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Abstract
Health economic analyses are essential for health services research, providing decision-makers and payers with evidence 
about the value of interventions relative to their opportunity cost. However, many health economic approaches are still lim-
ited, especially regarding the primary prevention of cardiovascular disease (CVD). In this article, we discuss some limitations 
to current health economic models and then outline an approach to address these via the incorporation of genomics into the 
design of health economic models for CVD. We propose that when a randomised clinical trial is not possible or practical, 
health economic models for primary prevention of CVD can be based on Mendelian randomisation analyses, a technique to 
assess causality in observational data. We discuss the advantages of this approach, such as integrating well-known disease 
biology into health economic models and how this may overcome current statistical approaches to assessing the benefits of 
interventions. We argue that this approach may provide the economic argument for integrating genomics into clinical prac-
tice and the efficient targeting of newer therapeutics, transforming our approach to the primary prevention of CVD, thereby 
moving from reactive to preventive healthcare. We end by discussing some limitations and potential pitfalls of this approach.

Key Points for Decision Makers 

Current health economic models for primary prevention 
of atherosclerotic cardiovascular disease (ASCVD) are at 
risk of significantly underestimating benefits of exist-
ing and newer therapeutics by neglecting well-known 
disease biology.

We propose that when a randomised clinical trial is 
not possible or practical, health economics models for 
primary prevention of ASCVD should be based on the 
results of naturally randomised trials informed by Men-
delian randomisation analyses, because these incorporate 
well-known disease biology and account for the cumula-
tive effects of modifying causal risk factors for ASCVD.

We argue adopting our proposed approach could provide 
the health economic argument for integrating genom-
ics into clinical practice and shifting ASCVD treatment 
from a reactive to a preventive approach.
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1 Introduction

Health economic analyses are essential for health services 
research. Because healthcare resources are limited, health 
interventions and therapeutics need to be shown to be cost-
effective before payers (principally governments and insur-
ers) will agree to provide them to, or subsidise them for, 
healthcare consumers. In other words, new interventions 
need to demonstrate that the benefits come at an accept-
able cost. Health economic models are the primary tool 
via which cost-effectiveness is shown, providing decision-
makers and payers with evidence about the value of inter-
ventions relative to their opportunity cost.

The reason to use health economic models is that ran-
domised clinical trials (RCTs) have limited follow-up, may 
not be representative of the general population [1] and 
often do not collect the necessary data for health economic 
evaluations (such as quality of life and costs). Further-
more, data from RCTs alone may be insufficient to inform 
practice and policy as they cannot provide estimates of 
real-world or long-term costs and benefits of interventions. 
Importantly, inaccurate estimates of costs and outcomes of 
newer interventions may lead to significant misallocation 
of resources and risks denying the public access to cost-
effective interventions or inappropriately funding interven-
tions that are not cost-effective.

The approach to health economic modelling contin-
ues to evolve. Indeed, novel approaches are continually 
developed to project the economic impact and the effects 
of newer therapies [2, 3]. Nevertheless, health economic 
approaches for primary prevention of atherosclerotic car-
diovascular disease (ASCVD) are still limited [4, 5]. Most 
importantly, the majority of health economic models for 
ASCVD use age-related risk estimates [4], which assume 
that interventions can only influence ASCVD on an instan-
taneous basis and thus do not account for the cumulative 
benefits of modifying risk factors causal for ASCVD. This 
approach is largely ignorant of disease biology, and usu-
ally restricts treatment to those where near-term risk of 
ASCVD is high. Moreover, these limitations are becoming 
increasingly important as healthcare costs rise and more 
complex (and thus often expensive) technologies are intro-
duced. Thus, novel modelling approaches that can handle 
complexities beyond the capabilities of current methods 
are required to predict health economic impact and assess 
existing and new therapies.

The decreasing cost and availability of genetic data 
has led to a marked increase in the use of genetics to 
answer questions of fundamental biology, clinical medi-
cine, and epidemiology. Despite this, uptake of genomics 
into health economics has been limited. The field so far 
has primarily investigated whether genomics can be used 

to understand the effects of disease on quality adjusted 
life-years or healthcare spending [6–8]. Moreover, while 
there are some studies in other diseases [8], little atten-
tion has been paid to whether genetics can improve the 
design of health economic models for ASCVD. This is a 
deficiency that needs addressing, as there is accumulating 
genetic evidence that major risk factors for ASCVD affect 
the disease proportional to cumulative exposure [9], sug-
gesting that earlier detection and intervention to prevent 
ASCVD may be more beneficial than current health eco-
nomic approaches (which assume risk is proportional to 
instantaneous exposure) suggest.

In this proposal, we discuss limitations of current health 
economic approaches, then propose an approach to integrate 
genomics into the epidemiology of the decision health eco-
nomic modelling for ASCVD via the use of Mendelian ran-
domisation (MR), how this can address some fundamental 
limitations to current approaches, and finally key potential 
pitfalls to our proposed approach. To illustrate our approach, 
we focus on the example of lowering low-density lipopro-
tein-cholesterol (LDL-C) to reduce ASCVD.

2  Limitations to Current Health Economic 
Approaches

Models derived from trial populations have the advantage 
of evaluating outcomes and costs in a group that has been 
proven to benefit from the intervention and thus do not rely 
on assumptions about the efficacy of that intervention out-
side of the trial population. However, this can also be consid-
ered a disadvantage, as trial populations are usually not rep-
resentative of the target population for an intervention [1], 
which is likely to lead to either systematic overestimation or 
underestimation of the benefits of the intervention. Indeed, 
in models based on RCTs alone, transition probabilities are 
usually drawn straight from the trial [4, 10], which is likely 
to underestimate the absolute event rate of the disease out-
comes relative to the general population (and thus underesti-
mate the benefits of the intervention) as people who enrol in 
trials are usually healthier than the broader populations they 
are supposed to represent [1]. Conversely, for interventions 
that are influenced by compliance, higher compliance in the 
trial population than the general population has the potential 
to overestimate the benefit of the intervention (statins are 
an example [11]). Moreover, trial follow-up periods may be 
shorter than the intended duration of therapy. Thus, models 
with short-term follow-up for interventions that may have 
more long-term benefits or interventions that become more 
effective over time could systematically underestimate the 
benefit of interventions.

These disadvantages are partially overcome by select-
ing model populations on broader and more representative 
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populations (such as specific disease cohorts or the general 
population) and conducting health economic analyses over a 
longer time horizon. One obvious disadvantage to this strat-
egy is applying effect estimates from RCTs to populations 
that differ from the trial population, even if they would have 
met the selection criteria (although it is also common to gen-
eralise trial effect estimates to people who would not have 
met trial selection criteria). This limitation can be partially 
accounted for if there is real-world evidence of the effec-
tiveness of the intervention, but this is usually lower quality 
evidence and more susceptible to bias than the original trial.

The transition probabilities underlying models based on 
broader populations are usually from one of two sources: 
age-specific estimates of disease risk or estimates of disease 
risk derived from risk scores (which are heavily influenced 
by age) [4]. However, both can be problematic, especially 
for primary prevention of ASCVD. While age-specific risk 
estimates are generally representative of the whole popula-
tion, they consequently do not target individuals who are 
most likely to benefit from early treatment. Thus, conducting 
analyses on the entire population will systematically overes-
timate the benefit for low-risk sub-groups of the population 
and underestimate the benefit for high-risk sub-groups. It is 
thus attractive to stratify the population into groups based 
on their perceived risk of an outcome. This is relatively 
straightforward for populations with existing ASCVD (sec-
ondary prevention) because they have a high risk for repeat 
events or other chronic diseases. For primary prevention (i.e. 
people who have not had an ASCVD event), the most com-
mon approach to population stratification is the use of risk 
scores [4]. However, most risk scores for ASCVD use sta-
tistical approaches to select the most predictive risk factors 
for an event as measured at a single point in time [12, 13]. 
Consequently, most risk scores are primarily driven by age 
and sex, with modifiable risk factors usually only margin-
ally improving prediction [14–16]. By allowing statistical 
methods to drive the selection of predictors, such estimates 
may be effectually ignorant of the biology of disease. More 
importantly, models based on these risk scores often rely on 
changes in surrogate outcomes (such as LDL-C) to model 
changes in clinical outcomes and thus do not account for the 
cumulative effects of changing risk factors, as ASCVD risk 
estimates are based on instantaneous risk at current risk fac-
tor levels [14–18]. Therefore, models that assume that risk 
factors only influence outcomes on an instantaneous basis 
could systematically underestimate the benefits of primary 
prevention by ignoring the biology of the disease process 
(and thus ignoring the opportunity to modify earlier trajecto-
ries of disease when instantaneous risk is lower) and instead 
only allowing treatment when the disease has progressed to 
the point that short-term risk is high [19].

Indeed, it is well-established that both the duration and 
magnitude of exposure to LDL-C drives the risk of ASCVD, 

rather than instantaneous levels [9, 19, 20], but this is not 
reflected in current risk scores or epidemiological models 
that are based on them [14–18]. For example, if a 60-year-
old female who has had an LDL-C of 4 mmol/L for decades 
initiates lipid-lowering therapy and within 1 month lowers 
her LDL-C from 4 to 2 mmol/L, because her current LDL-C 
is 2 mmol/L, most risk scores would estimate her 10-year 
risk of an event to be lower than the equivalent female with 
lifelong LDL-C of 2.5 mmol/L. Given our understanding of 
the biology of ASCVD [19], this risk estimate is nonsen-
sical. This example generalises to other risk factors, such 
as blood pressure, which also has a cumulative effect on 
ASCVD [9]. This has important implications for models 
based on risk scores, as the benefits of intervening earlier 
versus later in life or primary versus secondary prevention 
could be systematically underestimated in such health eco-
nomic models.

3  Integrating Genomics into Health 
Economic Decision Modelling

Thus, there is a need to improve health economic models for 
the primary prevention of ASCVD. This need has increased 
with the advent of more complex (and typically expensive) 
biologic therapeutics [21], which are usually only approved 
for primary prevention of ASCVD in the most severe cases, 
such as for people with familial hypercholesterolaemia (FH) 
(e.g. evolocumab in Australia [22] and the UK [23]). With-
out improving our approach to health economic analysis, 
we risk forgoing the benefits of these therapies in primary 
prevention. We suggest that integrating genomics into health 
economic analyses is a practical and potentially beneficial 
way of overcoming the limitations to current health eco-
nomic analyses outlined above.

RCTs are considered the ‘gold standard’ in terms of 
information about optimal interventions, but data from 
RCTs alone are insufficient. In this context, there is a 
strong demand for real-world data to quantify the value 
of complex therapeutic approaches to disease manage-
ment, and to handle complexity that is beyond the capa-
bility of current conventional methods. We propose that 
when an RCT that would produce the results required 
to design a health economic analysis is not possible or 
practical, health economic models for primary prevention 
of ASCVD can be based on the results of MR analyses 
[24–27]. MR is an epidemiological technique that exploits 
the fact that the inheritance of alleles from parents is ran-
dom to deal with confounding inherent to other epide-
miological study designs (Box 1)—a random assortment 
of alleles ensures that they are unlikely to be associated 
with other genetic or environmental factors that tradition-
ally bias observational studies [27]. By assuming that the 
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random assortment of alleles from parents to offspring 
generalises at the population level, when grouping indi-
viduals by their genotype, it can be assumed that all other 
confounders are equal between groups, particularly when 
the size of the groups are very large. This is analogous to 
an RCT, in which randomisation theoretically balances 
measured and unmeasured confounders, such that the only 
difference between the groups is the intervention (Fig. 1). 
In MR, instead of the intervention of an RCT, the only 
difference between groups is assumed to be their alleles. 
Therefore, if individuals with an allele that predisposes 
them to both higher levels of a risk factor (and nothing else 
of relevance) and a higher risk of a disease outcome, this 
provides strong evidence of causality for that risk factor 
causing that outcome via this randomised and thus (theo-
retically) unconfounded evidence [27]. For example, vari-
ants in the HMG-CoA reductase gene (the target of statins) 
are associated both with levels of LDL-C in the blood 
and the risk of ASCVD [28], providing strong evidence of 
causality for the association between LDL-C and ASCVD.

Notably, one can also use MR to derive estimates of the 
magnitude of effect per unit change in the risk factor on 
the outcome [24–27]. While these need to be interpreted 
with caution and are primarily underpinned by an under-
standing of disease biology, these estimated effects can be 
used to conduct naturally randomised trials [26]. In these 
naturally randomised trials, individuals in a microsimula-
tion model can be allocated to both treatment and control 
(in separate simulations), with the effects of the intervention 
on outcomes modelled via changes in the risk factor by unit 
time using effect estimates from MR. These individuals are 
then followed up for any amount of time, and the results 
provide estimates of the benefits of targeting that risk fac-
tor. Importantly, effect estimates from MR give a measure 
of the effect of higher levels of exposure to the risk factor 
over the lifetime, so these will need to be adjusted to an 
effective impact of the risk factor by unit time (for example, 
LDL-C years or smoking pack-years) for use in a naturally 
randomised trial [26]. It should be noted that MR is not a 
substitute for a randomised trial, as interventions can have 

Box 1  Mendelian 
randomisation (MR)

Fig. 1  Mendelian randomisation is analogous to a randomised clinical trial
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unexpected effects on the primary outcome or adverse safety 
outcomes (discussed more below). Nevertheless, naturally 
randomised trials will be the best available evidence for situ-
ations where conducting an RCT is not possible or practical. 
For example, testing the effect of lowering LDL-C from 30 
years of age on the lifetime risk of cardiovascular disease 
would involve recruiting a high number of participants, fol-
lowed for decades to accrue enough events to have power on 
any outcome, with likely a high rate of dropout and treat-
ment noncompliance. Consequently, such an RCT is unlikely 
to be run, while a naturally randomised trial does not have 
the same limitations.

These naturally randomised trials can then form the basis 
of a health economic model (Fig. 2). These models can be 
like other health economic models in that quality of life and 
costs can be sourced from the best available sources, with 
the fundamental change being only to the underlying transi-
tion probabilities and effect estimates. In this situation, the 
only change would be using MR to incorporate the biology 
of disease into the underlying structure of the model – the 
remainder of the health economic analysis remains the same 
(including costs and quality of life). However, MR can also 
generate causal effect estimates of the association between 
risk factors and quality of life or healthcare costs. Indeed, 
Dixon and colleagues have demonstrated a causal effect of 
adiposity on hospital costs [6], and Harrison et al. used MR 
to estimate the causal effect of body mass index (BMI) on 
predicted quality of life and healthcare costs, and integrated 
them into a simulation model to conduct a health economic 
analysis on obesity interventions [8]. Thus, it is possible (but 
not necessary for our proposed approach) to also use MR to 
enhance the generation of quality of life and costs for health 
economic models.

There are several advantages to the MR-based approach. 
Because naturally randomised trials are simulated, they can 
be conducted over a lifetime (or any length of time). Like a 
model based on an RCT, they are still underpinned by solid 
evidence of causality [26]. However, it is worth noting that 
the goal of a naturally randomised trial differs from an RCT. 
The goal of an RCT is to determine whether, and to what 
degree, a particular intervention is effective in the population 

under study. By contrast, the goal of a naturally randomised 
trial is to use understanding of the causal structure of the 
disease to determine the optimal time to intervene on the risk 
factor to maximise benefits, and, by extension, determine 
which interventions produce clinically relevant benefits in 
different groups and at different times. The goal therefore of 
MR-based health economic models will be to extend this by 
determining whether, when in the disease trajectory, and for 
whom it is cost-effective to intervene, and how this varies 
for different interventions.

The simulated nature of the naturally randomised trial 
also overcomes the lack of generalisability of RCT estimates 
because the investigator can modify the specific population 
under study to estimate the absolute benefits of modifying 
the causal risk factor in the population of interest. The simu-
lated nature of these studies also means that the investigator 
can modify the strength, level of compliance to, and tim-
ing of the intervention to find the optimal age or dose at 
which an intervention becomes cost-effective (using esti-
mates from the best available literature). Indeed, the inputs 
to naturally randomised trials will necessarily be informed 
by shorter RCTs measuring the efficacy, dose-response, side 
effects, and compliance to therapies (as distinct from the 
desired long-term, but impossible or impractical, RCT that 
the naturally randomised trial is simulating). The investiga-
tor can also compare separate interventions directly in the 
same population under the same conditions, overcoming the 
limitations of contrasting RCT estimates that may not be 
directly comparable. Importantly, unlike models based on 
‘classical epidemiology’ (epidemiology without the use of 
genomic data), using causal effect estimates of changing the 
risk factor by unit of time accounts for the cumulative benefit 
of decreasing exposure to a risk factor over time [19].

Another key advantage to MR is the ability to stratify 
the population not just by the risk of the outcome but based 
on the risk of the outcome via a particular causal pathway 
(thus stratifying the population by amenity to a particular 
intervention that acts via that causal pathway). For exam-
ple, individuals with genetically predicted high LDL-C but 
low genetically predicted systolic blood pressure may have 
a lifetime risk of ASCVD that approximates the average 

Fig. 2  Current approach to 
health economic models and 
proposed approach to integrate 
genomics into health economic 
analyses. In the proposed 
approach, health economic 
outcomes (quality of life and 
costs) can be sourced via 
traditional methods, or from 
Mendelian randomisation (MR), 
if available
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(because the two risk factors ‘cancel’ each other out), so a 
health economic analysis that does not account for this may 
underestimate the benefit of lowering LDL-C and overesti-
mate the benefit of lowering blood pressure in this group, 
potentially denying these individuals access to beneficial 
therapies based on incorrect estimates of cost-effectiveness.

However, a model based on MR would, appropriately, 
identify the greater benefit of lowering LDL-C and mini-
mal benefit of lowering blood pressure in this group and 
thus increase access to therapies targeted at lowering LDL-C 
[9]. Thus, genetic risk stratification via MR could improve 
the selection of populations who are most likely to benefit 
from interventions, consequently providing real-world cost/
benefit ratios in cost-effectiveness analyses. Indeed, if we 
are to incorporate expensive therapies into clinical practice 
in a cost-effective manner, targeting the interventions to 
those most in need will be required, thereby maximising 
the population-level benefit of newer and existing therapies.

This approach could also underpin the uptake of prescrip-
tive polygenic scores into clinical practice—by identifying 
and treating individuals at high risk of disease via a par-
ticular pathophysiological pathway using their genetics, 
the genome is effectively being used to prescribe an action. 
Thus, not only could MR-based health economic models 
improve access to therapeutics for high-risk groups, but 
they may also underpin the economic argument for inte-
grating genetics into clinical practice (Box 2). Neverthe-
less, it remains to be seen whether prescriptive polygenic 
scores would be a superior approach to simple stratifica-
tion by readily available clinical measures such as LDL-C 
or blood pressure, especially given the practical and cost 
considerations of implementing wide-scale genomic test-
ing. The MR-based approach to health economics we pro-
pose does not rely on this; thus, we suggest that MR-based 
health economic evaluations compare the costs and benefits 
of widespread genomic uptake in clinical practice into their 
models against simple clinical measurements of the risk fac-
tor, if available.

MR-based models could also be useful for drug devel-
opment [24]. Because MR-based models are based on 

causal risk factors, they minimise the likelihood that drugs 
will fail in phase III RCTs for lack of efficacy. This works 
in two ways: first, drugs targeted at non-causal risk factors 
will not be pursued; and second, drugs that do not change 
a causal risk factor by a magnitude sufficient to produce 
effective clinical benefits as estimated from naturally ran-
domised trials will not be pursued. Moreover, MR-based 
models could also efficiently identify cost-effective drugs 
for repurposing, as well as detecting potential adverse 
impacts from repurposing [29, 30]. Attaching costs to 
these models will further invigorate the drug development 
process. Using naturally randomised trials as the basis for 
health economic models will provide knowledge about 
expected benefit/cost ratios for interventions in the early 
stages of drug development, further streamlining cost-
effective drug development by identifying drug candidates 
most likely to be cost-effective at scale. MR-based models 
will have utility not only in drug development and deter-
mining the cost-effectiveness of drug-based interventions, 
but also can be used to model the effects of public health 
interventions on ASCVD.

Notably, we have already demonstrated the utility of an 
MR-based approach to health-economics in a study testing 
the cost-effectiveness of cascade screening for heterozy-
gous FH in children [31]. In this study, we used MR-based 
estimates of the impact of LDL-C lowering to model the 
effects (on ASCVD) of cascade screening to identify and 
treat people with heterozygous FH from 10 years of age, 
with follow-up over the lifetime horizon. We found that 
this strategy was likely cost-saving from a healthcare 
perspective. This is a situation where an RCT will never 
be undertaken, and a model based only on age-specific 
estimates of risk and ASCVD risk reductions from RCTs 
could have significantly underestimated the cumulative 
benefit of LDL-C lowering of such a strategy in children 
[28]. However, the most important outcome of this study 
is that the results of this analysis were directly influen-
tial in persuading the Australian Government to approve 
and subsidise cascade genetic screening for FH in clini-
cal practice, thereby demonstrating the acceptability of 
this approach to a payer. Proposed steps for integrating 
Mendelian randomisation (MR) into the design of health 

Box 2  Steps for integrating 
Mendelian randomisation 
(MR) into the design of 
health economic models for 
atherosclerotic cardiovascular 
disease
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economic models for atherosclerotic cardiovascular dis-
ease are shown in Box 2.

4  Potential Pitfalls

This approach is not without limitations. Foremost is that 
a naturally randomised trial is not a substitute for an RCT. 
Interventions, mainly pharmacological interventions, can 
lead to unexpected adverse events or unexpected effects 
on the primary and secondary outcomes. These can be 
estimated from MR if these effects are a result of on-tar-
get effects (i.e. if they are direct consequences of modify-
ing the risk factor), such as MR analyses that have also 
reported the increased risk of diabetes with 3-hydroxy-
3-methylglutaryl-CoA reductase inhibition with statins 
[32, 33]. However, if the intervention has off-target effects 
or other unexpected side effects unrelated to the intended 
mechanism of action, a naturally randomised trial will not 
be able to detect these.

Furthermore, a reasonable level of understanding of the 
biology of the disease of interest is required to extrapolate 
MR effect estimates and conduct naturally randomised tri-
als because there are several reasons that effect estimates 
derived from MR will not accurately reflect the effect 
of modifying the risk factor in an RCT [25]. First, MR 
effect estimates represent the average effect of the risk 
factor on the outcome over the lifetime and, thus, must be 
converted into a per-unit-time effect; however, this will 
only be appropriate if the risk factor has an irreversible 
cumulative effect on the outcome over time. For exam-
ple, while both systolic blood pressure and LDL-C show 
a dose-dependent, cumulative effect on the risk of ASCVD 
[9], some risk factors do not have a cumulative effect on 
disease, such as the relationship between BMI and insulin 
resistance [34]. Thus, while our proposal is specifically for 
ASCVD, which does have a causal structure amenable to 
this kind of modelling, approaches to other diseases will 
vary depending on their causal structure.

Second, even for cumulative risk factors, risk fac-
tor effects may vary by disease stage. In these cases, the 
effects of intervening on the risk factor will vary by dis-
ease stage, but this is not accounted for in MR effect esti-
mates. Indeed, extrapolation between a lifelong effect of 
the risk factor to treatment effects at different ages will 
involve several assumptions specific to the disease under 
study, some of which may be violated in reality. While 
shorter-term estimates from RCTs can inform this process, 
these may not be available for every risk factor and out-
come, and will not cover the entire age-range or disease 
staging of the naturally randomised trial.

Third, converting MR effect estimates into effect esti-
mates from interventions requires substantial extrapolation 

as genetic variation is usually much less than the proposed 
intervention. For example, variation in LDL-C via genetic 
variants is generally in the order of 2–5% per allele, while 
statins reduce LDL-C by 30–50%, meaning that extrapola-
tion of MR effect estimates is reliant on the assumption 
that LDL-C does have a linear or log-linear relationship 
with ASCVD risk across all values of LDL-C [25]. Fourth, 
it is possible that large changes in risk factor levels lead to 
compensation via other pathways (for example, in inflam-
matory pathways [35]), which may produce differences 
between MR effect estimates and results in interventions.

Many of these issues often arise because it is not always 
possible to generate evidence of a causal effect using vari-
ants in the protein encoding gene that is the target of a drug 
(for example, the strongest evidence linking the effect of 
HMG-CoA reductase inhibition via statins to the genetic 
effect leverages natural variation in the gene encoding 
HMG-CoA reductase [28]), meaning the strength of the evi-
dence for each pathway will vary depending on what natural 
biological variation is present. Therefore, a robust under-
standing of the biology underlying the disease process and 
the relationship between the risk factor and outcome will be 
required to guide the development of naturally randomised 
trials and to factor these effects into models accordingly. 
Understanding of disease biology is likely to come from 
many sources including RCTs, clinical studies, and basic 
science. We encourage health economists to engage expert 
scientists and clinicians in the disease of interest in the early 
stages of designing MR-based health economic models, as 
it is important to understand the strengths and limitations 
of model inputs and show the potential consequences of 
these in their results. In general, the job of the health econo-
mist would be to enhance our understanding of the causal 
structure of disease and apply these principles to improve 
the design of health economic models. For example, health 
economists have used MR to understand the association of 
risk factors with quality of life and costs [7], as well as edu-
cational outcomes [36].

Nevertheless, naturally randomised trials will never 
perfectly substitute RCTs, and when extrapolating results 
from MR, we must carefully consider the similarity of the 
population studied to the target population, differences in 
the intended duration and intensity of therapy to MR, and 
the goals of the interventions [37]. Cost-effectiveness analy-
ses based on naturally randomised trials should therefore be 
interpreted with these important limitations in mind.

Another limitation to this approach is the requirement of 
a suitable data source to conduct the naturally randomised 
trial. To conduct the best possible naturally randomised trial, 
individual-level data on genetics, the risk factor, and the 
outcome need to be available for everyone in the micro-
simulation. Few datasets meet these requirements. Fortu-
nately, the largest of these datasets, the UK Biobank [38], 
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is relatively simple to access (and is becoming increasingly 
so), making this limitation less of a concern. There are sev-
eral other large biobanks with varying degrees of availability 
to researchers [39]. Moreover, it is possible to use published 
MR effect estimates (with the appropriate adjustment from 
lifetime effect to by unit time effect) in models with risk 
factor levels and transition probabilities derived from other 
sources. This approach will likely be most useful when the 
disease of interest is rare (such as FH), and thus will not 
be well-represented in non-specific datasets such as the UK 
Biobank [31]. However, this approach is not preferred when 
individual-level data are available [40]. With increasing 
access to a larger number of cohorts from more ethnically 
diverse populations, the value of these studies in terms of 
their implications for more geographical settings will con-
tinue to improve.

Nevertheless, health economists will not always have 
the option to limit themselves to disease and interventions 
where MR-based analyses are feasible or practical, such 
as ASCVD. Thus, our approach must be considered on a 
case-by-case basis as to whether MR can or will improve 
approaches to health economic evaluation. We have focused 
on the case of ASCVD, as we believe there is considerable 
evidence supporting the causality of several risk factors on 
the development of ASCVD that are overlooked in current 
health economic approaches. Other less well-understood 
diseases may not have these advantages, while others are 
further ahead—there has already been a study on obesity 
(discussed above) that leveraged MR to conduct a health 
economic evaluation.

Finally, we have not discussed some of the many limi-
tations of MR itself, which have been reviewed elsewhere 
[41, 42]. Indeed, there is concern that increasing ease and 
availability of MR has led to an increase in the publication 
of incorrect or spurious ‘causal’ effect estimates [40]. It is 
therefore important to be familiar with how the effects of 
phenomena like horizontal pleiotropy (when a genetic vari-
ant influences the outcome through a pathway unrelated to 
the risk factor) can bias traditional effect estimates in MR 
studies, and how these may be accounted for [43]. Indeed, 
MR-based models are less useful for secondary prevention, 
as selecting diseased populations is likely to introduce col-
lider bias [44]. We have not discussed the possibility of 
using genetic liability to disease (vs. simple risk estimates) 
to enhance health economic analysis [45]. It is also worth 
noting that the generalisability of MR effect estimates is 
not always a given. For example, there is strong evidence 
of selection bias in the UK Biobank [46], and most genetic 
associations have been performed in people of European 
ancestry [47]. We therefore recommend engaging with 
experts in MR if novel or contentious causal pathways are 
to be targets of MR-based health economic analyses. The 
reader is directed to other reviews on MR [27], a guide 

to reading MR for non-specialists [48], and a checklist to 
assess the quality of MR studies [49] for further reading. 
As usual, sensitivity and scenario analyses will be impor-
tant, but especially so in this case as the protocols and pro-
cedures surrounding MR-based health economic analysis 
are established in coming years. Moreover, other sources 
of uncertainty will continue to exist in decision modelling, 
and their sources and consequences should be made avail-
able to decision makers; health economic models are only 
one aspect of decision making; other aspects, such as legal, 
ethical, cultural, political, and structural factors will also 
continue to play a role.

5  Conclusions

We have outlined a proposal to use naturally randomised 
trials to enhance the design of health economic models for 
ASCVD. We believe that integrating genomics into health 
economics will be a powerful way to improve primary pre-
vention of ASCVD, especially as healthcare continues to 
become more expensive and efficient allocation of resources 
becomes more of a priority. Indeed, continuing the current 
approach to primary prevention of ASCVD will greatly limit 
the population benefits of newer therapeutics by hindering 
access to these therapies, curbing their use in those patients 
who stand to benefit most.
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