3. Supplementary Methods
3.1 Estimation of Health-Related Quality of Life
[bookmark: _Hlk30578282]We predicted health-related quality of life for all participants using the results from a study by Sullivan et al., which catalogued health-related quality of life across 240 health conditions [1]. Briefly, in the Sullivan study, community-based UK preferences were applied to EQ-5D-3L descriptive questionnaire responses in the US-based Medical Expenditure Panel Survey. The marginal disutility of each of 240 ICD-9 coded health conditions were estimated with multiple regression, with age, sex, ethnicity, education level, income and number of comorbid health conditions as covariates. We mapped each of the ICD-9 health condition codes to ICD-10 codes, as the majority of HES data in UK Biobank used ICD-10 codes. We also mapped ICD-9 codes to read v2 and v3 codes used in primary care, see S2 Table for a list of all ICD and read codes used. Finally, we mapped education level from the US to the UK education system, where “high school” = A levels and below, “Bachelor’s degree” = university or college degree, and “other degree” = National Vocational Qualification or equivalent, or other professional qualification.
We used the Sullivan regression results to predict health-related quality of life for each participant in UK Biobank daily from recruitment to 31 March 2017. To do this, we coded each of the 240 health conditions in the catalogue as dummy variables for every day after recruitment, coded as 1 if the participant had the corresponding ICD-9, ICD-10, read v2 or read v3 code in a hospital episode or primary care event at or before that day, and 0 otherwise. We used age, sex, education level and the number of comorbid health conditions (from among the 240 health conditions) as covariates; we did not include ethnicity as we only included white British participants, and we assumed all participants had the middle income level. The constant in the model represented the health-related quality of life of a white male participant with no qualifications and no health conditions at age 0. We assumed that once a participant had a chronic health condition, they always had the condition.
Health-related quality of life was predicted by multiplying the value of each covariate against the coefficient of disutility for that variable and summing across all covariables and the constant. Any participants who died had a health-related quality of life of 0 on all days from the date of death. We averaged predicted health-related quality of life between recruitment and the end of follow up (regardless of whether the participant died) to estimate each participant’s quality-adjusted life years (QALYs) per year of follow-up. 
3.2 Dealing with Missing Data
We used multiple imputation by chained equations to predict both primary care healthcare costs and QALYs (N missing = 214,582, 69%), creating 100 imputed datasets [2]. We also imputed Townsend deprivation index (N missing = 342, 0.1%) and whether the participant had ever smoked (N missing =1,063, 0.3%), as these variables were informative but had some missingness. 
For the main analysis, we included the following informative covariables as factor variables (main imputation model): 
· Centre of recruitment
· Highest qualification:
· A-levels and below
· University or college degree 
· Other degree 
· None
· Total household income 
· <£18,000
· £18,000 to £30,999
· £31,000 to £51,999
· £52,000 to £100,000
· >£100,000
We included the following informative covariables as continuous variables: 
· Measured BMI
· PRS-free BMI (BMI with the effect of the PRS for BMI removed)
· Measured BMI multiplied by age 
· The PRS for BMI 
· The PRS for BMI multiplied by age 
· Whether the participant died before 31 March 2017
· Age at recruitment 
· Date of recruitment 
· 40 principal components
· Total days of follow-up
· Secondary care costs
· QALYs predicted using only HES data
· QALYs predicted using only HES data, and using only cancer, cardiovascular disease, cerebrovascular disease and type 2 diabetes as health conditions. 
We analysed the imputed datasets separately, then combined the results from each imputation using Rubin’s rules to give a final estimate for all analyses. For summary statistics of imputed QALYs and total healthcare costs, we reported the median of the medians in the imputed datasets, and the median of the interquartile ranges in the imputed datasets. For analyses using imputed data, we reported the median P value for endogeneity with the interquartile range (IQR) from all imputations. 
To preserve consistency between the imputation of missing data and the sensitivity analyses, we imputed additional datasets with different covariables. In addition to the covariables in the main imputation model, we included five age categories (<50 years, 50-54 years, 55-59 years, 60-64 years and 65+ years) and whether the participant had a normal (<25 kg/m2), overweight (25-29.99 kg/m2) or obese (30+ kg/m2) PRS-free BMI for the analyses within each category of age and PRS-free BMI (but did not include continuous age or BMI, Sensitivity analyses b and c, categorical imputation model), the fiftieth of PRS-free BMI as a factor variable for the non-linear MR analyses (but did not include PRS-free BMI, Sensitivity analysis d, BMI quantile imputation model), and we included all related participants for the within-family analyses (Sensitivity analysis e, related imputation model).
3.3 Sensitivity Analyses
a. Mendelian Randomization Sensitivity Analyses
[bookmark: _Hlk32243695]The robustness of Mendelian randomization analyses is reliant on the assumption (amongst others) that the SNPs, and therefore PRS, do not affect the outcome except through the exposure, i.e. the SNPs are not pleiotropic. We tested this assumption by conducting sensitivity analyses using summary data for each SNP in the BMI PRS, including inverse-variance weighted (IVW), MR Egger (an indicator of directional pleiotropy), weighted median, weighted mode and simple mode analyses [3–5]. We also measured Cochran’s Q statistic from the IVW analyses (a measure of heterogeneity in the effects of individual SNPs on the outcome), an indicator of pleiotropy [6] or problems with modelling assumptions [7]. 
From these analyses, we determined: a) whether the results were consistent with the main Mendelian randomization analysis, which would indicate the results of the main analysis were robust, and b) whether there was evidence of pleiotropy from both the Egger regression constant term and Cochran’s Q statistic. We also visually inspected plots of the sensitivity Mendelian randomization analyses, which would indicate possible bias in the results of the main analysis. 
b. Sex and Age Specific Analyses
Sex and age may both interact with BMI to affect healthcare costs and average QALYs per year. As such, we performed the main Mendelian randomization analysis for men and women separately, and within 5-year age groups. We also performed the main Mendelian Randomization analysis with an interaction term for age and BMI, with the age-BMI interaction term instrumented with an interaction term for age and the PRS for BMI. These results can be used to determine the effect of a change in BMI for any specified age and sex distribution, as shown in the policy analyses.
c. Testing for non-linear effects of BMI
The effects of an increase in BMI on healthcare costs and average QALYs per year may be larger in overweight and obese participants compared with normal weight participants. Stratifying by observed BMI could bias the analysis, as stratifying on the exposure in an instrumental variable regression can induce collider bias between the genetic instrument and any unmeasured confounders between the exposure and the outcome, since the exposure is on the causal pathway between the instrument and the outcome [8,9]. We can overcome this bias by stratifying on PRS-free BMI, rather than observed BMI, which we estimated by regressing observed BMI on the PRS for BMI, then predicting each participant’s BMI as if they had the mean value of the PRS for BMI. This removes the effect of the PRS on BMI, and so removes the possibility of collider bias. 
We then repeated the main mendelian randomization analysis separately in participants with PRS-free BMI levels above 25 kg/m2, above 30 kg/m2, and between 25 and 30 kg/m2, representing overweight and obese participants, obese participants, and overweight participants respectively.
d. Non-Linear Effects of BMI
In addition to testing for non-linear effects of BMI using categories of PRS-free BMI, we performed non-linear Mendelian randomization to estimate the overall shape of the association between BMI and each outcome. In this, we performed the main Mendelian randomization within fifty quantiles of genetic-free BMI, giving quantile-specific local average causal effects [8,9]. We analysed these estimates using variance weighted least squares (VWLS) models to determine whether there was a change in the effect of BMI on healthcare costs, average QALYs per year, and QALY-costs as BMI increased. We used both linear and cubic models (with respect to the mean PRS-free BMI in each quantile) to describe the shape of the effect of the increase in BMI over the range of PRS-free BMI values.
e. Within-Family Mendelian Randomization Analysis
[bookmark: _Hlk32243817]Mendelian randomization analyses of unrelated individuals may still be susceptible to bias from family structure, for example, through dynastic effects (when parental genotypes directly affect offspring phenotypes), assortative mating or cryptic relatedness [10,11]. To assess whether any effects of BMI on total healthcare costs and QALYs per year are robust to these family-level effects, we performed non-genetic and Mendelian randomization analyses within siblings. For this analysis, we centred the PRS for BMI (for Mendelian randomization analyses) or observed BMI (for multivariable adjusted analyses) within each set of siblings, and repeated the main analysis with these exposures in only the related participants in UK Biobank. The effect estimates are thus controlled for family-level effects, as only the differences in the BMI PRS between siblings examined. Siblings were identified in UK Biobank as per Bycroft et al. [12] using kinship coefficients from the KING toolset [13].
[bookmark: _Hlk30578155]f. Estimation of Utilities with Prediction Uncertainty
In the main analysis, we assumed the predicted utilities were estimated without error, i.e. the regression model by Sullivan et al [1] had an R2 of 1 and was therefore deterministic of health-related quality of life. However, there was likely prediction error for individuals, which should be considered when analysing the predicted outcomes. The Sullivan paper does not give the mean square error (MSE) of the regression model, which is required to estimate the standard error (SE) of an individual’s predicted health-related quality of life. 
The standard error of predicted health-related quality of life for any individual can be estimated using:


where  is the estimate of the standard error of the health-related quality of life for participant ,  is the mean square error of the initial regression model (equivalent to the variance of health-related quality of life when R2 is 0) and  is a column vector of predictor variables in the regression model. 
 is the variance of a mean response, which falls to 0 as N increases. As such, when N is large:

And therefore, when N is large:

Therefore, when the R2 of a regression model is 0, the MSE is equivalent to the variance of the outcome. As R2 increases, the MSE decreases proportionately, i.e. when R2 is 0.25, the MSE decreases by 25%. We estimated the SE of predicted health-related quality of life at 4 different R2 values: 0%, 25%, 50% and 75%. The main analysis assumes that the R2 value of the initial regression was 100%.
We estimated the SD of health-related quality of life to be 0.20 in the Sullivan study (from the interquartile range, ignoring skew), which as N is large, is approximately equivalent to the root mean square error (RMSE) of predicted health-related quality of life if the R2 of the regression model was 0%. The RMSE is therefore reduced to 0.17 at an R2 of 25%, 0.14 at 50% and 0.10 at 75% (and 0 at 100%).  
To determine whether prediction error could materially affect the main analysis estimates, we assumed that the SE of each health-related quality of life (and thus the average QALYs per year) was equal to the RMSE of the initial regression model at different R2 values. This assumes that health-related quality of life can take values higher than 1 (otherwise there would be implications for the SE of utilities close to 1), which in practice can be a reasonable assumption [14]. This also assumes that although health-related quality of life is known to be 0 at death, there is still variance of the estimate. We therefore also estimated the weighted variance for average QALYs per year, setting the variance of health-related quality of life at death to be 0 and averaging variance across all days of follow up. 
While we could use variance weighted least squares (VWLS) to account for the uncertainty in predicted average QALYs per year for the multivariable adjusted analyses, Mendelian randomization analyses use instrumental variable regression and we are unaware of any statistical technique that combines VWLS and instrumental variable regression to account for uncertainty in the outcome. As such, we added random normal error (mean 0 and SD equal to the SE of the predicted average QALYs per year for each given R2 value) to the predicted average QALYs per year for all participants, creating 100 “imputed” values of QALYs. We repeated the main Mendelian randomization analysis on each “imputed” predicted average QALYs per year and combined the results with Rubin’s rules. As we also imputed QALYs, this meant we estimated 100 combined results (one for each imputed dataset), and we then combined these results again with Rubin’s rules. 
The estimates from these analyses incorporate the uncertainty in the prediction of health-related quality of life, so if there is only a minimal increase in the variance of the final Mendelian randomization estimates from including this uncertainty, then we can be more confident that it is not necessary to account for it and the main analysis therefore does not excessively underestimate the variance of each estimate.
[bookmark: _Hlk30578150]g. Predicting Health-related Quality of Life Using Limited Health Conditions
In addition to using all 240 health conditions as measured by Sullivan et al. [1], we limited the health conditions to those commonly used in simulation models to estimate the cost-effectiveness of interventions for BMI, i.e. cancer, cardiovascular disease, cerebrovascular disease and type 2 diabetes. Multiple ICD-9 codes used by Sullivan et al. related to each of these four health conditions: 19 codes related to cancer, 11 to cardiovascular disease, 4 to cerebrovascular disease, and 1 to type 2 diabetes; which ICD-9 codes we used is detailed in S2 Table. We predicted health-related quality of life as in the main analysis, but restricting the covariables to these 35 ICD-9 codes (including when estimating the number of comorbid conditions), as well as the demographic covariables (age, sex, qualifications). We then estimated the average QALYs per year as in the main analysis, with the resulting QALY variable analysed as in the main analysis.
We then compared the estimates for QALYs using all 240 health conditions versus only the limited 35 health conditions to investigate whether the effect of BMI on quality of life extended beyond the conditions usually considered associated with BMI.

3.4 Policy Analyses
[bookmark: _Hlk34649786]For all policy analyses, we used data from the Health Survey for England (HSE) in 1993 and 2017 to inform our estimates of the BMI distribution of people in England and Wales [15,16]. The Health Survey for England was designed to provide annual data from nationally representative samples to monitor trends in the nation’s health, and as such the BMI values in this survey should be representative for England and Wales. We applied the analyses to the population of England and Wales in 2017, with an age-distribution from the Office of National Statistics [17].
In each analysis, we used simulation of either individuals or groups to estimate the change in BMI within age and BMI categories due to each intervention. We then multiply the age and BMI category specific BMI changes by the age and BMI category specific Mendelian randomization estimates from sensitivity analysis b to estimate the effect of the interventions on both QALYs and healthcare costs.
In each simulation, we conducted the following steps:
1. Estimated the effect of the intervention on BMI within age groups (40-49 years, 50-54 years, 55-59 years, 60-64 years and 65-69 years); if the effect of the intervention had uncertainty, the effect in each simulation was drawn from a random normal distribution where the mean is the effect estimate and the SD is the SE of effect estimate (taken from previous studies).
2. Estimated the change in BMI for either the individuals or groups in the simulation given estimated effect of the intervention, split into the change in BMI that occurs over 30 kg/m2, between 25 and 30 kg/m2, and less than 25 kg/m2.
3. Estimated the effect of BMI on QALYs and total healthcare costs, using the Mendelian randomization results from the analyses stratified by age and BMI categories (S4 Table); this is drawn from a random normal distribution where the mean is the effect estimate and the SD is the SE of effect estimate.
4. Multiplied the estimated change in BMI in each of the three BMI levels by the BMI- and age-specific effect estimates for QALYs and total healthcare costs for all individuals or groups in the simulation. This is the estimated change in QALYs or costs for each individual or group due to the intervention. If the simulation is for groups, we multiplied the estimated change by the number of participants in the group.
5. Summed the estimated changes across all individuals or groups. This is the estimated change in QALYs or costs across all individuals in the target population. 
We repeated the simulation 10,000 times for each analysis; we took the median estimate of these simulations as the final estimate and the 2.5% and 97.5% percentiles as its 95% confidence interval. 
To estimate the cost-effectiveness of each intervention with appropriate uncertainty (i.e. accounting for the correlation between QALYs and healthcare costs), we combined the effects of BMI on both QALYs and healthcare costs, assigning a value of £20,000 to the QALYs based on commonly used cost-effectiveness thresholds [18,19]. For this, we subtracted average QALYs per year multiplied by £20,000 from total care costs, creating a new variable called “QALY-costs” in the supplementary tables. We included QALY-costs as an outcome in all main and sensitivity analyses, allowing us to estimate the effect of BMI on combined QALYs and healthcare costs directly, with appropriate uncertainty. We also use cost-effectiveness thresholds of £10,000 and £30,000 in additional analyses. For the examples a and b, we also include the net monetary benefit, which is QALY-costs minus the cost of the intervention. We include a worked example of this method in 3.5 Worked Example of Policy Analysis below.
For all examples, we assume that Mendelian randomization is consistent with the stable unit treatment value assumption of causal inference, i.e. that the Mendelian randomization estimates of genetically different BMI are consistent with the effects of an intervention that alters BMI through other means. 
a. Cost-Effectiveness of laparoscopic gastric bypass 
In this example, we estimated whether laparoscopic gastric bypass for people aged 40-69 years in England and Wales with a BMI above 35 kg/m2 in 2017 is cost-effective as compared to no intervention over 20 years at a cost-effectiveness threshold of £20,000 per QALY and a discount rate for both QALYs and costs of 3.5% per year. We also consider different costs per QALY (£30,000 and £10,000) and different discount rates (1.5% and 0%). 
The cost of laparoscopic gastric bypass in the NHS in the UK, including costs of the preoperative assessment, complications, and 5 years of follow-up, was estimated to be £6,347 in 2005 [20], which is £9,549 in 2019 prices after applying inflation from the Office of National Statistics composite price index (average 3.0% per year between 2005 and 2019) [21]. Laparoscopic gastric bypass has been estimated to reduce weight in people with obesity by 25% (95% CI: 22% to 28%), which is the equivalent of reducing BMI by 25%, and this reduction was maintained at both 10 and 20 years of follow-up [22,23]. Our simulation was thus a hypothetical situation where people in England and Wales with a BMI above 35 kg/m2 in 2017 received laparoscopic gastric bypass surgery in 2007, the intervention reduced BMI by 25% (with a SD of 1.5%) and lasted for 20 years, with hypothetical follow-up to 2027. We assumed that no participant died from the surgery, nor suffered any long-term complications of surgery that would adversely affect their quality of life, though complications up to 5 years from surgery date were accounted for in the cost of the surgery. Although not all people included in the simulation would be eligible for laparoscopic bariatric surgery (indeed, some would have already had surgery), our aim is to estimate the average effect of surgery on an individual drawn from this population, rather than the effect of treating all eligible people. 
We used HSE 2017 data to estimate the mean change in BMI within age groups for all HSE participants aged 40 to 69 years, given the reduction in weight from bariatric surgery. We multiplied the age-specific estimates of the effect on QALYs and costs by the total number of people in those age categories in England and Wales in 2017 [17] to estimate the effect of the intervention nationally. We present the per-person results in the main text, corresponding to per person with a BMI above 35 kg/m2 aged 40-69 years in England and Wales in 2017, with results across all people available in a supplementary table.
b. Cost-Effectiveness of restricting volume promotions for high fat, sugar, and salt products
In this example, we estimated whether restricting volume promotions for high fat, sugar, and salt (HFSS) products in England and Wales was cost-effective over a single year at a cost-effectiveness threshold of £20,000 per QALY. We also consider different costs per QALY (£30,000 and £10,000).
The Government has estimated that ending all volume offers for HFSS products in all retailers and the out-of-home sector will reduce the average Calories consumed by 14 Calories per day for men aged 19-64 years, 13 Calories for men aged 65+ years, 11 Calories for women aged 19-64 years, and 10 Calories for women aged 65+ years [24]. The Department for Health and Social Care Calorie Model estimates the overall weight is reduced on average by 0.042 kg per 1 fewer Calorie consumed per day [25]. We assumed that this intervention had no cost when estimating the net monetary benefit.
We used HSE 2017 data to estimate the mean change in BMI within age groups for all HSE participants aged 40 to 69 years, given the reduction in weight from the intervention on HFSS products. We multiplied the age-specific estimates of the effect on QALYs and costs by the total number of people in those age categories in England and Wales in 2017 [17] to estimate the effect of the intervention nationally. We present the total results across all people aged 40-69 years in England and Wales in 2017 in the main text, with the per-person results available in a supplementary table.
c. Estimation of the Effect of the Population Change in BMI Between 1993 and 2017
In this example, we estimated the change in QALYs and total healthcare costs between 1993 and 2017 from the change in BMI across the population of England and Wales. The population increased in size between 1993 and 2017, so to ensure comparability of estimates, we estimated the change in each outcome as if the total population and their relative age distribution were the same in 1993 and 2017, and only the BMI profile of the population changed. The estimates are thus a fair reflection of the increased cost due solely to a change in BMI, not including the effects of more people or a changing age distribution.
We used the results of the HSE to estimate the mean BMI within deciles of BMI in both 1993 and 2017, for all participants aged 40 to 69 years [15,16]. The difference in BMI between the mean in each BMI decile represents the change in BMI for each tenth of the population, which allows us to determine whether the increase in BMI between 1993 and 2017 occurred equally across the BMI range, or was concentrated at particular tails of the distribution. We present the per-person results in the main text, corresponding to per person aged 40-69 years in England and Wales in 2017, with results across all people available in a supplementary table.
d. The Cost of Being Overweight and Obese in 2017
In this example, we estimated the effect of being overweight and obese on QALYs and total healthcare costs in England and Wales in 2017. For this, we used HSE 2017 data to estimate the mean change in BMI required to bring the BMI of all participants down to no more than 25 kg/m2, within age groups for all HSE participants aged 40 to 69 years. We multiplied the age-specific estimates of the effect on QALYs and costs by the total number of people in those age categories in England and Wales in 2017 to estimate the effect of the intervention nationally. We present the total results across all people with a BMI above 25 kg/m2 aged 40-69 years in England and Wales in 2017 in the main text, with the per-person results available in a supplementary table.



3.5 Worked Example of Policy Analysis
In this section, we work through the analysis for policy analysis d, the cost of being overweight and obese in 2017.
The HSE 2017 data includes 3,411 participants between the ages of 40 and 69 years. Of these, 2,449 (72%) have a BMI above 25 kg/m2. We calculate the amount of BMI each of these participants would need to lose in order to have a BMI of 25 kg/m2, split into the amount of BMI lost in the overweight and obese categories. For example, a person with a BMI of 34 kg/m2 would lose 4 kg/m2 in the obese category, and 5 kg/m2 in the overweight category, while a person with a BMI of 28 kg/m2 would only lose 3 kg/m2 in the overweight category.
We then estimate the number of people in the population each person in HSE represents, assuming HSE is completely representative of the population of England and Wales (within age categories). In 2017, ONS estimated that there were 7,677,215 people aged 40-49 years, 4,129,245 people aged 50-54 years, 3,686,614 people aged 55-59 years, 3,169,875 people aged 60-64 years, and 3,079,548 people aged 65-69 years in England and Wales. In HSE, there were 1,154 people aged 40-49 years, 569 people aged 50-54 years, 620 people aged 55-59 years, 532 people aged 60-64 years, and 536 people aged 65-69 years. Within each age group, we divided the total population in England and Wales by the sample in HSE to estimate the number of people each participant of HSE represents. For example, for 40-49 years, each participant of HSE represented 6,653 people (7,677,215/1,154). 
We then multiply the number of people each participant in HSE represented by the amount of BMI lost in the overweight and obese categories, and sum across age groups, to estimate the total amount of BMI that would need to be lost across each age group in England and Wales in 2017 so that no one would have a BMI above 25 kg/m2. For example, for people aged 40-49 years, 18,625,840 kg/m2 would need to be lost in the overweight category, and 12,012,948 kg/m2 would need to be lost in the obese category.
We then estimate the effect on QALYs and total healthcare costs of having this amount of BMI above 25 kg/m2 by multiplying the BMI amounts by the age and BMI category specific estimates from the Mendelian randomization analyses. Because the Mendelian randomization effect estimates have uncertainty, we repeat this process 10,000 times, taking the effect estimates from a random normal distribution with a mean of the effect estimate, and a SD of the SE of the estimate. For this example, we will just use the relevant effect estimates as an illustration. 
The effect estimate for a unit increase in BMI in the 40-49 year overweight group was -0.35% of a QALY for QALYs and £19.22 for total healthcare costs, and in the obese group was -0.23% of a QALY for QALYs and £12.60 for total healthcare costs. Multiplying these estimates with the total BMI lost in the overweight and obese groups, then adding everything together, gives us estimates of the effect of overweight and obesity in 40-49 years olds in 2017: a reduction of 92,824 QALYs and an increase of £509 million in total healthcare costs. Repeating this process for all age groups, and adding everything together, gives us the following estimates: a reduction of 579,579 QALYs and an increase of £3.58 billion in total healthcare costs.
We repeat these calculations 10,000 times, randomly selecting different age and BMI category specific effect estimates in each simulation, and report the median effect estimates with a 95% confidence interval in each policy example.
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