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Abstract
Background: Some individuals living with obesity may be relatively metabolically healthy, whilst 
others suffer from multiple conditions that may be linked to adverse metabolic effects or other 
factors. The extent to which the adverse metabolic component of obesity contributes to disease 
compared to the non- metabolic components is often uncertain. We aimed to use Mendelian rando-
misation (MR) and specific genetic variants to separately test the causal roles of higher adiposity 
with and without its adverse metabolic effects on diseases.
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Methods: We selected 37 chronic diseases associated with obesity and genetic variants associated 
with different aspects of excess weight. These genetic variants included those associated with meta-
bolically ‘favourable adiposity’ (FA) and ‘unfavourable adiposity’ (UFA) that are both associated with 
higher adiposity but with opposite effects on metabolic risk. We used these variants and two sample 
MR to test the effects on the chronic diseases.
Results: MR identified two sets of diseases. First, 11 conditions where the metabolic effect of higher 
adiposity is the likely primary cause of the disease. Here, MR with the FA and UFA genetics showed 
opposing effects on risk of disease: coronary artery disease, peripheral artery disease, hypertension, 
stroke, type 2 diabetes, polycystic ovary syndrome, heart failure, atrial fibrillation, chronic kidney 
disease, renal cancer, and gout. Second, 9 conditions where the non- metabolic effects of excess 
weight (e.g. mechanical effect) are likely a cause. Here, MR with the FA genetics, despite leading 
to lower metabolic risk, and MR with the UFA genetics, both indicated higher disease risk: osteoar-
thritis, rheumatoid arthritis, osteoporosis, gastro- oesophageal reflux disease, gallstones, adult- onset 
asthma, psoriasis, deep vein thrombosis, and venous thromboembolism.
Conclusions: Our results assist in understanding the consequences of higher adiposity uncoupled 
from its adverse metabolic effects, including the risks to individuals with high body mass index who 
may be relatively metabolically healthy.
Funding: Diabetes UK, UK Medical Research Council, World Cancer Research Fund, National Cancer 
Institute.

Editor's evaluation
The authors have conducted a robust and very comprehensive study using Mendelian randomis-
ation to disentangle metabolic and non- metabolic effects of overweight on a long list of disease 
outcomes. They have tested if effects of overweight work through either or both effects for a partic-
ular condition. This is an important topic and can help us better understand how overweight influ-
ences risk of several important outcomes.

Introduction
Obesity is associated with a higher risk of many diseases, notably metabolic conditions such as type 2 
diabetes, but many individuals are often relatively metabolically healthy compared to others of similar 
body mass index (BMI). Whilst these metabolically healthier individuals may be at lower risk of some 
obesity- related conditions, they may be at risk of conditions that are linked to other aspects of obesity, 
such as the load- bearing effects. The burden of obesity on individuals and health- care systems is 
very large, and in the absence of a widely applicable, sustainable treatment or effective public health 
measures, it is important to understand the disease consequences of obesity, and how they may be 
best alleviated, in more detail.

To better understand the disease consequences of obesity, many previous studies have used the 
approach of Mendelian randomisation (MR) (Smith and Ebrahim, 2004). These studies used common 
genetic variants robustly associated with BMI as proxies for obesity to assess the causal effects of 
higher BMI on many diseases. MR studies have provided strong evidence that higher BMI leads to 
osteoarthritis (Tachmazidou et al., 2019), colorectal cancer (Thrift et al., 2015; Suzuki et al., 2021; 
Bull et al., 2020), and psoriasis (Budu- Aggrey et al., 2019), as well as metabolic conditions such as 
type 2 diabetes, cardiovascular disease (Hägg et al., 2015), and heart failure (Cheng et al., 2019; 
Corbin et al., 2016; Fall et al., 2013). Other MR studies indicate that higher BMI may lead to lower 
risk of some diseases, including postmenopausal breast cancer (Guo et al., 2016) and Parkinson’s 
disease (Noyce et al., 2017).

Obesity is heterogeneous – for example, for a given BMI, people vary widely in their amount of fat 
versus fat free mass, predominantly muscle, and their distribution of fat, predominantly subcutaneous 
versus ectopic and upper versus lower body fat. Even when there is strong evidence of causality, 
obesity may lead to disease through a variety of mechanisms. Despite many MR studies testing the 
role of higher BMI in disease, few have attempted to separate and test the different mechanisms that 
could lead from obesity to disease. Some MR studies have investigated the effects of fat distribution 
using genetic variants associated with waist- hip ratio (WHR) adjusted for BMI and shown that adverse 
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fat distribution (more upper body, less lower body) leads to higher risk of metabolic disease (Emdin 
et al., 2017), some cancers (Cornish et al., 2020), and gastro- oesophageal reflux disease (Green 
et al., 2020).

Previous studies have identified genetic variants associated with more specific measures of adiposity. 
For example, several studies have characterised variants associated with ‘favourable adiposity’ (FA) or 
reduced adipose storage capacity using a variety of approaches (Ji et al., 2019; Lotta et al., 2017; 
Kilpeläinen et al., 2011; Huang et al., 2021). We recently identified 36 FA alleles which are collec-
tively associated with a favourable metabolic profile, higher subcutaneous fat but lower ectopic liver 
fat (Ji et al., 2019; Martin et al., 2021), resembling a polygenic phenotype opposite to lipodystrophy 
(Semple et al., 2011). We also identified 38 unfavourable adiposity (UFA) alleles which are associated 
with higher fat in subcutaneous and visceral adipose tissue, and higher ectopic liver and pancreatic 
fat (Ji et al., 2019; Martin et al., 2021), resembling monogenic obesity (Supplementary file 1a). We 
performed MR studies and showed that FA and UFA have opposite causal effects on six metabolic 
conditions (Martin et al., 2021). While both FA and UFA were associated with higher adiposity, FA was 
causally associated with lower risk of type 2 diabetes, heart disease, hypertension, stroke, polycystic 
ovary syndrome, and non- alcoholic fatty liver disease. In contrast, as expected, UFA was associated 
with higher risk of these conditions. These results confirmed the ability of the two sets of adiposity 
variants to partially separate out the metabolic from the non- metabolic effects of higher adiposity.

In this study, we aimed to investigate the effects of separate components to higher adiposity on 
risk of additional metabolic diseases and many non- metabolic diseases. We used genetic variants 
associated with BMI, body fat percentage, FA, and UFA to understand the components of higher 
adiposity that are the predominant causes of disease risk. Our findings may give guidance on some 
obesity- related risks which are not dependent on metabolic consequences, thereby guiding appro-
priate medical care.

Methods
Study design
An overview of our approach is shown in Figure 1. First, we identified diseases by performing a litera-
ture search of studies that had used MR to assess the consequences of BMI on outcome phenotypes. 
We used the search terms ‘BMI and Mendelian randomisation’ and ‘BMI and Mendelian random-
ization’. We identified 37 diseases associated with BMI and for which MR studies had previously 
been performed (Supplementary file 1b). We included all diseases regardless of the MR result in 
the published study. Second, we reperformed MR studies using BMI as an exposure. Third, for those 
diseases where MR indicated higher BMI was causal, we tested the effects of body fat percentage to 
confirm that the causal effect was due to fat mass rather than fat- free mass. Fourth, for diseases where 
MR suggested the BMI effect was due to excess adiposity, we used genetic variants more specific to 
the metabolic and non- metabolic components of higher adiposity to help understand the extent to 
which these factors influence disease.

Data sources
We used three data sources for disease outcomes: (i) published genome- wide association studies 
(GWAS; Okada et  al., 2014; Nikpay et  al., 2015; Jones et  al., 2017; Michailidou et  al., 2017; 
Phelan et al., 2017; Scelo et al., 2017; Tsoi et al., 2017; Day et al., 2018; Mahajan et al., 2018; 
Malik et al., 2018; O’Mara et al., 2018; Roselli et al., 2018; Schumacher et al., 2018; Wray et al., 
2018; An et al., 2019; Ferreira et al., 2019; Huyghe et al., 2019; Jansen et al., 2019; Kunkle et al., 
2019; Law et al., 2019; Lindström et al., 2019; Morris et al., 2019; Nalls et al., 2019; Shah et al., 
2019; Tachmazidou et al., 2019; Tin et al., 2019; Wuttke et al., 2019; Huyghe et al., 2021) and (ii) 
FinnGen (FinnGen, 2021) as our main results, and (iii) UK Biobank (RRID:SCR_012815; Collins, 2012) 
as additional validation. FinnGen is a cohort of 176,899 individuals with linked medical records. UK 
Biobank is a population cohort of >500,000 individuals aged 37–73 years recruited between 2006 and 
2010 from across the UK. For the 37 identified diseases, 25 had summary GWAS data available from 
both a published GWAS consortium and FinnGen, and 12 diseases had GWAS summary data avail-
able in FinnGen only. In addition, data from 31 of the 37 diseases were available in the UK Biobank. 
No GWAS data were available for Barrett’s oesophagus, but we included gastro- oesophageal reflux. 

https://doi.org/10.7554/eLife.72452
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Step 1: Search literature for Mendelian randomisation studies of BMI and 
disease

Step 2: Perform Mendelian randomisation of BMI and body fat percentage 
with disease

Step 3: Confirm whether causal effect was due to fat mass rather than fat free 
mass

Step 4: Perform Mendelian randomisation of metabolically favourable and 
unfavourable adiposity with disease

Figure 1

Step 5: Identify whether evidence of metabolic, non-metabolic, combination 
(predominantly metabolic) or combination (predominantly non-metabolic) causal 

effect, based on below illustration of how results will be interpreted

Figure 1. Study design.

https://doi.org/10.7554/eLife.72452
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The characteristics of the studies and measures, disease outcomes, and the definition of cases and 
controls are described in Supplementary file 1ci–iii.

GWAS of UK Biobank participants
For the GWAS of 31 diseases available in UK Biobank, we used a linear mixed model implemented in 
BOLT- LMM to account for population structure and relatedness (Loh et al., 2015). We used age, sex, 
genotyping platform, study centre, and the first five principal components as covariates in the model.

Genetic variants
We used four sets of genetic variants as proxies of four exposures (Supplementary file 1d).

Body mass index
In the broadest category, we used a set of 73 variants independently associated with BMI at genome- 
wide significance (p<5 × 10–8). These variants were identified in the GIANT consortium of up to 
339,224 individuals of European ancestry (Locke et al., 2015).

Body fat percentage
We used 696 variants from a GWAS in the UK Biobank (Martin et al., 2021). We used bio- impedance 
measures of body fat % taken by the Tanita BC- 418MA body composition analyser in 442,278 individ-
uals of European ancestry.

The BMI and body fat percentage variants were partially overlapping (n = 5 variants), but we used 
exposure- trait- specific weights for each variant.

FA variants
There are 36 FA variants (Martin et  al., 2021). These variants were identified in two steps. First, 
they were associated (at p<5 × 10–8) with body fat percentage and a composite metabolic pheno-
type consisting of body fat percentage, HDL- cholesterol, triglycerides, SHBG, alanine transaminase, 
and aspartate transaminase. Second, in a k- means clustering approach (a hard clustering approach) 
(Martin et al., 2021), they formed a cluster of variants that were collectively associated with higher 
HDL- cholesterol, higher SHBG, and lower triglycerides and liver enzymes – resembling a phenotype 
opposite to lipodystrophy.

UFA variants
There are 38 UFA variants (Martin et al., 2021). These variants were identified in two steps. First, they 
were associated (at p<5 × 10–8) with body fat percentage and a composite metabolic phenotype as 
detailed above. Second, in a k- means clustering approach (Martin et al., 2021), they formed a cluster 
of variants that were collectively associated with lower HDL- cholesterol, lower SHBG, and higher 
triglycerides and liver enzymes - resembling monogenic obesity.

Mendelian randomisation
We investigated the causal associations between the four exposures (BMI, body fat percentage, FA, 
and UFA) and 37 disease outcomes by performing two- sample MR analysis (Pierce and Burgess, 
2013). We used the inverse- variance weighted (IVW) approach as our main analysis, and MR- Egger 
and weighted median as sensitivity analyses in order to detect and partially account for unidentified 
pleiotropy of our genetic instruments. For BMI, we used effect size estimates from the GWAS of BMI 
(Locke et al., 2015), and for body fat percentage, FA, and UFA, we used effect size estimates from 
the GWAS of body fat percentage (442,278 European ancestry individuals from the UK Biobank study) 
(Ji et al., 2019).

To estimate the effects of variants on our disease outcomes, we used two main sources of data: 
FinnGen GWAS summary results and published GWAS of the same diseases (Supplementary file 
1ci–ii). We performed MR within each data source and then meta- analysed the results across the two 
datasets using a random- effects model with the R package metafor (RRID:SCR_003450; Viechtbauer, 
2010), where the data was available in both. For one published GWAS (the GECCO consortium), 
we only had information for FA and UFA variants. To provide further MR evidence, we used a third 
source of disease data – disease status in the UK Biobank (Supplementary file 1ciii). We ran the same 

https://doi.org/10.7554/eLife.72452
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models but did not meta- analyse with published GWAS and FinnGen because most of the body fat 
percentage, FA, and UFA variants were identified in the UK Biobank.

We obtained heterogeneity Q statistics for each IVW MR and MR- Egger, and I2 statistics for each 
MR- Egger analysis using the MendelianRandomization R package (Yavorska and Burgess, 2017). All 
statistical analyses were conducted using R software (R Development Core Team, 2020). Given the 
number of tests performed, we used a Benjamini–Hochberg false discovery rate (FDR) procedure and 
an FDR of 0.1 to define meaningful results for each of the four exposures (Benjamini and Hochberg, 
1995).

Results
We identified 37 diseases as associated with obesity and for which MR studies had previously been 
performed. Of these 37, 5 metabolic conditions were part of our previous study that validated 
the use of FA and UFA genetic variants as a way of partially separating the metabolic from non- 
metabolic components of higher adiposity (Martin et al., 2021). Once we had tested BMI and body 
fat percentage, we further characterised the likely causal component of higher adiposity using FA and 
UFA variants as follows (Figure 1, step 5): (i) diseases with evidence that the metabolic effect of higher 
adiposity is causal. Here, MR using the UFA genetic variants indicated that higher adiposity with its 
adverse metabolic consequences was causal to disease, whilst MR using the FA genetic variants indi-
cated that higher adiposity with favourable metabolic effects was protective (at FDR 0.1). (ii) Diseases 
with evidence that there is a non- metabolic causal effect (e.g. mechanical effect, psychological/
adverse social effect). Here, MR using the FA genetic variants indicated that higher adiposity without 
its adverse metabolic consequences was likely contributing to the disease, as well as the MR using 
the UFA genetic variants. (iii) Diseases with evidence that there is a combination of causal effects but 
with a predominantly metabolic component. Here, MR using the UFA genetic variants indicated that 
higher adiposity with its adverse metabolic consequences was causal to disease, and MR using the FA 
genetic variants was directionally consistent with higher adiposity with favourable metabolic effects 
being protective but FDR > 0.1. (iv) Diseases with evidence that there is a combination of causal 
effects but with a predominantly non- metabolic component. Here, MR using the UFA genetic variants 
indicated that higher adiposity without its adverse metabolic consequences was likely contributing to 
the disease, and MR of the FA genetic variants was directionally consistent with this but FDR > 0.1.

We grouped these disease outcomes into seven major categories – cardiovascular and metabolic 
conditions, musculoskeletal, gastrointestinal, nervous, integumentary and respiratory systems, and 
cancer. MR analysis of five conditions (coronary artery disease, hypertension, stroke, type 2 diabetes, 
and polycystic ovary syndrome) was part of our previous study (Martin et al., 2021). We focused on 
the MR of body fat percentage if a causal effect of BMI was indicated, and the MR of FA and UFA 
if a causal effect of BMI and body fat percentage was indicated, but have presented all results in 
Supplementary file 1e for completeness. Where random- effects meta- analyses were performed, the 
heterogeneity statistics are given in Supplementary file 1f.

(i) Diseases with evidence that the metabolic effect of higher adiposity 
is causal
When comparing the MR analyses for FA and UFA, our results provided evidence that the metabolic 
effect of higher adiposity is contributing causally to coronary artery disease, peripheral artery disease, 
hypertension, stroke, type 2 diabetes, and gout (Figures 2–12, Supplementary file 1e). For stroke, 
our results were consistent when using sub- types of the condition (Figure 3—figure supplement 1, 
Supplementary file 1g). Our results also indicated that the metabolic effect of higher adiposity is 
causal to chronic kidney disease, although the results from BMI and body fat percentage were less 
conclusive (Figure 3).

(ii) Diseases with evidence that there is a non-metabolic causal effect
When comparing the MR analyses for FA and UFA, our results provided evidence that some non- 
metabolic effect of higher adiposity is contributing causally to venous thromboembolism, deep vein 
thrombosis, osteoarthritis, and rheumatoid arthritis (Figures  2–12, Supplementary file 1e). For 

https://doi.org/10.7554/eLife.72452
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osteoarthritis, our results were consistent when using sub- types of the condition (Figure 5—figure 
supplement 1, Supplementary file 1g).

(iii) Diseases with evidence that there is a combination of causal effects 
but with a predominantly metabolic component
When comparing the MR analyses for FA and UFA, our results provided evidence that the metabolic 
effect of higher adiposity is the predominate cause of the link between higher BMI and polycystic ovary 
syndrome, heart failure, and atrial fibrillation. Our results also provided evidence that the metabolic 
effect of higher adiposity is the predominate cause of the link between higher BMI and a reduced risk 

Figure 2. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat percentage 
(BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on type 2 diabetes, hypertension, polycystic ovary syndrome and coronary 
artery disease. The error bars represent the 95% confidence intervals of the IVW estimates in odds ratio per standard deviation change in genetically 
determined BMI, body fat percentage, FA and UFA. Italics give our best interpretation of the data using the FDR 0.1 results.

https://doi.org/10.7554/eLife.72452
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Figure 3. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat percentage 
(BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on stroke, peripheral artery disease, heart failure, atrial fibrillation and chronic 
kidney disease. The error bars represent the 95% confidence intervals of the IVW estimates in odds ratio per standard deviation change in genetically 
determined BMI, body fat percentage, FA and UFA. Italics give our best interpretation of the data using the FDR 0.1 results.

The online version of this article includes the following figure supplement(s) for figure 3:

Figure supplement 1. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat 
percentage (BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on sub- types of stroke.

https://doi.org/10.7554/eLife.72452
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of breast cancer and higher risk of renal cancer, although the results from body fat percentage were 
less conclusive (Figures 2–12, Supplementary file 1e).

(iv) Diseases with evidence that there is a combination of causal effects 
but with a predominantly non-metabolic component
When comparing the MR analyses for FA and UFA, our results suggested that some non- metabolic 
effect of higher adiposity is the predominant cause of the link between higher BMI and gallstones, 
gastro- oesophageal reflux disease, adult- onset asthma, and psoriasis (Figures 2–12, Supplementary 
file 1e). Our results also indicated that some non- metabolic effect of higher adiposity is causal to 

Figure 4. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat percentage 
(BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on venous thromboembolism, deep vein thrombosis, pulmonary embolism 
and abdominal aneurysm. The error bars represent the 95% confidence intervals of the IVW estimates in odds ratio per standard deviation change in 
genetically determined BMI, body fat percentage, FA and UFA. Italics give our best interpretation of the data using the FDR 0.1 results.

https://doi.org/10.7554/eLife.72452
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Figure 5. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat percentage 
(BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on gout, osteoarthritis, osteoporosis and rheumatoid arthritis. The error bars 
represent the 95% confidence intervals of the IVW estimates in odds ratio per standard deviation change in genetically determined BMI, body fat 
percentage, FA and UFA. Italics give our best interpretation of the data using the FDR 0.1 results.

The online version of this article includes the following figure supplement(s) for figure 5:

Figure supplement 1. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat 
percentage (BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on sub- types of osteoarthritis.

https://doi.org/10.7554/eLife.72452
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osteoporosis, although the results from BMI were less conclusive (Figure 5). Our results found no 
evidence (at p<0.05) of an effect of BMI or adiposity on child- onset asthma (Figure 9—figure supple-
ment 1, Supplementary file 1g).

All other disease outcomes
Fifteen disease outcomes did not fit the criteria for definitions i–iv. For five of these conditions, our 
MR results indicated a causal effect of higher BMI or adiposity, but results from FA and UFA were 
inconclusive: pulmonary embolism, depression, endometrial cancer, lung cancer, and prostate cancer 
(Figures 2–12, Supplementary file 1e). Additionally, we identified some evidence of a metabolic 

Figure 6. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat percentage 
(BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on gallstones and gastro- oesophageal reflux disease. The error bars represent the 
95% confidence intervals of the IVW estimates in odds ratio per standard deviation change in genetically determined BMI, body fat percentage, FA and 
UFA. Italics give our best interpretation of the data using the FDR 0.1 results.

https://doi.org/10.7554/eLife.72452
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effect of higher adiposity with colorectal and ovarian cancer, with the MR of FA indicating lower odds 
of colorectal (0.67 [0.52, 0.85]) and ovarian (0.35 [0.18, 0.70]) cancers, but MR of UFA was consistent 
with the null (p>0.05). For colorectal and ovarian cancer, our results were consistent when using sub- 
types of the conditions (Figure 10—figure supplement 1, Figure 11—figure supplements 1 and 2, 
Supplementary file 1g).

Sensitivity analyses
Out of 82 disease outcomes (including subtypes), weighted median MR results were directionally 
consistent with IVW analysis for 75 diseases for BMI and 73 for body fat percentage, with 33 and 47 of 

Figure 7. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat percentage 
(BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on Alzheimer’s disease, depression, multiple sclerosis and Parkinson’s disease. 
The error bars represent the 95% confidence intervals of the IVW estimates in odds ratio per standard deviation change in genetically determined BMI, 
body fat percentage, FA and UFA. Italics give our best interpretation of the data using the FDR 0.1 results.

https://doi.org/10.7554/eLife.72452
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these having p<0.05, respectively. For FA and UFA, where sub- type colorectal cancer data was avail-
able, the total number of diseases was 87, and 76 were directionally consistent for both exposures, 
with 22 and 39 having p<0.05, respectively.

MR- Egger results were broadly consistent with the primary IVW MR results, indicating that plei-
otropy (variants acting on the outcomes through more than one mechanism) appears to have had 
limited effect on our results. MR- Egger results were directionally consistent with IVW for 71 diseases 
for BMI and 70 for body fat percentage, with 25 and 38 of these having p<0.05, respectively. For FA 
and UFA, MR- Egger was directionally consistent for 60 and 67 diseases, with 6 and 15 having p<0.05, 
respectively (Supplementary file 1g). Of the 31 diseases available in the UK Biobank, the IVW analysis 
of these was directionally consistent with the FinnGen and/or published GWAS analysis for 28, 27, 24, 

Figure 8. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat percentage 
(BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on psoriasis. The error bars represent the 95% confidence intervals of the 
IVW estimates in odds ratio per standard deviation change in genetically determined BMI, body fat percentage, FA and UFA. Italics give our best 
interpretation of the data using the FDR 0.1 results.

https://doi.org/10.7554/eLife.72452
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Figure 9. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat percentage 
(BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on adult- onset asthma. The error bars represent the 95% confidence intervals of 
the IVW estimates in odds ratio per standard deviation change in genetically determined BMI, body fat percentage, FA and UFA. Italics give our best 
interpretation of the data using the FDR 0.1 results.

The online version of this article includes the following figure supplement(s) for figure 9:

Figure supplement 1. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat 
percentage (BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on sub- types of asthma.

https://doi.org/10.7554/eLife.72452
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Figure 10. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat percentage 
(BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on Barrett’s oesophagus, breast cancer, cancer myeloma and colorectal cancer. 
The error bars represent the 95% confidence intervals of the IVW estimates in odds ratio per standard deviation change in genetically determined BMI, 
body fat percentage, FA and UFA. Italics give our best interpretation of the data using the FDR 0.1 results.

The online version of this article includes the following figure supplement(s) for figure 10:

Figure supplement 1. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat 
percentage (BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on sub- types of colorectal cancer.
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Figure 11. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat percentage 
(BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on endometrial and lung cancer, meningioma and ovarian cancer. The error 
bars represent the 95% confidence intervals of the IVW estimates in odds ratio per standard deviation change in genetically determined BMI, body fat 
percentage, FA and UFA. Italics give our best interpretation of the data using the FDR 0.1 results.

The online version of this article includes the following figure supplement(s) for figure 11:

Figure supplement 1. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat 
percentage (BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on 5 sub- types of ovarian cancer.

Figure supplement 2. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat 
percentage (BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on 4 sub- types of ovarian cancer.

https://doi.org/10.7554/eLife.72452


 Research article Epidemiology and Global Health | Genetics and Genomics

Martin et al. eLife 2022;11:e72452. DOI: https://doi.org/10.7554/eLife.72452  17 of 33

and 27 traits for BMI, body fat percentage, FA, and UFA, respectively (Supplementary file 1h). Of 
these, 18, 21, 9, and 16 had p<0.05, respectively.

Discussion
We used a genetic approach to understand the role of higher adiposity uncoupled from its adverse 
metabolic effects in mechanisms linking obesity to higher risk of disease. We first used MR to provide 
evidence that higher BMI was causally associated with 21 diseases, broadly consistent with those from 
previous studies. For the majority (17) of these diseases, our results indicated that the BMI effect was 
predominantly due to excess adiposity rather than a non- fat mass component to BMI. We then used 

Figure 12. The inverse- variance weighted (IVW) two- sample MR analysis/meta- analysis of the effects of body mass index (BMI), body fat percentage 
(BFP), “favourable adiposity” (FA) and “unfavourable adiposity” (UFA) on pancreatic, prostate, renal and thyroid cancer. The error bars represent the 
95% confidence intervals of the IVW estimates in odds ratio per standard deviation change in genetically determined BMI, body fat percentage, FA and 
UFA. Italics give our best interpretation of the data using the FDR 0.1 results.

https://doi.org/10.7554/eLife.72452
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a more specific approach to test the separate roles of higher adiposity with and without its adverse 
metabolic effects. We provided genetic evidence that the adverse metabolic consequences of higher 
BMI lead to coronary artery disease, peripheral artery disease, hypertension, stroke, type 2 diabetes, 
polycystic ovary syndrome, heart failure, atrial fibrillation, chronic kidney disease, renal cancer, and 
gout, and the adverse non- metabolic consequences of higher BMI likely contribute to osteoarthritis, 
rheumatoid arthritis, osteoporosis, gastro- oesophageal reflux disease, gallstones, adult- onset asthma, 
psoriasis, deep vein thrombosis, and venous thromboembolism.

Understanding the reasons why obesity leads to disease is important in order to better advise 
health professionals and patients of health risks linked to obesity, whether or not they show metabolic 
derangements. Many previous studies have used an MR approach to support a causal role of higher 
BMI in disease, but here we attempted to systematically test many conditions and the role of separate 
components of higher BMI. We discuss some of the more notable, and potentially clinically important, 
results below.

Cardiometabolic diseases
Previous studies, including those using MR, have shown that higher BMI leads to many cardiometabolic 
diseases (Larsson et al., 2020; Riaz et al., 2018; Xu et al., 2020), but our results provide additional 
insight into the likely mechanisms. In addition to the previously established opposing effects of meta-
bolically FA and UFA for coronary artery disease, stroke, hypertension, and type 2 diabetes (Martin 
et al., 2021), our results confirmed similarly strong metabolic components to peripheral artery disease 
and chronic kidney disease. These results are consistent with the well- established adverse metabolic 
effects of higher BMI on these diseases (contributing to atherosclerotic effects or linked to specific 
haemodynamic impacts) (Sattar and McGuire, 2018). For two further cardiovascular conditions, heart 
failure and atrial fibrillation, the results were less certain. For these two conditions, the evidence of 
a predominantly metabolic effect of higher BMI was very clear – with the MR of UFA consistent with 
effects at least as strong as those for coronary artery disease. However, in contrast to the results for 
coronary artery disease, the MR of FA was consistent with no effect. This comparison between the 
effects of FA and UFA may indicate that there is a partial mechanical, or other non- metabolic compo-
nent, as well as metabolic effect, perhaps mediated by excess weight of any type placing extra strain 
on the heart.

In contrast to the results for most of the cardiometabolic diseases, our MR analyses provided 
evidence for a likely non- metabolic component mediating the effect of higher BMI on venous throm-
boembolism and deep vein thrombosis (two closely related conditions). This finding is clinically 
important as it suggests that treating metabolic risk factors associated with obesity without changing 
weight may not reduce the risk of deep vein thrombosis in individuals with obesity. Possible mecha-
nisms could include higher intra‐abdominal pressure (due to excess fat) and slower blood circulation 
in the lower limbs (due to a more sedentary lifestyle secondary to obesity, or mechanical occlusion of 
veins) promoting clot initiation and formation (Lorenzet et al., 2012).

Musculoskeletal diseases
We observed clear differences for the role of higher BMI in different musculoskeletal diseases. For 
gout, opposing effects of FA and UFA clearly indicated a metabolic effect. Gout is a form of inflam-
matory arthritis caused by the deposition of urate crystals within the joints (Dalbeth et al., 2016). 
Weight loss from bariatric surgery is associated with lower serum uric acid and lower risk of gout 
(Maglio et al., 2017). A previous MR study showed that overall obesity, but not the central location 
of fat, increased the risk of gout (Larsson et al., 2018). The protective effect of FA could be due to 
improved insulin sensitivity leading to less insulin- enhanced reabsorption of organic anions such as 
urate (Choi et al., 2005). In contrast to gout, our MR analysis provided evidence that a non- metabolic 
effect of higher adiposity is a likely cause of osteoarthritis and rheumatoid arthritis – with both FA and 
UFA leading to disease. For osteoarthritis, the effect of UFA was stronger than that of FA, indicating 
both a metabolic and non- metabolic component. This is consistent with a causal association between 
higher adiposity and higher risk of osteoarthritis in non- weight- bearing joints including hands (Reyes 
et al., 2016). For rheumatoid arthritis, the effects of FA and UFA were similar, suggesting the non- 
metabolic effect accentuating, or more readily unmasking, the autoimmune background risk, as the 
key BMI- related factor, although the confidence intervals were wider than those for osteoarthritis. 
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The UFA variants may potentially influence these conditions by load- bearing mechanisms, and tissue 
enrichment analysis for the FA and UFA variants previously found that FA and UFA loci are enriched for 
genes expressed in adipocytes and adipose tissue, and mesenchymal stem cells, respectively (Martin 
et  al., 2021). For osteoporosis, we did not replicate the previous finding of a causal association 
between higher BMI and risk of osteoporosis (estimated by bone mineral density; Song et al., 2020); 
however, we observed a causal association between higher body fat percentage and a higher risk 
of osteoporosis with consistent risk increasing effects of both FA and UFA. This finding adds to the 
complex relationship between higher BMI and osteoporosis, where higher BMI at earlier ages may 
increase bone accrual, but in later years results in adverse effects.

Gastrointestinal diseases 

We observed differences in the effects of BMI when comparing the two gastrointestinal diseases, 
although the results are less conclusive than those for the musculoskeletal conditions. Here, our results 
were consistent with a predominantly non- metabolic effect contributing to the association between 
higher BMI and higher risk of gallstones. Higher BMI has been shown to be causally associated with 
higher risk of gallstones (Yuan et al., 2021). There are several possible mechanisms that could explain 
how higher BMI without its adverse metabolic effects could increase the risk of gallstones. These 
could include a sedentary lifestyle and gallbladder hypomotility secondary to increased abdominal fat 
mass (Mathus- Vliegen et al., 2004). Metabolic mechanisms could include hepatic de novo cholesterol 
synthesis (Ståhlberg et al., 1997; Cruz- Monserrate et al., 2016). For gastro- oesophageal reflux, the 
consistent direction and effect sizes of higher FA and UFA indicate a non- metabolic component, an 
effect that may be mechanical and better explained by higher central adiposity rather than overall BMI 
(Green et al., 2020).

Other diseases
For most of the other diseases tested, it was difficult to draw firm conclusions about the role of meta-
bolically FA and UFA. For some diseases, this was in part due to the lack of MR evidence for a role of 
any form of higher BMI. For example, our MR analyses provided no evidence for the role of higher 
BMI in the neurodegenerative diseases Alzheimer’s disease, multiple sclerosis, and Parkinson’s. These 
results are consistent with some but not all previous studies. For example, higher BMI is listed as a key 
risk factor for Alzheimer’s disease (Livingston et al., 2020), although with little evidence of causality, 
including MR studies that failed to show an effect (Larsson et al., 2017; Nordestgaard et al., 2017). 
In contrast to our results, recent MR studies have indicated that higher BMI is protective of Parkinson’s 
disease (Noyce et al., 2017) and causally associated with higher risk of multiple sclerosis (Mokry 
et al., 2016). For the inflammatory skin disorder psoriasis, our results indicated that both higher BMI 
and higher body fat percentage are causally associated with higher risk, but determining the under-
lying mechanism from the MR of FA and UFA was difficult. Higher BMI is a known cause of psoriasis 
(Budu- Aggrey et  al., 2019; Iskandar et  al., 2015) and weight loss is a recommended treatment 
(Iskandar et al., 2015). It is possible that both metabolic and non- metabolic pathways are driving 
the risk. The non- metabolic pathways could include inflammation which is one of the possible causal 
mechanisms (Sbidian et al., 2017; Dowlatshahi et al., 2013). Further work is required to understand 
if psoriasis could be effectively treated by targeting the metabolic factors alone, or whether only 
weight loss will benefit such patients. For cancers, our results do not provide any clear additional 
insight into the likely mechanisms, with potentially stronger effects for BMI and UFA compared to 
body fat percentage in some analyses hard to explain biologically. The reasons why higher BMI is 
associated with cancers is uncertain, although several MR studies indicate that the association with 
many is causal (Mariosa et al., 2019; Vincent and Yaghootkar, 2020), and that central adiposity may 
play a role (Jarvis et al., 2016). Exposure to higher insulin levels is a plausible mechanism, and some 
studies have used MR to test insulin directly (Nead et al., 2015; Shu et al., 2019; Carreras- Torres 
et al., 2017b; Carreras- Torres et al., 2017a; Johansson et al., 2019). Our MR analysis reproduced 
the previous finding between higher adiposity and higher risk of endometrial cancer (Painter et al., 
2016) and renal cell carcinoma (Johansson et al., 2019), and lower risk of breast cancer (Guo et al., 
2016; Shu et al., 2019). In contrast to previous MR studies showing a causal link between higher BMI 
and higher risk of prostate cancer (Kazmi et al., 2020; Davies et al., 2015), we identified a causal 
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association between higher body fat percentage but lower risk of prostate cancer. The relationship 
between higher BMI and risk of breast cancer is complicated, with MR studies indicating that higher 
BMI is protective of postmenopausal breast cancer (Gao et al., 2016). This contrasts with the epide-
miological associations but could be explained by effects of childhood BMI (Richardson et al., 2020).

Strengths and limitations
Our study had a number of limitations. First, we do not know all of the potential effects of the FA and 
UFA genetic variants on intermediary mechanisms. For example, the inflammatory profile of the FA 
variants needs further characterisation. However, the consistent association of the FA genetic variants 
with lower risk of a wide range of metabolic conditions – from type 2 diabetes where insulin resistance 
predominates, to stroke where atherosclerotic and blood pressure mechanisms predominate – indi-
cates that these variants collectively represent a profile of higher adiposity and favourable metabolic 
factors. Second, for some diseases, we may have not had sufficient power to detect an effect of BMI 
or to separate the effects, and this could explain some of the null findings, especially for conditions 
where we might have expected an effect, such as pulmonary embolism and aortic aneurysm, but 
there were smaller numbers of cases available. Third, in some situations it was harder to interpret the 
results from the MR FA and UFA analyses, especially when one appeared to show an effect and the 
other did not. One possibility is that some diseases are a combination of both non- metabolic and 
metabolic effects. Osteoarthritis was the best example of this potential scenario because both FA and 
UFA increased the risk of disease, but UFA to a greater extent. However, for other diseases, it could 
be hard to detect a combined effect because the MR with FA could be protective (if metabolic effects 
predominate), increase risk (if non- metabolic effects predominate), or null (if the two have similar 
effects). Finally, we used an FDR of 0.1 as a guide to discussing meaningful results. We observed 21 
out of the 37 outcome diseases reaching an FDR of 0.1 (based on the Benjamini–Hochberg procedure) 
for BMI, and 19, 11, and 20 out of the 21 diseases causally associated with BMI reaching this FDR for 
body fat percentage, FA, and UFA, respectively. Equivalent numbers for an FDR of 0.05 were 21, 17, 
11, and 17. Excluding the five metabolic conditions used in our previous study (which were all causally 
associated with BMI), these results are 16, 14, 7, and 15 for an FDR of 0.1, and 16, 12, 7, and 12 for 
an FDR of 0.05. In addition to correcting for multiple tests, we noted that 74 of the 37 × 4 MR tests 
reached a p- value of <0.05 when we would only expect 7 by chance, suggesting many of the tests that 
did not reach a strict Bonferroni p<0.05 were meaningful.

In summary, we have used a genetic approach to test the separate roles of higher adiposity with 
and without its adverse metabolic effects. These results emphasize that many people in the commu-
nity who are of higher BMI are at risk of multiple chronic conditions that can severely impair their 
quality of life or cause morbidity or mortality, even if their metabolic parameters appear relatively 
normal.

Acknowledgements
This research has been conducted using the UK Biobank Resource under Application Number ‘9072’ 
and ‘9055’. We acknowledge the use of the University of Exeter High- Performance Computing (HPC) 
facility in carrying out this work. We acknowledge use of high- performance computing funded by an 
MRC Clinical Research Infrastructure award (MRC Grant: MR/M008924/1).

ASTERISK: We are very grateful to Dr. Bruno Buecher without whom this project would not have 
existed. We also thank all those who agreed to participate in this study, including the patients and the 
healthy control persons, as well as all the physicians, technicians and students.

CCFR: The Colon CFR graciously thanks the generous contributions of their study participants, dedi-
cation of study staff, and the financial support from the U.S. National Cancer Institute, without which 
this important registry would not exist. We would like to thank the study participants and staff of the 
Seattle Colon Cancer Family Registry and the Hormones and Colon Cancer study (CORE Studies).

CLUE II: We thank the participants of Clue II and appreciate the continued efforts of the staff at the 
Johns Hopkins George W. Comstock Center for Public Health Research and Prevention in the conduct 
of the Clue II Cohort Study.

COLON and NQplus: We would like to thank the COLON and NQplus investigators at Wageningen 
University & Research and the involved clinicians in the participating hospitals.

https://doi.org/10.7554/eLife.72452


 Research article Epidemiology and Global Health | Genetics and Genomics

Martin et al. eLife 2022;11:e72452. DOI: https://doi.org/10.7554/eLife.72452  21 of 33

CORSA: We kindly thank all those who contributed to the screening project Burgenland against CRC. 
Furthermore, we are grateful to Doris Mejri and Monika Hunjadi for laboratory assistance.

CPS- II: We thank the CPS- II participants and Study Management Group for their invaluable contribu-
tions to this research. We would also like to acknowledge the contribution to this study from central 
cancer registries supported through the Centers for Disease Control and Prevention National Program 
of Cancer Registries, and cancer registries supported by the National Cancer Institute Surveillance 
Epidemiology and End Results program.

Czech Republic CCS: We are thankful to all clinicians in major hospitals in the Czech Republic, without 
whom the study would not be practicable. We are also sincerely grateful to all patients participating 
in this study.

DACHS: We thank all participants and cooperating clinicians, and Ute Handte- Daub, Utz Benscheid, 
Muhabbet Celik, and Ursula Eilber for excellent technical assistance.

EDRN: We acknowledge all the following contributors to the development of the resource: University 
of Pittsburgh School of Medicine, Department of Gastroenterology, Hepatology and Nutrition: Lynda 
Dzubinski; University of Pittsburgh School of Medicine, Department of Pathology: Michelle Bisceglia; 
and University of Pittsburgh School of Medicine, Department of Biomedical Informatics.

EPIC: Where authors are identified as personnel of the International Agency for Research on Cancer/
World Health Organization, the authors alone are responsible for the views expressed in this article 
and they do not necessarily represent the decisions, policy or views of the International Agency for 
Research on Cancer/World Health Organization.

The EPIC- Norfolk study: we are grateful to all the participants who have been part of the project 
and to the many members of the study teams at the University of Cambridge who have enabled this 
research.

EPICOLON: We are sincerely grateful to all patients participating in this study who were recruited as 
part of the EPICOLON project. We acknowledge the Spanish National DNA Bank, Biobank of Hospital 
Clínic–IDIBAPS and Biobanco Vasco for the availability of the samples. The work was carried out (in 
part) at the Esther Koplowitz Centre, Barcelona.

Harvard cohorts (HPFS, NHS, PHS): The study protocol was approved by the institutional review 
boards of the Brigham and Women’s Hospital and Harvard T.H. Chan School of Public Health, and 
those of participating registries as required. We acknowledge Channing Division of Network Medi-
cine, Department of Medicine, Brigham and Women’s Hospital as home of the NHS. We would like to 
thank the participants and staff of the HPFS, NHS and PHS for their valuable contributions as well as 
the following state cancer registries for their help: AL, AZ, AR, CA, CO, CT, DE, FL, GA, ID, IL, IN, IA, 
KY, LA, ME, MD, MA, MI, NE, NH, NJ, NY, NC, ND, OH, OK, OR, PA, RI, SC, TN, TX, VA, WA, WY. The 
authors assume full responsibility for analyses and interpretation of these data.

Interval: A complete list of the investigators and contributors to the INTERVAL trial is provided in 
reference (32Riaz et al., 2018). The academic coordinating centre would like to thank blood donor 
centre staff and blood donors for participating in the INTERVAL trial.

Kentucky: We would like to acknowledge the staff at the Kentucky Cancer Registry.

LCCS: We acknowledge the contributions of Jennifer Barrett, Robin Waxman, Gillian Smith and Emma 
Northwood in conducting this study.

NCCCS I & II: We would like to thank the study participants, and the NC Colorectal Cancer Study staff.

NSHDS investigators thank the Biobank Research Unit at Umeå University, the Västerbotten Interven-
tion Programme, the Northern Sweden MONICA study and Region Västerbotten for providing data 
and samples and acknowledge the contribution from Biobank Sweden, supported by the Swedish 
Research Council (VR 2017- 00650).

PLCO: We thank the PLCO Cancer Screening Trial screening center investigators and the staff from 
Information Management Services Inc and Westat Inc. Most importantly, we thank the study partici-
pants for their contributions that made this study possible.

SEARCH: We thank the SEARCH team.

https://doi.org/10.7554/eLife.72452


 Research article Epidemiology and Global Health | Genetics and Genomics

Martin et al. eLife 2022;11:e72452. DOI: https://doi.org/10.7554/eLife.72452  22 of 33

SELECT: We thank the research and clinical staff at the sites that participated on SELECT study, without 
whom the trial would not have been successful. We are also grateful to the 35,533 dedicated men who 
participated in SELECT.

UK Biobank: We would like to thank the participants and researchers UK Biobank for their participa-
tion and acquisition of data.

WHI: We thank the WHI investigators and staff for their dedication, and the study participants for 
making the program possible. A full listing of WHI investigators can be found at: http://www. whi. org/ 
researchers/ Documents% 20% 20Write% 20a% 20Paper/ WHI% 20Investigator% 20Short% 20List. pdf.

HY is funded by Diabetes UK RD Lawrence fellowship (grant: 17/0005594). SM and TMF are funded 
by the MRC (MR/T002239/1). CJB is supported by the World Cancer Research Fund (WCRF UK), as 
part of the World Cancer Research Fund International grant programme (IIG_2019_2009). JAB works 
in a unit funded by the UK MRC (MC_UU_00011/1) and the University of Bristol. EEV is supported 
by Diabetes UK (17/0005587) and the World Cancer Research Fund (WCRF UK), as part of the World 
Cancer Research Fund International grant programme (IIG_2019_2009) and works within the CRUK 
Integrative Cancer Epidemiology Programme (C18281/A29019).

Genetics and Epidemiology of Colorectal Cancer Consortium (GECCO): National Cancer Institute, 
National Institutes of Health, U.S. Department of Health and Human Services (U01 CA164930, U01 
CA137088, R01 CA059045, R21 CA191312, R01201407). Genotyping/Sequencing services were 
provided by the Center for Inherited Disease Research (CIDR) contract number HHSN268201700006I 
and HHSN268201200008I. This research was funded in part through the NIH/NCI Cancer Center 
Support Grant P30 CA015704. Scientific Computing Infrastructure at Fred Hutch funded by ORIP 
grant S10OD028685.

ASTERISK: a Hospital Clinical Research Program (PHRC- BRD09/C) from the University Hospital Center 
of Nantes (CHU de Nantes) and supported by the Regional Council of Pays de la Loire, the Groupe-
ment des Entreprises Françaises dans la Lutte contre le Cancer (GEFLUC), the Association Anne de 
Bretagne Génétique and the Ligue Régionale Contre le Cancer (LRCC).

The ATBC Study is supported by the Intramural Research Program of the U.S. National Cancer Insti-
tute, National Institutes of Health.

CLUE II funding was from the National Cancer Institute (U01 CA86308, Early Detection Research 
Network; P30 CA006973), National Institute on Aging (U01 AG18033), and the American Institute for 
Cancer Research. The content of this publication does not necessarily reflect the views or policies of 
the Department of Health and Human Services, nor does mention of trade names, commercial prod-
ucts, or organizations imply endorsement by the US government.

Maryland Cancer Registry (MCR)

Cancer data was provided by the Maryland Cancer Registry, Center for Cancer Prevention and Control, 
Maryland Department of Health, with funding from the State of Maryland and the Maryland Cigarette 
Restitution Fund. The collection and availability of cancer registry data is also supported by the Coop-
erative Agreement NU58DP006333, funded by the Centers for Disease Control and Prevention. Its 
contents are solely the responsibility of the authors and do not necessarily represent the official views 
of the Centers for Disease Control and Prevention or the Department of Health and Human Services.

ColoCare: This work was supported by the National Institutes of Health (grant numbers R01 CA189184 
[Li/Ulrich], U01 CA206110 [Ulrich/Li/Siegel/Figueireido/Colditz], 2P30CA015704- 40 [Gilliland], R01 
CA207371 [Ulrich/Li]), the Matthias Lackas- Foundation, the German Consortium for Translational 
Cancer Research, and the EU TRANSCAN initiative.

The Colon Cancer Family Registry (CCFR, https://www.coloncfr.org) is supported in part by funding 
from the National Cancer Institute (NCI), National Institutes of Health (NIH) (award U01 CA167551). 
Support for case ascertainment was provided in part from the Surveillance, Epidemiology, and End 
Results (SEER) Program and the following U.S. state cancer registries: AZ, CO, MN, NC, NH; and by the 
Victoria Cancer Registry (Australia) and Ontario Cancer Registry (Canada). The CCFR Set- 1 (Illumina 
1 M/1M- Duo) and Set- 2 (Illumina Omni1- Quad) scans were supported by NIH awards U01 CA122839 
and R01 CA143247 (to GC). The CCFR Set- 3 (Affymetrix Axiom CORECT Set array) was supported 
by NIH award U19 CA148107 and R01 CA81488 (to SBG). The CCFR Set- 4 (Illumina OncoArray 

https://doi.org/10.7554/eLife.72452
https://www.coloncfr.org


 Research article Epidemiology and Global Health | Genetics and Genomics

Martin et al. eLife 2022;11:e72452. DOI: https://doi.org/10.7554/eLife.72452  23 of 33

600K SNP array) was supported by NIH award U19 CA148107 (to SBG) and by the Center for Inher-
ited Disease Research (CIDR), which is funded by the NIH to the Johns Hopkins University, contract 
number HHSN268201200008I. Additional funding for the OFCCR/ARCTIC was through award GL201- 
043 from the Ontario Research Fund (to BWZ), award 112746 from the Canadian Institutes of Health 
Research (to TJH), through a Cancer Risk Evaluation (CaRE) Program grant from the Canadian Cancer 
Society (to SG), and through generous support from the Ontario Ministry of Research and Innova-
tion. The SFCCR Illumina HumanCytoSNP array was supported in part through NCI/NIH awards U01 
CA074794 (to JDP) and /U24 CA074794 and R01 CA076366 (to PAN). The content of this manuscript 
does not necessarily reflect the views or policies of the NCI, NIH, or any of the collaborating centers in 
the Colon Cancer Family Registry (CCFR), nor does mention of trade names, commercial products, or 
organizations imply endorsement by the US Government, any cancer registry, or the CCFR.

COLON: The COLON study is sponsored by Wereld Kanker Onderzoek Fonds, including funds from 
grant 2014/1179 as part of the World Cancer Research Fund International Regular Grant Programme, 
by Alpe d’Huzes and the Dutch Cancer Society (UM 2012- 5653, UW 2013- 5927, UW2015- 7946), 
and by TRANSCAN (JTC2012- MetaboCCC, JTC2013- FOCUS). The Nqplus study is sponsored by a 
ZonMW investment grant (98- 10030); by PREVIEW, the project PREVention of diabetes through life-
style intervention and population studies in Europe and around the World (PREVIEW) project which 
received funding from the European Union Seventh Framework Programme (FP7/2007–2013) under 
grant no. 312057; by funds from TI Food and Nutrition (cardiovascular health theme), a public–private 
partnership on precompetitive research in food and nutrition; and by FOODBALL, the Food Biomarker 
Alliance, a project from JPI Healthy Diet for a Healthy Life.

Colorectal Cancer Transdisciplinary (CORECT) Study: The CORECT Study was supported by the 
National Cancer Institute, National Institutes of Health (NCI/NIH), U.S. Department of Health and 
Human Services (grant numbers U19 CA148107, R01 CA81488, P30 CA014089, R01 CA197350; P01 
CA196569; R01 CA201407) and National Institutes of Environmental Health Sciences, National Insti-
tutes of Health (grant number T32 ES013678).

CORSA: “Österreichische Nationalbank Jubiläumsfondsprojekt” (12511) and Austrian Research 
Funding Agency (FFG) grant 829675.

CPS- II: The American Cancer Society funds the creation, maintenance, and updating of the Cancer 
Prevention Study- II (CPS- II) cohort. This study was conducted with Institutional Review Board approval.

CRCGEN: Colorectal Cancer Genetics & Genomics, Spanish study was supported by Instituto de 
Salud Carlos III, co- funded by FEDER funds – a way to build Europe – (grants PI14- 613 and PI09- 1286), 
Agency for Management of University and Research Grants (AGAUR) of the Catalan Government 
(grant 2017SGR723), and Junta de Castilla y León (grant LE22A10- 2). Sample collection of this work 
was supported by the Xarxa de Bancs de Tumors de Catalunya sponsored by Pla Director d’Oncología 
de Catalunya (XBTC), Plataforma Biobancos PT13/0010/0013 and ICOBIOBANC, sponsored by the 
Catalan Institute of Oncology.

Czech Republic CCS: This work was supported by the Czech Science Foundation (20- 03997 S) and 
by the Grant Agency of the Ministry of Health of the Czech Republic (grants NV18/03/00199 and 
NU21- 07- 00247).

DACHS: This work was supported by the German Research Council (BR 1704/6- 1, BR 1704/6- 3, BR 
1704/6- 4, CH 117/1- 1, HO 5117/2- 1, HE 5998/2- 1, KL 2354/3- 1, RO 2270/8- 1, and BR 1704/17- 1), 
the Interdisciplinary Research Program of the National Center for Tumor Diseases (NCT), Germany, 
and the German Federal Ministry of Education and Research (01KH0404, 01ER0814, 01ER0815, 
01ER1505A, and 01ER1505B).

DALS: National Institutes of Health (R01 CA48998 to M.L. Slattery).

EDRN: This work is funded and supported by the NCI, EDRN Grant (U01 CA 84968- 06).

EPIC: The coordination of EPIC is financially supported by the European Commission (DGSANCO) 
and the International Agency for Research on Cancer. The national cohorts are supported by Danish 
Cancer Society (Denmark); Ligue Contre le Cancer, Institut Gustave Roussy, Mutuelle Générale de 
l’Education Nationale, Institut National de la Santé et de la Recherche Médicale (INSERM) (France); 
German Cancer Aid, German Cancer Research Center (DKFZ), Federal Ministry of Education and 

https://doi.org/10.7554/eLife.72452


 Research article Epidemiology and Global Health | Genetics and Genomics

Martin et al. eLife 2022;11:e72452. DOI: https://doi.org/10.7554/eLife.72452  24 of 33

Research (BMBF), Deutsche Krebshilfe, Deutsches Krebsforschungszentrum and Federal Ministry of 
Education and Research (Germany); the Hellenic Health Foundation (Greece); Associazione Italiana per 
la Ricerca sul Cancro- AIRCItaly and National Research Council (Italy); Dutch Ministry of Public Health, 
Welfare and Sports (VWS), Netherlands Cancer Registry (NKR), LK Research Funds, Dutch Prevention 
Funds, Dutch ZON (Zorg Onderzoek Nederland), World Cancer Research Fund (WCRF), Statistics 
Netherlands (The Netherlands); ERC- 2009- AdG 232997 and Nordforsk, Nordic Centre of Excellence 
programme on Food, Nutrition and Health (Norway); Health Research Fund (FIS), PI13/00061 to 
Granada, PI13/01162 to EPIC- Murcia, Regional Governments of Andalucía, Asturias, Basque Country, 
Murcia and Navarra, ISCIII RETIC (RD06/0020) (Spain); Swedish Cancer Society, Swedish Research 
Council and County Councils of Skåne and Västerbotten (Sweden); Cancer Research UK (14136 to 
EPIC- Norfolk; C570/A16491 and C8221/A19170 to EPIC- Oxford), Medical Research Council (1000143 
to EPIC- Norfolk, MR/M012190/1 to EPICOxford) (United Kingdom).

The EPIC- Norfolk study (https:// doi. org/ 10. 22025/ 2019. 10. 105. 00004) has received funding from the 
Medical Research Council (MR/N003284/1 and MC- UU_12015/1) and Cancer Research UK (C864/
A14136). The genetics work in the EPIC- Norfolk study was funded by the Medical Research Council 
(MC_PC_13048). Metabolite measurements in the EPIC- Norfolk study were supported by the MRC 
Cambridge Initiative in Metabolic Science (MR/L00002/1) and the Innovative Medicines Initiative Joint 
Undertaking under EMIF grant agreement no. 115372.

EPICOLON: This work was supported by grants from Fondo de Investigación Sanitaria/FEDER 
(PI08/0024, PI08/1276, PS09/02368, PI11/00219, PI11/00681, PI14/00173, PI14/00230, 
PI17/00509, 17/00878, PI20/00113, PI20/00226, Acción Transversal de Cáncer), Xunta de Galicia 
(PGIDIT07PXIB9101209PR), Ministerio de Economia y Competitividad (SAF07- 64873, SAF 2010- 
19273, SAF2014- 54453R), Fundación Científica de la Asociación Española contra el Cáncer 
(GCB13131592CAST), Beca Grupo de Trabajo “Oncología” AEG (Asociación Española de Gastro-
enterología), Fundación Privada Olga Torres, FP7 CHIBCHA Consortium, Agència de Gestió 
d’Ajuts Universitaris i de Recerca (AGAUR, Generalitat de Catalunya, 2014SGR135, 2014SGR255, 
2017SGR21, 2017SGR653), Catalan Tumour Bank Network (Pla Director d’Oncologia, Generalitat 
de Catalunya), PERIS (SLT002/16/00398, Generalitat de Catalunya), CERCA Programme (General-
itat de Catalunya) and COST Actions BM1206 and CA17118. CIBERehd is funded by the Instituto 
de Salud Carlos III.

ESTHER/VERDI. This work was supported by grants from the Baden- Württemberg Ministry of Science, 
Research and Arts and the German Cancer Aid.

Harvard cohorts (HPFS, NHS, PHS): HPFS is supported by the National Institutes of Health (P01 
CA055075, UM1 CA167552, U01 CA167552, R01 CA137178, R01 CA151993, R35 CA197735, K07 
CA190673, and P50 CA127003), NHS by the National Institutes of Health (R01 CA137178, P01 
CA087969, UM1 CA186107, R01 CA151993, R35 CA197735, K07CA190673, and P50 CA127003) and 
PHS by the National Institutes of Health (R01 CA042182).

Hawaii Adenoma Study: NCI grants R01 CA72520.

HCES- CRC: the Hwasun Cancer Epidemiology Study–Colon and Rectum Cancer (HCES- CRC; grants 
from Chonnam National University Hwasun Hospital, HCRI15011- 1).

Kentucky: This work was supported by the following grant support: Clinical Investigator Award from 
Damon Runyon Cancer Research Foundation (CI- 8); NCI R01CA136726.

LCCS: The Leeds Colorectal Cancer Study was funded by the Food Standards Agency and Cancer 
Research UK Programme Award (C588/A19167).

Melbourne Collaborative Cohort Study (MCCS) cohort recruitment was funded by VicHealth and 
Cancer Council Victoria. The MCCS was further augmented by Australian National Health and 
Medical Research Council grants 209057, 396414, and 1074383 and by infrastructure provided by 
Cancer Council Victoria. Cases and their vital status were ascertained through the Victorian Cancer 
Registry and the Australian Institute of Health and Welfare, including the National Death Index and 
the Australian Cancer Database.

Multiethnic Cohort (MEC) Study: National Institutes of Health (R37 CA54281, P01 CA033619, R01 
CA063464, and U01 CA164973).

https://doi.org/10.7554/eLife.72452


 Research article Epidemiology and Global Health | Genetics and Genomics

Martin et al. eLife 2022;11:e72452. DOI: https://doi.org/10.7554/eLife.72452  25 of 33

MECC: This work was supported by the National Institutes of Health, U.S. Department of Health and 
Human Services (R01 CA81488 to SBG and GR).

MSKCC: The work at Sloan Kettering in New York was supported by the Robert and Kate Niehaus 
Center for Inherited Cancer Genomics and the Romeo Milio Foundation. Moffitt: This work was 
supported by funding from the National Institutes of Health (grant numbers R01 CA189184, P30 
CA076292), Florida Department of Health Bankhead- Coley Grant 09BN- 13, and the University of 
South Florida Oehler Foundation. Moffitt contributions were supported in part by the Total Cancer 
Care Initiative, Collaborative Data Services Core, and Tissue Core at the H. Lee Moffitt Cancer Center 
& Research Institute, a National Cancer Institute- designated Comprehensive Cancer Center (grant 
number P30 CA076292).

NCCCS I & II: We acknowledge funding support for this project from the National Institutes of Health, 
R01 CA66635 and P30 DK034987.

NFCCR: This work was supported by an Interdisciplinary Health Research Team award from the Cana-
dian Institutes of Health Research (CRT 43821); the National Institutes of Health, U.S. Department of 
Health and Human Serivces (U01 CA74783); and National Cancer Institute of Canada grants (18223 
and 18226). We wish to acknowledge the contribution of Alexandre Belisle and the genotyping team 
of the McGill University and Génome Québec Innovation Centre, Montréal, Canada, for genotyping 
the Sequenom panel in the NFCCR samples. Funding was provided to Michael O. Woods by the Cana-
dian Cancer Society Research Institute.

NSHDS: Swedish Research Council; Swedish Cancer Society; Cutting- Edge Research Grant and other 
grants from Region Västerbotten; Knut and Alice Wallenberg Foundation; Lion’s Cancer Research 
Foundation at Umeå University; the Cancer Research Foundation in Northern Sweden; and the Faculty 
of Medicine, Umeå University, Umeå, Sweden.

OSUMC: OCCPI funding was provided by Pelotonia and HNPCC funding was provided by the NCI 
(CA16058 and CA67941).

PLCO: Intramural Research Program of the Division of Cancer Epidemiology and Genetics and 
supported by contracts from the Division of Cancer Prevention, National Cancer Institute, NIH, DHHS. 
Funding was provided by National Institutes of Health (NIH), Genes, Environment and Health Initiative 
(GEI) Z01 CP 010200, NIH U01 HG004446, and NIH GEI U01 HG 004438.

SEARCH: The University of Cambridge has received salary support in respect of PDPP from the NHS in 
the East of England through the Clinical Academic Reserve. Cancer Research UK (C490/A16561); the 
UK National Institute for Health Research Biomedical Research Centres at the University of Cambridge.

SELECT: Research reported in this publication was supported in part by the National Cancer Insti-
tute of the National Institutes of Health under Award Numbers U10 CA37429 (CD Blanke), and UM1 
CA182883 (CM Tangen/IM Thompson). The content is solely the responsibility of the authors and 
does not necessarily represent the official views of the National Institutes of Health.

SMS and REACH: This work was supported by the National Cancer Institute grant P01 CA074184 to 
JDP and PAN, grants R01 CA097325, R03 CA153323, and K05 CA152715 to PAN, and the National 
Center for Advancing Translational Sciences at the National Institutes of Health (grant KL2 TR000421 
to ANB- H).

The Swedish Low- risk Colorectal Cancer Study: The study was supported by grants from the Swedish 
research council; K2015- 55X- 22674- 01- 4, K2008- 55X- 20157- 03- 3, K2006- 72X- 20157- 01- 2, and the 
Stockholm County Council (ALF project).

Swedish Mammography Cohort and Cohort of Swedish Men: This work is supported by the Swedish 
Research Council /Infrastructure grant, the Swedish Cancer Foundation, and the Karolinska Institute´s 
Distinguished Professor Award to Alicja Wolk.

UK Biobank: This research has been conducted using the UK Biobank Resource under Application 
Number 8,614

VITAL: National Institutes of Health (K05 CA154337).

WHI: The WHI program is funded by the National Heart, Lung, and Blood Institute, National Institutes 
of Health, U.S. Department of Health and Human Services through contracts HHSN268201100046C, 

https://doi.org/10.7554/eLife.72452


 Research article Epidemiology and Global Health | Genetics and Genomics

Martin et al. eLife 2022;11:e72452. DOI: https://doi.org/10.7554/eLife.72452  26 of 33

HHSN268201100001C, HHSN268201100002C, HHSN268201100003C, HHSN268201100004C, and 
HHSN271201100004C.

Additional information

Competing interests
Naveed Sattar: Naveed Sattar has consulted for Afimmune, Amgen, AstraZeneca, Boehringer Ingel-
heim, Eli Lilly, Hanmi Pharmaceuticals, Merck Sharp & Dohme, Novartis, Novo Nordisk, Pfizer, and 
Sanofi; and received grant support paid to his University from AstraZeneca, Boehringer Ingelheim and 
Roche Diagnostics outside the submitted work. Timothy M Frayling: Tim Frayling has consulted for 
Boehringer Ingelheim and Sanofi and has a student supported by GSK. The other authors declare that 
no competing interests exist.

Funding

Funder Grant reference number Author

Diabetes UK 17/0005594 Hanieh Yaghootkar

Medical Research Council MR/T002239/1 Susan Martin
Timothy Frayling

World Cancer Research 
Fund

IIG_2019_2009 Caroline Bull
Emma E Vincent

Medical Research Council MC_UU_00011/1 Joshua A Bell

Diabetes UK 17/0005587 Emma E Vincent

Cancer Research UK C18281/A29019 Emma E Vincent

The funders had no role in study design, data collection and interpretation, or the 
decision to submit the work for publication.

Author contributions
Susan Martin, Data curation, Formal analysis, Investigation, Methodology, Software, Validation, Visu-
alization, Writing – original draft, Writing – review and editing; Jessica Tyrrell, Conceptualization, 
Methodology, Project administration, Resources, Software, Supervision, Writing – review and editing; 
E Louise Thomas, Matthew J Bown, Lam C Tsoi, Philip E Stuart, James T Elder, Philip Law, Richard 
Houlston, Christopher Kabrhel, Nikos Papadimitriou, Marc J Gunter, Caroline J Bull, Joshua A Bell, 
Emma E Vincent, Naveed Sattar, Malcolm G Dunlop, Ian PM Tomlinson, Sara Lindström, INVENT 
consortium , Jimmy D Bell, Resources, Writing – review and editing; Andrew R Wood, Robin N Beau-
mont, Resources, Software, Writing – review and editing; Timothy M Frayling, Hanieh Yaghootkar, 
Conceptualization, Funding acquisition, Investigation, Methodology, Project administration, Supervi-
sion, Validation, Writing – original draft, Writing – review and editing

Author ORCIDs
Susan Martin    http://orcid.org/0000-0001-8746-0947
E Louise Thomas    http://orcid.org/0000-0003-4235-4694
Naveed Sattar    http://orcid.org/0000-0002-1604-2593
Jimmy D Bell    http://orcid.org/0000-0003-3804-1281
Timothy M Frayling    http://orcid.org/0000-0001-8362-2603
Hanieh Yaghootkar    http://orcid.org/0000-0001-9672-9477

Ethics
Human subjects: For the UK Biobank, all participants provided informed written consent and the 
National Research Ethics Service Committee North West- Haydock approved the study. All procedures 
in the UK Biobank study were conducted in accordance to the World Medical Association declaration 
of Helsinki ethical principles for medical research.

Decision letter and Author response
Decision letter https://doi.org/10.7554/eLife.72452.sa1

https://doi.org/10.7554/eLife.72452
http://orcid.org/0000-0001-8746-0947
http://orcid.org/0000-0003-4235-4694
http://orcid.org/0000-0002-1604-2593
http://orcid.org/0000-0003-3804-1281
http://orcid.org/0000-0001-8362-2603
http://orcid.org/0000-0001-9672-9477
https://doi.org/10.7554/eLife.72452.sa1


 Research article Epidemiology and Global Health | Genetics and Genomics

Martin et al. eLife 2022;11:e72452. DOI: https://doi.org/10.7554/eLife.72452  27 of 33

Author response https://doi.org/10.7554/eLife.72452.sa2

Additional files
Supplementary files
•  Supplementary file 1. Supplementary methods and Mendelian randomisation (MR) results file. (a) 
Characterisation of monogenic obesity, lipodystrophy, unfavourable adiposity (UFA), and favourable 
adiposity (FA) using body fat percentage and a selection of metabolic biomarkers. (b) Mendelian 
randomisation (MR) studies testing the role of obesity (usually as body mass index [BMI]) identified 
in literature search. (c) (i) Summary statistics of published genome- wide association studies (GWAS) 
used. Mean (standard deviation [SD] or range) are given for continuous study characteristics where 
available, mean ranges are given for meta- analyses unless otherwise specified. *Statistics represent 
only UK Biobank cohort of those included in meta- analysis. (c) (ii) Summary statistics of FinnGen 
studies used. Mean age of cases is given where available, BMI is not adjusted for, and UK Biobank 
is not included in these studies. ICD codes taken from hospital discharge register and/or causes 
of death register. (c) (iii) Summary statistics of UK Biobank studies used. Mean (SD) are given for 
continuous study characteristics of cases. Self- report code is from n_20002_* variable in UK Biobank. 
(d) The summary of 73 BMI and 696 body fat percentage genetic variants, the latter including 36 FA 
and 38 UFA genetic variants. Beta, SE, and p are from the GWAS of BMI and body fat percentage in 
UK Biobank, respectively. BMI variants were discovered using non- UK Biobank cohorts, and so some 
SNPs listed may have zero effect size in the UK Biobank GWAS of BMI. (e) The inverse- variance 
weighted two- sample MR analysis/meta- analysis of 37 identified diseases from published GWAS 
and/or FinnGen for BMI, body fat percentage, FA, and UFA clusters. Italicised results are those that 
were interpreted – including all BMI, body fat percentage if a causal effect of BMI was indicated, 
and FA/UFA if a causal effect of BMI and body fat percentage was indicated. (f) Heterogeneity 
statistics from random- effects meta- analysis of inverse- variance weighted MR of published GWAS 
and FinnGen studies. (g) (i) The inverse- variance weighted, weighted median, Egger, and penalised 
weighted median MR analyses for BMI using FinnGen and published GWAS. (g) (ii) The inverse- 
variance weighted, weighted median, Egger, and penalised weighted median MR analyses for 
body fat percentage using FinnGen and published GWAS. (g) (iii) The inverse- variance weighted, 
weighted median, Egger, and penalised weighted median MR analyses for FA using FinnGen and 
published GWAS. (g) (iv) The inverse- variance weighted, weighted median, Egger, and penalised 
weighted median MR analyses for UFA using FinnGen and published GWAS. (h) The inverse- variance 
weighted MR analysis of identified diseases from UK Biobank for BMI, body fat percentage, FA, and 
UFA clusters. PMID, PubMed ID; N, sample size; OPCS, operating procedure codes; SE, standard 
error; p, p- value; OR, odds ratio; 95% CI, 95% confidence interval; Q, Q- statistic; I2, I2- statistic; LCI, 
lower 95% confidence interval; UCI, upper 95% confidence interval; Intercept p, intercept p- value; I2 
MR- Egger, I2- statistic MR- Egger.

•  Transparent reporting form 

Data availability
GWAS data from the outcome diseases studied is available from links published in the original studies 
(Supplementary File 1ci). FinnGen data is available at: https://finngen.gitbook.io/documentation/, 
and the list of disease outcomes used is in Supplementary File 1cii. Individual- level UK Biobank data 
cannot be provided, but it is available by application to the UK Biobank: https://www.ukbiobank.ac. 
uk, and a list of the traits used is in Supplementary File 1ciii. Code used to conduct this analysis will be 
made available on GitHub after removing any sensitive information (https://github.com/susiemartin/ 
uncoupling-bmi, copy archived at swh:1:rev:f3472762ad6cb7f313656f684e07c14b8735efe5).

References
An J, Gharahkhani P, Law MH, Ong J- S, Han X, Olsen CM, Neale RE, Lai J, Vaughan TL, Gockel I, Thieme R, 

Böhmer AC, Jankowski J, Fitzgerald RC, Schumacher J, Palles C, BEACON, 23andMe Research Team, 
Whiteman DC, MacGregor S. 2019. Gastroesophageal reflux GWAS identifies risk loci that also associate with 
subsequent severe esophageal diseases. Nature Communications 10:4219. DOI: https://doi.org/10.1038/ 
s41467-019-11968-2, PMID: 31527586

Benjamini Y, Hochberg Y. 1995. Controlling the False Discovery Rate: A Practical and Powerful Approach to 
Multiple Testing. Journal of the Royal Statistical Society 57:289–300. DOI: https://doi.org/10.1111/j.2517-6161. 
1995.tb02031.x

https://doi.org/10.7554/eLife.72452
https://doi.org/10.7554/eLife.72452.sa2
https://finngen.gitbook.io/documentation/
https://www.ukbiobank.ac.uk
https://www.ukbiobank.ac.uk
https://github.com/susiemartin/uncoupling-bmi
https://github.com/susiemartin/uncoupling-bmi
https://archive.softwareheritage.org/swh:1:dir:08123b67da0294744907deb31dbe536f89995b42;origin=https://github.com/susiemartin/uncoupling-bmi;visit=swh:1:snp:4de6bab3ac5db91d0e8990307ebfe9d514a403e8;anchor=swh:1:rev:f3472762ad6cb7f313656f684e07c14b8735efe5
https://doi.org/10.1038/s41467-019-11968-2
https://doi.org/10.1038/s41467-019-11968-2
http://www.ncbi.nlm.nih.gov/pubmed/31527586
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x


 Research article Epidemiology and Global Health | Genetics and Genomics

Martin et al. eLife 2022;11:e72452. DOI: https://doi.org/10.7554/eLife.72452  28 of 33

Budu- Aggrey A, Brumpton B, Tyrrell J, Watkins S, Modalsli EH, Celis- Morales C, Ferguson LD, Vie GÅ, Palmer T, 
Fritsche LG, Løset M, Nielsen JB, Zhou W, Tsoi LC, Wood AR, Jones SE, Beaumont R, Saunes M, 
Romundstad PR, Siebert S, et al. 2019. Evidence of a causal relationship between body mass index and 
psoriasis: A mendelian randomization study. PLOS Medicine 16:e1002739. DOI: https://doi.org/10.1371/ 
journal.pmed.1002739, PMID: 30703100

Bull CJ, Bell JA, Murphy N, Sanderson E, Davey Smith G, Timpson NJ, Banbury BL, Albanes D, Berndt SI, 
Bézieau S, Bishop DT, Brenner H, Buchanan DD, Burnett- Hartman A, Casey G, Castellví-Bel S, Chan AT, 
Chang- Claude J, Cross AJ, de la Chapelle A, et al. 2020. Adiposity, metabolites, and colorectal cancer risk: 
Mendelian randomization study. BMC Medicine 18:396. DOI: https://doi.org/10.1186/s12916-020-01855-9, 
PMID: 33327948

Carreras- Torres R, Johansson M, Gaborieau V, Haycock PC, Wade KH, Relton CL, Martin RM, Davey Smith G, 
Brennan P. 2017a. The Role of Obesity, Type 2 Diabetes, and Metabolic Factors in Pancreatic Cancer: A 
Mendelian Randomization Study. Journal of the National Cancer Institute 109:djx012. DOI: https://doi.org/10. 
1093/jnci/djx012, PMID: 28954281

Carreras- Torres R, Johansson M, Haycock PC, Wade KH, Relton CL, Martin RM, Davey Smith G, Albanes D, 
Aldrich MC, Andrew A, Arnold SM, Bickeböller H, Bojesen SE, Brunnström H, Manjer J, Brüske I, Caporaso NE, 
Chen C, Christiani DC, Christian WJ, et al. 2017b. Obesity, metabolic factors and risk of different histological 
types of lung cancer: A Mendelian randomization study. PLOS ONE 12:e0177875. DOI: https://doi.org/10. 
1371/journal.pone.0177875, PMID: 28594918

Cheng L, Zhuang H, Ju H, Yang S, Han J, Tan R, Hu Y. 2019. Exposing the Causal Effect of Body Mass Index on 
the Risk of Type 2 Diabetes Mellitus: A Mendelian Randomization Study. Frontiers in Genetics 10:94. DOI: 
https://doi.org/10.3389/fgene.2019.00094, PMID: 30891058

Choi HK, Mount DB, Reginato AM. 2005. Pathogenesis of Gout. Annals of Internal Medicine 143:499. DOI: 
https://doi.org/10.7326/0003-4819-143-7-200510040-00009, PMID: 16204163

Collins R. 2012. What makes UK Biobank special? Lancet 379:1173–1174. DOI: https://doi.org/10.1016/S0140- 
6736(12)60404-8, PMID: 22463865

Corbin LJ, Richmond RC, Wade KH, Burgess S, Bowden J, Smith GD, Timpson NJ. 2016. BMI as a Modifiable 
Risk Factor for Type 2 Diabetes: Refining and Understanding Causal Estimates Using Mendelian Randomization. 
Diabetes 65:3002–3007. DOI: https://doi.org/10.2337/db16-0418, PMID: 27402723

Cornish AJ, Law PJ, Timofeeva M, Palin K, Farrington SM, Palles C, Jenkins MA, Casey G, Brenner H, 
Chang- Claude J, Hoffmeister M, Kirac I, Maughan T, Brezina S, Gsur A, Cheadle JP, Aaltonen LA, Tomlinson I, 
Dunlop MG, Houlston RS. 2020. Modifiable pathways for colorectal cancer: a mendelian randomisation 
analysis. The Lancet. Gastroenterology & Hepatology 5:55–62. DOI: https://doi.org/10.1016/S2468-1253(19) 
30294-8, PMID: 31668584

Cruz- Monserrate Z, Conwell DL, Krishna SG. 2016. The Impact of Obesity on Gallstone Disease, Acute 
Pancreatitis, and Pancreatic Cancer. Gastroenterology Clinics of North America 45:625–637. DOI: https://doi. 
org/10.1016/j.gtc.2016.07.010, PMID: 27837777

Dalbeth N, Merriman TR, Stamp LK. 2016. Gout. Lancet 388:2039–2052. DOI: https://doi.org/10.1016/
S0140- 6736(16)00346-9

Davies NM, Gaunt TR, Lewis SJ, Holly J, Donovan JL, Hamdy FC, Kemp JP, Eeles R, Easton D, Kote- Jarai Z, 
Al Olama AA, Benlloch S, Muir K, Giles GG, Wiklund F, Gronberg H, Haiman CA, Schleutker J, 
Nordestgaard BG, Travis RC, et al. 2015. The effects of height and BMI on prostate cancer incidence and 
mortality: a Mendelian randomization study in 20,848 cases and 20,214 controls from the PRACTICAL 
consortium. Cancer Causes & Control 26:1603–1616. DOI: https://doi.org/10.1007/s10552-015-0654-9, PMID: 
26387087

Day F, Karaderi T, Jones MR, Meun C, He C, Drong A, Kraft P, Lin N, Huang H, Broer L, Magi R, Saxena R, 
Laisk T, Urbanek M, Hayes MG, Thorleifsson G, Fernandez- Tajes J, Mahajan A, Mullin BH, Stuckey BGA, et al. 
2018. Large- scale genome- wide meta- analysis of polycystic ovary syndrome suggests shared genetic 
architecture for different diagnosis criteria. PLOS Genetics 14:e1007813. DOI: https://doi.org/10.1371/journal. 
pgen.1007813, PMID: 30566500

Dowlatshahi EA, van der Voort EAM, Arends LR, Nijsten T. 2013. Markers of systemic inflammation in psoriasis: a 
systematic review and meta- analysis. The British Journal of Dermatology 169:266–282. DOI: https://doi.org/10. 
1111/bjd.12355, PMID: 23550658

Emdin CA, Khera AV, Kathiresan S. 2017. Genetic Predisposition to Abdominal Obesity and Cardiometabolic 
Risk- Reply. JAMA 317:2334–2335. DOI: https://doi.org/10.1001/jama.2017.5044, PMID: 28609529

Fall T, Hägg S, Mägi R, Ploner A, Fischer K, Horikoshi M, Sarin A- P, Thorleifsson G, Ladenvall C, Kals M, 
Kuningas M, Draisma HHM, Ried JS, van Zuydam NR, Huikari V, Mangino M, Sonestedt E, Benyamin B, 
Nelson CP, Rivera NV, et al. 2013. The role of adiposity in cardiometabolic traits: a Mendelian randomization 
analysis. PLOS Medicine 10:e1001474. DOI: https://doi.org/10.1371/journal.pmed.1001474, PMID: 23824655

Ferreira MAR, Mathur R, Vonk JM, Szwajda A, Brumpton B, Granell R, Brew BK, Ullemar V, Lu Y, Jiang Y, 
23andMe Research Team, eQTLGen Consortium, BIOS Consortium, Magnusson PKE, Karlsson R, Hinds DA, 
Paternoster L, Koppelman GH, Almqvist C. 2019. Genetic Architectures of Childhood- and Adult- Onset Asthma 
Are Partly Distinct. American Journal of Human Genetics 104:665–684. DOI: https://doi.org/10.1016/j.ajhg. 
2019.02.022, PMID: 30929738

FinnGen. 2021. FinnGen Documentation of R4 release. https://finngen.gitbook.io/documentation [Accessed 
April 21, 2021].

https://doi.org/10.7554/eLife.72452
https://doi.org/10.1371/journal.pmed.1002739
https://doi.org/10.1371/journal.pmed.1002739
http://www.ncbi.nlm.nih.gov/pubmed/30703100
https://doi.org/10.1186/s12916-020-01855-9
http://www.ncbi.nlm.nih.gov/pubmed/33327948
https://doi.org/10.1093/jnci/djx012
https://doi.org/10.1093/jnci/djx012
http://www.ncbi.nlm.nih.gov/pubmed/28954281
https://doi.org/10.1371/journal.pone.0177875
https://doi.org/10.1371/journal.pone.0177875
http://www.ncbi.nlm.nih.gov/pubmed/28594918
https://doi.org/10.3389/fgene.2019.00094
http://www.ncbi.nlm.nih.gov/pubmed/30891058
https://doi.org/10.7326/0003-4819-143-7-200510040-00009
http://www.ncbi.nlm.nih.gov/pubmed/16204163
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/10.2337/db16-0418
http://www.ncbi.nlm.nih.gov/pubmed/27402723
https://doi.org/10.1016/S2468-1253(19)30294-8
https://doi.org/10.1016/S2468-1253(19)30294-8
http://www.ncbi.nlm.nih.gov/pubmed/31668584
https://doi.org/10.1016/j.gtc.2016.07.010
https://doi.org/10.1016/j.gtc.2016.07.010
http://www.ncbi.nlm.nih.gov/pubmed/27837777
https://doi.org/10.1016/S0140-6736(16)00346-9
https://doi.org/10.1016/S0140-6736(16)00346-9
https://doi.org/10.1007/s10552-015-0654-9
http://www.ncbi.nlm.nih.gov/pubmed/26387087
https://doi.org/10.1371/journal.pgen.1007813
https://doi.org/10.1371/journal.pgen.1007813
http://www.ncbi.nlm.nih.gov/pubmed/30566500
https://doi.org/10.1111/bjd.12355
https://doi.org/10.1111/bjd.12355
http://www.ncbi.nlm.nih.gov/pubmed/23550658
https://doi.org/10.1001/jama.2017.5044
http://www.ncbi.nlm.nih.gov/pubmed/28609529
https://doi.org/10.1371/journal.pmed.1001474
http://www.ncbi.nlm.nih.gov/pubmed/23824655
https://doi.org/10.1016/j.ajhg.2019.02.022
https://doi.org/10.1016/j.ajhg.2019.02.022
http://www.ncbi.nlm.nih.gov/pubmed/30929738
https://finngen.gitbook.io/documentation


 Research article Epidemiology and Global Health | Genetics and Genomics

Martin et al. eLife 2022;11:e72452. DOI: https://doi.org/10.7554/eLife.72452  29 of 33

Gao C, Patel CJ, Michailidou K, Peters U, Gong J, Schildkraut J, Schumacher FR, Zheng W, Boffetta P, Stucker I, 
Willett W, Gruber S, Easton DF, Hunter DJ, Sellers TA, Haiman C, Henderson BE, Hung RJ, Amos C, Pierce BL, 
et al. 2016. Mendelian randomization study of adiposity- related traits and risk of breast, ovarian, prostate, lung 
and colorectal cancer. International Journal of Epidemiology 45:896–908. DOI: https://doi.org/10.1093/ije/ 
dyw129, PMID: 27427428

Green HD, Beaumont RN, Wood AR, Hamilton B, Jones SE, Goodhand JR, Kennedy NA, Ahmad T, 
Yaghootkar H, Weedon MN, Frayling TM, Tyrrell J. 2020. Genetic evidence that higher central adiposity causes 
gastro- oesophageal reflux disease: a Mendelian randomization study. International Journal of Epidemiology 
49:1270–1281. DOI: https://doi.org/10.1093/ije/dyaa082, PMID: 32588049

Guo Y, Warren Andersen S, Shu X- O, Michailidou K, Bolla MK, Wang Q, Garcia- Closas M, Milne RL, Schmidt MK, 
Chang- Claude J, Dunning A, Bojesen SE, Ahsan H, Aittomäki K, Andrulis IL, Anton- Culver H, Arndt V, 
Beckmann MW, Beeghly- Fadiel A, Benitez J, et al. 2016. Genetically Predicted Body Mass Index and Breast 
Cancer Risk: Mendelian Randomization Analyses of Data from 145,000 Women of European Descent. PLOS 
Medicine 13:e1002105. DOI: https://doi.org/10.1371/journal.pmed.1002105, PMID: 27551723

Hägg S, Fall T, Ploner A, Mägi R, Fischer K, Draisma HHM, Kals M, de Vries PS, Dehghan A, Willems SM, 
Sarin A- P, Kristiansson K, Nuotio M- L, Havulinna AS, de Bruijn RFAG, Ikram MA, Kuningas M, Stricker BH, 
Franco OH, Benyamin B, et al. 2015. Adiposity as a cause of cardiovascular disease: a Mendelian randomization 
study. International Journal of Epidemiology 44:578–586. DOI: https://doi.org/10.1093/ije/dyv094, PMID: 
26016847

Huang LO, Rauch A, Mazzaferro E, Preuss M, Carobbio S, Bayrak CS, Chami N, Wang Z, Schick UM, Yang N, 
Itan Y, Vidal- Puig A, den Hoed M, Mandrup S, Kilpeläinen TO, Loos RJF. 2021. Genome- wide discovery of 
genetic loci that uncouple excess adiposity from its comorbidities. Nature Metabolism 3:228–243. DOI: https:// 
doi.org/10.1038/s42255-021-00346-2, PMID: 33619380

Huyghe JR, Bien SA, Harrison TA, Kang HM, Chen S, Schmit SL, Conti DV, Qu C, Jeon J, Edlund CK, Greenside P, 
Wainberg M, Schumacher FR, Smith JD, Levine DM, Nelson SC, Sinnott- Armstrong NA, Albanes D, Alonso MH, 
Anderson K, et al. 2019. Discovery of common and rare genetic risk variants for colorectal cancer. Nature 
Genetics 51:76–87. DOI: https://doi.org/10.1038/s41588-018-0286-6, PMID: 30510241

Huyghe JR, Harrison TA, Bien SA, Hampel H, Figueiredo JC, Schmit SL, Conti DV, Chen S, Qu C, Lin Y, Barfield R, 
Baron JA, Cross AJ, Diergaarde B, Duggan D, Harlid S, Imaz L, Kang HM, Levine DM, Perduca V, et al. 2021. 
Genetic architectures of proximal and distal colorectal cancer are partly distinct. Gut 70:1325–1334. DOI: 
https://doi.org/10.1136/gutjnl-2020-321534, PMID: 33632709

Iskandar IYK, Ashcroft DM, Warren RB, Yiu ZZN, McElhone K, Lunt M, Barker JNWN, Burden AD, Ormerod AD, 
Reynolds NJ, Smith CH, Griffiths CEM. 2015. Demographics and disease characteristics of patients with 
psoriasis enrolled in the British Association of Dermatologists Biologic Interventions Register. The British 
Journal of Dermatology 173:510–518. DOI: https://doi.org/10.1111/bjd.13908, PMID: 25989336

Jansen IE, Savage JE, Watanabe K, Bryois J, Williams DM, Steinberg S, Sealock J, Karlsson IK, Hägg S, 
Athanasiu L, Voyle N, Proitsi P, Witoelar A, Stringer S, Aarsland D, Almdahl IS, Andersen F, Bergh S, Bettella F, 
Bjornsson S, et al. 2019. Genome- wide meta- analysis identifies new loci and functional pathways influencing 
Alzheimer’s disease risk. Nature Genetics 51:404–413. DOI: https://doi.org/10.1038/s41588-018-0311-9, PMID: 
30617256

Jarvis D, Mitchell JS, Law PJ, Palin K, Tuupanen S, Gylfe A, Hänninen UA, Cajuso T, Tanskanen T, Kondelin J, 
Kaasinen E, Sarin A- P, Kaprio J, Eriksson JG, Rissanen H, Knekt P, Pukkala E, Jousilahti P, Salomaa V, Ripatti S, 
et al. 2016. Mendelian randomisation analysis strongly implicates adiposity with risk of developing colorectal 
cancer. British Journal of Cancer 115:266–272. DOI: https://doi.org/10.1038/bjc.2016.188, PMID: 27336604

Ji Y, Yiorkas AM, Frau F, Mook- Kanamori D, Staiger H, Thomas EL, Atabaki- Pasdar N, Campbell A, Tyrrell J, 
Jones SE, Beaumont RN, Wood AR, Tuke MA, Ruth KS, Mahajan A, Murray A, Freathy RM, Weedon MN, 
Hattersley AT, Hayward C, et al. 2019. Genome- Wide and Abdominal MRI Data Provide Evidence That a 
Genetically Determined Favorable Adiposity Phenotype Is Characterized by Lower Ectopic Liver Fat and Lower 
Risk of Type 2 Diabetes, Heart Disease, and Hypertension. Diabetes 68:207–219. DOI: https://doi.org/10.2337/ 
db18-0708, PMID: 30352878

Johansson M, Carreras- Torres R, Scelo G, Purdue MP, Mariosa D, Muller DC, Timpson NJ, Haycock PC, 
Brown KM, Wang Z, Ye Y, Hofmann JN, Foll M, Gaborieau V, Machiela MJ, Colli LM, Li P, Garnier J- G, 
Blanche H, Boland A, et al. 2019. The influence of obesity- related factors in the etiology of renal cell 
carcinoma- A mendelian randomization study. PLOS Medicine 16:e1002724. DOI: https://doi.org/10.1371/ 
journal.pmed.1002724, PMID: 30605491

Jones GT, Tromp G, Kuivaniemi H, Gretarsdottir S, Baas AF, Giusti B, Strauss E, Van’t Hof FNG, Webb TR, 
Erdman R, Ritchie MD, Elmore JR, Verma A, Pendergrass S, Kullo IJ, Ye Z, Peissig PL, Gottesman O, Verma SS, 
Malinowski J, et al. 2017. Meta- Analysis of Genome- Wide Association Studies for Abdominal Aortic Aneurysm 
Identifies Four New Disease- Specific Risk Loci. Circulation Research 120:341–353. DOI: https://doi.org/10. 
1161/CIRCRESAHA.116.308765, PMID: 27899403

Kazmi N, Haycock P, Tsilidis K, Lynch BM, Truong T, PRACTICAL Consortium, CRUK, BPC3, CAPS, PEGASUS, 
Martin RM, Lewis SJ. 2020. Appraising causal relationships of dietary, nutritional and physical- activity exposures 
with overall and aggressive prostate cancer: two- sample Mendelian- randomization study based on 79 148 
prostate- cancer cases and 61 106 controls. International Journal of Epidemiology 49:587–596. DOI: https://doi. 
org/10.1093/ije/dyz235, PMID: 31802111

Kilpeläinen TO, Zillikens MC, Stančákova A, Finucane FM, Ried JS, Langenberg C, Zhang W, Beckmann JS, 
Luan J, Vandenput L, Styrkarsdottir U, Zhou Y, Smith AV, Zhao J- H, Amin N, Vedantam S, Shin S- Y, Haritunians T, 

https://doi.org/10.7554/eLife.72452
https://doi.org/10.1093/ije/dyw129
https://doi.org/10.1093/ije/dyw129
http://www.ncbi.nlm.nih.gov/pubmed/27427428
https://doi.org/10.1093/ije/dyaa082
http://www.ncbi.nlm.nih.gov/pubmed/32588049
https://doi.org/10.1371/journal.pmed.1002105
http://www.ncbi.nlm.nih.gov/pubmed/27551723
https://doi.org/10.1093/ije/dyv094
http://www.ncbi.nlm.nih.gov/pubmed/26016847
https://doi.org/10.1038/s42255-021-00346-2
https://doi.org/10.1038/s42255-021-00346-2
http://www.ncbi.nlm.nih.gov/pubmed/33619380
https://doi.org/10.1038/s41588-018-0286-6
http://www.ncbi.nlm.nih.gov/pubmed/30510241
https://doi.org/10.1136/gutjnl-2020-321534
http://www.ncbi.nlm.nih.gov/pubmed/33632709
https://doi.org/10.1111/bjd.13908
http://www.ncbi.nlm.nih.gov/pubmed/25989336
https://doi.org/10.1038/s41588-018-0311-9
http://www.ncbi.nlm.nih.gov/pubmed/30617256
https://doi.org/10.1038/bjc.2016.188
http://www.ncbi.nlm.nih.gov/pubmed/27336604
https://doi.org/10.2337/db18-0708
https://doi.org/10.2337/db18-0708
http://www.ncbi.nlm.nih.gov/pubmed/30352878
https://doi.org/10.1371/journal.pmed.1002724
https://doi.org/10.1371/journal.pmed.1002724
http://www.ncbi.nlm.nih.gov/pubmed/30605491
https://doi.org/10.1161/CIRCRESAHA.116.308765
https://doi.org/10.1161/CIRCRESAHA.116.308765
http://www.ncbi.nlm.nih.gov/pubmed/27899403
https://doi.org/10.1093/ije/dyz235
https://doi.org/10.1093/ije/dyz235
http://www.ncbi.nlm.nih.gov/pubmed/31802111


 Research article Epidemiology and Global Health | Genetics and Genomics

Martin et al. eLife 2022;11:e72452. DOI: https://doi.org/10.7554/eLife.72452  30 of 33

Fu M, Feitosa MF, et al. 2011. Genetic variation near IRS1 associates with reduced adiposity and an impaired 
metabolic profile. Nature Genetics 43:753–760. DOI: https://doi.org/10.1038/ng.866, PMID: 21706003

Kunkle BW, Grenier- Boley B, Sims R, Bis JC, Damotte V, Naj AC, Boland A, Vronskaya M, van der Lee SJ, 
Amlie- Wolf A, Bellenguez C, Frizatti A, Chouraki V, Martin ER, Sleegers K, Badarinarayan N, Jakobsdottir J, 
Hamilton- Nelson KL, Moreno- Grau S, Olaso R, et al,. 2019. Genetic meta- analysis of diagnosed Alzheimer’s 
disease identifies new risk loci and implicates Aβ, tau, immunity and lipid processing. Nature Genetics 
51:414–430. DOI: https://doi.org/10.1038/s41588-019-0358-2, PMID: 30820047

Larsson SC, Traylor M, Malik R, Dichgans M, Burgess S, Markus HS, CoSTREAM Consortium, on behalf of the 
International Genomics of Alzheimer’s Project. 2017. Modifiable pathways in Alzheimer’s disease: Mendelian 
randomisation analysis. BMJ 359:j5375. DOI: https://doi.org/10.1136/bmj.j5375, PMID: 29212772

Larsson SC, Burgess S, Michaëlsson K. 2018. Genetic association between adiposity and gout: a Mendelian 
randomization study. Rheumatology 57:2145–2148. DOI: https://doi.org/10.1093/rheumatology/key229, PMID: 
30085130

Larsson SC, Bäck M, Rees JMB, Mason AM, Burgess S. 2020. Body mass index and body composition in relation 
to 14 cardiovascular conditions in UK Biobank: a Mendelian randomization study. European Heart Journal 
41:221–226. DOI: https://doi.org/10.1093/eurheartj/ehz388, PMID: 31195408

Law PJ, Timofeeva M, Fernandez- Rozadilla C, Broderick P, Studd J, Fernandez- Tajes J, Farrington S, Svinti V, 
Palles C, Orlando G, Sud A, Holroyd A, Penegar S, Theodoratou E, Vaughan- Shaw P, Campbell H, Zgaga L, 
Hayward C, Campbell A, Harris S, et al. 2019. Association analyses identify 31 new risk loci for colorectal 
cancer susceptibility. Nature Communications 10:2154. DOI: https://doi.org/10.1038/s41467-019-09775-w, 
PMID: 31089142

Lindström S, Wang L, Smith EN, Gordon W, van Hylckama Vlieg A, de Andrade M, Brody JA, Pattee JW, 
Haessler J, Brumpton BM, Chasman DI, Suchon P, Chen M- H, Turman C, Germain M, Wiggins KL, MacDonald J, 
Braekkan SK, Armasu SM, Pankratz N, et al. 2019. Genomic and transcriptomic association studies identify 16 
novel susceptibility loci for venous thromboembolism. Blood 134:1645–1657. DOI: https://doi.org/10.1182/ 
blood.2019000435, PMID: 31420334

Livingston G, Huntley J, Sommerlad A, Ames D, Ballard C, Banerjee S, Brayne C, Burns A, 
Cohen- Mansfield J, Cooper C, Costafreda SG, Dias A, Fox N, Gitlin LN, Howard R, Kales HC, Kivimäki M, 
Larson EB, Ogunniyi A, Orgeta V, et al. 2020. Dementia prevention, intervention, and care: 2020 report of 
the Lancet Commission. Lancet 396:413–446. DOI: https://doi.org/10.1016/S0140-6736(20)30367-6, PMID: 
32738937

Locke AE, Kahali B, Berndt SI, Justice AE, Pers TH, Day FR, Powell C, Vedantam S, Buchkovich ML, Yang J, 
Croteau- Chonka DC, Esko T, Fall T, Ferreira T, Gustafsson S, Kutalik Z, Luan J, Mägi R, Randall JC, Winkler TW, 
et al. 2015. Genetic studies of body mass index yield new insights for obesity biology. Nature 518:197–206. 
DOI: https://doi.org/10.1038/nature14177, PMID: 25673413

Loh P- R, Tucker G, Bulik- Sullivan BK, Vilhjálmsson BJ, Finucane HK, Salem RM, Chasman DI, Ridker PM, 
Neale BM, Berger B, Patterson N, Price AL. 2015. Efficient Bayesian mixed- model analysis increases association 
power in large cohorts. Nature Genetics 47:284–290. DOI: https://doi.org/10.1038/ng.3190, PMID: 25642633

Lorenzet R, Napoleone E, Cutrone A, Donati MB. 2012. Thrombosis and obesity: cellular bases. Thrombosis 
Research 129:285–289. DOI: https://doi.org/10.1016/j.thromres.2011.10.021, PMID: 22078462

Lotta LA, Gulati P, Day FR, Payne F, Ongen H, van de Bunt M, Gaulton KJ, Eicher JD, Sharp SJ, Luan J, 
De Lucia Rolfe E, Stewart ID, Wheeler E, Willems SM, Adams C, Yaghootkar H, EPIC- InterAct Consortium, 
Cambridge FPLD1 Consortium, Forouhi NG, Khaw K- T, et al. 2017. Integrative genomic analysis implicates 
limited peripheral adipose storage capacity in the pathogenesis of human insulin resistance. Nature Genetics 
49:17–26. DOI: https://doi.org/10.1038/ng.3714, PMID: 27841877

Maglio C, Peltonen M, Neovius M, Jacobson P, Jacobsson L, Rudin A, Carlsson LMS. 2017. Effects of bariatric 
surgery on gout incidence in the Swedish Obese Subjects study: a non- randomised, prospective, controlled 
intervention trial. Annals of the Rheumatic Diseases 76:688–693. DOI: https://doi.org/10.1136/annrheumdis- 
2016-209958, PMID: 28076240

Mahajan A, Taliun D, Thurner M, Robertson NR, Torres JM, Rayner NW, Payne AJ, Steinthorsdottir V, Scott RA, 
Grarup N, Cook JP, Schmidt EM, Wuttke M, Sarnowski C, Mägi R, Nano J, Gieger C, Trompet S, Lecoeur C, 
Preuss MH, et al. 2018. Fine- mapping type 2 diabetes loci to single- variant resolution using high- density 
imputation and islet- specific epigenome maps. Nature Genetics 50:1505–1513. DOI: https://doi.org/10.1038/ 
s41588-018-0241-6, PMID: 30297969

Malik R, Chauhan G, Traylor M, Sargurupremraj M, Okada Y, Mishra A, Rutten- Jacobs L, Giese A- K, 
van der Laan SW, Gretarsdottir S, Anderson CD, Chong M, Adams HHH, Ago T, Almgren P, Amouyel P, Ay H, 
Bartz TM, Benavente OR, Bevan S, et al. 2018. Multiancestry genome- wide association study of 520,000 
subjects identifies 32 loci associated with stroke and stroke subtypes. Nature Genetics 50:524–537. DOI: 
https://doi.org/10.1038/s41588-018-0058-3, PMID: 29531354

Mariosa D, Carreras- Torres R, Martin RM, Johansson M, Brennan P. 2019. Commentary: What can Mendelian 
randomization tell us about causes of cancer? International Journal of Epidemiology 48:816–821. DOI: https:// 
doi.org/10.1093/ije/dyz151, PMID: 31503317

Martin S, Cule M, Basty N, Tyrrell J, Beaumont RN, Wood AR, Frayling TM, Sorokin E, Whitcher B, Liu Y, Bell JD, 
Thomas EL, Yaghootkar H. 2021. Genetic Evidence for Different Adiposity Phenotypes and Their Opposing 
Influences on Ectopic Fat and Risk of Cardiometabolic Disease. Diabetes 70:1843–1856. DOI: https://doi.org/ 
10.2337/db21-0129, PMID: 33980691

https://doi.org/10.7554/eLife.72452
https://doi.org/10.1038/ng.866
http://www.ncbi.nlm.nih.gov/pubmed/21706003
https://doi.org/10.1038/s41588-019-0358-2
http://www.ncbi.nlm.nih.gov/pubmed/30820047
https://doi.org/10.1136/bmj.j5375
http://www.ncbi.nlm.nih.gov/pubmed/29212772
https://doi.org/10.1093/rheumatology/key229
http://www.ncbi.nlm.nih.gov/pubmed/30085130
https://doi.org/10.1093/eurheartj/ehz388
http://www.ncbi.nlm.nih.gov/pubmed/31195408
https://doi.org/10.1038/s41467-019-09775-w
http://www.ncbi.nlm.nih.gov/pubmed/31089142
https://doi.org/10.1182/blood.2019000435
https://doi.org/10.1182/blood.2019000435
http://www.ncbi.nlm.nih.gov/pubmed/31420334
https://doi.org/10.1016/S0140-6736(20)30367-6
http://www.ncbi.nlm.nih.gov/pubmed/32738937
https://doi.org/10.1038/nature14177
http://www.ncbi.nlm.nih.gov/pubmed/25673413
https://doi.org/10.1038/ng.3190
http://www.ncbi.nlm.nih.gov/pubmed/25642633
https://doi.org/10.1016/j.thromres.2011.10.021
http://www.ncbi.nlm.nih.gov/pubmed/22078462
https://doi.org/10.1038/ng.3714
http://www.ncbi.nlm.nih.gov/pubmed/27841877
https://doi.org/10.1136/annrheumdis-2016-209958
https://doi.org/10.1136/annrheumdis-2016-209958
http://www.ncbi.nlm.nih.gov/pubmed/28076240
https://doi.org/10.1038/s41588-018-0241-6
https://doi.org/10.1038/s41588-018-0241-6
http://www.ncbi.nlm.nih.gov/pubmed/30297969
https://doi.org/10.1038/s41588-018-0058-3
http://www.ncbi.nlm.nih.gov/pubmed/29531354
https://doi.org/10.1093/ije/dyz151
https://doi.org/10.1093/ije/dyz151
http://www.ncbi.nlm.nih.gov/pubmed/31503317
https://doi.org/10.2337/db21-0129
https://doi.org/10.2337/db21-0129
http://www.ncbi.nlm.nih.gov/pubmed/33980691


 Research article Epidemiology and Global Health | Genetics and Genomics

Martin et al. eLife 2022;11:e72452. DOI: https://doi.org/10.7554/eLife.72452  31 of 33

Mathus- Vliegen EMH, Van Ierland- Van Leeuwen ML, Terpstra A. 2004. Determinants of gallbladder kinetics in 
obesity. Digestive Diseases and Sciences 49:9–16. DOI: https://doi.org/10.1023/b:ddas.0000011595.39555.c0, 
PMID: 14992428

Michailidou K, Lindström S, Dennis J, Beesley J, Hui S, Kar S, Lemaçon A, Soucy P, Glubb D, Rostamianfar A, 
Bolla MK, Wang Q, Tyrer J, Dicks E, Lee A, Wang Z, Allen J, Keeman R, Eilber U, French JD, et al. 2017. 
Association analysis identifies 65 new breast cancer risk loci. Nature 551:92–94. DOI: https://doi.org/10.1038/ 
nature24284, PMID: 29059683

Mokry LE, Ross S, Timpson NJ, Sawcer S, Davey Smith G, Richards JB. 2016. Obesity and Multiple Sclerosis: A 
Mendelian Randomization Study. PLOS Medicine 13:e1002053. DOI: https://doi.org/10.1371/journal.pmed. 
1002053, PMID: 27351487

Morris JA, Kemp JP, Youlten SE, Laurent L, Logan JG, Chai RC, Vulpescu NA, Forgetta V, Kleinman A, 
Mohanty ST, Sergio CM, Quinn J, Nguyen- Yamamoto L, Luco A- L, Vijay J, Simon M- M, Pramatarova A, 
Medina- Gomez C, Trajanoska K, Ghirardello EJ, et al. 2019. An atlas of genetic influences on osteoporosis in 
humans and mice. Nature Genetics 51:258–266. DOI: https://doi.org/10.1038/s41588-018-0302-x, PMID: 
30598549

Nalls MA, Blauwendraat C, Vallerga CL, Heilbron K, Bandres- Ciga S, Chang D, Tan M, Kia DA, Noyce AJ, Xue A, 
Bras J, Young E, von Coelln R, Simón- Sánchez J, Schulte C, Sharma M, Krohn L, Pihlstrøm L, Siitonen A, 
Iwaki H, et al, System Genomics of Parkinson’s Disease Consortium, International Parkinson’s Disease Genomics 
Consortium. 2019. Identification of novel risk loci, causal insights, and heritable risk for Parkinson’s disease: a 
meta- analysis of genome- wide association studies. The Lancet. Neurology 18:1091–1102. DOI: https://doi.org/ 
10.1016/S1474-4422(19)30320-5, PMID: 31701892

Nead KT, Sharp SJ, Thompson DJ, Painter JN, Savage DB, Semple RK, Barker A, Australian National 
Endometrial Cancer Study Group (ANECS), Perry JRB, Attia J, Dunning AM, Easton DF, Holliday E, Lotta LA, 
O’Mara T, McEvoy M, Pharoah PDP, Scott RJ, Spurdle AB, Langenberg C, et al. 2015. Evidence of a Causal 
Association Between Insulinemia and Endometrial Cancer: A Mendelian Randomization Analysis. Journal of the 
National Cancer Institute 107:djv178. DOI: https://doi.org/10.1093/jnci/djv178, PMID: 26134033

Nikpay M, Goel A, Won H- H, Hall LM, Willenborg C, Kanoni S, Saleheen D, Kyriakou T, Nelson CP, Hopewell JC, 
Webb TR, Zeng L, Dehghan A, Alver M, Armasu SM, Auro K, Bjonnes A, Chasman DI, Chen S, Ford I, et al. 
2015. A comprehensive 1,000 Genomes- based genome- wide association meta- analysis of coronary artery 
disease. Nature Genetics 47:1121–1130. DOI: https://doi.org/10.1038/ng.3396, PMID: 26343387

Nordestgaard LT, Tybjærg- Hansen A, Nordestgaard BG, Frikke- Schmidt R. 2017. Body Mass Index and Risk of 
Alzheimer’s Disease: A Mendelian Randomization Study of 399,536 Individuals. The Journal of Clinical 
Endocrinology and Metabolism 102:2310–2320. DOI: https://doi.org/10.1210/jc.2017-00195, PMID: 28609829

Noyce AJ, Kia DA, Hemani G, Nicolas A, Price TR, De Pablo- Fernandez E, Haycock PC, Lewis PA, Foltynie T, 
Davey Smith G, International Parkinson Disease Genomics Consortium, Schrag A, Lees AJ, Hardy J, 
Singleton A, Nalls MA, Pearce N, Lawlor DA, Wood NW. 2017. Estimating the causal influence of body mass 
index on risk of Parkinson disease: A Mendelian randomisation study. PLOS Medicine 14:e1002314. DOI: 
https://doi.org/10.1371/journal.pmed.1002314, PMID: 28609445

Okada Y, Wu D, Trynka G, Raj T, Terao C, Ikari K, Kochi Y, Ohmura K, Suzuki A, Yoshida S, Graham RR, 
Manoharan A, Ortmann W, Bhangale T, Denny JC, Carroll RJ, Eyler AE, Greenberg JD, Kremer JM, Pappas DA, 
et al. 2014. Genetics of rheumatoid arthritis contributes to biology and drug discovery. Nature 506:376–381. 
DOI: https://doi.org/10.1038/nature12873, PMID: 24390342

O’Mara TA, Glubb DM, Amant F, Annibali D, Ashton K, Attia J, Auer PL, Beckmann MW, Black A, Bolla MK, 
Brauch H, Brenner H, Brinton L, Buchanan DD, Burwinkel B, Chang- Claude J, Chanock SJ, Chen C, Chen MM, 
Cheng THT, et al. 2018. Identification of nine new susceptibility loci for endometrial cancer. Nature 
Communications 9:3166. DOI: https://doi.org/10.1038/s41467-018-05427-7, PMID: 30093612

Painter JN, O’Mara TA, Marquart L, Webb PM, Attia J, Medland SE, Cheng T, Dennis J, Holliday EG, McEvoy M, 
Scott RJ, Ahmed S, Healey CS, Shah M, Gorman M, Martin L, Hodgson SV, Beckmann MW, Ekici AB, 
Fasching PA, et al. 2016. Genetic Risk Score Mendelian Randomization Shows that Obesity Measured as Body 
Mass Index, but not Waist:Hip Ratio, Is Causal for Endometrial Cancer. Cancer Epidemiology, Biomarkers & 
Prevention 25:1503–1510. DOI: https://doi.org/10.1158/1055-9965.EPI-16-0147, PMID: 27550749

Phelan CM, Kuchenbaecker KB, Tyrer JP, Kar SP, Lawrenson K, Winham SJ, Dennis J, Pirie A, Riggan MJ, 
Chornokur G, Earp MA, Lyra PC, Lee JM, Coetzee S, Beesley J, McGuffog L, Soucy P, Dicks E, Lee A, 
Barrowdale D, et al. 2017. Identification of 12 new susceptibility loci for different histotypes of epithelial 
ovarian cancer. Nature Genetics 49:680–691. DOI: https://doi.org/10.1038/ng.3826, PMID: 28346442

Pierce BL, Burgess S. 2013. Efficient design for Mendelian randomization studies: subsample and 2- sample 
instrumental variable estimators. American Journal of Epidemiology 178:1177–1184. DOI: https://doi.org/10. 
1093/aje/kwt084, PMID: 23863760

R Development Core Team. 2020. R: A Language and Environment for Statistical Computing. Vienna, Austria. R 
Foundation for Statistical Computing. http://www.r-project.org

Reyes C, Leyland KM, Peat G, Cooper C, Arden NK, Prieto- Alhambra D. 2016. Association Between Overweight 
and Obesity and Risk of Clinically Diagnosed Knee, Hip, and Hand Osteoarthritis: A Population- Based Cohort 
Study. Arthritis & Rheumatology 68:1869–1875. DOI: https://doi.org/10.1002/art.39707, PMID: 27059260

Riaz H, Khan MS, Siddiqi TJ, Usman MS, Shah N, Goyal A, Khan SS, Mookadam F, Krasuski RA, Ahmed H. 2018. 
Association Between Obesity and Cardiovascular Outcomes: A Systematic Review and Meta- analysis of 
Mendelian Randomization Studies. JAMA Network Open 1:e183788. DOI: https://doi.org/10.1001/ 
jamanetworkopen.2018.3788, PMID: 30646365

https://doi.org/10.7554/eLife.72452
https://doi.org/10.1023/b:ddas.0000011595.39555.c0
http://www.ncbi.nlm.nih.gov/pubmed/14992428
https://doi.org/10.1038/nature24284
https://doi.org/10.1038/nature24284
http://www.ncbi.nlm.nih.gov/pubmed/29059683
https://doi.org/10.1371/journal.pmed.1002053
https://doi.org/10.1371/journal.pmed.1002053
http://www.ncbi.nlm.nih.gov/pubmed/27351487
https://doi.org/10.1038/s41588-018-0302-x
http://www.ncbi.nlm.nih.gov/pubmed/30598549
https://doi.org/10.1016/S1474-4422(19)30320-5
https://doi.org/10.1016/S1474-4422(19)30320-5
http://www.ncbi.nlm.nih.gov/pubmed/31701892
https://doi.org/10.1093/jnci/djv178
http://www.ncbi.nlm.nih.gov/pubmed/26134033
https://doi.org/10.1038/ng.3396
http://www.ncbi.nlm.nih.gov/pubmed/26343387
https://doi.org/10.1210/jc.2017-00195
http://www.ncbi.nlm.nih.gov/pubmed/28609829
https://doi.org/10.1371/journal.pmed.1002314
http://www.ncbi.nlm.nih.gov/pubmed/28609445
https://doi.org/10.1038/nature12873
http://www.ncbi.nlm.nih.gov/pubmed/24390342
https://doi.org/10.1038/s41467-018-05427-7
http://www.ncbi.nlm.nih.gov/pubmed/30093612
https://doi.org/10.1158/1055-9965.EPI-16-0147
http://www.ncbi.nlm.nih.gov/pubmed/27550749
https://doi.org/10.1038/ng.3826
http://www.ncbi.nlm.nih.gov/pubmed/28346442
https://doi.org/10.1093/aje/kwt084
https://doi.org/10.1093/aje/kwt084
http://www.ncbi.nlm.nih.gov/pubmed/23863760
http://www.r-project.org
https://doi.org/10.1002/art.39707
http://www.ncbi.nlm.nih.gov/pubmed/27059260
https://doi.org/10.1001/jamanetworkopen.2018.3788
https://doi.org/10.1001/jamanetworkopen.2018.3788
http://www.ncbi.nlm.nih.gov/pubmed/30646365


 Research article Epidemiology and Global Health | Genetics and Genomics

Martin et al. eLife 2022;11:e72452. DOI: https://doi.org/10.7554/eLife.72452  32 of 33

Richardson TG, Sanderson E, Elsworth B, Tilling K, Davey Smith G. 2020. Use of genetic variation to separate the 
effects of early and later life adiposity on disease risk: mendelian randomisation study. BMJ 369:m1203. DOI: 
https://doi.org/10.1136/bmj.m1203, PMID: 32376654

Roselli C, Chaffin MD, Weng L- C, Aeschbacher S, Ahlberg G, Albert CM, Almgren P, Alonso A, Anderson CD, 
Aragam KG, Arking DE, Barnard J, Bartz TM, Benjamin EJ, Bihlmeyer NA, Bis JC, Bloom HL, Boerwinkle E, 
Bottinger EB, Brody JA, et al. 2018. Multi- ethnic genome- wide association study for atrial fibrillation. Nature 
Genetics 50:1225–1233. DOI: https://doi.org/10.1038/s41588-018-0133-9, PMID: 29892015

Sattar N, McGuire DK. 2018. Pathways to Cardiorenal Complications in Type 2 Diabetes Mellitus: A Need to 
Rethink. Circulation 138:7–9. DOI: https://doi.org/10.1161/CIRCULATIONAHA.118.035083, PMID: 29967228

Sbidian E, Chaimani A, Hua C, Mazaud C, Droitcourt C, Hughes C, Ingram JR, Naldi L, Chosidow O, Le Cleach L. 
2017. Systemic pharmacological treatments for chronic plaque psoriasis: a network meta- analysis. The 
Cochrane Database of Systematic Reviews 12:CD011535. DOI: https://doi.org/10.1002/14651858.CD011535. 
pub2, PMID: 29271481

Scelo G, Purdue MP, Brown KM, Johansson M, Wang Z, Eckel- Passow JE, Ye Y, Hofmann JN, Choi J, Foll M, 
Gaborieau V, Machiela MJ, Colli LM, Li P, Sampson JN, Abedi- Ardekani B, Besse C, Blanche H, Boland A, 
Burdette L, et al. 2017. Genome- wide association study identifies multiple risk loci for renal cell carcinoma. 
Nature Communications 8:15724. DOI: https://doi.org/10.1038/ncomms15724, PMID: 28598434

Schumacher FR, Al Olama AA, Berndt SI, Benlloch S, Ahmed M, Saunders EJ, Dadaev T, Leongamornlert D, 
Anokian E, Cieza- Borrella C, Goh C, Brook MN, Sheng X, Fachal L, Dennis J, Tyrer J, Muir K, Lophatananon A, 
Stevens VL, Gapstur SM, et al. 2018. Association analyses of more than 140,000 men identify 63 new prostate 
cancer susceptibility loci. Nature Genetics 50:928–936. DOI: https://doi.org/10.1038/s41588-018-0142-8, 
PMID: 29892016

Semple RK, Savage DB, Cochran EK, Gorden P, O’Rahilly S. 2011. Genetic syndromes of severe insulin 
resistance. Endocrine Reviews 32:498–514. DOI: https://doi.org/10.1210/er.2010-0020, PMID: 21536711

Shah S, Henry A, Roselli C, Lin H, Sveinbjörnsson G, Fatemifar G, Hedman AK, Wilk JB, Morley MP, Chaffin MD, 
Helgadottir A, Verwei N, Dehghan A, Almgren P, Andersson C, Aragam KG, Ärnlöv J, Backman JD, Biggs ML, 
Bloom HL, et al. 2019. Genome- Wide Association Study Provides New Insights into the Genetic Architecture 
and Pathogenesis of Heart Failure. [bioRxiv]. DOI: https://doi.org/10.1101/682013

Shu X, Wu L, Khankari NK, Shu X- O, Wang TJ, Michailidou K, Bolla MK, Wang Q, Dennis J, Milne RL, 
Schmidt MK, Pharoah PDP, Andrulis IL, Hunter DJ, Simard J, Easton DF, Zheng W, Breast Cancer Association 
Consortium. 2019. Associations of obesity and circulating insulin and glucose with breast cancer risk: a 
Mendelian randomization analysis. International Journal of Epidemiology 48:795–806. DOI: https://doi.org/10. 
1093/ije/dyy201, PMID: 30277539

Smith GD, Ebrahim S. 2004. Mendelian randomization: prospects, potentials, and limitations. International 
Journal of Epidemiology 33:30–42. DOI: https://doi.org/10.1093/ije/dyh132, PMID: 15075143

Song J, Zhang R, Lv L, Liang J, Wang W, Liu R, Dang X. 2020. The Relationship Between Body Mass Index and 
Bone Mineral Density: A Mendelian Randomization Study. Calcified Tissue International 107:440–445. DOI: 
https://doi.org/10.1007/s00223-020-00736-w, PMID: 32989491

Ståhlberg D, Rudling M, Angelin B, Björkhem I, Forsell P, Nilsell K, Einarsson K. 1997. Hepatic cholesterol 
metabolism in human obesity. Hepatology 25:1447–1450. DOI: https://doi.org/10.1002/hep.510250623, PMID: 
9185766

Suzuki S, Goto A, Nakatochi M, Narita A, Yamaji T, Sawada N, Katagiri R, Iwagami M, Hanyuda A, Hachiya T, 
Sutoh Y, Oze I, Koyanagi YN, Kasugai Y, Taniyama Y, Ito H, Ikezaki H, Nishida Y, Tamura T, Mikami H, et al. 2021. 
Body mass index and colorectal cancer risk: A Mendelian randomization study. Cancer Science 112:1579–1588. 
DOI: https://doi.org/10.1111/cas.14824, PMID: 33506574

Tachmazidou I, Hatzikotoulas K, Southam L, Esparza- Gordillo J, Haberland V, Zheng J, Johnson T, Koprulu M, 
Zengini E, Steinberg J, Wilkinson JM, Bhatnagar S, Hoffman JD, Buchan N, Süveges D, arcOGEN Consortium, 
Yerges- Armstrong L, Smith GD, Gaunt TR, Scott RA, et al. 2019. Identification of new therapeutic targets for 
osteoarthritis through genome- wide analyses of UK Biobank data. Nature Genetics 51:230–236. DOI: https:// 
doi.org/10.1038/s41588-018-0327-1, PMID: 30664745

Thrift AP, Gong J, Peters U, Chang- Claude J, Rudolph A, Slattery ML, Chan AT, Locke AE, Kahali B, Justice AE, 
Pers TH, Gallinger S, Hayes RB, Baron JA, Caan BJ, Ogino S, Berndt SI, Chanock SJ, Casey G, Haile RW, et al. 
2015. Mendelian Randomization Study of Body Mass Index and Colorectal Cancer Risk. Cancer Epidemiology, 
Biomarkers & Prevention 24:1024–1031. DOI: https://doi.org/10.1158/1055-9965.EPI-14-1309, PMID: 
25976416

Tin A, Marten J, Halperin Kuhns VL, Li Y, Wuttke M, Kirsten H, Sieber KB, Qiu C, Gorski M, Yu Z, Giri A, 
Sveinbjornsson G, Li M, Chu AY, Hoppmann A, O’Connor LJ, Prins B, Nutile T, Noce D, Akiyama M, et al. 2019. 
Target genes, variants, tissues and transcriptional pathways influencing human serum urate levels. Nature 
Genetics 51:1459–1474. DOI: https://doi.org/10.1038/s41588-019-0504-x, PMID: 31578528

Tsoi LC, Stuart PE, Tian C, Gudjonsson JE, Das S, Zawistowski M, Ellinghaus E, Barker JN, Chandran V, 
Dand N, Duffin KC, Enerbäck C, Esko T, Franke A, Gladman DD, Hoffmann P, Kingo K, Kõks S, Krueger GG, 
Lim HW, et al. 2017. Large scale meta- analysis characterizes genetic architecture for common psoriasis 
associated variants. Nature Communications 8:15382. DOI: https://doi.org/10.1038/ncomms15382, PMID: 
28537254

Viechtbauer W. 2010. Conducting meta- analyses in R with the metafor package. Journal of Statistical Software 
36:1–48. DOI: https://doi.org/10.18637/jss.v036.i03

https://doi.org/10.7554/eLife.72452
https://doi.org/10.1136/bmj.m1203
http://www.ncbi.nlm.nih.gov/pubmed/32376654
https://doi.org/10.1038/s41588-018-0133-9
http://www.ncbi.nlm.nih.gov/pubmed/29892015
https://doi.org/10.1161/CIRCULATIONAHA.118.035083
http://www.ncbi.nlm.nih.gov/pubmed/29967228
https://doi.org/10.1002/14651858.CD011535.pub2
https://doi.org/10.1002/14651858.CD011535.pub2
http://www.ncbi.nlm.nih.gov/pubmed/29271481
https://doi.org/10.1038/ncomms15724
http://www.ncbi.nlm.nih.gov/pubmed/28598434
https://doi.org/10.1038/s41588-018-0142-8
http://www.ncbi.nlm.nih.gov/pubmed/29892016
https://doi.org/10.1210/er.2010-0020
http://www.ncbi.nlm.nih.gov/pubmed/21536711
https://doi.org/10.1101/682013
https://doi.org/10.1093/ije/dyy201
https://doi.org/10.1093/ije/dyy201
http://www.ncbi.nlm.nih.gov/pubmed/30277539
https://doi.org/10.1093/ije/dyh132
http://www.ncbi.nlm.nih.gov/pubmed/15075143
https://doi.org/10.1007/s00223-020-00736-w
http://www.ncbi.nlm.nih.gov/pubmed/32989491
https://doi.org/10.1002/hep.510250623
http://www.ncbi.nlm.nih.gov/pubmed/9185766
https://doi.org/10.1111/cas.14824
http://www.ncbi.nlm.nih.gov/pubmed/33506574
https://doi.org/10.1038/s41588-018-0327-1
https://doi.org/10.1038/s41588-018-0327-1
http://www.ncbi.nlm.nih.gov/pubmed/30664745
https://doi.org/10.1158/1055-9965.EPI-14-1309
http://www.ncbi.nlm.nih.gov/pubmed/25976416
https://doi.org/10.1038/s41588-019-0504-x
http://www.ncbi.nlm.nih.gov/pubmed/31578528
https://doi.org/10.1038/ncomms15382
http://www.ncbi.nlm.nih.gov/pubmed/28537254
https://doi.org/10.18637/jss.v036.i03


 Research article Epidemiology and Global Health | Genetics and Genomics

Martin et al. eLife 2022;11:e72452. DOI: https://doi.org/10.7554/eLife.72452  33 of 33

Vincent EE, Yaghootkar H. 2020. Using genetics to decipher the link between type 2 diabetes and cancer: 
shared aetiology or downstream consequence? Diabetologia 63:1706–1717. DOI: https://doi.org/10.1007/ 
s00125-020-05228-y, PMID: 32705315

Wray NR, Ripke S, Mattheisen M, Trzaskowski M, Byrne EM, Abdellaoui A, Adams MJ, Agerbo E, Air TM, 
Andlauer TMF, Bacanu S- A, Bækvad- Hansen M, Beekman AFT, Bigdeli TB, Binder EB, Blackwood DRH, 
Bryois J, Buttenschøn HN, Bybjerg- Grauholm J, Cai N, et al. 2018. Genome- wide association analyses identify 
44 risk variants and refine the genetic architecture of major depression. Nature Genetics 50:668–681. DOI: 
https://doi.org/10.1038/s41588-018-0090-3, PMID: 29700475

Wuttke M, Li Y, Li M, Sieber KB, Feitosa MF, Gorski M, Tin A, Wang L, Chu AY, Hoppmann A, Kirsten H, Giri A, 
Chai J- F, Sveinbjornsson G, Tayo BO, Nutile T, Fuchsberger C, Marten J, Cocca M, Ghasemi S, et al. 2019. A 
catalog of genetic loci associated with kidney function from analyses of a million individuals. Nature Genetics 
51:957–972. DOI: https://doi.org/10.1038/s41588-019-0407-x, PMID: 31152163

Xu X, Eales JM, Jiang X, Sanderson E, Scannali D, Morris AP. 2020. Obesity as a Cause of Kidney Disease 
– Insights from Mendelian Randomisation Studies. medRxiv. DOI: https://doi.org/10.1101/2020.09.13. 
20155234

Yavorska OO, Burgess S. 2017. MendelianRandomization: an R package for performing Mendelian 
randomization analyses using summarized data. International Journal of Epidemiology 46:1734–1739. DOI: 
https://doi.org/10.1093/ije/dyx034, PMID: 28398548

Yuan S, Gill D, Giovannucci EL, Larsson SC. 2021. Obesity, Type 2 Diabetes, Lifestyle Factors, and Risk of 
Gallstone Disease: A Mendelian Randomization Investigation. Clinical Gastroenterology and Hepatology 
6:S1542- 3565(21)00001- X. DOI: https://doi.org/10.1016/j.cgh.2020.12.034, PMID: 33418132

https://doi.org/10.7554/eLife.72452
https://doi.org/10.1007/s00125-020-05228-y
https://doi.org/10.1007/s00125-020-05228-y
http://www.ncbi.nlm.nih.gov/pubmed/32705315
https://doi.org/10.1038/s41588-018-0090-3
http://www.ncbi.nlm.nih.gov/pubmed/29700475
https://doi.org/10.1038/s41588-019-0407-x
http://www.ncbi.nlm.nih.gov/pubmed/31152163
https://doi.org/10.1101/2020.09.13.20155234
https://doi.org/10.1101/2020.09.13.20155234
https://doi.org/10.1093/ije/dyx034
http://www.ncbi.nlm.nih.gov/pubmed/28398548
https://doi.org/10.1016/j.cgh.2020.12.034
http://www.ncbi.nlm.nih.gov/pubmed/33418132

	Disease consequences of higher adiposity uncoupled from its adverse metabolic effects using Mendelian randomisation
	Abstract
	Editor's evaluation
	Introduction
	Methods
	Study design
	Data sources
	GWAS of UK Biobank participants
	Genetic variants
	Body mass index
	Body fat percentage
	FA variants
	UFA variants

	Mendelian randomisation

	Results
	(i) Diseases with evidence that the metabolic effect of higher adiposity is causal
	(ii) Diseases with evidence that there is a non-metabolic causal effect
	(iii) Diseases with evidence that there is a combination of causal effects but with a predominantly metabolic component
	(iv) Diseases with evidence that there is a combination of causal effects but with a predominantly non-metabolic component
	All other disease outcomes
	Sensitivity analyses

	Discussion
	Cardiometabolic diseases
	Musculoskeletal diseases
	Gastrointestinal diseases

	Other diseases
	Strengths and limitations

	Acknowledgements
	Additional information
	﻿Competing interests
	﻿Funding
	Author contributions
	Author ORCIDs
	Ethics
	Decision letter and Author response

	Additional files
	Supplementary files

	References


