 065 012 218 004 071 011 203| 004 076 0.10 190
Atrial Fibrillation ASCVD+MET 006 059 0.2 237 005 065 012 218 004 072 011 205| 004 077 010 192
Atrial Fibrillation PANEL(noB)+MET | 0.06 062 0.3 249 005 068 0.2 227 004 074 011 211 004 078 011 196
Atrial Fibrillation PANEL 005 063 0.3 252 005 069 012 231 004 075 011 214 004 079 011 197
Atrial Fibrillation PANEL+MET 005 063 013 252 005 069 012 231] 004 075 011 213] 003 079 011 197
T2 Diabetes MET 004 073 013 294| 003 078 012 261 | 003 08 011 234| 002 08 010 213
T2 Diabetes AgeSex 005 038 007 153| 005 045 007 150 | 004 051 007 147| 004 057 007 142
T2 Diabetes AgeSex+MET 004 073 013 294| 003 078 012 261 | 002 08 011 235| 002 08 010 214
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25% FPR 30% FPR 35% FPR 40% FPR
T2 Diabetes ASCVD 005 056 010 226 005 063 009 209 ]| 004 069 009 196 004 0.74 0.08 1.84
T2 Diabetes ASCVD+MET 004 074 013 295 003 079 0.2 263 | 002 083 0.11 236| 002 086 0.10 2.14
T2 Diabetes PANEL(noB)+MET 004 078 0.13 310 003 082 0.12 272| 002 08 0.11 245 | 002 08 0.10 221
T2 Diabetes PANEL 004 080 014 319| 003 084 012 279| 003 087 011 248 | 0.02 089 010 224
T2 Diabetes PANEL+MET 0.04 081 014 324| 003 085 012 284 | 002 088 011 252| 002 091 010 226
Liver Disease MET 005 046 009 186 | 004 052 009 173 | 004 057 008 162 | 004 061 008 154
Liver Disease AgeSex 005 035 007 140 005 041 007 137 004 047 007 133 004 052 007 129
Liver Disease AgeSextMET 005 047 009 187 004 052 009 1.75] 004 058 0.08 1.65| 004 0.63 0.08 1.56
Liver Disease ASCVD 005 042 008 1.67| 004 048 008 159 | 004 053 008 151 004 058 007 145
Liver Disease ASCVD+MET 005 047 009 18| 004 053 009 176 004 058 008 167 | 004 063 008 157
Liver Disease PANEL(noB)+MET 005 049 010 195| 004 054 009 180 | 004 060 009 171 | 004 065 008 1.62
Liver Disease PANEL 005 051 010 203| 004 056 009 187 | 004 062 009 176 004 066 0.08 1.65
Liver Disease PANEL+MET 005 051 010 2.05| 004 056 009 188 | 004 062 0.09 176 | 004 0.66 0.08 1.66
Renal Disease MET 0.10 049 0.19 197 009 055 0.18 1.8 | 008 059 0.17 170 | 0.08 0.64 0.16 1.60
Renal Disease AgeSex 011 045 018 180 | 011 051 017 170 | 0.10 057 016 162 | 010 062 016 155
Renal Discase AgeSex+MET 0.10 053 020 210| 009 058 019 194| 009 063 018 180 | 0.08 068 017 1.69
Renal Disease ASCVD 011 049 019 197 | 010 055 018 183 | 009 060 017 172 | 0.09 065 016 1.63
Renal Disease ASCVD+MET 010 053 020 213 | 009 059 019 196 | 009 064 0.18 183 | 008 068 0.17 171
Renal Disease PANEL(noB)+MET 0.10 054 021 215 009 059 0.19 198 | 008 064 0.18 184 | 008 069 0.17 172
Renal Disease PANEL 0.10 055 021 222 009 060 0.19 201 | 009 065 0.18 185 | 008 0.69 0.17 174
Renal Disease PANEL+MET 0.10 056 021 223 | 009 061 020 203| 008 065 018 187 | 008 070 0.17 175
PAD MET 003 048 007 191 003 053 006 178 | 003 059 006 168 | 002 064 005 159
PAD AgeSex 004 048 007 192| 003 054 006 18| 003 061 006 174 003 066 006 1.65
PAD AgeSex+MET 004 053 007 211 | 003 059 007 196 | 003 064 006 183 003 069 006 1.72
PAD ASCVD 004 052 007 210| 003 058 007 194| 003 063 006 181 | 003 069 006 171
PAD ASCVD+MET 0.03 055 007 220| 003 060 007 201 0.03 065 006 185| 0.02 069 006 173
PAD PANEL(noB)+MET 0.03 055 007 222| 003 061 007 203| 003 065 006 186 | 002 069 006 173
PAD PANEL 003 055 007 220 003 061 007 202 003 066 006 18| 003 071 006 177
PAD PANEL+MET 003 056 0.08 224 003 062 0.07 205| 003 066 006 188 | 002 070 0.06 1.76
Ven. Thrombosis MET 002 039 003 157 002 045 003 151 002 051 002 146| 001 056 0.02 140
Ven. Thrombosis AgeSex 002 037 002 148 | 002 043 002 143 002 050 002 142 002 055 002 137
Ven. Thrombosis AgeSex+MET 002 042 003 167 002 048 003 161 | 002 054 003 154 001 059 002 147
Ven. Thrombosis ASCVD 002 039 003 158 002 045 003 150 | 002 051 0.02 146 002 056 0.02 140
Ven. Thrombosis ASCVD+MET 002 042 003 1.68| 002 048 003 160 | 002 055 003 156 001 060 003 149
Ven. Thrombosis PANEL(noB)+MET 002 046 003 184 | 002 052 003 1.75| 002 057 003 164 001 063 003 157
Ven. Thrombosis PANEL 002 045 003 181 | 002 052 003 172| 002 058 003 165| 001 064 003 159
Ven. Thrombosis PANEL+MET 002 046 003 184 | 002 053 003 176| 002 059 003 167 | 001 064 003 1.60
AAA MET 001 055 002 221 | 001 063 002 208]| 001 070 002 200| 000 075 001 1.86
AAA AgeSex 001 069 002 277 | 001 076 002 251 | 001 08 002 231 000 084 002 209
AAA AgeSextMET 001 070 002 28| 001 076 002 253| 000 08 002 232 000 084 002 209
AAA ASCVD 001 072 002 288 001 077 002 257 | 000 082 002 235| 000 084 002 211
AAA ASCVD+MET 001 071 002 28| 001 076 002 254 000 08 002 232 000 085 002 212
AAA PANEL(noB)+MET 001 072 002 28| 001 077 002 256 000 082 002 233 000 085 002 212
AAA PANEL 001 072 002 28| 001 078 002 259 000 082 002 233 000 085 002 212
AAA PANEL+MET 001 072 002 287 001 077 002 256 | 000 08 002 232 000 085 002 212
COPD MET 009 045 0.3 179 | 008 050 0.13 168 | 007 056 0.12 159 007 061 012 152
COPD AgeSex 0.09 038 0.11 1.51 0.09 044 0.11 147 | 0.08 050 0.11 143 | 0.08 056 0.11 1.39
COPD AgeSex+MET 009 047 014 186 | 008 053 013 177 | 007 058 013 167 | 007 063 012 157
COPD ASCVD 008 046 014 183 | 008 052 013 173 | 007 057 012 162| 007 062 012 155
COPD ASCVD+MET 008 050 0.15 199 008 055 0.14 185 | 007 061 013 174 007 065 0.12 1.63
COPD PANEL(noB)+MET 008 051 0.15 204 008 056 0.14 188 | 007 061 0.13 1.75| 007 0.66 0.12 1.64
COPD PANEL 008 051 015 204 | 008 056 0.14 188 | 007 061 013 175 007 066 0.12 1.65
COPD PANEL+MET 008 052 0.5 207 008 057 0.4 190 | 007 062 0.13 176 | 006 0.67 0.12 1.66
Asthma MET 004 036 005 145 004 042 005 141 | 004 047 005 135 003 053 005 133
Asthma AgeSex 004 031 005 123 004 037 005 122 004 042 005 120 004 048 004 1.19
Asthma AgeSex+MET 004 037 006 149 | 004 044 005 145| 004 049 005 140 003 053 005 133
Asthma ASCVD 004 035 005 140 004 040 005 135| 004 046 005 131 | 003 050 005 125
Asthma ASCVD+MET 004 038 006 153 | 004 043 005 144 | 004 048 005 138 | 0.03 054 005 136
Asthma PANEL(noB)+MET 004 041 006 163 | 004 047 006 155| 004 052 006 148 | 003 056 005 141
Asthma PANEL 0.04 041 006 163 | 004 046 006 154| 003 052 006 149 | 003 057 005 143
Asthma PANEL+MET 004 041 006 1.65| 004 047 006 155| 004 052 006 149 003 057 005 142
Parkinson’s MET 001 043 001 1.74| 000 049 001 163 | 000 054 001 156 000 058 001 145
Parkinson’s AgeSex 001 059 001 235 001 067 001 224| 000 075 0.01 214| 000 0.78 0.01 1.96
Parkinson’s AgeSex+MET 001 058 001 232 001 067 001 222] 000 072 0.01 206 000 078 0.01 1.96
Parkinson’s ASCVD 001 059 001 237 001 067 001 222| 000 074 0.01 212| 000 0.79 0.01 1.96
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25% FPR 30% FPR 35% FPR 40% FPR
Parkinson’s ASCVD+MET 001 059 001 234 001 068 001 226 000 072 001 207 000 078 001 195
Parkinson’s PANEL(noB)+MET 001 059 001 238 001 066 001 221 | 000 072 001 206| 000 077 001 192
Parkinson’s PANEL 001 060 001 239| 001 066 001 220 000 071 001 204 000 076 0.01 1.90
Parkinson’s PANEL+MET 0.01 060 001 238| 000 066 001 218| 000 070 001 201 | 000 075 0.01 1.88
Cataracts MET 0.10 042 015 170 | 0.09 049 015 164 | 008 055 014 157 | 0.08 060 0.14 150
Cataracts AgeSex 0.10 058 020 232 009 064 019 214| 008 071 018 202| 007 076 017 189
Cataracts AgeSextMET 0.10 058 020 233 009 065 019 216 008 071 018 203 007 077 017 191
Cataracts ASCVD 0.10 059 020 237 009 066 0.19 219 | 008 072 0.18 205 007 076 0.17 191
Cataracts ASCVD+MET 0.10 059 020 236 009 066 0.19 219 008 071 018 204 | 007 077 017 192
Cataracts PANEL(noB)+MET 0.10 059 020 236 009 066 019 219 008 072 018 205 007 077 017 192
Cataracts PANEL 0.10 059 020 238 | 009 066 019 220 008 072 018 207 | 007 077 017 192
Cataracts PANEL+MET 0.10 059 020 237 009 066 0.19 220 | 008 072 0.18 206 | 007 077 0.17 193
Glaucoma MET 002 032 003 130 002 038 003 128 | 002 044 003 126 | 002 050 0.03 124
Glaucoma AgeSex 003 044 004 1.77| 002 051 004 169 | 002 056 004 160 | 002 063 004 157
Glaucoma AgeSex+MET 0.03 044 004 1.74| 002 050 004 166 | 002 057 004 162| 002 062 004 156
Glaucoma ASCVD 003 045 004 1.79| 002 052 004 173 | 002 058 004 165| 002 063 004 158
Glaucoma ASCVD+MET 003 045 004 1.78| 002 051 004 169 002 057 004 162 002 063 004 157
Glaucoma PANEL(noB)+MET 003 045 004 179 | 002 050 004 168 | 002 057 004 162 002 063 004 156
Glaucoma PANEL 003 044 004 175 002 050 004 168 | 002 057 004 162 002 063 004 157
Glaucoma PANEL+MET 003 044 004 175 002 050 0.04 1.67 | 002 056 0.04 161 | 002 062 0.04 154
Fractures MET 008 035 0.10 141 | 007 041 010 137 007 047 010 134 | 007 052 009 130
Fractures AgeSex 0.08 039 0.11 156 | 0.07 044 0.11 1.48 | 0.07 050 010 1.42] 0.07 055 010 137
Fractures AgeSex+MET 008 039 0.1 157 | 007 046 0.11 1.52| 0.07 051 010 145] 0.07 056 0.10 141
Fractures ASCVD 008 039 0.11 155 007 045 0.11 1.49 | 0.07 050 0.10 1.43] 0.07 055 010 1.38
Fractures ASCVD+MET 0.08 039 0.11 1.58 | 0.07 045 0.11 1.51 0.07 051 0.11 146 | 0.07 056 0.10 1.41
Fractures PANEL(noB)+MET 0.08 039 0.11 1.56 | 0.07 046 0.11 1.53 | 0.07 051 0.11 146 | 0.07 056 0.10 1.41
Fractures PANEL 0.08 040 0.11 1.61 [ 007 046 0.11 1.54 | 007 052 0.11 148 | 0.07 057 010 143
Fractures PANEL+MET 0.08 040 0.11 161 007 046 0.11 1.54 ] 0.07 052 0.11 148 | 0.07 057 0.10 143
Lung Cancer MET 001 054 002 217 001 060 002 200 | 001 065 002 185 001 069 002 171
Lung Cancer AgeSex 001 048 002 192 001 055 002 184 | 001 061 002 173 001 068 002 170
Lung Cancer AgeSex+MET 001 059 003 236 001 066 002 219 001 070 002 201 001 077 002 192
Lung Cancer ASCVD 001 065 003 260 001 071 002 235| 001 075 002 215 001 079 002 197
Lung Cancer ASCVD+MET 001 067 003 267 001 072 003 239 001 077 002 220 001 081 002 202
Lung Cancer PANEL(noB)+MET 001 069 003 275 001 073 003 245| 001 078 002 223 001 081 002 203
Lung Cancer PANEL 001 069 003 277 001 074 003 246 001 078 002 224 | 001 082 002 206
Lung Cancer PANEL+MET 0.01 069 003 276| 001 074 003 246| 001 078 002 223 | 001 081 002 204
Skin Cancer MET 0.04 034 006 136| 004 040 006 133 | 004 046 006 132| 0.04 051 005 128
Skin Cancer AgeSex 0.05 046 008 185 | 004 053 007 176| 004 059 007 168 | 004 064 007 1.60
Skin Cancer AgeSextMET 005 046 008 184 | 004 053 007 175| 004 059 007 168 | 004 064 007 1.60
Skin Cancer ASCVD 005 046 008 184 | 004 053 007 176 004 059 007 169 | 004 065 007 162
Skin Cancer ASCVD+MET 005 046 008 184 004 053 007 176 | 004 059 007 168 | 004 064 007 161
Skin Cancer PANEL(noB)+MET 005 047 008 1.8 004 053 007 177 | 004 059 007 170 004 065 007 1.63
Skin Cancer PANEL 005 047 008 1.8 | 004 053 007 177 | 004 059 007 170 004 065 007 1.63
Skin Cancer PANEL+MET 005 046 008 186 | 004 053 007 176 | 004 059 007 170 004 065 007 1.63
Colon Cancer MET 001 039 002 156 001 045 002 150 | 001 050 001 142 001 055 001 138
Colon Cancer AgeSex 001 048 002 190 001 055 002 18| 001 060 002 172 001 066 002 165
Colon Cancer AgeSex+MET 0.01 048 002 192| 001 055 002 183 | 001 061 002 173 | 001 066 002 1.66
Colon Cancer ASCVD 0.01 049 002 195| 001 055 002 184 | 001 060 002 172 | 0.01 066 002 1.66
Colon Cancer ASCVD+MET 0.0l 048 002 19 | 001 055 002 18| 001 060 002 172| 001 066 002 165
Colon Cancer PANEL(noB)+MET 001 048 002 191 001 055 002 18| 001 061 002 173 001 067 002 167
Colon Cancer PANEL 001 048 002 192 001 056 002 187 | 001 062 002 176 001 067 002 167
Colon Cancer PANEL+MET 001 047 002 190 001 055 002 183 | 001 060 002 172| 001 066 0.02 1.64
Rectal Cancer MET 0.01 038 0.01 1.54 | 0.01 044 001 1.48)| 0.01 051 001 1.46]| 0.01 057 001 142
Rectal Cancer AgeSex 001 049 001 198 | 001 056 001 186 | 001 062 001 178 001 068 001 1.69
Rectal Cancer AgeSex+MET 001 052 001 207 001 056 001 188 | 001 061 001 175 001 067 001 168
Rectal Cancer ASCVD 001 049 001 196 001 055 001 184 | 001 063 001 180 | 001 068 001 170
Rectal Cancer ASCVD+MET 001 052 001 207 001 056 0.01 1.86 | 0.01 0.61 0.01 1751 0.01 0.67 0.01 1.67
Rectal Cancer PANEL(noB)+MET 0.01 051 001 203| 001 056 001 1.88 | 0.01 0.62 0.01 1.77 | 0.01 0.67 0.01 1.68
Rectal Cancer PANEL 0.01 049 0.01 196 | 0.01 054 0.01 1.80 [ 0.01 0.61 0.01 1.75 | 0.01 0.68 0.01 1.70
Rectal Cancer PANEL+MET 0.01 049 001 198 | 0.01 054 0.01 1.82 1 0.01 0.61 0.01 1.74 1 001 0.67 0.01 1.67
Prostate Cancer MET 004 029 005 1.14| 004 034 006 1.14| 004 041 006 116 | 004 046 006 1.16
Prostate Cancer AgeSex 005 044 008 176 005 052 008 172 | 005 059 008 169 004 065 008 1.63
Prostate Cancer AgeSex+MET 005 044 008 1.78| 005 052 008 172 005 059 0.08 169 | 004 065 0.08 1.64
Prostate Cancer ASCVD 005 045 008 178 005 052 008 1.73| 005 059 008 170 | 0.04 0.66 0.08 1.64
Prostate Cancer ASCVD+MET 005 045 008 179 005 052 008 173 | 005 059 008 170 004 066 0.08 1.65
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Prostate Cancer PANEL(noB)+MET 005 046 008 182 | 005 053 008 1.78| 005 060 008 170 | 004 066 0.08 1.65
Prostate Cancer PANEL 005 045 008 180 | 005 053 008 1.75| 004 060 008 172 004 067 008 1.67
Prostate Cancer PANEL+MET 005 045 008 1.8 | 005 053 008 1.75| 004 060 008 172 004 067 008 1.67
Breast Cancer MET 0.04 030 005 1.19| 003 034 005 1.15| 003 039 004 1.12| 003 044 004 1.09
Breast Cancer AgeSex 004 028 004 1.13| 004 034 004 1.13| 004 040 004 1.13| 004 046 005 1.14
Breast Cancer AgeSex+MET 004 029 005 1.15| 004 034 004 1.13| 004 040 005 1.14| 003 046 005 1.14
Breast Cancer ASCVD 004 027 004 1.10| 004 034 004 112 004 040 005 1.14| 003 045 0.05 1.14
Breast Cancer ASCVD+MET 004 028 004 1.13| 004 034 004 1.13| 004 040 0.04 1.13| 003 046 0.05 1.14
Breast Cancer PANEL(noB)+MET 004 033 005 130 004 038 005 127 | 004 044 005 125| 003 048 0.05 120
Breast Cancer PANEL 004 032 005 128 004 038 005 125| 004 043 005 122 003 048 005 121
Breast Cancer PANEL+MET 004 032 005 129 004 038 005 125| 004 043 0.05 123| 003 048 0.05 1.20
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3 Metabolomic profiles predict individual multi-disease outcomes

Table 14: Top 25 metabolites per endpoint.

MACE CHD Cerebral Stroke Dementia Heart Failure Atrial Fibrillation T2 Diabetes Liver Dis-
ease
1 Creatinine Creatinine Creatinine LA LA Creatinine Glucose GlycA
2 Albumin Albumin LA Albumin Albumin LA Lactate LA
3 Gly Gly Albumin Gln Creatinine Gly LA Albumin
4 LA LA Gln GlycA GlycA Albumin Tyr MUFA
5 Gln Gln Gly Creatinine Tyr Tyr Albumin Tyr
6 GlycA GlycA XXL-VLDL-CE Leu Gly Gln Gly SFA
7 XL-HDL-FC XXL-VLDL-CE XL-HDL-FC Glucose XXL-VLDL-CE XXL-VLDL-CE GlycA XXL-
VLDL-CE
8 Tyr XL-HDL-FC SFA MUFA MUFA Acetoacetate Leu Leu
9 XXL-VLDL-CE MUFA MUFA SFA Glucose SFA DHA Gly
10 SFA SFA Tyr XXL-VLDL-CE SFA Acetone L-LDL-TG XL-HDL-FC
11 Acetoacetate Tyr S-LDL-PL Tyr Gln MUFA S-LDL-PL XS-VLDL-
FC
12 MUFA Acetoacetate Acetoacetate XL-HDL-FC Leu Leu SFA Glucose
13 S-LDL-PL S-LDL-PL GlycA Total BCAA XL-HDL-FC XL-HDL-FC XL-HDL-FC L-LDL-TG
14 IDL-FC Glucose Glucose Acetoacetate XS-VLDL-FC Lactate LDL-TG Total-FA
15 Leu L-LDL-TG Acetone S-LDL-PL S-LDL-PL IDL-FC XXL-VLDL-CE Lactate
16 Acetone Total-FA Leu XS-VLDL-FC Acetoacetate LDL size MUFA LDL-TG
17 Lactate DHA His Val Acetone S-LDL-PL XS-VLDL-FC DHA
18 Glucose IDL-FC LDL size Acetone DHA Glucose Total-FA Creatinine
19 XS-VLDL-FC M-VLDL-CE Lactate Citrate L-LDL-TG Tle His Sphingomyelins
20 His LDL-TG IDL-FC bOHbutyrate IDL-FC His Unsaturation M-VLDL-
CE
21 DHA Acetone M-VLDL-CE Total-FA Total-FA M-VLDL-CE M-HDL-TG S-LDL-PL
22 M-VLDL-CE XS-VLDL-FC Total-FA L-LDL-TG Lactate XS-VLDL-FC M-VLDL-CE IDL-FC
23 Total-FA Leu XS-VLDL-FC IDL-FC His Citrate L-HDL-TG XS-VLDL-
PL
24 Cholines Lactate S-LDL-CE LDL-TG LDL-TG Cholines VLDL-CE S-LDL-CE
25 L-LDL-TG His XXL-VLDL-C Sphingomyelins S-LDL-CE S-LDL-CE XS-VLDL-PL Acetoacetate
Renal Disease PAD Ven. Thrombosis AAA COPD Asthma Parkinson’s Cataracts
1 Creatinine Creatinine Albumin Creatinine GlycA GlycA Creatinine Albumin
2 Albumin LA LA Gln Albumin Albumin LA Tyr
3 LA Gln Creatinine Gly LA LA Gln Gln
4 GlycA Albumin GlycA LA MUFA Tyr Gly LA
5 MUFA GlycA Tyr Tyr Gln MUFA Acetoacetate Leu
6 XXL-VLDL-CE XXL-VLDL-CE Gln XXL-VLDL-CE Tyr SFA XXL-VLDL-CE XXL-
VLDL-CE
7 SFA Gly Gly Acetoacetate DHA Leu Citrate Citrate
8 Leu Tyr XXL-VLDL-CE XL-HDL-FC SFA XXL-VLDL-CE Albumin Glucose
9 Glucose Acetoacetate SFA Albumin XXL-VLDL-CE DHA XL-HDL-FC GlycA
10 Tyr MUFA MUFA SFA S-LDL-PL Gln Acetone Unsaturation
11 His SFA His Acetone Total-FA Total-FA Tyr IDL-FC
12 XS-VLDL-FC XL-HDL-FC XL-HDL-FC S-LDL-PL Sphingomyelins S-LDL-PL SFA SFA
13 Total-FA Leu IDL-FC Lactate XL-HDL-FC XS-VLDL-FC Glucose MUFA
14 XL-HDL-FC S-LDL-PL Leu MUFA Creatinine His LDL size His
15 IDL-FC Lactate DHA LDL size XS-VLDL-FC Glucose S-LDL-PL Total-FA
16 Sphingomyelins XS-VLDL-FC Acetoacetate Cholines Leu XL-HDL-FC Leu Omega-3
17 Citrate Acetone LDL size IDL-FC Acetoacetate Sphingomyelins MUFA S-LDL-PL
18 S-LDL-CE S-LDL-CE XS-VLDL-FC IDL-P Lactate Total BCAA IDL-FC XS-VLDL-
FC
19 LDL size XXL-VLDL-C S-LDL-PL DHA L-LDL-TG L-LDL-TG IDL-P XL-HDL-FC
20 M-VLDL-CE DHA Total-FA M-VLDL-CE IDL-FC LDL-TG XS-VLDL-FC M-VLDL-
CE
21 DHA IDL-P S-LDL-TG LDL-TG XXL-VLDL-C Ala Lactate XXL-
VLDL-C
22 Total BCAA M-VLDL-CE M-VLDL-CE M-HDL-PL LDL-TG XS-VLDL-PL S-LDL-CE LDL size
23 Acetoacetate Total BCAA Sphingomyelins S-VLDL-TG Total BCAA IDL-FC Cholines Acetoacetate
24 Gln Total-FA S-LDL-CE Leu Val Lactate M-VLDL-CE Creatinine
25 XXL-VLDL-C LDL size Pyruvate L-LDL-TG XS-VLDL-PL Phe XXL-VLDL-C Total BCAA
Glaucoma Fractures Skin Cancer Colon Cancer Rectal Cancer Prostate Cancer Breast Can-

Lung Cancer ‘

cer
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Table 14 continued from previous page

Glaucoma Fractures Lung Cancer Skin Cancer Colon Cancer Rectal Cancer Prostate Cancer Breast Can-

cer

1 Albumin Creatinine GlycA Creatinine LA Creatinine LA LA

2 Glucose Gly LA Albumin Albumin LA Albumin Albumin

3 Creatinine Glucose Gln LA Creatinine Albumin Creatinine Creatinine

4 XXL-VLDL-CE GlycA Albumin Gln XXL-VLDL-CE Gln Gln Gln

5 LA Albumin MUFA XXL-VLDL-CE Gln XXL-VLDL-CE GlycA GlycA

6 Tyr Lactate XXL-VLDL-CE Gly GlycA Gly XXL-VLDL-CE XXL-
VLDL-CE

7 Gly Val XL-HDL-FC Omega-3 Leu Tyr Gly Gly

8 Gln LA SFA Tyr Tyr Acetoacetate Tyr Tyr

9 XL-HDL-FC Tyr S-LDL-PL S-LDL-PL MUFA XL-HDL-FC MUFA MUFA

10 Unsaturation MUFA Lactate XL-HDL-FC S-LDL-PL S-LDL-PL SFA SFA

11 SFA Total BCAA Sphingomyelins Citrate SFA LDL size Acetoacetate Acetoacetate

12 Leu Leu DHA Acetone XL-HDL-FC SFA S-LDL-PL S-LDL-PL

13 Acetoacetate Unsaturation L-LDL-TG LDL size Acetoacetate GlycA XL-HDL-FC XL-HDL-FC

14 GlycA XS-VLDL-PL Val SFA LDL size Leu XS-VLDL-FC XS-VLDL-
FC

15 XXL-VLDL-C XS-VLDL-FC Acetoacetate Leu Gly MUFA IDL-FC IDL-FC

16 IDL-FC bOHbutyrate XS-VLDL-FC XXL-VLDL-C Acetone Acetone Lactate Lactate

17 MUFA His Leu Unsaturation Total-FA IDL-FC S-LDL-CE S-LDL-CE

18 S-LDL-PL XS-VLDL-CE LDL-TG Acetoacetate XXL-VLDL-C Total-FA His His

19 Citrate M-HDL-C Total BCAA IDL-FC Total BCAA M-VLDL-CE Leu Leu

20 Total-FA SFA Total-FA His Lactate XXL-VLDL-C Glucose Glucose

21 LDL size Citrate XXL-VLDL-C M-VLDL-CE M-VLDL-CE His Total-FA Total-FA

22 XS-VLDL-FC XL-HDL-TG Creatinine Cholines IDL-FC Cholines Acetone Acetone

23 M-VLDL-CE Acetoacetate XS-VLDL-PL L-VLDL-TG XS-VLDL-FC Lactate L-LDL-TG L-LDL-TG

24 Pyruvate XXL-VLDL-CE IDL-FC S-VLDL-TG Glucose S-HDL-P XL-VLDL-CE XL-VLDL-
CE

25 Omega-3 S-HDL-PL Acetone IDL-PL S-LDL-CE S-LDL-CE Cholines Cholines

322



4 Medical history predicts future health trajectories over the human phenome

4 Medical history predicts future health trajectories over the human

phenome

323



Supplementary Tables

Table 15: Incident event counts per 10% Quantile and absolute incident event count for all endpoints.

Endpoint 1 2 3 4 5 6 7 8 9 10 Total
OMOP_4306655 162 309 480 706 1205 1736 2688 4837 8200 17374 37697
phecode_001 13 12 21 23 27 28 45 59 61 88 377
phecode_002 167 226 296 374 408 471 589 698 978 2374 6587
phecode_002-1 133 164 223 262 327 308 390 531 707 1864 4909
phecode_003 394 504 604 574 680 761 838 1060 1414 2858 9687
phecode 004 215 263 297 342 381 419 387 456 689 1398 4847
phecode_004-1 33 29 45 55 63 59 83 94 108 294 863
phecode_004-2 15 17 21 19 22 28 41 26 40 103 332
phecode_004-3 7 16 12 15 22 24 37 45 40 176 394
phecode_005 26 46 36 42 49 66 68 79 119 256 787
phecode_005-1 24 21 22 37 35 43 63 56 81 211 593
phecode_005-2 7 9 11 7 13 10 20 23 32 82 214
phecode_007 21 20 33 38 46 69 56 74 121 449 927
phecode_007-1 20 20 30 33 48 65 58 68 122 443 907
phecode_008 12 41 158 219 242 313 389 437 554 888 3253
phecode_009 41 38 56 58 94 129 180 203 286 990 2075
phecode 010 4 15 32 36 30 34 43 65 87 222 568
phecode 011 28 26 38 55 64 95 141 143 200 539 1329
phecode_012 13 14 16 15 30 54 61 63 134 385 785
phecode_015 66 60 103 109 133 160 154 152 283 619 1839
phecode_015-2 52 45 82 89 111 142 145 148 251 597 1662
phecode_019 4 3 4 1 9 16 13 21 17 82 170
phecode_020 12 14 50 42 69 59 78 102 123 165 714
phecode_020-1 12 14 50 41 68 57 83 98 127 161 711
phecode_024 2 4 26 21 41 32 32 52 53 66 329
phecode_025 22 17 27 31 42 60 72 77 127 273 748
phecode 030 56 99 164 234 282 346 466 532 665 1013 3857
phecode 050 8 13 19 20 31 39 30 27 31 54 272
phecode_050-4 1 2 10 10 20 23 22 31 34 28 181
phecode_052 207 455 2100 2743 3124 3523 3881 4470 4935 6351 31789
phecode_052-1 64 141 286 419 496 579 753 936 1214 1948 6836
phecode_052-3 130 368 1800 2375 2804 3048 3456 3723 4236 5290 27230
phecode_052-31 8 18 45 55 70 67 95 74 73 131 636
phecode_052-32 126 386 1762 2316 2772 3041 3424 3721 4216 5293 27057
phecode_052-4 10 15 10 19 20 19 23 22 38 42 218
phecode_052-5 15 15 16 13 14 16 15 29 36 92 261
phecode_054 45 61 61 60 69 91 74 89 94 268 912
phecode_054-2 6 15 16 11 19 18 35 19 40 138 317
phecode_054-3 6 10 15 12 17 20 19 17 26 138 280
phecode_054-31 5 13 13 14 14 20 15 17 25 147 283
phecode_054-5 8 7 9 10 8 16 8 8 15 15 104
phecode_055 7 9 20 29 38 41 52 64 70 98 428
phecode_055-1 7 8 19 30 33 36 51 60 66 96 406
phecode_056 79 183 1106 1450 1814 1950 2269 2648 3032 4029 18560
phecode_056-1 12 61 332 436 577 650 763 950 1025 1459 6265
phecode_057 0 4 3 7 5 12 21 24 31 90 197
phecode_057-1 0 3 3 8 2 11 19 25 29 90 190
phecode_058 6 15 13 12 15 24 24 20 51 103 283
phecode 058-1 6 12 13 10 16 20 21 21 41 98 258
phecode_059 240 262 370 515 591 748 930 1092 1338 2041 8127
phecode_059-1 226 259 348 491 586 710 898 1092 1288 2013 7911
phecode_060 10 13 7 9 14 9 12 11 19 27 131
phecode_061 147 182 202 246 272 301 372 436 603 1105 3866
phecode_066 2 1 12 11 11 12 14 20 27 42 152
phecode_069 5 9 8 15 9 15 13 20 28 70 192
phecode_070 524 747 1142 1486 1835 2218 2851 3599 4699 8043 27144
phecode_074 7 8 11 7 17 28 27 28 41 237 411
phecode_076 2 5 8 4 9 20 20 18 19 80 185
phecode_084 26 39 108 158 168 199 271 321 334 592 2216
phecode 084-2 6 3 12 10 18 23 23 29 50 132 306
phecode_084-4 0 0 1 1 3 12 13 38 82 229 379
phecode_084-6 13 13 30 44 44 62 67 68 82 119 542
phecode_084-7 7 7 19 32 32 49 56 64 60 83 409
phecode_086 11 33 122 131 157 179 198 265 276 549 1921
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Table 15 continued from previous page

Endpoint 1 2 3 4 5 6 7 8 9 10 Total
phecode_088 21 30 98 117 112 155 222 292 423 730 2200
phecode_089 2368 2827 5851 8417 9854 11100 12058 13483 15011 18377 99346
phecode_089-1 1817 2186 2415 2486 2899 3253 3813 4561 5432 9045 37907
phecode_089-2 988 1289 4107 5970 6867 7830 8476 9624 11040 13726 69917
phecode_089-3 644 1121 3482 4706 5591 6298 7150 8074 9572 12941 59579
phecode 091 12 12 14 10 10 16 25 33 47 119 298
phecode 092 373 541 664 874 987 1273 1679 1946 2641 5573 16551
phecode_092-1 12 21 31 37 39 47 64 80 121 319 771
phecode_092-2 362 534 668 844 973 1247 1657 1920 2601 5484 16290
phecode_092-8 0 1 1 9 6 10 12 17 21 55 132
phecode_095 70 88 88 129 150 152 196 258 374 750 2255
phecode_096 39 75 162 226 257 287 328 378 528 891 3171
phecode_097 3 10 40 61 60 67 118 133 221 514 1227
phecode_097-1 3 7 35 45 54 66 100 118 212 454 1094
phecode_098 71 108 133 150 200 231 265 296 478 1184 3116
phecode_098-2 0 2 9 3 10 8 7 17 28 70 154
phecode 099 43 93 241 358 461 639 751 1044 1429 2338 7397
phecode 100 87 108 123 172 170 182 246 272 313 609 2282
phecode_100-1 24 46 40 54 70 67 75 66 98 206 746
phecode_100-12 21 24 28 34 59 42 43 41 67 122 481
phecode_100-2 15 12 20 16 35 44 52 49 63 128 434
phecode_100-5 7 7 6 10 14 8 9 13 14 17 105
phecode_100-6 2 5 5 11 11 20 29 47 68 163 361
phecode_100-7 4 3 4 4 7 6 7 10 16 67 128
phecode_100-8 5 8 1 8 9 4 10 13 14 29 101
phecode_100-9 17 18 16 22 13 19 21 22 18 37 203
phecode_101 463 616 867 1007 1248 1424 1729 2188 2407 3586 15535
phecode_101-1 15 26 51 62 93 116 148 257 306 580 1654
phecode _101-2 16 46 48 81 83 117 137 206 240 433 1407
phecode_101-21 7 10 13 23 36 48 64 105 123 218 647
phecode_101-3 15 18 31 34 32 60 48 54 67 132 491
phecode_101-4 276 365 522 615 709 822 1002 1105 1193 1442 8051
phecode_101-41 197 265 380 445 537 633 753 829 887 1124 6050
phecode_101-42 110 126 176 209 222 257 296 356 393 511 2656
phecode_101-5 13 24 23 24 34 39 32 40 59 94 382
phecode_101-6 19 23 26 39 52 65 91 146 213 425 1099
phecode_101-61 7 7 10 6 9 12 34 60 78 277 500
phecode_101-62 10 9 26 22 26 25 48 88 127 185 566
phecode_101-7 12 16 19 20 28 47 55 76 96 141 510
phecode_101-71 2 1 7 2 14 14 20 23 37 61 181
phecode _101-8 32 31 57 70 121 123 188 266 411 609 1908
phecode_102 84 116 149 201 308 397 587 941 1229 2798 6810
phecode_102-1 61 84 116 151 232 317 492 810 1119 2450 5832
phecode_102-3 7 6 10 14 21 12 39 41 43 120 313
phecode_102-5 5 5 6 12 15 16 16 18 33 62 188
phecode_103 1044 1271 1583 1940 2334 2838 3502 4041 4966 7522 31041
phecode_103-1 216 309 329 385 396 445 511 576 713 1122 5002
phecode_103-2 31 122 562 868 1099 1501 1824 2243 3084 5306 16640
phecode_103-21 27 100 484 738 951 1329 1596 1980 2759 4781 14745
phecode_103-22 7 25 51 123 130 192 249 363 473 1018 2631
phecode 103-3 56 86 130 204 265 336 511 702 867 1695 4852
phecode_104 112 124 174 173 192 196 250 245 282 417 2165
phecode_104-1 20 25 38 28 41 42 33 47 65 92 431
phecode_104-2 9 11 10 18 22 48 54 87 84 136 479
phecode_104-3 51 50 79 75 79 93 101 121 135 202 986
phecode_104-5 0 1 9 13 18 15 21 23 25 34 159
phecode_105 34 40 44 266 1392 1623 1950 2074 2398 2903 12724
phecode_105-1 149 293 869 936 978 972 1029 1157 1167 1403 8953
phecode_106 340 291 351 395 409 386 422 449 492 680 4215
phecode_106-1 56 68 70 70 74 73 74 103 110 156 854
phecode _106-11 18 18 22 16 23 27 32 29 31 74 290
phecode_106-13 18 29 44 37 50 43 57 65 70 118 531
phecode_106-2 105 110 131 168 178 157 209 223 260 425 1966
phecode_106-21 98 100 123 171 154 152 205 215 244 415 1877
phecode_106-3 83 123 110 121 143 171 201 192 208 294 1646
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Table 15 continued from previous page

Endpoint 1 2 3 4 5 6 7 8 9 10 Total
phecode_106-4 5 7 15 17 22 16 21 18 23 28 172
phecode_107 756 855 767 982 1240 1350 1502 1734 2040 2554 13780
phecode_107-1 6 15 11 14 18 31 32 23 48 132 330
phecode_107-2 700 849 736 966 1180 1320 1453 1731 1958 2480 13373
phecode_107-3 10 13 18 14 16 16 16 21 16 24 164
phecode_108 129 200 292 389 472 589 732 840 1119 1902 6664
phecode 108-4 44 73 98 113 165 208 264 276 352 602 2195
phecode 108-41 42 64 96 98 146 192 241 253 320 552 2004
phecode_108-42 2 2 7 6 14 11 25 20 26 66 179
phecode_108-5 75 112 158 199 276 319 367 494 657 1088 3745
phecode_108-7 3 2 5 17 16 19 32 20 39 104 257
phecode_109 43 68 71 77 124 118 160 225 320 441 1653
phecode_109-1 6 16 11 15 18 22 24 21 30 31 194
phecode_109-16 7 8 5 10 7 13 19 17 15 16 117
phecode_109-3 33 39 45 53 85 106 128 166 287 382 1324
phecode_110 39 69 69 61 70 65 86 102 126 223 910
phecode_110-1 25 33 37 46 46 49 53 68 84 132 573
phecode 110-4 6 9 4 11 4 16 9 14 20 47 140
phecode 112 1218 1653 2120 2410 2730 3184 3830 4708 6089 9986 37928
phecode_112-1 7 7 6 6 14 26 41 76 123 225 531
phecode_114 21 38 36 59 58 80 107 123 173 307 1002
phecode_114-4 3 2 4 10 8 13 13 14 29 32 128
phecode_114-6 12 24 29 40 37 52 77 81 115 261 728
phecode_116 595 819 852 1070 1260 1587 1974 2725 3926 6371 21179
phecode_116-1 361 529 556 650 748 895 999 1329 1743 2628 10438
phecode_116-2 111 127 178 182 275 404 549 820 1316 2574 6536
phecode_116-3 75 97 159 160 229 298 406 584 881 1435 4324
phecode_116-4 116 145 187 248 319 483 641 879 1541 2707 7266
phecode 116-5 35 33 39 60 92 124 182 298 477 944 2284
phecode_116-6 98 111 149 201 246 370 505 779 1243 2439 6141
phecode_116-7 12 8 15 20 18 21 35 75 97 175 476
phecode_120 381 491 561 624 695 813 887 993 1058 1630 8133
phecode_120-1 163 221 224 266 277 332 396 463 473 933 3748
phecode_120-11 4 2 5 11 16 12 22 26 31 53 182
phecode_120-12 2 1 6 10 16 12 11 28 25 40 151
phecode_120-13 9 25 24 36 27 33 31 42 50 132 409
phecode_120-2 162 232 284 318 365 441 454 478 495 766 3995
phecode_120-21 134 213 254 280 341 380 437 408 447 692 3586
phecode_120-22 16 11 16 24 32 26 30 47 35 73 310
phecode 121 66 114 142 178 185 201 268 255 301 512 2222
phecode 121-1 18 27 30 48 42 47 58 77 154 265 766
phecode_121-11 4 6 5 7 4 7 7 11 18 35 104
phecode_121-12 15 17 26 39 33 39 47 80 129 236 661
phecode_121-2 40 76 94 118 136 155 167 159 189 272 1406
phecode_121-21 29 58 79 84 114 135 132 134 157 245 1167
phecode_121-22 5 18 11 10 14 19 19 29 22 55 202
phecode_121-23 2 1 3 10 9 17 10 20 20 31 123
phecode_122 142 189 221 253 278 327 366 379 382 637 3174
phecode_122-1 20 18 14 19 22 21 29 25 33 88 289
phecode_122-2 120 171 194 228 264 299 339 363 361 607 2946
phecode 122-21 40 54 53 56 67 75 75 64 77 108 669
phecode_122-22 31 61 64 83 74 113 149 123 167 290 1155
phecode_122-24 8 4 5 10 17 13 16 22 28 35 158
phecode_123 51 54 74 71 115 104 129 173 177 299 1253
phecode_123-1 51 55 70 82 111 95 130 161 181 290 1226
phecode_124 98 129 134 158 158 193 227 236 281 540 2154
phecode_124-3 9 21 24 33 29 31 31 42 42 131 393
phecode_124-5 45 57 49 52 51 76 79 89 117 246 861
phecode_124-6 12 18 32 36 35 49 62 92 95 274 705
phecode_124-7 18 24 29 26 44 34 39 39 54 127 434
phecode 125 21 15 17 35 21 18 35 35 42 83 322
phecode_130 3368 3960 4763 5556 6353 7057 7456 8367 9742 13065 69687
phecode 132 27 59 98 237 346 393 404 494 619 2816 5493
phecode_135 234 287 322 394 453 569 601 708 892 1430 5890
phecode_135-1 67 81 117 121 125 133 157 164 191 258 1414
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Table 15 continued from previous page

Endpoint 1 2 3 4 5 6 7 8 9 10 Total
phecode_135-12 11 10 8 10 17 11 18 14 16 12 127
phecode_135-16 45 40 37 53 57 66 62 58 84 143 645
phecode_135-5 133 177 207 249 289 356 436 493 663 1200 4203
phecode_135-6 3 20 23 15 21 28 32 32 51 86 311
phecode_136 2252 2831 2993 3807 4304 4911 5553 6493 8202 11008 52354
phecode_136-1 6 6 7 13 16 7 17 17 33 41 163
phecode_136-2 255 356 428 477 654 809 1022 1355 1852 4065 11273
phecode_136-3 7 10 10 8 16 18 35 38 40 72 254
phecode_136-4 1951 2480 2598 3300 3684 4170 4683 5482 6808 9010 44166
phecode_136-41 1546 2014 2229 2633 3083 3511 3925 4729 5881 7973 37524
phecode_136-42 759 872 1023 1298 1351 1570 1822 2221 2706 3908 17530
phecode_136-6 2 17 22 14 10 12 17 31 24 34 183
phecode_136-8 6 9 5 13 13 14 21 22 28 20 151
phecode_137 11 10 19 19 16 20 26 42 40 45 248
phecode_137-5 5 3 19 13 14 10 16 21 16 28 145
phecode_138 382 518 1789 2423 2936 3583