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Abstract

Background

The prevalence of obesity has increased in the United Kingdom, and reliably measuring the
impact on quality of life and the total healthcare cost from obesity is key to informing the
cost-effectiveness of interventions that target obesity, and determining healthcare funding.
Current methods for estimating cost-effectiveness of interventions for obesity may be sub-
ject to confounding and reverse causation. The aim of this study is to apply a new approach
using mendelian randomisation for estimating the cost-effectiveness of interventions that
target body mass index (BMI), which may be less affected by confounding and reverse cau-
sation than previous approaches.

Methods and findings

We estimated health-related quality-adjusted life years (QALYs) and both primary and sec-
ondary healthcare costs for 310,913 men and women of white British ancestry aged
between 39 and 72 years in UK Biobank between recruitment (2006 to 2010) and 31 March
2017. We then estimated the causal effect of differences in BMI on QALYs and total health-
care costs using mendelian randomisation. For this, we used instrumental variable regres-
sion with a polygenic risk score (PRS) for BMI, derived using a genome-wide association
study (GWAS) of BMI, with age, sex, recruitment centre, and 40 genetic principal compo-
nents as covariables to estimate the effect of a unit increase in BMI on QALY's and total
healthcare costs. Finally, we used simulations to estimate the likely effect on BMI of policy
relevant interventions for BMI, then used the mendelian randomisation estimates to esti-
mate the cost-effectiveness of these interventions.

A unit increase in BMI decreased QALYs by 0.65% of a QALY (95% confidence interval
[CI]: 0.49% to 0.81%) per year and increased annual total healthcare costs by £42.23 (95%
Cl: £32.95 to £51.51) per person. When considering only health conditions usually consid-
ered in previous cost-effectiveness modelling studies (cancer, cardiovascular disease,

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1003725  August 27, 2021 1/24


https://orcid.org/0000-0002-7966-0700
https://orcid.org/0000-0001-5285-409X
https://orcid.org/0000-0002-4265-2854
https://orcid.org/0000-0003-3357-2796
https://orcid.org/0000-0002-2460-0508
https://doi.org/10.1371/journal.pmed.1003725
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pmed.1003725&domain=pdf&date_stamp=2021-09-13
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pmed.1003725&domain=pdf&date_stamp=2021-09-13
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pmed.1003725&domain=pdf&date_stamp=2021-09-13
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pmed.1003725&domain=pdf&date_stamp=2021-09-13
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pmed.1003725&domain=pdf&date_stamp=2021-09-13
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pmed.1003725&domain=pdf&date_stamp=2021-09-13
https://doi.org/10.1371/journal.pmed.1003725
https://doi.org/10.1371/journal.pmed.1003725
https://doi.org/10.1371/journal.pmed.1003725
http://creativecommons.org/licenses/by/4.0/

PLOS MEDICINE

Long-term cost-effectiveness of interventions for obesity

accessible from https://www.ukbiobank.ac.uk/. The
code used to clean and analyse the data is available
here: https://github.com/sean-harrison-bristol/
Robust-causal-inference-for-long-term-policy-
decisions.

Funding: The Medical Research Council (MRC)
and the University of Bristol support the MRC
Integrative Epidemiology Unit [MC_UU_00011/1].
NMD is supported by an Economics and Social
Research Council (ESRC) Future Research Leaders
grant [ES/N000757/1] and the Norwegian
Research Council Grant number 295989. LDH is
supported by a Career Development Award from
the UK Medical Research Council (MR/M020894/
1). PD acknowledges support from a Medical
Research Council Skills Development Fellowship
(MR/P014259/1). This work is part of a project
entitled ‘social and economic consequences of
health: causal inference methods and longitudinal,
intergenerational data’, which is part of the Health
Foundation’s Social and Economic Value of Health
Programme (Grant ID: 807293). The Health
Foundation is an independent charity committed to
bringing about better health and health care for
people in the UK. The funders had no role in study
design, data collection and analysis, decision to
publish, or preparation of the manuscript. This
publication is the work of the authors, who serve
as the guarantors for the contents of this paper.

Competing interests: The authors declare they
have no conflicts of interest.

Abbreviations: BMI, body mass index; Cl,
confidence interval; GWAS, genome-wide
association study; HES, hospital episode statistics;
HFSS, high fat, sugar, and salt; IQR, interquartile
range; IVW, inverse-variance weighted; PRS,
polygenic risk score; QALY, quality-adjusted life
year; RCT, randomised controlled trial; SD,
standard deviation; SNP, single nucleotide
polymorphism.

cerebrovascular disease, and type 2 diabetes), we estimated that a unit increase in BMI
decreased QALYs by only 0.16% of a QALY (95% CI: 0.10% to 0.22%) per year.

We estimated that both laparoscopic bariatric surgery among individuals with BMI greater
than 35 kg/m?, and restricting volume promotions for high fat, salt, and sugar products,
would increase QALYs and decrease total healthcare costs, with net monetary benefits (at
£20,000 per QALY) of £13,936 (95% CI: £8,112 to £20,658) per person over 20 years, and
£546 million (95% CI: £435 million to £671 million) in total per year, respectively.

The main limitations of this approach are that mendelian randomisation relies on
assumptions that cannot be proven, including the absence of directional pleiotropy, and that
genotypes are independent of confounders.

Conclusions

Mendelian randomisation can be used to estimate the impact of interventions on quality of
life and healthcare costs. We observed that the effect of increasing BMI on health-related
quality of life is much larger when accounting for 240 chronic health conditions, compared
with only a limited selection. This means that previous cost-effectiveness studies have likely
underestimated the effect of BMI on quality of life and, therefore, the potential cost-effective-
ness of interventions to reduce BMI.

Author summary

Why was this study done?

« The prevalence of obesity has increased in the United Kingdom, and reliably measuring
the impact on quality of life and the total healthcare cost from obesity is key to inform-
ing the cost-effectiveness of interventions that target obesity, and determining how
much additional healthcare funding may be required should the trend of increasing
obesity continue.

Current methods of examining cost-effectiveness of interventions for obesity may be
subject to confounding and reverse causation, and previous studies also typically only
use a limited number of health conditions to estimate the effects of BMI on quality of
life, potentially underestimating the effects of BMI.

The aim of this study is to elucidate a new approach using mendelian randomisation for
estimating the cost-effectiveness of interventions that target body mass index (BMI),
which may be less affected by confounding and reverse causation than previous
approaches.

What did the researchers do and find?

« Using mendelian randomisation, we estimated that a unit increase in BMI decreased
quality-adjusted life years (QALYs) by 0.65% of a QALY per year and increased annual
total healthcare costs by £42.23 per person.
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« Using these results and simulations, we estimated that, compared to no intervention
and over 20 years, people aged 40 to 69 years in England or Wales with a BMI over 35
kg/m? receiving laparoscopic bariatric surgery would have, on average, an increase of
0.92 QALYs and a decrease in total healthcare costs of £5,096 per person.

o We also estimated that restricting volume promotions for high fat, salt and sugar prod-
ucts would, across the 21.7 million adults aged 40 to 69 years in England and Wales,
increase QALYs by 20,551 per year and decrease total healthcare costs by £137 million
per year, and that between 1993 and 2017 in England and Wales, the increase in BMI of
people aged 40 to 69 years led to a decrease of 1.13% of a QALY per year and an increase
in annual healthcare costs of £69 per person.

What do these findings mean?

o Mendelian randomisation can be used to estimate the impact of interventions on quality
of life and healthcare costs and is likely less biased than existing observational methods.

o Interventions for BMI are likely to be cost-effective, possibly more so than previously
anticipated using simulation methods that restrict the effect of changes in BMI on health
conditions to cancer, cardiovascular disease, cerebrovascular disease, and type 2
diabetes.

Introduction

Between 1993 and 2017 in England, the prevalence of obesity in adults aged 40 to 69 years,
defined as a body mass index (BMI) of over 30 kg/m?, rose from 13% to 27% in men and 16%
to 30% in women, as estimated by the Health Survey for England [1,2]. Obesity is associated
with many chronic illnesses, such as hypertension, coronary artery disease, type 2 diabetes,
dyslipidaemia, metabolic liver disease, renal and urological diseases, sleep apnoea, osteoarthri-
tis, psychiatric comorbidity, gastro-oesophageal reflux disease, and various cancers [3-7]. Reli-
ably measuring the impact on quality of life and the total healthcare cost from obesity is key to
informing the cost-effectiveness of interventions that target obesity, and determining how
much additional healthcare funding may be required should the trend of increasing obesity
continue. For example, prominent recent policy interventions such as the introduction in
England of a tax on sugar-sweetened beverages were motivated in part by a desire to avoid
some of the long-term consequences of obesity on individuals and the healthcare system [8].

Previous studies examining the cost-effectiveness of interventions for obesity tended to fall
into 3 broad categories: (a) randomised controlled trials (RCTs), typically with relatively short-
term durations of follow-up [9]; (b) cohorts, typically retrospective [10-13]; and (c) decision
analytic and related simulation models [10,12,14-18]. These studies estimated the impact on
quality-adjusted life years (QALYs) and the total healthcare cost of different interventions,
such as bariatric surgery, and thus estimated whether the intervention was likely to be cost-
effective. Fig 1A-1C show schematic representations of each type of study, Table 1 summa-
rises their strengths and limitations, and S1 Text gives more information about each type of
study.
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Fig 1. Schematic representation of different methods of estimating cost-effectiveness of bariatric surgery. The
intervention or exposure for each analysis is in the blue box with bold text. Blue arrows represent what is estimated in
each study, while green arrows represent estimates from previous studies used to inform the study. (a) The estimate of
cost-effectiveness is not confounded as the intervention is randomised. (b) The estimate of cost-effectiveness could be
confounded as receiving bariatric surgery is not randomly assigned. (c) The estimate of cost-effectiveness could be
confounded, as could be the estimates from previous studies, there may be effects of bariatric surgery on QALYs and
healthcare costs that do not go through BMI, and there may be effects of BMI on QALYs and healthcare costs that do
not go through the modelled health conditions. (d) the estimate of cost-effectiveness is less likely to be affected by
confounding, as genetic variants are randomly distributed within families at conception, though there may be effects of
bariatric surgery on QALY and healthcare costs that do not go through BMI. BMI, body mass index; CVD,
cardiovascular disease; QALY, quality-adjusted life year; RCT, randomised controlled trial.

https://doi.org/10.1371/journal.pmed.1003725.9001

Briefly, RCT's with economic evaluations provide causal evidence for cost-effectiveness but
are expensive and time consuming to perform, while cohort studies are observational and deci-
sion analytic simulation models rely on observational evidence that may be subject to con-
founding and reverse causation that may bias estimates of cost-effectiveness. Decision analytic
simulation models also routinely include only a limited selection of health conditions that
BMI may affect, meaning the true costs of obesity may be underestimated.

The aim of this study is to elucidate a new approach using mendelian randomisation
[19,20] for estimating the cost-effectiveness of interventions that target BMI (Fig 1D). This
approach uses observational data, but by using genetic information as an instrumental vari-
able, the risk of bias through confounding and reverse causation is reduced compared with
other methods using observational data [21-23]. This can give more causal estimates of cost-
effectiveness, approximating an RCT of different BMI levels assigned at birth, but with the
advantage of estimating at low cost the long-term causal effects of an intervention, rather than
shorter-term effects measured during a (usually) limited period of follow-up measured in an
economic evaluation conducted alongside an RCT.

In this paper, we estimate the causal effect of a unit increase in BMI on both QALYs and
total healthcare costs in UK Biobank [24] using mendelian randomisation. We then
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Table 1. The strengths and limitations of different methods to estimate the cost-effectiveness of interventions.

Methods Strengths Limitations
RCT, with economic « Causal effect estimates « Expensive
evaluation « Time consuming
« Often limited follow-up
« Study sample may not be representative of target population
Cohort « Follow-up may be long « Estimates may be biased by confounding and reverse causation (control group
« Potentially less expensive than RCT's not “exchangeable” with intervention group)

« A single study can test multiple hypotheses

Decision analytic « Inexpensive « Estimates may be biased by confounding and reverse causation
simulation models « Follow-up not limited « Using only limited health conditions (cancer, cardiovascular disease,
« Flexible cerebrovascular disease, and type 2 diabetes) as mediators of the effect of the
exposure on the outcome may cause bias
« Effect estimates are for a change in the exposure, not an intervention for the
exposure, and therefore are best applied to an intervention that affects the
exposure across the life course
Mendelian « Follow-up may be long « Low statistical power; requires very large sample sizes
randomisation « Potentially less expensive than RCT's « Effect estimates are for a change in the exposure, not an intervention for the
« A single study can test multiple hypotheses exposure, and therefore are most relevant to proxy an intervention that affects the
« Estimates less liable to confounding and reverse exposure across the life course

causation than cohort and decision analytic simulation

studies
RCT, randomised controlled trial.

https://doi.org/10.1371/journal.pmed.1003725.t001

demonstrate how the results from this approach can be used to estimate the cost-effectiveness
of prominent and widely used interventions aimed at reducing BMI (with bariatric surgery
and restricting volume promotions for high fat, sugar, and salt (HFSS) products as case stud-
ies), estimate the increased healthcare cost of the rise in BMI in England and Wales between
1993 and 2017, and estimate the total cost of the BMI profile of England and Wales in 2017
versus a hypothetical profile where no one has a BMI above 25 kg/m”.

Methods

We used mendelian randomisation to estimate the causal effect of BMI on QALYs and total
healthcare costs per year. For a guide to mendelian randomisation for clinicians, please see
Davies and colleagues [20], and for a lay description, please see Harrison and colleagues [25].
Briefly, we generated a polygenic risk score (PRS) for BMI (a weighted score of genetic risk for
higher BMI using common genetic variants), which we used as a proxy for BMI in the mende-
lian randomisation analyses.

Population

UK Biobank is a population-based health research resource consisting of approximately
500,000 people, who were recruited between the years 2006 and 2010 from 22 centres across
the United Kingdom [24]. Medical data from hospital episode statistics (HES) has been linked
to all participants up to 31 March 2017, and primary care (general practice) data have been
linked to UK Biobank participants registered with GP surgeries using EMIS Health (EMIS
Web) and TPP (SystmOne) software systems, also up to 31 March 2017. The study design, par-
ticipants, and quality control methods have been described in detail previously [26-28]. UK
Biobank received ethics approval from the Research Ethics Committee (REC reference for UK
Biobank is 11/N'W/0382). Genotyping information is available in S2 Text, with further infor-
mation available online [29].
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We restricted the main analyses to unrelated individuals of white British ancestry living in
England or Wales at recruitment, with a measured BMI value. Full details of inclusion criteria
and genotyping are in S2 Text. After exclusions, 310,913 participants remained in the main
dataset. Of these, 96,331 (31%) had primary care data covering the full period between recruit-
ment and 31 March 2017 or death, whichever came first.

Polygenic risk scores (instrumental variables)

We used the Locke 2015 [30] genome-wide association study (GWAS) for BMI to identify
genome-wide significant single nucleotide polymorphisms (SNPs) with strong evidence of
association with BMI, defined as having a P value below genome-wide significance

(P < 5x107®). We clumped the genome-wide significant SNPs at an R threshold of 0.001
within a 10,000 kilobase window, and proxies were found for all SNPs not in UK Biobank
using the European subsample of 1,000 genomes as a reference panel (with a lower R* limit of
0.6) [31]. In total, 69 SNPs were used to construct a PRS, which we calculated as the weighted
sum of the SNP effect alleles for all SNPs associated with BMI, with each SNP weighted by the
regression coefficient from the Locke GWAS. S1 Table shows summary data for all SNPs in
the PRS. We did not use the more recent 2018 BMI GWAS because this includes the UK Bio-
bank [32], and sample overlap leads to bias towards the observational effect in mendelian ran-
domisation analyses [33].

Exposure and covariates

We defined BMI as weight in kilograms divided by height in metres squared, and BMI catego-
ries using conventional World Health Organization guidelines [34]: normal weight as a BMI
of between 18.5 kg/m” and 25 kg/m?, overweight as a BMI of between 25 kg/m” and 30 kg/m?,
and obese as a BMI of above 30 kg/m?. BMI was estimated at the UK Biobank baseline assess-
ment using measured height and weight.

We used age, sex, and UK Biobank recruitment centre reported at the UK Biobank baseline
assessment as covariables, as well as 40 genetic principal components derived by UK Biobank
to control for population stratification [35].

Data and code availability

This study is reported as per the Strengthening the Reporting of Observational Studies in Epi-
demiology (STROBE) guideline (S1 STROBE Checklist). This study did not have a prospec-
tive protocol or analysis plan: The analysis method was developed over the course of this
study, and the policy analysis examples were considered before the method was finalised. No
changes to the analysis were made from peer review comments. The empirical dataset is
archived with UK Biobank and available to individuals who obtain the necessary permissions
from the study’s data access committees, with data accessible from https://www.ukbiobank.ac.
uk/. The code used to clean and analyse the data is available here: https://github.com/sean-
harrison-bristol/Robust-causal-inference-for-long-term-policy-decisions.

Estimation of quality-adjusted life years and healthcare costs (outcomes)

Quality-adjusted life years. We predicted health-related quality of life for all participants
daily from recruitment to 31 March 2017 using the results from a study by Sullivan and col-
leagues [36]; full details in S3.1 Text. Briefly, we used each of 240 chronic health conditions to
predict health-related quality of life for all participants daily from recruitment to 31 March
2017 or death, whichever came first, and averaged over years to estimate QALYs. S2 Table
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details all 240 chronic health conditions, including which ICD-9, ICD-10, read v2, and read v3
codes were used for each condition. QALYs are a measure of disease burden, capturing both
the quality of life (through preferences over health states, which, in this context, may be under-
stood as health-related quality of life) and quantity of life [37]. A QALY of 1 indicates a full
year of perfect health, while a QALY of 0 indicates either a time of no quality of life or death.
QALY:s can be negative, implying that death would be preferable to life at a certain time.
Throughout this manuscript, we report the change in the number of QALYs, either in whole
numbers or percentage points, e.g., 0.65% of a QALY, meaning 0.0065 QALYs.

Chronic health conditions were recorded in an individual’s primary care data, HES data, or
both. As only 31% of participants in this study had primary care data, we used multiple impu-
tation by chained equations to predict both QALYs and primary care healthcare costs (N miss-
ing = 214,270, 69%), creating 100 imputed datasets [38]. We also imputed Townsend
deprivation index (N missing = 342, 0.1%) and whether the participant had ever smoked (N
missing = 1,064, 0.3%), as these variables were informative but had some missingness. Further
details are reported in $3.2 Text.

Primary care healthcare costs. We estimated primary care healthcare costs between
recruitment and 31 March 2017 from the primary care data as the sum of the cost of prescribed
drugs and appointments at a GP practice. Briefly, we estimated the cost of prescribed drugs
during follow-up using the NHS electronic drug tariff (November 2019 version), adding the
cost of each prescription (£1.27 in November 2019) to the cost of each drug [39]. In total, we
costed 94% of 29,646,535 prescribed drugs, with the remaining drugs either no longer pre-
scribed (and so not costed, n = 392,801, 1.3%) or unmatched to a price (n = 1,392,091, 4.7%).
We estimated the cost of each appointment at a GP practice during follow-up at £30, an aver-
age of the cost of GP, nurse, and other appointments as we could not distinguish between con-
sultation types from the available data [40]. We did not consider the cost of diagnostic tests.
We divided the total primary care costs by years of follow-up to give the average yearly primary
care healthcare costs for each participant.

Secondary care healthcare costs. We estimated secondary care healthcare (hospital)
costs, in which we converted procedure and diagnosis ICD-10 codes from inpatient episodes
into Healthcare Resource Groups, which are assigned a cost (in 2016/2017 pounds sterling) for
publicly funded NHS hospitals; see Dixon (2019) for more information [41]. The data came
from HES (for English care providers) and from the Patient Episode Database for Wales (for
Welsh providers). Inpatients are those admitted to hospital and who occupy a hospital bed but
need not necessarily stay overnight and does not include emergency care or outpatient
appointments. We had follow-up data from baseline to 31 March 2015 for secondary care
healthcare for all participants in this study. We estimated healthcare costs for those registered
in England and Wales only, as the basis for remunerating hospitals in Scotland is different and
cannot be combined with data from the other 2 countries [42].

We estimated the secondary care healthcare cost for each participant between recruitment
and 31 March 2015, then divided by the years of follow-up to give the average secondary care
healthcare cost per year of follow-up. Secondary care costs were therefore averaged over 2
fewer years than primary care costs. We increased the value of secondary care healthcare costs
by 4.84% to reflect inflation between 2016/2017 and November 2019, using data from the NHS
cost inflation index, with April to November 2019 inflation estimated at the average annual
inflation in the previous 4 years accrued over 8 months [43].

Total healthcare costs. We combined the average yearly primary and secondary care
healthcare costs for each person to estimate total NHS-based healthcare costs from inpatient
hospital care episodes, primary care appointments, and primary care drug prescriptions. These
costs exclude emergency care, outpatient appointments, and private healthcare undertaken in
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private facilities (private healthcare received in NHS hospitals is included), in addition to diag-
nostic tests, but still represent a substantial proportion of healthcare costs in England and
Wales. Including these other costs would likely increase the size of our effect estimate but
would not alter the direction of the effect.

Main analysis

We used mendelian randomisation to estimate the causal effect of BMI on QALYs and total
healthcare costs per year using the PRS for BMI as an instrumental variable, with age at base-
line assessment, sex, UK Biobank recruitment centre, and 40 genetic principal components as
covariates. We used the ivreg2 package in Stata (version 15.1) with robust standard errors and
tested for weak instrument bias (using F statistics) to assess whether the PRS for BMI was suffi-
ciently associated with measured BMI [44]. This mendelian randomisation analysis estimates
the mean difference in the outcomes using an additive structural mean model [45-47], inter-
preted as the average change in each outcome caused by a 1-kg/m? increase in BMI over all
participants. We multiplied the results for QALY's by 100 to give the percentage of a QALY
changed per unit increase in BMIL

Comparison with multivariable regression approach. We compared the mendelian ran-
domisation estimates with estimates from conventional multivariable linear regression for
QALYs and healthcare costs, with age, sex, recruitment centre, and 40 genetic principal com-
ponents as covariates. We performed endogeneity (Hausman) tests [48], in which a low P
value indicates that there was evidence the mendelian randomisation and multivariable effect
estimates were different.

Sensitivity analyses

§3.3 Text details full methods for all sensitivity analyses.

In brief, we conducted sensitivity analyses to test the mendelian randomisation assumption
of no pleiotropy (i.e., that the genetic variants for BMI only affect each outcome through BMI)
using summary data for each SNP in the BMI PRS, comprising inverse-variance weighted
(IVW), MR Egger (an indicator of directional pleiotropy), weighted median, weighted mode,
and simple mode analyses [49-51]. A low P value in the MR Egger constant would indicate
evidence of pleiotropy.

We also reran the main analysis stratified by age group (40 to 49, 50 to 54, 55 to 59, 60 to
64, and 65+ years) and by the World Health Organization BMI categories (normal weight,
overweight, and obese) [34] to test and account for both nonlinearity and a potential interac-
tion between age and BMI in the main effect estimates. We then used nonlinear mendelian
randomisation to estimate the precise shape of the associations between BMI, QALYs, and
healthcare costs [52,53]. Additionally, we conducted within-family mendelian randomisation
to assess whether there was evidence that family structure biased estimates from the main anal-
ysis because nontransmitted genetic variants from parents may influence a child’s individual
healthcare costs and QALYs in later life [54,55].

We tested whether accounting for prediction uncertainty in QALYs made a material differ-
ence to the precision of the main analysis estimates of BMI on QALYs.

Finally, to test whether decision analytic simulation models incorporate enough health con-
ditions to accurately estimate the effect of BMI on QALYs, we estimated whether including
only limited health conditions (cancer, cardiovascular disease, cerebrovascular disease, and
type 2 diabetes) in the prediction of QALY had a substantial impact on the estimated effect of
BMI on QALYs.
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Policy analyses

$3.4 Text details full methods for all policy analyses; $3.5 Text details a worked example of
analysis d.

Briefly, we used the results from the mendelian randomisation analyses stratified by age
and BMI categories, as well as data and parameter estimates from other studies, to estimate the
effect of each of the following on QALYs and healthcare costs for the population aged 40 to 69
years of England and Wales in 2017 (21.7 million adults):

a. the effect of laparoscopic bariatric surgery in people with a BMI above 35 kg/m?
b. the effect of restricting volume promotions for HFSS foods;
c. the effect of the increase in BMI between 1993 and 2017; and

d. the effect of having the BMI profile of England and Wales in 2017 versus a hypothetical pro-
file where no one has a BMI above 25 kg/m”.

In example a, we estimated the net monetary benefit of laparoscopic bariatric surgery as com-
pared to no intervention over 20 years at a cost-effectiveness threshold of £20,000 per QALY and
a discount rate for both QALY's and costs of 3.5% per year. We estimated that there were
2,741,556 people (12.6%) aged 40 to 69 years with a BMI of 35 kg/m* or above in England and
Wales in 2017. We assumed laparoscopic bariatric surgery reduced BMI by 25% (95% confidence
interval [CI]: 22% to 28%) consistently over 20 years [56,57], and cost £9,549 [58]. In example b,
we estimated the net monetary benefit of restricting volume promotions for HFSS foods as com-
pared to no intervention over 1 year at a cost-effectiveness threshold of £20,000 per QALY. We
assumed that the intervention reduced caloric intake by 11 to 14 calories per day, that weight is
reduced by 0.042 kg per 1 fewer calorie consumed per day [59,60], and that the intervention had
no cost. In example ¢, we estimated the change in QALY and total healthcare costs each year for
the change in BMI between 1993 and 2017, and in example d, we estimated the effect of over-
weight and obesity on QALYs and total healthcare costs each year. We estimated that there were
15,565,145 people (72%) in England and Wales in 2017 with a BMI above 25 kg/m”.

We used data from the Health Survey for England in 1993 and 2017 to inform our estimates
of the BMI distribution of people in England and Wales [1,2], and data from the Office of
National Statistics to inform the age distribution in 2017 [61]. We defined the net monetary ben-
efit as the change in QALYs due to the intervention multiplied by a cost-effectiveness threshold
(£20,000), minus the change in healthcare costs due to the intervention and the cost of the inter-
vention, including from complications for bariatric surgery for that particular intervention.

Patient and public involvement

This study was conducted using UK Biobank. Details of patient and public involvement in the
UK Biobank are available online (www.ukbiobank.ac.uk/about-biobank-uk/). No patients
were specifically involved in setting the research question or the outcome measures, nor were
they involved in developing plans for recruitment, design, or implementation of this study. No
patients were asked to advise on interpretation or writing up of results. There are no specific
plans to disseminate the results of the research to study participants, but the UK Biobank dis-
seminates key findings from projects on its website.

Results

In total, we included 310,913 unrelated white British participants from England and Wales in
the analysis. These participants had a mean age of 56.9 years (standard deviation (SD) = 8.0
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years), mean BMI of 27.4 kg/m? (SD = 4.8 kg/m>), a mean follow-up time of 8.1 years

(SD = 0.8 years) for primary care healthcare costs and HES data, a mean follow-up time of 6.1
years (SD = 0.8 years) for secondary care healthcare costs, and 10,519 participants died during
follow-up (3.4%); see Table 2. The median QALY per person per year from the 100 imputed
datasets was 0.78 (interquartile range (IQR) = 0.65 to 0.89), compared with 0.97 (IQR = 0.87 to
0.99) based on the HES data alone (nonimputed), reflecting incomplete information on
chronic healthcare conditions in HES data. The median total healthcare cost per person per
year was £601 (IQR = £212 to £1,217), the median primary care healthcare cost per year was
£375 (IQR = £128 to £738), and the median secondary care healthcare cost per year was £88
(IQR = £0 to £494). All cost outcomes were positively skewed.

Main analysis

We estimated in the mendelian randomisation analysis that a 1-kg/m” increase in BMI caused
areduction of 0.65% of a QALY per year (95% CI: 0.49% to 0.81%, P value = 1.2 x 10 ) and a
£42.23 increase in total healthcare costs per year (95% CI: £32.95 to £51.51, P

value = 4.5 x 107).

Comparison with multivariable regression approach. The multivariable adjusted analy-
ses were consistent with the mendelian randomisation analyses, with median P values for endo-
geneity from imputed datasets 0.31 and 0.52 for QALY and total healthcare costs respectively
(Table 3). There was no evidence of weak instrument bias (the F statistic was 5,168). Figs 2 and
3 show both the mendelian randomisation and multivariable adjusted estimates, for the main
analysis, and stratified by sex, BMI category, and age category (see Sensitivity analyses).

Sensitivity analyses

Full results from all sensitivity analyses are in S4 Text.

Table 2. Summary demographics of UK Biobank.

Variable All Men Women

N 310,913 144,032 166,881

Age at recruitment, years [Mean (SD)] 56.9 (7.99) 57.1(8.10) 56.7 (7.90)
BMI, kg/m* [Mean (SD)] 27.4 (4.75) 27.8 (4.22) 27.0 (5.13)
Years of follow-up [Mean (SD)] 8.1 (0.80) 8.1 (0.80) 8.1 (0.80)
Participants with complete primary care data [N | 96,331 (30.98) 44,671 (31.01) 51,660 (30.96)
(%)]

Death before 31 March 2017 [N (%)] 10,519 (3.38) 6,447 (4.48) 4,072 (2.44)
Qualification: None [N (%)] 54,874 (17.65) 25,340 (17.59) 29,534 (17.70)
Qualification: A levels, O level, GCSE, or CSE [N | 122,971 (39.55) 51,475 (35.74) 71,496 (42.84)
(%)]

Qualification: NVQ or other [N (%)] 36,288 (11.67) 19,873 (13.80) 16,415 (9.84)
Qualification: College or university degree [N 96,780 (31.13) 47,344 (32.87) 49,436 (29.62)

(%)]

Average QALY per year (predicted) [Median 0.78 (0.65 to 0.89) 0.78 (0.65 to 0.89) 0.78 (0.65 to 0.88)

(IQR)J*

Annual total healthcare costs [Median (IQR)]* £601 (£212 to £605 (£206 to £596 (£216 to
£1,217) £1,240) £1,199)

*Results from imputed data, median, and IQR are the medians of the 100 imputed medians/IQRs.
BMI, body mass index; IQR, interquartile range; N, number of participants; QALYs, quality-adjusted life years; SD,

standard deviation.

https://doi.org/10.1371/journal.pmed.1003725.t002
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Table 3. Results from the main mendelian randomisation analysis.

Outcome Main MR Analysis Multivariable Adjusted Analysis P value for Endogeneity
Beta (95% CI) P value Beta (95% CI) P value
QALYs per year —0.65% (—0.81% to —0.49%) | 1.2 x 107*° —0.71% (-0.73% to —0.69%) | <1 x 1073 0.31
Total healthcare costs per year £42.23 (£32.95 to £51.51) 45%x 107" £39.40 (£38.19 to £40.61) <1x107%% 0.52

Both analyses adjusted for age, sex, recruitment centre, and 40 genetic principal components.
Beta, effect estimate (beta coefficient) from analysis; CI, confidence interval; MR, mendelian randomisation; QALYs, quality-adjusted life years.

Results for QALY are expressed as percentage points, e.g., 0.65% is equivalent to 0.0065 QALYs.

https://doi.org/10.1371/journal.pmed.1003725.t003

Briefly, from the summary mendelian randomisation sensitivity analyses, we found little
evidence of pleiotropy in the mendelian randomisation estimates, but evidence of heterogene-
ity in SNP effects using Cochran’s Q value (S3 Table).

We found little difference between the effect estimates when analysing men and women sep-
arately; S1-S19 Tables have results split by sex. However, we found strong evidence of nonline-
arity in the effect of BMI on QALYs, where the effect of the same increase in BMI on QALY
was higher in overweight and obese participants than normal weight participants. There was lit-
tle evidence of the same nonlinearity for total healthcare costs, although this may be due to a
lack of power to detect the effects; see Figs 4 and 5 and S4 and S7 Tables. Additionally, we
found evidence for an interaction between BMI and age for both QALY and total healthcare
costs, where the effect of a unit increase in BMI increased as age increased (S5 Table). These
results indicate that accounting for sex is not necessary when applying these results to cost-
effectiveness analyses, but accounting for age and nonlinearity of the BMI effect is necessary.

The within-family mendelian randomisation analysis estimate for QALYs was very similar
to the main analysis estimate but was smaller for total healthcare costs, though both estimates
were far less precise (S8 Table). Accounting for the uncertainty in the QALY predictions
increased the standard errors of both effect estimates, but not substantially, and did not change
the effect estimates (S9 Table).

Predicting QALYs using a limited number of health conditions, as is often done in decision
analytic simulation models, drastically reduced the estimated effect of BMI on QALYs, from
—0.65% of a QALY (95% CI: —0.49% to —0.81%) to a reduction of 0.16% of a QALY (95% CI:
0.10% to 0.22%) per 1-kg/m” increase in BML. This indicates that BMI affects more health condi-
tions than just cancer, cardiovascular disease, cerebrovascular disease, and type 2 diabetes, and
these other conditions have a considerable impact on health-related quality of life (S10 Table).

Policy analyses

Cost-effectiveness of laparoscopic bariatric surgery. We estimated that 2,741,556 people
in England and Wales had a BMI above 35 kg/m” in 2017. Compared to no intervention, over
20 years for each person receiving laparoscopic bariatric surgery we estimated that QALY's
would increase by 0.92 (95% CI: 0.66 to 1.17), total healthcare costs would decrease by £5,096
(95% CI: £3,459 to £6,852), and the net monetary benefit (at £20,000 per QALY and £9,549 per
intervention) would be £13,936 (95% CI: £8,112 to £20,658). Therefore, laparoscopic bariatric
surgery is very likely to be cost-effective over 20 years for people with BMI of 35 kg/m?* aged 40
to 69 years in England and Wales. Multivariable adjusted estimates were larger for QALYs and
similar for costs, both with greater precision. Full results are in S11 and S12 Tables.

Cost-effectiveness of restricting volume promotions for high fat, sugar, and salt (HFSS)
products. We estimated that restricting volume promotions for HFSS products would, across
21 million adults in England and Wales, increase QALYs by 20,551 per year (95% CI: 15,335 to
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Fig 2. MR estimates for QALYs per year. Forest plot showing the estimated effect of a unit increase in BMI on average QALYs per year for the main MR, sex-
specific, BMI categorical (where “Normal” is a BMI below 25 kg/m?, “Overweight” is a BMI between 25 kg/m” and 30 kg/m?, and “Obese” is a BMI of above 30 kg/
m?) and age categorical analyses. Effect estimates are indicated by squares, 95% Cls by horizontal lines around the squares. Effect estimates are derived from the main
imputation model (for all and sex-specific estimates) or the categorical imputation model (for BMI and age category-specific estimates). Both analyses adjusted for
age, sex, recruitment centre, and 40 genetic principal components. BMI, body mass index; CI, confidence interval; MR, mendelian randomisation; QALY, quality-
adjusted life year.

https://doi.org/10.1371/journal.pmed.1003725.9002

25,301), decrease total healthcare costs by £137 million per year (95% CI: £106 million to £170
million), and would have a net monetary benefit (at £20,000 per QALY and no intervention
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Fig 3. MR estimates for total healthcare costs per year. Forest plot showing the estimated effect of a unit increase in BMI on average total healthcare costs per year

for the main MR, sex-specific, BMI categorical (where “Normal” is

a BMI below 25 kg/m?, “Overweight” is a BMI between 25 kg/m” and 30 kg/m”, and “Obese” is a

BMI of above 30 kg/m?) and age categorical analyses. Effect estimates are indicated by squares, 95% Cls by horizontal lines around the squares. Effect estimates are
derived from the main imputation model (for all and sex-specific estimates) or the categorical imputation model (for BMI and age category-specific estimates). Both
analyses adjusted for age, sex, recruitment centre, and 40 genetic principal components. BMI, body mass index; CI, confidence interval; MR, mendelian

randomisation.

https://doi.org/10.1371/journal.pmed.1003725.9003

cost) of £546 million per year (95% CI: £435 million to £671 million). The intervention would
therefore almost certainly be cost effective, relative to doing nothing. Multivariable adjusted
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Fig 4. The estimated effect of 1-kg/m” increase in BMI on QALYs per year, across BMI levels. A positive value
indicates an increase in BMI would increase QALYs, and vice versa. An increase in BMI is beneficial to QALYs up to
around 22 kg/m?, then becomes increasingly detrimental until the effect plateaus in overweight and remains relatively
steady in obesity. The BMI thresholds of 25 kg/m? (overweight) and 30 kg/m? (obese) are represented with dashed red
lines. The green shaded area represents the 95% CI of the estimated effect. Effect estimates are derived from the
nonlinear imputation model. BMI, body mass index; CI, confidence interval; QALY, quality-adjusted life year.

https://doi.org/10.1371/journal.pmed.1003725.9004

estimates were larger for QALYs and similar for costs, both with greater precision. Full results
are in S13 and S14 Tables.
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Fig 5. The effect of 1-kg/m” increase in BMI on total healthcare costs per year, across BMI levels. A positive value
indicates that an increase in BMI would increase total healthcare costs, and vice versa. Due to the uncertainty in the
estimates, there is little statistical evidence of nonlinearity in the effect of BMI on total healthcare costs, though
descriptively, it appears that a 1-kg/m? increase in BMI has a smaller effect on costs in the normal weight category, and
alarger effect in overweight and obesity. The BMI thresholds of 25 kg/m* (overweight) and 30 kg/m” (obese) are
represented with dashed red lines. The green shaded area represents the 95% CI of the estimated effect. Effect estimates
are derived from the nonlinear imputation model. BMI, body mass index; CI, confidence interval.

https://doi.org/10.1371/journal.pmed.1003725.9005
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Estimation of the effect of the population change in BMI between 1993 and 2017.

Mean BMI increased from 26.7 kg/m” to 28.6 kg/m” between 1993 and 2017 in people aged
between 40 and 69 years in England and Wales. The rise in BMI was more pronounced in peo-
ple with obesity than people with a normal weight; see S15 Table.

We estimated that between 1993 and 2017, across 21 million adults in England and Wales,
the increase in BMI led to an average decrease in QALY of 1.13% of a QALY per person per
year (95% CI: 0.90% to 1.38%), or a decrease of 246,390 QALYs in total per year (95% CI:
196,231 to 300,481) and an increase in total healthcare costs of £69 per person per year (95%
CI: £53 to £84), or £1.50 billion in total per year (95% CI: £1.15 billion to £1.82 billion), giving
a combined cost (at £20,000 per QALY) of £312 per person per year (95% CI: £235 to £347), or
£6.39 billion (95% CI: £5.12 billion to £7.54 billion). This indicates that an intervention, which
could reduce the BMI of the population of England and Wales to 1993 levels, would likely be
cost effective if it cost less than £5.12 billion per year. Multivariable adjusted estimates were
larger for QALY and similar for costs, both with greater precision. Full results are in S16 and
S17 Tables.

The cost of being overweight and obese in 2017. We estimated that, compared to if all
people with a BMI above 25 kg/m” aged 40 to 69 years in England and Wales in 2017 had a
BMI of 25 kg/m?, the current BMI profile of England and Wales decreases QALYs by 3.73% of
a QALY per person with a BMI above 25 kg/m” per year (95% CI: 2.94% to 4.61%), or a
decrease of 580,494 QALYs in total per year (95% CI: 457,907 to 717,691), and increases total
healthcare costs by £230 per person per year (95% CI: £176 to £279), or £3.58 billion in total
per year (95% CI: £2.75 billion to £4.34 billion), giving a combined cost (at £20,000 per QALY)
of £973 per person per year (95% CI: £773 to £1160), or £15.1 billion (95% CI: £12.0 billion to
£18.1 billion). Multivariable adjusted estimates were larger for QALYs and similar for costs,
both with greater precision. Full results are in S18 and S19 Tables.

Discussion

In this study, we have shown that cost-effectiveness of clinical and policy interventions can be
estimated using mendelian randomisation. We estimated the effect of a unit increase in BMI
on average QALYs and total healthcare costs per year in UK Biobank, which showed that
increasing BMI is detrimental to both QALY's and healthcare costs. The effect of an increase
BMI on healthcare costs and QALYs was relatively stable for BMI values above 25 kg/m?,
implying that the expected effect of a change in BMI is very similar whether a person has a
BMI considered overweight or obese. We used these estimates to show that bariatric surgery
and the restriction of volume promotions for HFSS products are likely cost-effective relative to
a “no intervention” comparator (net monetary benefit of £13,936 over 20 years) and estimated
the costs of the increase to BMI over time (a decrease of 1.13% of a QALY and increase of £69
of annual healthcare costs per person) and having a BMI above 25 kg/m? in 2017 (a decrease of
3.73% of a QALY and increase of £230 of annual healthcare costs per person).

We have demonstrated how mendelian randomisation can be useful for estimating the
impact on quality of life and healthcare costs of either an exposure or intervention that is diffi-
cult, unethical, or impossible to randomise (e.g., smoking, alcohol intake), or for interventions
where long-term cost-effectiveness evidence from RCTs is rare or not generalisable (e.g., bar-
iatric surgery). While in this study the conventional multivariable adjusted estimates not using
genetic information were mostly similar to the mendelian randomisation estimates, this could
be due to larger uncertainty in the mendelian randomisation estimates, and there is no guaran-
tee that other exposures will be similar. We have also shown that considering more health con-
ditions than cancer, cardiovascular disease, cerebrovascular disease, and type 2 diabetes
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considerably increases the estimated effect of BMI on QALYs and healthcare costs, that laparo-
scopic bariatric surgery is likely to be cost-effective, and that the costs of population-level
changes in BMI can be substantial.

Previous studies examining the cost-effectiveness of interventions for obesity have used
RCTs [9], cohorts [10-13], and decision analytic and related simulation models [10,12,14-18].
These studies estimated the impact on QALYs and the total healthcare cost of different inter-
ventions, such as bariatric surgery, and thus estimated whether the intervention was likely to
be cost-effective. Relative to existing methods, mendelian randomisation has longer follow-up,
is less expensive and quicker, combines a more comprehensive set of outcomes, and is less
likely to suffer from confounding and reverse causation. However, the disadvantages to men-
delian randomisation for cost-effectiveness analysis are that it requires larger sample sizes, and
we cannot be certain that the effects of lifelong changes in BMI due to genetics will be compa-
rable to changes induced by interventions. These relative strengths and limitations of the dif-
ferent approaches are summarised in Table 1.

Strengths and limitations

The estimates of the effect of BMI on QALY and costs from mendelian randomisation are
likely less biased by confounding and reverse causation than either cohort studies or decision
analytic simulation models using observational effect estimates [20]. UK Biobank has many
participants with comprehensive information about costs and disease states over many years.
While the corresponding conventional multivariable adjusted estimates were generally consis-
tent with the mendelian randomisation estimates for all outcomes, the mendelian randomisa-
tion estimates showed some detrimental effect of increasing BMI even in participants with
BMI close to the top end of the normal weight category, while the conventional estimates did
not, which could reflect bias in the conventional estimates.

This method of estimating the effect of a risk factor on QALYs and costs can be extended to
other risk factors with causal genetic components and also provide evidence for the causal
effects of health conditions on healthcare costs and QALYs. This may be useful for health con-
ditions that are strongly influenced by risk factors that affect other health conditions where the
effect of the condition would otherwise be confounded by the risk factor, such as cardiovascu-
lar disease.

However, mendelian randomisation relies on assumptions that cannot be proven [20], as is
the case with all types of instrumental variable analysis and other forms of observational policy
evaluation. There was evidence for heterogeneity between SNPs for all outcomes, though in
general, the summary mendelian randomisation sensitivity estimates were consistent with the
main estimates, and there was little evidence of directional pleiotropy from the MR Egger
regression. As the outcomes were not biological, the exclusion restriction assumption (i.e., that
any genetic variant affects the outcome only through the exposure) may not hold for all the
genetic variants (i.e., that the genetic variant affects the outcome only through the exposure).

These estimates represent a lifetime exposure to a genetic influence on BMI and thus can-
not be interpreted directly as the expected effect of an intervention at a specific age. In general,
as the age at which a person received an intervention increases, the effect estimates would
likely reduce. This is because the mechanisms by which BMI affects health may be cumulative
over time, and so even if BMI were lowered in older age, some residual detrimental effect of
previously high BMI may remain. It is therefore likely that our estimates of the impact of BMI
on costs and QALYs are best applied to population level interventions that aim to reduce BMI
across all age groups. This limitation is also present in decision analytic simulation models of
cost-effectiveness, though not RCTs or cohort studies. Our estimates may also underestimate
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the true effect as people in England and Wales now may have had larger BMI values earlier in
life than previously, increasing the length of exposure to obesity. It is also the case that the
mendelian randomisation estimates may be fully representative of interventions that target
BMI, as these interventions will typically target more than just a change in BMI, including
exercising more or improving diets. Therefore, the generalisability of our results to interven-
tions for BMI will depend on how comparable the intervention is to causing a genetically
determined difference in BML

For all policy examples, we require the stable unit treatment value assumption for causal
inference; this assumption requires that genetic change in BMI is equivalent to a change in BMI
by other means, e.g., by bariatric surgery or reducing caloric intake of HESS foods. This
assumption is not testable. Mendelian randomisation analyses can also be interpreted as esti-
mates of a “local average treatment effect,” by assuming that changes in the genetic variants
affecting BMI affect all participants in UK Biobank in the same direction (monotonicity). This
assumption also cannot be tested, and deviations from monotonicity could bias effect estimates.

The analyses accounting for QALY prediction error were consistent with the main analysis,
although less precise. We predicted QALY's using data from Sullivan and colleagues [36], as
QALYs have not been previously estimated in UK Biobank. While these data are applicable to
a UK population, this method only captures health-related quality of life, and, therefore, our
QALY estimates do not include any non-health-related determinants of quality of life. This
was unavoidable given the data available in UK Biobank, where only linked healthcare data
were available beyond baseline (excepting the relatively small amount of data from follow-up
visits): Future studies repeatedly measuring quality of life directly may therefore provide more
robust effect estimates. We also had to impute primary care costs and QALYs as only a limited
section of UK Biobank had primary care data, which limited statistical power but were unlikely
to have biased the results; rather, the complete case analysis would likely have been biased
results, since the distribution of GP software systems allowing linkage of primary care data is
unlikely to be random.

The healthcare costs were estimated from observed hospital episodes, drug prescriptions,
and appointments from primary care. Follow-up was 2 years shorter for secondary care costs
than primary care costs, but as we averaged the costs, this should not have materially affected
the results. Additionally, we did not capture all healthcare costs as we did not have access to
private healthcare costs not incurred in NHS settings, or data for emergency care or outpatient
appointments (which are not linked to the UK Biobank cohort), and did not consider the cost
of diagnostic tests in primary care, likely therefore underestimating the total cost of increasing
BMI. In contrast, participants in UK Biobank may have different access to healthcare than the
country on average, which may have biased our estimates of the effect of BMI on costs. Finally,
BMI may have interacted with the use of both state and private healthcare, potentially biasing
the results in either direction.

In the policy analyses, we made several assumptions: that bariatric surgery had no effects on
QALYs through anything other than its effect on BMI, including no perioperative mortality or
side effects (though complications of bariatric surgery on total healthcare costs up to 5 years
were included in the cost of surgery); that the estimated BMI reduction from bariatric surgery
would be maintained over 20 years; and that both UK Biobank and the Health Survey for
England were representative of the population of England and Wales. These assumptions
appear justifiable, as the average effect of bariatric surgery on QALYs over 20 years is likely rel-
atively low, bariatric surgery has shown a consistent reduction in BMI up to 20 years [56,57],
and the Health Survey for England is nationally representative [1,2].

However, despite its size, UK Biobank is not representative of the UK population as partici-
pants tend to be wealthier and healthier compared to the country on average [62]. It therefore
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likely that we have underestimated the true costs of BMI, as wealthier and healthier people
may be more resistant to any detrimental effects of increased BMI. As obesity is more common
in lower socioeconomic groups [63], our results suggest that obesity may be causally related to
inequalities in quality of life.

Although mendelian randomisation is likely to be less affected by confounding and reverse
causality than conventional multivariable adjusted analyses, an important potential source of
bias in these analyses is family-level effects. Recent evidence suggests that assortative mating
and dynastic effects can lead to bias in mendelian randomisation effect estimates [54], though
within-family mendelian randomisation studies can account for some of these biases. Our
within-family sensitivity analyses showed that the effect of BMI on QALY was consistent with
the main analysis, though the effect of BMI on total healthcare costs was reduced. However,
statistical power was limited in these analyses, and confidence intervals were wide. Addition-
ally, there is evidence of a geographic structure in the UK Biobank genotype data that cannot
be accounted for using adjustment for principal components, which may also have biased our
analyses [64].

Conclusions

Mendelian randomisation can be used to estimate the effect of an exposure on quality of life
and healthcare costs. We used this approach to estimate the cost-effectiveness of interventions
aimed at reducing BMI, all of which we estimated were likely to be cost-effective, and found
that the effect of increasing BMI on health-related quality of life may be larger than previously
thought, as decision analytic simulation models may underestimate the effect of BMI on
QALYs by using only limited health conditions are intermediates.

This approach could be especially useful where it is difficult, unethical, or impossible to ran-
domise participants to an exposure such as obesity or for prevalent behaviours with adverse
health impacts such as smoking or alcohol use, or where RCT evidence is rare for an interven-
tion. Results from such studies are likely of benefit to both policy and the NHS. In future stud-
ies, we will use this method to assess the costs of different risk factors for poor health.

Supporting information

S1 Text. Description of studies estimating the cost-effectiveness of interventions.
(DOCX)

S2 Text. Inclusion criteria and genotyping. Fig A in S2 Text. Flow chart for study inclusion/
exclusion.
(DOCX)

§3 Text. Supplementary methods, including 3.1: Estimation of health-related quality of life,
3.2: Dealing with missing data, 3.3: Sensitivity analyses, 3.4: Policy analyses, and 3.5: Worked
example of a policy analysis.

(DOCX)

$4 Text. Sensitivity analyses: Results. Fig A in $4 Text. The estimated effect of a 1-kg/m?
increase in BMI on average QALY per year for each quantile of PRS-free BMI. The solid
green line indicates the trend line using cubic variance-weighted least squares. The dashed
navy lines indicate the PRS-free BMI category specific estimates from the main mendelian ran-
domisation analysis. The effect estimate for each quantile and its 95% CI is represented by the
blue points and red vertical lines. BMI, body mass index; CI, confidence interval; PRS, poly-
genic risk score; QALY, quality-adjusted life year. Fig B in S4 Text. The estimated effect of a
1-kg/m? increase in BMI on average total healthcare cost per year for each quantile of PRS-free

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1003725  August 27, 2021 18/24


http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s001
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s002
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s003
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s004
https://doi.org/10.1371/journal.pmed.1003725

PLOS MEDICINE

Long-term cost-effectiveness of interventions for obesity

BMI. The solid green line indicates the trend line using cubic variance-weighted least squares.
The dashed navy lines indicate the PRS-free BMI category specific estimates from the main
mendelian randomisation analysis. The effect estimate for each quantile and its 95% CI is rep-
resented by the blue points and red vertical lines. BMI, body mass index; CI, confidence inter-
val; PRS, polygenic risk score; QALY, quality-adjusted life year.

(DOCX)

S1 STROBE Checklist. STROBE Checklist.
(DOCX)

S1 Table. SNPs used in the BMI PRS.
(XLSX)

$2 Table. Medical condition HES and primary care codes. All ICD 9, ICD 10, Read 2, and
Read 3 codes used to code the 240 included medical conditions in UK Biobank HES and pri-
mary care data. Codes and medical conditions used in sensitivity analysis f are listed (cancer,
cardiovascular disease, cerebrovascular disease, and type 2 diabetes).

(XLSX)

S3 Table. Summary MR analysis results (sensitivity analysis a).
(XLSX)

$4 Table. Main mendelian randomisation and multivariable adjusted analysis results,

including results by sex, and age and BMI categories (sensitivity analyses b and c).
(XLSX)

S5 Table. Age interaction mendelian randomisation and multivariable adjusted analysis
results (sensitivity analysis b).
(XLSX)

S6 Table. BMI quantile results: Results from the PRS-free BMI quantile mendelian rando-
misation and multivariable adjusted analyses used to inform the nonlinear analyses (sensi-
tivity analysis d).

(XLSX)

S7 Table. Nonlinear BMI results: Results from the nonlinear mendelian randomisation
and multivariable adjusted analyses (sensitivity analysis d).
(XLSX)

S8 Table. Within-family mendelian randomisation and multivariable adjusted analysis
results (sensitivity analysis e).
(XLSX)

S9 Table. Results from mendelian randomisation and multivariable adjusted analyses
accounting for uncertainty in the QALY predictions, both accounting for death and not
accounting for death (sensitivity analysis f).

(XLSX)

$10 Table. Results from mendelian randomisation and multivariable adjusted analyses
only including limited health conditions (cancer, cardiovascular disease, cerebrovascular
disease, and type 2 diabetes) in the estimation of QALYs (sensitivity analysis g).

(XLSX)

S11 Table. Results for the cost effectiveness of laparoscopic bariatric surgery (total popula-
tion of 2,741,556 people in England and Wales with a BMI of above 35 kg/m”) using

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1003725  August 27, 2021 19/24


http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s005
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s006
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s007
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s008
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s009
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s010
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s011
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s012
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s013
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s014
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s015
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s016
https://doi.org/10.1371/journal.pmed.1003725

PLOS MEDICINE

Long-term cost-effectiveness of interventions for obesity

mendelian randomisation and multivariable adjusted estimates (Policy Analysis a).
(XLSX)

$12 Table. Results for the cost-effectiveness of laparoscopic bariatric surgery (per person
in England and Wales with a BMI of above 35 kg/m?) using mendelian randomisation and
multivariable adjusted estimates (Policy Analysis a).

(XLSX)

$13 Table. Results for the cost-effectiveness of restricting volume promotions on high fat,
salt, and sugar products (total population of 21,742,497 people aged 40 to 69 years in
England and Wales) using mendelian randomisation and multivariable adjusted estimates
(Policy Analysis b).

(XLSX)

S$14 Table. Results for the cost-effectiveness of restricting volume promotions on high fat,
salt, and sugar products (per person aged 40 to 69 years in England and Wales) using men-
delian randomisation and multivariable adjusted estimates (Policy Analysis b).

(XLSX)

S15 Table. Estimates of the change in mean BMI between 1993 and 2017 using data from
the Health Survey for England.
(XLSX)

$16 Table. Results for the estimation of the effect of the population change in BMI between
1993 and 2017 (total population of 21,742,497 people aged 40 to 69 years in England and
Wales) using mendelian randomisation and multivariable adjusted estimates (Policy Anal-
ysis c).

(XLSX)

$17 Table. Results for the estimation of the effect of the population change in BMI between
1993 and 2017 (per person aged 40 to 69 years in England and Wales) using mendelian
randomisation and multivariable adjusted estimates (Policy Analysis c).

(XLSX)

$18 Table. Results for the estimation of the cost of being overweight (BMI > 25 kg/m?)
(total population of 21,742,497 people aged 40 to 69 years in England and Wales) using
mendelian randomisation and multivariable adjusted estimates (Policy Analysis d).
(XLSX)

$19 Table. Results for the estimation of the cost of being overweight (BMI > 25 kg/m?)
(per person aged 40 to 69 years in England and Wales) using mendelian randomisation
and multivariable adjusted estimates (Policy Analysis d).

(XLSX)

Acknowledgments

This research has been conducted using the UK Biobank Resource under Application Number
29294. Quality Control filtering of the UK Biobank data was conducted by R. Mitchell, G.
Hemani, T. Dudding, and L. Paternoster as described in the published protocol (doi: 10.5523/
bris.3074krb6t2frj29yh2b03x3wxj). The MRC IEU UK Biobank GWAS pipeline was developed
by B. Elsworth, R Mitchell, C. Raistrick, L. Paternoster, G. Hemani, and T. Gaunt (doi: 10.
5523/bris.pnoat8cxo0u52p6ynfaekeigi).

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1003725  August 27, 2021 20/24


http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s017
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s018
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s019
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s020
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s021
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s022
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s023
http://journals.plos.org/plosmedicine/article/asset?unique&id=info:doi/10.1371/journal.pmed.1003725.s024
https://doi.org/10.5523/bris.3074krb6t2frj29yh2b03x3wxj
https://doi.org/10.5523/bris.3074krb6t2frj29yh2b03x3wxj
https://doi.org/10.5523/bris.pnoat8cxo0u52p6ynfaekeigi
https://doi.org/10.5523/bris.pnoat8cxo0u52p6ynfaekeigi
https://doi.org/10.1371/journal.pmed.1003725

PLOS MEDICINE

Long-term cost-effectiveness of interventions for obesity

This publication is the work of the authors, who serve as the guarantors for the contents of
this paper.

The lead author (the manuscript’s guarantor) affirms that this manuscript is an honest,
accurate, and transparent account of the study being reported; that no important aspects of the
study have been omitted; and that any discrepancies from the study as planned (and, if rele-
vant, registered) have been explained.

Author Contributions

Conceptualization: Sean Harrison, Padraig Dixon, Hayley E. Jones, Laura D. Howe, Neil M.
Davies.

Data curation: Sean Harrison.
Formal analysis: Sean Harrison.
Funding acquisition: Hayley E. Jones, Alisha R. Davies, Laura D. Howe, Neil M. Davies.

Methodology: Sean Harrison, Padraig Dixon, Hayley E. Jones, Laura D. Howe, Neil M.
Davies.

Software: Sean Harrison, Padraig Dixon.
Supervision: Hayley E. Jones, Neil M. Davies.
Visualization: Sean Harrison.

Writing - original draft: Sean Harrison.

Writing - review & editing: Sean Harrison, Padraig Dixon, Hayley E. Jones, Alisha R. Davies,
Laura D. Howe, Neil M. Davies.

References

1. Office of Population Censuses and Surveys SSD. Health Survey for England, 1993 [Internet]. 2nd ed.
UK Data Service; 1997. Available from: http://doi.org/10.5255/UKDA-SN-3316-1.

2. University College London D of E and PH, (NatCen) NC for SR. Health Survey for England, 2017 [Inter-
net]. 2nd ed. UK Data Service; 2019. Available from: http://doi.org/10.5255/UKDA-SN-8488-2.

3. Kyroul, Randeva HS, Tsigos C, Kaltsas G, Weickert MO. Clinical Problems Caused by Obesity [Inter-
net]. Endotext. 2000. Available from: http://www.ncbi.nlm.nih.gov/pubmed/25905207.

4. Fruh SM. Obesity: Risk factors, complications, and strategies for sustainable long-term weight manage-
ment. J Am Assoc Nurse Pract. 2017; 29:S3-14. https://doi.org/10.1002/2327-6924.12510 PMID:
29024553

5. Guh DP, Zhang W, Bansback N, Amarsi Z, Birmingham CL, Anis AH. The incidence of co-morbidities
related to obesity and overweight: a systematic review and meta-analysis. BMC Public Health. 2009; 9
(1):88. Available from: http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2667420&tool=
pmcentrez&rendertype=abstract. https://doi.org/10.1186/1471-2458-9-88 PMID: 19320986

6. Abdelaal M, le Roux CW, Docherty NG. Morbidity and mortality associated with obesity. Vol. 5, Annals
of Translational Medicine. 2017. https://doi.org/10.21037/atm.2017.03.107 PMID: 28480197

7. PicotJ, Jones J, Colquitt JL, Gospodarevskaya E, Loveman E, Baxter L, et al. The clinical effectiveness and
cost-effectiveness of bariatric (weight loss) surgery for obesity: A systematic review and economic evalua-
tion. Vol. 13, Health Technology Assessment. 2009. https://doi.org/10.3310/hta13410 PMID: 19726018

8. HM Treasury. Soft Drinks Industry Levy comes into effect [Internet]. 2018 [cited 2020 Mar 3]. Available
from: https://www.gov.uk/government/news/soft-drinks-industry-levy-comes-into-effect.

9. Hollingworth W, Hawkins J, Lawlor DA, Brown M, Marsh T, Kipping RR. Economic evaluation of lifestyle
interventions to treat overweight or obesity in children. Int J Obes (Lond). 2012; 36(4):559-66. https:/
doi.org/10.1038/ij0.2011.272 PMID: 22249222

10. Gulliford MC, Charlton J, Prevost T, Booth H, Fildes A, Ashworth M, et al. Costs and Outcomes of Increas-

ing Access to Bariatric Surgery: Cohort Study and Cost-Effectiveness Analysis Using Electronic Health
Records. Value Health. 2017; 20(1):85-92. https://doi.org/10.1016/j.jval.2016.08.734 PMID: 28212974

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1003725  August 27, 2021 21/24


http://doi.org/10.5255/UKDA-SN-3316-1
http://doi.org/10.5255/UKDA-SN-8488-2
http://www.ncbi.nlm.nih.gov/pubmed/25905207
https://doi.org/10.1002/2327-6924.12510
http://www.ncbi.nlm.nih.gov/pubmed/29024553
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2667420&tool=pmcentrez&rendertype=abstract
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=2667420&tool=pmcentrez&rendertype=abstract
https://doi.org/10.1186/1471-2458-9-88
http://www.ncbi.nlm.nih.gov/pubmed/19320986
https://doi.org/10.21037/atm.2017.03.107
http://www.ncbi.nlm.nih.gov/pubmed/28480197
https://doi.org/10.3310/hta13410
http://www.ncbi.nlm.nih.gov/pubmed/19726018
https://www.gov.uk/government/news/soft-drinks-industry-levy-comes-into-effect
https://doi.org/10.1038/ijo.2011.272
https://doi.org/10.1038/ijo.2011.272
http://www.ncbi.nlm.nih.gov/pubmed/22249222
https://doi.org/10.1016/j.jval.2016.08.734
http://www.ncbi.nlm.nih.gov/pubmed/28212974
https://doi.org/10.1371/journal.pmed.1003725

PLOS MEDICINE

Long-term cost-effectiveness of interventions for obesity

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

Maciejewski ML, Arterburn DE. Cost-effectiveness of Bariatric Surgery. JAMA. 2013; 310(7):742.
https://doi.org/10.1001/jama.2013.276131 PMID: 23989885

Panca M, Viner RM, White B, Pandya T, Melo H, Adamo M, et al. Cost-effectiveness of bariatric surgery
in adolescents with severe obesity in the UK. Clin Obes. 2018; 8(2):105—13. https://doi.org/10.1111/
cob.12232 PMID: 29224241

Keating C, Neovius M, Sjoholm K, Peltonen M, Narbro K, Eriksson JK, et al. Health-care costs over 15
years after bariatric surgery for patients with different baseline glucose status: Results from the Swedish
Obese Subjects study. Lancet Diabetes Endocrinol. 2015; 3(11):855-65. https://doi.org/10.1016/
S$2213-8587(15)00290-9 PMID: 26386667

Alsumali A, Eguale T, Bairdain S, Samnaliev M. Cost-Effectiveness Analysis of Bariatric Surgery for
Morbid Obesity. Obes Surg. 2018; 28(8):2203—14. https://doi.org/10.1007/s11695-017-3100-0 PMID:
29335933

Borisenko O, Mann O, Duprée A. Cost-utility analysis of bariatric surgery compared with conventional
medical management in Germany: A decision analytic modeling. BMC Surg. 2017; 17(1). https://doi.
org/10.1186/s12893-017-0284-0 PMID: 28774333

Faria GR, Preto JR, Costa-Maia J. Gastric bypass is a cost-saving procedure: Results from a compre-
hensive markov model. Obes Surg. 2013; 23(4):460-6. https://doi.org/10.1007/s11695-012-0816-8
PMID: 23341033

Klebanoff MJ, Chhatwal J, Nudel JD, Corey KE, Kaplan LM, Hur C. Cost-effectiveness of bariatric sur-
gery in adolescents with obesity. JAMA Surg. 2017; 152(2):136—41. https://doi.org/10.1001/jamasurg.
2016.3640 PMID: 27784062

Lucchese M, Borisenko O, Mantovani LG, Cortesi PA, Cesana G, Adam D, et al. Cost-Utility Analysis of
Bariatric Surgery in Italy: Results of Decision-Analytic Modelling. Obes Facts. 2017; 10(3):261-72.
https://doi.org/10.1159/000475842 PMID: 28601866

Swanson SA, Tiemeier H, lkram MA, Hernan MA. Nature as a Trialist? Epidemiology. 2017; 28(5):653—
9. Available from: http:/insights.ovid.com/crossref?an=00001648-201709000-00004. https://doi.org/
10.1097/EDE.0000000000000699 PMID: 28590373

Davies NM, Holmes M V., Davey Smith G. Reading Mendelian randomisation studies: A guide, glos-
sary, and checklist for clinicians. BMJ. 2018;362.

Howe LD, Kanayalal R, Harrison S, Beaumont RN, Davies AR, Frayling TM, et al. Effects of body mass
index on relationship status, social contact and socio-economic position: Mendelian randomization and
within-sibling study in UK Biobank. Int J Epidemiol. 2020; 49(4):1173-84. https://doi.org/10.1093/ije/
dyz240 PMID: 31800047

Tyrrell J, Jones SE, Beaumont R, Astley CM, Lovell R, Yaghootkar H, et al. Height, body mass index,
and socioeconomic status: mendelian randomisation study in UK Biobank. BMJ. 2016; 352:i582. Avail-
able from: http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=4783516&tool=
pmcentrez&rendertype=abstract. https://doi.org/10.1136/bm;.i582 PMID: 26956984

Harrison S, Davies AR, Dickson M, Tyrrell J, Green MJ, Katikireddi SV, et al. The causal effects of
health conditions and risk factors on social and socioeconomic outcomes: Mendelian randomization
in UK Biobank. Int J Epidemiol. 2020; 49(5):1661-81. https://doi.org/10.1093/ije/dyaal14 PMID:
32808034

Allen NE, Sudlow C, Peakman T, Collins R. UK biobank data: Come and get it. Sci Trans| Med. 2014; 6
(224).

Harrison S, Howe L, Davies AR. Making sense of Mendelian randomisation and its use in health
research [Internet]. 2020. Available from: https://www.bristol.ac.uk/media-library/sites/integrative-
epidemiology/documents/PHW Mendelian Randomisation User Guide(web)NEW.pdf.

Collins R. What makes UK Biobank special? Lancet. 2012; 379:1173—4. https://doi.org/10.1016/S0140-
6736(12)60404-8 PMID: 22463865

Bycroft C, Freeman C, Petkova D, Band G, Elliott LT, Sharp K, et al. The UK Biobank resource with
deep phenotyping and genomic data. Nature. 2018; 562(7726):203-9. https://doi.org/10.1038/s41586-
018-0579-z PMID: 30305743

Sudlow C, Gallacher J, Allen N, Beral V, Burton P, Danesh J, et al. UK biobank: an open access
resource for identifying the causes of a wide range of complex diseases of middle and old age. PLoS
Med. 2015; 12(3):e1001779. Available from: http://www.ncbi.nlm.nih.gov/pubmed/25826379%0Ahttp://
www.pubmedcentral.nih.gov/articlerender.fcgi?artid=PMC4380465. https://doi.org/10.1371/journal.
pmed.1001779 PMID: 25826379

Mitchell,R, Hemani G, Dudding T, Corbin L, Harrison S, Paternoster L. UK Biobank Genetic Data:
MRC-IEU Quality Control, version 2—Datasets—data.bris [Internet]. databris. 2018. Available from:
https://data.bris.ac.uk/data/dataset/1ovaau5sxunp2cv8rcy88688v.

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1003725  August 27, 2021 22/24


https://doi.org/10.1001/jama.2013.276131
http://www.ncbi.nlm.nih.gov/pubmed/23989885
https://doi.org/10.1111/cob.12232
https://doi.org/10.1111/cob.12232
http://www.ncbi.nlm.nih.gov/pubmed/29224241
https://doi.org/10.1016/S2213-8587(15)00290-9
https://doi.org/10.1016/S2213-8587(15)00290-9
http://www.ncbi.nlm.nih.gov/pubmed/26386667
https://doi.org/10.1007/s11695-017-3100-0
http://www.ncbi.nlm.nih.gov/pubmed/29335933
https://doi.org/10.1186/s12893-017-0284-0
https://doi.org/10.1186/s12893-017-0284-0
http://www.ncbi.nlm.nih.gov/pubmed/28774333
https://doi.org/10.1007/s11695-012-0816-8
http://www.ncbi.nlm.nih.gov/pubmed/23341033
https://doi.org/10.1001/jamasurg.2016.3640
https://doi.org/10.1001/jamasurg.2016.3640
http://www.ncbi.nlm.nih.gov/pubmed/27784062
https://doi.org/10.1159/000475842
http://www.ncbi.nlm.nih.gov/pubmed/28601866
http://insights.ovid.com/crossref?an=00001648-201709000-00004
https://doi.org/10.1097/EDE.0000000000000699
https://doi.org/10.1097/EDE.0000000000000699
http://www.ncbi.nlm.nih.gov/pubmed/28590373
https://doi.org/10.1093/ije/dyz240
https://doi.org/10.1093/ije/dyz240
http://www.ncbi.nlm.nih.gov/pubmed/31800047
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=4783516&tool=pmcentrez&rendertype=abstract
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=4783516&tool=pmcentrez&rendertype=abstract
https://doi.org/10.1136/bmj.i582
http://www.ncbi.nlm.nih.gov/pubmed/26956984
https://doi.org/10.1093/ije/dyaa114
http://www.ncbi.nlm.nih.gov/pubmed/32808034
https://www.bristol.ac.uk/media-library/sites/integrative-epidemiology/documents/PHW Mendelian Randomisation User Guide(web)NEW.pdf
https://www.bristol.ac.uk/media-library/sites/integrative-epidemiology/documents/PHW Mendelian Randomisation User Guide(web)NEW.pdf
https://doi.org/10.1016/S0140-6736(12)60404-8
https://doi.org/10.1016/S0140-6736(12)60404-8
http://www.ncbi.nlm.nih.gov/pubmed/22463865
https://doi.org/10.1038/s41586-018-0579-z
https://doi.org/10.1038/s41586-018-0579-z
http://www.ncbi.nlm.nih.gov/pubmed/30305743
http://www.ncbi.nlm.nih.gov/pubmed/25826379%0Ahttp://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=PMC4380465
http://www.ncbi.nlm.nih.gov/pubmed/25826379%0Ahttp://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=PMC4380465
https://doi.org/10.1371/journal.pmed.1001779
https://doi.org/10.1371/journal.pmed.1001779
http://www.ncbi.nlm.nih.gov/pubmed/25826379
https://data.bris.ac.uk/data/dataset/1ovaau5sxunp2cv8rcy88688v
https://doi.org/10.1371/journal.pmed.1003725

PLOS MEDICINE

Long-term cost-effectiveness of interventions for obesity

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.
44.

45.

46.

47.

48.
49.

50.

51.

52.

Locke AAE, Kahali B, Berndt SIS, Justice AEA, Pers THT, Day FR, et al. Genetic studies of body mass
index yield new insights for obesity biology. Nature. 2015; 518(7538):197-206. Available from: http://
www.nature.com/doifinder/10.1038/nature14177 PMID: 25673413

Howie B, Marchini J, Stephens M. Genotype Imputation with Thousands of Genomes. G3 (Bethesda).
2011; 1(6):457—70. Available from: http://g3journal.org/lookup/doi/10.1534/g3.111.001198.

Yengo L, Sidorenko J, Kemper KE, Zheng Z, Wood AR, Weedon MN, et al. Meta-analysis of genome-
wide association studies for height and body mass index in ~700 000 individuals of European ancestry.
Hum Mol Genet. 2018; 27(20):3641-9. https://doi.org/10.1093/hmg/ddy271 PMID: 30124842

Burgess S, Davies NM, Thompson SG. Bias due to participant overlap in two-sample Mendelian ran-
domization. Genet Epidemiol. 2016; 40(7):597-608. https://doi.org/10.1002/gepi.21998 PMID:
27625185

World Health Organization. What is overweight and obesity? [Internet]. Global Diet on Diet, Physical
Activity and Health. 2020 [cited 2020 Mar 3]. Available from: https://www.who.int/dietphysicalactivity/
childhood_what/en/.

Price AL, Patterson NJ, Plenge RM, Weinblatt ME, Shadick NA, Reich D. Principal components analysis
corrects for stratification in genome-wide association studies. Nat Genet. 2006; 38(8):904—9. Available
from: http://www.ncbi.nlm.nih.gov/pubmed/16862161. https://doi.org/10.1038/ng1847 PMID: 16862161

Sullivan PW, Slejko JF, Sculpher MJ, Ghushchyan V. Catalogue of EQ-5D scores for the United Kingdom.
Med Decis Making. 2011; 31(6):800—4. https://doi.org/10.1177/0272989X11401031 PMID: 21422468

Drummond M, Sculpher M, Claxton K, Stoddart G, Torrance G. Methods for the Economic Evaluation of
Health Care Programmes. 4th ed. Oxford University Press; 2015.

Azur MJ, Stuart EA, Frangakis C, Leaf PJ. Multiple imputation by chained equations: What is it and how
does it work? Int J Methods Psychiatr Res. 2011; 20(1):40-9. https://doi.org/10.1002/mpr.329 PMID:
21499542

NHS. NHS Drug Tariff [Internet]. 2019. Available from: https://www.nhsbsa.nhs.uk/pharmacies-gp-
practices-and-appliance-contractors/drug-tariff.

NHS. NHS News: Missed GP appointments costing NHS millions [Internet]. Available from: https://
www.england.nhs.uk/2019/01/missed-gp-appointments-costing-nhs-millions/.

Dixon P, Davey Smith G, Hollingworth W. The Association Between Adiposity and Inpatient Hospital
Costs in the UK Biobank Cohort. Appl Health Econ Health Policy. 2019; 17(3):359—-70. https://doi.org/
10.1007/s40258-018-0450-2 PMID: 30599049

Dixon P, Hollingworth W, Harrison S, Davies NM, Davey Smith G. Mendelian Randomization analysis
of the causal effect of adiposity on hospital costs. J Health Econ. 2020; 70. https://doi.org/10.1016/j.
jhealeco.2020.102300 PMID: 32014825

Curtis LA, Burns A. Unit Costs of Health and Social Care 2019. Kent, UK: PSSRU; 2019. p. 154.

Kleibergen F, Paap R. Generalized reduced rank tests using the singular value decomposition. J
Econom. 2006; 133(1):97-126.

Harbord RM, Didelez V, Palmer TM, Meng S, Sterne JAC, Sheehan NA. Severity of bias of a simple
estimator of the causal odds ratio in Mendelian randomization studies. Stat Med. 2013; 32(7):1246-58.
https://doi.org/10.1002/sim.5659 PMID: 23080538

Clarke PS, Windmeijer F. Instrumental variable estimators for binary outcomes. J Am Stat Assoc. 2012;
107:1638-52.

Clarke PS, Windmeijer F. Identification of causal effects on binary outcomes using structural mean
models. Biostatistics. 2010; 11(4):756—70. https://doi.org/10.1093/biostatistics/kxq024 PMID:
20522728

Hayashi F. Econometrics. Princeton University Press. 2000. p. 233-234.

Haycock PC, Burgess S, Wade KH, Bowden J, Relton C, Smith GD. Best (but oft-forgotten) practices:
The design, analysis, and interpretation of Mendelian randomization studies. Am J Clin Nutr. 2016;
103:965-78. https://doi.org/10.3945/ajcn.115.118216 PMID: 26961927

Burgess S, Scott RA, Timpson NJ, Smith GD, Thompson SG. Using published data in Mendelian ran-
domization: A blueprint for efficient identification of causal risk factors. Eur J Epidemiol. 2015; 30
(7):543-52. https://doi.org/10.1007/s10654-015-0011-z PMID: 25773750

Pierce BL, Burgess S. Efficient design for mendelian randomization studies: Subsample and 2-sample
instrumental variable estimators. Am J Epidemiol. 2013; 178(7):1177—84. https://doi.org/10.1093/aje/
kwt084 PMID: 23863760

Staley JR, Burgess S. Semiparametric methods for estimation of a nonlinear exposure-outcome rela-
tionship using instrumental variables with application to Mendelian randomization. Genet Epidemiol.
2017; 41(4):341-52. https://doi.org/10.1002/gepi.22041 PMID: 28317167

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1003725  August 27, 2021 23/24


http://www.nature.com/doifinder/10.1038/nature14177
http://www.nature.com/doifinder/10.1038/nature14177
http://www.ncbi.nlm.nih.gov/pubmed/25673413
http://g3journal.org/lookup/doi/10.1534/g3.111.001198
https://doi.org/10.1093/hmg/ddy271
http://www.ncbi.nlm.nih.gov/pubmed/30124842
https://doi.org/10.1002/gepi.21998
http://www.ncbi.nlm.nih.gov/pubmed/27625185
https://www.who.int/dietphysicalactivity/childhood_what/en/
https://www.who.int/dietphysicalactivity/childhood_what/en/
http://www.ncbi.nlm.nih.gov/pubmed/16862161
https://doi.org/10.1038/ng1847
http://www.ncbi.nlm.nih.gov/pubmed/16862161
https://doi.org/10.1177/0272989X11401031
http://www.ncbi.nlm.nih.gov/pubmed/21422468
https://doi.org/10.1002/mpr.329
http://www.ncbi.nlm.nih.gov/pubmed/21499542
https://www.nhsbsa.nhs.uk/pharmacies-gp-practices-and-appliance-contractors/drug-tariff
https://www.nhsbsa.nhs.uk/pharmacies-gp-practices-and-appliance-contractors/drug-tariff
https://www.england.nhs.uk/2019/01/missed-gp-appointments-costing-nhs-millions/
https://www.england.nhs.uk/2019/01/missed-gp-appointments-costing-nhs-millions/
https://doi.org/10.1007/s40258-018-0450-2
https://doi.org/10.1007/s40258-018-0450-2
http://www.ncbi.nlm.nih.gov/pubmed/30599049
https://doi.org/10.1016/j.jhealeco.2020.102300
https://doi.org/10.1016/j.jhealeco.2020.102300
http://www.ncbi.nlm.nih.gov/pubmed/32014825
https://doi.org/10.1002/sim.5659
http://www.ncbi.nlm.nih.gov/pubmed/23080538
https://doi.org/10.1093/biostatistics/kxq024
http://www.ncbi.nlm.nih.gov/pubmed/20522728
https://doi.org/10.3945/ajcn.115.118216
http://www.ncbi.nlm.nih.gov/pubmed/26961927
https://doi.org/10.1007/s10654-015-0011-z
http://www.ncbi.nlm.nih.gov/pubmed/25773750
https://doi.org/10.1093/aje/kwt084
https://doi.org/10.1093/aje/kwt084
http://www.ncbi.nlm.nih.gov/pubmed/23863760
https://doi.org/10.1002/gepi.22041
http://www.ncbi.nlm.nih.gov/pubmed/28317167
https://doi.org/10.1371/journal.pmed.1003725

PLOS MEDICINE

Long-term cost-effectiveness of interventions for obesity

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

Burgess S, Davies NM, Thompson SG. Instrumental variable analysis with a nonlinear exposure-out-
come relationship. Epidemiology. 2014; 25(6):877-85. https://doi.org/10.1097/EDE.
0000000000000161 PMID: 25166881

Brumpton B, Sanderson E, Heilbron K, Hartwig FP, Harrison S, Vie GA, et al. Avoiding dynastic, assor-
tative mating, and population stratification biases in Mendelian randomization through within-family
analyses. Nat Commun. 2020; 11(1).

Kong A, Thorleifsson G, Frigge ML, Vilhjalmsson BJ, Young Al, Thorgeirsson TE, et al. The nature of
nurture: Effects of parental genotypes. Science. 2018; 359(6374):424—8. https://doi.org/10.1126/
science.aan6877 PMID: 29371463

Sjostrom L, Narbro K, Sjéstrdom CD, Karason K, Larsson B, Wedel H, et al. Effects of bariatric surgery
on mortality in Swedish obese subjects. N Engl J Med. 2007; 357(8):741-52. https://doi.org/10.1056/
NEJMoa066254 PMID: 17715408

Sjostrom L. Review of the key results from the Swedish Obese Subjects (SOS) trial—a prospective con-
trolled intervention study of bariatric surgery. J Intern Med. 2013; 273:219-34. https://doi.org/10.1111/
joim.12012 PMID: 23163728

Ackroyd R, Mouiel J, Chevallier JM, Daoud F. Cost-effectiveness and budget impact of obesity surgery
in patients with type-2 diabetes in three European countries. Obes Surg. 2006; 16(11):1488-5083.
https://doi.org/10.1381/096089206778870067 PMID: 17132416

Department of Health and Social Care (DHSC). Restricting volume promotions for high fat, sugar, and
salt (HFSS) products [Internet]. 2018. Available from: https://assets.publishing.service.gov.uk/
government/uploads/system/uploads/attachment_data/file/770705/impact-assessment-for-restricting-
volume-promotions-for-HF SS-products.pdf.

Global and Public Health Group/ Obesity Branch/Childhood Obesity Team/10800. Department of
Health and Social Care (DHSC) Calorie Model [Internet]. 2018. Available from: https://assets.
publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/736417/dhsc-
calorie-model-technical-document.pdf.

Office For National Statistics. Estimates of the population for the UK, England and Wales, Scotland and
Northern Ireland [Internet]. Mid year population estimates. 2019. Available from: https://www.ons.gov.
uk/peoplepopulationandcommunity/populationandmigration/populationestimates/datasets/
populationestimatesforukenglandandwalesscotlandandnorthernireland.

Hughes RA, Davies NM, Davey Smith G, Tilling K. Selection Bias When Estimating Average Treatment
Effects Using One-sample Instrumental Variable Analysis. Epidemiology. 2019; 30(3):350-7. https:/
doi.org/10.1097/EDE.0000000000000972 PMID: 30896457

Bann D, Johnson W, Li L, Kuh D, Hardy R. Socioeconomic inequalities in childhood and adolescent
body-mass index, weight, and height from 1953 to 2015: an analysis of four longitudinal, observational,
British birth cohort studies. Lancet Public Health. 2018; 3(4):e194—203. https://doi.org/10.1016/S2468-
2667(18)30045-8 PMID: 29571937

Haworth S, Mitchell R, Corbin L, Wade KH, Dudding T, Budu-Aggrey A, et al. Apparent latent structure
within the UK Biobank sample has implications for epidemiological analysis. Nat Commun. 2019; 10(1).
https://doi.org/10.1038/s41467-018-08219-1 PMID: 30659178

PLOS Medicine | https://doi.org/10.1371/journal.pmed.1003725  August 27, 2021 24/24


https://doi.org/10.1097/EDE.0000000000000161
https://doi.org/10.1097/EDE.0000000000000161
http://www.ncbi.nlm.nih.gov/pubmed/25166881
https://doi.org/10.1126/science.aan6877
https://doi.org/10.1126/science.aan6877
http://www.ncbi.nlm.nih.gov/pubmed/29371463
https://doi.org/10.1056/NEJMoa066254
https://doi.org/10.1056/NEJMoa066254
http://www.ncbi.nlm.nih.gov/pubmed/17715408
https://doi.org/10.1111/joim.12012
https://doi.org/10.1111/joim.12012
http://www.ncbi.nlm.nih.gov/pubmed/23163728
https://doi.org/10.1381/096089206778870067
http://www.ncbi.nlm.nih.gov/pubmed/17132416
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/770705/impact-assessment-for-restricting-volume-promotions-for-HFSS-products.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/770705/impact-assessment-for-restricting-volume-promotions-for-HFSS-products.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/770705/impact-assessment-for-restricting-volume-promotions-for-HFSS-products.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/736417/dhsc-calorie-model-technical-document.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/736417/dhsc-calorie-model-technical-document.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/736417/dhsc-calorie-model-technical-document.pdf
https://www.ons.gov.uk/peoplepopulationandcommunity/populationandmigration/populationestimates/datasets/populationestimatesforukenglandandwalesscotlandandnorthernireland
https://www.ons.gov.uk/peoplepopulationandcommunity/populationandmigration/populationestimates/datasets/populationestimatesforukenglandandwalesscotlandandnorthernireland
https://www.ons.gov.uk/peoplepopulationandcommunity/populationandmigration/populationestimates/datasets/populationestimatesforukenglandandwalesscotlandandnorthernireland
https://doi.org/10.1097/EDE.0000000000000972
https://doi.org/10.1097/EDE.0000000000000972
http://www.ncbi.nlm.nih.gov/pubmed/30896457
https://doi.org/10.1016/S2468-2667(18)30045-8
https://doi.org/10.1016/S2468-2667(18)30045-8
http://www.ncbi.nlm.nih.gov/pubmed/29571937
https://doi.org/10.1038/s41467-018-08219-1
http://www.ncbi.nlm.nih.gov/pubmed/30659178
https://doi.org/10.1371/journal.pmed.1003725

