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Abstract 

Background Both body mass index (BMI) and genetic factors independently contribute to cardiovascular disease 
(CVD). However, it is unclear whether genetic risk modifies the association between BMI and the risk of incident CVD. 
This study aimed to investigate whether BMI categories and genetic risk jointly and interactively contribute to inci-
dent CVD events, including hypertension (HTN), atrial fibrillation (AF), coronary heart disease (CHD), stroke, and heart 
failure (HF).

Methods A total of 496,851 participants from the UK Biobank with one or more new-onset CVD events were 
included in the analyses. BMI was categorized as normal weight (< 25.0 kg/m2), overweight (25.0–29.9 kg/m2), 
and obesity (≥ 30.0 kg/m2). Genetic risk for each outcome was defined as low (lowest tertile), intermediate (second 
tertile), and high (highest tertile) using polygenic risk score. The joint associations of BMI categories and genetic risk 
with incident CVD were investigated using Cox proportional hazard models. Additionally, additive interactions were 
evaluated.

Results Among the 496,851 participants, 270,726 (54.5%) were female, with a mean (SD) age was 56.5 (8.1) years. 
Over a median follow-up (IQR) of 12.4 (11.5–13.1) years, 102,131 (22.9%) participants developed HTN, 26,301 (5.4%) 
developed AF, 32,222 (6.9%) developed CHD, 10,684 (2.2%) developed stroke, and 13,304 (2.7%) developed HF. 
Compared with the normal weight with low genetic risk, the obesity with high genetic risk had the highest risk 
of CVD: HTN (HR: 3.96; 95%CI: 3.84–4.09), AF (HR: 3.60; 95%CI: 3.38–3.83), CHD (HR: 2.76; 95%CI: 2.61–2.91), stroke (HR: 
1.44; 95%CI: 1.31–1.57), and HF (HR: 2.47; 95%CI: 2.27–2.69). There were significant additive interactions between BMI 
categories and genetic risk for HTN, AF, and CHD, with relative excess risk of 0.53 (95%CI: 0.43–0.62), 0.67 (95%CI: 
0.51–0.83), and 0.37 (95%CI: 0.25–0.49), respectively.
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Conclusions BMI and genetic factors jointly and interactively contribute to incident CVD, especially among partici-
pants with high genetic risk. These findings have public health implications for identifying populations more likely 
to have cardiovascular benefit from weight loss interventions.

Keywords Cardiovascular disease, Body mass index, Genetic risk, Joint association, Additive interaction

Background
Cardiovascular disease (CVD) remains a major cause of 
premature mortality and rising health care costs [1, 2]. 
Globally, an estimated 17.9 million people died from 
CVD in 2019, with the majority of these deaths occur-
ring in adults aged 75  years and older [3, 4]. However, 
relatively younger individuals can benefit significantly 
from preventive treatment [5]. Additionally, there has 
been a noticeable and steady rise in the prevalence of 
obesity worldwide over the past 30  years [6, 7]. Body 
mass index (BMI) is a widely used measure of obesity 
and overweight [8], and higher BMI is associated with 
an increased risk of CVD [9]. However, findings are not 
entirely consistent. For example, a recent Israel cohort 
study found a significant association between BMI and 
stroke [10], whereas other studies did not report such 
a significant association [11, 12]. Moreover, a consen-
sus regarding the patterns of associations between BMI 
and CVD risk has not yet widely emerged. Some stud-
ies have reported a linear relationship between BMI and 
atrial fibrillation risk [13, 14], while others have observed 
a non-linear relationship [15, 16]. Further studies are 
needed to strengthen the weak evidence regarding the 
associations between BMI categories and the risk of 
CVD [9].

Twin studies have revealed that genetic factors play 
an important role in the development of CVD and its 
related death [17, 18]. Meanwhile, increasingly large 
genome-wide association studies (GWASs) have iden-
tified a mass of single nucleotide variants across the 
genome associated with CVD [19–21]. Evidence has 
shown that single genetic variants can modify the 
associations between obesity and multiple diseases, 
such as dyslipidemia [22, 23] and hypertension [24]. 
However, the heritability of a single genetic variant is 
limited due to the complexity of disease development. 
Polygenic risk score (PRS) is generally more effective 
in measuring the cumulative effect of multiple genetic 
variants associated with the risk of CVD. PRS enables 
comprehensive genetic risk assessment, early detection 
of high-risk individuals, and application in precision 
medicine [25–28]. Previous studies have largely evalu-
ated the associations of obesity or polygenic risk with 
CVD separately, leaving it unclear how PRS interacts 
with obesity to influence CVD risk. Understanding the 
joint and interactive associations between obesity and 

PRS might help refine risk stratification, provide more 
timely and personalized preventive advice, and aid in 
developing effective strategies for CVD prevention.

Considering the CVD burden attributable to obesity 
and genetic factors, the primary objective of this study 
was to investigate whether the BMI and genetic factors 
have a joint and interactive association with incident 
CVD events, including hypertension (HTN), atrial fibril-
lation (AF), coronary heart disease (CHD), stroke, and 
heart failure (HF)—the leading risks and causes of cardi-
ovascular death [29]—in a prospective population-based 
cohort.

Methods
Study population
The UK Biobank study protocol is available online 
(https:// www. ukbio bank. ac. uk/ media/ gnkey h2q/ study- 
ratio nale. pdf ). More than 500,000 participants aged 
40–69  years were recruited into the UK Biobank and 
visited one of 22 assessment centers in England, Wales, 
and Scotland from 2006 to 2010, where they completed a 
self-reported touchscreen questionnaire, which collected 
comprehensive personal and exposure information; 
underwent physical measurements; and provided blood, 
urine, and saliva samples that were used for various types 
of assays [30]. All participants provided written informed 
consent, and the UK Biobank study was granted ethics 
approval from the North West Multi-Center Research 
Ethical Committee.

Body mass index
BMI was calculated as weight in kilograms divided by 
height in meters squared according to the protocol of the 
UK Biobank. Standing height was measured using a Seca 
202 device, and weight was measured by a variety of means 
during the initial assessment center visit (https:// bioba nk. 
ctsu. ox. ac. uk/ cryst al/ label. cgi? id= 100010).

According to the World Health Organization (WHO) 
2000 criteria, four basic categories are defined based on 
BMI: underweight (< 18.5  kg/m2), normal weight (18.5–
24.9  kg/m2), overweight (25.0–29.9  kg/m2), and obe-
sity (≥ 30.0  kg/m2) [31, 32]. Since the underweight was 
extremely rare in our analytical datasets (Overall: 0.5%; 
HTN: 0.6%; AF: 0.5%; CHD: 0.5%; stroke: 0.5%; HF: 0.5%), 
it was not considered as a separate category but was com-
bined with the normal weight group in the main analyses 

https://www.ukbiobank.ac.uk/media/gnkeyh2q/study-rationale.pdf
https://www.ukbiobank.ac.uk/media/gnkeyh2q/study-rationale.pdf
https://biobank.ctsu.ox.ac.uk/crystal/label.cgi?id=100010
https://biobank.ctsu.ox.ac.uk/crystal/label.cgi?id=100010
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[33, 34]. Therefore, participants were classified into three 
categories: normal weight (< 25.0  kg/m2), overweight 
(25.0–29.9 kg/m2), and obesity (≥ 30.0 kg/m2).

PRS construction
The genotyping and imputation procedures for the single 
nucleotide polymorphisms (SNPs) are described briefly 
in the Additional file  1: Supplemental Methods. Based 
on the largest HTN GWAS published recently [19], we 
constructed the PRS for HTN with 496 out of 901 SNPs 
after quality control [35–37] and linkage disequilibrium 
(LD) clumping (see Additional file 1: Fig. S1 for details). 
Similarly, 89 out of 166 SNPs [38], 143 out of 241 SNPs 
[20], 56 out of 89 SNPs [21], and 6 out of 12 SNPs [39] 
were used to construct PRS for AF, CHD, stroke, and HF, 
respectively. The SNPs used to construct the PRS are pro-
vided (Additional file 1: Table S1-S5). Details about PRS 
generation are shown in the Additional file  1: Supple-
mental Methods. The PRS for each outcome was further 
categorized as low (lowest tertile), intermediate (second 
tertile), and high (highest tertile) genetic risk (tertiles 
were based on the distribution of the PRS among the 
non-cases) [40].

Outcome ascertainment
The outcomes of this study were the first incident CVD 
events (HTN, AF, CHD, stroke, and HF) obtained 
through linkage with inpatient hospitalization, primary 
care records, recorded as the underlying/contribu-
tory cause of death, or self-reported at the UK Biobank 
assessment center visit. We defined outcomes according 
to the International Classification of Disease edition 10 
(ICD-10) [41]: I10-I13, I15 for HTN; I48 for AF; I20-I25 
for CHD; I60-I64, I69 for stroke; and I50 for HF. Partici-
pants were followed up from enrollment until the date of 
the first occurrence of CVD or censoring. Censoring was 
defined as any CVD-unrelated death, withdrawal from 
the study, or until the end of follow-up (August 15, 2021), 
whichever came first.

Covariates
A directed acyclic graph (DAG) was drawn to identify 
which covariates are considered confounders (Additional 
file 1: Fig. S2). Demographic characteristic (age, sex, and 
ethnicity), individual socioeconomic status (education, 
employment status, and household income), lifestyles 
(smoking status, drink frequency, healthy diet, and Inter-
national Physical Activity Questionnaire (IPAQ)), area 
socioeconomic status (Townsend deprivation index), 
residential exposure (residential air and noise pollution) 
were all considered. The detailed information for covari-
ates is described in the Additional file  1: Supplemental 
Methods.

Analytical cohort
We excluded participants with missing or outliers 
(BMI < 15  kg/m2 or > 60  kg/m2) of BMI data [42]. Par-
ticipants with prevalent disease at baseline, defined as 
the date of first occurrence of an event preceding the 
date of first attendance at the assessment center, were 
excluded per outcome. Participants with missing eth-
nicity data were excluded since predicting the ethnicity 
at the individual level is problematic [43]. In the end, a 
total of 496,851 participants remained in at least one 
analytical cohort. The sample sizes were 445,907 for the 
HTN cohort; 488,689 for the AF cohort; 470,159 for the 
CHD cohort; 489,074 for the stroke cohort; and 494,230 
for the HF cohort. Combined with PRS, the number of 
participants were 432,761, 474,140, 456,218, 474,570, and 
479,535 for each outcome cohort, respectively (Fig. 1).

Statistical analyses
Characteristics of the study population were presented 
as mean (standard deviations [SD]), median (interquar-
tile range [IQR]), or frequency (percentage). We imputed 
missing covariate data using multiple imputation by 
chained equations [44] (see Additional file 1: Supplemen-
tal Methods for details). Cox proportional hazard models 
were applied to estimate the hazard ratios (HRs) and 95% 
confidence intervals (CIs) for the associations of BMI cat-
egories and genetic factors with incident events of HTN, 
AF, CHD, stroke, and HF. Schoenfeld residual plot was 
used to check the proportional hazard assumption, and 
no violation of the assumption was observed. Cox propor-
tional hazard models were adjusted for the confounders 
identified by the DAG (Additional file 1: Fig. S2), includ-
ing age, sex (model 1), ethnicity, education, employment 
status, household income, smoking status, drink fre-
quency, healthy diet, IPAQ, Townsend deprivation index, 
and the top two pollution principal components (model 
2). When genetic factors were included in the models, we 
further adjusted for the genotyping batch and the top four 
genetic principal components.

In the main analyses, the results were reported based 
on three BMI categories: normal weight (< 25.0  kg/m2, 
the reference category), overweight (25.0–29.9  kg/m2), 
and obesity (≥ 30.0 kg/m2). The P value for trend between 
BMI categories and each outcome was calculated using 
the median value of each BMI category. Restricted cubic 
splines (RCSs) with the population median BMI as the 
reference value were used to detect any possible non-
linear dependencies in the Cox models. Five knots were 
placed at default positions according to BMI percentiles 
 (5th, 27.5th,  50th, 72.5th, and  95th percentiles) [45]. The 
deciles of PRS were also used to test for positive associa-
tions between PRS and each outcome. The tests for trend 
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Fig. 1 Study workflow. Definition of abbreviations: AF atrial fibrillation, BMI body mass index, CHD coronary heart disease, CVD cardiovascular 
disease, HF heart failure, HTN hypertension, IPAQ International physical activity questionnaire, PRS polygenic risk score



Page 5 of 12Huang et al. BMC Public Health         (2024) 24:2371  

were performed by modelling the PRS (tertiles or deciles) 
as an ordinal variable [40].

We included the interaction term of BMI categories 
and PRS tertiles (genetic risk) in the models to calcu-
late the joint HRs (95%CIs) (the normal weight with low 
genetic risk as the reference group). We also calculated 
cumulative incidence in each population with various 
combination of BMI category and genetic risk, stand-
ardized to the mean of adjusted covariates. The additive 
interaction was evaluated two indexes: the relative excess 
risk because of the interaction (RERI) and the attribut-
able proportion because of the interaction (AP). The 
95%CIs of the RERI and AP were computed by the multi-
variate delta method [46]. The Wald global test was per-
formed to examine the overall additive interaction.

Sensitivity analyses were conducted to examine the 
robustness of our results. First, we removed participants 
with missing values for covariates and ran complete 
case analyses. Second, we excluded events that occurred 
within the first year of follow-up or restricted the analy-
sis to participants free of any HTN, AF, CHD, stroke, and 
HF at baseline to minimize confounding from illness. 
Third, considering potential confounding rather than 
mediating effects of a history of diabetes, we additionally 
adjusted for the history of diabetes. Fourth, we evaluated 
the associations between time-dependent BMI categories 
and CVD using time-dependent Cox proportional haz-
ard models to validate the results of our main analyses, 
which modeled only the baseline BMI categories. Fifth, 
the underweight (< 18.5 kg/m2) was considered as a sepa-
rate category to enhance the validity of our results (the 
normal weight as the reference group).

All analyses were implemented using R Software, ver-
sion 4.2.3. Multiple imputation and Cox regression were 
performed using the mice and survival packages, respec-
tively. Bonferroni method was used to control the type I 
error rate inflation due to multiple testing (see Additional 
file 1: Supplemental Methods for details).

Results
Baseline characteristics
A total of 496,851 participants (mean [SD] age, 56.5 [8.1] 
years; 270,726 [54.5%] female) from the UK Biobank were 
included in this study. Participants from the following 
race and ethnicity groups were included: 470,385 white 
(94.7%) and 26,466 other (5.3%). In total, 164,289 (33.1%) 
individuals were of normal weight (including 0.5% under-
weight), 211,099 (42.5%) were overweight, and 121,463 
(24.4%) were obese (Table 1). The baseline characteristics 
of the five analytical cohorts (Additional file 1: Table S6) 
are provided, as well as those grouped by BMI and PRS 
categories (Additional file  1: Table  S7-S11). Baseline 
characteristics of incomplete and complete cases are 

Table 1 Baseline characteristics of 496,851 participants included 
in the study

Characteristic No. (%) / mean 
(SD) / median 
(IQR)

Total, No 496,851

Follow-up, median (IQR), y 12.4 (11.5–13.1)

Sex, n (%)

 Female 270,726 (54.5)

 Male 226,125 (45.5)

Age, mean (SD), y 56.5 (8.1)

Age, n (%)

  < 60 years 281,778 (56.7)

  ≥ 60 years 215,073 (43.3)

Ethnicity, n (%)

 Others 26,466 (5.3)

 White 470,385 (94.7)

Household income, n (%)

 Less than ￡31,000 203,314 (40.9)

 ￡31,000 and above 218,710 (44.0)

 Missing value 74,827 (15.1)

Employment  statusa, n (%)

 Active 284,872 (57.3)

 Inactive 210,119 (42.3)

 Missing value 1860 (0.4)

Education, n (%)

 Others 256,400 (51.6)

 Degree or professional education 231,568 (46.6)

 Missing value 8883 (1.8)

Body mass index, mean (SD), kg/m2 27.4 (4.8)

Body mass index, n (%)

 Normal weight (< 25.0 kg/m2) 164,289 (33.1)

 Overweight (25.0–29.9 kg/m2) 211,099 (42.5)

 Obesity (≥ 30.0 kg/m2) 121,463 (24.4)

Smoking status, n (%)

 Never 271,123 (54.6)

 Previous 171,605 (34.5)

 Current 52,241 (10.5)

 Missing value 1882 (0.4)

Drink frequency, n (%)

 Daily or almost daily 100,991 (20.3)

 Three or four times a week 114,645 (23.1)

 Once or twice a week 128,317 (25.8)

  Occasionalb 112,664 (22.7)

 Never 39,779 (8.0)

 Missing value 455 (0.1)

Health  dietc, n (%)

 No 261,786 (52.7)

 Yes 216,848 (43.6)

 Missing value 18,217 (3.7)

IPAQ, n (%)

 Low 75,184 (15.1)
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also presented (Additional file  1: Table  S12-S13). Dur-
ing a median follow-up (IQR) of 12.4 (11.5–13.1) years, 
102,131 (22.9%) participants developed HTN, 26,301 
(5.4%) developed AF, 32,222 (6.9%) developed CHD, 
10,684 (2.2%) developed stroke, and 13,304 (2.7%) devel-
oped HF.

Association of BMI with incident CVD
There were significant associations between obesity 
and the risk of HTN (HR: 2.68; 95%CI: 2.63–2.73), AF 
(HR: 1.86; 95%CI: 1.80–1.92), CHD (HR: 1.79; 95%CI: 
1.73–1.84), stroke (HR: 1.27; 95%CI: 1.21–1.34), and HF 
(HR: 2.27; 95%CI: 2.16–2.38). Overweight was associ-
ated with a 60% higher risk of HTN (95%CI: 57%-63%), 
an 18% higher risk of AF (95%CI: 14%-22%), a 32% higher 
risk of CHD (95%CI: 29%-36%), a 7% higher risk of stroke 
(95%CI: 2%-12%), and a 22% higher risk of HF (95%CI: 
17%-28%). The risk of CVD increased significantly from 
normal weight to obesity (all Ptrend < 0.001) (Table 2). The 
results were robust in sensitivity analyses (Additional file 1: 
Table  S14-S18). The underweight was not significantly 
associated with the risk of AF, CHD, stroke and HF, but 
was associated with HTN (Additional file 1: Table S19).

Table 1 (continued)

Characteristic No. (%) / mean 
(SD) / median 
(IQR)

 Moderate 162,887 (32.8)

 High 161,009 (32.4)

 Missing value 97,771 (19.7)

Townsend deprivation index, median (IQR) -2.1 (-3.6–0.5)

Townsend deprivation index, quintiles, n (%)

 1 (least deprived) 99,213 (20.0)

 2 99,283 (20.0)

 3 99,245 (20.0)

 4 99,250 (20.0)

 5 (most deprived) 99,253 (20.0)

 Missing value 607 (0.1)

Abbreviations: IPAQ International physical activity questionnaire, IQR interquartile 
range, SD standard deviation
a Employment status refers to paid employment and unpaid employment. 
bOccasional include individuals who drink on special occasions only and 
individuals who drink ~ 1–2 times a month. cHealth diet bases on a healthy diet 
score adopted from the American Heart Association guidelines, which assigned 
1 point for more than 2 of the following three items, otherwise 0 points: (1) Total 
fruit and vegetable intake: ≥ 4.5 pieces or servings per day (1 serving being 3 
tablespoons); (2) Total fish intake ≥ 2 times per week; (3) Red meat intake ≤ 5 
times per week and processed meat intake ≤ 2 times per week

Table 2 Associations of the risk for incident cardiovascular disease and BMI categories

Abbreviations: AF atrial fibrillation, BMI body mass index, CHD coronary heart disease, CI confidence interval, HF heart failure, HR hazard ratio, HTN hypertension, NA not 
applicable
a Model 1: age and sex. bModel 2: Model 1 + ethnicity, education, employment status, household income, smoking status, drink frequency, healthy diet, IPAQ, 
Townsend deprivation index, and the top two pollution principal components

BMI categories Number of Cases/
Person-Years

Model  1a Model  2b

HR(95%CI) P Value P for trend HR(95%CI) P Value P for trend

HTN

 Normal weight (< 25.0 kg/m2) 21,971/1,784,016 1.00 [Reference] NA  < 0.001 1.00 [Reference] NA  < 0.001

 Overweight (25.0–29.9 kg/m2) 45,356/2,047,075 1.64 (1.61–1.66)  < 0.001 1.60 (1.57–1.63)  < 0.001

 Obesity (≥ 30.0 kg/m2) 35,739/971,060 2.87 (2.82–2.92)  < 0.001 2.68 (2.63–2.73)  < 0.001

AF

 Normal weight (< 25.0 kg/m2) 6069/1,959,531 1.00 [Reference] NA  < 0.001 1.00 [Reference] NA  < 0.001

 Overweight (25.0–29.9 kg/m2) 11,170/2,480,821 1.19 (1.16–1.23)  < 0.001 1.18 (1.14–1.22)  < 0.001

 Obesity (≥ 30.0 kg/m2) 9558/1,390,484 1.96 (1.90–2.02)  < 0.001 1.86 (1.80–1.92)  < 0.001

CHD

 Normal weight (< 25.0 kg/m2) 7357/1,918,358 1.00 [Reference] NA  < 0.001 1.00 [Reference] NA  < 0.001

 Overweight (25.0–29.9 kg/m2) 14,612/2,362,781 1.35 (1.31–1.39)  < 0.001 1.32 (1.29–1.36)  < 0.001

 Obesity (≥ 30.0 kg/m2) 10,783/1,290,768 1.95 (1.90–2.01)  < 0.001 1.79 (1.73–1.84)  < 0.001

Stroke

 Normal weight (< 25.0 kg/m2) 2934/1,977,315 1.00 [Reference] NA  < 0.001 1.00 [Reference] NA  < 0.001

 Overweight (25.0–29.9 kg/m2) 4752/2,517,611 1.09 (1.04–1.14)  < 0.001 1.07 (1.02–1.12) 0.004

 Obesity (≥ 30.0 kg/m2) 3243/1,423,950 1.38 (1.31–1.45)  < 0.001 1.27 (1.21–1.34)  < 0.001

HF

 Normal weight (< 25.0 kg/m2) 2641/1,995,755 1.00 [Reference] NA  < 0.001 1.00 [Reference] NA  < 0.001

 Overweight (25.0–29.9 kg/m2) 5245/2,546,229 1.27 (1.21–1.33)  < 0.001 1.22 (1.17–1.28)  < 0.001

 Obesity (≥ 30.0 kg/m2) 5776/1,435,178 2.66 (2.54–2.79)  < 0.001 2.27 (2.16–2.38)  < 0.001
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RCSs showed J-shaped non-linear associations between 
BMI and the risk of HTN and CHD, and U-shaped non-
linear associations between BMI and the risk of AF, 
stroke and HF, with the lowest risk at around 23  kg/m2 
(Pnon-linearity = 0.009 for stroke, Pnon-linearity < 0.001 for the 
rest). There were steeper slopes between BMI and the 
risk of HTN, AF and HF, whereas plateauing increased 
trends were observed between BMI and the risk of CHD 
and stroke as BMI increased (Additional file 1: Fig. S3).

Association of BMI and PRS with incident CVD
Participants with incident CVD events tended to have 
a higher PRS than unaffected participants (Additional 
file 1: Fig. S4). There was a significant increase in the risk 
of CVD across the deciles of the PRS (all Ptrend < 0.001; 

Additional file  1: Table  S20, Fig. S5). Participants with 
intermediate and high genetic risk had higher risks for 
CVD than those with low genetic risk, with observable 
risk stratification (Additional file 1: Table S21, Fig. S6).

We observed joint associations of BMI categories and 
genetic risk on CVD risk in a dose–response manner, 
with the overall risk of CVD events increasing as both 
BMI and genetic risk increased. Specifically, compared 
with the normal weight with low genetic risk, the obe-
sity with high genetic risk had the highest risk of CVD: 
HTN (HR: 3.96; 95%CI: 3.84–4.09), AF (HR: 3.60; 95%CI: 
3.38–3.83), CHD (HR: 2.76; 95%CI: 2.61–2.91), stroke 
(HR: 1.44; 95%CI: 1.31–1.57), and HF (HR: 2.47; 95%CI: 
2.27–2.69) (Fig. 2, Additional file 1: Fig. S7a). Similarly, a 
graduate increase in stratified cumulative CVD risk was 

Fig. 2 Risk of incident CVD according to BMI categories and genetic risk groups. The hazard ratios for CVD according to BMI categories and PRS 
categories in the HTN (A), AF (B), CHD (C), Stroke (D), HF (E) cohort were estimated using Cox proportional hazard models with adjustment for age, 
sex, ethnicity, education, employment status, household income, smoking status, drink frequency, healthy diet, IPAQ, Townsend deprivation index, 
the top two pollution principal components, and the top four principal components of ancestry and genotyping batch. Definition of abbreviations: 
AF atrial fibrillation, CHD coronary heart disease, CVD cardiovascular disease, CI confidence interval, HF heart failure, HTN hypertension, NA not 
applicable
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observed compared with the normal weight with low 
genetic risk (Additional file 1: Fig. S8). The results of joint 
associations were robust in sensitivity analyses (Addi-
tional file 1: Table S22-S27).

Significant positive additive interactions between BMI 
and genetic risk were found for HTN, AF, and CHD (all 
Poverall < 0.001). Specifically, for the obesity with high 
genetic risk, the RERI for HTN was 0.53 (95%CI: 0.43–
0.62), indicating a 0.53 relative excess risk due to the 
additive interaction, accounting for 13% (95%CI: 11%-
16%) of the risk of HTN in participants exposed to both 
high genetic risk and obesity. Similarly, for the obesity 
with high genetic risk, the RERI and AP for AF were 0.67 
(95%CI: 0.51–0.83) and 19% (95%CI: 14%-23%), and for 
CHD were 0.37 (95%CI: 0.25–0.49) and 13% (95%CI: 
9%-18%) (Table 3, Additional file 1: Fig. S7b).

Discussion
In this large, prospective cohort study, we observed that 
obesity and overweight were significantly associated with 
an increased risk of incident CVD in the UK Biobank. 
Intermediate and high genetic risk were also associated 
with higher risks of CVD. Notably, the greatest rela-
tive increases in risk were observed among the obesity 
with high genetic risk for CVD. Additionally, there were 

positive additive interactions between BMI categories 
and genetic risk for incident HTN, AF, and CHD.

The results of a population-based study in the USA are 
consistent with our findings, showing that overweight 
and obese adults had a higher lifetime risk of developing 
CVD [47]. We found similar dose–response associations 
in a meta-analysis of more than 2.3 million participants 
and in the European Prospective Investigation into Can-
cer and Nutrition (EPIC) study, where the risk of HTN 
and CHD increased continuously with increasing BMI 
[48, 49]. There is evidence of U-shaped non-linear asso-
ciations between BMI and the risk of AF, stroke, and HF 
[15, 50–53]. We also found U-shaped non-linear associa-
tions at the risk of AF, stroke, and HF with BMI. However, 
the underweight was extremely rare and thus combined 
into the normal weight category in our analyses. These 
results should be interpreted with caution. Additionally, 
the risk of HTN, AF, and HF increased dramatically when 
BMI > 30 kg/m2 compared to the risk of CHD and stroke, 
suggesting that focusing on obesity and weight manage-
ment might be more effective in reducing the incidence 
of HTN, AF, and HF. Further studies will be needed to 
unveil the true patterns of associations between the full 
spectrum of BMI and the risk of CVD.

CVD has a strong genetic component based on herit-
ability estimates ranging between ~ 40–60% [17, 54, 55]. 

Table 3 RERI and AP for additive interaction between BMI categories and genetic  riska

Abbreviations: AF atrial fibrillation, AP the attributable proportion due to interaction, BMI body mass index, CHD coronary heart disease, CI confidence interval, HF heart 
failure, HTN hypertension, PRS polygenic risk score, RERI the relative excess risk due to interaction
a Adjusted for age, sex, ethnicity, education, employment status, household income, smoking status, drink frequency, healthy diet, IPAQ, Townsend deprivation index, 
the top two pollution principal components, and the top four principal components of ancestry and genotyping batch. bDefined by polygenic risk score; low (lowest 
tertiles), intermediate (second tertiles) and high (highest tertiles). cTo estimate RERI and AP, the normal weight (< 25.0 kg/m2) and the lowest genetic risk groups were 
the reference categories

BMI categories Genetic  Riskb

Intermediate High P for overall test

RERIc(95%CI) APc(95%CI) RERIc(95%CI) APc(95%CI) RERI AP

HTN

 Overweight (25.0–29.9 kg/m2) 0.07 (0.02–0.13) 0.04 (0.01–0.07) 0.22 (0.16–0.28) 0.09 (0.07–0.12)  < 0.001  < 0.001

 Obesity (≥ 30.0 kg/m2) 0.27 (0.18–0.36) 0.08 (0.05–0.11) 0.53 (0.43–0.62) 0.13 (0.11–0.16)

AF

 Overweight (25.0–29.9 kg/m2) 0.02 (-0.09–0.13) 0.01 (-0.06–0.08) 0.19 (0.07–0.31) 0.08 (0.03–0.13)  < 0.001  < 0.001

 Obesity (≥ 30.0 kg/m2) 0.28 (0.13–0.42) 0.10 (0.05–0.16) 0.67 (0.51–0.83) 0.19 (0.14–0.23)

CHD

 Overweight (25.0–29.9 kg/m2) 0.03 (-0.06–0.12) 0.02 (-0.04–0.08) 0.16 (0.07–0.26) 0.08 (0.03–0.13)  < 0.001  < 0.001

 Obesity (≥ 30.0 kg/m2) 0.04 (-0.08–0.16) 0.02 (-0.04–0.07) 0.37 (0.25–0.49) 0.13 (0.09–0.18)

Stroke

 Overweight (25.0–29.9 kg/m2) 0.06 (-0.06–0.18) 0.05 (-0.05–0.15) 0.08 (-0.04–0.21) 0.07 (-0.03–0.17) 0.347 0.368

 Obesity (≥ 30.0 kg/m2) -0.04 (-0.19–0.11) -0.03 (-0.15–0.08) 0.07 (-0.08–0.21) 0.05 (-0.06–0.15)

HF

 Overweight (25.0–29.9 kg/m2) -0.01 (-0.14–0.12) -0.01 (-0.11–0.10) 0.16 (0.03–0.29) 0.11 (0.02–0.20) 0.073 0.072

 Obesity (≥ 30.0 kg/m2) 0.05 (-0.14–0.23) 0.02 (-0.06–0.09) 0.12 (-0.07–0.30) 0.05 (-0.03–0.12)
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As shown in our study, the risk of CVD increased as PRS 
increased, e.g., individuals with high genetic risk had up 
to a 2-fold risk of AF compared to those with low genetic 
risk. Over the past 10 to 15 years, global interest, efforts, 
and controversies have surrounded the clinical utility of 
PRS, a promising tool for precision medicine and early 
risk stratification, for the primary prevention of non-
communicable CVD [56, 57]. However, knowledge of 
genetic risk alone may lead individuals to believe they 
are destined to develop diseases and respond passively 
to other beneficial public health policies [58]. From this 
perspective, the results of positive additive interactions 
between obesity and genetic risk suggest that people 
with high genetic risk may benefit more from weight loss, 
which may promote the practical application of PRS in 
the primary prevention of CVD.

Previous studies mostly focused on the impact of adi-
posity or genetic risk on CVD risk separately, while 
ignoring the combined disease burden they contrib-
ute to. We observed that the overall risk of CVD events 
increased as both BMI and genetic risk increased. The 
associations between the risk of CVD and BMI catego-
ries were similar across all strata of genetic risk. Even 
with low genetic risk, the obesity was associated with a 
2.89-fold risk of HTN, a 1.95-fold risk of AF, a 1.86-fold 
risk of CHD, a 1.27-fold risk of CHD, and a 2.27-fold risk 
of HF compared to normal weight. These results support 
the benefit of combating overweight and obesity for the 
entire population.

Additionally, there were statistically significant posi-
tive additive interactions between obesity and high 
genetic risk for incident HTN, AF, and CHD, suggesting 
that the joint association of obesity and high genetic risk 
was greater than the sum of the two main associations. 
Moreover, 19% of AF risk could be attributed to the addi-
tive interactions, the greatest proportion among the five 
CVDs. These results suggest that genetic risk modifies 
the impact of obesity on CVD, which have public health 
implications for identifying populations more likely to 
have cardiovascular benefit from weight loss interven-
tions. Specifically, maintaining a normal weight plays an 
important role in the primary prevention of CVD, espe-
cially in populations with high genetic risk.

To our knowledge, this is the first study to assess the 
joint association and additive interaction of combined 
BMI and genetic risk with incident HTN, AF, CHD, 
stroke, and HF, enabling us to accurately determine 
the risk variation of incident CVD events in the over-
weight and obese with different susceptibility levels. 
Strengths of our study include the large sample size 
and the prospective cohort design. In addition, we 
adjusted for a large number of potential confounders 

identified by the DAG, including demographic char-
acteristics, socioeconomic status, lifestyle factors and 
residential contexts, etc. We also considered various 
sensitivity analyses and controlled for type I error rate 
inflation due to multiple testing to increase the validity 
of the main findings.

Study limitations
The present study has several potential limitations. First, 
BMI is a dynamic indicator that changes with growth and 
aging. However, only 4.1% of participants had at least two 
measures of BMI in the UK Biobank, meaning that the 
current data would not be able to depict the trajectory of 
BMI change for most participants. Second, we combined 
the underweight with the normal weight group, but the 
underweight was not significantly associated with the 
risk of AF, CHD, stroke, and HF. There was a significant 
inverse association between the underweight and HTN 
risk. Third, we did not evaluate the relations of other adi-
posity-related measures with incident CVD, such as waist 
circumference and measures reflecting body mass distri-
bution (e.g., percentage of fat mass, lean fat mass, etc.). 
Further studies including these measures may provide a 
more comprehensive picture of the changes in obesity 
status and CVD risk. Fourth, the use of multiple imputa-
tion to address missing covariates might have led to par-
tial deviation of our estimates from true values. However, 
the assumption of missing at random and the fundamen-
tal theory underlying classical multiple imputation seems 
established, analyses restricted to complete cases yielded 
similar results [59]. Fifth, additional functional studies 
are warranted to elucidate the mechanisms underlying 
the modification effects of genetic factors on the associa-
tions between BMI and the risk of CVD.

Conclusions
In conclusion, findings from this large, prospective 
cohort study demonstrate that BMI and genetic factors 
jointly contribute to the development of CVD, and there 
are additive interactions. It is important to formulate 
policies to combat overweight and obesity, especially for 
those with high genetic risk.
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