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Abstract  

The inverse association of body mass index (BMI) with postmenopausal breast cancer (BC) risk 

observed in Mendelian Randomization (MR) studies contradicts the International Agency for 

Research on Cancer (IARC) classification of high BMI as a risk factor for postmenopausal BC. 

We investigated whether this discrepancy stems from survival-driven selection bias in the 

underlying GWAS.  Using summary statistics from three different GWAS, higher genetically 

predicted BMI was inversely associated with BC risk in the BCAC consortium (odds ratio (OR): 

0.74, 95% CI: 0.64, 0.84) and the UK Biobank (OR: 0.70, 95% CI: 0.56, 0.87), but showed no 

relationship with sibling BC (BCs) risk (OR: 1.00, 95% CI: 0.99, 1.01). These findings 

demonstrate that previous MR studies may suffer from selection bias driven by survivorship bias. 

This highlights a critical methodological vulnerability in MR studies when both exposure and 

outcome cause premature mortality, and the underlying population is not fully captured by 

current GWAS.    

 

 

Key messages 

 Consistent with prior MR studies, higher BMI appeared protective against breast cancer 

(BC).  

 Sibling-based analyses indicated no significant association between BMI and BC risk.  

 This inverse association of genetically predicted BMI with BC is likely driven by survival 

bias, stemming from the exclusion of individuals who died from BC or high BMI prior to 

GWAS study enrolment.   

  

ACCEPTED M
ANUSC

RIP
T

D
ow

nloaded from
 https://academ

ic.oup.com
/aje/advance-article/doi/10.1093/aje/kw

ag125/8701189 by Yosu C
am

pus-C
honnam

 N
ational U

niversity user on 08 July 2026



 3 

Introduction 

Breast cancer (BC) affects approximately one in every eight women, with projections indicating 

it will become the leading cause of cancer death among U.S. women by 2040.(1) While mortality 

rate from BC have declined in the US since 1989 due to improved detection and treatment,(2) 

reducing incidence remains critical and requires a deeper understanding of BC etiology. While 

the International Agency for Research on Cancer (IARC) has classified adult obesity as a risk 

factor for postmenopausal BC,(3) some recent Mendelian randomization (MR) studies suggest 

that higher body mass index (BMI), may inversely associate with or protect against BC in this 

population.(4-7) MR studies utilize genetic instruments as proxies to eliminate the  confounding 

factors in observational studies.(8) However, MR findings showing an inverse  association of 

BMI on BC risk conflict with IARC conclusions. Mounting evidence suggests that these MR 

studies may be biased.(9, 10) Importantly, while MR studies are designed to reduce confounding, 

they remain vulnerable to selection bias —particularly when participant selection is conditional 

on surviving both the exposure and the outcome,(11) as illustrated in Figure .  

 

Genetic studies of BC are particularly vulnerable to survival bias. While the incidence of BC is 

rising among young women and it remains a leading cause of cancer-related death in this 

group,(12) most genome-wide association studies (GWAS) investigating causes of BC, risk 

factors like high BMI, have largely recruited women of middle age or older with cases often 

averaging in the late 50s.(13, 14) Failure to fully ascertain all deaths in the study population, 

including those  occurring before recruitment, creates the potential for survival bias where 

analysis is restricted to survivors of a specific exposure and outcome. This bias can attenuate or 

even reverse estimates of harmful exposures that began before study entry. Given that higher 
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BMI is associated with lower survival,(15) and most GWAS participants are in late middle age at 

enrollment, the inverse association of genetically predicted BMI with BC risk may reflect the 

exclusion of women who died from high-BMI or BC prior to the study.  

 

To assess whether previous MR studies showing an inverse association of genetically predicted 

BMI with BC risk were biased, we examined BC in the siblings (sibling BC [BCs]) of women 

who participated in GWAS studies. We assumed that BC among siblings is less susceptible to 

selection bias arising from missing outcomes in women who die middle age. These concepts are 

illustrated in the directed acyclic graphs in Figure . Panel A shows that selection bias arises when 

both the exposure (e.g. high BMI) and the outcome-related morbidity or mortality (e.g.  

participant BC [BCp]) influence an individual’s likelihood of being recruited into a GWAS 

study. This creates an open pathway: Genetic Variant  BMI  Selection (Survival to 

recruitment)  BCp (illustrated in Red). Conversely, Panel B illustrates that because a BCs does 

not influence the participant’s likelihood of recruitment, this model is less prone to selection 

bias.  

 

To determine whether the inverse association of adult BMI with BC observed in MR studies 

stems from selection bias from survivorship bias, we addressed three interrelated questions using 

two-sample MR (where possible), applied to the largest publicly available GWAS summary data.  

 First, we investigated the association between adult BMI—our exposure—and 

overall survival, defined as lifespan.  

 Second, we examined the association between genetic liability to BC—our 

outcome—and lifespan. To assess this, we utilized three distinct BC GWAS 

ACCEPTED M
ANUSC

RIP
T

D
ow

nloaded from
 https://academ

ic.oup.com
/aje/advance-article/doi/10.1093/aje/kw

ag125/8701189 by Yosu C
am

pus-C
honnam

 N
ational U

niversity user on 08 July 2026



 5 

summary statistics: two based on BCp (from the Breast Cancer Association 

Consortium [BCAC] and UK Biobank) and a third using BCs as a proxy. We 

hypothesized that BCp GWAS, which often exclude individuals who died young 

due to high BMI or aggressive BC, would show a weaker association with 

lifespan compared to the BCs proxy.  

 Third, we analyzed the association of adult BMI with BC, using the three 

different BC GWAS summary statistics to highlight the differences in results.  

 

Methods  

Data sources 

Body mass index (BMI) 

Genetic predictors of BMI were obtained from a female-specific GWAS conducted by the 

Genetic Investigation of ANthropometric Traits (GIANT) consortium, encompassing 171,977 

white women of European descent.(16) This cohort is unlikely to overlap with UK Biobank 

participants.(17) To mitigate potential bias from population stratification, the GWAS was 

adjusted for principal components of ancestry.(16) 

 

Lifespan 

Expected lifespan for participants was assessed based on mother’s attained age (age at death or 

current age, n=412,937) sourced from the UK Biobank’s cohort of approximately 500,000 

individuals recruited between 2006 to 2010. Using maternal attained age as a proxy for women 

participants’ lifespan is supported by evidence of the heritability of longevity,(18) and the 

correlation between parental lifespan and daughters’ life expectancy.(19) Furthermore, maternal 

attained age is an established proxy for all-cause mortality.(20) In the UK Biobank, analyses of 
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attained age excluded adopted participants and mothers who died prematurely before age 57.(21) 

The GWAS of maternal attained age utilized Martingale residuals from Cox proportional hazard 

models, adjusting for age, assessment center, and genotyping array.(21) The estimates of 

association were converted into life years lost using an established approximation.(22) 

 

Breast cancer 

Three distinct BC GWAS were used to first to assess the relationship of genetic liability to BC 

with lifespan, and then to examine the impact of BMI on BC risk. 

1. BCAC:  The Breast Cancer Association Consortium (BCAC) GWAS, which includes a 

mix of case-control studies and cohort studies, has been utilized in numerous MR 

studies.(23-25) This dataset includes 122,977 BC cases and 105,974 controls of 

European-descent.(14) Genetic associations within BCAC were adjusted for up to ten 

principal components of ancestry and country.(14)  

2. UK Biobank BCp Data: This GWAS of BCp included 462,933 participants of European 

descent (10,303 cases; 452,630 controls).  To address potential confounding by 

population stratification, the GWAS analysis was adjusted for genotyping array and the 

first ten principal components of ancestry.(26)  

3. UK Biobank BCs: This GWAS included 361,809 individuals of European-descent, 

comprising 16,586 BCs cases and 345,233 controls.(26) To minimize potential 

confounding by population stratification, the analysis was adjusted for genotyping array 

and the first ten principal components of ancestry.(26) Prior studies indicate that family 

history of BC is reliably reported within medical settings.(27, 28)  

All UK Biobank GWAS for BC --including BCp cases and BCs cases–were conducted using 

linear regression. Stringent quality control was applied to exclude individuals with mismatched 
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 7 

sex or high relatedness. To ensure comparability, estimates of associations derived from linear 

regression were converted from the probability scale to odds ratios (ORs) using established 

methods.(29)  

Table 1 provides further details on the GWAS data sources, including sex, age range, and 

geographic region. 

 

Genetic instruments selection 

Genome wide significant (p-value <5x10-8) and independent (r2<0.001) genetic variants were 

selected as instrumental variables for each exposure: BMI, liability to BCp from BCAC and the 

UK Biobank, and liability to BCs from the UK Biobank. Instrument strength was evaluated using 

the F-statistic, calculated using the approximation of genetic variant on exposure divided by its 

variance; the average F-statistic is reported.(30) An F-statistic threshold of 10 was considered as 

adequate to indicate strength of an instrument.(31, 32) Genetic associations between the 

instruments and the outcomes were obtained from relevant GWAS. Instruments were aligned 

across studies on the effect allele, with palindromic variants having a minor allele frequency 

(MAF) >0.42 removed to ensure accurate alignment.  

 

Statistical analysis 

Two-sample MR methods were employed to evaluate the potential causal impact of exposures 

(BMI and liability to BC) on outcomes (lifespan and BC). This instrumental variable approach 

relies on three core assumptions: relevance, independence, and exclusion restriction. To satisfy 

the relevance assumption, independent and genome-wide significant (P < 5 × 10-8) genetic 
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 8 

variants were selected as instruments for each exposure. The independence assumption was 

supported by the randomized nature of genetic alleles, reducing potential confounding.(33)  

Two-sample MR estimates were derived using the Wald ratio method (genetic association with 

outcome divided by genetic association with exposure). Variant-specific estimates were 

synthesized using inverse-variance weighting (IVW) with a multiplicative random-effects 

model.(34) To address potential violations of the exclusion restriction caused by horizontal 

pleiotropy or selection bias (e.g., survival bias),(10) we conducted sensitivity analyses, including 

weighted median (WM) and MR-Egger (MRE). The WM estimator provides a consistent causal 

estimate if at least 50% of the weight comes from valid instruments.(35) MRE regression was 

used to evaluate pleiotropy with a significant intercept term suggesting possible invalidity of the 

main inverse-variance weighted (IVW) estimate.(30)  

Given that GWAS of first-degree relatives (e.g., siblings) involve individuals sharing only 50% 

of their DNA, the genetic effect estimates of BMI on BCs were doubled, and their corresponding 

variance were quadrupled for the MR analysis.  

 

Statistical heterogeneity 

Statistical heterogeneity was assessed using the Cochran’s Q (𝜒2) and I2 statistics.(30) 

Heterogeneity was considered substantial if  the Cochrane’s Q test yielded a p<0.10 or if 𝐼2 >

60% . Separately, we evaluate the 𝐼𝐺𝑋
2  statistics to assess the impact of no measurement error 

violation; in this context higher 𝐼𝐺𝑋
2  values indicate greater validity IVW estimates(30) 

particularly in two-sample MR, where 𝐼𝐺𝑋
2  greater than 97% is desirable.(36) 
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 9 

TwoSampleMR 0.5.6 R package was used to extract genetic instruments and align genetic 

variants across studies,(26) the MendelianRandomization R package was then used to obtain the 

causal effect estimates. All analyses were conducted using R (version 4.1.2).(37)  

ETHICS 

This study only uses genetic summary statistics created from information and materials 

previously collected with informed consent. City University of New York School of Public 

Health Human Research Protection Program reviewed the study proposal and deemed the study 

not a human subject research study. Thus, institutional review board approval was exempt for 

this study.   

 

Results 

BMI on lifespan 

Higher BMI was strongly inversely associated with lifespan in women (Table 2). Each 

genetically predicted standard deviation (s.d.) increase in BMI was associated with a decrease of 

-1.50 (95% confidence interval (CI): -2.30, -0.70) years of life. The MR estimates were 

consistent across all sensitivity analyses, the F-statistics were adequate, and the MR-Egger 

intercept p-value of 0.70 showed no indication of instrument pleiotropy (a scenario where 

genetic variants influence lifespan through pathways other than BMI) (Table 2). This suggests 

that higher BMI is genetically linked to shorter lifespan in the studied female population.  

 

Liability to breast cancer on lifespan 

The estimated life years lost due to liability to BC using the BCAC GWAS was -0.53 (95% CI: -

0.74, -0.31) years. The estimated life years lost due to liability to BCp from UK Biobank was -
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 10 

1.12 (95% CI: -1.74, -0.51). The estimated life years lost due to liability to BCs was -1.74 (95% 

CI: -2.46, -1.03) years. The F-statistics were adequate. Sensitivity analysis gave a similar 

interpretation, with no evidence of genetic instrument pleiotropy from the non-significant MR-

Egger intercepts (Table 3). 

 

BMI on breast cancer  

Genetically predicted higher BMI was inversely associated with BC risk in the BCAC 

consortium data (OR=0.74, 95% CI: 0.64, 0.84), and with BCp risk among UK Biobank 

participants (OR=0.70, 95% CI: 0.56, 0.87). Conversely, genetically predicted BMI showed no 

association with BCs risk within the UK Biobank (OR=1.00, 95% CI: 0.99, 1.01) (Table 4). The 

F-statistics were adequate. Sensitivity analysis revealed a significant MR-Egger intercept 

(p=0.007), indicated that the BMI-BC risk estimates from BCAC may be invalid (Table 4). This 

suggests the presence of genetic instrument pleiotropy or potential selection bias. 

 

Discussion 

In this MR study, we found no association of BMI with BC risk when using BCs risk as a proxy 

outcome, which is likely less affected by survival bias than BCp. The novel aim of our study was 

to investigate potential selection bias MR analyses of BMI and BC. Such bias can arise in 

GWAS, as participant recruitment usually occurs in late middle age, after deaths of early onset 

BC or high BMI have already occurred. To address this, we compared results using BCp (which 

exclude individual who died before recruitment), against BCs, which provides a more complete 

and less biased ascertainment of cases.  
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Consistent with previous MR studies, we observed an inverse association between higher BMI 

and BC risk using GWAS of BCp.(4-7)  Among the three GWAS of liability to BC, BCs 

exhibited the strongest relationship with lifespan, suggesting lower susceptibility to survival bias 

compared to the other BC GWAS. Furthermore, sensitivity analysis indicated that the estimated 

association between BMI and BC right from BCAC GWAS might be invalid. This discrepancy is 

likely due to Neyman bias whereby exclusion of extremely sick individuals who have already 

died results in an underestimation of disease severity and a weak association with lifespan. 

Consequently, the BCAC GWAS finding regarding BMI and BC risk may be biased. These 

findings suggest selection bias may arise when examining exposures and outcomes that result in 

early mortality prior to study recruitment.(38)  

Such an inverse relationship is biologically implausible. Strong evidence links high BMI 

(obesity) to increased risk and progression of breast cancer, particularly in postmenopausal 

women, through estrogen production, chronic inflammation, and insulin signaling.(39-42) 

Excess adipose tissue acts as an active endocrine organ, producing excessive aromatase, inducing 

inflammation through cytokines (IL-6, TNF-α), and promoting cancer cell proliferation, 

invasion, and tumor microenvironment remodeling. 

This study is unique in its explicit consideration of selection bias arising from premature death 

related to both BMI and BC, distinguishing it from previous literature. Because selection on both 

exposure and outcome creates unrecoverable bias,(43) our analysis accounts for the fact that 

inclusion was conditioned on surviving both genetically predicted adult BMI and BC to reach 

recruitment in late middle-age (~57 years). Given our findings that both higher BMI and BC 

significantly reduce lifespan, we believe this “survivor bias” represents an important, yet 

previously overlooked, source of bias. Current solutions to this bias are largely limited to 
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sensitivity analysis,(44) whose parameters are difficult to estimate, or to models utilizing 

continuous outcomes.(45). Instead, we propose using sibling disease as a proxy outcome, which, 

due to its more complete ascertainment, is less susceptible to survival bias. Applying this 

approach, we found results conflicting with previous studies relied on BCp. Similar 

considerations regarding accounting for early death should be taken when assessing relationship 

between harmful exposures and outcomes, particularly when such deaths are not accounted for in 

GWAS.   

Beyond addressing selection bias in prior Mendelian Randomization (MR) studies regarding 

BMI and breast cancer, this research serves as a model for investigating selection bias in other 

MR analyses of harmful exposures and outcomes. Special attention is required when both the 

exposure and the outcome are detrimental, as these factors can significantly influence biobank 

participation. By utilizing BCs as a proxy outcome to demonstrate bias, this study illustrates a 

methodology that can be applied in other contexts if suitable proxies are available. 

Emerging evidence indicates that GWAS of ratio traits, such as BMI, are often denominator 

(height)-driven, leading to potentially spurious genetic associations that reflect stature more than 

adiposity.(46) This phenomenon may explain the paradoxical null or inverse relation observed 

between genetically predicted BMI and breast cancer in MR studies, which contradicts 

established observational findings. Furthermore, this phenomenon, likely acting in conjunction 

with selection/collider bias in prior MR studies, highlights the need for careful interpretation of 

genetic studies involving ratio phenotypes. Finally, the validity of these MR estimates depends 

on the gene-environment equivalence (GEE) assumption; however, satisfying GEE for BMI 

remains challenging, as genetic proxies may not perfectly recapitulate the timing or biological 

mechanisms of environmental BMI changes. Future research requires more comprehensive 
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GWAS recruitment and rigorous GEE evaluation. 

The UK Biobank protocol specifies that with a 10% exposure prevalence,  5,000 cases (1% of 

the cohort) are required to detect a minimum odds ratio of 1.26 at a significance level of  𝛼  

=10−4.(47) Given the substantial case count in the BCs cohort and the high instrument strength, 

this study likely possesses sufficient statistical power. However, these null findings may be 

influenced by potential selection bias, which could reduce statistical power and mask a true 

effect. Future work should investigate this, focusing specifically on the potential lack of power 

and/or selection bias. 

Strengths and Limitations  

While MR studies offer the advantage of providing less confounded estimates compared to other 

observational designs, several limitations remain. First, BCp and family history (BCs) are subject 

to measurement error. Such non-differential measurement error typically biases estimates 

towards the null hypothesis of no association. Second, the GIANT consortium data (mean age ≈ 

56 years) may exclude individuals who died prematurely due to high BMI potentially leading to 

selection bias that attenuate the association. This underscores the need for more comprehensive 

recruitment in underlying GWAS studies.  Third, UK Biobank BCp could not be analyzed by 

sub-type, as this information was not recorded, limiting our ability to examine the specific 

impact of BMI on distinct BC subtypes. Fourth, MR as instrumental variable analysis requires 

satisfying the core assumptions of relevance, independence, and exclusion-restriction. Relevance 

was ensured by using only genome-wide significant genetic instruments. To address potential 

violations of the exclusion restriction, we employed sensitivity analysis for genetic pleiotropy 

and utilizing BCs as an outcome to mitigate selection bias. Furthermore, genetic variants are 
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generally less strongly associated with potential confounders than observed exposures.(33) Fifth, 

the assessment of UK Biobank BC on lifespan is a one-sample MR study, which could 

potentially bias estimates towards confounded values; however, the large study size and high I2
GX 

suggest this effect is minimal. Furthermore, as shown in previous studies, the impact on MR 

estimate might not be substantial.(48) Sixth, the use of two-sample MR methods assumes that the 

associations between exposure and outcome are linear.  

 

Conclusion 

Previous MR studies suggesting an inverse association between adult BMI with BC risk may be 

driven by selection bias. Supporting this, our analysis found no association between BMI and 

BCs risk, highlighting potential bias in earlier studies. Our findings are consistent with mounting 

evidence from IARC(3) and the 2018 World Cancer Research Fund (WCRF)/ American Institute 

for Cancer Research (AICR) reports, which indicate that adult weight gain and excess body fat 

increase the risk of post-menopausal breast cancer.(49) These findings highlight a critical 

limitation in GWAS and MR studies, particularly when both exposure and outcome are harmful 

and influence enrollment into the underlying study. The applicability of our proposed method to 

other MR studies depend on the availability of a suitable proxy outcome. Crucially, given the 

established risk of higher BMI for chronic diseases and mortality, null or inverse associations of 

adult BMI and BC risk should not be interpreted as suggesting a lack of a causal role, pending 

further evidence free from confounding and selection bias. 
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Data Availability 

 

The datasets analyzed in this study were obtained from publicly available repositories and large-

scale consortia. The specific sources, persistent web links, and unique database identifiers for 

each dataset are as follows: 

 Locke (2015) / GIANT Consortium: Genome-wide association study (GWAS) summary 

statistics for body mass index (BMI) in females are available via the Broad Institute 

GIANT Consortium Data Files repository under dataset ID ieu-a-974. 

 Michailidou (2017) / BCAC Consortium: Breast cancer GWAS summary statistics 

(including cases and controls) are accessible via the Centre for Cancer Genetic 

Epidemiology Breast Cancer Association Consortium portal under dataset ID ieu-a-1126. 

 Elsworth (2018) / MRC-IEU: The participant breast cancer dataset consisting of 10,303 

cases and 452,630 controls is archived in the Medical Research Council Integrative 

Epidemiology Unit OpenGWAS Database under dataset ID ukb-b-16890. 

 Elsworth (2018) / MRC-IEU: The sibling breast cancer dataset consisting of 16,586 cases 

and 345,223 controls is archived in the Medical Research Council Integrative 

Epidemiology Unit OpenGWAS Database under dataset ID ukb-b-12227.  

 Pilling (2017): Summary statistics relating to mother's attained age are hosted within the 

UK Biobank Resource Platform repository under dataset ID ebi-a-GCST006696. 

 

No new primary data were generated during the current study. 
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Table 1: Description of data sources 

Variable First author 
(Year) 

Consortium Sample Size Population Sex Age range 

Body mass 
index 

Locke(16) 
(2015) 

GIANT 171,977 95% 
European 

Females 40-69 years 

BCp Michailidou(50) 
(2017) 

BCAC Cases=122,977; 
Controls=105,974 

European Females 58-66 years 

BCp Elsworth(51) 
(2018) 

MRC-IEU Cases=10,303; 
Controls=452,630 

European Females 
and males 

40-69 

BCs Elsworth(51) 
(2018) 

MRC-IEU Cases=16,586; 
Controls=345,223 

European Females 
and males 

40-69 

Mother’s 
attained age 

Pilling(52) 
(2017) 

NA 412,937 European Females 
and males 

40-69 
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Table 2: Mendelian Randomization estimates in women for body mass index (BMI) on life 

years in the UK Biobank 

Exposure  Inst

ru

me

nt 

#s 

(me

an 

f-

stat

isti

c) 

Outcome – Life 

years (ebi-a-

GCST006696) 

M

R-

Eg

ge

r 

int

erc

ept 

p-

val

ue, 

Q(

p), 

I2
G

X 

Un

its 

Su

bj

ec

t 

Description n Met

hod 

Life 

years
1  

95% 

CI 

p-

val

ue 

Fe

ma

le 

spe

cifi

c 

B

MI 

per 

sta

nd

ard 

de

via

tio

n 

Se

lf 

Body mass index 

https://portals.broadinstitute.org/collabo

ration/giant/index.php/GIANT_consorti

um_data_files 

17

19

77 

IV

W 

36 

(67

.1) 

-1.50 -2.30 

to -

0.70 

2.5

e-

04 

 

W

M 

 -1.48 -2.42 

to -

0.53 

0.0

02 

 

MR

E 

 -1.10 -3.29 

to 

1.09 

0.3

33 

0.7

0, 

68.

8 

(0)

, 

87.

5

% 

IVW = Inverse variance weight; WM = Weighted median; MRE = MR-Egger. 
1 Years of life obtained from the log protection ratio multiplied by 2.5863 to account for children only 

sharing half their genetic endowment with their mothers and then by 10 as a verified actuarial rule of 

thumb (20) 
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Table 3: Mendelian Randomization estimates in women for liability to BCp from BCAC 

and from UK Biobank, and BCs from UK Biobank on mother’s life years in the UK 

Biobank  

Exposure Instru

ment 

#s 

(mea

n f-

statist

ic)  

 Outcome – Life years 

(ebi-a-GCST006696) 

MR-

Egg

er 

inter

cept 

p-

valu

e, 

Q(p)

, 

I2
GX 

Unit

s 

Subje

ct 

Description Cases/par

ticipants 

Met

hod 

Life 

years3  

95% CI p-

value 

Liab

ility 

to 

brea

st 

canc

er in 

log 

odds  

Partic

ipant 

BCAC  

(ieu-a-1126)  

122977/ 

228951 

122 

(87.1) 

IV

W 

-0.53 -0.74 to 

-0.31 

2.8E-

06 

 

   W

M 

-0.43 -0.72 to 

-0.13 

0.005  

   MR

E 

-0.61 -1.10 to 

-0.12 

0.014 0.70

, 

193 

(0), 

93.1

% 

 

Partic

ipant 

 

UK Biobank 

(ukb-b-16890) 

 

10303/ 

4629331 

 

17 

(78.0) 

 

IV

W -1.12 

-1.74 to 

-0.51 

0.000

4 

 

   W

M 

-1.16 -1.83 to 

-0.49 

0.001  

   MR

E 

-1.75 -3.34 to 

-0.17 

0.03 0.40

, 

31.4 

(0.0

1), 

90.7

% 

 

Siblin

g 

 

UK Biobank 

(ukb-b-12227) 

 

16586/ 

3618092 

 

6 

(49.2) 

 

IV

W -1.74 

-2.46 to 

-1.03 

1.9E-

06 

 

   W

M -1.65 

-2.47 to 

-0.83 

7.9E-

5 

 

   MR

E 

0.21 

-2.63 to 

3.05 0.89 

0.17

, 4.8 

(0.3

1), 

ACCEPTED M
ANUSC

RIP
T

D
ow

nloaded from
 https://academ

ic.oup.com
/aje/advance-article/doi/10.1093/aje/kw

ag125/8701189 by Yosu C
am

pus-C
honnam

 N
ational U

niversity user on 08 July 2026



 23 

59.2

% 

         

         

IVW = Inverse variance weight; WM = Weighted median; MRE = MR-Egger. 
1 Given the self-reports included men, the denominator was halved when converting estimates of 

breast cancer obtained from linear regression to log odds for comparability 
2 Conservatively assumed that each person who reported on a sibling had one female sibling 

when converting estimates of breast cancer obtained from linear regression to log odds for 

comparability.  
3 Years of life obtained from the log protection ratio multiplied by 2.5863 to account for children 

only sharing half their genetic endowment with their mothers and then by 10 as a verified 

actuarial rule of thumb (20) 
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Table 4: Mendelian Randomization estimates in women for female specific BMI 

(n=111977) on BCp from BCAC and UK Biobank and BCs from UK Biobank 

Exposure Inst

rum

ents 

#s 

(me

an 

f-

stati

stic) 

Breast cancer 

Outcome for 

 Od

ds 

rati

o  

95

% 

CI 

p-

va

lu

e 

M

R-

Eg

ger 

int

erc

ept 

p-

val

ue, 

Q(

p), 

I2
G

X 

Un

its 

Description Su

bj

ec

t 

Study 

used 

M

et

ho

d 

Fe

ma

le 

spe

cifi

c 

B

MI 

per 

sta

nd

ard 

de

via

tio

n  

Body mass index 

https://portals.broadinstitute.org/co

llaboration/giant/index.php/GIANT

_consortium_data_files  

36 

(65.

5) 

B

C

p 

BCAC  

(ieu-a-

1126) 

IV

W 

0.7

4 

0.64 

to 

0.84 

6.

3e

-6 

 

  W

M 

0.7

3 

0.65 

to 

0.83 

3.

9e

-7 

 

  M

R

E 

0.4

8 

0.35 

to 

0.67 

1.

4e

-4 

0.0

07, 

12

4 

(0)

, 

86.

6

% 

36 

(66.

4) 

B

C

p1 

UK 

Biobank 

(ukb-b-

16890)1 

IV

W 

0.7

0 

0.56 

to 

0.87 

0.

00

2 

 

  W

M 

0.8

2 

0.63 

to 

1.06 

0.

12

5 

 

  M

R

E 

0.2

9 

0.12 

to 

0.73 

0.

01

0 

0.0

9, 

60 

(0.

04

), 

87.

2

% 
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37 

(65.

7) 

B

Cs
2 

UK 

Biobank 

(ukb-b-

12227)2 

IV

W 

1.0

0 

0.99 

to 

1.01 

0.

87 

 

  W

M 0.9

9 

0.98 

to 

1.00 

0.

20 

 

  M

R

E 

0.9

8 

0.95 

to 

1.02 

0.

40 

0.3

9, 

23

5 

(0)

, 

87.

1

%  

        

         

         

IVW = Inverse variance weight; WM = Weighted median; MRE = MR-Egger. 
1 Given the UK Biobank BCp included men, the denominator was halved when converted 

estimates of breast cancer obtained from linear regression to log odds for comparability 
2 Conservatively assumed that each person who reported on a sibling had one female sibling 

when converting estimates of breast cancer obtained from linear regression to log odds for 

comparability. 
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Figure 1. Directed acyclic graph (DAG) illustrating the presence or absence of selection bias for 

a harmful exposure such as high BMI across different types of outcomes 
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