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Summary

Personalising Predictive Prevention of Cardiovascular Disease using Electronic Health
Records and Genomics

Ryan Chung

Cardiovascular diseases (CVD) remain one of the leading causes of morbidity and mortality in
the world. The development of CVD risk prediction models has been pivotal in helping identify
high risk individuals who may benefit the most from appropriate treatment. In England, clinical
guidelines provide recommendations of the appropriate care and treatments needed to manage
CVD. In particular, the guidelines recommend using a CVD risk prediction model during a full
formal risk assessment for all individuals between 40 and 75 years. To manage health resources,
the guidelines also recommend systematically prioritising individuals for risk assessments

using historical information already recorded in primary care records.

However, there are limitations of existing guidelines. First, a dedicated risk model designed
for prioritisation to risk assessments does not exist, or is currently recommended for use in
current primary care systems. In addition, it is unknown how implementing a fixed risk
threshold for prioritisation would affect the effectiveness of formal CVD risk assessments.
Therefore, the first aim of this thesis is to develop a novel prioritisation model and evaluate its
public health impact, by comparing a fixed risk threshold against age- and sex- specific risk
thresholds to determine whether individuals would be deemed at high risk. Second, the majority
of research of genetic data, genomics, has focussed on improving risk model performance using
genetic-based risk factors called polygenic risk scores (PRS). However, little is known as to
whether PRS will benefit CVD prioritisation. Therefore, the second aim of this thesis is to
investigate the potential benefits of PRS when used for both prioritisation and formal
assessments. Third, a future healthcare system that incorporates widespread genetic profiling
has the ability to personalise preventative medicine. Therefore, the third aim is to investigate

and estimate the lifetime impact of novel PRS-based personalised invitation strategies.

Key finding 1: By utilising all available primary care records in a large, national database, a
novel prioritisation model, e(HEART, was developed. We showed that prioritisation, in addition
to using optimised age-and sex specific risk thresholds, can be used to make formal CVD risk
assessments more efficient. For example, a formal CVD risk assessment on all adults would
identify 76% and 49% of future CVD events amongst men and women respectively. However,

prioritisation with eHEART could identify 73% and 47% of future events amongst men and

il



women respectively, with a 19% and 42% reduction in the number needed to screen to prevent
one CVD event respectively. The results suggest that optimising the risk thresholds used can
lead to a more efficient CVD risk assessment programme, with the biggest improvements

amongst younger individuals.

Key finding 2: To understand how PRS could improve CVD risk prioritisation, a comparison
of how prioritisation differed when using either only primary care records, age and PRS, or
primary care records enhanced with PRS. The results showed that prioritising using primary
care records can reduce the number needed to screen to prevent one CVD event (NNS), and
enhancing it with PRS can further improve this whilst saving the same number of events.

Prioritisation with only age and PRS should not be used in isolation due to poor performance.

Key finding 3: The impact of using PRS to decide statin initiations across a lifetime is
unknown. We devised four strategies for determining the first age of invitation, followed by a
formal risk assessment at which treatment would be allocated if the individual is at high risk
were created, each with increasing levels of PRS implementation. Compared to a population-
wide invitation strategy followed by assessment using conventional CVD risk factors and PRS,
a strategy using PRS to personalise the age of first invitation prior to an assessment led to a
43% and 39% reduction in the NNS in men and women respectively whilst saving a similar

number of events over a lifetime.

Overall, this thesis has identified the potential benefits of prioritisation for CVD risk
assessments, using existing primary care records within the framework of current guideline
recommendations, as well as considering the potential that PRS may have in future healthcare

systems.
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Chapter 1

Introduction

Chapter summary

Cardiovascular diseases (CVD) remain one of the leading causes of morbidity and mortality in
the world. The development of CVD risk prediction models has been pivotal in helping identify
high risk individuals that may benefit the most from appropriate intervention. In England,
health guidelines recommend prioritising individuals for risk assessments using historical
electronic health record information. However, research into the best methods for
systematically prioritising individuals is limited. In addition, whilst advances in genomics have
led to improvements in CVD risk prediction, its impact in enabling better prioritisation is
currently unknown. This thesis investigates the population health impact of prioritisation prior

to a formal CVD risk assessment.

This introduction provides a background of CVD risk assessment and current health guidelines.
It is followed by a summary of advancements in genomic research that may lead to more
effective prioritisation, and key statistical methods used throughout this thesis. We then provide
the rationale for three aims that the thesis will focus on: 1) the lack of a recommended
prioritisation model in England; 2) the impact of including genomic information within
prioritisation; 3) utilising genomic information to personalise invitation and treatment

strategies.

1.1 Epidemiology of cardiovascular disease

CVD is a group of disorders of the heart and blood vessels and include coronary heart disease
(CHD), cerebrovascular disease and heart failure,! and remains one of the leading causes of
morbidity and mortality in the world. Prevalent CVD cases have risen from 271 million in 1990
to 523 million in 2019, and an estimated 18.6 million CVD-related deaths in 2019, accounting
for approximately one-third of global deaths.? In England, whilst CVD mortality rates have
reduced over recent decades due to improvements in treatments and lifestyle changes, progress
in reducing premature CVD mortality has slowed.> As such, CVD remains a large causes of

premature mortality, with over 37,000 deaths (21%) under the age of 75 caused by CVD in



2020 (Figure 1.1).* In 2017, it was estimated that the direct and indirect costs of premature
CVD to England’s health service and the wider society was estimated to cost £15.8 billion and

£7.4 billion per year in non-healthcare and healthcare costs respectively.’

The World Health Organisation (WHO) estimates that 80% of premature CVD is preventable’;
therefore a key target in reducing the burden and costs of CVD is through the management of
modifiable risk factors. These risk factors include high blood pressure, high levels of low-
density lipoprotein (LDL) cholesterol, diabetes, obesity, smoking, and low physical activity.
These can be modified using primordial preventions, such as smoking bans in public spaces,
and primary prevention, such as health education campaigns, regular blood pressure checks and
cholesterol checks. However, in contrast to the improvement in cardiovascular health for middle
aged and elderly individuals over the past 20 years, younger individuals have developed an
increased CVD risk profile, due to an increasing prevalence of obesity and diabetes.” It is
therefore important to reduce the level of risk factors in younger individuals to reduce future

morbidity and mortality.®
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Figure 1.1: CVD deaths and age standardised CVD death rates in England by year and sex.

Source: British Heart Foundation, 2022*



1.2 Cardiovascular disease risk prediction models

CVD risk prediction models are tools that use an individual’s risk factor profile to quantify the
risk of a CVD event occurring in a given time period in the future (usually 5 or 10 years).>!°
They have become a widely implemented tool, as risk prediction models can stratify individuals
into low and high-risk groups. In conjunction with clinical guidelines, it can assist clinicians in
making appropriate decisions of whether an individual requires additional health interventions
or pharmacotherapy. Interventions may include dietary advice, smoking cessation advice, anti-
hypertensive medication for high blood pressure and cholesterol lowering medication (e.g.,

statins) for high cholesterol levels.!!

As an example, if a model estimated a 10-year CVD risk of 13.8% for an individual, the absolute
risk can be interpreted such that if there were 100 individuals with an identical risk factor
profile, then approximately 14 individuals would experience an incident CVD event over the

next 10 years (Figure 1.2).

Whilst CVD risk prediction models provide a quantitative measure of risk, they have also
become an aid in risk communication. By improving the way risk and risk factors are
communicated with the general public, compliance to interventions can be improved, thus
improving patient safety.!>"'* However, whilst a systematic review showed evidence that
providing CVD risk model estimates to professionals and patients improved perceived CVD
risk and medical prescribing, with little evidence of harm on psychological well-being,'> the
impact of risk communication may be limited as a trial showed that it did not substantially

change risk perception of behaviour.

Since the introduction of the first CVD risk prediction model, the Framingham Risk Score in
19986, multiple risk prediction models have been developed catering for different populations
and countries. Risk prediction models have also grown in complexity over time with additional
novel risk factors being researched and implemented, in addition to larger datasets being used
to derive the models. We reviewed a selected group of models, recommended in different

international guidelines, in the following sections.



(‘“nRiSkﬁ Welcome to the QRISK®2-2017 risk calculator: https:/qrisk.org

This calculator is only valid if you do not already have a diagnosis of coronary heart disease (including angina or heart attack) or stroke/transient ischaemic attack.

Reset Information Publications Abeut Copyright Contact Us Algorithm Software

—About you Your results
-84): 64

Age (25-84): Your risk of having a heart attack or stroke within the next 10 years is:
Sex: oMale  Female
Ethnicity: 13.8%

UK postcode: leave blank if unknown

P . In other words, in a crowd of 100 people with the same risk factors as you, 14 are likely to have a

ostcode: ko
heart attack or stroke within the next 10 years.

—Clinical information

Smoking status:
Diabetes status:

Angina or heart attack in a Ist degree relative < 607

Chronic kidney disease (stage 4 or 5)?
Atrial fibrillation?
On blood pressure treatment?

Risk of

Rheumatoid arthritis? a heart attack or stroke
Leave blank if unknown
. Your score has been calculated using estimated data, as some information was left blank.
Cholesterol/HDL ratio:
Systolic blood pressure (mmHg): Your body mass index was estimated as 27.3 kg/m?.
Body mass index ———————
A How does your 10-year score compare?
Height (cm):
Weight (kg): —Your score
Your 10-year QRISK®2 score 13.8%
The score of a healthy person with the same age, sex, and ethnicity” 12.5%
Relative risk™* 1.1
Your QRISK® Healthy Heart Age*** 66

Figure 1.2: Screenshot of QRISK?2 online risk calculator estimating the 10-year CVD risk of

an example 64-year-old Caucasian man.

1.2.1 Data sources used for developing CVD risk prediction models

A selection of CVD risk prediction models that are recommended within current, and
upcoming, healthcare guidelines in middle to high income countries were summarised (Table
1.1). In the selection of 11 guidelines, 8 CVD risk prediction models were recommended. Data
sources for model derivation can be grouped into three categories: a traditional cohort study, a
combination of cohorts, or a primary-care records-based cohort. The largest data sources used
for developing risk models were primary care records based. These include QRISK2 and

QRISK3 which used 1.28 million individuals and 7.89 million individuals respectively.

The age range of individuals used for derivation varied, however 7 risk models were developed
in populations that included individuals aged between at least 40 and 70 years. QRISK3
included the greatest range of individuals with those aged between 25 years and 85 years. An
exception to the other 7 models was the SCORE2-OP model which focussed only on individuals
older than 70 years.

Generally, the risk models recommended by each guideline chose risk models designed for use

in the population of interest. For example, the QRISK2 and QRISK3 risk models, as



recommended by the NICE guidelines in England, were derived in a database of English
primary care records. The SCORE?2 risk score, as recommended by the ESC guidelines, was
derived in a combined dataset of 45 cohorts from 13 European countries, followed by
recalibration to adjust for different population characteristics in 55 countries. However,
guidelines in Australia, Canada, Singapore and South Africa all recommend the Framingham

Risk Score, a risk model developed in a US-based population.

1.2.2 Risk factors used in CVD risk prediction models

Current CVD risk prediction models recommended for clinical practice use risk factors that are
well understood to be major contributors to the risk of developing CVD and are easily
measured. These include: age, SBP, total, LDL and high-density lipoprotein (HDL) cholesterol
(usually a combination of total and HDL, or LDL and HDL), blood pressure medication,
diabetes status and smoking status (Table 1.1).

Some risk scores may include additional known risk factors, including BMI, ethnicity, family
history of CVD and deprivation, as found in the QRISK2 and QRISK3 family of risk scores.
Over the past two decades, a search to discover novel risk factors and other non-conventional
risk factors has led to a set of candidate biomarkers in potentially causal pathways. These
include triglycerides and lipoprotein(a) (markers of hyperlipidaemia), C-reactive protein (CRP)
and IL6 (markers of low-grade inflammation), fibrinogen (a marker of haemostatic activity)
and glucose levels and HbAlc (markers of metabolic dysfunction). Some recent risk models
have incorporated a few novel biomarkers, including CRP and lipoprotein(a) in the Reynolds
Risk Score published in 2007, and triglycerides in PROCAM published in 2002 and 2007. The

inclusion of novel biomarkers however requires additional laboratory-based costs.



1.2.3 Outcomes used in CVD risk prediction models

The choice of outcomes used in CVD risk prediction models varied between each of the selected
risk models (Table 1.1). Some of the models chosen estimated the future risk of a combination,

or a composite, of multiple CVD outcomes.

A composite outcome typically includes at least one primary, or “hard”, outcome and can be
defined as events that have permanent consequences, including non-fatal CHD, myocardial
infarction (MI), stroke and death. In addition, the defined outcome may be combined with
secondary, or “soft”, outcomes, such as hospitalisation for angina or a transient ischemic attack
(TTA).!7-!® The majority of the chosen risk models estimate the risk of both fatal and non-fatal
CHD and stroke over 10 years. The Framingham score, QRISK2, QRISK3, and PREDICT also
included soft outcomes including: angina, TIA, and peripheral artery disease (PAD).



Table 1.1: Characteristics of current guidelines on CVD risk assessment and primary prevention and recommended risk prediction models
implemented in a selection of middle to high income countries

Guideline Risk model Country/region Data source Participants and | Risk factors Outcome Recommended Prioritisation
(country/region) recommended model originally age range threshold(s) for of individuals
developed for initiation of lipid for assessment
lowering
medication*
2017 SIGN Risk ASSIGN score United Kingdom Scottish Heart N=13,297 Age, sex, total and 10-year CVD 10-year CVD risk N/A
estimation and the 20072 Health Extended (30-74 years) HDL cholesterol, >20%
prevention of Cohort SBP, diabetes, (CHD,
cardiovascular smoking, family cerebrovascular,
disease (Scotland)® (Cohort history of CVD, coronary artery
recruitment deprivation. interventions)
between 1984-
1995)
2012 National Framingham Risk | United States Framingham N=38,491 Age, sex, total and 10-year CVD 5-year CVD risk N/A
Stroke Foundation | Score 2008 Heart Study and (30-74 years) HDL cholesterol, >15%.
Guidelines for the Framingham SBP, blood pressure (CHD, stroke,
management of Offspring Study medication, diabetes, | PAD, heart failure) | Consider if 5-year
absolute CVD risk smoking. risk 10%-15%, and
(Australia)?! (Cohort 3-6 months of
recruitment lifestyle
between 1968- intervention does
1971, 1971-1975, not reduce risk, or
1984-1987) BP
>160/100mmHg,
familial history of
premature CVD, or
certain ethnic
groups.
2017 Ministry of Framingham Risk | United States Framingham N=8,491 Age, sex, total and 10-year CVD 10-year CAD risk > | N/A
Health Clinical Score 2008% Heart Study and (30-74 years) HDL cholesterol, 20%
Practice Guidelines Framingham SBP, blood pressure (CHD, stroke,
on lipids Offspring Study medication, diabetes, | PAD, heart failure)
(Singapore)? smoking.

(Cohort
recruitment




between 1968-
1971, 1971-1975,

1984-1987)
2018 Framingham Risk | United States Framingham N=38,491 Age, sex, total and 10-year CVD 10-year CVD risk N/A
SAHA/LASSA Score 2008% Heart Study and (30-74 years) HDL cholesterol, >15% and LDL
South African Framingham SBP, blood pressure (CHD, stroke, cholesterol level >
Dyslipidaemia Offspring Study medication, diabetes, | PAD, heart failure) | 2.5 mmol/L or
Guideline smoking.
Consensus (Cohort 10-year CVD risk
Statement (South recruitment >30% and LDL
Africa)™ between 1968- cholesterol level >
1971, 1971-1975, 1.8 mmol/L
1984-1987)
2021 Canadian Modified United States Framingham N =28,491 Age, sex, total and 10-year CVD LDL cholesterol > N/A
Cardiovascular Framingham Risk Heart Study and (30-74 years) HDL cholesterol, 5.0 mmol/L or
Society Guidelines Score 2008% Framingham SBP, blood pressure (CHD, stroke, 10-year CVD risk >
for the Prevention Offspring Study medication, diabetes, | PAD, heart failure) 20% or -
of CVD (Canada)® smoking. ’ i
(Cohort 10-year CVD risk
recruitment 10-19% and LDL
between 1968- cholesterol > 3.5
1971, 1971-1975, mmol/L
1984-1987)
2019 ACC/AHA Pooled Cohort United States Selection of N =124,626 Age, sex, total and 10-year ASCVD 10-year CVD risk N/A
Guideline on the Equations 2013% cohorts: ARIC, (40-79 years) HDL cholesterol, >7.5% and LDL
Primary Prevention CHS, CARDIA, SBP, blood pressure (Non-fatal MI, cholesterol level of
of CVD (United Framingham medication, diabetes, CHD death, 1.8—4.8 mmol/L
States)?¢ Original and smoking. fatal/non-fatal
Offspring Study. stroke)
(Cohort
recruitment

between 1968-
1990)




2018 New Zealand | PREDICT 2018% | New Zealand Primary care N=401,752 Age, sex, total and 5-year CVD 5-year CVD risk N/A
CVD Risk providers (30-74 years) LDL cholesterol, >15%
Assessment and SBP, blood pressure (Ischaemic heart
Management for (Cohort medication, diabetes, | disease (including
Primary Care (New recruitment smoking, family angina); ischaemic
Zealand)?® between 2002- history of CVD, or haemorrhagic
2015) deprivation. cerebrovascular
events (including
TIA); or peripheral
vascular disease,
congestive heart
failure, or other
ischaemic CVD
deaths)
2014 NICE QRISK?2 20083 United Kingdom Primary care N=1.28 million | Age, sex, ethnicity, 10-year CVD 10-year CVDrisk > | Yes — using
guidelines on CVD (England and providers in derivation total and HDL 10% existing primary
risk assessment and Wales) contributing to cohort (35-74 cholesterol, SBP, (CHD (MI and care records to
lipid modification QResearch years) blood pressure angina), stroke, systematically
(England)* medication, diabetes, | TIA) prioritise for a
(Cohort smoking, family full formal risk
recruitment history of CVD, BMI, assessment.
between 1993- deprivation, renal
2008) disease, AF,
rheumatoid arthritis
(Upcoming) 2023 QRISK3 201732 United Kingdom Primary care N=7.89 million | Age, sex, ethnicity, 10-year CVD 10-year CVDrisk > | Yes — using
NICE guidelines on providers in derivation total and HDL 5% existing primary
CVD risk contributing to cohort. (25-84 cholesterol, SBP, (CHD (MI and care records to
assessment and QResearch. years) blood pressure angina), stroke, systematically
lipid modification medication, diabetes, TIA) prioritise for a
(England) (Cohort smoking, family full formal risk
recruitment history of CVD, BMI, assessment.

between 1998-
2015)

deprivation, renal
disease, AF,
rheumatoid arthritis,
SBP variability,
migraine,
corticosteroids, SLE,
atypical
antipsychotics, severe
mental illness.




2021 ESC SCORE2 20213 Europe 45 European N=677,684 in Age, sex, total and 10-year CVD 10-year CVD risk: N/A
Guidelines on CVD cohorts derivation cohort. | HDL cholesterol,
prevention in recalibrated to 55 (40-69 years) SBP, diabetes, (CVD mortality, o >7.5% for
clinical practice countries smoking non-fatal MI, non- -
33 under 50-year-
(Europe) fatal stroke) olds,
(Cohort e >10% for 50
recruitment 69-year-olds
between 1990- >
2018)
2021 ESC SCORE2-OP Europe Cohort of Norway | N =28,503 in Age, sex, total and 10-year CVD 10-year CVD risk N/A
Guidelines on CVD | 2021% study derivation cohort. | HDL cholesterol, >15% for over 70-
prevention in (70+ years) SBP, diabetes, (CVD mortality, year-olds
clinical practice (Cohort smoking non-fatal MI, non-
(Europe)** recruitment fatal stroke)

between 1994-
2013)

Abbreviations: AF, atrial fibrillation; ACC, American College of Cardiology; AHA, American Heart Association; ARIC, Atherosclerosis Risk in Communities;

ASCVD,

atherosclerotic cardiovascular disease; ASSIGN score, ASSessing cardiovascular risk using SIGN guidelines; BMI, body mass index; CAD, coronary artery disease; CARDIA,
Coronary Artery Risk Development in Young Adults; CHD, coronary heart disease; CHS, Cardiovascular Health Study; CVD, Cardiovascular disease; ESC, European Society of

Cardiology; LASSA, Lipid and Atherosclerosis Society of Southern Africa; LDL, low-density lipoprotein cholesterol; HDL, high-density lipoprotein cholesterol; MI, myocardial
infarction; NICE, National Institute for Health and Care Excellence; PAD, peripheral artery disease; SAHA, South African Heart Association; SBP, systolic blood pressure; SCORE2,
Systematic Coronary Risk Evaluation; SCORE2-OP, Systematic Coronary Risk Evaluation 2 for Old Persons; SIGN, Scottish Intercollegiate Guidelines Network; SLE, systemic lupus
erythematosus; TIA, transient ischaemic attack.

*Individuals without pre-existing disease
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1.3 Primary prevention of cardiovascular disease guidelines in England

Clinical guidelines on the primary prevention of CVD in England were first introduced in 2008
by the National Institute for Health and Care Excellence (NICE), with a subsequent major
update in 2014.3° These evidence-based guidelines were created to facilitate the improvement
in healthcare and provide recommendations of the appropriate care and treatments needed to
manage CVD. A major component of the guidelines is the identification of individuals for a
CVD risk assessment and its subsequent management, including lifestyle modifications and

lipid modification therapy (Box 1.1).

Box 1.1: NICE guidelines (2014) - Lipid modification: Cardiovascular risk assessment
and the modification of blood lipids for the primary and secondary prevention of

cardiovascular disease3?

Identifying and assessing cardiovascular disease (CVD) risk

Identifying people for full formal risk assessment

1. For the primary prevention of CVD in primary care, use a systematic strategy to
identify people who are likely to be at high risk.

2. Prioritise people on the basis of an estimate of their CVD risk before a full formal
risk assessment. Estimate their CVD risk using CVD risk factors already recorded in
primary care electronic medical records.

3. People older than 40 should have their estimate of CVD risk reviewed on an ongoing
basis.

4. Prioritise people for a full formal risk assessment if their estimated 10-year risk of
CVD is 10% or more.

5. Discuss the process of risk assessment with the person identified as being at risk,
including the option of declining any formal risk assessment.

6. Do not use opportunistic assessment as the main strategy in primary care to identify

CVD risk in unselected people.
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The guidelines have two steps for assessing CVD risk; the first is to identify and prioritise high-
risk individuals using existing information, followed by a second step of estimating an
individual’s current CVD risk by using current risk factor levels obtained at an in-person formal

risk assessment.

Clinicians are recommended to identify individuals who may benefit the most from a full formal
risk assessment. This is to be done using a systematic strategy to identify people who are likely
to be at high risk. 1t is recommended fo prioritise people on the basis of an estimate of their
CVD risk before a full formal risk assessment by estimating their CVD risk using CVD risk
factors already recorded in primary care electronic medical records. Individuals should then
be prioritised for a full formal risk assessment if the estimated 10-year risk of CVD is greater
than 10%, and those older than 40 are expected to have their estimated CVD risk reviewed on

an ongoing basis.

Upon acceptance of an invitation to a formal risk assessment, the QRISK? risk assessment tool
is used to assess CVD risk for the primary prevention of CVD in people up to and including
age 84 years, where current risk factor measurements would be taken. Statins would be offered
to those who have a 10% or greater 10-year risk of developing CVD. The 10% formal risk
assessment threshold was revised from 20% in 2014 due to a reduction in the cost of statins,

allowing the health service to offer statins to a greater number of individuals.*

Throughout this thesis, we will use the term “prioritisation” to indicate the prioritisation of
individuals using an estimate of their CVD risk calculated with existing data, and the term
“formal CVD risk assessment” to indicate a risk assessment performed in person using current

risk factor levels.

In 2009, the National Health Service (NHS) Health Check, a national preventative healthcare
programme was introduced. The programme was introduced to systematically measure and
manage health outcomes by assessing the risk, create awareness and manage CVD risk
factors®S, including diabetes, heart disease, kidney disease, stroke and dementia, and became a
mandated service in 2013, with the health check being offered to all individuals without a prior

history of CVD aged between 40 and 75 years every five years.?’

The programme contains best practice guidance to support local public health commissioners

and providers of the NHS Health Check with information needed to commission and deliver
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the programme. Importantly, it is designed to be used in conjunction with the recommendations
from the NICE guidelines, and many of the recommendations made in the NICE guidelines are
also recommended within the best practice guidance. Whilst the latest guidance from 2019 does
not mention the use of prioritisation, it was previously mentioned up until 2017 and was further
mentioned in a review by the Office for Health Improvement and Disparities, stating that: “As
people look for new ways to participate in their health and wellbeing, technologies and digital
innovations provide the means for improvements...It also offers the potential to redirect
resulting efficiencies to prioritise those at greatest risk, who would benefit most, in order to

‘level up’ outcomes.”3®

Whilst the recommendations of prioritising using existing primary care records were guided by
research that showed the potential to reduce running costs and health inequality, there are
current limitations with the guidelines.?° First, no dedicated prioritisation tool or existing risk
tool is currently recommended. Second, a lack of a recommended tool, in particular one not
built into a primary care-based system, may limit a practice’s ability to prioritise individuals.
Third, no recommendations are made in how the existing primary care records should be
handled. For example, whether only the most recent record should be used or whether all
historical records should be used. Fourth, the guidelines make no recommendations in how
individuals without primary care records should be prioritised. Finally, a fixed 10% threshold

is recommended for both during prioritisation and during formal assessment.

With recent economic analysis suggesting that optimising the NHS Health Check programme
could be modestly effective and cost-effective, the use of a systematic and automated tool to

prioritise individuals could be of importance.?*#

1.3.1 Implementation of QRISK2 CVD risk prediction model

The QRISK2 CVD risk prediction model is currently recommended for formal risk assessments
by the NICE guidelines (see Chapter 1, Section 1.2.1). It was developed using a database of
primary care records in England and Wales, and was published in 2008, and the model
coefficients are available for researchers to use.’! The risk model was externally validated in an
independent database of primary care records in the UK, and showed good discriminatory

performance and calibration.*!
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The QRISK2 risk model is currently implemented into major primary care systems and is also
accessible as a web-calculator. QRISK2 also includes a method for imputing missing
information. Missing values for SBP, total and HDL cholesterol, and BMI are imputed using
age-, sex- and ethnicity-specific means.*> By incorporating a method for imputing missing data,
the scores can be used with primary care data where missing risk factor information is more

likely.

1.3.2 Comparison with international cardiovascular disease guidelines

CVD guidelines across the world compare similarly with those in England. However, key
differences can be observed in a number of areas: the CVD risk model used, the risk threshold
used to determine statin initiation, and overall recommendations relating to the identification

of individuals at high risk of CVD (Table 1.1).

The choice of a single fixed absolute risk threshold is commonly recommended across all
guidelines. However, these vary by both risk score and country. For example, in Australia, a 5-
year CVD risk greater than 15% is currently recommended whereas a 10-year risk threshold of
10% is recommended in England and a 10-year risk threshold of 7.5% in the United States of
America. Similar to the reduction of the recommended risk threshold in England from 20%,
published in 2008, to 10% in 2014, US guidelines also reduced the threshold from 20%,
published in 2007, and lowered to 7.5% in 2013. In comparison with the single fixed thresholds
recommended, the 2021 European Society of Cardiology (ESC) guidelines implemented
varying risk thresholds determined by age-group and was chosen due to the influence of age in
a risk model. Individuals were defined as at very-high risk of CVD, with treatment being
recommended, if their 10-year CVD risk was greater than 7.5% if the individual is younger than
50 years, greater than 10% if the individual is between 50-69 years, and greater than 15% if the

individual is older than 70 years.
Whilst the NICE guidelines in England makes explicit recommendations for the prioritisation

of individuals using existing primary care records, no other guidelines implement similar

recommendations.
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1.3.3 Upcoming primary prevention of cardiovascular disease draft guidelines in
England

During the preparation of the thesis, a draft copy of upcoming NICE guidelines in England was
published in early 2023 (Table 1.1). The major changes between the current and the upcoming
guidelines is the lowering of the recommended 10-year CVD risk threshold for statin initiation,
from 10% to 5%, and a change in the recommend CVD risk model from QRISK?2 to QRISK3.
As such, additional analyses will be conducted exploring how changing the risk thresholds will

impact the population health.

1.4 Emerging risk factors

1.4.1 Utilising repeated measures from primary care records

Utilising repeated measures from primary care records has the potential to improve CVD risk
prediction in a cost-effective manner. Whilst large databases of primary care records exist,
many existing CVD risk models do not implement methods to handle repeated measures. As
such, this presents an opportunity to systematically assess individuals at high risk of CVD, by

harnessing all risk factor measurements already recorded in their primary care records.

Generally, the majority of current CVD risk models are derived using traditional prospective
cohorts, where single observed measurements for each risk factor, taken at study entry, are used
to derive the model. This was done for risk models including the Framingham Risk Score,
SCORE2, SCORE2-OP and Pooled Cohort Equations score. An exception to this is the
PREDICT, QRISK2 and QRISK3 risk models, which were derived using a primary care
records-based cohort. However, whilst primary care records were utilised for model derivation,
the PREDICT, QRISK2 or QRISK3 models do not fully utilise the repeated measurements
during model derivation or within clinical use. In particular, all three models generally use a
single, most recent, measurement for each risk factor observed before study entry for the model
derivation. One exception is for QRISK3, which includes a measure for historical SBP

variability.

Harnessing repeated measures can offer additional information by capturing individual level
risk trajectories that may not be captured by using a single measurement.*** However,
challenges in the handling of such data should be considered.***>%¢ First, unlike single risk

factor measurements recorded in a prospective cohort, primary care records are dynamic over
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time. There may exist a greater number of measurements in certain risk factors than others, and
the time between measurements may be non-constant. Second, most current risk models often
require complete information for all risk factor measurements. Although QRISK?2 and QRISK3
substitute missing measurements with age-and sex-specific average risk factor values, it does
not use other known information to impute. Since data collected in a primary care system is
likely to be used for patient management, missingness of risk factor data is likely and needs to
be considered.*® This is more likely in younger individuals or men who may not attend primary
care services as often, and may altogether skew the representativeness of the data used to derive
the model.*’~* Third, due to the longitudinal nature of the data, primary care records can be

large and computationally intensive during the model derivation.

1.4.2 Genetic information

Due to ever-reducing costs and technological developments, genome wide association studies
(GWAS) have made measuring variations across millions of genetic markers, also known as
single nucleotide polymorphisms (SNPs), across the human genome feasible. These
advancements have led to large-scale studies of genes and has improved the understanding of
genetic factors and the biological mechanisms of risk factors and diseases. It has also led to a
better understanding that a large number of genetic, or polygenic, variants can contribute to

diseases or risk factor.>°

Polygenic risk scores (PRS) are one way to summarise this genetic susceptibility to the disease
or risk factor of interest. PRS summarise the estimated effect of many genetic markers
associated with a genetic trait of interest. After identifying the genetic markers of interest, the
polygenic risk score is created as a weighted sum of the number of trait-associated alleles in an
individual. The weights chosen is typically proportional to the odds ratio of the SNP to the
disease or risk factor trait. The combined weighted sum of the SNPs, multiplied by whether an
individual has zero, one or two copies of the SNP of interest creates a unique, personalised
polygenic risk score of that trait. As genetic risk is accumulated continuously over the entire

lifespan, genetic risk scores may be able to capture lifetime risk at the individual level.”!
A recent development of improving PRS is by meta-analysing multiple polygenic risk scores

of the same trait.’>> By combining multiple studies, each of which may: involve a limited

number of genetic variants used, have small statistical power to provide precise effect sizes, or
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limited diversity in ethnicities, a meta-analysed score allows for the creation of a more

statistically powerful risk score.

The inclusion of CVD-based PRS in a risk model has shown promising improvements in the
area of risk prediction.’!->7 PRS have been created for many diseases, typically affected by
many small-effect variants (as opposed to a handful of variants with large effects), including
coronary artery disease (CAD) and stroke.>>> PRS have also been explored for conventional

CVD risk factors including blood pressure, cholesterol levels and BMI.>7-%°

Disease-based PRS have shown the potential to improve existing risk scores based on
conventional risk factors alone due to the risk factors orthogonal nature to existing risk factors.
It has been consistently shown that the addition of disease-based genetic risk score can not only
improve a model’s ability to discriminate between high and low risk individuals, but also its

ability to stratify risk (Figure 1.3).

In one study by Inouye et al (2018), researchers created a polygenic risk score (PRS) for
coronary artery disease (CAD) and demonstrated that the CAD PRS alone was more associated
with 10-year risk and outperformed individual conventional risk factors>2. After combining the
conventional CVD risk factors together, the model using only the CAD PRS performed
similarly. It also showed that the combination of traditional risk factors with genetic data
improved on a risk score with only traditional risk with an increase in the C-index, the
probability a randomly selected individual who had an event was correctly ranked than an
individual who did not have an event, by 3.7%. Other studies have shown similar improvements

in performance.

PRS for CAD have also demonstrated the ability to stratify individuals based on their genetic
risk alone, identifying different trajectories of risk across all ages when stratified by quintiles
of genetic risk.’!%360 Ag the genome remains constant from birth to death, an individual’s
genetic risk score can be calculated and used at any time in the life course. Consequently, PRS
has the potential to estimate an individual’s lifetime risk of CVD. As such PRS may be better

for younger individuals who may not have developed conventional risk factors yet.!
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Figure 1.3: Illustration of polygenic risk score distribution and predictive ability.
Source: Wand et al., 202152

1.5 Statistical methods in risk model development

The use of core statistical methods has played a pivotal role in the development and progression
of CVD risk models. Since the inception of the Framingham Score, the majority of risk scores
continue to rely on key statistical principles to develop, validate and assess the models.
However, as research on risk prediction continues, new and more novel statistical methods have

emerged, better utilising larger datasets and harnessing the increased computational resources

available.

In this section, we discuss key statistical methods used in risk prediction, along with emerging

statistical methods.

1.5.1 Established methods

1.5.1.1 Cox proportional hazards

Survival analysis is a key branch of statistics that allows researchers to model time to event data
and make inferences of the rate of an event over time. Whilst statistical techniques such as
Kaplan-Meier plots are effective if comparing the survival of two groups (e.g., smokers versus
non-smokers or placebo versus treatment), the Cox proportional hazards model is a key method

in the estimation of risk in individuals with one of more risk factors.®
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The development of the Cox proportional hazards model has in turn led to the creation and
ongoing research of risk calculators. By using the estimated survival function and risk factor
model coefficients, the risk of an event within a specified period of time for every individual

can be estimated. It can be estimated using the following formula for individual i:

hi(t) = ho(t) eB*D)

Where hy(t) represents the baseline hazard function at time t, and Sx; represents a linear
combination of the model coefficients and the individual’s risk factor levels. As such, the Cox

model forms the fundamental building blocks for most risk calculators.

Whilst the Cox proportional hazards model is commonly used to estimate risk, the model was
designed to estimate the model coefficients without needing to estimate the baseline hazard,
i.e., a semi-parametric model. As such, a major disadvantage of using a Cox proportional
hazards model is the need to separately estimate the baseline hazard function after, which can
be done using methods including the Breslow estimate. An alternative approach to the semi-
parametric model is to fit a full parametric model, such as the Weibull model. However, in this

case the baseline hazard must satisfy a Weibull shape for the model to be valid.

Another disadvantage of using the Cox proportional hazards model is that uncertainties in both
the estimated baseline hazard and the coefficients are typically not accounted for, resulting in

uncertainty in the risks estimated by a risk model.

1.5.1.2 Competing risks adjusted survival models

Censoring is a core concept of the Cox proportional hazards model. In time to event data, an
individual is censored if they do not experience the event of interest during the study’s follow
up period.®* This can happen if they were lost to follow up or if the event did not occur between
study entry and at the end of follow up. Conventional statistical analysis makes a key
assumption in that censoring is non informative, where if an individual is censored, the risk of
an event during analysis is not affected as if the censored individuals who dropped out are
random. However, the presence of competing risks, defined as events not of the primary interest
which occur before an event of the primary interest, can affect analyses and requires additional
adjustments to the Cox model.®> An example of a competing risk is if a study was investigating

first CVD events, then non-CVD related deaths is the competing event.
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As conventional statistical analysis assumes non informative censoring, the existence of
competing risks may violate the assumptions made, leading to overestimated risks of the
primary event. The goal therefore is to calculate the probability of an event accounting for
competing risks. For example, assuming no competing risks, estimating the crude incidence of
an event can be performed using a Kaplan-Meier estimate is frequently used.%® Using such a
method in the presence of competing risks may lead to overestimated risks. A common
approach to deal with competing risks is to calculate the cumulative incidence function, which

measures the marginal probabilities of an event occurring.5%¢6

When fitting regression models to estimate associations, two alternative modelling approaches
are typically implemented: cause-specific hazards, and Fine and Gray.%”-8 The former estimates
the associations within each cause-specific hazard, whilst the latter estimates the associations

on the cumulative incidence function.

1.5.1.3 Model performance metrics

The assessment of performance plays an important role during the development of a new risk
model. Researchers are often interested in aims including: evaluating predictive performance
in a new target population, quantifying performance gains upon the introduction of a novel risk
factor to an existing risk score, and comparing multiple risk models against each other.®’
Subsequently, metrics have been designed to quantify certain attributes of a model to answer

these questions.

A model’s calibration is defined as the agreement between the predicted risks and the frequency
of observed outcomes.”® Calibration can be assessed by plotting the observed frequencies
against the mean predicted risks and is often performed within risk groups, such as quintiles or
deciles of predicted risks. A well calibrated model would have each of the points on the line of
equality. Calibration can also be assessed using a Brier score, which is calculated as the mean

square error within the prediction estimates.”!

To quantify a model’s discriminative ability i.e., the ability to distinguish between individuals
who go on to have an event versus those who do not, the C-index (or C-statistic) is a widely
used metric.”>7® The C-index is assessed by calculating the probability that the predicted risks

are correctly ranked in a randomly selected pair of individuals and is defined using the formula:

20



Zi;tj 1{ni < nj}l {T; > Tj}dj
2ixj 1{T; > Tj}d;

Cindex =

Where i and j represent different pairs of n individuals, T represent the time-to-event response,
and d represent whether an event occurred. The C-index ranges from 0 to 1, where a value of
0.5 is equivalent to random chance and 1 being equal to a perfect test to distinguish events and

non-events.

Risk reclassification is used to summarise the improvement in a risk model after the inclusion
of a new risk factor. It aims to be more clinically relevant by quantifying the movement of
individuals between risk groups. Correct reclassifications are classed as events moving up
towards higher risk groups and non-events moving down towards lower risk groups. One
summary metric is the net reclassification index (NRI); this is interpreted as the net proportion
of individuals correctly reclassified, and can be summarised within events and non-events
separately. The NRI can be used by specifying categorical groups (e.g., whether the risk is
below or above a 10% threshold) or continuously (whether the risk is greater or lower after the
inclusion of a risk factor). Another metric is the integrated discrimination improvement (IDI),
which also quantifies reclassification without the use of a threshold, and is interpreted as the

number of individuals whose risk predictions correctly increase or decrease in value.

1.5.1.4 Population health modelling

Population health modelling is a method used to estimate the benefits and harms of
implementing interventions at a population level.>*” In the field of disease screening and
intervention, the aim is to measure the impact adding a new risk factor variable to an existing
risk score. One way of measuring the impact is to summarise the number of events saved due

to the intervention. Further metrics based off the number events of saved include:
1) NNT: the number of individuals needed to treat to prevent one event,

2) NNS: the number of individuals needed to screen to prevent one event,

3) NNI: the number of individuals needed to invite for screening to prevent one event.
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1.5.2 Emerging statistical methods

1.5.2.1 Handling repeated risk factor measurements

Multiple statistical methods have been developed to better optimise repeated risk factor
measurements for use in CVD risk prediction. The methods, listed in terms of statistical

complexity are summarised as follows.

1) Last observation carried forward

Last observation carried forward (LOCF) is one of the simplest methods in handling repeated
measurements and can be used for both continuous and categorical risk factors. It assumes the
last observed measurement is used, regardless of other historical information and often the

amount of time since the last measurement. In risk models that use a single measurement for

each risk factor, the LOCF method can be used in scores such as: QRISK2, QRISK3, SCORE?2,

Pooled Cohort Equations, and Framingham.?>?7-31.32:34

2) Average of multiple measurements

An extension to the LOCF method is to allow a risk factor measurement to be a summary of
multiple risk factor measurements over time. Compared to using a single measurement, using
multiple measurements can reduce measurement error and long term within person variation.”
One example is to use a cumulative mean of historical measurements. This is specified where
the oldest observation is the starting point, and a cumulative, or running, mean is calculated for
each new, more recent risk factor measurement. Another example is to simply the cumulative
mean approach and to specify and restrict the calculation to a handful of the most recent risk

factor measurements.

3) Mixed-effects linear models

The use of linear regression modelling allows the modelling and prediction of risk factor values.
However, a key assumption when fitting a linear regression model is that the risk factor
measurements used to derive the model are independent and identically distributed. Since
multiple responses from the same individual cannot be assumed to be independent and
identically distributed, using simple linear regression with repeated measurements can result in
misleading inferences. By adapting the methodology of linear regression, mixed-effects linear
regression model can be used to fit on all available risk factor measurements and estimate future

risk factor values allowing for variation between and within individuals.
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The mixed-effects linear model combines both fixed effects and random effects.”>’® The most
common model is the random-intercept mixed model, where in addition to a fixed intercept and
fixed slopes for the risk factor, a random intercept is also estimated. It is normally distributed
with mean 0 and an estimated variance, and allows individuals to have a varying intercept,
where each prediction is shifted up or down relative to using only a fixed intercept. Similarly,

a random slope may also be included in the model to vary the person-level slope.

The model may be fitted either as a univariate model, fitting onto one risk factor of interest, or
as a multivariate model, fitting onto multiple risk factors simultaneously. An advantage of the
multivariate mixed effects model is its ability to handle missing values by using the intra-
correlation structure of risk factor information. This means that to have a prediction of all of
the risk factors from the multivariate model, individuals must have at least one measurement

from at least one risk factor.

4) Landmark modelling

Dynamic risk prediction takes into account time-dependent risk factors. One approach is to use
a landmark framework.*>” By defining a set of reference, landmark ages (e.g. 40, 45, ..., 70
years), landmark-age specific Cox proportional hazards models are derived on eligible
individuals who before the landmark age, at which predictions will be made from. Individuals
may contribute to multiple landmark-age specific models. By doing so, the landmark model can

be updated dynamically using the most relevant data.

The landmark model can be further extended and optimised using a two-stage process. As risk
factor information is typically summarised up until the specified landmark-age, landmark
models typically use LOCEF risk factor values. This however can be improved upon by using a
mixed-effects model to handle the repeated measurements found in primary care records, prior

to fitting the Cox model. This was demonstrated by Paige et al.*

5) Joint modelling

Joint modelling allows for both the longitudinal component and the survival component of a
risk model to be modelled simultaneously, and allows the estimated risk to change
dynamically.”>’7 Joint modelling can lead to improvements in the efficiency of statistical
inferences and reduce biases. They can also be used to improve prediction, because they are
tailored to account for individual variability, and determine whether a longitudinal process is a

surrogate for a time-to-event process.®*8! However, due to its computationally intensive nature,
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its use with primary care records may not be suitable for practical consideration until

computational resources improve in the near future.®?

1.5.2.2 Model recalibration

As mentioned in Section 1.2.3, applying a previously developed CVD risk model to a new
target population may lead to inaccurate estimated risks, due to differences in the characteristics
between the risk model’s derivation population and the new target population. One solution that
has been widely used is to use a simple linear transformation to recalibrate the risk model

(Figure 1.4).

General process Details/example using the PCE algorithm for white males

6 is 10-year CVD risk

B are PCE specific coefficients

_ ex] x—61.18 x are age-group specificmean risk factor
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Figure 1.4: Methods used for recalibration of risk models.

Abbreviations: PCE, pooled cohort equations.
g()=In(-In(1-.)

Source: Pennells et al., 2019%3

To recalibrate the estimated risks, population-level risk factor values are used with the risk
model to calculate a predicted risk for each age group in the target population. The predicted
risks are compared to age-group specific observed risks, estimated using observed CVD

incidence rates in the target population. Rescaling factors are calculated by regressing the
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observed risks against the predicted risks and the recalibrated risk estimates are obtained by

applying the rescaling factors to the original risk estimates.

As summarising a country’s average risk factor levels and incidence rates can prove
challenging, and using cohorts to summarise data can be misleading due to cohorts often being
non-representative of the general population, it is common to use summary data collated from
large collaborations. These resources, including the Non-Communicable Disease Risk Factor
Collaboration, and the Global Burden of Disease have modelled the average risk factor profile

and incidence rates globally using a large collection of official statistics and cohort data.

Examples of recalibration have been demonstrated in research®’, and has been used in the
development of the SCORE2, SCORE2-OP and the WHO CVD risk charts to recalibrate the

model to multiple geographic regions.?#3384

1.5.2.3 Dynamic population health modelling

Recently, efforts have been made to generalise population health modelling to estimate the
health impacts of implementing primary prevention programmes, such as the NHS health check,
dynamically and over a longer time period. As mentioned in Section 1.5.1.4, population health
modelling often summarises the health impact at a single time point due to constraints in data.
As such, comparing different strategies and changing variables including the frequency of

assessments, and the age at which they are carried out, is limited.

By implementing a dynamic population health modelling approach, the impact over a wider
timescale can be estimated. For example, a mixed-effects model could be used to estimate
individual risk factor trajectories over time. This can then be used to simulate multiple risk
assessments over time for each individual. As such, different interventions and strategies can
be directly compared. Another is to create a microsimulation model which simulates the impact
of interventions on individual trajectories structured around multiple health states and transition

probabilities.?>

1.6 Current research gaps

The aim of my thesis is to provide quantitative evidence of optimising invitation to formal CVD
risk assessments in the context of current guidelines in England. The thesis focusses on three

challenges:
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1) Lack of recommended prioritisation model in England.

As discussed in Section 1.3, current guidelines in England recommend using existing primary
care records for systematic prioritisation of individuals before a full formal CVD risk
assessment. However, no such prioritisation tool exists or is recommended for use in current
primary care systems. In addition, it is unknown how implementing a fixed risk threshold for
both the prioritisation and formal risk assessment would impact the number of individuals

prioritised for formal CVD risk assessments.

2) The unknown impact of including PRS within prioritisation

As discussed in Section 1.4, the majority of past research in CVD-based PRS has found that
the inclusion of disease based PRS with conventional CVD risk factors can identify a greater
number of future CVD events, improves the ability to discriminate between individuals with
future events and non-events, and improves stratification of estimated risks. However, little is
understood about the impact including PRS will have if used during both the prioritisation stage

and at the formal assessment stage.

3) Lack of evidence on utilising PRS to personalise invitation and treatment strategies

As discussed in Section 1.3, guidelines in England recommend an approach of formally
assessing all individuals every 5 years from the age of 40 onwards, using existing records to
prioritise individuals. For the majority of younger individuals, and especially younger women,

statins are unlikely to be prescribed to those between the ages of 40 and 50.

With the rise of PRS, proposals from large foundations and the UK government envision a
future healthcare system that incorporates widespread genetic profiling.38°° PRS therefore has
the ability to be implemented in ways to personalise predictive medicine, where invitation
strategies can be tailored using PRS. Opportunities also exist where individuals are invited and
treated using only genetically predicted information, potentially saving additional costs

associated with measuring biomarkers at a formal assessment.

1.7 Rationale and aims of thesis

To summarise, the specific aims of the thesis are:

1) Develop a prioritisation tool and evaluate its public health impact comparing a fixed 10%

threshold and age- and sex- specific thresholds;
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2) Investigate the potential benefits of including CVD-based PRS when used for both

prioritisation and formal CVD risk assessments;

3) Investigate novel, PRS based methods for invitation to a formal CVD risk assessment using

a dynamic population health modelling approach.

To be able to achieve these aims, data from the UK Biobank cohort are used due to the unique
structure of detailed risk factor information at study baseline, linked primary care records before
and after baseline, genetic data required for PRS, and linkage with outcomes recorded in
hospital and death registries for a large number of individuals. Data from the Clinical Practice
Research Datalink (CPRD) will also be harnessed to supplement analysis, by using the data to

estimate risk factor levels and CVD incidence rates representative of the general population.

As the linked primary care records in UK Biobank will play a pivotal role in achieving the aims
of the thesis, data will first be analysed to understand the characteristics between the
measurements collected at baseline and the measurements within the primary care records.
Since current literature regarding this comparison is limited, the analysis will inform the

appropriate approaches when modelling with the different data sources within UK Biobank.

The thesis will use a range of statistical techniques, including commonly used approaches to
assess the predictive performance and using population health modelling to validate a risk
model. The thesis will also use emerging methods to harness the repeated measurements

exhibited in primary care data and to generalise the findings to the general population.

1.8 Outline of thesis

Chapter 2 describes the data structure of UK Biobank and linked data from Hospital Episode
Statistics (HES) and Office for National Statistics (ONS). Chapter 2 will assess whether
differences exist between the risk factor measurements collected at baseline, and the
measurements recorded in the primary care records. The aims, data, methods, results and
discussions of the three aims of the thesis are outlined in Chapters 3-5. Chapter 6 summarises
the findings in a wider context, explaining potential clinical implications, overall strengths and

limitations and potential future work.
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Chapter 2

Concordance of primary care records in cohorts — an

exploration in UK Biobank

Chapter summary

Objective: UK Biobank, with its unique multi-modal dataset of detailed risk factor information
at study baseline, and linked primary care records, will play a pivotal role in deriving models
using both sources of data. This chapter will explore the characteristics of UK Biobank, by
analysing the within-person level concordance of commonly recorded chronic disease risk

predictors in primary care records with self-reported and recorded baseline cohort data.

Methods: 176,220 individuals aged between 40 and 70 years in UK Biobank, a UK-based
population-based cohort with recruitment between 2006 and 2010, with at least one primary
care record and complete baseline measurements, were used. For continuous risk factors, we
quantified the differences between the cohort-baseline measurements and (i) last observed
primary care records and (ii) predicted values from univariate mixed-effects models utilising
repeated measures of primary care records. Agreement in categorical risk factors was assessed
using simple agreement and kappa statistics between the cohort-baseline measure and the last

observed primary care record.

Results: In primary care records, women had more repeat measurements than men. BMI,
creatinine, HDL cholesterol, systolic blood pressure and total cholesterol were all commonly
recorded, with the percentage of at least one risk factor measurement in the primary care records
exceeding 90% in individuals aged between 60 and 70 years. Systolic blood pressure was the
most commonly recorded risk factor, with over 70% of both men and women having at least 2
SBP measurements across all ages. Primary care continuous measurements for BMI, glucose
and total cholesterol were on average lower than the UK Biobank cohort-baseline
measurements, and higher for HDL cholesterol, creatinine, HbA1c and glucose. Systolic blood
pressure measurements were consistently lower in primary care records than measured at the
UK Biobank cohort-baseline, with differences increasing with the underlying blood pressure

measurements. A mean difference of -0.05 and -0.20 standard deviations was observed in the
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youngest men and women respectively which increased to -0.50 and -0.66 standard deviations
as age increased respectively. Agreement in categorical risk factors, including smoking,
diabetes, atrial fibrillation and rheumatoid arthritis was high (>90%) regardless of time since

the last observed primary care record.

Conclusion: There were high levels of concordance for most chronic disease markers between
primary care records and cohort measurements. Systolic blood pressure measures were
generally lower in primary care records compared to cohort baseline measurements, likely due
to a combination of guidelines and differences in measurement methodologies. Post-hoc

adjustments should be considered if using linked primary care records with cohort data.

2.1 Introduction

Generally, electronic health records contain a wealth of longitudinal, real-world patient data
that includes demographics, diagnoses, biomarker measurements and medication history.
Along with facilitating the risk assessment and management of disease!'?, electronic health
records have facilitated researchers to conduct observational research for over 30 years, such
as developing risk scores in large samples with similar characteristics to the intended target
population®*, to enhance disease identification>® and to accelerate genomic discovery’ . More
recently, the linkage of primary care records with traditional cohorts have allowed cohorts to
improve the breadth of the data available for research and offers a longitudinal view of an

individual’s health status before and after study entry.

Whilst the benefits of linking primary care records with cohorts exists, challenges remain in its
implementation, including selection biases, noise, missing and sporadic data, and unmeasured
confounding!’. Recent research has aimed to better utilise the repeated measurements using risk
factor specific algorithms designed to integrate primary care records into cohorts, such as for
diabetes and alcohol.!'>? However, quantitative evidence of the similarity for a range of
common risk factors in primary care measurements and cohort-baseline measurements in the

same population is limited.

As the linked primary care records in UK Biobank (UKB) will be used extensively throughout
the thesis to achieve its aims, the UKB data will first be analysed to understand the
characteristics between the measurements collected at baseline and the measurements within

the primary care records (see Chapter 1, Section 1.7)
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In this chapter, we will investigate the concordance of traditional chronic disease risk factor
measurements recorded in the linked primary care records from multiple providers and at
cohort-baseline measurements of UKB by evaluating the differences and agreement within the

same individuals.

2.2 Methods

2.2.1 Data source

The UKB study is a large prospective cohort study of over 500,000 individuals aged between
40 and 69 years in the United Kingdom, and is now a “large scale biomedical database and
research resource, containing in-depth genetic and health information”. Study participants
were recruited across 22 centres in England, Wales and Scotland between 2006 and 2010. Over
9 million individuals were invited, resulting in an overall participation rate of 5.45%. At study
entry, a baseline survey was conducted, consisting of a detailed questionnaire, physical
measurements and biological measurements. Further follow-up assessments have been

conducted since the study started, with repeated biological measurements and genotyping.

Primary care record data (from The Phoenix Partnership (TPP), Egton Medical Information
Systems (EMIS) and Vision GP system suppliers) have been linked to approximately 230,000
(45%) of the UKB cohort. The data available in the primary care records includes primary care
events recorded, including consultations, diagnoses, symptoms and laboratory tests. The largest
provider linked with UKB is the TPP system, with 165,000 individuals from England. Different
clinical coding classification systems were used for each system, with TPP using Clinical Terms
Version 3 (CTV3) and Read v3, and EMIS and Vision using the Read v2 coding system.
Prescription data is also available in the linked primary care records, and is coded using a
combination of the British National Formulary, Read v2 and Dictionary of Medicines and

Devices systems.

The study is linked to secondary care admissions from Hospital Episode Statistics (HES) and
mortality records from the Office for National Statistics (ONS). HES is a database containing
details about admissions, accident and emergency attendances, and outpatient appointments in
NHS hospitals in England.!*> ONS mortality records contains details related to an individual’s
death, taken from the death certificate, for all deaths recorded in England and Wales.!* Linking
with both HES and ONS allows deaths to be captured within and outside of hospitals.
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Generally, UKB has been shown to be not representative of the general population, with
evidence of a health-volunteer selection bias.!> UKB participants were more likely to be older,
female and less socioeconomically deprived. They were also generally healthier, with
participants less likely to be obese, smokers, drink alcohol on a daily basis, have fewer self-
reported health conditions and have lower mortality rates. However, additional research has
shown that despite these differences, risk factor associations for mortality due to CVD were

generalisable to the general population.!®

At the time of writing, 176,888 individuals were extracted for use in the analysis. In addition,
we restricted to using records from between the 1 April 2004, the introduction of the Quality

and Outcomes Framework (QOF), and 5% July 2019, the end of data linkage.

2.2.2 Risk factors

2.2.2.1 Primary care records

Conventional and commonly recorded chronic disease risk factors in primary care were pre-
selected for comparison against the cohort-baseline measurements, and included: systolic blood
pressure (SBP) (mmHg), total cholesterol (mmol/litre) and high-density lipoprotein (HDL)
cholesterol (mmol/litre), body mass index (BMI) (kg/m2), glucose (mmol/litre), creatinine
(mmol/litre), HbAlc (mmol/mol), diabetes mellitus (ever or never diagnosed), smoking status
(current or non-current smoker), hypertension treatment (ever or never), statin treatment (ever
or never), rheumatoid arthritis (ever or never diagnosed), chronic kidney disease stages 4 or 5

(ever or never diagnosed) and atrial fibrillation (ever or never diagnosed).

2.2.2.2. Cohort-baseline measurements

Risk factors in UKB were collected by a standardised questionnaire and with standardised
equipment. SBP was measured using two automatic readings and the mean value was
recorded!’. Total cholesterol, HDL cholesterol, glucose and creatinine were measured using
blood samples and a Beckman Coulter AU5800 analyser, and HbAlc was Bio-Rad VARIANT
I Turbo haemoglobin testing system!®22. Diabetes status, smoking status, hypertension
treatment, statin treatment, rheumatoid arthritis and chronic kidney disease were recorded using

a self-reported information.
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2.2.3 Statistical analysis

To compare measurements of systolic blood pressure, total cholesterol, HDL cholesterol, BMI,
creatinine, glucose and HbAlc in primary care records with those recorded at UKB cohort-
baseline survey, we performed two analyses. First, we took the last observed primary care
measurement before the cohort-baseline. Second, we used sex-specific univariate mixed-effects
models with the longitudinal primary care records, described below, to estimate the expected
risk factor level at the time of the cohort-baseline survey (Figure 2.1). Individual level
differences between the cohort-baseline measurements and the last observed primary care
measurement, and the cohort-baseline measurements and univariate mixed-effects model

estimates were summarised with mean differences and Bland Altman plots.

For each risk factor, separate sex-specific univariate mixed-effects models were fitted on the
longitudinal primary care measurements. For each risk factor, each individual had a
measurement at the cohort-baseline survey, and a minimum of two primary care measurements,
with at least one measurement observed before the cohort-baseline survey. Each sex-specific
model included fixed and random-intercepts, and linear and quadratic fixed-effects for age at
cohort-baseline survey and the number of years the primary care measurement was made before
or after the cohort-baseline survey, with 0 years being equivalent to the cohort-baseline survey.

For example, BMI was modelled such that:
BMI;; = a; + (by * timeij) + (¢ * timeizj) + (dy * age;) + (ey x age?) +u; + &

for i=1..N,j=1..M,u; ~N(0,07) andg;; ~ N(0,02), where N is defined as the
number of individuals included in the model, and M; is defined as the total number of
longitudinal primary care measurements observed, for individual i. BMI;; denotes the repeated
BMI measurements for individual i and measurement j, time;; denotes the number of years the
primary care measurement was made before or after the cohort-baseline survey, for individual
i and measurement j, and age; denotes the age at cohort-baseline survey in years for individual
i. The parameters a,, b, , ¢;, d; and e; represents fixed coefficients, u; represents the random
intercept and is normally distributed with variance o2, and represents the difference in the
individual average risk factor level above the population average risk factor level, and e;;

represents the uncorrelated residual errors.
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Best linear unbiased predictors (BLUPS) can be estimated for each risk factor from the random
intercept u; and at time;;=0.7-** When modelling systolic blood pressure and total cholesterol,
an additional interaction between systolic blood pressure and a time-varying status of
antihypertensive medication, and total cholesterol and a time-varying status of statin medication

was included such that:

SBP;; = ay + (b, * time;;) + (¢, * time}) + (d; * age;) + (e, * age?) + (f, x AHM;;)
+u; + &
Total cholesterol;;
= az + (bs * timeij) + (g * timeizj) + (d; = age;) + (e; * age?)

+ (f3 * statinij) +u; + g

Fori= 1..N,j=1..M;, u;~N(0,0%) and &; ~ N(0,0¢)

Where, in addition to the previously mentioned risk factors and coefficients, we let AHM;; and
statin;; denote whether anti-hypertensive medication and statins had been prescribed prior to

time ij, and let f, and f; represent fixed coefficients.

For categorical variables (ever reported diabetes mellitus, smoking status, rheumatoid arthritis,
chronic kidney disease, atrial fibrillation and family history of CVD disease), the simple
agreement and Cohen’s Kappa statistic?> were used to summarise the agreement between
primary care records and self-reported baseline values in UKB. We summarised the agreement
by grouping individuals based on the time between the last observed primary care measurement
and the self-reported values. We grouped individuals into those without a positive record by
cohort-baseline, and then included those with a record in the past 6 months, 1 year, 3 years, 5

years and 10 years. All analyses were stratified by sex.

Data were cleaned and analysed with R x64 3.6.1.
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Figure 2.1: Diagram illustrating comparison between primary care and UK Biobank baseline
measurements, with the last observed measurement and expected levels from the univariate

mixed effects model, shown for BMI in an example individual.

Abbreviations: BMI, body mass index; LOCF, last observed carried forward

2.3 Results

2.3.1 Baseline characteristics

Of the 502,511 individuals recruited in UKB, 176,888 individuals had at least one linked
primary care record. We excluded 664 individuals who did not have any primary care records
after excluding records before the 1% April 2004 and two individuals who entered UKB outside
the intended study age range of between 40 and 70 years. Overall, 176,220 individuals were
included in the main analysis dataset (Figure 2.2). Of the 176,220 individuals, 45% were men
and 55% were women. Generally, compared to individuals without a linked primary care
record, those with linked primary care records were marginally older, had marginally elevated
risk factor levels for SBP, were more likely to be non-smokers, and a greater proportion were
a current user of antihypertensive medication, had rheumatoid arthritis, and atrial fibrillation
(Table 2.1a-2.1¢). Risk factor values at cohort-baseline survey were generally higher at older
ages for the majority of risk factors (Figure 2.3). Cohort-baseline risk factor values had a wider
spread (i.e., larger standard deviations) at older ages for SBP and HDL cholesterol, but narrower

spread at older ages for BMI (Figure 2.4).

BMI, creatinine, HDL cholesterol, SBP and total cholesterol were commonly recorded in the

linked primary care records, with the percentage of at least one risk factor measurement in the
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primary care records exceeding 90% in men and women aged between 60 and 70 years at the
cohort-baseline (Figure 2.5 and Figure 2.6). SBP was the most measured risk factor, with
over 70% of both men and women having at least 2 SBP measurements across all ages. Smoking
status was the most commonly recorded categorical risk factor, which was consistently recorded

in over 75% of men and women between 40 years and 70 years.
The maximum percentage of at least one risk factor measurement, in men and women, for all

cohort-baseline ages were low for diabetes (14.8% and 7.2%), rheumatoid arthritis (1.4% and
1.7%), chronic kidney disease (1.6% and 1.0%) and atrial fibrillation (10.3% and 8.2%).
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Number of individuals in UK Biobank Reasons for exclusion
baseline = 502,511

Individuals not linked with a primary care
record.

N = 325,623

A 4

Number of individuals = 176,888

Individuals without a primary care record
after introduction of QOF (1% April 2004).

A 4

N =664

A4

Number of individuals = 176,222

Individuals aged outside of intended UKB
baseline cohort age (40-70)

. N=2
Analysis dataset
N=176,220

Figure 2.2: Flowchart showing selection of patient records in UK Biobank

Abbreviations: QOF, Quality and Outcomes Framework; UKB, UK Biobank

Table 2.1a: Key baseline characteristics of men in UK Biobank with and without linked
primary care records

Characteristic Linked men, Unlinked men,
N = 80,075 (45%) N = 149,044 (46%)
Age, mean (SD) 57.5(8.1) 57.1(8.2)
Ethnicity — White, N (%) 76,080 (95.5%) 139,178 (94.1%)
Townsend, mean (SD) -1.4 (3.0) -1.2(3.2)
Systolic blood pressure — mmHg, mean (SD) 141.4 (17.6) 140.3 (17.4)
Total cholesterol — mmol/litre, mean (SD) 5.48 (1.14) 5.48 (1.12)
HDL cholesterol — mmol/litre, mean (SD) 1.28 (0.31) 1.28 (0.31)
BMI - kg/m?, mean (SD) 27.9 (4.3) 27.8 (4.2)
Smoking status — current/ever smoker, N (%) 9,713 (12.2%) 18,914 (12.7%)
History of diabetes, N (%) 5,609 (7.0%) 10,407 (7.0%)
Antihypertensive medication — current user, N(%) 20,165 (25.5%) 35,914 (24.7%)
Rheumatoid arthritis, N (%) 795 (0.99%) 1,303 (0.87%)
Atrial fibrillation, N (%) 2,277 (2.84%) 3,533 (2.37%)

Abbreviations: BMI, body mass index; HDL, high density lipoprotein; SD, standard deviation
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Table 2.1b: Key baseline characteristics of women in UK Biobank with and without linked
primary care records

Characteristic Linked women, Unlinked women,
N = 96,145 (55%) N =177,247 (54%)
Age, mean (SD) 57.0 (7.9) 56.8 (8.0)
Ethnicity — White, N (%) 91,797 (95.8%) 165,648 (93.9%)
Townsend, mean (SD) -1.4(2.9) -1.3(3.1)
Systolic blood pressure — mmHg, mean (SD) 135.8 (19.3) 134.6 (19.2)
Total cholesterol — mmol/litre, mean (SD) 5.90 (1.14) 5.86 (1.12)
HDL cholesterol — mmol/litre, mean (SD) 1.59 (0.38) 1.60 (0.38)
BMI - kg/m?, mean (SD) 27.2(5.2) 27.0 (5.2)
Smoking status — current/ever smoker, N (%) 8,432 (8.8%) 15,942 (9.0%)
History of diabetes, N (%) 3,307 (3.5%) 6,343 (3.6%)
Antihypertensive medication — current user, N(%) 17,322 (18.1%) 30,596 (17.6%)
Rheumatoid arthritis, N (%) 1,687 (1.75%) 2,972 (1.68%)
Atrial fibrillation, N (%) 984 (1.02%) 1,542 (0.87%)

Abbreviations: BMI, body mass index; HDL, high density lipoprotein; SD, standard deviation

Table 2.1c: Key baseline characteristics of all individuals in UK Biobank

.. Men, Women,
Characteristic N = 229,119 (46%) N = 273,392 (54%)
Age, mean (SD) 57.2 (8.2) 56.8 (8.0)
Ethnicity — White, N (%) 215,258 (94.6%) 257,445 (94.6%)
Townsend, mean (SD) -1.2(3.2) -1.3(3.0)
Systolic blood pressure — mmHg, mean (SD) 140.7 (17.5) 135.1 (19.2)
Total cholesterol — mmol/litre, mean (SD) 5.48 (1.13) 5.87 (1.13)
HDL cholesterol — mmol/litre, mean (SD) 1.28 (0.31) 1.59 (0.38)
BMI - kg/m?, mean (SD) 27.8 (4.2) 27.1(5.2)
Smoking status — current/ever smoker, N (%) 28,627 (12.5%) 24,374 (8.9%)
History of diabetes, N (%) 16,016 (7.0%) 9,650 (3.5%)
Antihypertensive medication — current user, N(%) 56,079 (25.0%) 47,918 (17.8%)
Rheumatoid arthritis, N (%) 2,098 (0.92%) 4,659 (1.70%)
Atrial fibrillation, N (%) 5,810 (2.54%) 2,526 (0.92%)

Abbreviations: BMI, body mass index; HDL, high density lipoprotein; SD, standard deviation
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Figure 2.3: Mean risk factor measurements at UK Biobank baseline survey by age and sex

Abbreviations: BMI, body mass index; HDL, high density lipoprotein; SBP, systolic blood pressure

Individuals were restricted to those with both a historical primary care record measurement and complete data at

baseline for each risk factor. Shaded region represents +/- 2SD from the mean.
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Figure 2.4: Age and sex-specific standard deviations of risk factors at UK Biobank baseline

survey.

Abbreviations: BMI, body mass index; HDL, high density lipoprotein; SBP, systolic blood pressure

Individuals were restricted to those with both a historical primary care record measurement and complete data at

baseline for each risk factor.
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Figure 2.5: Distribution of observed risk factor measures in primary care records in UK
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Abbreviations: BMI, body mass index; HDL, high density lipoprotein.
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Biobank individuals among women

Abbreviations: BMI, body mass index; HDL, high density lipoprotein.

Figure drops one individual aged 71 at cohort-baseline for presentation purposes.
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2.3.2 Agreement in continuous risk factors

In individuals with a minimum of two primary care risk factor measurements, compared to the
measurements observed at the cohort-baseline, age- and sex-specific mean differences using
either the last observed measurement or the mixed effects estimation showed generally lower
values for BMI, SBP and total cholesterol and generally higher values for HDL cholesterol,

creatinine, HbAlc and glucose levels (Figure 2.7).

As age increased, the differences between the cohort-baseline measurements and the primary
care measurements increased (i.e., attenuated away from zero-difference) for BMI, creatinine,
SBP and total cholesterol. In contrast, the differences for HbAlc became smaller as age
increased (i.e., attenuated towards zero-difference), and the differences remained consistent
across all ages for glucose and HDL cholesterol. Generally, the magnitude of the mean
differences was smaller when using expected levels from the mixed effects model compared to
using the last observed measurement. Comparing standardised mean differences for each risk
factor shows that the expected levels from the mixed effects model for SBP had the greatest
amount of variability across the full age range. We observed a mean difference of -0.05 standard
deviations in the youngest women, with the mean difference increasing to -0.50 standard
deviations as age increased. Similar results were observed in men, with a mean difference of -
0.20 standard deviations in the youngest men, increasing to -0.66 standard deviations in the

oldest men (Figure 2.8).

Bland Altman plots, where the absolute differences between the cohort-baseline measurements
and the expected levels from the mixed effects model is plotted against the arithmetic mean of
the two for each individual, showed that the differences varied with the underlying risk factor
level. (Figure 2.9). For SBP, the expected levels from the mixed effects were greater than the
cohort-baseline measurement when the average between the two were low. However, when the
average increased, i.e., when the underlying SBP increased, the expected levels from the mixed
effects were lower than the cohort-baseline measurement, and this difference would increase as

the average increased. This pattern was also observed for total cholesterol.
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Figure 2.7: Mean differences between continuous chronic disease risk factors in primary care

records and at UK Biobank baseline by age and sex

Abbreviations: BMI, body mass index; HDL, high density lipoprotein.

95% confidence interval are represented by vertical lines. First row uses the last observed measurement and the

second row uses a sex and risk factor specific univariate mixed model. Negative/positive values indicate primary

care record estimation is lower/greater than baseline measurement. Individuals were included for the risk-factor

specific comparison if an individual had a measurement at baseline, and a minimum of two primary care

measurements, with at least one measurement before the cohort-baseline survey.
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Figure 2.8: Mean standardised differences between continuous risk factors in primary care

records and at UK Biobank baseline by age and sex

Abbreviations: BMI, body mass index; HDL, high density lipoprotein; SD, standard deviation

95% confidence interval are represented by vertical lines. First row uses the last observed measurement and the
second row uses a sex and risk factor specific univariate mixed model. Negative/positive values indicate primary
care record estimation is lower/greater than baseline measurement. Measurements were standardised using age,
sex and exposure specific mean and standard deviations. Individuals were included for the risk-factor specific
comparison if an individual had a measurement at baseline, and a minimum of two primary care measurements,

with at least one measurement before the cohort-baseline survey.

51



Men Men Men Men Men Men Men
BMI Creatinine Glucose HbA1c HDL cholesterol Systolic blood pressure Total cholesterol

Differences

Differences
Differences
Differences

1000 . . . . . 100

20 3 40 50 60 200 400 600 5 10 15 20 50 100 1 2 3 & 120 160 200 25 50 75 100
Means Means Means Means Means Means Means

Women Women Women Women Women Women
BMI Creatinine Glucose HbA1c HDL cholesterol Systolic blood pressure Total cholesterol

Differences

Differences
Differences
Differences
Differences

4 5 120

600 5 10 15 20 40 60 120 160 T2

200 400 3
Means Means Means Means

Figure 2.9: Bland Altman plot of the expected levels from a univariate mixed model using

primary care records and baseline measurement by sex and risk factor

Abbreviations: BMI, body mass index; HDL, high density lipoprotein.

95% confidence intervals are represented by dotted lines. The means (x-axis) represents the arithmetic mean of
the expected levels from the mixed model, and the baseline measurement. A negative value for the difference
indicates the expected levels from the mixed model using primary care measurements is lower relative to the cohort
baseline measurement. Individuals were included for the risk-factor specific comparison if an individual had a
measurement at baseline, and a minimum of two primary care measurements, with at least one measurement before

the cohort-baseline survey.

2.3.3 Agreement in categorical risk factors

The overall agreement between the last observed primary care measurement and at UKB
baseline was over 90% for smoking diabetes, atrial fibrillation and rheumatoid arthritis (Table
2.2). Agreement marginally decreased as the time between the last observed measurement and
baseline increased from 6 months to all records within the past 10 years. Low Kappa levels
were observed for atrial fibrillation and rheumatoid arthritis whilst higher Kappa levels were
observed for smoking and diabetes status. The high level of agreement suggests the Kappa

levels were affected due to low prevalence of the underlying risk factor.
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Table 2.2: Agreement of last observed risk factor status in primary care records with self-reported diagnosis at UK Biobank baseline survey by sex.

Men Women
Risk factor Time frame between last observed pr'imary care
measurement and self-reported baseline value
Individuals, N Agr t, N (%) Unweighted Kappa Individuals, N Agreement, N (%) Unweighted Kappa
Negative/missing at baseline 21156 19720 (93%) 0.00 26055 25044 (96%) 0
6 months 39487 37190 (94%) 0.64 46354 44592 (96%) 070
I year 52391 49454 (94%) 0.69 60736 58378 (96%) 0.73
Smoking 3 years 72837 68752 (94%) 0.72 86431 83001 (96%) 0.74
5 years 79143 74744 (94%) 0.71 94898 91186 (96%) 0.74
10 years 79933 75496 (94%) 0.71 95987 92256 (96%) 0.74
Negative/missing at baseline 75084 73909 (98%) 0.00 93022 92279 (99%) 0.00
6 months 78650 77415 (98%) 0.84 95103 94291 (99%) 0.83
1 year 78935 77653 (98%) 0.84 95298 94441 (99%) 0.83
Diabetes 3 years 79487 78147 (98%) 0.85 95688 94738 (99%) 0.83
5 years 79665 78316 (98%) 0.86 95801 94835 (99%) 0.84
10 years 79694 78343 (98%) 0.86 95813 94843 (99%) 0.84
Negative/missing at bascline 78045 76710 (98%) 0.00 93073 92471 (99%) 0
6 months 78265 76809 (98%) 0.12 93381 92506 (99%) 0.07
1 year 78470 76905 (98%) 0.19 93646 92532 (99%) 0.09
Atrial fibrillation years 79336 77317 (97%) 0.36 94974 92702 (98%) 0.16
5 years 79959 77599 (97%) 0.41 95969 92833 (97%) 0.18
10 years 80073 77649 (97%) 0.42 96144 92853 (97%) 0.18
Negative/missing at baseline 79757 79090 (99%) 0.00 95587 94181 (99%) 0.00
6 months 79787 79103 (99%) 0.04 95636 94205 (99%) 0.03
Rheumatoid 1 year 79826 79121 (99%) 0.08 95684 94226 (98%) 0.06
arthritis 3 years 79957 79177 (99%) 0.18 95889 94340 (98%) 0.17
5 years 80056 79212 (99%) 0.22 96098 94439 (98%) 0.23
10 years 80074 79217 (99%) 0.22 96144 94461 (98%) 0.24

A risk factor status not observed in primary care records was assigned a negative risk factor status.
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2.4 Discussion

This study has evaluated the concordance of a wide range of chronic disease markers recorded
in primary care records and at UKB cohort-baseline survey. Noteworthy, compared to the
baseline measurements, our study observed consistently lower values of systolic blood pressure
in the primary care records in comparison to those recorded at the UKB baseline, with the
differences increasing with age. We found that the remaining chronic disease markers were

generally concordant between the data sources.

Higher values in primary care were generally observed for HbAlc and creatinine as expected
due to the targeted nature of these measurements as disease indicators for diabetes and impaired
kidney function respectively. The lower values of systolic blood pressure observed in primary
care records may be explained by a combination of current UK guidelines,?® differences in the
way SBP is measured at cohort-baseline and high inter-person variability in SBP at older ages.
Current guidelines recommend taking a second measurement if the blood pressure measured in
the clinic is greater than 140/90mmHG, and a third measurement if the second is substantially
different from the first. The lowest of the last two measurements is then recorded in the
electronic health system. Compared to the average of two blood pressure readings used in UKB
baseline, repeated testing may cause the reported reading to be lower than the underlying blood
pressure.!”?” Other possible explanations include high inter-person variability, which could
cause more deviation due to potential regression to the mean,?® and that some SBP
measurements were likely taken at home and would be expected to be lower than those

measured in a clinic.?’

We also observed high levels of concordance between the last observed record before cohort-
baseline and the self-reported information at cohort-baseline for categorical risk factors,

suggesting that self-reported information is a suitable disease indicator in cohort studies.

My findings should inform researchers of the similarities and also potential differences between
primary care records and cohort measurements when enriching studies with electronic health
records data that were not intended for research, for example as done in previous studies,?*2
and in later chapters of this thesis. My findings suggest that whilst using the last observed

primary care record for categorical risk factors may serve as an adequate substitute due to high
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levels of agreement, utilising all repeated measurements using a univariate mixed effects model

can improve agreement.

The findings may however have implications on the development of risk models and its
applications in clinical practice. In particular, models derived using primary care records and
applied to cohorts (for example derivation of a model using the lower primary care SBP values
relative to the higher values observed at the cohort-baseline survey), or vice versa, may result
in a different distribution of risks. These differences may be largely corrected by a simple
recalibration process after model derivation assuming the relative risks for the risk factors are
similar (see Chapter 1, Section 1.5.2.2), however further care will be needed for risk factors
including HbA ¢ and creatinine due to its targeted nature when measured within primary care.
Another potential implication is the underdiagnosis of hypertension in primary care. With the
lower primary care SBP values, compared to those measured in cohorts, individuals may end
up being below the set threshold for hypertension. However, as it is unclear whether the primary
care or cohort measurements are closer to the true underlying blood pressure, future research

should continue investigating this.

Our study has some key strengths. First, we quantified individual level differences between
linked primary care records with a cohort for a range of chronic disease risk factors in a large
population. Second, we evaluated the use of a mixed-effects model to utilise all repeated
measures for continuous risk factors, highlighting the potential benefits of utilising a more
complex model and harnessing all longitudinal data. Third, we used different metrics to
quantify the agreement of categorical risk factors, where we saw similar levels of agreement
even after changing the amount of time between the last observed primary care measurement

and the cohort-baseline measurement.

Our study has some limitations. As UKB is a healthy cohort and more homogenous than the
general population, the simple agreement statistic used for the categorical risk factors may not
be directly generalisable to the whole population and greater differences may exist between
primary care and measured risk factors. In particular, due to the low prevalence of risk factors
such as atrial fibrillation or rheumatoid arthritis in UKB, the high agreement observed is partly

due to the majority of individuals remaining negative.

Another key limitation is that the analysis focussed predominantly within individuals with

linked primary care records and with non-missing data. It has been shown that the recording,
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and any associated missingness, of health indicators is affected by demographics.’® For
example, women are more likely to have weight, and therefore BMI, recorded at a younger age.
Since adjustments were not made to account for this, further work is required to understand

whether the concordance of primary care records in cohorts varies by demographics.

2.5 Conclusion

We have explored the concordance between longitudinal measurements in a cohort of
individuals with linked primary care records. We observed high levels of agreement for binary
disease markers and good agreement of the majority of chronic disease markers evaluated. Our
results suggest care should be taken when linking systolic blood pressure and HbAlc from

primary care records to cohorts due to significant differences between the two data sources.

These findings will inform the modelling decisions made in Chapters 3-5. First, any missing
binary disease markers can be substituted with last observed values. Second, as differences exist
between the primary care and cohort-baseline data, deriving a model in the different datasets
will lead to differences between the estimated 10-year CVD risks. As such, recalibration will
be performed to ensure that the models are comparable. Third, the differences observed will be
necessary to implement a dynamic population health modelling approach in Chapter S, where
the primary care records will be used to estimate individual risk factor trajectories over time,

necessary for modelling repeated formal risk assessments.
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Chapter 3

Prioritising cardiovascular disease risk assessment to high

risk individuals based on primary care records

Chapter summary

Background: This chapter aims to quantify the efficiency gains from systematically prioritising
individuals for full formal cardiovascular disease (CVD) risk assessment. I develop a novel tool
(eHEART) which utilises primary care records and assess the impact of using such a tool using

population health modelling, along with age- and sex- specific risk thresholds.

Methods: eHEART was derived using landmark Cox models for incident CVD with repeated
measures of conventional CVD risk predictors from primary care records in 1,642,498
individuals using the Clinical Practice Research Datalink. We then used 119,137 individuals
from UK Biobank to model the implications of initiating guideline-recommended statin therapy
using eHEART with age- and sex-specific prioritisation thresholds corresponding to 5% false
negative rates to prioritise adults aged 40-69 years in a population in England for invitation to

a formal CVD risk assessment with QRISK?2.

Results: Formal CVD risk assessment with QRISK?2 on all adults would identify 74% and 46%
of future CVD events amongst men and women respectively, and 188 (95% CI: 185, 192) men
and 602 (95% CI: 579, 623) women would need to be screened (NNS) to prevent one CVD
event. In contrast, if eHEART was first used to prioritise individuals for formal CVD risk
assessment with QRISK2, we would identify 72% and 44% of future events amongst men and
women respectively, and a NNS of 152 (95% CI: 150, 155) men and 346 (95% CI: 332, 358)
women. Replacing the age- and sex-specific prioritisation thresholds with a 10% threshold

identify around 10% less events.
Conclusions: The use of prioritisation tools with age- and sex-specific thresholds could lead to

more efficient CVD assessment programmes with only small reductions in effectiveness at

preventing new CVD events.
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3.1 Introduction

The WHO estimate that the majority of premature cardiovascular disease (CVD) events are
preventable through lifestyle choices and pharmacotherapy that target modifiable risk factors.!
Many countries implement population-wide CVD risk assessment programmes in primary care
that recommend use of established risk prediction tools to identify individuals at high risk of
CVD and guide patient and clinical decision-making.?"® More recently, to reduce programme
running costs and address rising health inequalities in access to preventative care, guidelines
and policy makers have advocated using primary care records for systematic prioritisation of

individuals before formal CVD risk assessment (see Chapter 1, Section 1,3 Box 1.1).7

Previous studies have shown that compared to using a universal approach, pre-stratifying
individuals prior to a more expensive formal risk assessment can be similarly effective at
preventing new cases, be more cost-effective and be more equitable. Alternative approaches
that have been investigated, include using a simple risk score incorporating routine data’, using
age- and sex-specific invitation strategies!’, and strategies that target key cardiovascular risk
factors.!! Indeed, Kypridemos et al. modelled the current implementation of the NHS Health
Check and believes the programme is neither equitable or cost saving in a city with high levels

of deprivation and CVD.!!

In addition to the recommendations of formally assessing all individuals in England, individuals
are recommended to be prioritised for a formal CVD risk assessment if their estimated risk,
using existing data from primary care health records, is greater than 10% risk over ten years.’
However, it is currently unknown how using a fixed 10% CVD risk threshold impacts
prioritisation and as a consequence formal CVD risk assessments. In addition, no specific risk

tool is recommended for systematic prioritisation of risk.

Therefore, to help in the formulation of evidence-based CVD risk assessment programmes, we
aim to evaluate two key aspects. First, we compare the population-wide formal CVD risk
assessment approach against approaches that systematically prioritise individuals before full
formal CVD risk assessment. Here, we evaluate prioritisation based on primary care records
using a novel tool (tHEART), developed in this chapter to leverage the sparse and sporadically
observed longitudinal data on conventional CVD risk factors recorded primary care records.
Second, we compare the use of a fixed 10% prioritisation threshold versus age- and sex-specific

prioritisation thresholds.
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We will use primary care data from the Clinical Practice Research Datalink GOLD (CPRD) to
derive the eHEART prioritisation tool. We will then use the UK Biobank (UKB) baseline data
and the linked primary care records to evaluate eHEART in a representative population using

population health modelling (see Chapter 2, Section 2.2.1).

3.2 Methods

3.2.1 Data sources

3.2.1.1 CPRD data source

Initially established in 1987 and launched in 2012, CPRD is a large, ongoing database of
routinely collected data from UK general practices, with longitudinal primary care records
covering over 60 million total patients from over 2000 general practices in the UK.!>!* As of
2023, 18 million patients (over 25% of the total UK population) are currently registered and
alive, with 25% of the patients having at least 20 years of follow-up.!? It is therefore one of the

largest research databases of medical records in the UK and the world.'*

CPRD currently collects coded data from practices that use the Vision GP patient management
software, as part of the CPRD GOLD dataset available to researchers since 2012, and data from
the EMIS GP software, as part of the CPRD Aurum dataset, available to researchers since 2018.
As of April 2023, the total number of research acceptable patients is over 21 million in CPRD
GOLD and over 41 million in CPRD Aurum.!*!>1¢ During the preparation of this thesis only
data from CPRD GOLD was available.

The spatial distributions of the Vision and EMIS systems used in general practices across
England was assessed in a previous study (Figures 3.1-3.2).!7 In general, Vision had a strong
presence in London, the South, Greater Manchester and Birmingham, whereas EMIS had a
stronger presence in the West of England, London and the South. Although CPRD is unable to
provide comprehensive coverage in the North and East of England, in 2015 the active patients
in CPRD were shown to be broadly representative of the general population in the UK in terms

of age, sex and ethnicity.!

To derive eHEART we used CPRD GOLD with linked information on hospital episodes from
Hospital Episode Statistics (HES), and death registrations from the Office of National Statistics
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(ONS) (see Chapter 2, Section 2.2.1).'® Primary care records were extracted for individuals
from the latest of: date of their registration at general practice plus 6 months, their 30th
birthday, date when the general practice provided “up-to-standard” data,!® or 1st April 2004
(the date of introduction of the Quality and Outcomes Framework),? until the earliest of: date
of their first (i.e. “incident”) newly recorded CVD event, date of de-registration at the general
practice, their 85th birthday, date of death, last contact date for the practice with CPRD, or 31
May 2019 (the end of data availability). All analyses focus on individuals without known pre-

existing CVD and without prescribed statins.

Percentage of patient population share Number of general practices

(20,100]
(80,90]
(70,80]
(60,70]
(50,60]
(40,50]
(30,40]

Figure 3.1: Spatial map at the Clinical Commissioning Group level, September 2016: Vision.

Left graph: percentage of patient population share. Right graph: Number of general practices. Thicker border lines
correspond to the 14 National Health Service regions, left graph uses equidistant class breaks; right graph uses
class breaks based on distribution of variable of interest, with each class having approximately the same number

of spatial polygons.

Source: Kontopantelis et al., 20187
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Figure 3.2: Spatial map at the Clinical Commissioning Group level, September 2016: EMIS

Left graph: percentage of patient population share. Right graph: Number of general practices. Thicker border lines
correspond to the 14 National Health Service regions, left graph uses equidistant class breaks; right graph uses
class breaks based on distribution of variable of interest, with each class having approximately the same number

of spatial polygons.
Source: Kontopantelis et al., 20187

3.2.1.2 UK Biobank data source

177,359 individuals with linked primary care records from UKB were used to model the
implications of prioritising individuals for formal CVD assessment and subsequent initiation of
guideline-recommended statin therapy in a primary care setting (see Chapter 2, Section 2.2.1)
UKB was chosen due being able to use to the linked primary care records before baseline to
evaluate eHEART as a prioritisation tool, in addition to the complete data available at baseline
to replicate being able to perform a full risk assessment. Population health modelling focussed

on individuals without known pre-existing CVD and without prescribed statins at baseline.

3.2.2 Outcomes and risk factors

We ascertained individuals in both CPRD and UKB cohorts with a first ever incident CVD,
defined as nonfatal or fatal events of coronary heart disease (CHD) (including myocardial
infarction and angina), stroke, and transient ischemic attack, as those with a relevant Read-code
or ICD-10 code (listed in Appendix 1) appearing in the primary care data, hospital episodes

(main or secondary diagnostic code position in the admitted patient care component of the
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Hospital Episode Statistics data), or death registry (underlying or contributing cause of death)
during follow-up.

Conventional and commonly recorded CVD risk predictors>2!

in primary care records were
pre-selected for inclusion into the estimated eHEART prioritisation tool and included: age (in
years), sex (men or women), diabetes status (yes or no), hypertension medication (yes or no),
systolic blood pressure (SBP) (mmHg), total cholesterol (mmol/litre) and high-density
lipoprotein (HDL) cholesterol (mmol/litre) and smoking status (current smoker or not) (details

of measurements have been previously described).!?

As in Chapter 2, the following measurements were considered biologically implausible and
were changed to missing (~0.4% of measurements): SBP <60 or >250 mmHg; total cholesterol

<1.75 or >20 mmol/litre; and HDL cholesterol <0.3 or >3.1 mmol/litre.??

3.2.3 Statistical modelling

3.2.3.1 The eHEART prioritisation tool

To optimise the nature of longitudinal primary care records, we used a landmark-age approach
to derive 90 age- (i.e., 40, 41, 42, ...to 84 years) and sex-specific Cox models as previously
described (see Chapter 1, Section 1.5.2.1)>* Each model utilised primary care records from
persons alive without pre-existing CVD and without prescribed statins at the landmark-age by
using available risk predictors recorded before the landmark-age to predict 10-year risk of
incident CVD outcomes (Figure 3.3).

Each model was developed in two stages. In the first stage, a multivariate mixed-effects model*
was fitted to repeat measures of smoking status, SBP, total cholesterol and HDL cholesterol
recorded before the landmark-age and used to estimate risk predictor values at the landmark-
age amongst individuals who had at least one past record of any one predictor. Unlike the
univariate mixed-effects models previously used (see Chapter 2, Section 2.2.3) a single
multivariate model is fit on the chosen risk factors instead of using risk-factor specific models.
The model included fixed- and correlated random-intercepts and linear age fixed-effects (fixed
quadratic terms and random slope terms were not significant) for each predictor, as well as an
interaction between SBP and an age-varying binary covariate for hypertension treatment, and
an interaction between total cholesterol and an age-varying binary covariate for statin treatment

(but excluded those with pre-statins for Cox model). The model intrinsically accounts for
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missing data in the predictors with the assumption that predictor values from individuals with
incomplete data are from the same multivariate normal distribution for predictor values as

individuals with observed data. Further details are given in Appendix 2.

In the second stage, we derived Cox models with time since landmark age as the underlying
time scale and the following predictors: diabetes status, treatment for hypertension, and the
estimated values of SBP, total cholesterol, HDL cholesterol, and smoking status from the
multivariate mixed-effects model. The four estimated predictors were entered as linear terms.
The outcome was incident CVD and censoring occurred for individuals at end of their follow-
up, either date of CVD event (cases), the study end date or date of death (from non-CVD
causes). No violation of the proportional hazards assumption was identified. The Cox model

was used to estimate 10-year CVD risks, constituting the “eHEART risk”.
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Figure 3.3: Schematic showing the landmark age approach of model derivation.

The dashed lines indicate historical repeat measures of smoking status, systolic blood pressure, total cholesterol,
and HDL cholesterol, modelled by means of landmark-age—specific multivariate linear mixed-effects models.
The diamonds show the landmark age (time of risk prediction). The arrows indicate the 10-year follow-up to the
point of a cardiovascular disease event or censoring, modelled via a landmark Cox model. This figure was

published in our previous work?:.
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3.2.3.2 Model internal validation and assessment

The eHEART prioritisation model was derived using primary care records from 2/3 of general
practices and internally validated on the remaining 1/3 of general practices. In the validation
dataset, we calculated measures of predictive accuracy using the Brier score?® and risk
discrimination using the C-index.?¢ Calibration was assessed visually by plotting mean
predicted risk against mean observed risk by deciles of predicted risk?’?® and by assessing the
calibration slope, estimated from the linear regression of log transformed observed risk and

predicted risk in predicted risk decile groups.

3.2.4 Population health modelling

We compared the potential population health impact of using eHEART to prioritise individuals
for invitation to a formal CVD risk assessment with QRISK2 (Figure 3.4) versus the whole-
population strategy to invite all adults for formal CVD risk assessment with QRISK2. We used
174,715 participants in UKB who had historical primary care records to calculate eHEART, as
well as large complete data at the cohort-baseline assessment to calculate QRISK2 at the

participant’s age at cohort-baseline.

By implementing a two-stage sequential testing process, with prioritisation followed by a
formal assessment, versus a single-stage test of only a formal risk assessment, prioritisation will
improve the formal risk assessment’s specificity i.e., deferring individuals that would have been
deemed at low risk at the prioritisation stage. Consequently, this will result in a reduction in the

formal risk assessment’s sensitivity.
y

Formal 10-year CVD risks using QRISK2 were estimated using published coefficients (see
Chapter 1, Section 1.3.1) and individual-level predictor values measured at the cohort-
baseline. Chronic kidney disease, family history and historical prescriptions of statins from the
linked primary care records were supplemented in addition to the baseline records. Missing
values for SBP, cholesterol levels and BMI were imputed using age-, sex- and ethnicity-specific
means estimated in UKB?’ (since the proposed approach for imputing QRISK2 missing values

is unavailable - see Chapter 1, Section 1.3.1).

Due to UKB being a cohort of healthier individuals than the UK primary care population, we
recalibrated the eHEART and QRISK2 models using age-group- and sex-specific risk factor
levels and CVD incidence rates from UKB (see Chapter 1, Section 1.5.2.2), and then rescaled
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the predicted e(HEART and QRISK2 risks to achieve 10-year CVD risk distributions that would
be expected in a UK primary care setting, using methods previously described?®. Details are

provided in Appendix 3.

We modelled a population of 50,000 men and 50,000 women aged 40—-69 years with age
profiles matching that of the contemporary UK population (2017 mid-year population),*® and
CVD incidence rates as observed in CPRD individuals. We assumed a policy of statin initiation
for individuals at >10% predicted QRISK2 10-year risk as recommended by National Institute
for Health and Care Excellence (NICE) guidelines’ and assumed statin allocation would reduce

CVD risk by 20%.3!

Using expert primary care physician advice and existing literature, we assumed 50% statin
compliance and a 50% invitation uptake when formally inviting all individuals for a formal
assessment.’>* We also assumed that the addition of prioritisation to the risk assessment
process would increase the invitation uptake to 55%. Whilst we chose an arbitrary increase of
5%, the improvement was guided by existing literature; in particular, evidence has shown that,
in the context of kidney cancer screenings, risk stratification prior to screening could improve
uptake.®> In addition, trials have been conducted highlighting improved uptake when using

alternate forms of invitation.3¢->’

We then modelled the impact of prioritising individuals for QRISK?2 formal assessment, based
on a fixed prioritisation threshold of >10% estimated eHEART 10-year risk as currently
recommended by NICE guidelines’ (see Chapter 1, Section 1.3) and also on age- and sex-
specific prioritisation thresholds selected to correspond to 5% false negative rates in UKB; these
were chosen by ranking the estimated eHEART 10-year risks in UKB individuals who go on to
have a CVD event in the next 10 years. The prioritisation thresholds were chosen as the
minimum 10-year risk such that 5% of events would be missed. Population health impact was
assessed using the number needed to screen (i.e., undergo formal assessment) to prevent one
CVD event, the number of events identified and the number need to invite for formal assessment
to prevent one CVD event assuming an increased invitation uptake of 55% after prioritisation

(see Chapter 1, Section 1.5.1.4).%3
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3.2.4.1 Sensitivity Analyses

In sensitivity analyses, first we repeated population health analyses by replacing eHEART with
an estimated QRISK?2 risk based on historical primary care records. Estimated QRISK2 risks
were calculated using last observed values within primary care records at the baseline age of
UKB and published coefficients (see Chapter 1, Section 1.2.1). Ethnicity and deprivation
information was obtained using the self-reported baseline data. Missing values for SBP,
cholesterol levels and BMI were imputed using the approach previously described (see Chapter
1, Section 3.2.3). The range of valid measurements for QRISK2 mirrors the range used in the
published calculator and were restricted to: SBP 70 to 210 mmHg; cholesterol ratio 1 to 12;
BMI 20 to 40kg /m?.

Second, we repeated population-health analyses including all individuals, including those
without a primary care record for any one of SBP, HDL, total cholesterol and smoking status.
For the eHEART tool, we assumed all these individuals would be directly invited for a formal
risk assessment, and for the estimated QRISK2 prioritisation tool, additional missing values

were imputed as described above.

Third, due to the upcoming changes to the formal risk assessment thresholds recommended by
NICE (see Chapter 1, Section 1.3.3), we repeated the analyses assuming a 5% formal risk
assessment threshold in combination with a fixed 5% prioritisation threshold and age- and sex-

specific prioritisation thresholds selected to correspond to 2.5% false negative rates in UKB.
Analyses were performed with R x64 3.6.13% and Stata version 15. This study follows the

RECORD and TRIPOD reporting guidelines.®* R code to predict eHEART for new

individuals is provided online.
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Figure 3.4: Flowchart of using eHEART as a prioritisation tool prior to formal cardiovascular

disease risk assessments
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Abbreviations: BMI, body mass index; CVD, cardiovascular disease; HDL, high density lipoprotein.
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3.3 Results

3.3.1 Study population and baseline characteristics using CPRD

We identified 2,154,089 individuals from 398 practices contributing to the CPRD database with
linked hospital episode statistics and ONS death registrations in England and who met our
inclusion criteria. For our primary analysis we excluded 511,591 (24%) without at least 1 record
of SBP, total cholesterol, HDL cholesterol or smoking status, leaving 1,642,498 individuals.
Compared to those included in our analysis, individuals without any measurement on SBP,
cholesterol, or smoking were slightly older, more likely to be men, and had higher CVD
incidence rate (Table 3.1). A total of 263 practices were randomly assigned to the derivation
dataset and the remainder (n=135) to a validation cohort. Overall, 1,120,053 and 522,445

individuals were included in the derivation and validation cohorts respectively (Figure 3.5).

The baseline characteristics of individuals are summarised in Table 3.2 (split by the derivation
and validation cohorts in Table 3.3). Overall, 45% were men and 55% were women; 3% of
men and 3% of women had a reported diabetes diagnosis and 16% of men and 23% of women
were prescribed anti-hypertension medication before the study entry (Table 3.2). The number
of individuals with CVD risk factors recorded in primary care varied by age and sex (for
example, from 21,674 men at age 85 to 188,959 women at age 46) (Figures 3.6-3.7). There
were more repeated SBP than cholesterol measurements recorded (Table 3.1, Figures 3.6-3.7).

Characteristics were similar for individuals in the derivation and validation cohorts (Table 3.3).

In the derivation cohort, 104,830 (6%) individuals had an incident CVD event recorded in either
primary care, HES or death registry (Figure 3.8) over a median 9 years of follow-up (IQR: 5-
11). The crude CVD incidence rates per 1000 person years increased with age (from 2.13 in 40-
year-olds to 54.88 in those aged 85) and were higher among men than women (Figure 3.9). In
the validation cohort, 32,862 (6%) individuals had an incident CVD event over a median 9
years of follow-up (IQR: 5-11).
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Figure 3.5: Flow chart showing selection of patient records for analysis in CPRD
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Table 3.1: Comparison of characteristics of 1,642,498 individuals included in the derivation

and validation datasets* and 511,591 individuals with missing predictor measurements®
gp

Individuals with at least 1 Individuals without any
measurement on any of the measurement on the
Characteristics
risk predictors (n = 1,642,498) risk predictors (n =
511,591)
Age at study entry, mean (SD), years 50.9 (13.2) 51.04 (12.5)
Men, n (%) 746,386 (45.4) 309,542 (60.5)
Incidence of CVD, rate (95% CI), 1,000
7.50(7.5,7.5) 14.9 (14.8, 15.1)

person-years

Abbreviations: CI, confidence interval; CVD, cardiovascular disease.

* Included 1,642,498 individuals from Clinical Practice Research Datalink, Hospital Episode Statistics, and the
Office for National Statistics, England, United Kingdom, 2004-2019, aged 40-85 years, without prevalent CVD
and statin treatment before study entry, and had least 1 measurement on any of systolic blood pressure, total
cholesterol, HDL cholesterol, or smoking status between their study entry and study exit dates.

§ The 511,591 participants not included in the study were those without prevalent CVD and statin treatment before
study entry, but have no detected measurements for complete risk predictors measurement on any of systolic blood

pressure, total cholesterol, HDL cholesterol, or smoking status between their study entry and study exit dates
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Table 3.2: Key characteristics of individuals in CPRD cohort.

Men, N=746,386 Women, N=896,112
Mean (SD) or n No. (%) of Median (IQR) Mean (SD) or No. (%) of Median (IQR)

Characteristics (%) persons of measures n (%) persons of measures

with value per person with value per person
Earliest age during follow-up, years 50.4 (12.7) 746,836 (100) - 51.3(13.6) 896,112 (100) -
History of diabetes® 21,936 (3.0) 746,836 (100) - 20,662 (3.0) 896,112 (100) -
Blood pressure-lowering medication
prescriptions’ 119,230 (16.0) 746,836 (100) - 203,394 (22.7) 896,112 (100) -
Current smoker, n (%)* 192,509 (25.8) 438,638 (59) 3 (2-6) 176,719 (19.7) 424,268 (47) 4 (2-7)
Systolic blood pressure mm Hg, mean (SD)* 136.7 (18.5) 699,229 (93) 4 (2-11) 131.6 (20.3) 870,075 (97) 6 (3-14)
Total cholesterol mmol/litre, mean (SD)* 5.4 (1.0) 532,620 (71) 2 (1-5) 5.6 (1.0) 624,189 (70) 2 (1-5)
HDL cholesterol mmol/litre, mean (SD)* 1.3 (0.4) 490,003 (66) 2 (1-4) 1.6 (0.4) 573,842 (64) 2 (1-4)

* Included 1,642,498 individuals from Clinical Practice Research Datalink, Hospital Episode Statistics, and the Office for National Statistics, England, United Kingdom, 2004-2019,
aged 40-85 years, without prevalent CVD and statin treatment before study entry, and had least | measurement on any of systolic blood pressure, total cholesterol, HDL cholesterol,

or smoking status between their study entry and study exit dates.
SDefined as ever having recorded diagnosis of diabetes before the study entry
"Defined as ever having recorded use of blood-pressure lowering medications before the study entry

#*Proportion or mean (standard deviation) of the first ever measurement
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Table 3.3: Key characteristics of individuals in the derivation and validation cohorts

Derivation cohort Validation cohort
Men, N=509,127 ‘Women, N=610,926 Men, N=237,259 Women, N=285,186
Mean (SD) No. (%) of Median Mean (SD) No. (%) of Median Mean No. (%) of Median Mean No. (%) of Median
Characteristics or n (%) persons (IQR) or n (%) persons (IQR) (SD) or n persons (IQR) (SD) or n persons (IQR)
with value of with value of (%) with value of (%) with value of
measures measures measures measures
per per per per
person person person person
Earliest age during 509,127 610,926 50.5 237,259 51.5 285,186
follow-up, years 03027 " (100) - SL2336) 4 - (12.6) (100) - (13.6) (100) -
. . 509,127 610,926 237,259 285,186
§ k] _ k] _ E} _ k] _
History of diabetes 15,035 (3) (100) 14,081 (2) (100) 6,901 (3) (100) 6,581 (2) (100)
Blood pressure-lowering 509,127 138254 610,926 38334 237,259 65,140 285,186
medication 80,896 (16) (100) - (23) (100) - (16) (100) - (23) (100) )
prescriptions”
132,314 299,787 121,987 289,273 60,195 138,851 54,732 134,995
0/ \# ) 5 _ s > _ s ’ _ ’ 2 -
Current smoker, n (%) (44) (59) 3 (2-6) @) @7) 4 (2-7) @3) (59) 3 (2-6) @1 @7) 4 (2-7)
Systolic blood pressure 136.9 475,990 131.8 592,353 136.3 223,239 131.2 277,722
mm Hg, mean (SD)* (18.5) (93) 4010 (20.3) (C)) 6G-14) (18.4) 94) 4 @-11) (20.3) (C)) 6G-14)
Total cholesterol 364,435 427,394 168,185 196,795
mmol/litre, mean (SD)* 5.4(1.0) 72) 2 (1-5) 5.6 (1.0) (70) 2 (1-5) 5.4(1.0) &) 2 (1-5) 5.6 (1.1) ©9) 2 (1-5)
HDL cholesterol 337,436 395,568 152,567 178,274
mmollitre, mean (SD)* 1.3(0.4) (66) 2 (1-4) 1.6 (0.4) (65) 2 (1-4) 1.3(0.4) (64) 2 (1-4) 1.6 (0.4) (63) 2 (1-4)

* Included 1,642,498 individuals from Clinical Practice Research Datalink, Hospital Episode Statistics, and the Office for National Statistics, England, United Kingdom, 2004-2019,
aged 40-85 years, without prevalent CVD and statin treatment before study entry, and had least | measurement on any of systolic blood pressure, total cholesterol, HDL cholesterol,
or smoking status between their study entry and study exit dates.

SDefined as ever having recorded diagnosis of diabetes before the study entry

"Defined as ever having recorded use of blood-pressure lowering medications before the study entry

#*Proportion or mean (standard deviation) of the first ever measurement
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Figure 3.6: Number of participants and number of exposures at the start of each age among

men in CPRD.

Abbreviations: HDL, high-density lipoprotein; SBP, systolic blood pressure
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Figure 3.8: Venn diagram of incident cardiovascular events in the derivation dataset in CPRD

Events during follow-up in the derivation dataset recorded from primary care data in Clinical Practice Research
Datalink (CPRD) (n=46,857 first events identified), secondary care data in Hospital Episode Statistics (HES)
(n=55,374 first events identified), and mortality records in Office for National Statistics (ONS) (n=11,613 first
events identified), England, United Kingdom, 2004-2019
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Figure 3.9: Crude cardiovascular disease incidence rate by age and sex in the derivation dataset

in CPRD.
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3.3.2 Derivation of the eHEART model

We estimated person-level risk predictor values for smoking status, SBP, HDL and total
cholesterol at each age of follow-up; all estimated model coefficients are provided (Table 3.4).
Mean levels of estimated SBP and HDL cholesterol were higher at older ages, as were the
proportions of individuals on hypertensive treatment and with diagnosed diabetes. Estimated
levels of total cholesterol remained stable across age, whilst the proportion of smokers declined

with age (Figure 3.10).

The eHEART age- and sex-specific hazard ratios for SBP, HDL, total cholesterol, smoking and
history of diabetes steadily attenuated towards 1 at older ages, whilst the hazard ratios for
hypertensive treatment declined to a lesser extent, especially amongst women (Figure 3.11).
Predicted eHEART risks increased at older ages and changed in distribution from a positive

skew to bimodal (due to the contribution of the risk factor for hypertensive treatment) (Figure

3.12).
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Table 3.4: Fixed intercepts and slopes from the age- and sex-specific multivariate mixed-effects models in derivation dataset

Men Fixed intercepts Fixed slopes
Age SBP Total HDL Current Hypertension statin SBP Total HDL Current
cholesterol cholesterol smoker treatment use cholesterol cholesterol smoker
40 -0.557 0.337 -0.178 0.549 0.067 -0.764 | -0.001 0.011 0.000 -0.015
41 -0.543 0.351 -0.162 0.539 0.063 -0.808 | -0.002 0.009 0.001 -0.015
42  -0.524 0.370 -0.147 0.527 0.061 -0.810 | -0.002 0.007 0.002 -0.016
43 -0.506 0.390 -0.125 0.520 0.059 -0.828 | -0.002 0.006 0.005 -0.016
44 -0.490 0.408 -0.115 0.512 0.046 -0.853 | -0.002 0.004 0.005 -0.015
45 -0471 0.430 -0.108 0.506 0.032 -0.883 | -0.003 0.003 0.005 -0.015
46 -0.454 0.443 -0.097 0.499 0.020 -0.900 | -0.004 0.001 0.004 -0.014
47 -0.437 0.461 -0.087 0.491 0.019 -0.910 | -0.005 0.000 0.005 -0.014
48 -0.415 0.476 -0.074 0.482 0.012 -0.924 | -0.005 -0.002 0.004 -0.014
49 -0.388 0.487 -0.060 0.473 0.001 -0.937 | -0.004 -0.004 0.005 -0.014
50 -0.362 0.493 -0.045 0.465 -0.011  -0.949 | -0.004 -0.005 0.004 -0.013
51 -0.336 0.501 -0.037 0.452 -0.027 -0.952 | -0.004 -0.006 0.003 -0.014
52 -0.311 0.503 -0.025 0.441 -0.036  -0.964 | -0.005 -0.008 0.003 -0.014
53  -0.283 0.506 -0.012 0.427 -0.044  -0.978 | -0.006 -0.010 0.003 -0.014
54 -0.257 0.509 -0.003 0.414 -0.049  -0.993 | -0.006 -0.011 0.002 -0.015
55 -0.224 0.501 0.011 0.401 -0.060 -0.995 | -0.007 -0.014 0.002 -0.015
56 -0.196 0.494 0.021 0.391 -0.072  -0.999 | -0.009 -0.017 0.002 -0.015
57 -0.169 0.495 0.035 0.378 -0.084 -1.004 | -0.011 -0.017 0.002 -0.015
58 -0.148 0.493 0.046 0.362 -0.086 -1.020 | -0.013 -0.019 0.002 -0.015
59  -0.122 0.490 0.059 0.351 -0.100 -1.031 | -0.014 -0.020 0.002 -0.015
60 -0.095 0.482 0.074 0.336 -0.106  -1.035 | -0.015 -0.022 0.003 -0.015
61 -0.069 0.476 0.091 0.322 -0.117 -1.045 | -0.016 -0.022 0.003 -0.015
62 -0.052 0.472 0.097 0.307 -0.127 -1.057 | -0.019 -0.022 0.002 -0.015
63 -0.034 0.467 0.104 0.293 -0.134 -1.061 | -0.021 -0.022 0.001 -0.016
64 -0.023 0.456 0.109 0.278 -0.145 -1.069 | -0.024 -0.023 0.001 -0.016
65 -0.010 0.447 0.118 0.265 -0.155 -1.073 | -0.026 -0.023 0.000 -0.015
66 0.004 0.438 0.121 0.249 -0.159 -1.070 | -0.027 -0.023 0.000 -0.016
67 0.012 0.428 0.128 0.238 -0.163  -1.075| -0.029 -0.023 0.000 -0.015
68  0.027 0.419 0.140 0.223 -0.169 -1.080 | -0.029 -0.023 0.000 -0.015
69  0.035 0.406 0.143 0.208 -0.170  -1.082 | -0.031 -0.023 0.000 -0.015
70  0.045 0.393 0.153 0.199 -0.174 -1.081 | -0.033 -0.023 0.001 -0.015
71  0.053 0.372 0.160 0.187 -0.167 -1.074 | -0.033 -0.024 0.001 -0.014
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72 0.065 0.355 0.163 0.178 -0.171  -1.077 | -0.034 -0.025 0.000 -0.014
73 0.070 0.339 0.165 0.168 -0.171  -1.079 | -0.036 -0.026 0.000 -0.013
74 0.089 0.323 0.169 0.159 -0.178 -1.076 | -0.035 -0.025 0.001 -0.012
75 0.097 0.307 0.171 0.151 -0.180 -1.076 | -0.037 -0.025 0.001 -0.012
76 0.108 0.298 0.183 0.144 -0.178 -1.081 | -0.037 -0.023 0.002 -0.011
77 0.114 0.288 0.186 0.140 -0.178 -1.082 | -0.038 -0.022 0.002 -0.010
78  0.121 0.268 0.195 0.136 -0.175 -1.076 | -0.038 -0.022 0.003 -0.010
79  0.125 0.249 0.212 0.128 -0.174 -1.068 | -0.039 -0.022 0.004 -0.009
80 0.133 0.238 0.225 0.123 -0.183  -1.069 | -0.042 -0.021 0.004 -0.009
81 0.130 0.216 0.234 0.117 -0.176  -1.062 | -0.044 -0.022 0.004 -0.008
82 0.132 0.201 0.254 0.110 -0.171  -1.063 | -0.045 -0.022 0.005 -0.008
83 0.126 0.186 0.267 0.105 -0.165 -1.062 | -0.046 -0.022 0.004 -0.007
84  0.126 0.157 0.275 0.100 -0.175 -1.051 | -0.048 -0.023 0.004 -0.007
85 0.112 0.125 0.288 0.097 -0.166 -1.043 | -0.050 -0.026 0.004 -0.006
Women Fixed intercepts Fixed slopes
Age SBP Total HDL Current Hypertension statin SBP Total HDL Current
cholesterol cholesterol smoker treatment use cholesterol cholesterol smoker
40 -0.845 -0.324 -0.220 0.470 0.137 -0.560 | 0.018 0.013 0.005 -0.013
41 -0.810 -0.319 -0.192 0.470 0.131 -0.614 | 0.019 0.011 0.007 -0.012
42  -0.767 -0.281 -0.177 0.472 0.117 -0.641 | 0.021 0.015 0.007 -0.012
43 -0.723 -0.243 -0.160 0.474 0.097 -0.667 | 0.023 0.017 0.009 -0.011
44 -0.680 -0.209 -0.149 0.473 0.085 -0.702 | 0.023 0.017 0.009 -0.011
45 -0.638 -0.168 -0.134 0.472 0.078 -0.736 | 0.024 0.019 0.010 -0.011
46 -0.595 -0.132 -0.110 0.472 0.063 -0.758 | 0.024 0.019 0.011 -0.011
47 -0.553 -0.082 -0.091 0.470 0.057 -0.779 | 0.024 0.022 0.012 -0.011
48 -0.511 -0.028 -0.069 0.467 0.048 -0.803 | 0.023 0.025 0.013 -0.011
49 -0472 0.026 -0.045 0.465 0.039 -0.819 | 0.022 0.028 0.014 -0.011
50 -0.435 0.087 -0.008 0.457 0.030 -0.848 | 0.020 0.031 0.017 -0.012
51 -0.400 0.147 0.024 0.451 0.025 -0.880 | 0.018 0.033 0.018 -0.012
52 -0.365 0.215 0.054 0.441 0.019 -0.905 | 0.015 0.036 0.019 -0.013
53  -0.333 0.281 0.082 0.429 0.008 -0.943 | 0.013 0.037 0.019 -0.014
54 -0.304 0.346 0.099 0.420 0.007 -0973 | 0.010 0.038 0.018 -0.014
55 -0.273 0.404 0.110 0.407 -0.001  -0.998 | 0.007 0.039 0.017 -0.014
56 -0.243 0.447 0.125 0.397 0.001 -1.026 | 0.005 0.036 0.015 -0.014
57 -0.212 0.488 0.126 0.384 -0.006 -1.053 | 0.002 0.033 0.012 -0.015
58 -0.179 0.522 0.132 0.370 -0.005 -1.073 | 0.000 0.029 0.011 -0.016
59 -0.150 0.546 0.125 0.360 -0.007 -1.096 | -0.001 0.024 0.007 -0.016
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60 -0.123 0.560 0.124 0.346 -0.007 -1.112 | -0.003 0.019 0.005 -0.016
61 -0.092 0.565 0.123 0.335 -0.012  -1.129 | -0.005 0.014 0.003 -0.016
62 -0.061 0.575 0.117 0.321 -0.022  -1.136 | -0.007 0.009 0.002 -0.016
63 -0.033 0.586 0.109 0.307 -0.025 -1.151 | -0.008 0.006 0.000 -0.017
64 -0.007 0.593 0.110 0.295 -0.032  -1.155 | -0.009 0.003 -0.001 -0.017
65 0.022 0.592 0.113 0.281 -0.042  -1.160 | -0.010 0.000 -0.001 -0.017
66  0.049 0.590 0.120 0.268 -0.048 -1.171 | -0.011 -0.003 0.000 -0.017
67  0.080 0.594 0.116 0.259 -0.057 -1.181 | -0.012 -0.004 0.000 -0.017
68 0.113 0.595 0.121 0.247 -0.066  -1.190 | -0.013 -0.006 0.001 -0.017
69 0.142 0.594 0.128 0.239 -0.071  -1.197 | -0.014 -0.008 0.003 -0.016
70 0.171 0.593 0.134 0.229 -0.074 -1.204 | -0.014 -0.009 0.004 -0.016
71 0.200 0.593 0.143 0.217 -0.084 -1.205 | -0.016 -0.009 0.006 -0.016
72 0.225 0.590 0.145 0.212 -0.088  -1.207 | -0.018 -0.011 0.005 -0.015
73 0.252 0.582 0.152 0.208 -0.091 -1.197 | -0.019 -0.013 0.007 -0.014
74 0.276 0.579 0.155 0.199 -0.097 -1.197 | -0.021 -0.013 0.006 -0.013
75  0.294 0.567 0.164 0.193 -0.099 -1.196 | -0.023 -0.015 0.007 -0.013
76 0.317 0.560 0.171 0.185 -0.106  -1.188 | -0.024 -0.015 0.008 -0.012
77  0.338 0.559 0.183 0.179 -0.114  -1.183 | -0.025 -0.015 0.008 -0.011
78  0.355 0.552 0.191 0.173 -0.118 -1.180 | -0.026 -0.015 0.008 -0.011
79 0374 0.547 0.207 0.169 -0.129  -1.181 | -0.028 -0.015 0.008 -0.010
80  0.386 0.536 0.214 0.166 -0.127 -1.174 | -0.029 -0.016 0.008 -0.009
81 0.399 0.521 0.221 0.156 -0.131  -1.167 | -0.031 -0.017 0.007 -0.009
82 0416 0.503 0.233 0.147 -0.133  -1.158 | -0.032 -0.018 0.007 -0.008
83  0.427 0.494 0.254 0.142 -0.133  -1.158 | -0.032 -0.018 0.007 -0.008
84  0.439 0.481 0.260 0.137 -0.135  -1.161 | -0.033 -0.019 0.007 -0.007
85 0434 0.468 0.273 0.122 -0.129  -1.158 | -0.037 -0.020 0.008 -0.008

Abbreviations: HDL, high-density lipoprotein; SBP, systolic blood pressure. Derivation dataset: Clinical Practice Research Datalink, Hospital Episode Statistics, and the Office for
National Statistics, England, United Kingdom, 2004-2019
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Figure 3.10: Mean level of estimated risk factors for SBP, total cholesterol, HDL cholesterol,
percentage of current smokers, percentage of people on blood pressure lowering medication,

and percentage of people with diabetes by age in the derivation dataset in CPRD.

Abbreviations: HDL, high-density lipoprotein
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Figure 3.11: Age and sex-specific hazard ratios for association of eHEART risk predictors with

cardiovascular disease in the derivation cohort

Abbreviations: HDL, high-density lipoprotein; SBP, systolic blood pressure

Hazard ratios and 95% confidence intervals (shown as vertical lines) for association of cardiovascular disease
with: systolic blood pressure, total cholesterol, HDL cholesterol, smoking status, anti-hypertension medication and
history of diabetes by age, in men and women in the derivation dataset, Clinical Practice Research Datalink,
Hospital Episode Statistics, and the Office for National Statistics, England, United Kingdom, 2004—2019. Hazard
ratios are given per standard-deviation increase for SBP, total cholesterol, and HDL cholesterol. Hazard ratios and

95% confidence intervals are shown on the natural log scale.
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Figure 3.12: Histogram of predicted 10-year cardiovascular disease risk distributions by age

group and sex in the validation dataset in CPRD
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3.3.3 Internal validation of eHEART

In the validation cohort, the overall C-index for eHEART was 0.771 (95% CI: 0.769, 0.772)
and was higher in women (C-index = 0.786, 95% CI:0.784, 0.788) than in men (C-index =
0.741, 95% CI: 0.739, 0.742) and higher in younger individuals (Figure 3.13). The Brier score
was also lower (better) in women (0.2354, 95% CI: 0.2340, 0.2368) than in men (0.3085, 95%
CI: 0.3068, 0.3102) (Table 3.5). Calibration plots by decile of eHEART risk showed good
agreement with observed risk (Figures 3.14-3.15). The calibration slope was more deviatory

from 1 for older ages (Figure 3.16).
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Figure 3.13: Age and sex-specific C indices of e(HEART in validation cohort

C-indices and 95% confidence intervals (shown as vertical lines) from eHEART for the prediction of 10-year
cardiovascular disease by age and for all ages, in men and women in the validation dataset, Clinical Practice
Research Datalink, Hospital Episode Statistics, and the Office for National Statistics, England, United Kingdom,
2004-2019. The overall C-indices account for the discriminatory information in age, hence are higher than the

age-specific C-indices.
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Table 3.5: Brier score in the validation dataset.

Brier score (95% CI)

Sex

0.2684 (0.2671, 0.2697)
0.3085 (0.3068, 0.3102)
0.2354 (0.2340, 0.2368)

Overall

Men

Women

Validation dataset: Clinical Practice Research Datalink, Hospital Episode Statistics, and the Office for National

Statistics, England, United Kingdom, 2004-2019

Men - Validation set
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Calibration plots by deciles of predicted risk at 5-year age groups among men in

Figure 3.14

the validation dataset in CPRD.
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Women - Validation set
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Figure 3.15: Calibration plots by deciles of predicted risk at 5-year age groups among women

in the validation dataset in CPRD.
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3.3.4 Population health modelling

Overall, 119,137 individuals from UKB, with primary care records available, were used to
model a representative population of 50,000 men and 50,000 women aged 40-69 in the UK
(Figure 3.17 and Table 3.6). We estimated that there would be 3,566 and 1,819 CVD events
over the next 10 years in men and women respectively. If QRISK2 was used as a formal
assessment on the whole population, then 2,654 (74.4%) men and 831 (45.7%) women with
CVD events over the next 10 years would be classified at high risk, i.e., QRISK2 >10% (Table
3.7). These percentages of “events captured” varied considerably by age group; for example,
only 19% of events amongst 40—49-year-old men but 98% of events amongst 60—69-year-old
men would be captured. Assuming statin therapy would be initiated for persons with predicted
QRISK2 >10%, the number needed to screen to prevent one CVD event in men and in women
would be 188 and 602 respectively. Assuming 50% invitation uptake, the number needed to
invite to prevent one CVD event in men and in women would be 377 and 1203 respectively

(Table 3.8).

If the eHEART tool with a prioritisation threshold of 10% was used to prioritise QRISK2
assessment in the population (and assuming all individuals had at least one primary care record
of either smoking, SBP, HDL or total cholesterol) then 2,209 (61.9%) men and 471 (25.9%)
women with CVD events over the next 10 years would be classified at high risk (Table 3.7).
The number needed to screen to prevent one CVD event in men and in women would be 92 and
121 respectively. The number needed to invite to prevent one CVD event in men and in women

would be 168 and 219 respectively (Table 3.8).

In contrast, using age- and sex-specific prioritisation thresholds corresponding to 5% false
negative rates would classify 2,560 (71.8%) men and 805 (44.3%) women with CVD events
over the next 10 years as high risk (Table 3.7). The number needed to screen to prevent one
CVD event in men and in women would be 152 and 346 respectively. Assuming 55% invitation
uptake after prioritisation, the number need to invite to prevent one CVD event in men and in

women would be 277 and 629 respectively (Table 3.8).
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Number of individuals in UK Biobank
baseline = 502,248

A 4

Number of individuals = 177,359

A 4

Reasons for exclusion: Individuals not
linked with a primary care record.
N = 324,889

Number of individuals = 174,715

A 4

Reasons for exclusion: Individuals
without a primary care record before
Biobank study entry.

N = 2,644

\ 4

Number of individuals = 167,073

A 4

Reasons for exclusion: Individuals

without a primary care record after

introduction of QoF (1% April 2004).
N =7,642

A 4

Number of individuals = 141,956

Reasons for exclusion: Individuals with
prior cardiovascular disease at baseline.
N=25117

Number of individuals = 141,357

Reasons for exclusion: Individuals
outside age range 40-69.
N =499

Number of individuals = 135,917

Reasons for exclusion: Individuals
without at least one record of SBP,
cholesterol or BMI needed for
eHEART

Population health modelling
dataset
N=119,137

A 4

Reasons for exclusion: Individuals with
history of statins in primary care
records or at baseline.

N =16,780

Figure 3.17: Flowchart showing selection of individuals for population health modelling in UK

Biobank
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Table 3.6: Key characteristics of individuals in the population health modelling in UK Biobank

Primary care records UK Biobank baseline
Men, N =49,111 Women, N = 70,026 Men, N =49,111 Women, N = 70,026
Mean (SD) No. (%) of Mean (SD) No. (%) of Mean (SD) or n (%) No. (%) of Mean (SD) or n No. (%) of
Characteristics or n (%) persons with or n (%) persons with persons with (%) persons with
value value value value
Age at baseline (years) 55.9(8.1) 49,111 (100%) 55.9(7.9) 70,026 (100%) 55.9(8.1) 49,111 (100%) 55.9(7.9) 70,026 (100%)
History of diabetes 487 (1) 49,111 (100%) 436 (1) 70,026 (100%) 665 (1) 48,994 (100%) 484 (1) 69,904 (100%)
Erl:;‘iigf;:s“e'lowering medication 6,707 (14) 49,111 (100%) 10,198 (15) 70,026 (100%) 5,694 (12) 48,548 (99%) 7,920 (11) 69,557 (99%)
Current smoker 4,955 (10) 49,111 (100%) 5,106 (7) 70,026 (100%) 6,084 (12) 49,029 (100%) 6,116 (9) 69,939 (100%)
Systolic blood pressure mm Hg, mean (SD) 3 ¢ (141 39,994 (81%) 127.1 (15.0) 59,491 (85%) 140.8 (17.3) 49,025 (100%) 134.8 (19.1) 69,935 (100%)
Total cholesterol mmol/litre, mean (SD) * 5.4(0.9) 24,844 (51%) 5.6 (0.9) 33,195 (47%) 5.8 (1.0) 48,565 (99%) 6.0 (1.1) 68,807 (98%)
HDL cholesterol mmol/litre, mean (SD)* 1.4 (0.4) 21,783 (44%) 1.7 (0.4) 29,154 (42%) 1.3 (0.3) 48,474 (99%) 1.6 (0.4) 68,691 (98%)
BMI kg/m2, mean (SD)* 27.1 (4.3) 29,829 (61%) 26.5(5.3) 45,606 (65%) 27.5 (4.1) 48,975 (100%) 26.8 (5.0) 69,904 (100%)
Ethnicity — white’ 46,853 (96) 49,014 (100%) 67,110 (96) 69,928 (100%) 46,853 (96) 49,014 (100%) 67,110 (96) 69,928 (100%)
Townsend score, mean (SD) $ -1.5(3.0) 49,106 (100%) -1.5(2.9) 70,022 (100%) -1.5(3.0) 49,106 (100%) -1.5(2.9) 70,022 (100%)
Family history of CVD" 1,647 (3) 49,111 (100%) 2,615(4) 70,026 (100%) 1,647 (3) 49,111 (100%) 2,615 (4) 70,026 (100%)
Chronic kidney disease” 60 (0.1) 49,111 (100%) 83 (0.1) 70,026 (100%) 60 (0.1) 49,111 (100%) 83 (0.1) 70,026 (100%)
Rheumatoid arthritis 175 (100.0)  49,111(100%) 369 (100.0) 70,026 (100%) 414 (0.8) 49,111 (100%) 1,080 (2) 70,026 (100%)
Atrial fibrillation 635(100.0) 49,111 (100%) 1,871 (100.0) 70,026 (100%) 137 (0.3) 49,111 (100%) 94 (0.1) 70,026 (100%)

SRisk factor was only available at baseline and was used when conducting population health modelling with primary care records.

~Risk factor was only available in primary care records and was used when conducting population health modelling with baseline data.

*Mean (standard deviation) of last observed measurement before UK Biobank baseline.
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Table 3.7: Number needed to screen to prevent one event, and number of events captured when prioritising with eHEART in a hypothetical population

of 100,000 individuals in England assuming all individuals invited for formal assessment attend.

Hypothetical population of 100,000

Full formal assessment only

(QRISK?2 threshold=10%)

Prioritisation tool
(eHEART threshold=10%) followed by full formal
assessment (QRISK2 threshold=10%)

Prioritisation tool

(eHEART threshold corresponding to age- and sex-specific 5% false

negative rates) followed by full formal assessment (QRISK2

threshold=10%)

Sex Age Expected Expected Events Number needed to screen Individuals Events Number needed to Individuals  Prioritisation Events Number needed to
group N CVD captured to prevent 1 CVD event prioritised N captured screen to prevent 1 prioritised N threshold for captured screen to prevent 1
events in N (%) N (%) CVD event eHEART N (%) CVD event
10 years
Men 40-49 17673 516 96 (18.6%) 1832.8 (1335.2,2168.8) 598 32 (6.3%) 183.2 (76.5, 236.5) 11054 3.0% 91 (17.7%) 1204.7 (849.1, 1435.1)
50-59 18061 1294 844 (65.2%) 214.1 (204.3,223.2) 6348 518 (40.0%) 122.7 (112.6, 131.0) 14576 6.2% 810 (62.6%) 180.0 (170.7, 188.1)
60-69 14266 1756 1714 (97.6%) 83.2 (82.6, 83.8) 13391 1659 (94.5%) 80.8 (79.8, 81.6) 13391 10% 1659 (94.5%) 80.8 (79.8, 81.6)
Total 50000 3566 2654 (74.4%) 188.4 (185.2, 191.5) 20338 2209 (61.9%) 92.1 (90.4, 93.9) 39021 NA 2560 (71.8%) 152.4 (149.6, 155.1)
Women  40-49 17488 277 17 (6.1%) 10605.6 (643.6, 14255.1) 78 7 (2.5%) 123.7 (0.0, 183.1) 5495 2.0% 16 (5.7%) 3610.2 (0.0, 4933.9)
50-59 17986 607 116 (19.1%) 1552.2 (1254.2, 1787.3) 427 28 (4.5%) 156.4 (75.4, 198.2) 10519 3.3% 113 (18.7%) 930.5 (741.5, 1075.0)
60-69 14526 936 699 (74.7%) 207.9 (201.1,214.4) 5174 437 (46.7%) 118.4 (110.5, 124.6) 11850 5.9% 677 (72.4%) 175.0 (168.7, 180.5)
Total 50000 1819 831 (45.7%) 601.6 (578.8, 622.7) 5680 471 (25.9%) 120.6 (113.1, 127.2) 27864 NA 805 (44.3%) 346.0 (332.1, 358.4)

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2017. Expected events at 10 years based on extrapolation of

incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the minimum of 10% and the level such that the expected false negative

rate is controlled to be 5%. All individuals have at least one CVD risk factor (systolic blood pressure, smoking, total and/or HDL cholesterol) recorded for e(HEART. Number needed

to screen based on assuming that all individuals are formally assessed. Under each scenario, some individuals are not formally assessed and may go on to have events. Statin

compliance assumed to be equal to 50%.
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Table 3.8: Number needed to invite to prevent one event and number of events captured when prioritising with eHEART in a hypothetical population

of 100,000 individuals in England assuming 55% of those invited for formal assessment attend.

Full formal assessment only Prioritisation tool Prioritisation tool
Hypothetical population of 100,000 (QRISK?2 threshold=10%) (eHEART threshold=10%) followed by full formal (eHEART threshold corresponding to age- and sex-specific 5% false
assessment (QRISK2 threshold=10%) negative rates) followed by full formal assessment (QRISK2
threshold=10%)
Sex Age Expected Expected Events Number needed to invite Individuals Events Number needed to Individuals  Prioritisation Events Number needed to invite
group N CVD captured to prevent 1 CVD event prioritised N captured invite to prevent 1 prioritised N threshold for captured to prevent 1 CVD event
events in N (%) N (%) CVD event eHEART N (%)
10 years
Men 40-49 17673 516 96 (18.6%) 3665.6 (2670.4, 4337.6) 598 32 (6.3%) 333.1(139.1, 430.0) 11054 3.0% 91 (17.7%) 2190.4 (1543.8, 2609.3)
50-59 18061 1294 844 (65.2%) 428.2 (408.6, 446.4) 6348 518 (40.0%) 223.1(204.7,238.2) 14576 6.2% 810 (62.6%) 327.3 (310.4, 342.0)
60-69 14266 1756 1714 (97.6%) 166.4 (165.2, 167.6) 13391 1659 (94.5%)  146.9 (145.1, 148.4) 13391 10% 1659 (94.5%) 146.9 (145.1, 148.4)
Total 50000 3566 2654 (74.4%) 376.8 (370.4, 383.0) 20338 2209 (61.9%)  167.5 (164.4,170.7) 39021 NA 2560 (71.8%) 277.1 (272.0, 282.0)
Women  40-49 17488 277 17 (6.1%) 21211.2 (1278.2,28510.2) 78 7 (2.5%) 224.9 (0.0, 332.9) 5495 2.0% 16 (5.7%) 6564.0 (0.0, 8970.7)
50-59 17986 607 116 (19.1%) 3104.4 (2508.4, 3574.6) 427 28 (4.5%) 284.4 (137.1,360.4) 10519 3.3% 113 (18.7%) 1691.8 (1348.2, 1954.5)
60-69 14526 936 699 (74.7%) 415.8 (402.2, 428.8) 5174 437 (46.7%) 215.3 (200.9, 226.5) 11850 5.9% 677 (72.4%) 318.2 (306.7, 328.2)
Total 50000 1819 831 (45.7%) 1203.2 (1157.6, 1245.4) 5680 471 (25.9%) 219.3 (205.6 231.3) 27864 NA 805 (44.3%) 629.1 (603.8, 651.6)

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2017. Expected events at 10 years based on extrapolation of
incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the minimum of 10% and the level such that the expected false negative
rate is controlled to be 5%. All individuals have at least one CVD risk factor (systolic blood pressure, smoking, total and/or HDL cholesterol) recorded for e(HEART. Statin compliance
assumed to equal 50%. Number needed to invite for full formal assessment only assumes that 50% of all individuals are formally assessed. Number needed to invite after prioritisation
with eHEART assumes 55% of prioritised individuals are formally assessed. Under each prioritisation scenario, some individuals are not formally assessed and may go on to have

events.
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3.3.5 Sensitivity analyses

In comparison to eHEART being used as a prioritisation tool, if estimated QRISK2 with a
prioritisation threshold of 10% was used to prioritise formal assessment in the population, then
2,391 (67.1%) men and 649 (35.7%) women with CVD events over the next 10 years would be
classified at high risk. This equates to capturing approximately 87% of events when applying
formal CVD risk assessment on the whole population (Table 3.9). The number needed to screen
to prevent one CVD event in men and in women would be 97 and 151, a reduction of 48% and
75%, respectively, when applying formal CVD risk assessment to the whole population.
Notably, the events captured reduced by at least half amongst men under 50 years and women

under 60 years.

In contrast, using age- and sex-specific prioritisation thresholds corresponding to 5% false
negative rates would classify 2,606 (73.1%) men and 803 (44.2%) women with CVD events
over the next 10 years as high risk, around 98% events captured when applying formal CVD
risk assessment on the whole population. The number needed to screen to prevent one CVD
event in men and in women would be 149 (a reduction of 21%) and 320 (a reduction of 47%)
respectively, with greatest reductions observed amongst younger individuals. The number need
to invite to prevent one CVD event in men and in women would be 270 and 582 respectively

(Table 3.10).

In sensitivity analyses including all individuals (i.e., all those without a primary care record for
any one of SBP, HDL, total cholesterol and smoking status) (Table 3.11), we found comparable
results for eHEART and estimated QRISK2, but as expected, we observed greater numbers

needed to screen especially among younger individuals (Table 3.12-3.13).

Comparable results were observed in additional analyses assuming a 5% (rather than 10%)
formal risk assessment threshold (Table 3.14-3.15). Using a fixed 5% prioritisation threshold
resulted in a greater number needed to screen to prevent one CVD, than using a fixed 10%
threshold for both prioritisation and formal assessment, however 88.5% of future CVD events
in men and 63.3% in women being captured if prioritising with eHEART, and 91.3% of events
in men and 71.8% of events in women being captured if prioritising with estimated QRISK2.
Using age- and sex-specific prioritisation thresholds to limit the false negative rate to 2.5%

resulted in comparable results for e(HEART and estimated QRISK2.
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Table 3.9: Number needed to screen to prevent one event, and number of events captured when prioritising with QRISK?2 in a hypothetical population

of 100,000 individuals in England.

Full formal assessment only

Hypothetical population of 100,000 (QRISK?2 threshold=10%)

Prioritisation tool

(QRISK2 prioritisation threshold=10%) followed by full
formal assessment (QRISK?2 threshold=10%)

Prioritisation tool

(QRISK?2 prioritisation threshold corresponding to age- and sex-specific
5% false negative rates) followed by full formal assessment (QRISK2

threshold=10%)

Sex Age Expected Expected Events Number needed to screen Individuals Events Number needed to Individuals Prioritisation ~ Events captured Number needed to
group N CVD captured to prevent 1 CVD event prioritised N captured screen to prevent 1 prioritised threshold for N (%) screen to prevent 1
events in N (%) N (%) CVD event N QRISK2 CVD event
10 years
Men 40-49 17673 516 96 (18.6%) 1832.8 (1335.2, 2168.8) 608 31 (6.0%) 195.5 (75.8, 255.3) 10253 4.0% 93 (18.0%) 1098.8 (785.1, 1298.7)
50-59 18061 1294 844 (65.2%) 214.1 (204.3,223.2) 8372 647 (50.0%)  129.4 (1214, 136.7) 14269 7.3% 800 (61.8%) 178.5 (169.3, 186.4)
60-69 14266 1756 1714 (97.6%) 83.2 (82.6, 83.8) 14196 1713 (97.6%) 82.9 (82.2, 83.5) 14196 10.0% 1713 (97.6%) 82.9 (82.2, 83.5)
Total 50000 3566 2654 (74.4%) 188.4 (185.2, 191.5) 23176 2391 (67.1%)  96.9 (95.2,98.7) 38719 NA 2606 (73.1%) 148.6 (145.8, 151.2)
Women  40-49 17488 277 17 (6.1%) 10605.6 (643.6, 14255.1) 169 4(1.5%) 444.6 (0.0, 690.1) 5628 22% 17 (6.1%) 3412.8 (183.0, 4597.9)
50-59 17986 607 116 (19.1%) 1552.2 (1254.2, 1787.3) 1087 37 (6.1%) 295.8 (179.5, 363.8) 8789 4.9% 112 (18.5%) 784.0 (631.2, 902.6)
60-69 14526 936 699 (74.7%) 207.9 (201.1,214.4) 8510 609 (65.0%) 139.9 (133.4, 145.0) 11316 8.2% 675 (72.1%) 167.7 (161.6, 172.8)
Total 50000 1819 831 (45.7%) 601.6 (578.8, 622.7) 9766 649 (35.7%) 150.5 (144.0, 156.5) 25732 NA 803 (44.2%) 320.2 (306.8, 332.3)

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2017. Expected events at 10 years based on extrapolation of

incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the minimum of 10% and the level such that the expected false negative

rate is controlled to be 5%. All individuals eligible for prioritisation with QRISK2 were also eligible for prioritisation with eHEART. Statin compliance assumed to equal 50%. Number

needed to screen based on assuming that all individuals are formally assessed. Under each scenario, some individuals are not formally assessed and may go on to have events.

96



Table 3.10: Number needed to invite to prevent one event and number of events captured when prioritising with QRISK?2 in a hypothetical population

of 100,000 individuals in England assuming 55% of those invited for formal assessment attend.

Hypothetical population of 100,000

Full formal assessment only
(QRISK?2 threshold=10%)

Prioritisation tool
(QRISK2 prioritisation threshold=10%) followed by full

formal assessment (QRISK?2 threshold=10%)

Prioritisation tool

(QRISK?2 prioritisation threshold corresponding to age- and sex-specific
5% false negative rates) followed by full formal assessment (QRISK2

threshold=10%)

Sex Age Expected Expected Events Number needed to invite to Individuals Events Number needed to Individuals Prioritisation ~ Events captured Number needed to
group N CVD captured prevent 1 CVD event prioritised N captured invite to prevent 1 prioritised threshold for N (%) invite to prevent 1
events in N (%) N (%) CVD event N QRISK2 CVD event
10 years
Men 40-49 17673 516 96 (18.6%) 3665.6 (2670.4, 4337.6) 608 31 (6.0%) 355.5 (137.8, 464.2) 10253 4.0% 93 (18.0%) 1997.8 (1427.5, 12361.3)
50-59 18061 1294 844 (65.2%) 428.2 (408.6, 446.4) 8372 647 (50.0%)  235.3(220.7, 248.5) 14269 7.3% 800 (61.8%) 324.5 (307.8, 338.9)
60-69 14266 1756 1714 (97.6%) 166.4 (165.2, 167.6) 14196 1713 (97.6%)  150.7 (149.5, 151.8) 14196 10.0% 1713 (97.6%) 150.7 (149.5, 151.8)
Total 50000 3566 2654 (74.4%) 376.8 (370.4, 383.0) 23176 2391 (67.1%) 1762 (173.1,179.5) 38719 NA 2606 (73.1%) 270.2 (265.1, 274.9)
Women  40-49 17488 277 17 (6.1%) 21211.2 (1278.2, 28510.2) 169 4(1.5%) 808.4 (0.0, 1254.7) 5628 22% 17 (6.1%) 6205.1 (332.7, 8359.8)
50-59 17986 607 116 (19.1%) 3104.4 (2508.4, 3574.6) 1087 37 (6.1%) 537.8 (326.4, 661.5) 8789 4.9% 112 (18.5%) 1425.5 (1147.6, 1641.1)
60-69 14526 936 699 (74.7%) 415.8 (402.2, 428.8) 8510 609 (65.0%) 254.4 (242.5,263.6) 11316 8.2% 675 (72.1%) 304.9 (293.8,314.2)
Total 50000 1819 831 (45.7%) 1203.2 (1157.6, 1245.4) 9766 649 (35.7%) 273.6 (261.8, 284.5) 25732 NA 803 (44.2%) 582.2 (557.8, 604.2)

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2017. Expected events at 10 years based on extrapolation of

incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the minimum of 10% and the level such that the expected false negative

rate is controlled to be 5%. All individuals have at least one CVD risk factor (systolic blood pressure, smoking, total and/or HDL cholesterol) recorded for e(HEART. Statin compliance

assumed to equal 50%. Number needed to invite for full formal assessment only assumes that 50% of all individuals are formally assessed. Number needed to invite after prioritising

with QRISK?2 assumes 55% of prioritised individuals are formally assessed. Under each prioritisation scenario, some individuals are not formally assessed and may go on to have

events.
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Table 3.11: Summary of number of individuals with no primary care records available in population health modelling dataset by age group and for men

and women.

Individuals without at
least one CVD risk factor

Sex Age group Individuals N T ——
(%)

Men 40-49 15959 3135 (19.6%)

50-59 19422 2631 (13.5%)

60-69 20035 1695 (8.46%)

Total 55416 7461 (13.5%)
Women 40-44 19943 2692 (13.5%)

45-49 27190 2644 (9.80%)

65-69 27225 2058 (7.56%)

Total 74358 7414 (9.97%)

Prioritisation with eHEART requires at least one CVD risk factor of: systolic blood pressure, smoking, total and/or HDL cholesterol. Population health modelling dataset: 129,774
individuals in UK Biobank
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Table 3.12: Number needed to screen to prevent one event and number of events captured when prioritising with e(HEART, including formally assessing

individuals without a primary care record, in a hypothetical population of 100,000 individuals in England.

Full formal assessment only Prioritisation tool Prioritisation tool
Hypothetical population of 100,000 (QRISK?2 threshold=10%) (eHEART threshold=10%) followed by full formal (eHEART threshold corresponding to age- and sex-specific 5% false
assessment (QRISK2 threshold=10%) negative rates) followed by full formal assessment (QRISK2
threshold=10%)
Sex Age Expected  Expected Events Number needed to screen to Individuals Events Number needed to Individuals  Prioritisation Events Number needed to screen
group N CVD captured prevent 1 CVD event prioritised N captured screen to prevent 1 prioritised  threshold for captured to prevent 1 CVD event
events in N (%) N (%) CVD event N eHEART N (%)
10 years
Men 40-49 17673 447 82 (18.4%) 2139.0 (1611.8,2528.2) 1565 30 (6.7%) 513.0 (226.0, 657.1) 11429 3.0% 78 (17.5%) 1450.2 (1067.9, 1723.9)
50-59 18061 1214 789 (64.9%) 228.8 (219.0, 238.5) 6888 497 (40.9%) 138.4 (128.2, 147.4) 14737 6.2% 759 (62.5%) 194.1 (185.0, 202.6)
60-69 14266 1684 1646 (97.6%) 86.7 (86.09, 87.3) 13419 1594 (94.5%) 84.2 (83.3, 85.1) 13419 10.0% 1594 (94.5%) 84.2 (83.3,85.1)
Total 50000 3345 2518 (75.2%) 198.6 (195.5, 201.8) 21872 2122 (63.4%) 103.1 (101.1, 105.1) 39584 NA 2432 (72.6%) 162.8 (159.9, 165.8)
Women  40-49 17488 257 15 (6.0%) 11524.4 (1349.6, 15596.6) 1159 6 (2.3%) 1986.5 (0.0, 2949.0) 6240 2.0% 14 (5.5%) 4454.6 (0.0, 6067.7)
50-59 17986 590 111 (18.8%) 1610.7 (1326.7, 1829.0) 1246 27 (4.6%) 450.0 (231.0, 565.9) 10867 3.3% 108 (18.4%) 997.1 (815.0, 1133.2)
60-69 14526 918 684 (74.5%) 212.5 (205.4,218.8) 5493 432 (47.1%) 127.0 (119.7, 133.9) 11942 5.9% 663 (72.2%) 180.1 (173.4, 186.0)
Total 50000 1765 810 (45.9%) 616.8 (594.8, 638.3) 7898 466 (26.4%) 169.5 (158.6, 179.0) 29049 NA 785 (44.5%) 369.6 (355.7, 382.7)

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2017. Expected events at 10 years based on extrapolation of
incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the minimum of 10% and the level such that the expected false negative
rate is controlled to be 5%. Individuals with at least one CVD risk factor (systolic blood pressure, smoking, total and/or HDL cholesterol) recorded in primary care electronic health
records were assessed using eHEART. Individuals without at least one risk factor were invited for full formal risk assessment. Number needed to screen based on assuming that all

individuals are formally assessed. Under each scenario, some individuals are not formally assessed and may go on to have events. Statin compliance assumed to equal 50%.
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Table 3.13: Number needed to screen to prevent one event and number of events captured when prioritising with QRISK2 in all eligible individuals, in

a hypothetical population of 100,000 individuals in England.

Hypothetical population of 100,000

Full formal assessment only
(QRISK?2 threshold=10%)

Prioritisation tool

(QRISK?2 prioritisation threshold=10%) followed by

full formal assessment (QRISK2 threshold=10%)

Prioritisation tool

(QRISK?2 prioritisation threshold corresponding to age- and sex-specific
5% false negative rates) followed by full formal assessment (QRISK2

threshold=10%)

Sex Age Expected N Expected Events Number needed to screen Individuals Events Number needed to Individuals Prioritisation Events Number needed to screen

group CVD events captured to prevent 1 CVD event prioritised N captured screen to prevent 1 prioritised threshold for captured to prevent 1 CVD event
in 10 years N (%) N (%) CVD event N QRISK?2 N (%)

Men 40-49 17673 447 82 (18.4%) 2139.0 (1611.8, 2528.2) 1574 29 (6.4%) 538.5 (199.5, 692.5) 10673 4.0% 80 (17.8%) 1332.8 (981.8, 1584.1)
50-59 18061 1214 789 (64.9%) 228.8 (219.0, 238.5) 8818 613 (50.5%) 143.8 (135.3, 151.4) 14443 7.4% 750 (61.7%) 192.6 (183.5, 201.1)
60-69 14266 1684 1646 (97.6%) 86.7 (86.09, 87.3) 14198 1645 (97.6%) 86.3 (85.7, 86.9) 14198 10.0% 1645 (97.6%) 86.3 (85.7, 86.9)
Total 50000 3345 2518 (75.2%) 198.6 (195.5, 201.8) 24591 2288 (68.3%)  107.5(105.7,109.3) 39316 NA 2475 (73.9%) 158.9 (156.2, 161.6)

Women  40-49 17488 257 15 (6.0%) 11524.4 (1349.6, 15596.6) 1245 4 (1.4%) 3553.8 (0.0, 5562.4) 6364 2.2% 15 (6.0%) 4193.8 (548.0, 5674.7)

50-59 17986 590 111 (18.8%) 1610.7 (1326.7, 1829.0) 1875 36 (6.1%) 512.0 (310.0, 636.4) 9128 4.9% 108 (18.2%) 852.8 (697.0, 967.4)
60-69 14526 918 684 (74.5%) 212.5 (205.4,218.8) 8715 597 (65.0%) 146.0 (139.7, 151.1) 11425 8.2% 661 (72.0%) 172.9 (166.7, 178.0)
Total 50000 1765 810 (45.9%) 616.8 (594.8, 638.3) 11835 637 (36.1%) 185.7 (177.2, 192.6) 27007 NA 784 (44.4%) 344.4 (331.5, 356.8)

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2017. Expected events at 10 years based on extrapolation of

incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the minimum of 10% and the level such that the expected false negative

rate is controlled to be 5%. All individuals were eligible for prioritisation with QRISK2. Number needed to screen based on assuming that all individuals are formally assessed. Under

each scenario, some individuals are not formally assessed and may go on to have events. Statin compliance assumed to equal 50%.
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Table 3.14: Number needed to screen to prevent one event and number of events captured when prioritising with eHEART in all eligible individuals, in

a hypothetical population of 100,000 individuals in England, assuming a 5% formal risk assessment threshold.

Hypothetical population of 100,000

Full formal assessment only

(QRISK?2 threshold=5%)

Prioritisation tool

(eHEART threshold=5%) followed by full formal

assessment (QRISK?2 threshold=5%)

Prioritisation tool

(eHEART threshold corresponding to age- and sex-specific 2.5% false

negative rates) followed by full formal assessment (QRISK2

threshold=5%)

Sex Age Expected Expected Events captured Number needed to Individuals Events captured Number needed to Individuals Prioritisation Events Number needed to
group N CVD N (%) screen to prevent 1 prioritised N N (%) screen to prevent 1 prioritised N threshold for captured screen to prevent 1
events in CVD event CVD event eHEART N (%) CVD event
10 years
Men 40-49 17673 516 320 (62.0%) 551.6 (502.1, 594.3) 4735 189 (36.7%) 249.6 (209.4, 281.9) 15506 2.1% 318 (61.7%) 486.4 (444.6, 524.2)
50-59 18061 1294 1254 (96.9%) 144.1 (142.4, 145.7) 16506 1211 (93.6%) 136.3 (133.9, 138.5) 17296 4.3% 1237 (95.6%) 139.8 (137.9, 141.6)
60-69 14266 1756 1756 (100.0%) 81.3 (81.3, 81.3) 14259 1755 (99.9%) 81.3 (81.2,81.3) 14259 5.0% 1755 (99.9%) 81.3(81.2,81.3)
Total 50000 3566 3330 (93.4%) 150.2 (148.9, 151.5) 35500 3156 (88.5%) 112.5 (111.4, 113.7) 47062 NA 3311 (92.8%) 142.2 (140.8, 143.5)
Women  40-49 17488 277 61 (22.2%) 2872.3 (1950.0, 3465.7) 711 26 (9.3%) 280.4 (102.3, 364.7) 10956 1.3% 59 (21.2%) 1877.8 (1245.2, 2293.0)
50-59 17986 607 432 (71.1%) 416.9 (395.9, 436.4) 4595 226 (37.3%) 203.3 (180.9, 221.8) 15403 2.2% 422 (69.6%) 365.0 (345.2, 382.7)
60-69 14526 936 930 (99.4%) 156.2 (155.5, 156.8) 13410 901 (96.3%) 148.9 (147.3, 150.3) 14074 4.4% 918 (98.1%) 153.4 (152.2, 154.4)
Total 50000 1819 1423 (78.2%) 351.5 (344.7, 357.9) 18717 1152 (63.3%) 162.4 (158.6, 166.1) 40433 NA 1398 (76.9%) 289.2 (283.5, 294.8)

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2017. Expected events at 10 years based on extrapolation of

incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the minimum of 5% and the level such that the expected false negative

rate is controlled to be 2.5%. All individuals have at least one CVD risk factor (systolic blood pressure, smoking, total and/or HDL cholesterol) recorded for e(HEART.

Number needed to screen based on assuming that all individuals are formally assessed. Under each scenario, some individuals are not formally assessed and may go on to have events.

Statin compliance assumed to be equal to 50%.
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Table 3.15: Number to needed screen to prevent one event, and number of events captured when prioritising with QRISK?2 in a hypothetical population

of 100,000 individuals in England, assuming a 5% formal risk assessment threshold.

Hypothetical population of 100,000

Full formal assessment only
(QRISK?2 threshold=5%)

Prioritisation tool
(QRISK?2 prioritisation threshold=5%) followed by full

formal assessment (QRISK?2 threshold=5%)

Prioritisation tool

RISK2 prioritisation threshold corresponding to age- and sex-specific 2.5%
Q p p g to ag p

false negative rates) followed by full formal assessment (QRISK2
threshold=5%)

Sex Age Expected Expected  Events captured Number needed to Individuals Events captured Number needed to Individuals Prioritisation Events Number needed to
group N CVD N (%) screen to prevent 1 CVD prioritised N N (%) screen to prevent 1 prioritised N threshold for captured screen to prevent 1
events in event CVD event QRISK2 N (%) CVD event
10 years
Men 40-49 17673 516 320 (62.0%) 551.6 (502.1, 594.3) 6302 247 (47.9%) 254.9 (220.8, 282.0) 14500 3.0% 318 (61.7%) 454.8 (413.7, 490.8)
50-59 18061 1294 1254 (96.9%) 144.1 (142.4, 145.7) 17877 1251 (96.7%) 142.9 (141.1, 144.5) 17877 5.0% 1251 (96.7%) 142.9 (141.1, 144.5)
60-69 14266 1756 1756 (100.0%) 81.3 (81.3, 81.3) 14266 1756 (100.0%) 81.3(81.3, 81.3) 14266 5.0% 1756 (100.0%) 81.3(81.3, 81.3)
Total 50000 3566 3330 (93.4%) 150.2 (148.9, 151.5) 38444 3254 (91.3%) 118.1 (116.9, 119.3) 46643 NA 3326 (93.3%) 140.3 (139.0, 141.6)
Women  40-49 17488 277 61 (22.2%) 2872.3 (1950.0, 3465.7) 957 28 (10.2%) 342.9 (157.8, 441.5) 9253 1.7% 59 (21.2%) 1585.77 (1043.7, 1937.6)
50-59 17986 607 432 (71.1%) 416.9 (395.9, 436.4) 8307 348 (57.3%) 239.0 (221.9, 253.7) 14523 3.2% 428 (70.5%) 339.6 (321.3, 355.3)
60-69 14526 936 930 (99.4%) 156.2 (155.5, 156.8) 14496 930 (99.4%) 155.8 (155.2, 156.4) 14496 5.0% 930 (99.4%) 155.8 (155.2, 156.4)
Total 50000 1819 1423 (78.2%) 351.5 (344.7, 357.9) 23761 1306 (71.8%) 182.0 (178.5, 185.4) 38272 NA 1416 (77.9%) 270.2 (264.9, 275.1)

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2017. Expected events at 10 years based on extrapolation of

incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the minimum of 10% and the level such that the expected false negative

rate is controlled to be 5%. All individuals eligible for prioritisation with QRISK2 were also eligible for prioritisation with eHEART. Statin compliance assumed to equal 50%. Number

needed to screen based on assuming that all individuals are formally assessed. Under each scenario, some individuals are not formally assessed and may go on to have events.
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3.4 Discussion

We have provided quantitative evidence for systematically prioritising individuals for invitation
for full formal CVD risk assessment using existing longitudinal primary care records, by
evaluating a novel prioritisation tool (eHEART) with the use of age- and sex-specific
prioritisation thresholds. Compared to conducting formal assessments on all individuals, the
prioritisation tool has the potential to reduce the number needed to screen to prevent one CVD
event by approximately 50% for women and 20% for men whilst identifying 96-98% of high-
risk individuals. We found no added value of using the repeat measures in the eHEART
prioritisation tool in comparison to estimates using single measures in QRISK2 as a
prioritisation tool. However, the use of a fixed 10% prioritisation threshold substantially
reduces the number of high-risk individuals identified by 10-20%. Our study highlights the
importance of using prioritisation thresholds well below formal risk assessment thresholds, and
lower than the 10% prioritisation threshold currently recommended by the NICE guidelines in
the UK.” We demonstrated the advantage of using a pragmatic strategy of selecting age- and
sex-specific prioritisation thresholds corresponding to 5% false negative rates, to ensure a

balance between efficiency and specificity across age and sex.

This is the first study, to our knowledge, to demonstrate the benefits of age- and sex-specific
thresholds for prioritising individuals for full formal CVD risk assessment, although they have
been shown to improve specificity when applied directly to the formal CVD risk
assessment.*!*? In our study we specified the age- and sex- specific thresholds to minimise the
false negative rate to 5%. However, alternative thresholds that optimise for a different criterion,
such as a 1% or 10% false negative rate, could be chosen to achieve varying specificity and
efficiency gains. Whilst using age- and sex-specific thresholds have its benefits compared to a
fixed threshold, the lower thresholds chosen may be a reflection of the uncertainty in the risks
estimated, due to the low number of observed events in young men and women within the
dataset used. Furthermore, age- and sex- specific thresholds may reduce equality in healthcare

provision, especially in individuals who do not identify as cisgender.

We have illustrated the use of prioritisation tools within the current United Kingdom
population-wide preventative programme, in which all individuals aged between 40 and 74
years are invited into their general practitioners for a National Health Service (NHS) health

check to assess an individual’s risk of CVD, diabetes, kidney disease and stroke and dementia
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every five years.** A systematic review reported coverage (percentage eligible for health checks
who received one) of 45.6%% and invitation uptake (percentage invited for health checks who
received one) of 48.2% between 2009-2016 and suggested improved coverage and invitation
uptake in populations targeted for prioritisation through general practices, including those with
low socioeconomic status or ethnic minorities. As such, a complementary and automated
systematic primary care records based prioritisation approach could be supportive to improve
both the coverage and uptake of the programme over the next few years, helping to reduce

health inequalities.**

In our study, we have chosen to focus on improvements in efficiency, whereby individuals not
deemed at high risk during the prioritisation stage were deferred from the formal risk
assessment stage. An alternative strategy is to rank individuals using existing information, and
to continue inviting individuals for a formal risk assessment within the next 5 years. With the
former strategy, the implementation will improve specificity at the cost of sensitivity. This may
cause more harm to the patient, with some high-risk individuals being deferred. However, this
approach would likely reduce the cost and resources used within the NHS. Conversely, the latter
will improve sensitivity at the cost of specificity, benefit patients but will provide fewer

efficiency benefits for the NHS.

This is also the first study to provide an independent evaluation of the use of the existing
QRISK2 as a prioritisation tool compared with our novel eHEART tool. The derivation,
validation and implementation of eHEART accounts for and leverages the sparse and
sporadically observed longitudinal primary care records, by estimating current predictor values
based on all past primary care records to make 10-year CVD predictions. By implementing a
landmark model approach in deriving eHEART, the tool removes the need for complete risk
predictor measurements in all individuals. Furthermore, eHEART uses only a small number of
conventional risk predictors, thus making it transportable across different primary care
electronic systems and country settings. In contrast, whilst the published derivation and
validation methods for QRISK2 have used multiple imputation to handle non-recorded risk
factors, its’ clinical implementation is based on replacing missing non-recorded values with
age, sex and ethnicity-specific population average values. However, QRISK2 contains many
more risk factors than eHEART and is already integrated into the primary care electronic
systems in England and used to prioritise patient invitation to formal CVD risk assessment. We
conducted population health modelling utilising both primary care records and baseline

measurements in UKB, and used recalibrated risk estimates and observed incidence rates for
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estimating the population-health impact in England. Our results show only small differences
between the tools, and that future focus should be on the selection and use of appropriate

prioritisation thresholds.

Our study has potential limitations. First, thresholds were selected by age-group and sex;
alternative thresholds such as ethnic-specific thresholds could also be considered. Second,
optimism may exist due to possible overlap of a small proportion of individuals in UKB and in
the databases used in deriving eHEART and QRISK?2. Third, our population health modelling
may be affected by healthy volunteer bias in UKB; however, this is largely overcome by the
recalibration and rescaling with more representative risk factor levels and incidence rates.
Fourth, our population health modelling was restricted to individuals aged between 40-69 years
due to data availability; we expect even larger efficiency gains if such a prioritisation tool was
used in individuals <40 years but not >69 years. Fifth, we assumed a fixed level of statin
compliance and uptake for all individuals; whilst these are likely to vary by age and sex,’#>4
the levels of compliance and uptake are likely to change after prioritisation with age- and sex-
specific thresholds is introduced. Sixth, our population health modelling focused on prioritising
individuals for a formal CVD assessment at a single point in time, rather than every 5 or 10
years; however such prioritisation tools can be used in real-time with updated primary care
records. This limitation will be addressed in Chapter S5 where a dynamic population healhth
modelling approach will be used. Finally, our population health modelling was restricted to the
population of England assuming use of the QRISK?2 formal CVD risk assessment tool; future
work should investigate the generalisability of the tools across different countries and in

combination with other formal risk assessment tools.

3.5 Conclusion

The use of a prioritisation tool, based on either utilising repeated measures or last observed
values of primary care records, in conjunction with age- and sex-specific thresholds has the
potential to systematically identify high-risk individuals for invitation for full formal CVD risk
assessment. Our results suggest using age- and sex-specific thresholds can reduce the number
needed to screen to prevent one CVD event whilst identifying the majority of high-risk
individuals. Such a strategy could be particularly important as nations tackle the many COVID-
19 related burdens and backlogs in primary care settings. Whilst minimal differences were
observed between using a single or repeated measures of primary care records, Chapter 4 will

consider the use of polygenic risk scores in a prioritisation tool.
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Chapter 4

Supplementing primary care records with polygenic risk
scores for prioritising individuals at greatest need of a

CVD risk assessment

Chapter summary

Objective: To provide quantitative evidence of the use of polygenic risk scores (PRS) for
systematically identifying individuals for invitation for full formal cardiovascular disease

(CVD) risk assessment.

Methods: 108,685 participants aged 40-69, with measured biomarkers, linked primary care
records and genetic data in UK Biobank were used for model derivation and population health
modelling. Prioritisation tools using age, PRS for coronary artery disease and stroke, and
conventional risk factors for CVD available within longitudinal primary care records were
derived using sex-specific Cox models. Rescaling to account for the healthy cohort effect, we
modelled the implications of initiating guideline-recommended statin therapy after prioritising

individuals for invitation to a formal CVD risk assessment.

Results: 1,838 CVD events were observed over median follow up of 8.2 years. If primary care
records were used to prioritise individuals for formal risk assessment using age- and sex-
specific thresholds corresponding to 5% false negative rates then we would capture 65% and
43% events amongst men and women respectively. The numbers of men and women needed to
be screened to prevent one CVD event (NNS) are 149 and 280 respectively. In contrast, adding
PRS to both prioritisation and formal assessments, and selecting thresholds to capture the same

number of events, resulted in a NNS of 116 for men and 180 for women.

Conclusion: The use of PRS together with primary care records to prioritise individuals at
highest risk of a CVD event for a formal CVD risk assessment can more efficiently prioritise
those who need interventions the most than using primary care records alone. This could lead
to better allocation of resources by reducing the number of formal risk assessments in primary
care while still preventing the same number CVD events. However, further work regarding the

future collection and practical implementation of PRS will need to be conducted.
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4.1 Introduction

Cardiovascular disease (CVD) remains a major cause of morbidity and mortality worldwide.
Identifying individuals at a high risk of CVD in order to manage and implement interventions
to reduce risk of CVD remains an important aim.>* Prediction tools utilising the risk factor
levels of individuals to estimate a 5 or 10 year risk of CVD have been developed to aid clinical
decision making and are recommended by healthcare guidelines across the world.*!* However,
recent studies have debated the clinical value and cost effectiveness of national risk assessment

=17 Tn line with this, recent guidelines have made recommendations to better

programmes.
utilise existing primary care records to improve the stratification of high-risk individuals prior
to formal CVD risk assessments.!® However, few strategies or tools to systematically identify
such individuals have been recommended. Proposals have also been recommended to prioritise
individuals using CVD-based polygenic risk scores (PRS); such PRS have been shown to be
independent of other CVD risk factors, offering improved stratification with high concordance
between categories of polygenic risk and future CVD risk across the life course, and to improve

discriminatory performance when used to supplement existing CVD risk scores.!*2! However,

no studies have quantified the impact PRS would have for prioritisation.

Therefore, to investigate the benefits of PRS to systematically prioritise individuals at high risk
of CVD, we compare systematically prioritising individuals using a PRS based prioritisation
tool against current guidelines recommendations of using a prioritisation tool based on

longitudinal primary care records.??2¢
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4.2 Methods

4.2.1 Data sources

4.2.1.1 UK Biobank

UKB is a prospective cohort study with detailed baseline information, genetic data and linked
primary care record data available for 177,359 individuals in England recruited between 2006
and 2010.%” Genetic data was sequenced using a genome wide array of approximately 826,000
markers with imputation to approximately 96 million markers.?” Primary care data was
provided from the The Phoenix Partnership, Egton Medical Information Systems and Vision
GP system suppliers.?® Data were linked with secondary care admissions from Hospital Episode
Statistics (HES) and mortality records from the Office for National Statistics (ONS). For this
study, primary care records were restricted to those measured between the 15 April 2004, the
introduction of the Quality and Outcomes Framework (QOF) and UKB baseline survey. To
assess the impact of PRS as a prioritisation tool and compare with primary care records, our
primary analyses were restricted to individuals with complete genetic data necessary for
calculating the PRS, at least one primary care record and without prior CVD or statin initiation
before UKB baseline. Individuals contributing to the PRS derivation were also excluded. Data
from UKB were used to derive CVD risk tools and to model the implications of prioritising

individuals for formal assessment (Figure 4.1).

4.2.1.2 CPRD

The Clinical Practice Research Datalink (CPRD) is a large UK primary care database
containing primary care records with linked information from HES and mortality records from
the ONS.?8 The most recent 5 years available primary care records were extracted for 870,486
individuals who were still alive and without prior CVD on the 1% January 2014 and had no
statins throughout follow-up until 315 May 2019, the end of data availability (Figure 4.2). Data
from CPRD were used to rescale estimated CVD risks in UKB participants to address the
healthy cohort effect (Figure 4.1).
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Estimated 10-year risks Population health modelling

UK Biobank ONS
Primary care, genetics

Population statistics
and baseline survey

Age structure of
hypothetical
population

Cox model derivation

CPRD

CPRD
CVD incidence rates

CVD incidence rates
Rescaling of 10-year

risks Number of expected

events in 10 years

UK Biobank

Primary care, genetics
and baseline survey

Expected number of
individuals screened
and treated using pre-
determined
thresholds

Figure 4.1: Flowchart showing data sources used for model derivation for estimated risks and
population health modelling.

Abbreviations: CPRD, Clinical Practice Research Datalink; ONS, Office for National Statistics.
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17,251,881 individuals in CPRD Remove patients whose data is unacceptable, gender is not male
or female, outside of England.

> N =15,253,960
4
11,997,921 individuals

Reasons for exclusion:
e  Removing individuals who exited before or at the
start of the study or age 40, and who started after the
study exit or age 85.
e  Study entry data was the latest of
o  The data of 6 months after the individual
registered at a general practice
o  The date that the individual turned 30 years
of age
o  The date that the data for the practice were
up to standard
> o  The date for enhanced data quality usage in
English general practice, which was defined
as the time that the national Quality and
Outcomes Framework (QOF) was
introduced (1% April 2004)
e  Study exit date was the earliest of:
o  The date of deregistration at the practice
o  The individual’s death
o  The date that the individual turned 95 years
of age
o  The last contact date for the practice with
CPRD
o  The administration end date (31% May
2019)

N =9,459,190

\ 4
2,525,156 individuals in CPRD with
linkage Reasons for exclusion:
e 1,283,309 individuals entered study before/at 1% January
2014 and exited after 1% January 2019.
334,521 individuals with prior CVD or statin before 2014.
e 45,237 individuals without at least one primary care record
of systolic blood pressure, cholesterol, or BMI

A
862,089 individuals

Calculate summary risk factor levels and
incidence rates for recalibration.

Figure 4.2: Flowchart showing selection of patient records for generating summary statistics

from CPRD.

Abbreviations: BMI, body mass index; CVD, cardiovascular disease.
Highlighted in red were individuals without necessary primary care records to calculate incidence rates for

sensitivity analyses and were included for sensitivity analysis incidence rates calculation.
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4.2.2 Outcomes and risk factors

CVD was defined as the first ever incident of fatal or non-fatal events of coronary heart disease
(including angina and myocardial infarction), ischaemic heart disease and stroke appearing in

the linked HES and ONS databases during follow up (Table 4.1).

Two PRS for coronary artery disease (CAD) and stroke, constructed using a meta-score

20.29 were

approach and external summary statistics from large genome wide association studies,
used as independent variables. Conventional risk factors (as those in the QRISK2 scores*) were
selected: age, sex, ethnicity, Townsend score, smoking status (current/ever smoker), history of
diabetes (type 1 or type 2 or history of diabetes medication), family history of CVD, history of
chronic kidney disease (stages 4 and 5), history of atrial fibrillation status, history of blood
pressure treatment, history of rheumatoid arthritis, total and high density lipoprotein (HDL)
cholesterol, systolic blood pressure (SBP), body mass index (BMI), and age interactions with
Townsend score, history of diabetes, family history of CVD, history of atrial fibrillation, history

of blood pressure treatment, SBP and BMI.

Table 4.1: Code list used to define cardiovascular disease.

Endpoint ICD-10 code
Angina pectoris 120
Myocardial infarction 121, 122, 123
Coronary disease non- myocardial infarction 124, 125
Ischemic stroke 163
Unclassified stroke 164

HES data available covered hospital admissions. Death registries provided data on deaths, with both primary and

contributory causes of death coded in ICD-10
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4.2.3 Statistical modelling

4.2.3.1 Prioritisation tool model derivation

Sex-specific Cox models were used to derive three different prioritisation tools for estimating
10-year CVD prioritisation risk using primary care and genetic data from UKB (Figure 4.3).
First, we derived a prioritisation tool with linear predictors of baseline age, CAD PRS?® and
stroke PRS?°. Age interactions were considered but were not statistically significant at the 5%
level. Second, we derived a prioritisation tool with predictors utilising longitudinal primary care
records. Third, we derived a prioritisation tool with both PRS and longitudinal primary care

records.

e e N
Genetics k\\

Before study entry Study entry Follow-up

Figure 4.3: Illustration of UK Biobank data used in analysis

The UK Biobank baseline data was used to derive and calculate the formal CVD risk assessment. The genetics
data was used to derive the polygenic risk scores and were taken at the same time (First UK Biobank survey).

The retrospective primary care data were taken at different time points from 1% April 2004 until baseline survey.

4.2.3.2 Summarising repeated measures in longitudinal primary care records

For the second and third prioritisation tools, we used the historical repeated measures in an
individual’s primary care record to estimate expected risk factor values at the time of a formal

risk assessment. Both tools were derived in two stages.

Stage 1:Multivariate mixed-effects model
In the first stage, we used sex-specific multivariate mixed effects regression models on
longitudinal risk factor measurements for SBP, total and HDL cholesterol and BMI to estimate

current risk factor values. The model was chosen as our aim was utilise all available longitudinal
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data in primary care records. Consequently, the model needed to handle the repeated and

sporadic structure of the data.

Using the primary care records before baseline survey in a population without prior CVD or
diabetes, but including those with prior statin usage, sex-specific multivariate mixed effects
models with a fixed slope, random intercept and an intra-correlation structure were used to
estimate the risk factor levels at the same timepoint as when the individual attended the UK
HDL cholesterol;j, BMI;

Biobank baseline assessment. Let SBP;;, Total cholesterol

jo ijs e

2

age;j, age;j, AHM;; denote, respectively, the repeat measures of systolic blood pressure, total

ijs
cholesterol, HDL cholesterol, BMI, age at visit in years, age at visit in years squared, an
indicator for history of anti-hypertensive medication, and an indicator for history of statin
medication individual i and measurement j. The sex-specific multivariate mixed models and its

corresponding correlated covariance structure were of the following form:

SBP;j = a; + byage;j + clageizj + (d * AHM;;) + uqy; + eq;;
Total cholesterol;j = a, + byage;j + czagel-zj + (e * statin;;) + uy; + ey;;
HDL cholesterol;; = az + bsage;; + c3agel-2j + uz; + ez

BMI;; = a, + bjage;; + c4agei2]- + Uyt ey

U 0 01 012 013 014
2
Ui L 0 o 05 033 O
Where | * [~ multivariate normal N
3t 0 013 023 03 O34
Ug 0 2
l 014 024 O34 Oy
ell’j 0 051 0 0 0
€2ij . 0 0 g2 0 O
And |, " |~ multivariate normal , ez 5
3 0 0 0 o3 O
€aij 0 2
g 0 0 0 g2

Fori=1..N,j=1.. M;,u;~N(0,07) and e;;~ N(0,07) where N is defined as the number
of individuals included in the model, M; is defined as the total number of longitudinal primary
care measurements observed for individual i, uq; to u,; represents the random intercepts which
are correlated between risk factors, and e;;; to e,;; represents the uncorrelated residual errors

for each risk factor.
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A mixed effects model was chosen to take into account the sporadic nature of electronic health
records, as well as being able to model the intra-correlations between each risk factor. In
addition, the model only needs a minimum of one recorded measurement of any one risk factor
to estimate all four of the risk factors. The model assumes that all risk factors jointly follow a
multivariate normal distribution. Inference based from the multivariate normal distribution may
often be reasonable even if the multivariate normality does not hold, especially in the context

of imputation of missing data*® and regression calibration®!-32.

Stage 2: Cox model derivation

In the second stage, we derived sex-specific Cox models with the estimated current risk factor
values for SBP, total and HDL cholesterol and BMI from stage 1. For both the second and third
prioritisation tool, the most recent primary care measurements for the remaining QRISK2 risk
factors were also included in the Cox model. For the third prioritisation tool, in addition to the
previously mentioned risk factors, linear predictors for the CAD PRS and stroke PRS were

included in the Cox model.

4.2.3.3 Formal risk assessment model derivation

Sex-specific Cox models were used to derive two formal risk assessment models for predicting
10-year formal assessment CVD risk using risk factor measurements recorded at UKB baseline
survey. First, we re-derived a model based on QRISK?2 predictors and second, we derived a

model based on QRISK2 predictors enhanced with the CAD PRS and stroke PRS.

4.2.3.4 Model performance in derivation cohort

All models were validated using 10-fold cross validation and prognostic ability was quantified
using Harrell’s C-index to measure discrimination and the net reclassification improvement

(NRI).

4.2.4 Rescaling of estimated risks from prioritisation and formal risk assessment
tools

As UKB consists of healthier individuals than the general primary care population in England,
deriving and modelling the health impact of all prioritisation tools and formal risk tools in UK
Biobank without adjustments would lead to biases. In particular, the distribution of the 10-year
risks estimated, would be skewed to the right and be narrow relative to the distribution observed
in the general population. Since a fixed 10% threshold was used to guide statin initiation, the

biased distributions would lead to misleading population health modelling estimates. To more
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accurately use UK Biobank for population health modelling, the distribution of 10-year risks

estimated were rescaled.

Rescaling was completed for each tool and by sex, using methods similar to those previously

described?3-34

, and allowed the mean level of predicted risks based on UKB data to match what
was observed in CPRD. We used sex-specific mean risk factor levels calculated from the
Clinical Practice Research Datalink (CPRD) between the years 2014 and 2019 within 5-year
age groups to estimate the predicted risk in the general population by fitting the average level
risk factors into the published QRISK?2 risk model (Table 4.2). This allows us to calculate

scaling factors to rescale each prioritisation tool and formal risk assessment model to have a

distribution similar to what would be expected in the general population.

A linear model was fit within each tool and by sex to relate the observed risk (6,,s) and

predicted risk (8,,q) estimated for each 5-year age group (c;):

loge (_loge(l - Qobs,cs)) = ﬂo + Bl X loge (_loge(l - gpred,cs))

The estimated S, and f; were then used as scaling factors to rescale each individual’s

original 10-year risk (6p¢q,;) to give a new rescaled estimate Opeppreq,i:

enewpred,i =1- exp (_ exp <,80 + ﬁl X loge (_loge(l - epred,i)))
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Table 4.2: Age- and sex-specific mean risk factor levels using records from 870,486 individuals in the CPRD database.

Men Women

Age group 40-44 4549 50-54  55-59 60-64 65-69 40-44  45-49 50-54  55-59 60-64  65-69
Ethnicity — White, (%) 89.4 91.8 93.6 94.7 96 97.3 88.7 90.8 92.9 94.1 95.6 96.9
Townsend, mean* -1.5 -1.5 -1.5 -1.5 -1.5 -1.5 -1.5 -1.5 -1.5 -1.5 -1.5 -1.5
Systolic blood pressure — mmHg, mean 129.5 131.2 132.8 134.4 135.8 136.5 121.0 124.3 127.5 130.0 132.6 134.8
Total cholesterol — mmol/litre, mean 5.18 5.26 5.31 5.27 5.22 5.13 4.85 5.07 5.36 5.61 5.70 5.70
HDL cholesterol — mmol/litre, mean 1.27 1.29 1.32 1.34 1.38 1.4 1.53 1.57 1.64 1.68 1.69 1.71
BMI - kg/m?, mean 28.2 28.6 28.5 28.3 27.9 27.4 27.8 28.2 28.2 28.1 27.7 27.2
Current/ever smoker, (%) 49.2 47.9 45.4 40.4 33.8 27.1 42.0 43.1 433 39.9 322 26.7
History of diabetes, (%) 6.0 7.0 8.3 10.2 11.6 13.4 10.1 10.5 11.0 11.3 11.7 12.6
Blood pressure-lowering medication prescriptions, (%) 6.9 9.9 13.7 18.7 24.2 30.5 12.3 16 20.5 25.6 30.0 35.9
Family history, (%) 6.1 7.0 7.5 7.6 7.0 6.7 7.4 0.9 9.7 10.4 10.4 9.8
Chronic kidney disease (4/5), (%) 0.2 0.1 0.2 0.2 0.2 0.3 0.2 0.2 0.2 0.2 0.3 0.3
Rheumatoid arthritis, (%) 0.4 0.6 0.7 0.8 1.1 1.2 1.1 1.4 1.6 2.0 2.5 2.7
Atrial fibrillation (%) 0.3 0.5 0.8 1.2 1.9 3.0 0.2 0.2 0.4 0.6 0.9 1.5
Coronary artery disease PRS** -1.07 -1.10 -1.12 -1.14 -1.17 -1.17 -1.08 -1.10 -1.11 -1.13 -1.14 -1.15
Stroke PRS** 1.59 1.58 1.57 1.56 1.154 1.54 1.59 1.58 1.57 1.56 1.55 1.55

Abbreviations: BMI, body mass index; HDL cholesterol, high-density lipoprotein cholesterol; PRS, polygenic risk score.
*A mean Townsend score of -1.5 from UK Biobank due to insufficient data.

** Mean PRS values from UK Biobank were used due to lack of genetic data in CPRD.
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4.2.5 Population health modelling

Population health modelling was conducted to compare the population health impact of 1)
prioritising using a primary care records-based tool followed by a formal assessment with
conventional risk factors, 2) prioritising using a PRS and age-based tool followed by a formal
assessment with conventional risk factors and PRS and 3) prioritising using both PRS and

primary care records, followed by a formal assessment with conventional risk factors and PRS.

A hypothetical population of 100,000 individuals (50,000 men and women) from the United
Kingdom was created; the population age structure was obtained using data from the ONS in
2015 and the number of expected CVD events was calculated using age-group and sex-
specific incidence rates from CPRD (Table 4.3, Figure 4.4). A policy of statin initiation for
individuals at >10% predicted 10-year formal assessment CVD risk as currently recommended
by National Institute for Health and Care Excellence (NICE) guidelines and a 20% reduction in
CVD risk were assumed.*®*” The population health impact for each of the three prioritisation
tools was modelled using age- and sex-specific prioritisation thresholds in two ways. First, we
selected prioritisation thresholds to limit the formal risk assessment false negative rate to 5%.
Second, we selected prioritisation thresholds for the tools utilising PRS, such that the same
number of events identified would be equivalent to prioritising with primary care records

(Table 4.4).

Summary metrics were estimated for: the number needed to screen (NNS) to prevent one CVD
event, the number of CVD events identified and the number needed to invite (NNI) to prevent
one CVD event. We assumed 50% statin compliance and a 50% invitation uptake of a formal
assessment if inviting all individuals.*®° We further assumed an increased invitation uptake of

55% if individuals were prioritised for an invitation to a formal assessment.

In sensitivity analyses, we repeated population-health analyses including all individuals,
including those without a primary care record for any one of SBP, HDL, total cholesterol or
BMI, where those without a record were all invited for formal assessment (Table 4.3). We also
repeated analyses assuming a 5% formal risk assessment threshold, in addition to age- and sex-

specific prioritisation thresholds selected to correspond to 2.5% false negative rates.
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Analyses were conducted in R x64 3.6.1 (R Foundation for Statistical Computing, Vienna,

Austria).

Polygenic risk Primary care PRS + primary
scores records care records

No primary care
records available

Estimate risk factor levels at age of
assessment for BMI, systolic blood
pressure and total/HDL cholesterol
based on primary care records Age

°o__a o

Risk factor
1

Sensitivity analysis

Predict prioritisation risk using:
* Age, sex, CAD PRS and stroke PRS §

T
Prioritisation

records of QRISK2 risk factors '

* Age, sex, estimated risk factor levels, other records of

. * Age, sex, estimated risk factor levels and other
‘ QRISK2 risk factors, CAD PRS and stroke PRS

Is prioritisation risk greater than prioritisation
threshold?

Do not yet
prioritise for
formal CVD
assessment

Accepts formal CVD assessment

Is formal CVD assessment risk greater than
assessment threshold?

Prioritise for
formal CVD
assessment

|
Formal CVD assessment

(Current practice)

Identified as
Identified as low to

high risk moderate
risk

Figure 4.4: Flow chart of the implementation of a prioritisation tool for formal cardiovascular

disease assessments

Abbreviations: BMI, body mass index; CAD, coronary artery disease; CVD; cardiovascular disease; HDL, high

density lipoprotein; PRS, polygenic risk score.
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Table 4.3: Age- and sex-specific crude 10-year cardiovascular disease incidence rates using

records from 870,486 individuals in the CPRD database.

Men Women

Age group 40-44 4549 50-54 55-59 60-64 65-69 | 40-44 45-49 50-54 55-59 60-64 65-69

Crude incidence rate per
1,000 with at least at
least one primary care

; 18.2 34.4 58.1 86.6 112.3  144.6 11.5 18.0 28.6 39.0 58.1 73.3
record of systolic blood

pressure, cholesterol, or

BMI

Crude incidence rate per
1,000 including those

without at least one 17.4 33.0 56.9 83.9 109.7  142.6 11.4 17.8 28.3 39.1 58.0 72.8
primary care record of
systolic blood pressure,

cholesterol, or BMI

Abbreviations: BMI, body mass index.
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Table 4.4: Age- and sex-specific prioritisation thresholds chosen for population health modelling

P.rlorltlsatlon using Prioritisation using PRS Prioritisation using PRS and primary care
primary care records records
0, 1 0, 1

5% FNR prioritisation 5/0 FNR Equllvalie.nt e.V ents 5/0 FNR Equl.Valle.nt e.V6nts

Age group threshold. % prioritisation prioritisation prioritisation prioritisation
$ threshold, % threshold, % threshold, % threshold, %

Men
40-49 3.4% 3.3% 3.5% 3.9% 4.5%
50-59 6.5% 6.3% 6.5% 6.6% 7.4%
60-69 10.0% 10.6% 10.8% 9.6% 10.4%
Women
40-49 3.0% 1.8% 1.9% 2.9% 4.2%
50-59 4.3% 3.6% 3.8% 4.5% 6.0%
60-69 6.9% 7.6% 7.9% 7.0% 8.6%

Abbreviations: FNR, false negative rate; PRS, polygenic risk score
Age group and sex specific 5% FNR prioritisation thresholds were defined as the level such that the expected false negative rate of the formal risk assessment is controlled to be 5%.
The prioritisation thresholds were chosen by first, ranking the estimated 10-year CVD risks from each prioritisation tool amongst individuals with a future CVD event. The FNR

threshold was selected as the maximum estimated risk such that 5% of individuals with a future event would not be prioritised (i.e. were lower than the threshold).

Age group and sex specific ‘equivalent events prioritisation thresholds’, when prioritising using PRS or PRS and primary care records tool, were chosen such that the number of

events identified would be similar to if prioritising with primary care records using a 5% FNR prioritisation threshold.
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4.3 Results

4.3.1 Population characteristics in UK Biobank

For our primary analysis, we identified 108,685 individuals in UKB with genetic data and a
primary care record for at least one of SBP, HDL, total cholesterol and BMI (Figure 4.5). All
individuals had complete information for the conventional risk factors necessary to calculate a
10-year formal CVD risk at baseline survey. The mean age at baseline was 56.2 years (SD 8.0)
for men and 56.1 years (SD 7.8) for women. During mean of follow-up of 8.2 years, there were
1,838 incident cardiovascular events (Table 4.5). Compared to the measurements observed at
the UKB baseline survey, the measurements recorded in primary care records were lower for
SBP and total cholesterol and although similar for current/ever smoking status and history of
diabetes, were less concordant for the remaining disease statuses. The oldest primary care

record was on average 3.8 years before baseline.

177,359 individuals at baseline with
linked primary care record

Reasons for exclusion:

e 25,729 individuals due to prior
CVD disease

e 611 individuals younger than 40
and older than 69 at baseline

e 9,661 individuals with only primary
care records after baseline survey.

e 15,103 individuals with a statin
prescription in primary care records

e 2,246 individuals used for PRS

108,685 individuals derivation

e 15,324 individuals without at least
one primary care record of systolic
blood pressure, cholesterol, or BMI

\

A 4

Prioritisation tool and formal risk
assessment tool derivation

Figure 4.5: Flowchart showing selection of patient records for derivation and population

health modelling in UK Biobank.

Abbreviations: BMI, body mass index; CVD, cardiovascular disease; PRS, polygenic risk score.
Highlighted in red are individuals without necessary primary care records for primary care based prioritisation

tool that were formally assessed in sensitivity analysis.
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Table 4.5: Key characteristics of individuals in UK Biobank baseline survey and linked primary care records

Characteristic

Men, N = 44,184 (41%)

Women, N = 64,501 (59%)

CVD events, N

Follow up duration: years, median (5", 95" percentile)
Duration between first primary care record and baseline visit:
years, median (5", 95" percentile)

8.1(6.1,10.8)
3.6(0.9,5.5)

8.2 (6.8, 10.9)
3.9(1.1,5.6)

Primary care records Baseline Primary care records Baseline
Age, mean (SD)*? - 56.2 (8.0) - 56.1 (7.8)
Coronary artery disease PRS, mean (SD) - -1.15 (0.46) - -1.13 (0.46)
Stroke PRS, mean (SD) - 1.55(0.22) - 1.56 (0.23)
Ethnicity — White, N (%) ? - 42,283 (95.7%) - 61,977 (96.1%)
Townsend, mean (SD)? - -1.5(3.0) - -1.5(2.9)
Systolic blood pressure:
mmHg, mean (SD)® 135.3 (7.82) 141.0 (17.3) 130.7 (9.62) 134.9 (19.1)
Number of historical records, mean 3.8 - 4.6 -
Total cholesterol:
mmol/litre, mean (SD)° 5.48 (0.47) 5.79 (1.01) 5.71 (0.50) 6.03 (1.08)
Number of historical records, mean 2.0 - 2.0 -
HDL cholesterol:
mmol/litre, mean (SD)° 1.35(0.19) 1.30 (0.31) 1.68 (0.24) 1.61 (0.37)
Number of historical records, mean 1.8 - 1.9 -
BMI:
kg/m?, mean (SD)° 27.2 (3.1) 27.5(4.1) 26.6 (4.1) 26.8 (5.0)
Number of historical records, mean 2.0 - 2.3 -
Current/ever smoker, N (%) 4,472 (10.1%) 5,233 (11.8%) 4,911 (7.61%) 5,511 (8.5%)
History of diabetes, N (%) 466 (1.05%) 630 (1.4%) 412 (0.64%) 459 (0.7%)

Blood pressure-lowering medication prescriptions, N (%)
Family history, N (%) ?

Chronic kidney disease (4/5), N (%) ?

Rheumatoid arthritis, N (%)

Atrial fibrillation, N (%)

6,396 (14.5%)
1,568 (3.55%)
57 (0.13%)
146 (0.33%)
336 (0.33%)

5,529 (12.51%)

381 (0.86%)
123 (0.28%)

9,737 (15.1%)
2,494 (3.87%)
79 (0.12%)
336 (0.52%)
1,749 (2.7%)

7,643 (11.85%)

989 (1.53%)
89 (0.14%)

Abbreviations: BMI, body mass index; CVD, cardiovascular disease; HDL cholesterol, high-density lipoprotein cholesterol; PRS, polygenic risk score; SD, standard deviation.
2 Risk factor values in both baseline and primary care records if one was missing.

b Risk factor values for primary care records estimated using multivariate mixed effects model.
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4.3.2 Model performance and comparison

Hazard ratios (HRs) in the prioritisation tools and formal assessment models, for the same
predictors, were similar (Tables 4.6-4.7). All models had good discriminatory performance
with higher performance in women (Table 4.8). The greatest performance was observed in the
model using conventional risk factors and PRS in men (C-index = 0.716, 95% CI: 0.702, 0.730)
and in women (C-index = 0.742, 95% CI: 0.722, 0.762). Compared to using conventional risk
factors, augmenting with PRS also improved the reclassification of high and low risk
individuals in both men (NRI = 0.0262, 95% CI: 0.0072, 0.0458) and in women (NRI = 0.0265,
95% CI: 0.0065, 0.0502) (Table 4.9).

The estimated 10-year risks between the primary care records only prioritisation tool and the
formal assessment model using conventional risk factors were highly correlated (correlation
coefficient = (.75 for men and 0.80 for women). In contrast, the estimated 10-year risks between
the PRS + age prioritisation tool and the formal assessment model using conventional risk
factors and PRS were less highly correlated (correlation coefficients = 0.67 for men and
women), and the estimated 10-year risks between the PRS and primary care records based
prioritisation tool and the formal assessment model using conventional risk factors with PRS
were more highly correlated (correlation coefficients = 0.82 for men and women) (Table 4.10).

Rescaled 10-year risk estimates between all models were similar (Figure 4.6).
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Table 4.6: Hazard ratios (95% confidence intervals) for the prioritisation and formal risk assessment tools derived using 44.184 men in UK Biobank.

Conventional risk factor
+ PRS formal
assessment tool

Conventional risk factor
formal assessment tool

Primary care records PRS + age prioritisation
prioritisation tool tool

PRS + primary care

Risk factor
records prioritisation tool

Age — per year increase

1.071 (1.060, 1.083)

1.070 (1.062, 1.078)

1.075 (1.063, 1.086)

1.072 (1.060, 1.083)

1.075 (1.064, 1.087)

Ethnicity — non-White 0.946 (0.680, 1.316) NA 0.464 (0.324, 0.665) 0.910 (0.654, 1.266) 0.463 (0.324, 0.663)
Townsend 1.032 (1.012, 1.052) NA 1.030 (1.010, 1.050) 1.029 (1.010, 1.049) 1.028 (1.008, 1.048)
Smoking status — current/ever smoker 2.060 (1.765, 2.404) NA 2.028 (1.737, 2.367) 1.979 (1.704, 2.298) 1.957 (1.685, 2.272)
Diabetes status - Yes 1.066 (0.548, 2.074) NA 1.040 (0.535, 2.020) 1.524 (0.968, 2.400) 1.486 (0.943, 2.341)
Chronic kidney disease (stages 4/5) 2777 (1.149, 6.709) NA 2.691 (1.113, 6.504) 2.699 (1.118, 6.516) 2,655 (1.100, 6.412)
History of atrial fibrillation - Yes 0.662 (0.320, 1.368) NA 0.651 (0.316, 1.342) 1.740 (0.614, 4.929) 1.666 (0.599, 4.631)
Anti-hypertensive medication - Yes 1.087 (0.912, 1.294) NA 1.068 (0.897, 1.272) 1.203 (1.006, 1.439) 1.169 (0.978, 1.398)
Rheumatoid arthritis — Yes 0.624 (0.201, 1.940) NA 0.625 (0.201, 1.942) 1.614 (1.047, 2.488) 1.562 (1.013, 2.408)
Family history of CVD — Yes 1.252 (0.941, 1.666) NA 1.169 (0.878, 1.556) 1.254 (0.942, 1.668) 1.186 (0.891, 1.579)
Total cholesterol — per mmol/litre increase 1.571 (1.386, 1.780) NA 1.503 (1.326, 1.705) 1303 (1.231, 1.380) 1.276 (1.205, 1.351)
HDL — per mmol/litre increase 0.373 (0.256, 0.543) NA 0.398 (0.274, 0.579) 0.411 (0.330, 0.511) 0.424 (0.341, 0.527)
?nisrt:;;:: blood pressure — per mmtg 1.025 (1.017, 1.034) NA 1.023 (1.014, 1.032) 1.013 (1.009, 1.016) 1.012 (1.008, 1.015)
BMI — per kg/m2 increase 1.008 (0.987, 1.030) NA 1.007 (0.986, 1.029) 1.017 (1.002, 1.033) 1.015 (1.000, 1.031)

CAD PRS — per SD increase
Stroke PRS — per SD increase

NA
NA

1.299 (1.221, 1.381)
1.123 (1.059, 1.192)

1.312(1.231, 1.397)
1.162 (1.090, 1.239)

NA
NA

1.299 (1.219, 1.384)
1.150 (1.078, 1.226)

Age * BMI 1.000 (0.997, 1.002) NA 1.000 (0.997, 1.002) 1.000 (0.998, 1.002) 1.000 (0.998, 1.002)
Age * Townsend 0.998 (0.996, 1.001) NA 0.998 (0.995, 1.000) 0.998 (0.996, 1.001) 0.998 (0.996, 1.001)
Age * Systolic blood pressure 0.999 (0.998, 1.000) NA 0.999 (0.998, 1.000) 1.000 (0.999, 1.000) 1.000 (0.999, 1.000)
Age * Family history of CVD 0.991 (0.954, 1.030) NA 0.993 (0.955, 1.032) 0.994 (0.957, 1.032) 0.996 (0.959, 1.035)
Age * Smoking status 0.984 (0.964, 1.005) NA 0.985 (0.965, 1.006) 0.981 (0.962, 1.000) 0.982 (0.963, 1.002)
Age * Anti-hypertensive medication 0.994 (0.972, 1.017) NA 0.993 (0.971, 1.016) 0.984 (0.962, 1.008) 0.983 (0.961, 1.007)
Age * Diabetes status 1.069 (0.988, 1.158) NA 1.070 (0.988, 1.158) 1.016 (0.961, 1.075) 1.018 (0.962, 1.077)
Age * History of atrial fibrillation 1.060 (0.968, 1.161) NA 1.058 (0.966, 1.158) 1.026 (0.905, 1.164) 1.024 (0.906, 1.157)
Baseline survival estimate at 10 years 0.9668333 0.9670151 0.9672866 0.9777007 0.977394

Abbreviations: BMI, body mass index; CAD, coronary artery disease; CVD, cardiovascular disease; HDL cholesterol, high-density lipoprotein cholesterol; PRS, polygenic risk

score; SD, standard deviation
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Table 4.7: Hazard ratios (95% confidence intervals) for the prioritisation and formal risk assessment tools derived using 64,501 women in UK

Biobank.

Conventional risk factor +

C tional risk fact
onventional risk factor PRS formal assessment

formal assessment tool

Primary care records PRS + age prioritisation
prioritisation tool tool

PRS + primary care

Risk factor
records prioritisation tool

tool

Age — per year increase

1.065 (1.045, 1.085)

1.094 (1.081, 1.107)

1.067 (1.048, 1.087)

1.076 (1.059, 1.094)

1.078 (1.061, 1.096)

Ethnicity — non-White 0.936 (0.573, 1.530) NA 0.578 (0.338, 0.988) 0.872 (0.533, 1.426) 0.562 (0.329, 0.962)
Townsend 1.068 (1.038, 1.100) NA 1.067 (1.036, 1.098) 1.064 (1.034, 1.096) 1.063 (1.032, 1.094)
Smoking status — current/ever smoker 2.695 (2.134, 3.405) NA 2.662 (2.107, 3.362) 2.528 (2.003, 3.190) 2502 (1.983, 3.157)
Diabetes status — History or 1.770 (0.811, 3.861) NA 1.771 (0.812, 3.865) 1.501 (0.670, 3.363) 1.479 (0.659, 3.319)
Chronic kidney disease (stages 4/5) 0.841 (0.118, 5.993) NA 0.795 (0.111, 5.667) 0.735 (0.102, 5.290) 0.695 (0.096, 5.021)
History of atrial fibrillation - Yes 0.874 (0.445, 1.717) NA 0.881 (0.45, 1.726) 0.062 (0.000, 19.868) 0.064 (0.000, 21.315)
Anti-hypertensive medication - Yes 0.995 (0.771, 1.286) NA 0.982 (0.76, 1.269) 1.658 (1.296, 2.123) 1.622 (1.267, 2.076)
Rheumatoid arthritis — Yes 1.934 (0.917, 4.077) NA 1.921 (0.911, 4.05) 1.479 (0.924, 2.367) 1.495 (0.934, 2.393)
Family history of CVD — Yes 1.124 (0.734, 1.722) NA 1.095 (0.714, 1.677) 1.097 (0.716, 1.679) 1.074 (0.701, 1.645)
Total cholesterol — per mmol/litre increase 1.406 (1181, 1.675) NA 1.369 (1.149, 1.631) 1.227 (1.137, 1.324) 1.210 (1.121, 1.307)
HDL — per mmol/litre increase 0.365 (0.238, 0.559) NA 0375 (0.245, 0.575) 0.540 (0.420, 0.694) 0.547 (0.425, 0.703)
?nisrt:;;:: blood pressure —per mmHg 1.038 (1.026, 1.049) NA 1.036 (1.025, 1.048) 1.015 (1.010, 1.020) 1.014 (1.009, 1.019)
BMI - per kg/m2 increase 0.990 (0.966, 1.014) NA 0.990 (0.966, 1.014) 1.011 (0.994, 1.030) 1.011 (0.993, 1.029)

CAD PRS — per SD increase
Stroke PRS — per SD increase

NA
NA

1.178 (1.079, 1.286)
1.117 (1.025, 1.217)

1.165 (1.064, 1.274)
1.115 (1.016, 1.225)

NA
NA

1.152 (1.053, 1.260)
1.106 (1.008, 1.215)

Age * BMI 1.002 (0.999, 1.004) NA 1.002 (0.999, 1.004) 1.001 (0.999, 1.003) 1.001 (0.999, 1.003)
Age * Townsend 0.998 (0.994, 1.002) NA 0.998 (0.994, 1.002) 0.998 (0.994, 1.001) 0.998 (0.994, 1.001)
Age * Systolic blood pressure 0.999 (0.998, 1.000) NA 0.999 (0.998, 1.000) 1.000 (0.999, 1.000) 1.000 (0.999, 1.001)
Age * Family history of CVD 0.974 (0.916, 1.036) NA 0.974 (0.916, 1.036) 0.977 (0.920, 1.037) 0.977 (0.920, 1.037)
Age * Smoking status 1.009 (0.977, 1.042) NA 1.009 (0.977, 1.042) 1.019 (0.987, 1.051) 1.018 (0.987, 1.051)
Age * Anti-hypertensive medication 1.005 (0.972, 1.040) NA 1.006 (0.972, 1.040) 0.975 (0.944, 1.007) 0.975 (0.944, 1.008)
Age * Diabetes status 1.005 (0.904, 1.117) NA 1.006 (0.905, 1.118) 1.030 (0.928, 1.143) 1.032 (0.930, 1.146)
Age * History of atrial fibrillation 1.066 (0.979, 1.162) NA 1.065 (0.978, 1.160) 1.551 (0.906, 2.653) 1.540 (0.898, 2.643)
Baseline survival estimate at 10 years 0.9859755 0.9896236 0.9862068 0.9915961 0.9915758

Abbreviations: BMI, body mass index; CAD, coronary artery disease; CVD, cardiovascular disease; HDL cholesterol, high-density lipoprotein cholesterol; PRS, polygenic risk

score; SD, standard deviation
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Table 4.8: C indices of prioritisation tools and formal CVD risk assessment tools in UK Biobank

C-index (95% confidence interval)

Model All individuals Men Women
Prioritisation tool

Primary care records only 0.730 (0.719, 0.741) 0.684 (0.670, 0.699) 0.734 (0.715, 0.754)
PRS + age 0.663 (0.652, 0.675) 0.663 (0.649, 0.678) 0.686 (0.665, 0.707)
PRS + primary care records 0.740 (0.730, 0.751) 0.704 (0.691, 0.718) 0.738 (0.718, 0.758)
Formal risk assessment tool

Conventional risk factors 0.730 (0.719, 0.740) 0.700 (0.686, 0.714) 0.739 (0.720, 0.759)

Conventional risk factors +PRS 0.738 (0.727, 0.749) 0.716 (0.702, 0.730) 0.742 (0.722, 0.762)

Abbreviations: PRS, polygenic risk score.
C indices and 95% confidence intervals from each model for the prediction of 10-year cardiovascular disease by sex and for the combined population in UK Biobank after 10-fold

cross validation.

Table 4.9: Net reclassification improvement between prioritisation tools and formal risk assessment tools

Net reclassification improvement (95% confidence interval)

Reference Comparison
Combined Men Women

Primary care records only
prioritisation tool
Primary care records only PRS + primary care records

PRS + age prioritisation tool -0.0508 (-0.0787, -0.0299)  -0.0487 (-0.0814, -0.0131)  -0.0870 (-0.1257, -0.0537)

0.0220 (0.0074, 0.0392) 0.0230 (-0.0005, 0.0481) 0.0160 (-0.0036, 0.0327)

prioritisation tool prioritisation tool

PRS + age prioritisation PR + primary care records 0.0729 (0.0570, 0.0928) 0.0717 (0.0481, 0.1026) 0.1030 (0.0765, 0.1346)
tool prioritisation tool

Conventional risk factor  Conventional risk factor + PRS 0.0237 (0.0078, 0.0409)  0.0262 (0.0072, 0.0458)  0.0265 (0.0065, 0.0502)
formal assessment tool formal assessment tool

Abbreviations: PRS, polygenic risk score.
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Table 4.10: Correlation of predicted 10-year risks between prioritisation tools and formal

assessment tools by sex in the derivation dataset

PRS + primary care
records prioritisation
tool

Primary care records PRS + age

LG only prioritisation tool prioritisation tool

Conventional risk

factor formal 0.75 - -
assessment tool
Conventional risk
factor + PRS
formal assessment
tool

- 0.67 0.82

PRS + primary care
records prioritisation
tool

Primary care records PRS + age

ROmer only prioritisation tool prioritisation tool

Conventional risk
factor formal 0.80 - -
assessment tool
Conventional risk
factor + PRS
formal assessment
tool
Abbreviations: PRS, polygenic risk score.

- 0.67 0.82

Correlations shown are for combinations of prioritisation tool and formal assessment tool as defined in each

Strategy.

Primary care records

PRS + primary care records Conventional risk factor Conventional risk factor +
prioritisation tool

| | PRS + age prioritisation tool | | prioritisation tool formal assessment tool PRS formal assessment tool
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Figure 4.6: Age group and sex specific distributions of rescaled 10-year risks for each

—

usom

prioritisation tool and formal assessment tool.

Abbreviations: PRS, polygenic risk score.
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4.3.3 Population health modelling

4.3.3.1 Prioritisation using primary care records

In our representative population of 100,000 individuals aged 40 to 69, 3,573 men and 1,808
women would experience a CVD event over the next 10 years. If conventional risk factors were
used to formally assess the whole population, 2,426 (67.9%) men and 801 (44.3%) women
would be identified at high risk (Figure 4.7, Table 4.11). Assuming statin therapy would be
initiated on high-risk individuals, and no other preventive interventions implemented, the NNS
to prevent one CVD event in men and women would be 206 (95% CI: 200, 213) and 624 (95%
CI: 576, 668) respectively. If the primary care records-based prioritisation tool was first used
to prioritise formal assessment in the population, then 2,335 (65.3%) men and 785 (43.4%)
women would be identified at high risk. The NNS to prevent one event would reduce to 149
(95% CI: 143, 155) in men and 280 (95% CI: 259, 301) in women (27.7% and 55.1% reduction
respectively). The greatest reduction in the NNS would be in men and women aged between
40-49 years, with a reduction of 55% and 82% respectively. The reduction was almost

statistically significant at the 5% level in 40-49 year old men.
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~e— Prioritisation with PRS + age & formal assessment with conventional risk factors + PRS

—e— Prioritisation with primary care records + PRS & formal assessment with conventional risk factors + PRS

Figure 4.7: Number needed to invite, number needed to screen and number of events identified after prioritising for a formal CVD assessment, in a

hypothetical population of 100,000 individuals in England.

Abbreviations: NNS, number needed to screen; NNI, number needed to invite; PRS, polygenic risk score.
95% confidence intervals are represented by vertical lines. Age group and sex specific prioritisation thresholds were defined as the level such that the expected false negative rate is

controlled to be 5%. NNI and NNS assumes 50% statin compliance, and half of all individuals invited for formal assessment attend.
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Table 4.11: Number needed to invite and screen to prevent one event, and number of events identified when prioritising with primary care records in a

hypothetical population of 100,000 individuals in England.

No prioritisation tool used: formal assessment with conventional
risk factors used for all individuals

Prioritisation using primary care records, followed by formal assessment with
conventional risk factors

Number of

Expected Number of events

number of events Participants identified as
Age events in NNI NNS identified as prioritised NNI NNS high risk
group Participants 10 years (95% CI) (95% CI) high risk (%) (%) (95% CI) (95% CI) (%)
Men
40-49 18253 485 3033 (1986.4, 3692.0) 1517 (993.2, 1846.0) 120 (24.7%) 10126 (55.5%) 1530 (997.9, 1865.6) 841 (548.9, 1026.1) 120 (24.8%)
50-59 17391 1240 515 (463.8, 560.2) 257 (231.9, 280.1) 676 (54.5%) 12134 (69.8%) 339 (301.2, 368.3) 187 (165.7, 202.6) 651 (52.5%)
60-69 14356 1847 176 (171.0, 180.6) 88 (85.5,90.3) 1629 (88.2%) 12517 (87.2%) 146 (140.8, 149.8) 80 (77.5, 82.4) 1564 (84.7%)
Total 50000 3573 412 (398.4, 426.3) 206 (199.2, 213.1) 2426 (67.9%) 34777 (69.6%) 271 (260.7, 281.1) 149 (143.4,154.6) 2335 (65.3%)
Women
40-49 18107 269 13462 (0.0, 19743.6) 6731 (0.0, 9871.8) 27 (10.0%) 3233 (17.9%) 2185 (0.0, 3192.3) 1202 (0.0, 1755.7) 27 (10.0%)
50-59 17282 577 2544 (1729.3,3115.2) 1272 (864.6, 1557.6) 136 (23.6%) 8329 (48.2%) 1143 (778.9, 1403.4) 629 (428.4, 771.9) 132 (23.0%)
60-69 14611 962 457 (418.9, 488.1) 229 (209.4, 244.1) 639 (66.4%) 10459 (71.6%) 304 (277.4, 324.1) 167 (152.6, 178.3) 626 (65.1%)
Total 50000 1808 1248 (1151.8, 1336.1) 624 (575.9, 668.0) 801 (44.3%) 22021 (44.0%) 510 (470.8, 547.0) 280 (258.9, 300.8) 785 (43.4%)

Abbreviations: NNS, number needed to screen; NNI, number needed to invite.

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2015. Expected events at 10 years based on extrapolation of
incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the level such that the expected false negative rate was controlled to be
5%. NNI and NNS assumes 50% statin compliance. NNI assumes a 50% invitation uptake if assessing without using prioritisation tool, and a 55% invitation uptake if assessing with

using prioritisation tool. Formal assessment threshold set at 10% and prioritisation threshold set at equivalents to 5% false negative rate.
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4.3.3.2 Prioritisation using polygenic risk scores

If conventional risk factors enhanced with PRS was used to formally assess the whole
population, then 2,457 (68.8%) men and 844 (46.7%) women would be identified as being at
high risk (Figure 4.7, Table 4.12). The NNS to prevent one CVD event in men and women
would be 204 (95% CI: 197, 211) and 592 (95% CI: 545, 631) respectively.

If the PRS + age prioritisation tool was first used to prioritise formal assessment in the
population, then 78.8% of men and 74.8% of women would be prioritised and, amongst them,
2,356 (65.9%) men and 813 (45.0%) women with CVD events over the next 10 years would be
classified at high risk. The NNS to prevent one event would reduce to 167 (95% CI: 161, 174)
in men and 460 (95% CI: 423, 491) in women (18.1% and 22.3% reduction respectively). The
largest reduction in the NNS would be in the youngest men and women, with a reduction of

24% and 26% respectively.

If the PRS and primary care records-based prioritisation tool was first used to prioritise formal
assessment in the population, then 2,367 (66.3%) men and 825 (45.6%) women would be
classified at high risk. (Figure 4.7, Table 4.13). The NNS to prevent one event would reduce
to 127 (95% CI: 122, 132) in men and 255 (95% CI: 234, 273) in women (37.7% and 56.9%
reduction respectively). The largest reduction in the NNS would be in the youngest men and
women, with a reduction of 55% and 80% respectively. The reduction in the youngest men was
statistically significant at the 5% level. Comparing with other age groups shows that despite
having the fewest CVD events, the large reductions in NNS in 40-49 year olds can have a

positive impact.
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Table 4.12: Number needed to invite and screen to prevent one event, and number of events identified when prioritising with PRS + age in a hypothetical

population of 100,000 individuals in England.

No prioritisation tool used: formal assessment with conventional

Prioritisation using PRS + age, followed by formal assessment with conventional

risk factors + PRS used for all individuals risk factors + PRS
Number of

Expected Number of events

number of events Participants identified as
Age events in NNI NNS identified as prioritised NNI NNS high risk
group Participants 10 years (95% CI) (95% CI) high risk (%) (%) (95% CI) (95% CI) (%)
Men
40-49 18253 485 2149 (1557.2, 2547.5) 1074 (778.6, 1273.8) 170 (35.1%) 13525 (74.1%) 1478 (1088.5, 1752.7) 813 (598.7, 964.0) 166 (34.3%)
50-59 17391 1240 494 (448.6, 534.4) 247 (224.3, 267.2) 705 (56.9%) 13456 (77.4%) 364 (328.9, 394.1) 200 (180.9, 216.7) 673 (54.3%)
60-69 14356 1847 181 (175.5, 186.7) 91 (87.7,93.3) 1582 (85.7%) 12424 (86.5%) 149 (143.3, 153.9) 82 (78.8, 84.6) 1517 (82.1%)
Total 50000 3573 407 (393.0, 422.0) 204 (196.5, 211.0) 2457 (68.8%) 39405 (78.8%) 304 (292.3, 315.5) 167 (160.8,173.5) 2356 (65.9%)
Women
40-49 18107 269 11538 (0.0, 16718.6) 5769 (0.0, 8359.3) 31 (11.5%) 11442 (63.2%) 7733 (0.0, 11331.6) 4253 (0.0, 6232.4) 27 (10.0%)
50-59 17282 577 2077 (1455.0, 2472.3) 1038 (727.5, 1236.2) 166 (28.8%) 13590 (78.6%) 1516 (1050.2, 1820.7) 834 (577.6, 1001.4) 163 (28.3%)
60-69 14611 962 452 (418.5,481.4) 226 (209.3, 240.7) 646 (67.2%) 12357 (84.6%) 360 (333.3, 383.7) 198 (183.3,211.0) 623 (64.8%)
Total 50000 1808 1185 (1090.5, 1261.7) 592 (545.2, 630.8) 844 (46.7%) 37389 (74.8%) 836 (768.7, 893.4) 460 (422.8, 491.4) 813 (45.0%)

Abbreviations: NNS, number needed to screen; NNI, number needed to invite; PRS, polygenic risk score.

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2015. Expected events at 10 years based on extrapolation of
incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the level such that the expected false negative rate was controlled to be
5%. NNI and NNS assumes 50% statin compliance. NNI assumes a 50% invitation uptake if assessing without using prioritisation tool, and a 55% invitation uptake if assessing with

using prioritisation tool. Formal assessment threshold set at 10% and prioritisation threshold set at equivalents to 5% false negative rate.
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Table 4.13: Number needed to invite and screen to prevent one event, and number of events identified when prioritising with PRS and primary care

records in a hypothetical population of 100,000 individuals in England.

No prioritisation tool used: formal assessment with
conventional risk factors + PRS used for all individuals

with conventional risk factors + PRS

Prioritisation using PRS and primary care records, followed by formal assessment

Expected Number of
number Number of events
of events Participants identified as

Age events in NNI NNS identified as prioritised NNI NNS high risk
group Participants 10 years (95% CI) (95% CI) high risk (%) (%) (95% CI) (95% CI) (%)
Men
40-49 18253 485 2149 (1557.2,2547.5) 1074 (778.6, 1273.8) 170 (35.1%) 7930 (43.4%) 885 (640.1, 1051.0) 487 (352.1, 578.0) 163 (33.6%)
50-59 17391 1240 494 (448.6, 534.4) 247 (224.3,267.2) 705 (56.9%) 10622 (61.1%) 288 (259.9, 312.3) 159 (143.0, 171.8) 670 (54.0%)
60-69 14356 1847 181 (175.5, 186.7) 91 (87.7,93.3) 1582 (85.7%) 11436 (79.7%) 135 (130.4, 139.7) 75 (71.7,76.9) 1535 (83.1%)
Total 50000 3573 407 (393.0, 422.0) 204 (196.5, 211.0) 2457 (68.8%) 29988 (60.0%) 230 (221.3, 239.5) 127 (121.7, 131.7) 2367 (66.3%)
Women
40-49 18107 269 11538 (0.0, 16718.6) 5769 (0.0, 8359.3) 31 (11.5%) 3513 (19.4%) 2035 (0.0, 2953.9) 1119 (0.0, 1624.7) 31 (11.7%)
50-59 17282 577 2077 (1455.0,2472.3) 1038 (727.5, 1236.2) 166 (28.8%) 7616 (44.1%) 867 (613.9,1038.0) 477 (337.6, 570.9) 160 (27.7%)
60-69 14611 962 452 (418.5, 481.4) 226 (209.3, 240.7) 646 (67.2%) 9872 (67.6%) 283 (261.8, 301.7) 156 (144.0, 165.9) 634 (65.9%)
Total 50000 1808 1185 (1090.5, 1261.7) 592 (545.2, 630.8) 844 (46.7%) 21001 (42.0%) 463 (426.0, 495.6) 255 (234.3, 272.6) 825 (45.6%)

Abbreviations: NNS, number needed to screen; NNI, number needed to invite; PRS, polygenic risk score.

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2015. Expected events at 10 years based on extrapolation of
incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the level such that the expected false negative rate was controlled to be
5%. NNI and NNS assumes 50% statin compliance. NNI assumes a 50% invitation uptake if assessing without using prioritisation tool, and a 55% invitation uptake if assessing with

using prioritisation tool. Formal assessment threshold set at 10% and prioritisation threshold set at equivalents to 5% false negative rate.
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4.3.3.3 Prioritisation assuming strategies identify same number of events

Choosing prioritisation thresholds such that all strategies would identify the same number of
events to if prioritising using primary care records (Table 4.4), prioritising using PRS and age
resulted in a NNS of 164 (95% CI: 157, 170) in men and 446 (95% CI: 410, 480) in women.
Prioritising using PRS and primary care records resulted in a NNS of 116 (95% CI: 111, 121)
in men and 180 (95% CI: 166, 193) in women. (Table 4.14, Figure 4.8). Compared to using
primary care records, prioritising using PRS and primary care records led to statistically

significant differences in the NNS at the 5% level for all except in women aged 40-49.
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Table 4.14: Number needed to invite and screen to prevent one event and number of events identified after prioritisation and formal assessment in a

hypothetical population of 100,000 individuals in England, with prioritisation thresholds selected to identify the same number of events if prioritising

with primary care records with prioritisation thresholds controlling the false negative rate to 5%.

Prioritisation using primary care records followed by conventional risk

Prioritisation using PRS and primary care records, followed by

factors Prioritisation using PRS + age, followed by conventional risk factors + PRS conventional risk factors + PRS
Number of Number of Number of
events events events

Participants identified as Participants identified as Participants identified as
Age prioritised high risk prioritised high risk prioritised high risk
group Participants (%) NNI (95% CI) NNS (95% CI) (%) (%) NNI (95% CI) NNS (95% CI) (%) (%) NNI (95% CI) NNS (95% CI) (%)
Men
40-49 18253 10126 (55.5%) 1530 (997.9, 1865.6) 841 (548.9, 1026.1) 120 (24.8%) 13016 (71.3%) 1454 (1060.7, 1713.0) 800 (583.4, 942.2) 163 (33.6%) 7208 (39.5%) 738 (531.5,876.8) 406 (292.3, 482.2) 163 (33.6%)
50-59 17391 12134 (69.8%) 339 (301.2, 368.3) 187 (165.7, 202.6) 651 (52.5%) 13100 (75.3%) 358 (325.1, 386.6) 196 (178.8, 212.6) 666 (53.7%) 9878 (56.8%) 266 (236.7, 288.8) 146 (130.2, 158.9) 654 (52.7%)
60-69 14356 12517 (87.2%) 146 (140.8, 149.8) 80(77.5, 82.4) 1564 (84.7%) 12196 (84.9%) 148 (141.7, 152.2) 80 (77.9, 83.7) 1506 (81.5%) 11064 (77.1%) 130 (124.2, 133.7) 72 (68.3, 73.6) 1519 (82.3%)
Total 50000 34777 (69.6%) 271 (260.7, 281.1) 149 (143.4, 154.6) 2335 (65.3%) 38313 (76.6%) 298 (286.0, 309.9) 164 (157.3, 170.4) 2335 (65.4%) 28150 (56.3%) 210 (200.9,219.1) 116 (110.5, 120.5) 2336 (65.4%)
Women
40-49 18107 3233 (17.9%) 2185(0.0,3192.3) 1202 (0.0, 1755.7) 27 (10.0%) 10139 (56.0%) 7100 (0.0, 10397.2) 3904 (0.0, 5718.5) 27 (10.0%) 1748 (9.7%) 1012 (0.0, 1462.2) 558 (0.0, 804.2) 31 (11.7%)
50-59 17282 8329 (48.2%) 1143 (778.9, 1403.4) 629 (428.4,771.9) 132 (23.0%) 12436 (72.0%) 1484 (1013.9, 1783.4) 816 (557.7, 980.9) 156 (27.1%) 4683 (27.1%) 612 (397.5,746.1) 336 (218.6, 410.3) 139 (24.1%)
60-69 14611 10459 (71.6%) 304 (277.4, 324.1) 167 (152.6, 178.3) 626 (65.1%) 11357 (77.7%) 356 (326.4, 379.5) 196 (179.5, 208.7) 603 (62.7%) 7714 (52.8%) 228 (210.4, 242.5) 126 (115.7, 133.4) 616 (64.0%)
Total 50000 22021 (44.0%) 510 (470.8, 547.0) 280 (258.9, 300.8) 785 (43.4%) 33932 (67.9%) 812 (744.7, 872.1) 446 (409.6, 479.6) 786 (43.5%) 14145 (28.3%) 326 (301.0, 351.0) 180 (165.6, 193.0) 786 (43.5%)

Abbreviations: NNI, number needed to invite; NNS, number needed to screen; PRS, polygenic risk score.

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2015. Expected events at 10 years based on extrapolation of

incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds when prioritising using primary care records were defined as the level such that the expected

false negative rate is controlled to be 5%. Age group and sex specific prioritisation thresholds when prioritising using PRS or PRS and primary care records tool were selected to result

in the same number of events identified if prioritising using primary care records. NNI and NNS assumes 100% statin compliance. NNI assumes a 50% invitation uptake if assessing

without using prioritisation tool, and a 55% invitation uptake if assessing with using prioritisation tool.
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Figure 4.8: Number needed to invite and screen to prevent one event and number of events identified after prioritisation and formal assessment in a
hypothetical population of 100,000 individuals in England, with prioritisation thresholds selected to identify the same number of events if prioritising

with primary care records with prioritisation thresholds controlling the false negative rate to 5%.

Abbreviations: NNS, number needed to screen; NNI, number needed to invite; PRS, polygenic risk score.
95% confidence intervals are represented by vertical lines. Age group and sex specific prioritisation thresholds were defined as the level such that the expected false negative rate was

controlled to be 5%. NNI and NNS assumes 50% statin compliance, and half of all individuals invited for formal assessment attend.

141



4.3.3.4 Sensitivity analyses

In sensitivity analyses including all individuals (i.e., including 15,324 individuals without a
primary care record for any one of SBP, total cholesterol, HDL cholesterol or BMI) (Table
4.15), we found comparable results for the PRS-based prioritisation tool and the primary care-
based prioritisation tool in men and women. As expected, we increased the NNS if prioritising
with primary care records, especially amongst the youngest group (Tables 4.16-4.18, Figure
4.9).

In sensitivity analyses assuming a 5% formal risk assessment threshold, in addition to age- and
sex-specific prioritisation thresholds selected to correspond to 2.5% false negative rates (Table
4.19), we found significant improvements in the number of events identified, as expected.
Consequently, this reduces the NNS when formally assessing all individuals, using either
conventional risk factors or conventional risk factors enhanced with PRS (Tables 4.20-4.22).
Whilst prioritisation can still reduce the overall NNS and the NNS amongst the youngest, the

differences are smaller compared to when using a 10% formal risk assessment threshold.

Table 4.15: Summary of number of individuals without primary care records in UK Biobank.

Individuals without at

least one CVD risk
factor in primary care
Sex Age group record N (%)
Men 40-49 3851 (25.0%)
50-59 2736 (14.8%)
60-69 1734 (9.3%)
Women 40-49 2714 (14.0%)
50-59 2415 (9.2%)
60-69 1874 (7.2%)

Abbreviations: CVD, cardiovascular disease.
Prioritisation with primary care records requires at least one CVD risk factor of: systolic blood pressure, total

cholesterol, HDL cholesterol and/or BMI.
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Table 4.16: Number needed to invite and screen to prevent one event and number of events identified when prioritising using primary care records,
including all individuals without a primary care record for any one of SBP, HDL, total cholesterol or BMI, in a hypothetical population of 100,000

individuals in England.

No prioritisation tool used: formal assessment with conventional risk Prioritisation using primary care records, followed by formal assessment with
factors used for all individuals conventional risk factors
Number of
Expected events
number of Number of events Participants identified as
Age events in NNI NNS identified as prioritised NNI NNS high risk
group Participants 10 years (95% CI) (95% CI) high risk (%) (%) (95% CI) (95% CI) (%)
Men
40-49 18253 465 3042 (2126.4, 3710.8) 1521 (1063.2, 1855.4) 120 (25.8%) 12154 (66.6%) 1842 (1301.8, 2245.1) 1012 (716.0, 1234.8) 120 (25.8%)
50-59 17391 1207 536 (487.7,577.3) 268 (243.9, 288.6) 650 (53.9%) 12914 (74.3%) 374 (340.0, 404.5) 206 (187.0, 222.5) 628 (52.0%)
60-69 14356 1814 178 (173.6, 182.4) 89 (86.8,91.2) 1611 (88.8%) 12688 (88.4%) 148 (144.2, 152.4) 82(79.3, 83.8) 1551 (85.5%)
Total 50000 3486 420 (407.2, 433.8) 210 (203.6, 216.9) 2381 (68.3%) 37756 (75.5%) 298 (288.5, 308.9) 164 (158.7, 169.9) 2300 (66.0%)
Women
40-49 18107 267 14268 (0.0, 20446.9) 7134 (0.0, 10223.4) 25 (9.4%) 5316 (29.4%) 3808 (0.0, 5459.1) 2094 (0.0, 3002.5) 25 (9.5%)
50-59 17282 575 2526 (1502.0, 3023.8) 1263 (751.0, 1511.9) 137 (23.8%) 9153 (53.0%) 1244 (731.9, 1501.7) 684 (402.5, 825.9) 134 (23.3%)
60-69 14611 957 464 (434.0, 494.8) 232 (217.0,247.4) 629 (65.7%) 10760 (73.6%) 316 (295.8, 338.7) 174 (162.7, 186.3) 617 (64.5%)
Total 50000 1799 1264 (1167.6, 1350.6) 632 (583.8, 675.3) 792 (44.0%) 25229 (50.5%) 590 (543.1, 633.7) 324 (298.7, 348.5) 776 (43.2%)

Abbreviations: HDL, high-density lipoprotein; NNI, number needed to invite; NNS, number needed to screen; SBP, systolic blood pressure.

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2015. Expected events at 10 years based on extrapolation of
incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the level such that the expected false negative rate was controlled to be
5%. NNI and NNS assumes 50% statin compliance. NNI assumes a 50% invitation uptake if assessing without using prioritisation tool, and a 55% invitation uptake if assessing with

using prioritisation tool. Formal assessment threshold set at 10% and prioritisation threshold set at equivalents to 5% false negative rate.
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Table 4.17: Number needed to invite and screen to prevent one event and number of events identified when prioritising using PRS and age, including

all individuals without a primary care record for any one of SBP, HDL, total cholesterol or BMI, in a hypothetical population of 100,000 individuals in

England.
No prioritisation tool used: formal assessment with conventional risk Prioritisation using PRS + age, followed by formal assessment with conventional risk
factors + PRS used for all individuals factors + PRS
Number of

Expected events

number of Number of events Participants identified as
Age events in NNI NNS identified as prioritised NNI NNS high risk
group Participants 10 years (95% CI) (95% CI) high risk (%) (%) (95% CI) (95% CI) (%)
Men
40-49 18253 465 2282 (1717.6, 2656.7) 1141 (858.8, 1328.4) 160 (34.4%) 13287 (72.8%) 1534 (1150.5, 1802.9) 844 (632.8, 991.6) 157 (33.9%)
50-59 17391 1207 506 (460.6, 543.5) 253 (230.3,271.7) 688 (57.0%) 13338 (76.7%) 368 (335.9, 397.3) 202 (184.8,218.5) 658 (54.5%)
60-69 14356 1814 184 (178.1, 188.8) 92 (89.0, 94.4) 1563 (86.2%) 12393 (86.3%) 150 (145.4, 156.0) 82 (80.0, 85.8) 1495 (82.4%)
Total 50000 3486 414 (400.2, 427.8) 207 (200.1, 213.9) 2411 (69.2%) 39018 (78.0%) 308 (296.0, 316.7) 168 (162.8,174.2) 2310 (66.3%)
Women
40-49 18107 267 12230 (0.0, 17211.5) 6115 (0.0, 8605.7) 30 (11.2%) 11224 (62.0%) 8040 (0.0, 11532.0) 4422 (0.0, 6342.6) 25 (9.5%)
50-59 17282 575 2098 (1490.7, 2462.6) 1049 (745.3, 1231.3) 165 (28.7%) 13545 (78.4%) 1552 (1081.7, 1836.9) 854 (594.9, 1010.3) 159 (27.6%)
60-69 14611 957 460 (430.5, 489.6) 230 (215.3,244.8) 634 (66.2%) 12341 (84.5%) 368 (341.3,393.0) 202 (187.7,216.1) 610 (63.8%)
Total 50000 1799 1206 (1110.0, 1293.8) 603 (555.0, 646.9) 829 (46.1%) 37110 (74.2%) 850 (783.2,914.0) 468 (430.8, 502.7) 794 (44.1%)

Abbreviations: HDL, high-density lipoprotein; NNI, number needed to invite; NNS, number needed to screen; PRS, polygenic risk score; SBP, systolic blood pressure.

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2015. Expected events at 10 years based on extrapolation of
incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the level such that the expected false negative rate was controlled to be
5%. NNI and NNS assumes 50% statin compliance. NNI assumes a 50% invitation uptake if assessing without using prioritisation tool, and a 55% invitation uptake if assessing with

using prioritisation tool. Formal assessment threshold set at 10% and prioritisation threshold set at equivalents to 5% false negative rate.
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Table 4.18: Number needed to invite and screen to prevent one event and number of events identified when prioritising using PRS and primary care
records, including all individuals without a primary care record for any one of SBP, HDL, total cholesterol or BMI, in a hypothetical population of

100,000 individuals in England.

No prioritisation tool used: formal assessment with conventional risk Prioritisation using PRS + age, followed by formal assessment with conventional risk

factors + PRS used for all individuals factors + PRS
Number of

Expected events

number of Number of events Participants identified as
Age events in NNI NNS identified as prioritised NNI NNS high risk
group Participants 10 years (95% CI) (95% CI) high risk (%) (%) (95% CI) (95% CI) (%)
Men
40-49 18253 465 2282 (1717.6,2656.7) 1141 (858.8, 1328.4) 160 (34.4%) 10505 (57.6%) 1232 (931.5, 1451.5) 678 (512.3,798.3) 155 (33.3%)
50-59 17391 1207 506 (460.6, 543.5) 253 (230.3,271.7) 688 (57.0%) 11626 (66.9%) 322 (290.4, 346.7) 176 (159.7, 190.7) 658 (54.5%)
60-69 14356 1814 184 (178.1, 188.8) 92 (89.0, 94.4) 1563 (86.2%) 11708 (81.6%) 140 (135.1, 144.4) 76 (74.3,79.4) 1521 (83.8%)
Total 50000 3486 414 (400.2, 427.8) 207 (200.1, 213.9) 2411 (69.2%) 33840 (67.7%) 264 (254.5,273.2) 144 (140.0, 150.3) 2334 (66.9%)
Women
40-49 18107 267 12230 (0.0, 17211.5) 6115 (0.0, 8605.7) 30 (11.2%) 5557 (30.7%) 3412 (0.0, 4796.1) 1876 (0.0, 2637.9) 30 (11.1%)
50-59 17282 575 2098 (1490.7, 2462.6) 1049 (745.3, 1231.3) 165 (28.7%) 8506 (49.2%) 976 (674.4, 1143.8) 536 (370.9, 629.1) 159 (27.6%)
60-69 14611 957 460 (430.5, 489.6) 230 (215.3, 244.8) 634 (66.2%) 10215 (69.9%) 298 (278.5, 317.6) 164 (153.2, 174.7) 622 (65.0%)
Total 50000 1799 1206 (1110.0, 1293.8) 603 (555.0, 646.9) 829 (46.1%) 24278 (48.6%) 544 (499.8, 582.7) 300 (274.9, 320.5) 810 (45.0%)

Abbreviations: HDL, high-density lipoprotein; NNI, number needed to invite; NNS, number needed to screen; PRS, polygenic risk score; SBP, systolic blood pressure.

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2015. Expected events at 10 years based on extrapolation of
incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the level such that the expected false negative rate was controlled to be
5%. NNI and NNS assumes 50% statin compliance. NNI assumes a 50% invitation uptake if assessing without using prioritisation tool, and a 55% invitation uptake if assessing with

using prioritisation tool. Formal assessment threshold set at 10% and prioritisation threshold set at equivalents to 5% false negative rate.
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Figure 4.9: Number needed to invite, number needed to screen and number of events identified after prioritising for a formal CVD assessment, including
all individuals without a primary care record for any one of SBP, HDL, total cholesterol or BMI, in a hypothetical population of 100,000 individuals in
England.

Abbreviations: HDL, high-density lipoprotein; NNI, number needed to invite; NNS, number needed to screen; PRS, polygenic risk score; SBP, systolic blood pressure.
95% confidence intervals are represented by vertical lines. Age group and sex specific prioritisation thresholds were defined as the level such that the expected false negative rate was

controlled to be 5%. NNI and NNS assumes 50% statin compliance, and half of all individuals invited for formal assessment attend.
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Table 4.19: Age- and sex-specific prioritisation thresholds chosen for population health modelling with 2.5% false negative rate prioritisation thresholds.

Prioritisation using e . . Prioritisation using PRS
. Prioritisation using PRS .
primary care records and primary care records

Age 2.5% FNR prioritisation 2.5% FNR prioritisation 2.5% FNR prioritisation
group threshold, % threshold, % threshold, %
Men
40-49 2.2% 2.7% 2.3%
50-59 4.3% 4.9% 4.1%
60-69 7.5% 8.3% 6.2%
Women
40-49 1.7% 1.4% 1.6%
50-59 2.8% 3.0% 2.9%
60-69 4.5% 6.5% 4.3%

Abbreviations: FNR, false negative rate; PRS, polygenic risk score
Age group and sex specific 2.5% FNR prioritisation thresholds were defined as the level such that the expected false negative rate of the formal risk assessment is controlled to be
2.5%. The prioritisation thresholds were chosen by first, ranking the estimated 10-year CVD risks from each prioritisation tool amongst individuals with a future CVD event. The FNR

threshold was selected as the maximum estimated risk such that 2.5% of individuals with a future event would not be prioritised (i.e. were lower than the threshold).
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Table 4.20: Number needed to invite and screen to prevent one event, and number of events identified when prioritising with primary care records in a

hypothetical population of 100,000 individuals in England, assuming a 5% formal risk assessment threshold.

No prioritisation tool used: formal assessment with conventional risk

factors used for all individuals

Prioritisation using primary care records, followed by formal assessment with
conventional risk factors

Number of

Expected events

number of Number of events Participants identified as
Age events in NNI NNS identified as prioritised NNI NNS high risk
group Participants 10 years (95% CI) (95% CI) high risk (%) (%) (95% CI) (95% CI) (%)
Men
40-49 18253 485 1063 (937.6, 1160.5) 532 (468.8, 580.3) 343 (70.7%) 14972 (82.0%) 810 (708.0, 888.0) 445 (389.4, 488.4) 336 (69.3%)
50-59 17391 1240 310 (300.4,319.7) 155 (150.2, 159.8) 1122 (90.5%) 15891 (91.4%) 260 (251.2, 268.0) 143 (138.2, 147.4) 1113 (89.7%)
60-69 14356 1847 157 (155.5, 157.7) 78 (77.8, 78.8) 1831 (99.1%) 13873 (96.6%) 140 (137.7, 140.9) 77(75.7,71.5) 1808 (97.9%)
Total 50000 3573 303 (299.2, 308.0) 152 (149.6, 154.0) 3297 (92.3%) 44735 (89.5%) 250 (245.8, 254.1) 137 (135.2, 139.7) 3257 (91.2%)
Women
40-49 18107 269 4251 (2235.2, 5417.1) 2126 (1117.6, 2708.6) 85 (31.6%) 8316 (45.9%) 1775 (936.4, 2263.8) 976 (515.0, 1245.1) 85 (31.7%)
50-59 17282 577 901 (798.7, 984.6) 450 (399.3, 492.3) 384 (66.6%) 13140 (76.0%) 634 (559.1, 694.9) 349 (307.5, 382.2) 377 (65.3%)
60-69 14611 962 321 (313.2,327.7) 160 (156.6, 163.9) 911 (94.7%) 13626 (93.3%) 276 (267.9, 282.5) 152 (147.3,155.4) 898 (93.4%)
Total 50000 1808 725 (697.2, 752.1) 362 (348.6, 376.0) 1380 (76.3%) 35082 (70.2%) 469 (449.4, 487.1) 258 (247.2, 267.9) 1361 (75.2%)

Abbreviations: NNS, number needed to screen; NNI, number needed to invite.

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2015. Expected events at 10 years based on extrapolation of
incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the level such that the expected false negative rate was controlled to be
5%. NNI and NNS assumes 50% statin compliance. NNI assumes a 50% invitation uptake if assessing without using prioritisation tool, and a 55% invitation uptake if assessing with

using prioritisation tool. Formal assessment threshold set at 5% and prioritisation thresholds set at equivalent to 2.5% false negative rate.

148



Table 4.21: Number needed to invite and screen to prevent one event, and number of events identified when prioritising with PRS + age in a hypothetical

population of 100,000 individuals in England, assuming a 5% formal risk assessment threshold.

No prioritisation tool used: formal assessment with conventional risk Prioritisation using PRS + age, followed by formal assessment with conventional risk

factors + PRS used for all individuals factors + PRS
Number of

Expected Number of events

number of events Participants identified as

events in NNI NNS identified as prioritised NNI NNS high risk
Age group Participants 10 years (95% CI) (95% CI) high risk (%) (%) (95% CI) (95% CI) (%)
Men
40-49 18253 485 1063 (938.9, 1169.9) 532 (469.4, 585.0) 343 (70.7%) 15963 (87.5%) 863 (747.8, 955.3) 475 (411.3,525.4) 336 (69.3%)
50-59 17391 1240 317 (306.4, 327.8) 159 (153.2,163.9) 1097 (88.5%) 15932 (91.6%) 266 (256.9, 275.9) 147 (141.3, 151.7) 1087 (87.7%)
60-69 14356 1847 157 (155.7, 158.1) 79 (77.9,79.1) 1829 (99.0%) 13800 (96.1%) 139 (137.6, 140.8) 77 (75.7,71.5) 1800 (97.5%)
Total 50000 3573 306 (301.0, 311.5) 153 (150.5, 155.7) 3269 (91.5%) 45695 (91.4%) 258 (253.1, 262.5) 142 (139.2, 144.4) 3224 (90.2%)
Women
40-49 18107 269 4487 (2184.7, 5762.6) 2244 (1092.3, 2881.3) 81 (30.1%) 15735 (86.9%) 3545 (1720.9, 4546.4) 1950 (946.5, 2500.5) 81 (30.0%)
50-59 17282 577 893 (788.5,971.7) 446 (394.3, 485.9) 387 (67.1%) 15653 (90.6%) 755 (668.7, 826.2) 415 (367.8,454.4) 377 (65.3%)
60-69 14611 962 326 (317.3,334.4) 163 (158.7, 167.2) 896 (93.1%) 13869 (94.9%) 286 (276.5,294.2) 158 (152.1, 161.8) 880 (91.5%)
Total 50000 1808 733 (704.6, 759.3) 367 (352.3, 379.6) 1364 (75.4%) 45257 (90.5%) 615 (591.0, 637.9) 338 (325.0, 350.9) 1338 (74.0%)

Abbreviations: NNS, number needed to screen; NNI, number needed to invite; PRS, polygenic risk score.

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2015. Expected events at 10 years based on extrapolation of
incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the level such that the expected false negative rate was controlled to be
5%. NNI and NNS assumes 50% statin compliance. NNI assumes a 50% invitation uptake if assessing without using prioritisation tool, and a 55% invitation uptake if assessing with

using prioritisation tool. Formal assessment threshold set at 5% and prioritisation thresholds set at equivalent to 2.5% false negative rate.
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Table 4.22: Number needed to invite and screen to prevent one event, and number of events identified when prioritising with PRS and primary care

records in a hypothetical population of 100,000 individuals in England, assuming a 5% formal risk assessment threshold.

Prioritisation using PRS and primary care records, followed by formal assessment with
conventional risk factors + PRS

No prioritisation tool used: formal assessment with conventional risk
factors + PRS used for all individuals

Expected
number Number of Number of
of events Participants events

Age events in NNI NNS identified as prioritised NNI NNS identified as
group Participants 10 years (95% CI) (95% CI) high risk (%) (%) (95% CI) (95% CI) high risk (%)
Men
40-49 18253 485 1063 (938.9, 1169.9) 532 (469.4, 585.0) 343 (70.7%) 13310 (72.9%) 705 (624.0, 777.2) 388 (343.2, 427.5) 343 (70.8%)
50-59 17391 1240 317 (306.4, 327.8) 159 (153.2, 163.9) 1097 (88.5%) 14961 (86.0%) 251 (241.4,259.8) 138 (132.8, 142.9) 1084 (87.4%)
60-69 14356 1847 157 (155.7, 158.1) 79 (77.9,79.1) 1829 (99.0%) 13629 (94.9%) 136 (135.1, 137.7) 75(74.3,75.8) 1816 (98.3%)
Total 50000 3573 306 (301.0, 311.5) 153 (150.5, 155.7) 3269 (91.5%) 41899 (83.8%) 235 (230.7, 239.3) 129 (126.9, 131.6) 3243 (90.8%)
Women
40-49 18107 269 4487 (2184.7, 5762.6) 2244 (1092.3, 2881.3) 81 (30.1%) 8708 (48.1%) 1962 (960.2, 2525.6) 1079 (528.1, 1389.1) 81 (30.0%)
50-59 17282 577 893 (788.5,971.7) 446 (394.3, 485.9) 387 (67.1%) 12540 (72.6%) 610 (538.4, 665.9) 336 (296.1, 366.3) 374 (64.8%)
60-69 14611 962 326 (317.3,334.4) 163 (158.7, 167.2) 896 (93.1%) 13376 (91.5%) 276 (267.5, 283.9) 152 (147.1, 156.2) 880 (91.5%)
Total 50000 1808 733 (704.6, 759.3) 367 (352.3, 379.6) 1364 (75.4%) 34623 (69.2%) 472 (451.1, 489.4) 259 (248.1, 269.2) 1335 (73.8%)

Abbreviations: NNS, number needed to screen; NNI, number needed to invite; PRS, polygenic risk score.

Age structure of hypothetical population extrapolated from Office for National Statistics, England, United Kingdom 2015. Expected events at 10 years based on extrapolation of
incidence rates from CPRD, 2014-2019. Age group and sex specific prioritisation thresholds were defined as the level such that the expected false negative rate was controlled to be
5%. NNI and NNS assumes 50% statin compliance. NNI assumes a 50% invitation uptake if assessing without using prioritisation tool, and a 55% invitation uptake if assessing with

using prioritisation tool. Formal assessment threshold set at 5% and prioritisation threshold set at equivalents to 2.5% false negative rate
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4.4 Discussion

This study has rigorously assessed the impact of using PRS both alone and in combination with
traditional risk factors for systematically prioritising individuals for a formal CVD risk
assessment. Comparing against current recommendations of using existing primary care
records, we found that adding PRS to both prioritisation and formal assessment improves their
correlation. This subsequently leads to higher efficiency and effectiveness, especially amongst
younger individuals. Consequently, augmenting primary care records with PRS reduces the
NNS by around 20% and 35% in men and women respectively, relative to using primary care
records alone and identifying the same number of events. In contrast, using only PRS and age
in a prioritisation tool leads to a larger NNS. These results support the addition of PRS with
primary care records to prioritise individuals at highest risk for a formal CVD risk assessment,

which could lead to better allocation of resources by reducing the number of assessments.

This study has provided a comparison of prioritisation tools using longitudinal primary care
records and/or PRS within a population in England aged between 40 and 69 years who are
currently invited for a National Health Service (NHS) Health Check to assess their individual
risk of CVD. We have demonstrated the benefits of PRS not only by measuring model
discrimination, but also by evaluating the health impact if implemented within this population.
Compared with previous studies which have generally focussed on the role of PRS in a formal
CVD risk assessment model,?*21-2%4% our study has uniquely assessed its role in a prioritisation
tool, in conjunction with a CVD risk model. We have also shown that if PRS were widely
available, the inclusion of PRS in a prioritisation tool could improve the effectiveness of a
prioritisation tool especially in younger individuals by reducing the reliance on primary care

records.

The benefits in prioritising a subgroup of those individuals at low absolute risk to increase
efficiency echoes other studies, which have also shown that selecting a smaller proportion of
younger, low-risk individuals can lead to dramatically reduced costs whilst resulting in more
Quality Adjusted Life Years (QALYs) gained.*! Whilst the addition of PRS has the potential to
prioritise individuals earlier for a formal CVD assessment, further extensions include using
PRS to identify individuals at high risk of other common chronic diseases, including diabetes,

dementia and kidney disease.** 6

151



Future healthcare systems will however need to focus on the implementation of PRS and
subsequent prioritisation. In our study, we assumed all individuals had PRS necessary for a
direct comparison of the different prioritisation tools and formal risk assessment models. A
more realistic implementation of PRS could exist whereby individuals are prioritised using
primary care records and undergo a formal risk assessment using conventional CVD risk
factors. Genetic data may then be collected afterwards, resulting in a more seamless approach

to collecting the data required future PRS use.

In addition, our study focussed on supplementing conventional CVD risk factors with a CAD
and stroke PRS. However, recent research has led to development of PRS for conventional
CVD risk factors, including blood pressure and cholesterol levels.*’>° These have shown
potential and offer similar predictive performance in place of measured risk factors. As such, a

future risk model may also include PRS for these risk factors to further enhance performance.

Policymakers should also focus on the costs of implementing PRS and whether its utility
remains cost effective. In particular, health economics analysis should focus not only on the
benefits of PRS for CVD, but also taking into account its utility for other chronic diseases and

cancers.

4.4.1 Strengths

Our study has several strengths. This study is the first of our knowledge to directly compare
how using different data types for a prioritisation tool can impact on the CVD risk assessment
programme in England. This was possible due to the unique data linkage of primary care records
along with a baseline survey in UK Biobank. We derived the PRS based prioritisation tools
using two current and well documented PRS that have been shown to improve model
performance independent of traditional CVD risk factors. We also took advantage of the
sporadically observed longitudinal primary care records when deriving the primary care
records-based prioritisation tools, by estimating current risk factor values using a multivariate
mixed model. Whilst QRISK2, which replaces missing values with age, sex and ethnicity-
specific population average values, could have been used as a prioritisation tool, we chose to
optimise the available data in primary care records to reduce possible over-inflation of the
information from PRS. Noteworthy, we would expect greater improvements if augmenting PRS

in CVD risk scores with fewer risk factors. Another strength of this study is the use of 10-fold

152



cross validation to correct for over optimism that may exist in our analyses as we derived and
conducted the population health modelling in the same individuals. Further, we used rescaling
methods to adjust the 10-year risk estimates for all of the models to minimise the healthy
selection bias when deriving models in UK Biobank, and to ensure results were representative
to the general population of England. Such rescaling methods could be adapted towards other

countries.

4.4.2 Limitations

However, several potential limitations exist. First, whilst we used primary care records that
were no more than six and a half years old before baseline, the mean risk factor levels between
primary care records and at the UKB baseline differed within the same individuals which could
lead to a different distribution of 10-year risk estimates. This may also weaken the correlations
between the prioritisation tool and formal risk assessment models reported. Second, we
determined the number of events identified in the population health modelling by calculating
the model’s sensitivity in UKB and translating to a hypothetical population; due to the low
number of events in UKB, the sensitivity of each model may be limited in accuracy, especially
in younger age groups with fewer events. Third, PRS for cardiovascular disease are still under
active development and, while we utilise two extensively studied and validated PRS, there are
likely more powerful PRS soon to be available.”! Fourth, the age-range of the population health
modelling was limited to between 40 and 69 years old due to the use of UK Biobank. This
restricts the population health modelling and in particular limits the ability to investigate the
early prioritisation capabilities of PRS (which are fixed at conception). Fifth, we have focussed
on estimating the differences in a primary care population in England. Further work should
generalise the findings to other countries and their respective healthcare systems. Sixth, we
assumed a constant 20% reduction in risk due to statins, which is unlikely in practice, where
reductions may be greater in those with a greater genetic risk.’? Seventh, we did not model the
combined effects of other preventative interventions, such as lifestyle advice. It is likely that
the benefits of communicating polygenic risk may lead to beneficial lifestyle changes, which
may impact health outcomes.>* Finally, we acknowledge our use of ICD-10 codes to identify
CVD outcomes may have missed some events, although this is unlikely to affect our between

model comparisons.
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4.5 Conclusion

Population health guidelines in England recommend individuals at higher estimated risk of
CVD be prioritised for formal risk assessment. Our results show that incorporating PRS
improves the correlation between prioritisation tools and formal CVD risk assessment models.
In particular, the use of PRS together with primary care records to prioritise individuals at
highest risk of a CVD event for a formal CVD risk assessment has the ability to efficiently
prioritise those who need interventions the most, which could lead to better allocation of

resources by reducing the number of formal risk assessments in primary care.

Chapter 5 will expand on the work shown in Chapter 4 but address some of its limitations. In
particular, Chapter 5 will aim to improve the population health modelling by generalising the
risk assessment process over a wider range of ages (25-75 years versus 40-69 years). The work
will also take into account the impact of competing risks, the number of risk assessments needed

across an individual’s lifetime and personalised invitation strategies using PRS.
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Chapter 5

The lifetime population health impact of utilising polygenic
risk scores for determining the age at which to make

formal cardiovascular risk assessments

Chapter summary

Objective: Expanding on the results found in Chapter 4, this chapter aims to investigate how
polygenic risk scores (PRS) could be used to determine the optimal age at which to invite an
individual for a formal cardiovascular disease (CVD) risk assessment, and estimate the lifetime

benefits of such an approach.

Methods: 300,088 participants, aged 40-69 with measured biomarkers, genetic data and
without a history of CVD, diabetes and lipid lowering medication in UK Biobank were used to
derive three risk models. Sex-specific Cox models, using a combination of conventional CVD
risk factors, and PRS for coronary artery disease and stroke, were used to inform both the
invitation strategies and the formal CVD risk assessment. We used PRS to personalise
invitations to a formal CVD risk assessment to begin between the ages of 25 and 74 years, and
compared this to current clinical guideline recommendations for population-wide invitations to
begin at age 40. We also investigated using only genetically predicted risk factor levels to guide
treatment decisions and remove the formal risk assessment process as currently recommended.
We modelled the implications of initiating statin therapy according to each strategy using a

lifetime-risk population health modelling approach accounting for competing risks.

Results: Compared to a population-wide invitation strategy followed by assessment using
conventional CVD risk factors and PRS, a strategy using PRS to personalise the age of first
invitation prior to an assessment led to a 43% and 39% reduction in the NNS in men and women

respectively whilst saving a similar number of events over a lifetime.

A strategy that removes the need for multiple invitations to a formal assessment, using only

genetically predicted risk factor levels to guide treatment decisions, however led to an 81% and
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92% reduction in the NNS in men and women respectively and saved a greater number of
events, especially in women. However, if the risk threshold to determine statin initiation
changed from 10% to 5%, a population-wide invitation strategy can be efficient in men but

women may still benefit from the personalised invitation strategy.

Conclusion: By extending the work from Chapter 4, we have improved the population health
modelling by estimating the lifetime impact of statins. We have created strategies that
implement PRS to personalise the first age of invitation. Our results suggest that PRS can be
effectively used to personalise the invitation process by inviting high-risk individuals earlier,
and low-risk individuals later. These results highlight the future potential of PRS and its

implementation in the healthcare system.

5.1 Introduction

Complementing existing cardiovascular disease (CVD) risk scores with PRS has been seen as
a priority for the healthcare system, as stated by the UK government’s Department of Health
and Social Care green paper on disease prevention (see Chapter 1, Section 1.4.2).! Previous
research into PRS has predominantly focussed on the improved discrimination and stratification
when incorporating disease based PRS (e.g., coronary artery disease and stroke) into a risk tool,
with some research demonstrating its population health utility and its clinical implications (see
Chapter 4, Section 4.1).>° However, quantitative evidence investigating the lifetime
population health impact is limited. As PRS is fixed from birth, the PRS presents a unique
opportunity to personalise risk assessment programmes to individuals, by prioritising those with
a high genetic risk for a risk assessment at an earlier age. Consequently, the opportunity to
identify younger individuals at high-risk of CVD may be able to assist in reducing future CVD

burden.®’

Therefore, to add to the growing evidence base of the benefits implementing PRS can have for
CVD risk assessments, we aim to evaluate how using PRS to create a strategy that personalises
the first age of invitation prior to a CVD risk assessment, could potentially impact the number
of invitations needed prior to treatment and the number of events saved across a lifetime in the

general population.
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The research in Chapter S expands on the work shown in Chapter 4. In Chapter 4, population
health modelling was restricted to a single time point and for individuals between the ages of
40 to 69 years, as measurements recorded at baseline were used to simulate the formal risk
assessment. This limits the understanding of PRS in individuals younger than 40 years old,
where younger individuals with a greater genetic risk may benefit more from earlier
intervention. This also limits the long-term view of a formal assessment programme; whilst
Chapter 4 presents a snapshot of a formal assessment programme, the long-term population
health impact of repeated formal assessments over a lifetime could not evaluated. Chapter S
will address this limitation by using the linked primary care records to estimate the expected

risk factor levels across an individual’s lifetime, from the ages of 25 to 75 years.

With research on PRS continuing to advance, recent research has provided evidence of the
predictive utility of using PRS to predict conventional CVD risk factors (i.e. genetically
predicted risk factor levels), including SBP, low-density lipoprotein (LDL) cholesterol and
high-density lipoprotein (HDL) cholesterol.>!! As such, Chapter 5 will investigate the utility
of risk-factor based PRS in addition to the CVD-based PRS previously used (see Chapter 4).

Unlike Chapter 4, where age- and sex-specific prioritisation thresholds were investigated,
Chapter 5 will present findings under a framework of existing clinical guidelines, and use the
fixed 10% CVD risk threshold currently recommended for prioritisation and statin initiation.
This was chosen to reflect the challenges in updating key aspects of the guidelines, and allows
us to focus primarily on how personalising the age at which to invite people to CVD risk

assessments using polygenic risk scores impacts the lifetime population health.

5.2 Methods

5.2.1 Data sources

As with Chapter 4, data from UK Biobank (UKB), a prospective cohort study with detailed
baseline information, genetic data and with linked information on hospital episodes from
Hospital Episode Statistics (HES), and death registrations from the Office of National Statistics
(ONS) were used for model derivation and population health modelling. Unlike the data used
in Chapters 3 and 4, we do not rely on primary care records for model derivation. We therefore
used a larger subset of UKB individuals, aged 40-69, with measured biomarkers and genetic

for model derivation.
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For the population health modelling, we used a subset of UKB individuals with linked primary
care records. Primary care records were used to model the implications of using a PRS-based
risk model to personalise the first age of invitation on the number of events saved up to the age
of 75 in the general population. Primary care records after the 1% April 2004 (the date of

introduction of the Quality and Outcomes Framework) were used in the analysis.

To translate the findings to a more representative population in the United Kingdom, average
CVD incidence rates from the Clinical Practice Research Datalink (CPRD) were used to

recalibrate risk models using methods previously described (see Chapter 1, Section 1.5.2.2).

5.2.2 Outcomes and risk factors

We ascertained individuals with a first ever incident CVD as those with a relevant Read-code
or ICD-10 code appearing in hospital episodes or death registry (underlying or contributing
cause of death) during follow-up (Table 5.1).

Conventional CVD risk predictors recorded at UKB’s baseline survey were included in the risk
model: age (in years), sex (men or women), SBP (mmHg), LDL cholesterol (mmol/litre), HDL

cholesterol and smoking status (current smoker or not).

In addition, PRS for coronary artery disease (CAD), stroke, and risk factor levels of LDL, HDL
and SBP were constructed. All PRS were constructed using a meta-score approach and external
summary statistics from large genome wide association studies. The PRS for CAD and stroke
used were previously constructed using external summary statistics from large genome wide
association studies and a meta-score approach consisting of 1.7 million and 3.2 million variants
respectively.>* The LDL, HDL and SBP PRS were constructed using non-UKB participants
from previously published GWAS. The variants were filtered to a set of 2.3 million LD-thinned
(r> < 0.9) variants present in UKB. The LDL and HDL PRS consisted of 515,000 variants, and

the SBP PRS consisted of 2.1 million variants.'%!3
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Table 5.1: Code list used to define cardiovascular disease.

Endpoint ICD-10 code
Vascular dementia FO1
Angina pectoris 120
Acute myocardial infarction 121
Subsequent myocardial infarction 122
Complications after myocardial infarction 123
Other acute ischaemic heart disease 124
Chronic ischaemic heart disease 125
Cerebral infarction 163
Stroke not specified as haemorrhage or infarction 164
occlusion and stenosis of precerebral arteries, not 165
resulting in cerebral infarction

Occlusion and stenosis of cerebral arteries, not 166
resulting in cerebral infarction

other cerebrovascular diseases 167
Cerebrovascular disorders in diseases classified 168
elsewhere

Sequelae of cerebrovascular disease 169

Cardiovascular disease was defined as a combination of newly diagnoses of nonfatal or fatal events of coronary
heart disease (CHD) (including myocardial infarction and angina) and stroke. Diagnoses are coded using the linked

HES and ONS datasets where the International Classification of Disease 10th revision (ICD-10) codes were used.'*

5.2.3 Statistical methods to derive CVD risk assessment models

We derived three CVD risk assessment models using sex-specific Cox regression, with follow-
up since study entry as the underlying time scale to estimate a 10-year CVD risk. The outcome
was incident CVD and censoring occurred for individuals at end of their follow-up, or date of
death (from non-CVD causes). Models were derived in 300,088 individuals with no prior
history of CVD, no history of diabetes and no history of lipid lowering medication at UKB’s

baseline.
The three CVD risk models derived were:
1) a ‘conventional risk model’, included measures of conventional CVD risk factors:

age, SBP, LDL cholesterol, HDL cholesterol and smoking status.

2) a ‘conventional + PRS risk model’, included the same CVD risk factors as the

‘conventional risk model’ and also included a CAD PRS and stroke PRS.
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3) a ‘PRS based risk model’ which including the same risk factors as the ‘conventional
+ PRS risk model’, but replaces the SBP, LDL cholesterol and HDL cholesterol with
sex-specific genetically predicted values using PRS for SBP, LDL and HDL. The age-
and sex-specific genetically predicted values were estimated from sex specific linear
models, derived by regressing the observed, cross-sectional SBP, LDL and HDL values
in UKB against their respective PRS, adjusted for baseline age and BMI, with the

predicted values assuming mean levels of BMI.

Prognostic ability of models in the derivation sample was quantified using Harrell’s C-index to
measure discrimination. The estimated 10-year risks from each model were rescaled to sex-
specific CPRD incidence rates in order to accurately estimate the number of individuals that

were deemed at high risk in the general population (see Chapter 1, Section 1.5.2.2).1

5.2.4 Assessment of potential clinical impact

5.2.4.1 Defining invitation and treatment strategies

We devised four strategies for determining the first age of invitation, followed by a formal risk
assessment at which treatment was allocated if the individual had a predicted risk above the
threshold (i.e., was deemed at high risk) (Table 5.2). Each was chosen to represent increasing

levels of PRS implementation.

Strategy 1: Population-wide invitation

The first strategy follows the recommendations of NICE guidelines in England, with all
individuals invited for a formal assessment at age 40 years (population-wide invitation) and
treatment offered if CVD risk >10% at the formal assessment.!® The ‘conventional risk model’
was used to estimate the 10-year risk at formal assessment using measured risk factor levels.
Statins were offered if the 10-year formal assessment risk exceeds 10%. Otherwise, the

individual was invited for another assessment five years later.
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Strategy 2: Population-wide invitation enhanced with PRS

Similar to the first strategy, the second strategy follows the population-wide invitation strategy.
However, risk assessments were conducted using measured risk factor levels and the
‘conventional + PRS risk model’. Similar to the first strategy, statins were offered if the 10-

year formal assessment risk exceeds 10% or invited 5 years later otherwise.

Strategy 3: Personalised invitation using PRS

Unlike the first two strategies, the third strategy personalises the first age of invitation prior to
a formal risk assessment. The first age of invitation was determined using the ‘conventional +
PRS risk model’. To estimate the projected 10-year CVD risk, in addition to an individual’s
PRS for CAD and stroke, we used fixed “least favourable LDL, HDL and SBP levels” in the
broader age and sex specific population, and fixed age- and sex-specific mean smoking
prevalence. We defined the least favourable risk factor values as the 90" percentile of observed,
cross-sectional values observed at UKB baseline survey by age and sex (Table 5.3). We
summarised the risk factor levels over a 4 year window (2 years before and after the chosen
age); for example, the SBP value for a 60-year old man was summarised from SBP levels in
men who attended the UKB baseline survey visit between 58 years and 62 years. Risk factor
values for those aged between 25-41 and 69-74 (ages at which a 4-year window in UKB could

not be achieved) used the risk factor values obtained for those aged at 42 and 68 respectively.

An individual was first invited at the age at which their projected 10-year CVD risk exceeded
10%. By using “least favourable risk factor levels”, most individuals would have an over-
estimated risk to ensure the early identification of high-risk individuals (Figure 5.1). This
approach was designed under a framework of existing clinical guidelines, and was an alternative

to using age- and sex specific thresholds (see Chapter 4).

Afterwards, a formal risk assessment was conducted using measured risk factor levels and the
‘conventional + PRS risk model’. Statins were offered if the 10-year formal assessment risk
exceeds 10% or invited 5 years later otherwise. For this strategy, the first age of invitation
ranged from 25 to 55 years, where all individuals yet to be invited for a formal risk assessment

were invited at 55 years.
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Strategy 4: Treatment with genetically predicted risk factors

A fourth strategy was created to use only genetically predicted risk factor levels. As the PRS
has potential to estimate an individual’s lifetime risk of CVD, this strategy was devised to
represent a possible scenario where only genetic data could be used to determine treatment
allocation.!”!8 By using the ‘PRS based risk model’, individuals were offered statins at the age
when their genetically predicted risk exceeds 10%. In addition, the strategy eliminated the

assumption of multiple invitations every five years as used in the previous three strategies.
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Table 5.2: Matrix of strategies defined to determine the first age of invitation followed by a
formal CVD risk assessment to at which treatment was allocated if the individual was at high

risk

Strategy 1: Strategy 2: Strategy 3: Strategy 4:
Population-wide Population-wide Personalised Treatment with

invitation invitation enhanced invitation using PRS genetically

with PRS predicted risk
factors
P lised invitati
Population-wide invitation ersonalised mvitation

Invitati First f invitation (25-74 *

fvitation Invite all individuals for formal CVD e -age ° ?nVI ation ( ) years )
process determined using conventional CVD risk

t fi 40. Invit .
assessment from age fvite every factors, CAD PRS and stroke PRS. Invite at

age when estimated risk exceeds 10% and
invite every subsequent 5 years.

subsequent 5 years.

Age- and sex-
specific least

favourable Genetically predicted
L. . population averages  values for CVD risk
:nvtltatlon l;;Sk N/A conventional CVD factors + individual-
actors use risk factors + level CAD and stroke
individual-level CAD PRS
and stroke PRS

10-year CVD risk

10- VD risk estimat i
Formal CVD estimated using 0-year CVD risk estimated using

. . conventional CVD risk factors, CAD PRS and N/A
risk assessment conventional CVD
. stroke PRS
risk factors
Offer lipid lowering
medication when

. Offer lipid lowering medication if 10-year CVD risk greater than 10% . .
Statin (current guidelines) genetically predicted

initiation 10-year CVD risk
exceeds 10%.

Abbreviations: CAD, coronary artery disease; CVD, cardiovascular disease; PRS, polygenic risk score
* For Strategy 3, the first age of invitation was from 25 to 55 years, where all individuals yet to be invited for a

formal risk assessment would be invited automatically at 55 years.
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Table 5.3: Summary risk factor levels from UK Biobank used in the strategy “personalised invitation using PRS”

Men Women
SBP LDL HDL Current SBP LDL HDL Current

Age (mmHg) cholesterol cholesterol smoker (mmHg) cholesterol cholesterol smoker

(mmol/L)  (mmol/L) (%) (mmol/L) (mmol/L) (%)
25 141 4.93 0.94 16.1 141 4.44 1.12 12.4
26 141 4.93 0.94 16.1 141 4.44 1.12 12.4
27 141 4.93 0.94 16.1 141 4.44 1.12 12.4
28 141 4.93 0.94 16.1 141 4.44 1.12 12.4
29 141 4.93 0.94 16.1 141 4.44 1.12 12.4
30 141 4.93 0.94 16.1 141 4.44 1.12 12.4
31 141 4.93 0.94 16.1 141 4.44 1.12 12.4
32 141 4.93 0.94 16.1 141 4.44 1.12 12.4
33 141 4.93 0.94 16.1 141 4.44 1.12 12.4
34 141 4.93 0.94 16.1 141 4.44 1.12 12.4
35 141 4.93 0.94 16.1 141 4.44 1.12 12.4
36 141 4.93 0.94 16.1 141 4.44 1.12 12.4
37 141 4.93 0.94 16.1 141 4.44 1.12 12.4
38 141 4.93 0.94 16.1 141 4.44 1.12 12.4
39 141 4.93 0.94 16.1 141 4.44 1.12 12.4
40 141 4.93 0.94 16.1 141 4.44 1.12 12.4
41 141 4.93 0.94 16.1 141 4.44 1.12 12.4
42 141 4.93 0.94 16.1 141 4.44 1.12 12.4
43 142 4.97 0.94 15.8 142 4.45 1.13 12.0
44 143 4.99 0.95 15.7 143 4.49 1.13 11.4
45 144 4.99 0.95 15.4 144 4.54 1.14 11.4
46 146 4.99 0.95 15.2 146 4.59 1.14 11.3
47 147 5.00 0.95 14.7 147 4.66 1.15 11.2
48 148 5.01 0.96 14.1 148 4.74 1.17 11.0
49 150 5.03 0.96 13.6 150 4.80 1.17 10.8
50 151 5.02 0.96 13.5 151 4.86 1.18 10.4
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51 153 5.01 0.96 13.3 153 4.92 1.18 10.2

52 154 5.04 0.96 13.1 154 4.97 1.19 10.2
53 155 5.03 0.97 12.9 155 5.04 1.20 9.8
54 156 5.05 0.97 12.5 156 5.10 1.20 9.6
55 157 5.06 0.97 12.2 157 5.15 1.21 94
56 158 5.05 0.97 11.9 158 5.20 1.21 8.9
57 159 5.03 0.97 11.5 159 5.23 1.21 8.6
58 160 4.99 0.98 11.2 160 5.24 1.21 8.2
59 161 5.00 0.98 11.0 161 5.27 1.21 7.8
60 163 4.97 0.98 10.7 163 5.29 1.21 7.5
61 164 4.96 0.98 10.5 164 5.32 1.21 7.2
62 165 4.97 0.98 10.3 165 5.33 1.20 6.9
63 166 4.95 0.98 9.9 166 5.33 1.21 6.6
64 167 4.94 0.98 9.7 167 5.32 1.21 6.6
65 168 4.92 0.98 9.4 168 5.31 1.21 6.5
66 169 4.87 0.98 9.1 169 5.29 1.21 6.4
67 171 4.85 0.98 8.8 171 5.30 1.21 6.1
68 172 4.83 0.98 8.4 172 5.30 1.20 5.6
69 172 4.83 0.98 8.4 172 5.30 1.20 5.6
70 172 4.83 0.98 8.4 172 5.30 1.20 5.6
71 172 4.83 0.98 8.4 172 5.30 1.20 5.6
72 172 4.83 0.98 8.4 172 5.30 1.20 5.6
73 172 4.83 0.98 8.4 172 5.30 1.20 5.6
74 172 4.83 0.98 8.4 172 5.30 1.20 5.6

Abbreviations: HDL cholesterol, high-density lipoprotein cholesterol; LDL cholesterol, low-density lipoprotein cholesterol; PRS, polygenic risk score; SBP, systolic blood pressure.

Least favourable SBP, LDL and HDL levels defined as the 90" percentile of observed, cross-sectional values in UK Biobank’s baseline survey, by age and sex. Current smoking status
was defined by age- and sex-specific mean prevalence at baseline. Risk factor levels were summarised over a 4 year window (2 years before and after the chosen age);. Risk factor

values for those aged between 25-41 and 69-74 used the risk factor values obtained for those aged at 42 and 68 respectively.
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Figure 5.1: Example of an individual’s projected 10-year risk to determine first age of invitation using the individual’s CAD and stroke PRS values
along with fixed risk factor levels for blood pressure, LDL and HDL cholesterol and smoking status in the broader age and sex specific population in

UK Biobank.

Abbreviations: CAD, coronary artery disease; CVD, cardiovascular disease; HDL, high density lipoprotein; LDL, low density lipoprotein; PRS, polygenic risk score
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5.2.4.2 Population health modelling

A subset of individuals in UKB with linked primary care records before and after the study
baseline was used to estimate the potential benefit of applying each invitation and treatment
strategy in terms of the number of events identified and prevented by the age of 75. The analysis

involved four steps:

Step 1: Determine first age of invitation for each strategy

For strategies 1 and 2, the population-wide invitation strategy was used and the first age of
invitation age was 40 years for all individuals. For strategy 3, the first age of invitation (25-55
years) was determined using conventional CVD risk factors, CAD PRS and stroke PRS. The
first age of invitation was determined as when the estimated risk exceeds 10%. All individuals
yet to be invited before 55 years were automatically invited at 55 years. For strategy 4, the first

age of invitation was determined at the age which their genetically predicted risk exceeds 10%.

Step 2: Estimate 10-year CVD formal assessment risks

Unlike in previous analysis where the risk factor measurements at UKB’s baseline survey was
used to represent the formal risk assessment at a single time point (see Chapters 3 and 4), the
work in Chapter 5 was complicated by the lack of detailed baseline measurements at every
potential age of invitation. As such, we used the linked primary care records in UKB to estimate
individual-level risk factor levels at all ages. By using methods previously discussed (see
Chapter 4), we fit sex-specific multivariate mixed-effects model on individual-level
longitudinal risk factor measurements in the linked primary care records to estimate individual-
level expected risk factor levels for SBP, LDL and HDL cholesterol and smoking prevalence
extrapolated for ages 25-74. Backwards extrapolation was performed for risk factor data
between the ages of 25-35 years due to the limited primary care records before UKB baseline
survey visit. The expected risk factor levels from the mixed-effects model were then
recalibrated to correct for the differences observed between the primary care records and the
baseline measurements (see Chapter 2). We used the same methods previously described (see
Chapter 1, Section 1.5.2.2) however in this case, we regressed the recorded baseline
measurements as the reference values against the expected levels at the age at which the

individual attended the UKB baseline-survey.

For strategies 1-3, the expected risk factor levels at the time of the invitation age were used to

calculate a 10-year formal CVD risk estimated at the formal risk assessment. If the 10-year
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formal CVD risk was greater than 10%, the individual was treated. If the 10-year formal CVD
risk was lower than 10%, the individual was deferred and invited for another assessment 5 years
later. The process was then repeated until the individual was either treated with statins or they
reached the age of 75. For strategy 4, the individual was treated upon their first age of invitation

and was not invited for another assessment.

Step 3: Estimate events saved due to statin initiation in a representative population

We grouped individuals by their statin-initiation age in 5-year intervals (25-29, 30-34,..., 70-
74) for each of the proposed strategies. We estimated the potential public health impact of statin
initiation in terms of the number of CVD events saved by the age of 75 accounting for non-
CVD deaths. For each strategy, in each age-group, we estimated the cumulative risk of a CVD
event by the age of 75, using a cause-specific hazards framework to adjust for non-CVD deaths.
To ensure the survival estimates are representative of the general population, and to account for
UKB being a healthier cohort with a lower CVD incidence rate than the general population,
during the population health modelling we upweighted UKB individuals with a CVD event
with weights equal to the sex- and age-group specific ratio of CVD incidence in CPRD to UKB.

The same upweighting method was conducted for non-CVD deaths.

The number of CVD events saved by the age of 75 in each age group was calculated using the
difference in cumulative incidence rates with and without statin initiation, assuming a 20%

reduction in CVD risk upon statin initiation.

Step 4: Summarise population health metrics

Similar to Chapters 3 and 4, the number needed to screen (NNS) was estimated. However, in
Chapter 5 this was defined as the total number of invitations, across all individuals’ lifetime,
needed to save one event due to statin initiation. In addition, we estimated the number needed
to treat (NNT), defined as the total number of risk assessments needed to save one event over
a lifetime. The NNT was used to better understand differences between the first three strategies,
which rely on a separate formal risk assessment, and the fourth strategy, which treats upon

invitation.

We assumed all invited individuals attend a formal assessment, i.e., 100% invitation
compliance. We also assumed 50% compliance for those prescribed statins.!*?° We performed
analyses by assuming 100% statin compliance, and applied a crude adjustment by halving the

number of events saved, which consequently doubles the NNS and NNT. We then standardised
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the results based on the age distribution of a population of 100,000 individuals (50,000 men

and women) from the United Kingdom.

5.2.4.3 Sensitivity analysis

Population health modelling was conducted assuming a 5% CVD risk assessment threshold (see
Chapter 1, Section 1.3.3). This replaces the fixed 10% risk threshold used to determine both

the first age of invitation and whether statins were offered.

5.3 Results

5.3.1 Study population and baseline characteristics in UK Biobank

For the model derivation, of the initial 502,536 individuals in UK Biobank, we identified a
subset of 300,088 individuals without prior CVD, diabetes or statins at baseline and with
complete data on smoking status, SBP, LDL cholesterol, HDL cholesterol and genetic data
required to calculate the CAD and stroke PRS, as well as polygenic risk scores for SBP, LDL
and HDL levels (Figure 5.2). For the population health modelling, we identified a subset of
138,317 individuals without diabetes and who had the necessary primary care records required

for the mixed-effects model. (Figure 5.3).
The baseline characteristics of individuals (Table 5.4) show 43% of the derivation cohort were

men. 3,568 men and 1,877 women had an incident CVD event over a median follow up period

of 8.1 years (IQR: 6.7, 9.3) and 8.1 years (IQR: 6.8, 9.3) respectively.
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502,536 UK Biobank individuals

300,088 individuals

Model derivation

v

Reasons for exclusion:

95,153 individuals without
genetic data for all PRS

923 individuals with incomplete
baseline data

18,979 individuals due to history
of diabetes

87,393 individuals with prior
CVD or history of statin
medication at baseline

Figure 5.2: Flowchart of individuals included for model derivation in UK Biobank

Abbreviations: CVD, cardiovascular disease; PRS, polygenic risk score

502,536 UK Biobank individuals

138,317 individuals

Population health modelling

Reasons for exclusion:

95,153 individuals without genetic
data for PRS

923 individuals with incomplete
baseline data

18,979 individuals due to history of
diabetes

249,164 without at least one
primary care record of systolic
blood pressure, LDL cholesterol,
HDL cholesterol or smoking status

Figure 5.3: Flowchart of individuals included for population health modelling in UK Biobank

Abbreviations: HDL, high density lipoprotein; LDL, low density lipoprotein; PRS, polygenic risk score
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Table 5.4: Key characteristics of individuals in UK Biobank

Men Women
.. Model derivation Population health Model derivation Population health

Characteristic . c

modelling modelling
Individuals, N 128,322 (43%) 61,994 (45%) 171,766 (57%) 76,323 (55%)
CVD events*, N 3,568 3,407 1,877 1,518
Follow up duration: years, median (5, 95" percentile) 8.1(6.7,9.3) 8.0(5.9,9.0) 8.1(6.8,9.3) 8.1(6.8,9.0)
Age, mean (SD) 56.0 (8.1) 57.6 (8.0) 56.2 (7.9) 57.2(7.9)
Systolic blood pressure: mmHg, mean (SD) 140.7 (17.3) 141.8 (17.6) 134.6 (19.3) 136.2 (19.3)
LDL cholesterol: mmol/litre, mean (SD) 3.93 (1.18) 3.76 (1.25) 3.95(1.21) 3.90 (1.25)
HDL cholesterol: mmol/litre, mean (SD) 1.57 (0.76) 1.56 (0.78) 1.87 (0.73) 1.86 (0.74)
Current smoker, N (%) 15,123 (11.8%) 7,241 (11.7%) 14,593 (8.5%) 6,589 (8.6%)
Coronary artery disease PRS, mean (SD) -1.67 (0.42) -1.64 (0.42) -1.66 (0.42) -1.64 (0.43)
Stroke PRS, mean (SD) 589.6 (54.1) 590.8 (54.4) 590.7 (53.9) 592.0 (54.1)

Abbreviations: CVD, cardiovascular disease; HDL cholesterol, high-density lipoprotein cholesterol; LDL cholesterol, low-density lipoprotein cholesterol; PRS, polygenic risk score;
SD, standard deviation.

*For model derivation, CVD events after baseline were used. For population health modelling, all events prior to baseline were also included.
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5.3.2 Model performance

All CVD risk assessment models had good discriminatory performance (Table 5.5). The C-
index for the standard CVD risk model with conventional CVD risk factors in men (C-index =
0.665, 95% CI: 0.659, 0.671) was lower than in women (C-index = 0.715, 95% CI: 0.706,
0.724). The addition of the CAD and stroke PRS (PRS-based risk model) improved the C-index
in both men (C-index = 0.690, 95% CI: 0.684, 0.696) and women (C-index = 0.724, 95% CI:
0.715, 0.733), with a greater improvement in men. Substituting the conventional risk factors
with genetically predicted risk factors performed as well as the PRS-based risk model in men
(C-index = 0.690, 95% CI: 0.683, 0.696) but was more similar to the standard risk model in
women (C-index = 0.717, 95% CI: 0.707, 0.726).

Table 5.5: C-index of risk models derived in UK Biobank

C-index (95% CI)

B! Men Women

Conventional risk model 0.665 (0.659, 0.671) 0.715 (0.706, 0.724)
Conventional + PRS risk model 0.690 (0.684, 0.696) 0.724 (0.715, 0.733)
PRS based risk model 0.690 (0.683, 0.696) 0.717 (0.707, 0.726)

Abbreviations: PRS, polygenic risk scores

5.3.3 Population health modelling of invitation and treatment strategies

CVD incidence rates in UKB were consistently lower than incidence rates calculated in the
more general population in CPRD for both men and women (Table 5.6). As such, weights
were greater than one for all age groups and increased as age increased. This resulted in the
upweighting of events in UKB during the calculation of cumulative incidence. The weights
estimated within non-CVD deaths however varied more by age group and were generally

smaller than for the weights estimated for CVD events (Table 5.7).
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Table 5.6: Age- and sex-specific incidence rates per 1000 person years in UK Biobank and in CPRD used to reweight CVD events in population

health modelling.
Men Women
b UK Biobank CPRD CVD CVD event UK Biobank CPRD CVD CVD event
CVD incidence incidence rate weights CVD incidence incidence rate weights
group
rate rate

40-44 1.040 1.161 1.117 0.279 0.504 1.805
45-49 1.488 1.890 1.270 0.410 0.984 2.403
50-54 2.234 3.415 1.528 0.685 1.240 1.810
55-59 3.092 5.131 1.659 1.061 1.804 1.700
60-64 4.386 6.198 1.413 1.469 2.533 1.725
65-69 6.381 7.733 1.212 2.437 4.285 1.759
70-74 7.896 10.08 1.277 3.894 7.557 1.941

Abbreviations: CPRD, Clinical Practice Research Datalink; CVD, cardiovascular disease

A weight greater than one indicates an event in UK Biobank will be upweighted during the calculation of cumulative incidence.

* Incidence rates in UK Biobank defined using study entry and follow up for incident CVD events. CVD event weights estimated for 40—44-year-olds were substituted for those
younger than 40 years in population health modelling.

*CPRD incidence rates was calculated in those without diabetes/prior CVD, for both CVD and non-CVD death in 2016.
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Table 5.7: Age- and sex-specific incidence rates in UK Biobank and in CPRD used to reweight non-CVD deaths in population health modelling.

Men Women

b UK Biobank non- CPRD non-CVD Non-CVD UK Biobank non- CPRD non-CVD Non-CVD

CVD mortality mortality per mortality weights  CVD mortality mortality per mortality
group rate per 1,000 1,000 (2016) rate per 1,000 1,000 (2016) weights
40-44 0.320 0.353 1.104 0.419 0.353 0.842
45-49 0.875 0.779 0.890 0.534 0.726 1.359
50-54 0.917 1.350 1.472 1.101 1.312 1.192
55-59 2.152 1.900 0.883 1.364 1.977 1.449
60-64 2.889 3.934 1.362 1.913 2.175 1.137
65-69 4.678 5.081 1.089 3.004 4.812 1.603
70-74 8.679 9.851 1.135 5.006 7.099 1.418

Abbreviations: CPRD, Clinical Practice Research Datalink; CVD, cardiovascular disease

A weight greater than one indicates an event in UK Biobank will be upweighted during the calculation of cumulative incidence

* Incidence rates in UK Biobank defined using study entry and follow up for non-CVD deaths. Weights estimated for 40—44-year-olds were substituted for those younger than 40
years in population health modelling.

*CPRD incidence rates was calculated in those without diabetes/prior CVD, for both CVD and non-CVD death in 2016.

*Due to data availability in CPRD, non-CVD events were available after 40 years old only. The weights estimated for 40—44-year-olds were used in substitution for younger age

groups.
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5.3.3.1 Strategy 1: Population-wide invitation

In our representative population of 50,000 men and 50,000 women, following current practice
of a population-wide invitation strategy followed by assessment using a risk model with
conventional CVD risk predictors, we estimated a cumulative total of 301,704 invitations in
men and 332,267 invitations in women between the ages of 40 and 75 (Table 5.8, Figure 5.4).
All men and women were invited at the age of 40 (Figure 5.5). 50% of men had initiated
treatment by age 65 whilst 12% of women had initiated treatment by the same age (Figure 5.6).
The earliest age of treatment was 40 years in men and 45 years in women. We estimated the
treatment of 44,229 (88%) men and 29,364 (59%) women resulting in 186 and 102 CVD events
saved respectively due to statin initiation. The corresponding NNS were 238 and 3,254 and

corresponding NNT were 238 and 288 respectively (Table 5.8).

5.3.3.2 Strategy 2: Population-wide invitation enhanced with PRS

Using the second strategy of using a population-wide invitation strategy followed by
assessment using conventional risk factors and CAD and stroke PRS, we estimated a cumulative
total of 297,354 invitations in men and 330,155 invitations in women between the ages of 40
and 75 (Table 5.8, Figure 5.4). Whilst all men and women were invited at the age of 40, overall
fewer invitations were required as more individuals were treated earlier due to the inclusion of
PRS in the risk model (Figure 5.5). 50% of men had initiated treatment by age 65 whilst 7% of
women had initiated treatment by the same age (Figure 5.6). We estimated the treatment of
36,753 (74%) men and 27,149 (54%) women resulted in 183 and 94 events saved respectively
due to statin initiation. The corresponding NNS were 1,622 and 3,512 and corresponding NNT
were 201 and 289 respectively (Table 5.8).

5.3.3.3 Strategy 3: Personalised invitation using PRS

When using the third strategy of a personalised first invitation age by CAD and stroke PRS
followed by assessment using conventional risk factors and CAD and stroke PRS, we estimated
a cumulative total of 164,084 invitations in men and 186,123 invitations in women between the
ages of 25 and 75 (Table 5.8, Figure 5.4). The first invitations were in men aged 42 and in
women aged 55 (Figure 5.5). 50% of men had initiated treatment by the age of 70, whilst 36%
of women had initiated treatment by the same age (Figure 5.6). We estimated the treatment of
31,845 (64%) men and 18,035 (36%) women resulted in 178 and 87 events saved respectively
due to statin initiation. The corresponding NNS were 924 and 2,140 and corresponding NNT
were 179 and 207 respectively (Table 5.8). Compared to Strategy 2, the NNS was reduced by

43% in men and 39% in women.
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5.3.3.4 Strategy 4: Treatment with genetically predicted risk factors

Using the fourth strategy and treating individuals based off a single invitation with genetically
predicted risk factor levels, we estimated a higher total of 40,380 (81%) men and 35,558 (71%)
women treated between the ages of 25 and 75 (Table 5.8, Figure 5.4). 50% of men had initiated
treatment by age 69 whilst 15% of women had initiated treatment by the same age (Figure 5.6).
We estimated that initiation of treatment resulted in 198 and 127 events saved respectively due
to statin initiation. The corresponding NNS (and therefore NNT) was 204 for men and 280 for
women respectively (Table 5.8). Compared to Strategy 2, the NNS was reduced by 87% in men

and 92% in women.
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Table 5.8: Number needed to screen and treat to prevent one CVD event by the age of 75 ina

hypothetical population of 100,000 individuals using each proposed invitation and treatment

strategy using a 10% risk threshold to determine statin initiation.

Men
Invitation and treatment ) Totz.ll Total Events NNS NNT
strategy invitations treated saved
Strategy 1: Population-wid
>uratesy 1 Fopulation-wide 301,704 44,229 186 1,620 238
nvitation
Strategy 2: Population-wide
invitation enhanced with PRS 297,354 36,753 183 1,622 201
Strategy 3: Personalised 164,084 31,845 178 924 179
invitation using PRS
Strategy 4: Treatment with
genetically predicted risk factor 40,380 40,380 198 204 204
levels

Women

Invitation and treatment ) Totz'll Total Events NNS NNT
strategy invitations treated saved
Strategy 1: Population-wid
Srratesy 1. Fopulation-wide 332,267 29,364 102 3,254 288
nvitation
Strategy 2: Population-wide
invitation enhanced with PRS 330,155 27,149 o4 3,512 289
Strategy 3: Personalised
e . 186,123 18,035 87 2,140 207
invitation using PRS
Strategy 4: Treatment with
genetically predicted risk factor 35,558 35,558 127 280 280

levels

Abbreviations: CVD, cardiovascular disease; NNS, number needed to screen; NNT, number needed to treat;

PRS, polygenic risk score
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Figure 5.4: Cumulative number of invitations using each proposed strategy after accounting

for treated individuals and a 10% risk threshold to determine statin initiation.

Abbreviations: PRS, polygenic risk score.

Vertical jumps in cumulative invitations occur due to repeated invitations every five years for individuals yet to

be prescribed statins.
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Figure 5.5: Cumulative percentage of individuals invited at least once using each proposed

strategy and a 10% risk threshold to determine statin initiation.

Abbreviations: PRS, polygenic risk score.
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Figure 5.6: Cumulative percentage of individuals offered statins after being invited using

each proposed strategy and a 10% risk threshold to determine statin initiation.

Abbreviations: PRS, polygenic risk score.

Vertical jumps in cumulative treatments occur due to repeated invitations every five years for individuals yet to

be prescribed statins.

5.3.3.5 Earlier statin initiation in UK Biobank cohort

In UKB, we observed 3,407 men and 1,518 women who had a CVD event by the age of 75.
Enhancing the risk model with PRS results in treating a greater number of individuals before
an event occurred, and would also identify them as high risk earlier due to improved

discriminatory performance and risk stratification (Table 5.9).

Using the first strategy 825 men (24.2%) men and 269 women (17.7%) were treated before
experiencing their first event. Using the second strategy (Population-wide invitation enhanced
with PRS), resulted in 981 men (28.8%) and 304 women (20.0%) being treated before
experiencing their first event. Using the third strategy, 992 men (29.1%) and 311 women
(20.5%) were treated before experiencing their first event. Using the fourth strategy, 1,123 men

(33.0%) and 279 women (18.4%) were treated before experiencing their first event.

Enhancing a risk assessment model with PRS (e.g., from strategy 1 to 2) also identified high-
risk individuals earlier. Using the first strategy, the median years of treatment before an event

occurred was 4.2 years in men and 3.6 years in women. Using the second strategy increased
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this to 5.3 years in men but decreased to 4.2 years in women. Using the third strategy and
implementing a personalised invitation process further increased this to 5.4 years in men and
increased to 4.1 years in women. Finally, using the fourth strategy led to the median years of

treatment of 4.7 years in men and 3.2 years in women.

Table 5.9: Number of UK Biobank individuals who were treated with statins before an incident

CVD event, and the median number of years of treatment, by sex and invitation strategy.

Men
Years of
Invitation and treatment strategy Treated before treatment before
event, N (%) event, median
(IQR)
Strategy 1: Population-wide invitation 825 (24.2%) 4.2 (1,7, 8.5)
St'rategy 2: Population-wide invitation enhanced 981 (28.8%) 53(22.9.8)
with PRS
Strategy 3: Personalised invitation using PRS 992 (29.1%) 542.4,9.5)
Strategy 4: Treatment with genetically predicted risk 1123 (33.0%) 47(22.8.6)
factor levels
Women
Years of
Invitation and treatment strategy Treated before treatment before
event, N (%) event, median
(IQR)
Strategy 1: Population-wide invitation 269 (17.7%) 3.6(1.2,8.4)
St'rategy 2: Population-wide invitation enhanced 304 (20.0%) 35(14,8.5)
with PRS
Strategy 3: Personalised invitation using PRS 311 (20.5%) 4.1 (2.1, 8.5)
Strategy 4: Treatment with genetically predicted risk 279 (18.4%) 32(1.5.7.0)

factor levels

Abbreviations: CVD, cardiovascular disease; NNS, number needed to screen; NNT, number needed to treat;

PRS, polygenic risk score
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5.3.3.6 Sensitivity analysis assuming 5% threshold

In additional analyses assuming a 5% (rather than 10%) formal risk assessment threshold, each
invitation and treatment strategy became more comparable (Table 5.10). The reduced threshold
resulted in statins being prescribed to more than 98% of all men and women by age 75 across
all strategies. The first and second strategy both showed similar results in men and women, with

marginally higher NNS and NNT in men when enhancing the risk score with PRS.

However, comparing the second and the third strategy, the NNS increased in men. One possible
explanation is due the strategy’s ability to invite and treat between the ages of 25 and 40. Whilst
64% of men were invited between 25 and 40 years, a total of only 23% were treated by the age
of 40 (Figures 5.7-5.9). This suggests the invitation process could be further optimised to
reduce invitations if needed. However, whilst the NNS in men increased when using the third
strategy, the NNS was reduced in women when compared to the second strategy. We observed
that the first invitation began around 43 years old, with 94% of invitations occurring between
50 and 55 years. Consequently, this reduced the total number of invitations needed, further

reducing the NNS.

Whilst the fourth strategy further highlights its ability to save a greater number of events and
reduce its NNS, the improvements are diminished when using a fixed 5% risk assessment

threshold.
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Table 5.10: Number needed to screen and treat to prevent one CVD event by the age of 75 in

a hypothetical population of 100,000 individuals using each proposed invitation and treatment

strategy using a 5% risk threshold to determine statin initiation.

Men

Invitation and treatment . Totzfl Total Events NNS NNT
strategy invitations treated saved
Strategy 1: Population-wide
invitation, 5% threshold 78,492 49,807 351 224 142
Strategy 2: Population-wide
invitation enhanced with PRS, 91,142 49,779 344 265 145
5% threshold
Strategy 3: Personalised
invitation using PRS, 5% 120,685 49,811 292 413 170
threshold
Strategy 4: Genetically
predicted risk factor levels, 5% 49,833 49,833 294 170 170
threshold

Women
Invitation and treatment . Totzfl Total Events NNS NNT
strategy invitations treated saved
Strategy 1: Population-wide
invitation, 5% threshold 202,733 49,339 262 773 188
Strategy 2: Population-wide
invitation enhanced with PRS, 205,538 49,335 249 825 198
5% threshold
Strategy 3: Personalised
invitation using PRS, 5% 105,762 49,278 243 434 202
threshold
Strategy 4: Genetically
predicted risk factor levels, 5% 49,333 49,333 259 190 190
threshold

Abbreviations: CVD, cardiovascular disease; NNS, number needed to screen; NNT, number needed to treat;

PRS, polygenic risk score
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Figure 5.7: Cumulative number of invitations using each proposed strategy after accounting

for treated individuals and a 5% risk threshold to determine statin initiation.

Abbreviations: PRS, polygenic risk score

Vertical jumps in cumulative invitations occur due to repeated invitations every five years for individuals yet to

be prescribed statins.
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Figure 5.8: Cumulative percentage of individuals invited at least once using each proposed

strategy and a 5% risk threshold to determine statin initiation.

Abbreviations: PRS, polygenic risk score

188



Men Women

100 100
s 7 s
8 8
g g
g &
& 50 5 50
12} (2]
£ £
© ©
» »
B 25 B 25
£ £
o O

0 0

30 40 50 60 70 30 40 50 60 70
Age Age

_ P Population—-wide invitation __ Personalised invitation __ Treatment with genetically
Population-wide invitation enhanced with PRS using PRS predicted risk factors

Figure 5.9: Cumulative percentage of individuals offered statins after being invited using

each proposed strategy and a 5% risk threshold to determine statin initiation.

Abbreviations: PRS, polygenic risk score.

Vertical jumps in cumulative treatments occur due to repeated invitations every five years for individuals yet to

be prescribed statins.
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5.4 Discussion

This study has expanded on the work shown in Chapters 3 and 4, and assessed the impact of
how PRS could be used to personalise invitation strategies for CVD risk assessment. We
modelled the population health impact of implementing a personalised invitation strategy by
estimating the total number of invitations needed, and the number of events saved due to statin
initiation by the age of 75 years. Compared against current recommendations of a population-
wide invitation approach followed by an assessment using a risk model with conventional risk
factors (Strategy 1), enhancing the risk model with PRS (Strategy 2) resulted in improvements
in the early identification of high-risk individuals, with the number of years of treatment
increasing in those identified with an event in the UKB cohort. However, this did not translate
to improvements across a lifetime in men in Chapter 5, with similar results in the NNS and

NNT between Strategies 1 and 2.

The study also investigated a personalised invitation strategy that increased the level of PRS
implementation. By using CVD-based PRS and least favourable risk factors across the
population (Strategy 3), we showed the invitation process could be personalised by only inviting
for a formal risk assessment when needed. Compared to Strategy 2, the personalised invitation
strategy led to a reduction in the NNS and NNT whilst saving a similar number of events for
both sexes. The results show similarities to the approach of using age- and sex-specific
thresholds, which showed higher efficiency and improved effectiveness, especially amongst
younger individuals (see Chapter 4). In this study, we also investigated a potential future
scenario to highlight the utility of PRS, by using genetically predicted values to guide treatment
decisions and forgoes the formal risk assessment process (Strategy 4), where we observed

significantly lower NNS in both sexes.

The results aim to address the limited evidence relating to how PRS could be implemented into
a national risk assessment programme. Whereas the majority of research has shown
improvements in risk model performance, we have highlighted that PRS can be implemented
in ways that could be more effective and more equitable, by allocating resources to individuals
at highest risk first.?! In addition to the results shown in Chapter 3 and Chapter 4, we have
shown the benefits of optimising the prioritisation of individuals, using either optimised risk

thresholds or harnessing PRS for the same purpose.
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Similar to our work in Chapter 4, the future implementation of PRS within the healthcare
system to enable our findings is key. In particular, policymakers should focus on it is feasible
and optimal to collect PRS. In the context of Chapter 5, this is especially important if focussing
on the long-term benefits of PRS at targeting younger individuals who are at a potentially high
lifetime risk of CVD. Health economics can also be used to evaluate the effectiveness of the

proposed prioritisation schemes.

Like in Chapters 3 and 4, we have chosen to highlight efficiency improvements. In particular,
we present a personalised invitation strategy using PRS which defers individuals for their first
formal risk assessment until they are deemed at a high enough risk. This approach however will
decrease sensitivity in favour of specificity and an alternative strategy, such as Strategy 1 or

Strategy 2, may be preferred.

5.4.1 Strengths

Compared to our previous work in Chapter 4, this chapter demonstrates several strengths. First,
we extended our population health modelling to estimate the lifetime benefits of statin initiation
accounting for invitation and formal assessments over time rather than at a single time point.
By modelling over a longer period of time, the long-term benefits of using a PRS for
personalised invitations to CVD risk assessment was investigated. Second, we investigated
different invitation strategies, each chosen to represent increasing levels of PRS
implementation. Third, we utilised the full extent of the linked primary care records to estimate
individual-level risk factor profiles for all ages. By doing so, we were able to estimate the
expected 10-year risks at a formal risk assessment at any point, which allowed us to model each
invitation strategy. This approach helped generalise the population health modelling across a
wider range of ages. Fourth, we generalised our findings to the more general population of the
UK. Whilst we used recalibration methods to better approximate the 10-year risks expected in
the general population, as seen in Chapters 3 and 4, Chapter 5 also adjusted for competing
risks and incorporated methods to upweight both CVD and non-CVD events to adjust for

UKB’s low incidence rates.

5.4.2 Limitations

Our work has some limitations. First, we did not model other potential impacts to CVD
incidence, including antihypertensive medication or other health interventions. One possible
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approach would be to conduct a microsimulation model, which may be able to model these
changes with greater precision. Second, we did not investigate the costs of sequencing and any
reductions in costs due to fewer invitations and formal assessments. As introducing statins
earlier will produce improvements in CVD events averted, it is therefore important to
understand the trade-off in terms of costs and any other harms associated with this, including
any clinical side effects. These could be assessed using a microsimulation model and be used
to provide a more comprehensive comparison of the strategies shown in this study. Third, we
assumed a constant reduction in risk due to statins, however this is unlikely to be true and the
reduction is likely to be dependent on genetic risk.?? Finally, whilst representative incidence
rates from CPRD were used to recalibrate models, the population may not be completely

representative of the general population in the UK (see Chapter 3, Section 3.2.1.1).

5.4.3 Future work

Potential extensions to this work could investigate dynamic invitation intervals; in this work,
the interval between invitations was assumed to remain at five years, chosen to be in line with
current guidelines.!® Future work could explore varied invitation intervals such as a reduced
invitation interval for higher-risk individuals or invitation intervals based off PRS.? Future
work could also investigate using PRS for invitations to risk assessments for other chronic

diseases assessed in the NHS Health Check, including diabetes and kidney disease.

5.5 Conclusion

The use of PRS to personalise invitations to formal CVD risk assessments compared to a
population-wide invitation strategy has the potential to substantially reduce the number needed
to screen across a lifetime. Our results suggest that not only can PRS be used to improve risk
model performance, it can also be effectively used to personalise the invitation process by
inviting high-risk individuals earlier and low-risk individuals later. This invitation strategy

highlights the future potential of PRS and its implementation in the healthcare system.

Chapter 6 will further discuss the results of this chapter, alongside the previous chapters, and

its potential public health implications.
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Chapter 6

Discussion

Thesis summary

The overall aim of this thesis was to investigate and evaluate the potential health impact of
using primary care records and genetics to improve the risk stratification and prioritisation of
individuals at high-risk of cardiovascular disease (CVD) for risk assessments within a primary

care setting.

The motivation behind this thesis was based off the clinical guidelines on the primary
prevention of CVD in England by the National Institute for Health and Care Excellence (NICE).
Current guidelines recommend the identification and prioritisation of individuals who may
benefit the most from a full formal risk assessment, and is to be performed systematically using
CVD risk factors already recorded in primary care electronic medical records. However, no
dedicated prioritisation tool is currently recommended. In addition, genetic research has
continued to develop with the creation of polygenic risk scores (PRS) for CVD and
conventional CVD risk factors. With large foundations envisioning a future healthcare system
that incorporates widespread genetic profiling, this thesis also explores its use within the

primary care system and compares its potential with primary care records.

Epidemiological and statistical analysis was conducted using participants and their data from
UK Biobank. Using the cohort’s unique data structure, consisting of detailed baseline
measurements, linked primary care records, genetic data and follow-up data, we modelled the
population health benefits of implementing different prioritisation tools. Characteristics in risk
factor measurements within the linked primary care records in UK Biobank and the measured
data at baseline was first assessed to understand this unique dataset and potential challenges
needed to be addressed for the population health modelling (Chapter 2). A novel prioritisation
tool using primary care records alone was created and then assessed in a representative
population (Chapter 3). Motivated by findings from Chapter 3, PRS were evaluated to
understand how enhancing models that use conventional risk factors with PRS affect risk

assessments with prioritisations. (Chapter 4). Finally, PRS were used to create a strategy that
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personalises the first age of invitation prior to a risk assessment, where the lifetime impact of

statins was estimated (Chapter 5).

This chapter summarises the main findings, discusses the thesis’s strengths and weaknesses, its

potential health implications and outlines future work.

6.1 Summary of findings

6.1.1 Development of novel primary-care based prioritisation model with age- and
sex- specific thresholds

Formal CVD risk assessments are a fundamental part of the NHS Health Check. Current clinical
guidelines in England by NICE and policy makers have advocated using primary care records
for systematic prioritisation before an assessment to reduce programme running costs and
address health inequalities. Specifically, the current guidelines recommend systematically
prioritising using existing records, and that a fixed 10-year CVD risk threshold of 10% should
be used. However, a specific risk tool for use with prioritisation has not been recommended and
quantitative evidence of the health impact of prioritisation when using a fixed 10% threshold
in clinical practice is limited. Chapter 3 aimed to develop a novel prioritisation tool and

evaluate its potential impact, and compared against current practice.

The novel prioritisation tool (t(HEART) was derived in 1,642,498 individuals from the Clinical
Practice Research Datalink (CPRD). A two-stage landmark modelling approach was applied to
repeated measures of conventional CVD risk predictors. In the first stage, landmark age- and
sex- specific multivariate mixed-effects linear regression models, using random intercepts and
fixed slopes, were applied to repeated measures for systolic blood pressure (SBP), total
cholesterol, high-density lipoprotein (HDL) cholesterol and smoking status. In the second stage,
sex-specific Cox regression models were fitted to predict 10-year CVD risk using the estimated
risk factor values from the first stage, diabetes status and treatment for hypertension. The tool

was derived in two-thirds of the dataset and internally validated in the remaining third.

Population health modelling of using eHEART in a primary-care setting was then evaluated in
119,137 individuals with linked primary care records from the UK Biobank cohort. A
representative population of 100,000 individuals in England was created, where the age
structure was estimated using data from the Office for National Statistics (ONS) and CVD

incidence rates from CPRD, and estimated 10-year risks were recalibrated and rescaled for
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validation in UK Biobank. Scenarios were created to compare formally assessing all individuals
with a current CVD risk tool, QRISK2, with prioritisation with eHEART before assessment
with QRISK2. A fixed 10% risk prioritisation threshold was then compared with age-group and

sex-specific prioritisation thresholds that limited the false negative rate to 5%.

First, the results suggest that compared to formally assessing all individuals, prioritising with
eHEART and choosing optimised, age- and sex-specific prioritisation thresholds can reduce the
number needed to screen to prevent one CVD event (NNS) by approximately 50% for women
and 20% for men whilst identifying 96-98% of high-risk individuals. Second, the results suggest
prioritising using QRISK2, an existing risk score, can perform as well or even better than
eHEART. However, by implementing a landmark model approach, eHEART removes the need
for complete risk predictor measurements in all individuals. In contrast, the implementation of
QRISK?2 is based on replacing missing non-recorded values with age, sex and ethnicity-specific
population average values. Third, the use of a fixed 10% prioritisation threshold may not be
appropriate for younger individuals and women. These groups of individuals are on average
likely to have a low 10-year CVD risk, but may lead to individuals with relatively poor risk
factor levels to not be prioritised. The results demonstrated a pragmatic approach to selecting
age- and sex-specific prioritisation thresholds to improve the number of individuals prioritised,
subsequently reducing the NNS across the population and ensuring a balance between

efficiency and specificity.

6.1.2 Supplementing primary care records with PRS for CVD risk prioritisation

The UK government has stated that as research into genetics continues to develop,
complementing existing CVD risk scores with genetic data, for example in the form of PRS, is
of importance before consideration for integration into the wider healthcare system.! However,
the majority of research investigating the benefits of PRS have largely focussed on the improved
performance of risk models. To date, no studies have quantified the impact implementing PRS
would have within prioritisation. The work in Chapter 4 aimed to assess the population heath
impact of using prioritisation tools derived using either primary care records only, PRS only,

or the combination of both.

Building on the population health modelling approach of Chapter 3, a direct within-person
comparison of the prioritisation tools was conducted in participants of UK Biobank. To allow

for a comparison between each of the proposed prioritisation tools, 108,685 participants aged
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40-69, with measured biomarkers at study entry, linked primary care records and genetic data

were used for both model derivation and population health modelling.

The three prioritisation tools, derived as sex-specific Cox models, used: 1) repeated
measurements from primary care records summarised using sex- specific multivariate mixed-
effects linear regression models, as motivated by the findings from Chapter 2, 2) age, CAD
PRS and stroke PRS or 3) the combination of primary care records and CAD and stroke PRS.
Two formal risk assessment models for predicting 10-year formal assessment CVD risk using
risk factor measurements observed at UKB baseline survey were also derived. The first uses
QRISK?2 predictors and the second uses QRISK?2 predictors enhanced with the CAD and stroke
PRS.

Like in Chapter 3, population health modelling was conducted in a representative population
of 100,000 individuals in England to quantify the wider benefits of using each of the proposed
prioritisation tools. We compared three strategies: 1) prioritising using a primary care records-
based tool followed by a formal assessment with conventional risk factors, 2) prioritising using
a PRS and age-based tool followed by a formal assessment with conventional risk factors and
PRS and 3) prioritising using both PRS and primary care records, followed by a formal

assessment with conventional risk factors and PRS.

Results indicated that compared to prioritisation with primary care records followed by a formal
risk assessment with conventional CVD risk factors, the addition of PRS to both prioritisation
and formal assessment improved the correlation between the two tools, leading to a reduced
NNS and improved the ability to identify individuals at high risk of a future CVD event. If the
goal was to identify the same number of events that would be previously identified when
prioritising with primary care records, then the addition of PRS to both stages can reduce the
NNS by around 20% and 35% in men and women respectively. Results also suggests that as
primary care records are readily available in current healthcare systems, prioritisation using
only primary care records could be a viable approach, as the added benefits of PRS may not
outweigh the challenges involved with the data collection. . In addition, prioritisation using only
age, and the CAD PRS and stroke PRS is less effective than prioritisation with primary care
records. This is to be expected as PRS offer a long-term indication of lifetime risk and may not
be representative of current health status, which is more relevant for a risk model calculating

10-year CVD risk.
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6.1.3 Lifetime impact of using PRS to personalise invitations to formal risk
assessments

The evidence investigating the lifetime population health impact of PRS is limited. As PRS is
fixed from birth, PRS presents a unique opportunity to tailor risk assessment programmes to
individuals. Consequently, the opportunity to target younger individuals at high-risk of CVD
may be able to assist in reducing future CVD burden. Compared to the population health
modelling approaches presented in Chapters 3 and 4, where 10-year CVD risk was assessed
at a single time point, Chapter 5 expanded on this work, by investigating how polygenic risk
scores (PRS) could be used to determine the optimal age at which to invite an individual for a
cardiovascular disease (CVD) risk assessment, and estimate the lifetime benefits of such an
approach, taking into account reassessments of CVD risk over time. In addition, Chapter 5
worked under a framework of existing clinical guidelines, using fixed CVD risk thresholds
instead of age-and sex specific thresholds. This was chosen to reflect the challenges in updating

key aspects of guidelines.

300,088 participants, aged 40-70, with measured biomarkers, genetic data and without a history
of CVD, diabetes and lipid lowering medication in UK Biobank were used to derive three risk
models to estimate 10-year CVD risk. First, a ‘conventional risk model” with conventional CVD
risk factors, second a ‘conventional + PRS risk model’, which includes a CAD and stroke PRS,

and third a ‘PRS based risk model’ using genetically predicted risk factor levels.

Four strategies for determining the first age of invitation, followed by a formal risk assessment
at which treatment would be allocated, were devised: 1) Population-wide invitation where all
individuals were invited for a formal assessment at age 40 years, and treatment offered if CVD
risk >10% at the formal assessment using conventional risk factors. 2) Population-wide
invitation enhanced with PRS, where all individuals are invited for a formal assessment at age
40 years, and treatment offered if CVD >10% at the formal assessment using conventional risk
factors and PRS. 3) Personalised invitation using PRS, with the first age of invitation calculated
using the individual’s CAD and stroke PRS and “least favourable LDL, HDL and SBP levels”,
followed by formal assessment using conventional risk factors and PRS. 4) Treatment with
genetically predicted risk factors, where individuals would be invited and offered statins at the

age at which their genetically predicted risk exceeds 10%.
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Unlike Chapters 3 and 4, population health modelling took into account multiple invitations
across an individual’s lifetime and adjusted for competing risks. Results indicated that
compared to using a risk model using conventional risk factors, enhancing it with PRS resulted
in improvements within women. However, the improved discriminatory performance in men
(shown in Chapter 4), did not translate to improvements across a lifetime in men in Chapter
5. Second, we showed that a personalised strategy to personalise the first age of invitation can
lead to a reduction in the NNS, similar to using age-and sex specific thresholds shown in
Chapters 3 and 4. We also investigated a potential future scenario of using genetically
predicted values to highlight the utility of PRS, where we observed significantly lower NNS in
both sexes. We also observed that incorporating PRS into a risk model can improve the early

identification of high-risk individuals.

6.2 Strengths and limitations

In addition to the specific strengths and limitations for each results chapter, the overall thesis

has some overarching strengths and weaknesses.

Generally, this work has provided a comprehensive investigation in enhancing prioritisation for
CVD risk assessments by using existing primary care records found in electronic health records
and evaluated the future potential of incorporating genetic data, in the form of polygenic risk
scores. This thesis has made novel findings; One major advantage of the thesis is the use of UK
Biobank to guide the population health modelling. By leveraging the resources UK Biobank
has to offer, in particular the detailed measurements taken at baseline, the linked primary care
records for a subset of participants, and the genetic data captured at baseline, we were able to
provide between-person comparisons between the different types of data. To the author’s
knowledge, UK Biobank is one of the largest available datasets in the UK with this combination
of resource, with over 170,000 individuals, and allowed for a direct in-person comparison of

the different prioritisation tools proposed.

This work also integrated statistical methods to enhance the generalisability of the results.
By using simple and transparent methods, including the recalibration of estimated risks and
using population health data to generate a hypothetical population of representative individuals,

the results aimed to interpret the statistical models for use in a primary care setting in England.
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Another key advantage shared between the results is the use of multivariate mixed-effects linear
regression models to leverage the repeated measurements found within the primary care
records. Taking advantage of its ability to impute any missing risk factor values using the
available information for each individual and the intra-correlation matrix, allowed for a greater
number of individuals to be included in the analysis.? The model allowed us to estimate the
current expected risk factor levels for each individual, in Chapters 3 and 4. In addition, we
used these methods in Chapter S to offer individual-level projected risk factor levels over a
lifetime. This enabled us to model counterfactual scenarios of whether an individual would be

deemed at high risk.

This work also has several limitations. First, whilst UK Biobank is one of the largest available
datasets that allowed for the comparison of primary care records and genetics for prioritisation,
characteristics of those in UK Biobank differ to those in the general population, with lower
incidence of disease and healthier risk factor levels. In addition, by using only those with a
linked primary care record, further selection biases may exist, such as including fewer younger
individuals and individuals in an ethnic minority group. Second, although statistical methods
were employed to translate the results from UK Biobank to the general population, including
the recalibration of estimated risks changes the distribution of estimated risks by applying a
linear transformation to the non-recalibrated 10-year risks. However, recalibration does not
change the underlying risk factors and CVD incidence of the individuals in UK Biobank.
This may affect the generalisability of the results in Chapter S, which relies on the events
observed in UK Biobank to estimate total cumulative incidence. Third, whilst data from CPRD,
used to estimate representative risk factor levels and incidence rates, are generally
representative of the primary care attending population in the United Kingdom, the CPRD data
used does not have comprehensive coverage in the North and East of England.>* Fourth,
the results do not take into account other potential health impacts. Whilst it was assumed
that prioritisation increased uptake for a formal risk assessment due to potential behavioural
changes due to prioritisation, we did not model the combined effects of hypertensive medication
and statin initiation over time. In addition, the population modelling assumed a constant uptake
and continuation of statin treatment. Fifth, the definition of CVD outcomes was chosen to
reflect the outcomes used in the QRISK family of risk scores. With the variation in outcomes
used for other published risk scores, additional recalibration and adjustments are necessary
to translate the analyses to other healthcare systems.>° Sixth, whilst genomics may offer the

potential to improve risk stratification, the results in this work assumes all individuals to
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have genetic data. Whilst this is not currently feasible, the potential may be realised in the near

future due to continually decreasing costs associated with sequencing.

6.3 Public health implications

6.3.1 Utilising primary care records within primary prevention strategies

This thesis focusses on the implementation and impact of the prioritisation of individuals for a
formal CVD risk assessment using existing information. In particular, analyses in Chapter 3
highlights the potential benefits in harnessing the available longitudinal data within existing
primary care records to prioritise with an estimate of an individual’s 10-year CVD risk prior to
a CVD risk assessment. The results found that two alternative approaches could be used. The
first is to use an existing CVD risk score, for example QRISK2, or a dedicated tool derived
using primary care records, such as the eHEART tool. The chapter observed that whilst using
a risk score with a greater number of risk factors, and consequently a tool with greater
discriminatory performance, can be used to effectively prioritise, a dedicated prioritisation tool
that is designed to take advantage of existing repeated measurements may be feasible and

inexpensive to implement.

With the eHEART tool, whilst sophisticated statistical methods (i.e., landmark-age specific
mixed-effects linear regression models) were used to handle the longitudinal data from
1,642,498 individuals from CPRD, the tool can be easily transported once developed. As such,
code for the eHEART tool was developed and shared onto GitHub. The accessibility and
simplicity of the code could therefore allow for easy recalibration to other populations and for
more primary care providers to offer a systematic and complementary approach for CVD risk

assessments.

6.3.2 Personalised prediction to inform statin initiation

Currently, clinical guidelines recommend using a fixed 10% risk threshold for both
prioritisation and for formal CVD risk assessments.” As age remains the largest contributor to
CVD risk, younger individuals with a high relative risk will not be deemed at high risk of CVD
until later in life.®-!° This thesis presented a couple of alternative approaches to personalising
risk prediction at both the group and individual level. In Chapter 3, the population health
modelling of the eHEART prioritisation tool compared several scenarios: 1) Full formal

assessment for all individuals, 2) prioritisation with a fixed 10% threshold followed by full
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formal assessment and 3) prioritisation with age- and sex-specific corresponding to 5% false
negative rates followed by full formal assessment. The results highlighted the benefits of the
landmark modelling framework, and may allow for personalised prediction using routine data
to be feasible and affect a large group of individuals. In particular, younger individuals who
may have very few existing primary care records could be prioritised effectively using the
eHEART prioritisation tool with its ability to impute missing values.? In addition, the results
highlighted that the use of a fixed 10% threshold could result in a significant number of missed
events, especially in younger individuals and women. We believe that this approach can be
achieved easily and quickly, and can be implemented before other solutions, such as the
improved integration of primary care records, and the implementation of PRS. As such, new

guidelines should first focus on optimising prioritisation risk thresholds by age and sex.

Another potential implication of PRS is its role in improving risk communication. In Chapter
5, we investigated the use of PRS to not only improve model performance, but to personalise
the invitation process and to potentially streamline the assessment process as a whole. PRS
could be used as a communication tool, by showing patients their future CVD risk trajectories
across their lifetime, using their genetic information and showing hypothetical scenarios using
worst-case values for conventional CVD risk factors, average risk factor value and best-case
scenario values. It has been shown that communicating polygenic risk to middle-aged
individuals could motivate health behaviour changes, and enhance disease prevention.!! As
such, a future system may then be able to incorporate both PRS, to estimate lifetime risk, and

primary care records to estimate current risk.

During the preparation of this thesis, NICE published new draft guidance for risk assessment
and reduction of CVD.!? Since 2014, individuals with a 10-year CVD risk greater than 10%
were recommended statins. This is to change in the near future with a reduction in the fixed 10-
year risk threshold from 10% to 5%. The decrease in threshold was motivated by new evidence
on the safety of statins. In Chapters 3-5, additional results from sensitivity analyses showed
that the change will lead to a greater number of statin prescriptions at younger ages, thus
reducing the total number of assessments needed across a lifetime. It also suggests that
prioritisation becomes less effective as there are fewer opportunities to prioritise before an
individual is deemed at high risk. However, prioritisation still has its merits amongst women
and amongst the youngest men as the majority have low absolute 10-year CVD risks.
Prioritisation can therefore still be useful, especially when used with age- and sex-specific

thresholds, and the use of PRS to communicate risk and personalise risk prediction are still
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valid, however further work will need to be conducted. Furthermore, with the majority of
healthcare systems across the world recommending 10-year CVD risk thresholds greater than

10%, opportunities remain in making healthcare systems more efficient globally.

6.4 Future work

6.4.1 Extension of current work

6.4.1.1 Extension to upcoming UK Biobank dataset

UK Biobank was used throughout the thesis and the analyses took advantage of its unique
combination of linked primary care records, baseline measurements and genetic data. At the
time of analysis, a subset of 177,361 individuals were linked with primary care record data.
During the COVID-19 pandemic, UK Biobank further released primary care records for an
additional 230,000 individuals, increasing the total number to 409,000 individuals.'* However,
it is currently unavailable for general research purposes and it is expected that this will change
in the near future. The increase in data availability will allow for more accurate population

health estimates, especially when updating work in Chapter 5.

6.4.1.2 Extension to other populations

Whilst the eHEART prioritisation tool developed using existing primary care records in CPRD
(Chapter 3) provided good discriminatory performance and offered a unique opportunity to
improve risk assessments in England, external validation was not conducted in other
populations. Although internal validation using a split-sample derivation and validation
approach was used, external validation in other populations, for example other European
countries, will validate the tool’s effectiveness in other healthcare systems and in populations
with different risk characteristics. Potential cohorts for external validation include the Finnish

CVD register, the Swedish national inpatient register, and the Estonian Biobank.!4-1¢

Furthermore, population health modelling could easily be generalised to other countries. In
Chapters 3-4, the modelling relied on the proportion of individuals with future events identified
as high risk (sensitivity) to infer the total number of events identified in a hypothetical
population. Future work could recalibrate the estimated risks to be specific for the population
of interest and easily modify the population distribution and CVD incidence rates. Similar
modifications could be performed if adapting the work presented in Chapter 5, including using

incidence rates from the target population to calculate new weightings for individuals with
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events, and using a mixed model to estimate person-level risk factor levels across the

individual’s lifetime.

6.4.1.3 Additional investigation of 5% risk threshold in England

As discussed in Chapter 6.3.2, new draft guidance for risk assessment and reduction of CVD
in England proposed reducing the 10-year CVD risk threshold from 10% to 5%. Future work
should aim to further understand the benefits and limitations of prioritisation after the change,
and to also consider the future cost-effectiveness of PRS when integrated into a healthcare

system where more statins will be offered to more individuals.

6.4.2 Exploration of PRS to enhance risk communication and guide treatment
decisions

Although recent evidence has suggested the provision of genetic information may not
importantly affect health-related behaviours, the genetic information presented consisted of a
10-year risk of coronary heart disease calculated using genetic risk factors only.!” Future
research could instead explore the utility of PRS in improving the CVD risk assessment process.
This could include improving risk communication. For example, a future risk tool that presents
an estimated risk trajectory using a combination of genetic data and measured risk factors,
similar to Figure 2 in Chapter 5, could be used to further enhance risk communication between
the clinician and patient about their future CVD risk over a lifetime. Interviews and panel
groups could be used to better understand how such a resource could be used within primary

carc.

In addition to enhancing risk communication, a personalised risk trajectory could be used to
inform treatment decisions. For example, if the expected 10-year risk using genetic information

is greater than a set threshold by a predetermined age, then treatment should be initiated.

6.4.3 Microsimulation models to enhance population health modelling and evaluate
cost-effectiveness

Chapter 5 presented a modelling approach to measure CVD risk across a lifetime and took into
account competing risks. However, our current approach uses the cumulative CVD incidence
within a group of individuals and relies on multiple assumptions, including a fixed reduction in
risk due to statin initiation for all individuals. Microsimulation models may provide an

alternative approach in evaluating decision making by simulating the impact of interventions
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or strategies on individual trajectories, rather than the deterministic mean response of
homogeneous cohorts.!® Microsimulation models can also be implemented to assess other
measures of interest, including quality adjusted life years (QALYSs), net benefit and health

economics.'?2!

6.4.4 Running a trial to test predictive prevention policies against standard care

Throughout the thesis, we assumed that uptake of formal risk assessments increased due to the
use of a prioritisation tool, and that compliance to interventions remained fixed over time. A
future randomised controlled trial could be run to test the uptake and effectiveness. For
example, the intervention arm could consist of personalised risk predictions using primary care
records and/or genetic data, where tailored messages could be tested based on the estimated
risks. To ensure patient safety, the trial would continue with standard care including a formal
risk assessment every five years. This would then be compared with the placebo arm of standard
care only. The trial could be assessed for invitation uptake, delivery of statins, statin compliance

and a health economics analysis could be conducted.
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Appendix

Appendix 1: Code list of cardiovascular disease for e(HEART derivation

Cardiovascular disease was defined as a combination of newly diagnoses of nonfatal or fatal events of coronary
heart disease (CHD) (including myocardial infarction and angina), stroke, and transient ischemic attack (TIA), in
line with the definition used in the QRISK3 CVD risk score!. In Clinical Practice Research Datalink (CPRD),
diagnoses are coded using the hierarchical Read code system' and in the linked HES and ONS datasets, the

International Classification of Disease 10th revision (ICD-10) codes were used?.

Read code for CPRD data

Read code | Description

G3...00 Ischaemic heart disease

G31..00 Arteriosclerotic heart disease
G32..00 Atherosclerotic heart disease
G33..00 IHD - Ischaemic heart disease
G30..00 Acute myocardial infarction
G301.00 Attack - heart

G302.00 Coronary thrombosis

G303.00 Cardiac rupture following myocardial infarction (MI)
G304.00 Heart attack

G305.00 MI - acute myocardial infarction
G306.00 Thrombosis - coronary

G307.00 Silent myocardial infarction
G309800 | Coronary thrombosis

G309900 | Myocardial Infarction

G300.00 Acute anterolateral infarction
G301.00 Other specified anterior myocardial infarction
G301000 | Acute anteroapical infarction
G301100 | Acute anteroseptal infarction
G301z00 | Anterior myocardial infarction NOS
G302.00 Acute inferolateral infarction
G303.00 Acute inferoposterior infarction
G304.00 Posterior myocardial infarction NOS
G305.00 Lateral myocardial infarction NOS

211




G306.00 True posterior myocardial infarction

G307.00 | Acute subendocardial infarction

G307000 | Acute non-Q wave infarction

G307100 | Acute non-ST segment elevation myocardial infarction
G308.00 Inferior myocardial infarction NOS

G309.00 Acute Q-wave infarct

G30A.00 | Mural thrombosis

G30B.00 | Acute posterolateral myocardial infarction
G30X.00 | Acute transmural myocardial infarction of unspecif site
G30X000 | Acute ST segment elevation myocardial infarction
G30y.00 Other acute myocardial infarction

G30y000 | Acute atrial infarction

G30y100 | Acute papillary muscle infarction

G30y200 | Acute septal infarction

G30yz00 | Other acute myocardial infarction NOS

G30z.00 Acute myocardial infarction NOS

G31..00 Other acute and subacute ischaemic heart disease
G319900 | Acute/subacute IHD NOS

G310.00 Postmyocardial infarction syndrome

G310100 | Dressler's syndrome

G311.00 Preinfarction syndrome

G311100 | Crescendo angina

G311200 | Impending infarction

G311300 | Unstable angina

G311400 | Angina at rest

G311000 | Myocardial infarction aborted

G311010 | MI - myocardial infarction aborted

G311100 | Unstable angina

G311200 | Angina at rest

G311300 | Refractory angina

G311400 | Worsening angina

G311500 | Acute coronary syndrome

G311z00 | Preinfarction syndrome NOS
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G312.00 Coronary thrombosis not resulting in myocardial infarction
G31y.00 Other acute and subacute ischaemic heart disease
G31y000 | Acute coronary insufficiency

G31y099 | Acute coronary syndrome

G31y100 | Microinfarction of heart

G31y200 | Subendocardial ischaemia

G31y300 | Transient myocardial ischaemia
G31yz00 | Other acute and subacute ischaemic heart disease NOS
G32..00 Old myocardial infarction

G321.00 Healed myocardial infarction

G322.00 Personal history of myocardial infarction
G33..00 Angina pectoris

G330.00 Angina decubitus

G330000 | Nocturnal angina

G330z00 | Angina decubitus NOS

G331.00 Prinzmetal's angina

G331100 | Variant angina pectoris

(G332.00 Coronary artery spasm

G33z.00 Angina pectoris NOS

G33z000 | Status anginosus

G33z100 | Stenocardia

G33z200 | Syncope anginosa

G33z300 | Angina on effort

G33z400 | Ischaemic chest pain

G33z500 | Post infarct angina

G33z600 | New onset angina

G33z700 | Stable angina

G33zz00 | Angina pectoris NOS

G34..00 Other chronic ischaemic heart disease
G349900 | Chr. ischaemic heart dis. NOS

G340.00 Coronary atherosclerosis

G340100 | Triple vessel disease of the heart
G340200 | Coronary artery disease
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G340000 | Single coronary vessel disease

G340100 | Double coronary vessel disease

G342.00 Atherosclerotic cardiovascular disease

G343.00 Ischaemic cardiomyopathy

G344.00 Silent myocardial ischaemia

G34y.00 Other specified chronic ischaemic heart disease

G34y000 | Chronic coronary insufficiency

G34y100 | Chronic myocardial ischaemia

G34yz00 | Other specified chronic ischaemic heart disease NOS

G34z.00 Other chronic ischaemic heart disease NOS

G34z000 | Asymptomatic coronary heart disease

G35..00 Subsequent myocardial infarction

G350.00 Subsequent myocardial infarction of anterior wall

G351.00 Subsequent myocardial infarction of inferior wall

G353.00 Subsequent myocardial infarction of other sites

G35X.00 | Subsequent myocardial infarction of unspecified site

G36..00 Certain current complication follow acute myocardial infarct
G360.00 Haemopericardium/current comp follow acute myocardial infarct
G361.00 Atrial septal defect/curr comp follow acute myocardial infarct
G362.00 Ventricular septal defect/curr comp follow acute myocardial infarction
G363.00 Ruptur cardiac wall w'out haemopericard/cur comp follow ac MI
G364.00 Ruptur chordae tendinae/curr comp follow acute myocardial infarct
G365.00 Rupture papillary muscle/curr comp follow acute myocardial infarct
G366.00 Thrombosis atrium, auric append&vent/curr comp follow acute MI
G38..00 Postoperative myocardial infarction

G380.00 Postoperative transmural myocardial infarction anterior wall
G381.00 Postoperative transmural myocardial infarction inferior wall
(G382.00 Postoperative transmural myocardial infarction other sites
(G383.00 Postoperative transmural myocardial infarction unspec site
G384.00 Postoperative subendocardial myocardial infarction

G38z.00 Postoperative myocardial infarction, unspecified

G3y..00 Other specified ischaemic heart disease

G3z..00 Ischaemic heart disease NOS
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G501.00 Post infarction pericarditis

Gyu3400 | [X]JAcute transmural myocardial infarction of unspecif site
F423600 | Amaurosis fugax

Fyu5500 [X]Other transnt cerebral ischaemic attacks+related syndromes
G63y000 | Cerebral infarct due to thrombosis of precerebral arteries
G63y100 | Cerebral infarction due to embolism of precerebral arteries
G64..00 Cerebral arterial occlusion

G641.00 CVA - cerebral artery occlusion

G642.00 Infarction - cerebral

G643.00 Stroke due to cerebral arterial occlusion

G640.00 Cerebral thrombosis

G640000 | Cerebral infarction due to thrombosis of cerebral arteries
G641.00 Cerebral embolism

G641100 | Cerebral embolus

G641000 | Cerebral infarction due to embolism of cerebral arteries
G64z.00 Cerebral infarction NOS

G64z100 | Brainstem infarction NOS

G647z200 | Cerebellar infarction

G64z990 | Cerebral A. occlusion NOS

G64z000 | Brainstem infarction

G64z100 | Wallenberg syndrome

G64z110 | Lateral medullary syndrome

G64z200 | Left sided cerebral infarction

G64z300 | Right sided cerebral infarction

G64z400 | Infarction of basal ganglia

G65..00 Transient cerebral ischaemia

G651.00 Drop attack

G652.00 Transient ischaemic attack

G653.00 Vertebro-basilar insufficiency

G659900 | Transient Ischaemic Attacks

G650.00 Basilar artery syndrome

G650100 | Insufficiency - basilar artery

G652.00 Subclavian steal syndrome
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G653.00 Carotid artery syndrome hemispheric

G654.00 Multiple and bilateral precerebral artery syndromes
G656.00 Vertebrobasilar insufficiency

G65y.00 Other transient cerebral ischaemia

G652.00 Transient cerebral ischaemia NOS

G65z990 | Transient Ischaemic Attacks

G65z000 | Impending cerebral ischaemia

G65z100 | Intermittent cerebral ischaemia

G65zz00 | Transient cerebral ischaemia NOS

G66..00 Stroke and cerebrovascular accident unspecified
G661.00 CVA unspecified

G662.00 Stroke unspecified

G663.00 CVA - Cerebrovascular accident unspecified

G669800 | Stroke/CVA - undefined

G669900 | Stroke

G667.00 Left sided CVA

G668.00 Right sided CVA

G676000 | Cereb infarct due cerebral venous thrombosis, nonpyogenic
G6W..00 | Cereb infarct due unspcf occlus/stenos precerebr arteries
G6X..00 Cerebrl infarctn due/unspcf occlusn or sten/cerebrl artrs
Gyu6300 | [X]Cerebrl infarctn due/unspcf occlusn or sten/cerebrl artrs
Gyu6400 | [X]Other cerebral infarction

Gyu6500 | [X]Occlusion and stenosis of other precerebral arteries
Gyu6600 | [X]Occlusion and stenosis of other cerebral arteries
ZV12D00 | [V]Personal history of transient ischaemic attack

ICD10 code for HES and ONS data

ICD10-code | description

G45 transient ischaemic attack and related syndromes
G45.0 transient ischaemic attack and related syndromes
G45.1 transient ischaemic attack and related syndromes
G45.2 transient ischaemic attack and related syndromes
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G45.3 transient ischaemic attack and related syndromes
G45.4 transient ischaemic attack and related syndromes
G45.8 transient ischaemic attack and related syndromes
G45.9 transient ischaemic attack and related syndromes
120 angina pectoris

120.0 angina pectoris

120.1 angina pectoris

120.8 angina pectoris

120.9 angina pectoris

121 acute myocardial infarction

121.0 acute myocardial infarction

121.1 acute myocardial infarction

121.2 acute myocardial infarction

121.3 acute myocardial infarction

121.4 acute myocardial infarction

121.9 acute myocardial infarction

122 subsequent myocardial infarction

122.0 subsequent myocardial infarction

122.1 subsequent myocardial infarction

122.8 subsequent myocardial infarction

122.9 subsequent myocardial infarction

123 complications after myocardial infarction

123.0 complications after myocardial infarction

123.1 complications after myocardial infarction

123.2 complications after myocardial infarction

123.3 complications after myocardial infarction

123.4 complications after myocardial infarction

123.5 complications after myocardial infarction

123.6 complications after myocardial infarction

123.8 complications after myocardial infarction

124 other acute ischaemic heart disease

124.0 other acute ischaemic heart disease

124.1 other acute ischaemic heart disease

217




124.8 other acute ischaemic heart disease
124.9 other acute ischaemic heart disease
125 chronic ischaemic heart disease
125.0 chronic ischaemic heart disease
125.1 chronic ischaemic heart disease
125.2 chronic ischaemic heart disease
125.3 chronic ischaemic heart disease
1254 chronic ischaemic heart disease
125.5 chronic ischaemic heart disease
125.6 chronic ischaemic heart disease
125.8 chronic ischaemic heart disease
125.9 chronic ischaemic heart disease
163 cerebral infarction

163.0 cerebral infarction

163.1 cerebral infarction

163.2 cerebral infarction

163.3 cerebral infarction

163.4 cerebral infarction

163.5 cerebral infarction

163.6 cerebral infarction

163.8 cerebral infarction

163.9 cerebral infarction

164 stroke not specified as haemorrhage or infarction
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Appendix 2: Two-stage dynamic landmark age model for risk prediction
Dynamic landmark age modelling

To optimize the use of repeated measurements of risk factors in electronic health records to
predict future CVD risk, we used sliding landmark approach as described in our previous study?
to construct 10-year CVD risk prediction models. The schematic of landmark age approach is
presented in Web Figure 2. A landmark age is a reference point at which we use risk factor
values collected prior to that age and from which to predict future risk®. In the derivation dataset,
we derived a series of ninety two age- and sex-specific predictions models (i.e., for men and
women and at ages 40, 41, 42, ...,85, denoted as “landmark ages™). Participants contributed to
the models if they have 1) registered with a general practice at the landmark age, 2) no CVD

diagnoses prior to the landmark age, and 3) no statin prescription prior to the landmark age.

We selected the key cardiovascular risk factors as those used in the validated 2013 ACC/AHA
Pooled Cohort Equations*: age, sex, total cholesterol, high-density lipoprotein (HDL)
cholesterol, systolic blood pressure (SBP), use of antihypertensive therapy, diabetes mellitus
status, and smoking status. Values of SBP, total cholesterol and HDL cholesterol were
standardised by centering on sex- specific means and dividing by the standard deviation (using
means and standard deviations calculated from the first measurement from each individual).
Age and sex were known for all participants. Values for diabetes mellitus status, anti-
hypertensive therapy usage and statin therapy usage were set to zero until the first available
health record indicated otherwise (i.e. for diabetes mellitus: at least one diabetes diagnostic
code [Read code or diabetes test] plus either an additional diagnostic code or diabetes drug
prescription’; first prescription of a blood-pressure or cholesterol medication) from which time
the values were set to one. Repeat measurements of smoking status, systolic blood pressure,
total cholesterol and HDL cholesterol were first summarised using age- and sex-specific
multivariate mixed models® and entered the prediction model as single summary measures as

described below.
The landmark age approach comprises of two stages:

Stage 1: Summarising repeated measures of risk factors using multivariate mixed- effects linear

regression models
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Let Smoking_status;;, SBP;;, Total_cholesterol;;, HDL_cholesterol;;, BP_med;; and Statin;;
denote all the repeat measurements of smoking status, SBP, total cholesterol, HDL cholesterol,
indication of blood pressure-lowering medication, and indication of statin initiation for
individual i recorded at measurement j. For males and females separately, for each landmark
age La=40,41,42, ...,85, we fit a multivariate mixed-effect model with a correlated covariance

structure:

SBPI = 04 + 81* tl] + Y*Bp_medi]' + Uqi + Eli]'
Total_cholesteroly; = a, + B;* t;; + 6*Stating; + uy; + &5
HDL cholesteroly; = a3 + Bs* tj; + ug; + €35

Smoking status;; = ay + Bs* tj; + Uy + &4

2
Uii 0 01 012 013 O14
2
Uz L 0 o o o o]
Where | ° | ~ multivariate normal N A
3 0 013 O23 O3 O3y
u 2
. 0 O14 O24 O34 Oy
02 0 0 0
€1ij 0 e1
€2ij o 0 0 o 0 0
And | |~ multivariate normal ) .
3i) of o o oz o
€4ij 0

Here a4, oy, a3, o, represent fixed intercepts for each risk factor, 31, B2, B3, Barepresent fixed
slopes for each risk factor, y represents an adjustment factor in systolic blood pressure levels
for those with an indication of blood pressure-lowering medication and § represents an

adjustment factor in total cholesterol for those with an indication of statin medication.

Terms u1j, u2j, u3;j and u4; represent random intercepts for each risk factor and are correlated

between risk factors. These random intercepts are interpreted as the difference in the average

level of the predictor for this individual compared to the population average level.
Finally, €1ij , €2ij , €3ij and €4ij represent uncorrelated residual errors for each risk factor.

This model allows incomplete records of the risk factors and includes all individuals with at
least one measurement from at least one risk factor (see Web Figure 3). The correlation structure
between the risk factors is estimated from individuals with observed data on more than one risk

factor. Thus, the model assumes that, for each landmark age, risk factor values from individuals
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with incomplete data are from the same multivariate normal distribution for risk factor values

for individuals with observed data (that is, assuming “missing at random”).

Our model assumes that all risk factors jointly follow a multivariate normal distribution, which
is plausible for SBP, total cholesterol, HDL cholesterol but less plausible for smoking status
which is defined as a binary variable (yes for current/ever smoker; no for never smoker).
However, inference based from the multivariate normal distribution may often be reasonable
even if the multivariate normality does not hold, especially in the context of imputation of

missing data’ and regression calibration®’.

In our previous work?®, we restricted the model derivation to repeat measurements recorded
before the landmark age, i.e. j < La. However, we found slight improvements in sensitivity
analyses when we used all available repeated measurements recorded before and after the
landmark age, due to extra precision on parameter estimates. We accept a limitation is that it
ignores informative censoring of individuals due to death or CVD events, however, our
previous work shows informative censoring has little effect on the long-term usual levels of the

included risk factors.

Best linear unbiased predictors (BLUPS)! are estimated for each risk factor for the random
intercepts u1j, u2j, u3i and u4; using observed data for j < La !!. Note the restriction to only
repeat measurements before the landmark age is important here, as the prediction model is
intended for use in clinical practice where only past data will be available. The BLUPs are
estimated as the mean of the empirical Bayes posterior distribution of the random intercepts
conditional on observed risk factor measurements. Using the properties of multivariate normal
distributions, this is also a multivariate normal distribution, and an exact formula for the mean

can be calculated!2.

Specifically, for individual i

2 = GZT(ZGZT + 2)(Y-XP)

Here Y is the vector of risk factor observations, G is the covariance matrix of the random
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2
01 Oj12 013 Oj4

2
012 02 023 O24 . . . . )
effects = 2 5 , Z 1s the design matrix which selects the corresponding
013 023 O3 O34

O14 Oz4 O34 Of
random effect for each risk factor, Z T is the matrix transpose of Z and )’ is a diagonal matrix
containing the corresponding residual variance for each risk factor. Importantly, due to the
correlations structure between the random intercepts, BLUPS can be estimated for all

individuals with at least one repeat measurement for at least one risk factor.
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Stage 2: Estimating 10-year CVD risk using landmark age- and sex-specific Weibull

proportional hazards models, accounting for future statin initiation effect.

In the second stage, ten-year CVD risk was modelled using landmark age- and sex- specific
Weibull models, with time since landmark age as the time scale. Landmark age datasets were
constructed comprising of participants with no CVD diagnoses and/or statin prescription prior
to that landmark age and included the following variables: (i) landmark-age-dependent outcome
time-to-CVD-event and censoring indicator; (ii) sex; (iii) landmark- age-dependent estimated
error-free risk factor values for SBP, total cholesterol, HDL cholesterol, smoking status and the
most recent observed records for diabetes status and history of blood pressure-lowering
medication prescriptions, denoted together as X(La) and (iv) landmark-age- dependent time-to-
statin-initiation during follow-up (set to the “time-to-CVD-event” if not observed) and statin-
initiation indicator. We then split the time-to-CVD-event records at the time-to-statin-initiation,
so that individuals who had an indication of statin initiation during follow-up had two records,
one covering the landmark age before statin initiation, and the second from statin initiation to
the CVD event or censoring. To each landmark age data set, we fit the following sex-stratified

Weibull model:
hs(t[X(La),La)= hos(t)exp[Bx X(La)+BxStatin(t)]

where h(s(t) = AR , with scale and shape parameters A and v, and the scale parameter A is
parameterized as exp ($0); Statin(t) is the time dependent indicator which equals 0 before an
indication of statin-initiation, and equals 1 at and after the first indication of statin-initiation;
and B represents the effect of statin-initiation on the risk of CVD, which is constrained to B =
In (0.75) to represent a 25% risk reduction as reported from published meta-analyses of
trials.!>!* This is done by using offset option in the Weibull survival model in Stata. The code
sample for each landmark age by gender for estimating 10-year CVD risk accounting for statin-

initiation is as follows:

stset ft, failure (cvd ind ==1) id(patid)

stsplit new statin ind, after (time=statin time) at (0)
replace new statin ind=new statin ind+l

*convert -1, 0 to 0,1 for on statins

replace new statin ind=0 if statins prscd==. |

(statins prscd!=. & statins prscd>=exit date)
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*for never statin before exit date
gen beta x=new statin ind*1n(0.75)
streg sbp bp medication tchol hdl smoke diabetes if

derivation==1, offset (beta x) dist (weibull)

where ft is follow-up time; cvd ind is the incident CVD indicator; statin time is the time-to-
statin-initiation during follow-up (set to the “time-to-CVD-event” if not observed);
new_statin_ind is the time-varying indicator for statin initiation (1 for on statins, 0 for no
statins); In(0.75) is the 25% risk reduction as reported from published meta-analyses of trials;
sbp, bp_medication, tchol, hdl, smoke, diabetes are the risk factor values estimated from Stage

1.

Predicted 10-year CVD risk is estimated for participants at each landmark age from the
equation:

T .
1= P(T > La+ 10T > La, X(La)) = 1 — Sos(La + 10|La)*XPLBx" X(La)tB*Statin(t)]

where SQs(La + 10|La) = exp (—AtV) represents the sex-stratified 10-year baseline survival from

landmark age La.

Other survival models, including the non-parametric Cox model, and more flexible parametric
forms, could be used in place of the Weibull model. We selected the Weibull model due to a
reasonable fit, and to enable a closed form solution to the calculation of counterfactual survival
times in the absence of statin initiation (see Appendix 3). In our analysis, the fitted survival
probability curves from the Weibull models were consistent with the Kaplan—Meier curves,
indicating a reasonable fit (Web Figure 4). The fitted Weibull model shape parameters ranged
between 1.07 to 1.34 across landmark ages (Web Figures 5 and 6) the Weibull model was more

sufficient than exponential model of which the shape parameter is defined as 1.

Proportional hazard assumption in Weibull model:

The Weibull hazard function is ho(t) = tV~! where the scale parameter A is parametrized as

exp(£0). The hazard ratio for statin treatment is obtained as

HR — eXp(BO+ﬁS)VtV-1

exp(Bo) vtV L = exp(Bs), which is the statin treatment effect.
0
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This result depends on the shape parameter v having the same value for treatment vs. non-
treatment to be cancelled out to get HR, and so that the proportional hazard assumption is
satisfied. In our analysis, the proportional hazard assumption was satisfied since the shape

parameters are generally same for models ignoring vs. accounting for statin effect.
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Appendix 3: Recalibration and rescaling of eHEART risks for population health modelling
Our aim was to externally validate the eHEART tool to estimate the health impact in a general,
English population. We used UK Biobank chosen due to its availability of detailed
measurement at baseline, which was used to estimate a 10-year CVD risk using QRISK2 and
represents a formal risk assessment, but also linked historical primary care electronic medical
records necessary for prioritisation using eHEART.

However, UK Biobank participants has been shown to be healthier than the general population
both in terms of risk factor levels and CVD incidence rates. Using eHEART and QRISK?2 in
UK Biobank without adjustments would lead to a biased distribution of 10-year risk estimated,
with the distribution of risks being skewed to the right and be narrow relative to the distribution
observed in the general population. To more accurately use UK Biobank for population health
modelling, the distribution of 10-year risks estimated were adjusted using recalibration and
rescaling.

Stage 1: recalibration

We first recalibrated both eHEART and QRISK2 to the UK Biobank population to ensure both
tools were well calibrated to the population. This was done due to the different populations used
to derive both risk tools and because of the different data types used in UK Biobank, with
eHEART using the historical primary care records and QRISK?2 using the baseline values. The
methods used have been previously described. !

Recalibration was completed within each tool and sex, allowing the mean level of predicted
risks to match what was observed. We used average risk factor levels calculated by 5-year age
groups to estimate the predicted risk. For eHEART, the mean risk factor levels for continuous
risk factors were calculated using the mean of the last observed values across all individuals
with a primary care record before baseline, and for binary variables, the mean number of
individuals with at least one positive record was used. For QRISK2, the mean value or
prevalence of each risk factor at baseline was used. The observed risk was calculated using the
CVD incidence rate of UK Biobank. A linear model was fit within each tool and sex to relate

the observed risk (8, ) and predicted risk (8, ) estimated for each 5-year age group. (cs):

loge (_ loge (1 - eobS,cs )) = ﬂO + ﬂl X loge (_ loge (1 - epred,cs ))
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The estimated £, and S, were then used as scaling factors to recalibrate each individual’s

original 10-year risk (8,,..,,) to give a new recalibrated estimate 6,,,,cq, :

Hnewpred,i = 1 - exp(_ eXp(ﬂO + ﬁl X loge (_ loge (l - Hpred,i ))))

Stage 2: rescaling

Recalibrating both models using average risk factor values and incidence rates from UK
Biobank resulted in the recalibrated 10-year risks to be heavily right skewed. To correct for
this, we rescaled the recalibrated estimates to spread out the estimated risks to become more
representative of what should be expected in the general population.

Rescaling was completed within each tool and sex. We calculated the mean recalibrated 10-
year risk by age-group of UK Biobank to estimate the predicted risk. We then used mean risk
factor levels calculated from the Clinical Practice Research Datalink (CPRD) between the years
2014 and 2019 within 5-year age groups to estimate the observed risk of using either tool in the
general population. We then fit a linear model between the observed risk and the predicted risk
using the same methods described in stage 1. The new scaling factors calculated were used to
rescale each individual’s recalibrated 10-year risk to give a new rescaled and recalibrated

estimate.

Stage 3: Population health modelling

We created a hypothetical population of 100,000 individuals (50,000 men and women. We used
data from the ONS to approximate the age structure of the general English population. We
estimated the expected number of events observed in the hypothetical population using CVD
incidence rates estimated from individuals with at least one primary care record of systolic
blood pressure, total or HDL cholesterol or smoking status in CPRD between the years 2014
and 2019.

To estimate the number needed to screen (NNS) to prevent one CVD event, we first calculated
the proportion of cases in UK Biobank that were deemed high risk (10-year risk >= 10%) by
QRISK?2 within 5-year age groups and sex. We used this proportion to estimate the number of
CVD events identified in the hypothetical population, and applied a HR of 0.8 to model the
benefits of statin initiation, with the number of events saved was defined as the difference in
the number of events after statin initiation and the initial expected number of events. The NNS
was calculated by taking the number of individuals assessed and dividing by the number of
events saved. The NNS after using eHEART to prioritise individuals for a formal assessment

was calculated in a similar manner, where the number of individuals formally assessed included
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only those prioritised using eHEART. 95% confidence intervals for the NNS were estimated
using the empirical bootstrap method with 1000 iterations for each age-group and sex. Age and
sex specific prioritisation thresholds were chosen to optimise the false negative rate of QRISK2

in UK Biobank.
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