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Abstract 

Background: Increasingly recommendations for prevention focus on global risk assessment in lower risk individuals where sufficient lifestyle changes may 

reduce the need for pharmacotherapy; yet these benefits are hard to quantify, undermining adherence. We aimed to derive a tool that personalises the 

cardiovascular benefit associated with lifestyle risk factors.  

Methods: Baseline exposures were linked to longitudinal outcomes in 371,102 UK Biobank participants without prior CVD. Causal effects were estimated using 

directed acyclic graphs with inverse propensity weighting (IPW), augmented IPW, generalised linear models, and causal machine learning for smoking 

(former/never vs current), obesity (BMI <30 vs ≥30 kg/m²), physical activity (≥600 vs <600 MET-minutes/week), and alcohol (less-than-daily vs daily). The 

outcome was a 10-year composite of cardiovascular death, non-fatal MI, or stroke. 

Results: Median age was 58 years (IQR 50–63),  56% female; 15,752 CVD events occurred over ten years. The largest risk difference was for former/never 

versus current smoking (absolute risk difference [ARD] 3.2–3.8%), followed by BMI <30 versus ≥30 kg/m² (ARD 1.0–1.1%) and higher versus lower physical 

activity (ARD 0.2–0.4%); less-than-daily versus daily alcohol carried a small but higher risk. Differences were larger at higher baseline risk and with co-existing 

risk factors, increasing with pack-year for smoking (β=+0.23% per SD), and were slightly lower at higher BMI (β=−0.04%). 

Conclusion: Among the lifestyle risk factors examined, smoking provided the largest risk difference, increasing with pack-years. Estimates for BMI were smaller 

and broadly consistent across the obesity range. Findings are accessible via a free tool (lifestyle-cvd.casefinding.com). 

  

                  



Introduction 

Atherosclerotic cardiovascular disease (ASCVD), encompassing ischaemic heart disease, ischaemic stroke, and peripheral artery disease, remains a leading 

cause of death, accounting for approximately 19% of global mortality in 2019.[1] While most of the ASCVD burden is attributable to risk factors such as 

hypercholesterolaemia, diabetes, and hypertension, lifestyle risk factors also play an important role. Tobacco smoking, high body mass index (BMI) and low 

physical activity were estimated to contribute to 15%, 11% and 4% of all ischaemic heart disease deaths, and 10%, 5% and 4% of ischaemic stroke deaths, 

respectively, in 2021.[1, 2]  

Although lifestyle modification accounts for a substantial proportion of preventable ASCVD risk, the clinically silent nature of atherosclerosis may 

undermine the perceived value of adherence to preventive measures among patients and clinicians.[3] Observational data suggests that combined optimal 

lifestyle adherence may be associated with a lower risk of CVD by over 50%,[4] but estimates of this kind are population averages. They describe what was 

observed in a cohort rather than what a particular person might expect and as such and are usually expressed in relative rather than absolute terms. Moreover, 

Randomised trials have produced mixed results in narrow populations, and hence most evidence arises from observational cohorts.[5-7] These are typically 

analysed in order to provide population-average associations rather than the individualised, absolute potential estimates which a clinician may need for shared 

decision making in a particular patient. 

Recent advances in causal machine learning may address this gap. A technique called “double machine learning” with causal forests, for example, can 

estimate how treatment effects vary across individuals and exposure levels, capturing complex non-linear relationships and effect heterogeneity beyond the 

reach of traditional propensity score methods used in prior studies,[9, 10] whilst accounting for measured confounding in observational cohorts.[7, 8] 

Thus, we aimed to estimate the difference in 10-year risk of incident ASCVD associated with four modifiable lifestyle risk factors: former or never 

versus current smoking, BMI <30 versus ≥30 kg/m², physical activity ≥600 versus <600 MET-minutes/week, and less-than-daily versus daily alcohol 

consumption. These are counterfactual contrasts between exposure states at baseline, not observed effects due to behavioural change. The four exposures 

were selected as the most reliably measured and believed to carry the highest attributable-burden of modifiable lifestyle factors capture in UK Biobank. 

Alcohol was included as a modifiable behaviour which has been the subject of considerable clinical and patient interest, although it does not feature in 

                  



established CVD risk calculators.[11, 12] Because counterfactual outcomes are never observed, our estimates cannot be validated in the conventional sense. 

We therefore benchmarked our causal estimates against published cohort findings and against the smoking-attributable risk encoded in SCORE2/SCORE2-DM 

as a consistency check. Personalised quantification of lifestyle benefits may may support lifestyle counselling and inform the development of digital decision-

support.[13, 14]  

Methods 

An overview of the analytical workflow is provided in Figure 1.  

Study Population 

We analysed data from UK Biobank (application 67789), a prospective cohort recruiting 502,000 participants aged 40–69 years (baseline 2006–2010).[15] 

Individuals with prior cardiovascular events at recruitment were excluded. Continuous variables were retained on their original clinical scales; repeated 

measurements were averaged. Variables with >20% missing data were excluded; remaining variables (≤20% missing) were imputed through multiple 

imputation via chained equations (MICE; 40 imputed datasets, 10 iterations, 20 CPU cores) with convergence confirmed across all variables. Recalibration 

parameters were pooled across all 40 imputations using Rubin's rules, whereas causal estimates used five imputations, having confirmed stability across the 

full set.[16]  

Outcome and Exposure Definition 

The primary outcome was a binary composite of cardiovascular death, non-fatal MI, or non-fatal stroke occurring within 10 years of recruitment (ICD-10 codes 

for non-fatal MI: I21–I23; non-fatal stroke: I61, I63–I69; cardiovascular death: I10–I73, R96.0–R96.1), ascertained through linkage to Hospital Episode Statistics 

and national death registries. ICD-10 codes were aligned with the SCORE2 and SCORE2-DM outcome definitions,[11, 12] so that estimated treatment effects 

are expressed on the same risk scale as these validated algorithms, facilitating direct clinical interpretation.  

                  



Four binary contrasts between lifestyle behaviours at recruitment were defined: smoking, former/never vs current smoker; obesity, BMI <30 vs BMI 

≥30 kg/m²; physical activity, International Physical Activity Questionnaire (IPAQ) category moderate/high vs low, corresponding to a threshold of ≥600 

Metabolic Equivalent of Task-minute (MET) minutes/week, consistent with WHO recommendations (>150 minutes of moderate or >75 minutes of vigorous 

activity per week);[17, 18] and alcohol consumption, less-than-daily vs daily. The alcohol contrast is presented as exploratory, given the limited characterisation 

of the exposure and because alcohol is not an established risk factor for the composite outcome used here. Intermediary risk factors such as blood pressure 

and HbA1c were not considered as exposures, as they lie on the causal pathway between lifestyle and ASCVD, and their inclusion would introduce mediation 

bias.  

Effect measures were absolute risk difference (ARD), predicted relative risk difference (RRD; calculated as ARD divided by SCORE2-predicted baseline risk; see 

Cardiovascular Risk Prediction Model Calibration below), and predicted number needed to treat (NNT) or harm (NNH). These terms are used in their 

conventional sense and denote differences in risk between exposure states at baseline, not the effect of a change in exposure. Heterogeneity in these effects 

was assessed by baseline SCORE2 risk category and by co-existing cardiovascular risk factors. 

Causal Inference Framework 

To estimate the potential cardiovascular benefit associated with each lifestyle risk factor from observational data, we used causal inference methods to adjust 

for baseline differences between groups. These rely on three assumptions: that the adjustment set captures all common causes of exposure and outcome; 

that both exposure states are possible for every participant; and that the exposure is consistently defined. None can be verified from the data alone. 

For each exposure, a directed acyclic graph (DAG) was constructed to encode the assumed causal relationships between the exposure, outcome, and 

potential confounders (Supplementary Figures 1–4). Adjustment sets were specified separately for each exposure and are given in full in Supplementary Table 

1. Each analysis also adjusted for the three lifestyle factors not under study, isolating the effect of each exposure independently. Adjustment sets were revised 

where robustness checks indicated inadequate adjustment, with candidates restricted to those consistent with existing knowledge of the causal structure and 

selection guided by the diagnostics rather than the estimates. The graphs presented are the final specifications. 

                  



Four estimation methods were applied: inverse propensity weighting (IPW), generalised linear models (GLM), augmented IPW (AIPW),[19] and double 

machine learning with causal forests (Supplementary Methods).[20] The latter additionally provided individualised treatment effect estimates, enabling 

identification of in whom the estimated differences are largest. Robustness was assessed with four checks (Supplementary Methods). A placebo (negative-

control) test re-estimated the effect on an outcome that should be unaffected by the exposure; a non-zero estimate (the "residual effect") indicates residual 

confounding or model misspecification. Simulated confounding introduced an unmeasured confounder of known strength to quantify how much the estimate 

would shift. Subsampling re-estimated effects across random partitions of the data to assess stability. Standard regression sensitivity analyses examined 

dependence on model specification. Causal analyses were conducted in Python 3.8,[21] with data preparation and heterogeneity analyses performed in R 

4.3.1.[22]  

Cardiovascular Risk Prediction Model Calibration 

We expressed the estimated differences as a percentage of the 10-year ASCVD risk predicted by SCORE2, contingent on its satisfactory calibration in 

UK Biobank. To evaluate SCORE2 performance in UK Biobank, 10-year risk was calculated using SCORE2 (individuals without diabetes) and SCORE2-DM 

(individuals with diabetes),[11, 12] and discrimination and calibration assessed using standard metrics. Where miscalibration was identified, logistic 

recalibration was applied (Supplementary Methods). Recalibrated predictions were used for European Society of Cardiology (ESC) risk category classification 

at baseline and in subsequent analyses. As the four-level ESC risk classification is defined on fatal rather than total (fatal and non-fatal) cardiovascular risk, 

recalibrated estimates using fatal and non-fatal events in those with or without diabetes were converted to a single fatal scale, analogous to the SCORE 

measure used in the 2019 guidance,  before categories were assigned at baseline (Supplementary Methods). To benchmark the smoking effect, we 

recomputed each participant's SCORE2/SCORE2-DM risk with and without current-smoker status, holding all other covariates constant, and took the median 

difference as the algorithm-implied smoking-attributable risk.  

                  



Results 

Participant Characteristics 

Among the 371,102 UK Biobank participants included in the analysis, median age was 58 years (interquartile range 50–63), with 56% female and 96% of white 

ethnicity. The prevalence of modifiable lifestyle risk factors was: 10.6% current smokers, 24.6% with obesity (BMI ≥30 kg/m²), 20.3% consuming alcohol daily, 

and 15.1% with low physical activity levels (<600 MET-minutes/week). There were additionally 6.7% identified as having hypertension and 1.8% with diabetes. 

Lipid-lowering and blood-pressure-lowering therapy were received by 17.9% and 5.7% of participants. According to ESC risk stratification tool SCORE2,[11, 12] 

83.2% were classified as low risk, 4.9% as moderate risk, 11.7% as high risk, and 0.1% as very high risk at baseline (Table 1). 

Participants with the modifiable lifestyle risk factors of interest demonstrated distinct clinical profiles. Current smokers and, more markedly, individuals 

with obesity showed adverse cardiometabolic profiles: higher triglycerides, C-reactive protein, blood pressure and HbA1c, lower HDL-cholesterol, and higher 

prevalence of diabetes, hypertension and lipid-lowering medication use (Table 1). This higher baseline risk burden justifies confounder adjustment. 

Ten-year cumulative incidence of cardiovascular disease varied substantially by lifestyle risk factor: 7.1% amongst current smokers against 3.9% in 

former or never smokers, 5.2% in individuals with obesity against 3.9% below a body mass index of 30 kg/m², 4.7% with low physical activity against 4.2% in 

the moderate or high categories, and 4.6% in daily alcohol consumers, against 4.2% with less-than-daily consumption.  

Robustness and Sensitivity Analyses 

For smoking and obesity contrasts, GLM passed all four robustness checks (Table 2); IPW showed a small residual effect in the placebo test (0.33% and 0.30% 

respectively), suggesting minor sensitivity to model specification. Physical activity estimates remained stable but showed greater sensitivity to unmeasured 

confounding. Alcohol consumption showed the most complex pattern: IPW failed the placebo test (residual effect 0.82%), whilst GLM performed acceptably 

across all tests. The direction and magnitude of the alcohol estimate persisted when participants in poor baseline health, defined as renal impairment, 

underweight or type 1 diabetes, were excluded as a test of reverse causation (Supplementary Table 2). 

                  



Cardiovascular Risk Prediction Model Performance 

To stratify participants by baseline cardiovascular risk and generate individualised risk trajectories, we validated SCORE2 and SCORE2-DM in our cohort. Both 

models demonstrated acceptable discrimination (C-statistics: SCORE2 0.716; SCORE2-DM 0.661). However, calibration assessment revealed systematic 

miscalibration: SCORE2 overpredicted risk by 10% (E/O 1.104) whilst SCORE2-DM underpredicted by 30% (E/O 0.704). Following logistic recalibration against 

the observed composite outcome, calibration in this cohort was by construction close to ideal (E/O 0.979 and 0.989 respectively; Supplementary Figures 6–

7). Recalibrated predictions were used for individualised trajectory projections, and, after conversion to fatal scale, for ESC risk category classification. 

Estimated Risk Differences 

Table 2 presents estimated risk differences across four causal inference methods. The largest risk difference was for former or never versus current smoking 

(ARD 3.2–3.8%, RRD ~50%, NNT 26–31), followed by BMI <30 vs ≥30 kg/m² (ARD 1.0–1.1%, RRD ~20%, NNT 91–101). The risk difference between ≥600 and 

<600 MET-minutes/week was modest but consistent (ARD 0.2–0.4%, NNT 244–417). Less-than-daily vs daily alcohol consumption was associated with a small 

increase in cardiovascular risk (absolute risk increase 0.3–0.4%, NNH 227–303). Estimates were consistent in direction and magnitude across all four methods; 

wider confidence intervals for AIPW and double machine learning reflect their reliance on fewer modelling assumptions. As a benchmark, predicted smoking-

attributable risk derived from SCORE2 and SCORE2-DM (median 2.2% and 4.7% respectively) bracketed our estimates (ARD 3.2–3.8%), consistent with the 

mixed diabetes status of the cohort. Confidence in these estimates differs. The smoking contrast was the largest, was consistent across methods, and agreed 

with external benchmarks; the obesity and physical activity contrasts were smaller but similarly consistent. The alcohol contrast was the only one in the 

opposite direction and showed the largest residual effect in the placebo test. 

Heterogeneity by Cardiovascular Risk Profile 

Across all contrasts, ARDs increased with baseline cardiovascular risk category, whilst RRDs showed the opposite pattern, reflecting the mathematical 

relationship between absolute and relative effects at differing baseline risks (Figure 2). The smoking contrast showed the steepest absolute gradient (3.10% 

ARD in low-risk to 3.81% ARD in very-high-risk individuals) and the sharpest fall in RRD across increasing ESC risk categories (60% to 17%), consistent with a 

fixed potential additive benefit applied to an increasingly high baseline. Estimates in the very-high-risk category rest on small numbers, between 27 and 147 

                  



participants depending on the contrast, and should be interpreted with caution. The other three contrasts showed more attenuated gradients across risk 

strata.  

Absolute risk differences also increased with the number of co-existing lifestyle risk factors (smoking, obesity, low physical activity, and alcohol 

consumption) for most contrasts (Figure 3). The smoking ARD rose from 3.25% with no co-existing factors to 4.03% with three or more. Physical activity ARD 

nearly doubled with increasing risk factor burden (0.38% to 0.72%). The obesity contrast showed a modest inverse pattern (1.13% to 0.99%), and the small 

increase in risk associated with less-than-daily alcohol consumption was fairly consistent across strata. 

Stratification by prevalent clinical conditions (Supplementary Figure 5) showed modestly higher absolute difference in participants with diabetes or 

hypertension, with effect estimates otherwise consistent across subgroups including familial hypercholesterolaemia. 

Effect Modification by Exposure Intensity 

Figure 4A shows the estimated risk difference for the smoking contrast increasing with cumulative pack-years. Figure 4B shows the estimated risk difference 

for the BMI contrast which declines slightly across the range of baseline BMI. To quantify these relationships, predicted ARD was regressed on standardised 

continuous pack-years and BMI respectively; neither variable was included in the respective causal forest models. Each 1 SD increase in pack-years was 

associated with a 0.234 percentage point greater predicted ARD for the smoking contrast (p<0.001; R²=0.04). Each 1 SD increase in BMI was associated with 

a 0.035 percentage point reduction in predicted ARD for the BMI contrast (p<0.001; R²=0.005). 

Individualised Risk Trajectories 

Figure 5 presents 30-year cardiovascular risk trajectories under alternative lifestyle risk factor scenarios for two illustrative participants representing high-risk 

(SCORE2-DM 12%) and lower-risk (SCORE2 6%) profiles. 

The high-risk participant had a baseline 10-year risk of 12%, projected to rise to 22% at 20 years. Had the same participant not been a smoker, the 

projected 20-year risk would have been 13%; had he not been obese, 21%; and had he been physically active, 21.8%. The lower-risk participant had a baseline 

10-year risk of 6%, projected to rise to 11% at 20 years, with corresponding counterfactual projected 20-year risks of 6.5%, 9% and 10%. 

                  



Discussion 

This study employed causal machine learning to estimate individualised risk CVD differences for four lifestyle risk factors amongst 371,102 UK Biobank 

participants. Using exposure-specific directed acyclic graphs and four complementary causal inference methods, the largest estimated difference was for 

former or never versus current smoking (ARD 3.2–3.8%), followed by BMI <30 versus ≥30 kg/m²  (ARD 1.0–1.1%) and moderate or high versus low physical 

activity (ARD 0.2–0.4%). By contrast, less-than-daily alcohol consumption was associated with a small increase in risk (absolute risk increase 0.4%). Estimated 

risk differences were larger at higher baseline cardiovascular risk and with a greater number of co-existing lifestyle risk factors. The consistency of estimates 

across methods, combined with individualised risk estimation, may inform the development of lifestyle counselling tools to guide shared clinical decision-

making. The difference associated with former or never smoking increased with baseline pack-years, whereas the difference for the BMI contrast varied little 

across the range of baseline BMI. 

Our smoking estimates align with established observational cohort studies. The Framingham Heart Study and Nurses' Health Study demonstrated that 

smoking cessation was associated with approximately 50% lower cardiovascular mortality within years of quitting, with sustained benefits over decades.[23-

25] Our estimated relative risk difference of approximately 50% is consistent with these findings, albeit across a broader composite outcome including non-

fatal myocardial infarction and stroke, and our contrast compares smoking status at baseline rather than observed cessation, with a comparator that pools 

former with never-smokers who differ in residual risk. Our ARD estimates of 3.2–3.8% align with the smoking-attributable risk encoded in SCORE2 and SCORE2-

DM (median 2.2% and 4.7% respectively),[11, 12] which bracketed our estimates, consistent with the cohort's mixed diabetes status.  

Findings for the BMI contrast require careful contextualisation. The Look AHEAD trial of intensive lifestyle intervention in type 2 diabetes showed no 

significant reduction in the primary cardiovascular endpoint despite meaningful weight loss.[5] A post-hoc per-protocol analysis, however, showed that 

participants who actually achieved ≥10% weight loss had a 21% lower cardiovascular risk (HR 0.79), suggesting the intention-to-treat null result reflects 

insufficient sustained weight reduction rather than the absence of a biological effect.[26] Emerging evidence suggests substantial cardiovascular benefits from 

pharmacologically induced weight loss. In SELECT, semaglutide (median 9.4% weight loss) reduced major adverse cardiovascular events by 20% in established 

cardiovascular disease and obesity.[27] The Swedish Obese Subjects (SOS) study of bariatric surgery showed substantial cardiovascular benefits following 

                  



major weight reduction, with hazard ratios ranging from 0.50 to 0.70.[28] Our estimates of 1.0–1.1% absolute risk difference (19% RRD) are consistent in 

direction with these trials, but concerns obesity status at baseline rather than the magnitude of weight change. 

Physical activity is associated with lower cardiovascular risk across cohort studies and meta-analyses: a meta-analysis of 33 cohort studies reported 

35% lower cardiovascular mortality,[29] and a 19% lower CVD incidence with leisure-time activity across 103 cohorts.[30] Our estimated 8.5% relative risk 

difference is more modest. Our exposure, self-reported and derived from the IPAQ questionnaire, captures overall activity status at baseline (<600 vs ≥600 

MET-minutes weekly) without distinguishing leisure from occupational domains, and we cannot examine whether the physical activity paradox, in which 

leisure-time activity lowers cardiovascular risk whilst occupational activity does not,[30, 31] or the attenuation of benefit reported at very high exercise 

volumes (≥3,000 MET-minutes/week),[32] contributes to this difference.  

The alcohol findings should be regarded as exploratory. Less-than-daily compared with daily consumption was associated with a small increase in 

cardiovascular risk, a direction consistent with the J-shaped curve observed in epidemiological studies,[33, 34] but not with recent Mendelian randomisation 

evidence.[35] Our exposure captures frequency alone, not quantity consumed per occasion and therefore does not capture “binge drinking”, nor beverage 

type. We defined the exposure this way because drinking frequency is a behaviour individuals can recognise and modify without measurement, and because 

it is more reliably self-reported than volume. Reverse causation and differential non-cardiovascular mortality are each plausible contributors, and neither 

could be excluded with the present data.  

Exposure intensity modified the estimated risk differences in opposite directions for the two dominant factors. For smoking, the estimated risk 

difference rose with cumulative exposure before plateauing and remained substantial even among those with the heaviest exposure.  For BMI, the difference 

was slightly smaller at higher baseline BMI, though the gradient was small and based on few participants at the highest values. Cumulative tobacco exposure 

explained considerably more between-individual variation in the estimates than baseline BMI (R²=0.04 vs 0.005), and it is there that meaningful heterogeneity 

lies. 

The 2021 ESC Guidelines on cardiovascular disease prevention emphasise lifestyle modification as the cornerstone of prevention, assigning Class I 

recommendations to smoking cessation, weight management, and physical activity.[38] Our findings provide quantitative support for these recommendations 

                  



whilst highlighting important nuances. Relative differences declined across ascending risk strata, so lifestyle factors account for proportionally more of the risk 

in those at lower baseline risk and lesser atherosclerotic burden, whereas higher-risk individuals may additionally require pharmacotherapy. Effect modifiers 

help identify in whom the estimated difference in risk are the largest, supporting targeted resource allocation.   

In prior work, Naito and colleagues performed a related analysis in UK Biobank, asking whether the magnitude of the association between lifestyle 

exposures and disease varies by genetic risk, and concluding that in large part it does not.[39] Our aim is different: we estimate the individual risk difference 

itself, conditioned on characteristics routinely available in clinical practice rather than on genotype. Our outcome is a composite of incident cardiovascular 

death, non-fatal myocardial infarction and non-fatal stroke within ten years of baseline, whereas that analysis used disease-specific endpoints and combined 

prevalent with incident cases.  

Strengths and Limitations 

Strengths include a large sample with extended follow-up, enabling examination of treatment-effect heterogeneity across subgroups. The causal inference 

framework incorporates four complementary methods—inverse propensity weighting, generalised linear models, augmented inverse propensity weighting, 

and double machine learning with causal forests—extending beyond traditional propensity score approaches. This multi-method approach with convergent 

estimates across different causal identification strategies strengthens confidence that findings are not artefacts of particular modelling assumptions. The 

double machine learning framework enabled individualised treatment effect estimation and assessment of effect modification by continuous exposure 

variables (pack-years, body mass index), capabilities beyond standard propensity score methods. Important limitations warrant consideration. These data are 

observational and cannot fully eliminate unmeasured confounding despite comprehensive adjustment. Causal machine learning permits estimation of 

heterogeneous effects but does not address unmeasured confounding, and our estimates remain conditional on the available measured adjustment data. 

Unlike supervised machine learning, causal inference estimates scenarios that were not observed; one cannot know whether our estimate of what would have 

happened had a smoker never smoked is accurate, as this counterfactual was never realised. The robustness checks, likewise, test sensitivity to specified 

violations, and agreement between methods cannot establish whether the heterogeneity we report is real. This also limits formal external validation of our 

                  



tool beyond assessing calibration of baseline risk predictions in independent populations. Our intent, however, is not to develop a predictive model but a 

decision support tool that quantifies counterfactual treatment effects to inform shared clinical decision-making rather than predict individual outcomes.  

Cross-sectional exposure definitions preclude distinction between intentional and incidental lifestyle differences; for weight in particular,[40] those 

classified as non-obese may include individuals who never had obesity, alongside those at lower weight following intentional or unintentional weight loss. 

Unintentional weight loss may be caused by disease that puts patients at higher baseline risk, diluting our estimate.  Confidence intervals for stratum-specific 

estimates narrow with increasing stratum size, as they reflect the distribution of individual treatment effects rather than model uncertainty, and should be 

interpreted accordingly. Unmeasured confounders, including socioeconomic factors, dietary patterns, psychological characteristics, and healthcare access may 

bias estimates in unpredictable directions. UK Biobank represents a healthier, more educated and predominantly White subset of the general population, and 

is not representative of the UK population,[41] particularly those at highest cardiometabolic risk, which may yield underestimated estimates of potential effect 

sizes. Our outcome was a binary indicator of a cardiovascular death, non-fatal myocardial infarction or non-fatal stroke  within ten years rather than a time-

to-event endpoint, so censoring was not performed: participants who died of non-cardiovascular causes were coded identically to those who remained event-

free. Binary exposure definitions may not capture dose-response relationships optimally, and we cannot assess how long any exposure state had been held. 

For BMI specifically, dichotomisation may mask heterogeneity in body adiposity and its distribution, as individuals with the same body mass index may differ 

in lean mass and in central adiposity, affecting the accuracy of our estimates. Combined effects were not estimated; individual effects presented separately 

represent a conservative lower bound on the total difference in risk associated with differences in more than one exposure. The 10-year follow-up window 

may not capture full risk difference across the lifetime, particularly for exposure initiated at younger ages. Direct cross-cohort replication is constrained by the 

limited availability of comparable cohorts. Future replication will be required, and especially so in non-European ancestry populations who may have different 

baseline risk profiles and lifestyle patterns. 

Conclusion 

In this causal machine learning analysis of a large prospective cohort, former or never smoking, a body mass index below 30 kg/m², and moderate or high 

physical activity were each associated with meaningful differences in cardiovascular risk. These findings provide additional evidence to support individualised 

                  



estimates to help dialogue during shared decision-making in cardiovascular disease prevention. Findings are accessible via a free tool (lifestyle-

cvd.casefinding.com). 
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Table 1 Participants summary characteristics by lifestyle modifiable risk factor 

Characteristics Study Population 
(N=371,102) 

Current Smoker 
(N=39,472) 

Obese 
(N=91,454) 

Daily alcohol user 
(N=75,266) 

Low Physical Activity 
(N=56,150) 

Age (years)1 58 (50,63) 55 (48,61) 58 (51,63) 60 (53,64) 57 (50,62) 

Gender2 
Male 

Female 

 
162,968 (43.91) 
208,134 (56.09) 

 
20,724 (52.50) 
18,748 (47.50) 

 
41,473 (45.35) 
49,981 (54.65) 

 
41,962 (55.75) 
33,304 (44.25) 

 
25,833 (46.01) 
30,317 (53.99) 

                  



Characteristics Study Population 
(N=371,102) 

Current Smoker 
(N=39,472) 

Obese 
(N=91,454) 

Daily alcohol user 
(N=75,266) 

Low Physical Activity 
(N=56,150) 

Ethnicity2 
White 
Asian 
Black 

Chinese 
Mixed 

 
355,640 (95.83) 

6992 (1.88) 
5919 (1.59) 
1119 (0.30) 
1432 (0.39) 

 
37,672 (95.44) 

685 (1.74) 
778 (1.97) 
70 (0.18) 

267 (0.68) 

 
87,091 (95.23) 

1563 (1.71) 
2346 (2.57) 

71 (0.08) 
383 (0.42) 

 
74,100 (98.45) 

479 (0.64) 
385 (0.51) 
78 (0.10) 

224 (0.30) 

 
53,387 (95.08) 

1367 (2.43) 
963 (1.72) 
196 (0.35) 
237 (0.42) 

BMI Weight Categories2 
Underweight <18.5 

Normal:  18.5-25 
Overweight: - 25-30 

Obese >=30 

 
1845 (0.50) 

120,141 (32.37) 
157,662 (42.48) 
91,454 (24.64) 

 
429 (1.09) 

13,834 (35.05) 
16,295 (41.28) 
8914 (22.58) 

 
NA 
NA 
NA 

91,454 (100.00) 

 
420 (0.56) 

27,151 (36.07) 
33,658 (44.72) 
14,037 (18.65) 

 
255 (0.45) 

14,423 (25.69) 
23,011 (40.98) 
18,461 (32.88) 

Smoking2 
No or ex 

Yes 

 
331,630 (89.4) 
39,472 (10.6) 

 
NA 

39,472 (100.0) 

 
82,540 (90.3) 

8914 (9.7) 

 
65,057 (86.4) 
10,209 (13.6) 

 
49,333 (87.9) 
6817 (12.1) 

Alcohol2 
Never 

Special occasion 
1x to 3x a month 
1x or 2x a week 
3x or 4x a week 

Daily or almost daily 

 
29,736 (8.0) 

43,489 (11.7) 
41,846 (11.3) 
95,614 (25.8) 
84,758 (22.8) 
75,266 (20.3) 

 
3124 (7.9) 

5234 (13.3) 
4437 (11.2) 
8990 (22.8) 
7430 (18.8) 

10,209 (25.9) 

 
9254 (10.1) 

14,604 (16.0) 
12,441 (13.6) 
23,749 (26.0) 
17,227 (18.8) 
14,037 (15.3) 

 
NA 
NA 
NA 
NA 
NA 

75,266 (100.0) 

 
5063 (9.0) 

7000 (12.5) 
6714 (12.0) 

14,155 (25.2) 
11,778 (21.0) 
11,440 (20.4) 

Physical Activity ( IPAQ)2 

Missing 
Low 

Moderate 
High 

 
72,242 (19.5) 
56,150 (15.1) 

121,245 (32.7) 
121,465 (32.7) 

 
8649 (21.9) 
6817 (17.3) 

11,856 (30.0) 
12,150 (30.8) 

 
 20,706 (22.6) 
18,461 (20.2) 
28,323 (31.0) 
23,964 (26.2) 

 
11,894 (15.8) 
11,440 (15.2) 
26,310 (35.0) 
25,622 (34.0) 

 
0 (0%) 

56,150 (100.0) 
NA 
NA 

Systolic blood pressure 
(mmHg)1 

136.5 (125.0,149.5) 134.0 (122.5,147.0) 140.0 (129.0,152.5) 139.0 (127.0,152.5) 136.0 (124.0,148.5) 

Diastolic blood pressure 
(mmHg)1 

82.0 (75.0,89.0) 81.5 (74.5,88.5) 86.0 (79.0,92.0) 83.5 (76.5,90.0) 82.5 (75.5,89.5) 

                  



Characteristics Study Population 
(N=371,102) 

Current Smoker 
(N=39,472) 

Obese 
(N=91,454) 

Daily alcohol user 
(N=75,266) 

Low Physical Activity 
(N=56,150) 

Low-density lipoprotein 
cholesterol (mmol/L)1 

3.56 (3.00,4.13) 3.57 (3.00,4.18) 3.57 (2.98,4.17) 3.56 (3.02,4.14) 3.56 (2.99,4.15) 

High-density lipoprotein 
cholesterol (mmol/L)1 

1.45 (1.21,1.71) 1.38 (1.14,1.65) 1.30 (1.10,1.57) 
 

1.57 (1.31,1.83) 1.40 (1.15,1.67) 

HbA1c (mmol/mol)1 35.3 (32.8,38.0) 36.2 (33.7,39.0) 36.6 (33.9,39.6) 34.9 (32.5,37.4) 35.4 (32.8,38.3) 

Diabetes2 6767 (1.8) 773 (2.0) 3567 (3.9) 921 (1.2) 1474 (2.6) 

Hypertension2 24,896 (6.7) 2185 (5.5) 11,068 (12.1) 4674 (6.2) 4443 (7.9) 

Lipid lowering medication2 66,349 (17.9) 6729 (17.0) 23,220 (25.4) 14,037 (18.6) 10,953 (19.5) 

ESC Risk Category2 
Low 

Moderate 
High 

Very-high 

 
308,937 (83.2) 

18,310 (4.9) 
43,484 (11.7) 

371 (0.1) 

 
28,704 (72.7) 
6091 (15.4) 
4650 (11.8) 

27 (0.1) 

 
72,838 (79.6) 

5217 (5.7) 
13,252 (14.5) 

147 (0.2) 

 
61,244 (81.4) 

5148 (6.8) 
8828 (11.7) 

46 (0.1) 

 
46,457 (82.7) 

2718 (4.8) 
6872 (12.2) 

103 (0.2) 

Incident CVD (10-years)2 15,752 (4.2) 2809 (7.1) 4783 (5.2) 3462 (4.6) 2639 (4.7) 
1  Median (IQR) 
2  N (%) 
Abbreviations: BMI, body mass index; IPAQ, International Physical Activity Questionnaire; FH, familial hypercholesterolaemia; HbA1c, glycated haemoglobin; ESC, 
European Society of Cardiology; CVD, cardiovascular disease; IQR, interquartile range; NA, not applicable. 
 
Characteristics of the study population are presented as an overall description; the exposure groups are subsets of this population and are not mutually exclusive, 
so differences between an exposure column and the study population column should not be interpreted as between-group contrasts.  Four separate 'unexposed' 
columns are not shown as participants may belong to multiple exposure categories simultaneously and given the low prevalence of individual risk factors (10–
25%), unexposed subgroups largely approximate the overall cohort characteristics. 

 

Table 2: Average predicted treatment effect of lifestyle modifiable risk factors with four methods and robustness checks 

Lifestyle Contrasts and 
Causal Analysis 

Methods 

ARD % (95% CI) Predicted 
RRD % (95% CI) 

Predicted NNT /  NNH (95% 
CI) 

Sensitivity (robustness) Tests 

Placebo1 Random 
Cause2 

Subset 
Refuter3 

Unobserved  
cause4 

Smoking  

                  



between patients: former/never vs current smoker at baseline 

IPW 3.67 (3.38, 3.95) 51.60 (47.57, 55.63) 27 (25,30) ✗(e=0.33%) ✓ (Δ=0%) ✓(Δ=0.01%) ✓ (Δ=0.82%) 

GLM 3.83 (3.58, 4.07) 53.86 (50.44, 57.29) 26 (25,28) ✓(e=0.00%) ✓ (Δ=0%) ✓(Δ=0.03%) ✓ (Δ=0.84%) 

AIPW5 3.23 (2.33, 4.13) 45.47 (32.74, 58.19) 31 (24,47) - 

DML5 3.50 (2.20,4.80) 49.27 (31.01, 67.53) 29 (21,45) - 

Obesity 
between patients: <30 vs ≥30 kg/m2 at baseline 

IPW 1.00 (0.84, 1.17) 19.18 (15.96, 22.40) 100 (85,119) ✗(e=0.30%) ✓ (Δ=0%) ✓(Δ=0.08%) ✓(Δ=0.20%) 

GLM 1.09 (0.93, 1.25) 20.83 (17.82, 23.83) 92 (80,108) ✓(e=0.01%) ✓ (Δ=0%) ✓(Δ=0.01%) ✓(Δ=0.19%) 

AIPW5 0.99 (0.53, 1.44) 18.86 (10.20, 27.53) 101 (69,189) - 

DML5 1.10 (0.32, 1.88) 21.00 (6.03, 35.96) 91 (53,312) - 

Physical Activity 
between patients: moderate/high (≥600 MET-minutes/week) vs low (<600 MET-minutes/week) IPAQ category at baseline 

IPW 0.40 (0.21, 0.59) 8.51 (4.52, 12.51) 250 (169,476) ✓(e=0.07%) ✓ (Δ=0%) ✓(Δ=0.00%) ⚠ (Δ=0.22%) 

GLM 0.41 (0.26, 0.55) 8.63 (5.47, 11.78) 244 (182,384) ✓(e=0.01%) ✓ (Δ=0%) ✓(Δ=0.03%) ⚠ (Δ=0.35%) 

AIPW5 0.24 (-0.21, 0.69) 5.04 (-4.57, 14.66) NNT 417 (145, NNH 476) - 

DML5 0.40 (-0.38, 1.18) 8.51 (-8.17, 25.19) NNT 250 (87, NNH 263) - 

Alcohol Consumption 
between patients: less-than-daily vs daily alcohol consumption at baseline 

IPW -0.40 (-0.52, -0.29) -8.75 (-11.29, -6.22) NNH 250 (192, 345) ✗(e=0.82%) ✓ (Δ=0%) ✓(Δ=0.01%) ⚠ (Δ=0.28%) 

GLM -0.44 (-0.55, -0.33) -9.49 (-11.88, -7.09) NNH 227 (182, 303) ✓(e=0.01%) ✓ (Δ=0%) ✓(Δ=0.01%) ✓ (Δ=0.21%) 

AIPW5 -0.33 (-0.78, 0.13) -7.16 (-17.04, 2.72) NNH 303 (128, NNT 769) - 

DML5 -0.40 (-0.99, 0.19) -8.70 (-21.50, 4.09) NNH 250 (101, NNT 526) - 

¹ Placebo: Treatment assignments were randomly permuted; e = residual effect. ✓ p>0.05 (effect not distinguishable from chance); ✗ p≤0.05 (residual effect detected). 

² Random Cause: A simulated common confounder was introduced; Δ = absolute change in ARD. ✓ <20% relative change in estimate; ✗ ≥20% relative change. 

³ Subset Refuter: Estimate stability was assessed across ten random 80% subsamples; Δ = absolute change in ARD. ✓ p>0.05 or <30% relative change; ✗ otherwise. 
⁴ Unobserved Cause: A hypothetical unmeasured confounder was introduced (effect on treatment: binary flip probability 0.01; effect on outcome: linear effect 0.02); Δ = 

absolute change in ARD. ✓ <50% relative change; ⚠ ≥50% relative change.  
5 Sensitivity tests were not applied to AIPW and DML as they were not available for these estimators in the software used. 

                  



Predicted number needed to treat and number needed to harm are the reciprocals of a modelled counterfactual risk difference between groups defined at baseline. They 
are not equivalent to values derived from randomised trials, in which a treatment strategy is assigned, and should not be read as the number of individuals who must 
change a behaviour in order to prevent one event. 
Abbreviations: ARD: absolute risk difference; RRD: relative risk difference; NNT: number needed to treat; NNH: number needed to harm; CI: confidence interval; IPW: 
inverse propensity weighting; GLM: generalised linear model; AIPW: augmented inverse propensity weighting; DML: double machine learning; IPAQ: International Physical 
Activity Questionnaire.  

                  



 

 

Figure 1: Overview of the analytical workflow 

 

 

 

Figure 2: Absolute (A) and relative (B) risk difference associated with each lifestyle contrast, stratified by ESC cardiovascular 
risk category (low, moderate, high, very high) at baseline. Points represent mean treatment effects estimated using double 
machine learning causal forests; horizontal bars represent 95% confidence intervals. 

 

 

                  



 

Figure 3: Absolute (A) and relative (B) risk difference associated with each lifestyle contrast, stratified by number of co-
existing lifestyle risk factors (0, 1, 2, ≥3) at baseline, excluding the lifestyle factor under study. Points represent mean 
treatment effects estimated using double machine learning causal forests; horizontal bars represent 95% confidence 
intervals. Co-existing lifestyle risk factors comprised current smoking, obesity (BMI ≥30 kg/m²), low physical activity (<600 
MET-minutes/week), and daily alcohol consumption. 

 

 

 

Figure 4: Absolute risk difference associated with (A) smoking status (former/never vs current) by cumulative pack-year 
exposure, and with (B) BMI category (<30 vs ≥30 kg/m²) by baseline BMI; both estimated using double machine learning 
causal forests adjusted for all covariates in their respective directed acyclic graphs. Note the differing vertical scales. 

Predicted absolute risk difference was regressed on standardised pack-years and standardised baseline 
BMI respectively; neither variable was included in the corresponding causal forest. Panel A conditions 
on cumulative pack-years within the pooled comparator and does not distinguish former from never 
smokers. The gradient across baseline BMI in panel B is small and rests on few participants at the 
highest values. 

  

                  



 

 

Figure 5 (Central Illustration): Projected 30-year cardiovascular disease risk trajectories for a high-risk (SCORE2-DM 12%) 
and lower-risk (SCORE2 6%) patient, under alternative lifestyle risk factor profile. 

Trajectories assume proportional hazards, with individual treatment effects estimated using double 
machine learning causal forests. Dashed lines represent the projected risk had the same participant 
been in the alternative exposure category for each lifestyle contrast at recruitment; they do not 
represent the consequence of a change in behaviour. Note: less-than-daily vs daily alcohol 
consumption is associated with increased cardiovascular risk and is not shown. Abbreviations: 
SCORE2, Systematic COronary Risk Evaluation 2; SCORE2-DM, SCORE2 for patients with diabetes 
mellitus; SBP, systolic blood pressure; TC, total cholesterol; HDL, high-density lipoprotein cholesterol; 
HbA1c, glycated haemoglobin; BMI, body mass index; MET, metabolic equivalent of task; CVD, 
cardiovascular disease. 
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