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ABSTRACT
Objectives  To characterise the non-linear joint 
dose–response relationship of accelerometer-measured 
moderate-to-vigorous physical activity (MVPA) and 
cardiorespiratory fitness (CRF, estimated as maximal 
oxygen uptake (VO₂max)) with incident cardiovascular 
disease (CVD), and to assess causal consistency using 
Mendelian randomisation (MR).
Methods  We conducted a cohort study in the UK 
Biobank using accelerometer data linked to hospital 
and death registries. A Cox generalised additive model 
characterised the joint MVPA–CRF association with 
incident CVD (atrial fibrillation, myocardial infarction, 
heart failure (HF) and stroke), adjusting for confounders. 
We derived a fitness-stratified matrix quantifying the 
weekly MVPA minutes associated with prespecified 
relative hazard reductions. Complementary two-sample 
MR analyses leveraged genome-wide association study 
summary statistics for device-measured physical activity 
(PA) traits and CRF to assess potential causal effects on 
cardiovascular outcomes.
Results  Among 17 088 participants, 1233 incident CVD 
events occurred over a median follow-up of 7.85 years 
(IQR, 7.39–8.27). A significant non-linear interaction 
between MVPA and CRF was observed (p<0.001). 
Meeting the 150 min/week guideline yielded a modest 
~8%–9% risk reduction across fitness levels, whereas 
achieving a >30% risk reduction required threefold to 
fourfold higher volumes (~560–610 min/week). Residual 
analysis indicated that fitness beyond what MVPA 
and covariates predicted retained a modest protective 
association with CVD risk (HR, 0.98 per 1 mL/kg/
min; 95% CI 0.97 to 0.99; p<0.001). In MR analyses, 
genetically proxied higher CRF was associated with lower 
HF risk (OR, 0.79; 95% CI 0.63 to 0.99), whereas genetic 
evidence for PA traits was weaker and less consistent.
Conclusion  Current MVPA guidelines provide a 
universal but modest safety margin, whereas optimal 
cardiovascular protection may require substantially 
higher activity volumes. The fitness-stratified prescription 
matrix offers quantitative behavioural targets, and 
genetic findings reinforce the independent importance of 
CRF in cardiovascular risk reduction.

INTRODUCTION
Regular physical activity (PA) is a cornerstone of 
cardiovascular disease (CVD) prevention and is 
associated with substantial reductions in CVD 

incidence and mortality.1–4 Current public health 
guidelines therefore recommend that adults accu-
mulate at least 150 min per week of moderate-to-
vigorous physical activity (MVPA), a threshold 
associated with demonstrable cardiovascular bene-
fits.5 6 However, this generic threshold overlooks 
substantial interindividual heterogeneity. The same 
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	⇒ Moderate-to-vigorous physical activity 
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MVPA dose does not necessarily confer equivalent cardiovas-
cular protection across individuals.7

Variation in cardiorespiratory fitness (CRF), commonly 
indexed by maximal oxygen uptake (VO₂max), is a principal 
contributor to this heterogeneity.8 CRF is a powerful predictor 
of cardiovascular health, and low CRF is strongly associated with 
an increased risk of CVD events and premature mortality in both 
general and clinical populations.9 10 On the basis of this evidence, 
professional societies have advocated that CRF be regarded as 
a clinical vital sign and assessed routinely in clinical practice.8 
Importantly, CRF is not a simple surrogate for MVPA.8 11 Rather, 
it is a complex physiological trait reflecting the combined influ-
ences of habitual PA, underlying genetic architecture and indi-
vidual training responsiveness.12 13

An increasing number of studies have used wrist-worn accel-
erometers and other device-based measures to quantify PA 
objectively, thereby addressing the recognised limitations of self-
reported questionnaires.4 14 15 Nevertheless, several important 
analytical gaps persist. Most prior work has modelled MVPA or 
CRF as single exposures or has focused on their independent 
associations,16 17 and few studies have quantified their joint effects 
on CVD risk within the same cohort using a two-dimensional 
non-linear dose–response framework. Furthermore, device-
based studies have rarely delivered key translational outputs 
for clinical decision-making, such as iso-risk contour plots for 
the joint MVPA–CRF association or prescriptive matrices trans-
lating continuous risk surfaces into clinically actionable tables.18 
Although the predictive performance of device-measured PA has 
been explored for CVD mortality19 or as an adjunct to estab-
lished clinical risk scores,20 systematic evaluation of competing 
risks, model calibration and discrimination within a joint dose–
response framework remains limited, constraining the clinical 
transportability of existing findings.

From a causal inference perspective, two-sample Mendelian 
randomisation (MR) studies have begun to explore the PA–CVD 
relationship, but have often been constrained by weak instru-
ments for device-measured PA or reliance on self-reported 
activity phenotypes.21 22 Evidence regarding the causal effects 
of CRF remains sparse and pertains primarily to metabolic 
outcomes such as type 2 diabetes rather than CVD endpoints.23 24 
These gaps in quantitative observational evidence, clinical trans-
lation and causal inference collectively leave a key clinical ques-
tion unanswered: how to provide an individualised, quantitative 
MVPA prescription that effectively reduces CVD risk while 
accounting for an individual’s fitness level.

Therefore, we aimed to characterise the joint non-linear asso-
ciation of accelerometer-derived MVPA and CRF (VO₂max) 
with incident composite CVD in the UK Biobank (UKB) accel-
erometer cohort using a Cox generalised additive model (Cox-
GAM). We then sought to translate this two-dimensional risk 
surface into a fitness-stratified MVPA-risk reduction matrix 
to inform more personalised MVPA prescriptions. Finally, we 
used two-sample MR to triangulate observational findings and 
assess whether genetically proxied PA and CRF show associa-
tions consistent with causal effects, thereby mitigating potential 
residual confounding common in observational designs. The 
overarching aim of this work was to build on the established 
recommendation of 150 min per week by providing fitness-
stratified, quantitatively refined MVPA dose targets for clinical 
and public health practice.

METHODS
This study combined a prospective cohort analysis of the 
UKB accelerometer subcohort with a two-sample MR design. 

Reporting followed the Strengthening the Reporting of Obser-
vational Studies in Epidemiology (STROBE) and STROBE-MR 
guidelines.25 26 Cohort analysis data were obtained from the 
UKB, a large prospective cohort that recruited approximately 
500 000 community-dwelling adults aged 40–69 years across the 
UK between 2006 and 2010.27 Baseline and follow-up pheno-
typic information was linked longitudinally to national hospital 
admission and death registries, thereby providing a resource for 
aetiological research on chronic diseases.

Prospective cohort study
The primary exposure was MVPA (minutes per week) derived 
from the UKB accelerometer substudy conducted between 2013 
and 2015.28 In this substudy, participants wore a wrist-mounted 
Axivity AX3 accelerometer at 100 Hz for seven consecutive 
days. Approximately 103 700 participants contributed data. 
Raw triaxial acceleration signals were processed using the offi-
cial UKB pipeline.28 Movement behaviours were classified into 
sleep, sedentary behaviour, light physical activity and MVPA 
using a balanced random forest (100 trees; 50 rotation-invariant 
features; 30 s epochs) trained on free-living, camera-annotated 
data from 152 adults (CAPTURE-24) and smoothed with a 
hidden Markov model. In leave-one-participant-out validation, 
mean accuracy was 88% (95% CI 87% to 89%) and Cohen’s 
kappa was 0.80 (95% CI 0.79 to 0.82).29 Using these classified 
epochs, we derived the daily proportion of time spent in MVPA 
and calculated the daily wear-time proportion from the acceler-
ometer wear-duration information. Following the UKB-derived 
variable definitions, we multiplied the daily MVPA proportion 
by the corresponding wear-time proportion and converted the 
product to minutes. We then summed these values across the 
7 days to derive total weekly MVPA in minutes.4 We defined an 
effective accelerometer week as a 7-day period in which each day 
had a non-zero wear time proportion and non-missing MVPA 
minutes. If either condition was not met on any day, we consid-
ered the week invalid and excluded it. In the main analysis, 
MVPA was modelled as a continuous variable. For descriptive and 
competing risk analyses, MVPA was grouped into two categories 
based on guideline thresholds, namely <150 and ≥150 min per 
week. The second primary exposure was CRF, assessed at UKB 
baseline using an individually risk-stratified submaximal cycle 
ergometer test to estimate VO₂max. We applied basic quality 
control by restricting VO₂max to a prespecified plausible range 
of 15–55 mL/kg/min. The validity of this VO₂max estimation 
framework was evaluated in approximately 80 000 UKB partici-
pants and has been reported previously.30

Baseline covariates included age, sex, ethnicity, socioeco-
nomic status (Townsend deprivation index), smoking status, 
alcohol intake (grams per week), self-rated health and a diet 
score ranging from 0 to 6, which was subsequently categorised 
into poor (0–2), intermediate (3–4) and good (5–6) diet quality 
for modelling. Anthropometric and clinical measures, including 
body mass index (BMI), resting heart rate and systolic blood 
pressure, were used primarily in robustness analyses.

The primary outcome was a composite CVD endpoint 
comprising four major events: atrial fibrillation or flutter (AF), 
myocardial infarction (MI), heart failure (HF) or stroke, defined 
as the first occurrence of any component. Incident events were 
ascertained through linkage to national Hospital Episode Statis-
tics, covering inpatient diagnoses and relevant procedures, and 
national death registries. We excluded prevalent disease at or 
before the accelerometer wear period on the basis of hospital 
records and self-reports. Follow-up for the survival analysis 
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commenced individually on the end date of each participant’s 
valid accelerometer wear period, which occurred between 2013 
and 2015. Each participant was followed from this time origin 
until the earliest of: a first incident CVD event, death from any 
cause, or the administrative censoring date of 31 October 2022, 
derived from the latest available hospital and death registry 
linkage. This date was applied uniformly across all participants 
on the basis of the data release used for this analysis. We note 
that UKB provides region-specific data availability dates for 
England, Scotland and Wales, but the observed follow-up end 
dates in our dataset aligned with a common 31 October 2022 
cut-off. In the primary Cox-GAM, non-CVD deaths were treated 
as censoring events, yielding cause-specific HRs that estimate the 
direct aetiological effect of the exposures on CVD among indi-
viduals still at risk.31 32 In the complementary Fine-Gray analysis 
(online supplemental eTable 5), non-CVD deaths were modelled 
as competing events, yielding subdistribution HRs (SHRs) that 
capture the total effect on CVD cumulative incidence, including 
indirect pathways through non-CVD death. Detailed descrip-
tions of variable derivations are provided in online supplemental 
eTables 1–3.

We used a Cox-GAM as the primary analytical framework, 
implemented via the mgcv package (V.1.9) in R with the ​cox.​
ph() family and restricted maximum likelihood (REML) esti-
mation.33 34 The joint non-linear effect of MVPA and CRF was 
modelled using a tensor product smooth (te()) constructed from 
thin plate regression spline marginal bases, each with a basis 
dimension of 4.35 As with the univariate splines, knot placement 
was handled internally by mgcv and the effective complexity of 
the interaction surface was determined by REML penalisation. 
Continuous confounders were modelled with penalised splines 
implemented in mgcv. Age was specified as a thin plate regres-
sion spline (bs=“tp”) with a maximum basis dimension of k=5, 
and the Townsend deprivation index was specified as a thin plate 
regression spline with shrinkage (bs=“ts”, k=5), which allows 
the penalty to shrink the smooth toward zero if unsupported 
by data. For these mgcv splines, knot positions are not user-
specified. Instead, the basis dimension k sets an upper bound 
on flexibility, and REML estimation determines the effective df 
(edf), yielding a fully data-driven smooth. In secondary models, 
BMI and systolic blood pressure were similarly specified as thin 
plate regression splines with shrinkage (bs=“ts”, k=4 each).36 
Categorical covariates (sex, ethnicity, smoking status, alcohol 
intake category, self-rated health and diet quality) entered the 
model as unpenalised parametric terms.37 All models were 
adjusted for a minimal sufficient set of covariates derived from 
a prespecified directed acyclic graph (DAG), including age, sex, 
ethnicity, smoking, alcohol intake, self-rated health, diet score 
and the Townsend deprivation index, with the latter modelled 
using regression splines.38 The proportional hazards assump-
tion was evaluated using Schoenfeld residuals.39 We first fitted 
a preliminary Cox model in which MVPA, CRF, age and the 
Townsend index were specified using natural cubic splines (ns()). 
MVPA and CRF were each modelled with df=4 using 3 internal 
knots placed at sample quartiles, and age and the Townsend 
index were each modelled with df=5 using 4 internal knots 
placed at sample quintiles. Complete knot positions are reported 
in online supplemental eTable 16. Schoenfeld residuals were 
then computed from this model to test the proportional hazards 
assumption. Median follow-up time and IQR were estimated 
using the reverse Kaplan-Meier method.40

A global χ2 test was then used to assess the statistical signif-
icance of the MVPA×CRF interaction. To complement this 
multiplicative-scale test, we conducted a supplementary 

assessment of interaction on the additive scale following 
published recommendations.41 We dichotomised MVPA at the 
WHO guideline threshold of 150 min per week and CRF (at 
or above vs below the sex-specific median VO₂max: 25.8 mL/
kg/min for females, 32.4 mL/kg/min for males). We treated the 
combination of high MVPA and high CRF as the reference cate-
gory to estimate the joint effects of the risk factors, that is, low 
MVPA and low CRF. A standard Cox proportional hazards model 
with a four-level joint exposure variable was fitted, adjusting for 
the same covariate set with natural cubic splines (ns() from the 
splines package) for age (df=5; 4 internal knots placed at the 
sample quintiles: 49, 56, 61 and 65 years; boundary knots at 
40 and 75 years) and the Townsend deprivation index (df=5; 
4 internal knots at the sample quintiles: −3.98, −2.87, −1.48 
and 0.74; boundary knots at −6.26 and 8.74). We calculated 
the relative excess risk due to interaction (RERI), the attribut-
able proportion due to interaction (AP) and the synergy index 
(S) with bootstrap percentile 95% CIs based on 2000 resamples. 
The multiplicative interaction was quantified as the ratio of HRs 
(HR₁₁/[HR₁₀×HR₀₁]).

Non-CVD deaths were treated as competing events and were 
analysed using Fine-Gray subdistribution hazard models.42 
Cumulative incidence functions were plotted across exposure 
groups. To aid interpretation of the exposure-response surface, 
we assessed the monotonicity of risk across CRF slices using 
a two-step procedure. First, sex-specific HR curves across the 
VO₂max range were estimated from the fitted Cox-GAM at a 
fixed MVPA of 150 min/week, with 95% CIs derived via the 
delta method using the linear predictor matrix and model covari-
ance matrix.43 Second, we evaluated monotonicity by computing 
Spearman correlation coefficients between the VO₂max grid and 
the predicted HRs across 400 parametric simulations by drawing 
coefficient vectors from the multivariate normal distribution of 
the fitted model parameters. Monotonicity was tested using a 
one-sided p value, defined as the proportion of simulations in 
which ρ≥0 (online supplemental eTable 7).44 We then generated 
an out-of-fold, prediction-based residual CRF variable to eval-
uate whether residual variation in CRF at a given level of MVPA 
was associated with CVD risk. This variable was defined as the 
difference between observed VO₂max and its predicted value 
from MVPA and covariates.

To visualise the overall joint risk landscape, we modelled 
the HRs relative to a global reference anchor defined as 0 min 
per week of MVPA at the lowest fitness level, corresponding 
to approximately the 10th percentile of VO₂max. However, to 
derive the clinically actionable prescription matrix, we calcu-
lated the weekly MVPA minutes required to achieve relative risk 
reductions of 10%–30% using a fitness-specific reference anchor 
(ie, relative to 0 min per week at the same VO₂max level). As 
an exploratory prediction exercise, model discrimination and 
calibration were assessed using random survival forests (RSF), 
which provided 5-year C-index estimates and quantile-based 
calibration, with formal calibration testing via weighted linear 
regression of observed on predicted risk (testing intercept=0 and 
slope=1).45 46 Within the Cox-GAM framework, we used factor-
by-smooths to evaluate potential effect modification by sex, age 
(<60 vs ≥60 years) and BMI categories. Models were compared 
using the Akaike information criterion (AIC).47 We note that 
model structure, including exposures, confounders and the 
tensor product interaction, was prespecified on the basis of a 
DAG, not selected by information criteria. AIC was used solely 
to evaluate whether adding stratum-specific deviation smooths 
(effect modification) improved relative fit. AIC was preferred 
over the Bayesian information criterion (BIC) because the 
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stronger sample-size penalty of BIC (log(n)≈9.75 vs 2 for AIC 
at N=17 088) can disproportionately penalise flexible smooth 
terms in a GAM framework, potentially favouring underfitting 
of genuinely non-linear effects.

In addition, we plotted sex-specific VO₂max-HR curves at an 
MVPA level of 150 min per week to visualise the associations. 
Multiple robustness analyses were performed, including exclu-
sion of participants with follow-up of 2 years or less, winsori-
sation of exposure variables, sequential adjustment for BMI, 
resting heart rate and systolic blood pressure, and evaluation of 
alternative parametric model specifications.48 Further analytical 
details and supplementary results are presented in online supple-
mental eTable 9.

Mendelian randomisation
We conducted two-sample MR analyses to investigate the 
potential causal effects of PA and CRF on major CVD compo-
nents.49 The primary PA exposure was accelerometer-derived 
average acceleration. Self-reported MVPA, derived from the 
same genome-wide association study (GWAS) of habitual PA, 
was used as an additional exposure in sensitivity analyses. 
Outcomes included coronary artery disease (CAD) or ischaemic 
heart disease (IHD), AF, HF, any stroke and transient ischaemic 
attack (TIA). Large GWAS consortia datasets were used for 
these endpoints.50 When no suitable instrumental variables or 
harmonised single-nucleotide polymorphisms (SNPs) were avail-
able under stringent thresholds, the corresponding exposure-
outcome effect was considered not estimable, consistent with 
standard MR practice.51 The GWAS datasets used in this study, 
including identifiers, sources and selection rationale, are listed in 
online supplemental eTable 10.

Instrumental variables were selected using a genome-wide 
significance threshold of p<5×10⁻⁸ and were subjected to strin-
gent linkage disequilibrium clumping with r² set to 0.001 and 
a window of 10 000 kb.51 We then performed allele harmoni-
sation and addressed palindromic variants. We applied Steiger 
directionality tests based on sample size information and prefer-
entially retained SNP sets with at least three variants.52 A DAG 
illustrating the MR framework and its three core assumptions 
namely relevance, independence and exclusion restriction, is 
presented in online supplemental eFigure 5. The main univari-
able MR estimator was the multiplicative random-effects inverse 
variance-weighted (IVW) method (online supplemental eTable 
11).53 We complemented this with several robust methods, 
including the weighted median, MR-Egger regression, simple 
mode and weighted mode estimators, as well as MR-RAPS (MR 
Robust Adjusted Profile Score).53 54 In settings with a sufficient 
number of suitable instruments, we additionally performed 
multivariable MR (MVMR) to jointly estimate the independent 
causal effects of accelerometer-assessed PA and CRF on cardio-
vascular outcomes.55

Instrument strength was evaluated using F statistics, 
summarised as the mean, median, minimum and the propor-
tion of variants with F values less than 10.56 Cochran’s Q statis-
tics were used to assess heterogeneity in SNP-specific estimates 
(online supplemental eTable 12).53 The MR-Egger intercept was 
examined to detect directional horizontal pleiotropy (online 
supplemental eTable 13).57 We additionally assessed the distri-
butional and structural assumptions underlying the IVW and 
MR-Egger regression models.57 Linearity was evaluated by 
adding a quadratic term for the SNP-exposure association to the 
IVW regression and testing its significance. Residual normality 
was assessed using the Shapiro-Wilk test applied to the residuals 

of both IVW and MR-Egger regressions.58 Influential variants 
were identified using Cook’s distance, with a threshold of 4/n, 
where n is the number of SNPs.59 Leave-one-out analyses were 
conducted and displayed graphically to evaluate the influence 
of individual variants.53 A comprehensive summary of assump-
tion verification across all 15 exposure-outcome pairs, including 
F statistics, Steiger directionality, MR-Egger intercept tests 
and Cochran’s Q heterogeneity statistics, is provided in online 
supplemental eTable 17.

Patient and public involvement
Patients or members of the public were not involved in the 
design, conduct, reporting or dissemination plans of this 
research. This study is a secondary analysis of existing data from 
the UKB cohort.

Equity, diversity and inclusion
This study included both female and male participants across a 
wide age range, from middle to older adulthood. The authorship 
team comprises early-, mid- and senior-career researchers from a 
range of disciplines and institutions.

RESULTS
Prospective cohort study
The final analysis included 17 088 participants (table 1). The deri-
vation of the analytic sample is detailed in online supplemental 
eFigure 1. Of the 103 567 UKB participants who provided valid 
accelerometer data during 2013–2015, we retained those with a 
complete 7-day wear period (ie, non-zero wear-time proportion 
and non-missing MVPA on each of the 7 days). We then restricted 
the sample to participants who had also completed the submax-
imal cycle ergometer test with an estimated VO₂max within the 
prespecified plausible range of 15–55 mL/kg/min. After further 
excluding individuals with prevalent CVD (ascertained through 
hospital records or self-report) and those with missing data on 
core covariates, 17 088 participants remained for the primary 
analysis. Before this exclusion, missingness across individual 
predictors ranged from 0% to 5.94%, the highest being alcohol 
intake category, and the proportion of participants with at least 
one missing predictor was 6.22% in the primary model (1133 of 
18 221). Because missingness was marginal and concentrated in 
a single covariate (alcohol intake) while both exposures and the 
outcome were fully observed by design, a complete-case analysis 
was used for the primary models.60 This sample yielded 1233 
incident CVD events over a median follow-up of 7.85 years 
(IQR, 7.39–8.27), comprising 874 AF, 156 MI, 111 HF and 92 
stroke events. The remaining 15 855 participants (92.8%) were 
censored: 558 (3.3%) died of non-CVD causes before experi-
encing a CVD event and 15 297 (89.5%) were administratively 
censored at the end of registry follow-up (31 October 2022) 
without a CVD event or death. The non-CVD deaths accounted 
for 31.2% of all failure events (CVD plus non-CVD death 
combined). These competing events were treated as censoring in 
the primary Cox-GAM and explicitly modelled in the comple-
mentary Fine-Gray analysis (online supplemental eTable 5). The 
cohort had a mean age of 57.4 years (SD: 8.1), and 56% were 
female. Participants who accumulated fewer than 150 min per 
week of MVPA (n=5484) were slightly older (mean 58.1 vs 57.1 
years), more often female (67% vs 51%) and had higher BMI 
(median 26.8 vs 25.5 kg/m²) and lower estimated CRF (26.5 vs 
30.4 mL/kg/min) than those meeting the guideline (n=11 604).

The primary Cox-GAM consumed 14.38 edf for the smooth 
terms, which included the MVPA×CRF tensor product 
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Table 1  Baseline characteristics overall and by MVPA 150 min threshold

Characteristic
Overall
N=17 088*

<150 min/week
N=5484*

≥150 min/week
N=11 604*

Age, years, mean (SD)† 57.4 (8.1) 58.1 (8.0) 57.1 (8.1)

Sex, n (%)

 � Female 9604 (56.2) 3677 (67.0) 5927 (51.1)

 � Male 7484 (43.8) 1807 (33.0) 5677 (48.9)

Ethnicity, n (%)‡

 � Black/Asian 402 (2.4) 160 (2.9) 242 (2.1)

 � Other 281 (1.6) 86 (1.6) 195 (1.7)

 � White 16 405 (96.0) 5238 (95.5) 11 167 (96.2)

Townsend index, mean (SD)† −1.6 (2.7) −1.8 (2.7) −1.5 (2.7)

BMI, kg/m2, median (IQR)† 25.9 (23.5–28.7) 26.8 (24.2–30.3) 25.5 (23.3–28.0)

Body mass index ≥30, n (%) 3026 (17.7) 1463 (26.7) 1563 (13.5)

Self-rated health, n (%)

 � Fair/poor 2833 (16.6) 1255 (22.9) 1578 (13.6)

 � Good 14 255 (83.4) 4229 (77.1) 10 026 (86.4)

Alcohol intake, g/week, median (IQR)§ 83 (33–163) 74 (24–144) 93 (41–171)

Smoking status, n (%)

 � Current 977 (5.7) 394 (7.2) 583 (5.0)

 � Former 6170 (36.1) 1998 (36.4) 4172 (36.0)

 � Never 9941 (58.2) 3092 (56.4) 6849 (59.0)

Educational attainment, n (%)

 � A-level/college 2295 (13.4) 755 (13.8) 1540 (13.3)

 � Degree 7957 (46.6) 2059 (37.5) 5898 (50.8)

 � GCSE/none 3959 (23.2) 1514 (27.6) 2445 (21.1)

 � Missing 2877 (16.8) 1156 (21.1) 1721 (14.8)

Employment status, n (%)

 � Employed 8994 (52.6) 2741 (50.0) 6253 (53.9)

 � Other/not working 794 (4.6) 255 (4.6) 539 (4.6)

 � Retired 5734 (33.6) 1941 (35.4) 3793 (32.7)

 � Missing 1566 (9.2) 547 (10.0) 1019 (8.8)

Healthy diet quality, n (%)

 � Poor 4528 (26.5) 1541 (28.1) 2987 (25.7)

 � Intermediate 10 004 (58.5) 3197 (58.3) 6807 (58.7)

 � Good 2556 (15.0) 746 (13.6) 1810 (15.6)

Resting heart rate, bpm, mean (SD)† 67.4 (9.7) 69.3 (9.7) 66.5 (9.6)

Systolic BP, mm Hg, mean (SD)† 136.3 (16.3) 137.1 (16.4) 136.0 (16.3)

Systolic BP>140 mm Hg, n (%)

 � No 10 350 (60.6) 3204 (58.4) 7146 (61.6)

 � Yes 6737 (39.4) 2280 (41.6) 4457 (38.4)

 � Missing 1 (0.0) 0 (0.0) 1 (0.0)

Diastolic BP, mm Hg, mean (SD)† 80.5 (9.1) 81.0 (9.2) 80.2 (9.1)

Diastolic BP>90 mm Hg, n (%) 2448 (14.3) 867 (15.8) 1581 (13.6)

Antihypertensive medication use, n (%)

 � No 12 410 (72.6) 3686 (67.2) 8724 (75.2)

 � Yes 2633 (15.4) 1046 (19.1) 1587 (13.7)

 � Missing 2045 (12.0) 752 (13.7) 1293 (11.1)

CRF (VO2max, mL/kg/min), mean (SD)† 29.1 (6.4) 26.5 (5.7) 30.4 (6.3)

Weekly MVPA, min, median (IQR)† 232 (115–400) 80 (43–115) 328 (230–475)

Denominators for educational attainment, employment status, antihypertensive medication use and systolic BP>140 mm Hg include missing observations; missing counts are 
shown as separate rows. These variables were included for descriptive purposes and were not used in the primary Cox-generalised additive model.
*Columns show overall cohort and subgroups defined by weekly MVPA: <150 versus ≥150 min.
†Continuous variables were summarised using a prespecified rule: |skewness|>1 indicates skewed distribution and is reported as median (IQR); otherwise mean (SD).
‡Race/ethnicity is self-reported and presented using model categories (black/Asian, other, white).
§Alcohol grams/week were derived from weekly/monthly glasses of each beverage (fields 1568–1608, 5364; 4407–4462), converted to UK units using standard drink factors and 
multiplied by 8 g/unit.
BMI, body mass index; BP, blood pressure; CRF, cardiorespiratory fitness; MVPA, moderate-to-vigorous physical activity.
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interaction (edf=3.07). Combined with 10 degrees of freedom 
for parametric covariates, this yielded a total of 24.38 effec-
tive model parameters. The resulting ratio of 50.6 events per 
effective parameter substantially exceeded the conventional 
minimum of 10 events per parameter recommended for stable 
Cox regression estimation.61 62 We adjusted for the minimal suffi-
cient covariate set derived from the DAG (online supplemental 
eFigure 2). In the Cox-GAM, the smooth MVPA×CRF interac-
tion was highly significant on the multiplicative scale (χ²=38.43; 
edf=3.07; p<0.001; online supplemental eTable 6), confirming 
that the joint dose–response surface was not reducible to the sum 
of independent marginal effects on the log-hazard scale. In a 
complementary binary analysis (online supplemental eTable 15), 
compared with the high MVPA and high CRF reference group, 
the HRs were 1.32 (95% CI 1.07 to 1.62) for low MVPA alone, 
1.25 (95% CI 1.08 to 1.45) for low CRF alone and 1.48 (95% 
CI 1.26 to 1.73) for the combination of both risk factors. On 
the additive scale, the RERI was −0.09 (95% CI −0.45 to 0.22; 
p=0.57), the AP was −0.06 (95% CI −0.30 to 0.15), and the 
synergy index was 0.84 (95% CI 0.46 to 1.86). The multiplica-
tive interaction ratio of HRs was 0.90 (95% CI 0.70 to 1.15; 
p=0.39). Thus, while the continuous non-linear interaction was 
highly significant in the Cox-GAM, the dichotomised analysis 
did not demonstrate statistically significant interaction on either 
the additive or multiplicative scale at these cut-points.

The two-dimensional risk surface (figure  1), anchored to a 
global sedentary low-fitness reference, illustrates that increasing 

MVPA progressively lowers risk, whereas higher CRF provides 
an independent safety margin. Consequently, lower-fitness indi-
viduals require substantially higher volumes of MVPA to reach 
the absolute low-risk levels observed in high-fitness groups. 
Figure 2A shows that meeting the guideline of 150 min per week 
yielded a consistent but modest relative protective effect across 
all fitness levels, with an HR of approximately 0.91–0.92 versus 
the sedentary reference. This corresponds to an overall baseline 
risk reduction of approximately 8%–9%. The prescription matrix 
(figure 2B) revealed a steep dose escalation: achieving a 20% risk 
reduction required approximately 340–370 min per week (more 
than double the guideline), whereas a 30% reduction required 
approximately 560–610 min per week. In sex-stratified analyses 
(figure 3), risk declined monotonically with higher CRF for both 
sexes (p<0.001 for trend; online supplemental eTable 7).

The proportional hazards assumption was met (p=0.21; 
online supplemental eTable 4), and the primary model showed 
acceptable discrimination (C-index=0.704; online supple-
mental eTable 9). Prespecified tests showed no significant 
effect modification by age or BMI (p>0.05). Although the 
sex-specific interaction was nominally significant (p=0.021), it 
did not improve model fit (ΔAIC=+2.9), suggesting that the 
joint dose–response shape was broadly generalisable (online 
supplemental eTable 8). Results remained robust in Fine-Gray 
competing-risk models (online supplemental eTable 5), in 
which MVPA≥150 min per week (SHR, 0.86; 95% CI 0.75 
to 0.97) remained protective against CVD. Similarly, higher 

Figure 1  Joint non-linear dose–response association of device-measured physical activity and cardiorespiratory fitness with incident cardiovascular 
disease. The contour plot illustrates HRs for the composite cardiovascular disease outcome from a Cox generalised additive model with a tensor 
product smooth interaction between moderate-to-vigorous physical activity (MVPA) and cardiorespiratory fitness (CRF, VO₂max). The model is adjusted 
for age, sex, ethnicity, socioeconomic status (Townsend deprivation index), smoking status, alcohol intake, self-rated health and diet quality. The risk 
surface is anchored to a global reference point (HR=1.0) defined as 0 min/week MVPA at low fitness (approximately the 10th percentile of VO₂max, 
21.5 mL/kg/min). Colour shading represents HRs on a log₁₀ scale. White contour lines denote iso-risk levels. The dashed vertical line at 150 min/week 
indicates the current WHO physical activity guideline. A significant non-linear interaction was observed between MVPA and CRF (p<0.001). N=17 088; 
events=1233. HRs at selected MVPA and CRF grid points are provided in online supplemental eTable 19.
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CRF demonstrated a graded protective association (SHR, 0.75; 
95% CI 0.65 to 0.86 for 30–40 mL/kg/min, and SHR, 0.70; 
95% CI 0.52 to 0.95 for >40 mL/kg/min, compared with the 
<30 mL/kg/min reference group). The interaction persisted 
across robustness checks, including exclusion of early events 
and winsorisation of exposure variables (online supplemental 
eTable 9). Finally, prediction-based residual analysis using 

cross-fitted residual VO₂max, defined as the difference between 
observed and MVPA-predicted values in original units of mL/
kg/min, indicated that surplus fitness retained a modest inverse 
association with CVD risk (HR, 0.98; 95% CI 0.97 to 0.99 
per 1 mL/kg/min; p<0.001; online supplemental eFigure 3). 
This corresponded to an HR of 0.90 (95% CI 0.85 to 0.96) 
per 5 mL/kg/min, suggesting that a component of CRF-related 

Figure 2  Efficacy of current guidelines and fitness-stratified dose requirements for cardiovascular prevention. (A) HRs (95% CI) for the composite 
cardiovascular disease outcome associated with meeting the WHO guideline of 150 min/week moderate-to-vigorous physical activity (MVPA), 
relative to a sedentary baseline (0 min/week) at the same fitness level. Estimates are derived from the primary Cox generalised additive model at four 
representative cardiorespiratory fitness levels: low (≤25), low-mod (30), mod (35) and high (40 mL/kg/min). The Y-axis is on a log scale. (B) Fitness-
stratified, model-based matrix quantifying the weekly MVPA volume (min/week) required to achieve prespecified relative risk reductions (10%, 20% 
and 30%) compared with a sedentary baseline at the same fitness level. Colour intensity represents the volume of activity required; darker shading 
indicates a higher volume. Numbers inside cells indicate estimated minutes per week. Both panels are adjusted for age, sex, ethnicity, socioeconomic 
status (Townsend deprivation index), smoking status, alcohol intake, self-rated health and diet quality. N=17 088; events=1233.

Figure 3  Sex-specific associations between cardiorespiratory fitness and cardiovascular disease risk at the guideline physical activity level. Panels 
show HRs for cardiorespiratory fitness (VO₂max) at a fixed moderate-to-vigorous physical activity level of 150 min/week, stratified by sex (females, 
left; males, right). HRs are relative to sex-specific median VO₂max (dotted vertical lines; 25.8 mL/kg/min for females, 32.4 mL/kg/min for males). The 
Y-axis is on a log scale. Shaded areas represent 95% CIs derived via the delta method. Covariates as in figure 1. P values for a monotone decreasing 
trend were obtained by parametric simulation of model coefficients (online supplemental eTable 7).
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cardioprotection may operate through pathways not fully 
captured by MVPA volume alone.

Mendelian randomisation
In MVMR analyses adjusting for both PA and CRF, genetically 
proxied higher CRF was associated with lower HF risk (OR, 
0.79; 95% CI 0.63 to 0.99; p=0.043; online supplemental eTable 
14). Because two-sample MR estimates are derived from GWAS 
summary statistics on the log-odds scale, ORs are the natively 
estimable effect measure. Furthermore, given the low cumulative 
event incidence in our cohort, these ORs closely approximate 
risk ratios. This finding provides nominal evidence consistent 
with an independent protective effect. For AF, the multivariable 
estimate for genetically proxied CRF was directionally protec-
tive but imprecise (OR 0.73; 95% CI 0.49 to 1.09; p=0.12; 
online supplemental eTable 14), whereas several robust estima-
tors in univariable sensitivity analyses (eg, weighted median OR 
0.69; 95% CI 0.53 to 0.89; weighted mode OR 0.67; 95% CI 
0.52 to 0.88) yielded statistically significant protective associ-
ations (online supplemental eTable 11). Taken together, these 
AF results are best viewed as suggestive rather than definitive. 
For CAD, IHD, any stroke and TIA, we found no consistent 
evidence of independent causal effects across any PA exposures 
(accelerometer-derived mean acceleration and self-reported 
MVPA; all MVMR p>0.05; online supplemental eTable 14; 
univariable sensitivity results in online supplemental eTable 11).

Across all 15 exposure-outcome pairs, median F statistics 
ranged from 31.0 to 39.3 (all >10), indicating adequate instru-
ment strength (online supplemental eTable 17). Steiger direc-
tionality tests confirmed the expected causal direction for 12 of 
15 pairs, with the remaining three pairs (involving TIA) lacking 
the sample size information required for the test. Diagnostic 
tests indicated substantial heterogeneity between instruments for 
several exposure-outcome pairs (Cochran’s Q test p<0.05 for 8 
of 15 pairs). Accordingly, we used multiplicative random-effects 
models throughout. MR-Egger intercept tests did not indicate 
strong directional pleiotropy (all p>0.05), consistent with the 
exclusion restriction assumption. Assessment of the regression 
assumptions underlying the IVW and MR-Egger models showed 
that linearity was supported across all 15 exposure-outcome 
pairs (all quadratic term p≥0.05). Residual normality (Shapiro-
Wilk test) was met for 12 of 15 pairs in IVW and 13 of 15 in 
MR-Egger regressions. The three departures involved CAD/IHD 
and TIA pairs for which the main MR estimates were not statis-
tically significant. Cook’s distance analysis identified potentially 
influential variants in 7 of 15 pairs, but leave-one-out analyses 
(described above) did not reveal any single variant that substan-
tially altered the primary conclusions (online supplemental 
eTable 18).

DISCUSSION
Principal findings
This study demonstrated a significant joint non-linear dose–
response relationship between objectively measured MVPA and 
CRF and CVD risk. Using the UKB accelerometer cohort and 
a Cox-GAM two-dimensional spline model, we confirmed a 
highly significant smooth interaction between MVPA and CRF 
on the multiplicative scale via the tensor product smooth term. A 
complementary binary analysis following published recommen-
dations for presenting interaction revealed no statistically signifi-
cant additive interaction (RERI −0.09; 95% CI −0.45 to 0.22).41 
Beyond interaction testing, the primary model demonstrated 
acceptable discrimination (C-index=0.704), and exploratory 

RSF calibration showed adequate risk ranking, although with 
evidence of slope shrinkage (online supplemental eFigure 4), 
reflecting the robust prognostic value of integrating behavioural 
and physiological metrics. Importantly, this joint surface formed 
the basis for a quantifiable minutes–risk reduction matrix that 
prescribes, for each CRF level, the weekly MVPA dose required 
to achieve 10%–30% reductions in an individual’s CVD risk 
relative to being sedentary at the same fitness level.

Interpretation of joint effects and mechanisms
The primary methodological contribution of this study lies in the 
simultaneous use of objectively measured MVPA and estimated 
CRF within the same population, which we modelled using a 
Cox-GAM two-dimensional spline to capture their structural 
interplay. This approach extends previous research that largely 
relied on single exposures or one-dimensional curves.4 14 15 63 64 
Regarding the conditional effects, we observed a remarkably 
consistent relative benefit of MVPA across the fitness spec-
trum.65 This consistency is corroborated by the supplementary 
binary interaction analysis, where the absolute risk increases 
associated with insufficient MVPA and low CRF were approx-
imately additive. These results indicate that, at guideline-based 
dichotomisation thresholds, neither strong synergism nor redun-
dancy was evident on the absolute risk scale.41 Consequently, 
the significant shape-level interaction detected by the continuous 
Cox-GAM likely captures subtler gradient changes, such as the 
steeper MVPA–risk slope at lower CRF levels, that are averaged 
away by dichotomisation.

Notably, large dose–response meta-analyses and cohort 
studies, which predominantly relied on self-reported PA without 
adjustment for CRF, have typically reported 20%–30% lower 
CVD risk at approximately 150 min per week.1 66 In contrast, 
the more modest 8%–9% reduction observed at the guideline 
dose in the present study likely reflects the distinct analytical 
framework employed here. Unlike prior studies that estimated 
the total effect of MVPA, which implicitly captures benefits 
mediated through improved fitness, the joint model explicitly 
adjusts for CRF.67 Consequently, these estimates represent the 
conditional effect of MVPA at a given fitness level, isolating the 
direct benefit of the behaviour itself independent of the phys-
iological fitness reserve.68 Despite this consistency in relative 
effects, our matrix (figure 2B) reveals a subtle absolute gradient, 
such that individuals with the lowest fitness require approx-
imately 30–50 additional minutes per week compared with 
those with high fitness to achieve equivalent relative reductions, 
for example, a 20% reduction requires approximately 370 vs 
340 min. This finding highlights the steeper challenge faced by 
deconditioned populations.69

Crucially, the prediction-based residual analysis refined the 
interpretation of these joint effects. Using cross-fitted residual 
VO₂max defined as observed minus MVPA-predicted values, we 
found that each 1 mL/kg/min increase in surplus fitness was asso-
ciated with approximately 2% lower CVD hazard (HR, 0.98; 
95% CI 0.97 to 0.99), corresponding to HR 0.90 (95% CI 0.85 
to 0.96) per 5 mL/kg/min. This indicates that a modest compo-
nent of CRF-related cardioprotection persists beyond what is 
explained by MVPA and the measured covariates. This residual 
association is consistent with contributions from genetic endow-
ment, early-life cardiopulmonary development and training-
induced physiological adaptations such as cardiac remodelling 
and improved endothelial function that are not fully captured 
by weekly MVPA volume.12 Nevertheless, the effect size is small 
relative to the overall joint MVPA–CRF surface, suggesting 
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that the bulk of prognostic information carried by CRF for 
CVD is mediated through habitual activity, with surplus fitness 
providing a modest additional margin of protection.70 Clinically, 
these findings support using CRF both to calibrate the amount 
of MVPA required to move a patient toward a lower-risk profile 
and as an independent marker that captures physiological cardi-
oprotection not fully reflected by activity behaviour alone.8

Causal inferences from genetic evidence
The two-sample MR analyses provided distinct but gener-
ally supportive evidence for the prospective cohort findings, 
consistent with using MR as a natural experiment to strengthen 
causal inference in epidemiology.71 Genetically predicted higher 
CRF was consistently associated with a reduced risk of HF 
at a nominal level of significance and remained significant in 
MVMR adjusting for PA, and showed a protective trend for AF. 
Although the primary IVW analysis for AF was not statistically 
significant, robust methods such as the weighted median and 
weighted mode provided consistent directional results, in line 
with recommended MR sensitivity strategies.72 73 In contrast, 
genetic proxies for PA did not show stable and statistically signif-
icant associations with most CVD endpoints in either univari-
able or multivariable analyses. IVW results for CRF regarding 
CAD or any stroke were also largely not statistically significant, 
suggesting a pattern of CRF effect specificity similar to previous 
MR work in which CRF showed causal effects for selected meta-
bolic or neurological outcomes rather than a uniform effect 
across all diseases examined.74

This pattern aligns with the broader MR literature, in which 
CRF, as an integrated physiological state, has stronger and more 
stable genetic instruments, whereas PA is a complex behavioural 
construct with weaker genetic instruments and greater heteroge-
neity, rendering overall estimates more susceptible to regression 
dilution toward the null.12 Importantly, the Egger intercept test 
did not suggest significant directional pleiotropy, enhancing the 
credibility of the CRF-related causal estimates, although limita-
tions regarding instrument strength and population consistency 
persist. Overall, the MR results echo the directional findings of 
the prospective cohort analysis and are consistent with higher 
CRF conferring a protective association with HF, although 
these estimates are imprecise and may be influenced by residual 
bias.74 75 In contrast, current genetic instruments for PA and 
sedentary behaviour tend to yield weaker and more heteroge-
neous estimates for major cardiovascular outcomes. Their largely 
null or inconsistent associations should therefore be interpreted 
cautiously as reflecting limited instrument strength rather than 
an absence of biological relevance for PA.12 76 Accordingly, the 
MR evidence in this study supports a tiered interpretation. 
Regarding CRF, genetically proxied associations provide sugges-
tive evidence consistent with a causal protective effect on heart 
failure, although the precision of the estimate (OR 0.79, 95% CI 
0.63 to 0.99) limits definitive conclusions. Conversely, for PA, 
current genetic instruments do not permit meaningful causal 
claims for most CVD endpoints. Therefore, the observational 
associations reported in this study remain the primary basis for 
informing activity-based recommendations.

Clinical implications
The integration of multidimensional cohort results with MR 
evidence provides a refined blueprint for precision exercise 
prescription. The two analytical approaches yielded notably 
different effect patterns. The prospective cohort analysis demon-
strated consistent, graded associations for both MVPA and CRF 

with composite CVD, whereas MR provided suggestive support 
only for CRF on heart failure and largely null results for PA. 
Several factors are likely to contribute to this divergence. Genetic 
instruments for device-measured PA explain limited phenotypic 
variance and exhibit high heterogeneity, regression dilution is 
inherent in behavioural phenotypes with low heritability, and 
current MR designs cannot capture the cumulative, time-varying 
nature of habitual activity. Clinically, this pattern suggests that 
the observational MVPA-CVD associations, while potentially 
subject to residual confounding, remain the strongest available 
evidence for guiding activity-based prescriptions, and that MR 
in its current form is better suited to evaluating integrated physi-
ological traits such as CRF than complex behavioural exposures. 
The MR findings, which suggest more stable genetic instruments 
for CRF than for behavioural PA,21 23 complement our cohort-
derived joint MVPA–CRF model. Within this framework, the 
residual fitness analysis indicated that surplus fitness retains a 
modest independent protective association with CVD (HR 0.98 
per 1 mL/kg/min), suggesting that, while the cardioprotective 
role of CRF operates predominantly through the behavioural 
pathway of maintaining sufficient MVPA, a small but measur-
able physiological component persists independently of activity 
volume.

Importantly, these findings simultaneously reinforce the public 
health value of the current 150 min/week guideline. The remark-
ably consistent relative risk reduction across all fitness strata (HR, 
0.91–0.92) and the broadly overlapping CIs in figure 2A confirm 
that this threshold functions as a robust universal minimum that 
does not require fitness-based modification. Given that large 
proportions of the population do not yet meet even this bench-
mark77, the primary public health message remains straightfor-
ward: achieving 150 min/week of MVPA delivers meaningful 
cardiovascular protection regardless of fitness level. Beyond this 
population-level message, the minutes-to-target matrix offers a 
complementary individualised tool for clinical counselling, as 
the current guideline of 150 min per week is a vital entry point 
yet corresponds to only an approximately 8%–9% reduction in 
baseline risk. To achieve substantial protection (eg, >30% reduc-
tion) and likely drive the physiological adaptations supported 
by the genetic analyses, patients may need to progress toward 
MVPA volumes 3–4 times higher than the minimum guideline, 
approximately 560–610 min per week. In the analytic cohort, 
approximately 11.6% of participants, 1980 of 17 088, achieved 
at least 560 min per week, indicating that although such volumes 
are attainable, they represent a high behavioural threshold for 
most individuals. This is particularly critical for low-fitness 
populations, who face the dual challenge of high absolute risk 
and the need for rigorous adherence to accrue relative benefits. 
Implementation of these findings requires integrating wearable 
data into electronic health records to visualise patients’ dose–
response trajectories in real time.78 Future research should vali-
date these high-volume targets in randomised controlled trials 
to assess feasibility and safety, particularly in older adults, and 
employ multi-ancestry analyses to ensure generalisability beyond 
European-descent populations.

Strengths
The primary strength of this study lies in its methodolog-
ical rigour and translational utility. We integrated objectively 
measured MVPA via accelerometry with physiological CRF esti-
mates within the same cohort, using a DAG-guided Cox-GAM 
framework to map the complex joint risk surface. Robustness 
was confirmed through comprehensive sensitivity analyses, 
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including Fine-Gray competing risk models and random survival 
forest validation. Critically, we translated these high-dimensional 
data into a clinically actionable minutes-to-target prescription 
matrix, thereby bridging the gap between epidemiological obser-
vation and precision medicine. Parallel two-sample MR analyses 
provided complementary evidence, reinforcing the suggestive 
protective associations of CRF with cardiovascular outcomes.

Limitations
This study also has limitations. First, the stringent inclusion 
criteria required valid accelerometry, a completed submaximal 
cycle test and successful VO₂max quality control. This rigorous 
screening yielded a final cohort of 17 088 participants from the 
initial 103 567 accelerometer wearers, representing a reten-
tion rate of approximately 16.5%. The substantial attrition 
was driven primarily by the requirement for concurrent valid 
CRF data, which was available for only a subset of partici-
pants. Consequently, the resulting cohort is likely healthier and 
fitter than the general population, reflecting a healthy volun-
teer bias.79 Although this rigorous selection prioritises internal 
validity, it may limit generalisability to frail older adults or those 
with contraindications to exercise. Second, measurement error 
remains a relevant consideration. CRF was estimated rather 
than directly measured via gas exchange, and prediction error 
may not be purely random if untrained individuals exhibit less 
predictable heart rate responses to submaximal exercise, poten-
tially introducing systematic bias associated with habitual activity 
patterns. Single time-point assessments also cannot capture life-
course trajectories or within-person variation over time. Third, 
despite rigorous DAG-based adjustment, residual confounding 
cannot be entirely excluded. The primary model did not adjust 
for sedentary time or light physical activity, both of which have 
been independently associated with CVD risk.29 Because these 
behaviours share a fixed 24-hour time budget with MVPA, 
including them as conventional covariates risks inducing collin-
earity and overadjustment within the compositional time-use 
structure.80 However, their omission means that any indepen-
dent effects of prolonged sitting or insufficient light activity on 
CVD are not captured and may partly confound the estimated 
MVPA associations. Categorically measured confounders such 
as smoking status and self-reported alcohol intake are subject 
to measurement error that attenuates adjustment and introduces 
residual bias, even when the correct variables are included in 
the model. Furthermore, both exposures and confounders were 
assessed at a single time point, precluding adjustment for time-
varying confounding. For instance, sustained engagement in 
MVPA, especially its vigorous component, would be expected 
to improve CRF within weeks to months through physiolog-
ical adaptations such as increased cardiac stroke volume and 
enhanced mitochondrial capacity. Because our conditional esti-
mates evaluate MVPA at a fixed CRF level, they do not fully 
capture this dynamic feedback and may therefore understate the 
total long-term cardiovascular benefit of activity volumes that 
progressively raise fitness. Similar feedback loops exist between 
physical activity and downstream mediators such as BMI, where 
PA lowers BMI, and BMI in turn influences future PA, consti-
tuting time-varying confounding affected by prior exposure. 
Conventional regression analysis cannot adequately adjust for this 
structure, which would require longitudinal data and methods 
such as marginal structural models or g-estimation.81 Addition-
ally, the cause-specific hazard approach used in our primary 
analysis assumes that competing events, specifically non-CVD 
deaths, are non-informative censoring, which may be violated 

if MVPA and CRF also influence non-CVD mortality.31 32 The 
consistency between our cause-specific and Fine-Gray estimates 
(online supplemental eTable 5) mitigates this concern but does 
not fully resolve it. More broadly, HRs carry a built-in selec-
tion bias because the risk set at any time point is conditioned on 
prior survival, which can distort group comparability even after 
adequate confounding adjustment.82 This structural limitation 
applies to all Cox-based analyses in the present study. Moreover, 
partial sample overlap between some exposure and outcome 
GWAS and the relatively modest instrument strength for 
accelerometer-based PA could have biased some MR estimates 
toward the null and reduced their precision. Finally, causal infer-
ences from MR should be interpreted with caution, given the 
heterogeneity of PA instruments and the inherent assumptions of 
two-sample designs. The composite CVD endpoint pools condi-
tions with distinct pathophysiology (AF, MI, HF, stroke), and 
the limited number of events for individual components (156 
MI, 111 HF and 92 stroke) precluded reliable estimation of 
outcome-specific joint dose–response surfaces. Therefore, future 
studies with larger event counts should examine whether the 
MVPA–CRF interaction varies across CVD subtypes.

CONCLUSION
This study provides high-resolution mapping of the joint non-
linear dose–response relationship between objectively measured 
MVPA, CRF and CVD risk. The current guideline of 150 min 
per week offers a universal but modest safety margin of approx-
imately 8%–9% risk reduction, whereas achieving larger relative 
risk reductions (eg, >30%) in this cohort appeared to require 
activity volumes 3–4 times higher than current minimums across 
fitness strata. The prediction-based analysis suggests that surplus 
fitness retains a modest independent protective association 
(HR, 0.98 per 1 mL/kg/min), complementing genetic evidence 
consistent with higher CRF being associated with lower HF 
risk. Collectively, these findings confirm that current guidelines 
provide a robust universal minimum threshold for cardiovas-
cular protection while offering a quantifiable fitness-stratified 
prescription matrix as a complementary clinical tool to guide 
motivated patients from baseline adherence toward greater 
cardiovascular resilience.

Acknowledgements  This research has been conducted using the UK Biobank 
Resource under Application Number 1050630.

Contributors  ZL and ZN conceived and designed the study. ZL obtained and 
curated the UK Biobank data, performed the statistical analyses, created the 
figures and drafted the first version of the manuscript. SD and SZ contributed to 
the refinement of the analytical strategy, interpretation of the results and critical 
revision of the manuscript. XW, QY and BX provided expertise in exercise science 
and cardiovascular epidemiology, contributed to the interpretation of findings and 
reviewed the manuscript for important intellectual content. SN contributed to the 
study design, methodological guidance and critical revision of the manuscript. ZN 
supervised all stages of the project, provided overall methodological and clinical 
guidance, and substantially revised the manuscript. Only ZL and ZN had direct access 
to the individual-level UK Biobank data and took responsibility for the integrity of 
the data and the accuracy of the data analysis. ZN is the guarantor and accepts full 
responsibility for the work and the decision to submit the manuscript for publication.

Funding  The authors have not declared a specific grant for this research from any 
funding agency in the public, commercial or not-for-profit sectors.

Competing interests  None declared.

Patient and public involvement  Patients and/or the public were not involved in 
the design, or conduct, or reporting, or dissemination plans of this research.

Patient consent for publication  Not applicable.

Ethics approval  This study was approved by the North West Multicentre Research 
Ethics Committee (reference 11/NW/0382), and all participants provided written 
informed consent. The present analysis was conducted within the UK Biobank 
resource application framework.

https://dx.doi.org/10.1136/bjsports-2025-111351


11Liang Z, et al. Br J Sports Med 2026;0:1–12. doi:10.1136/bjsports-2025-111351

Original research

Provenance and peer review  Not commissioned; externally peer reviewed.

Data availability statement  Data are available upon reasonable request. Data 
may be obtained from a third party and are not publicly available. Individual-level 
data from the UK Biobank are available to bona fide researchers upon application 
through the UK Biobank Access Management System (https://www.ukbiobank.ac.​
uk). This research was conducted under Application Number 1050630. Genome-
wide association study summary statistics used in the Mendelian randomisation 
analyses were obtained from publicly available sources; full details including dataset 
identifiers and URLs are provided in online supplemental eTable 10. Summary-level 
analytical data and statistical code supporting the findings of this study are available 
from the corresponding author upon reasonable request and with permission of UK 
Biobank.

Supplemental material  This content has been supplied by the author(s). 
It has not been vetted by BMJ Publishing Group Limited (BMJ) and may not 
have been peer-reviewed. Any opinions or recommendations discussed are 
solely those of the author(s) and are not endorsed by BMJ. BMJ disclaims all 
liability and responsibility arising from any reliance placed on the content. 
Where the content includes any translated material, BMJ does not warrant the 
accuracy and reliability of the translations (including but not limited to local 
regulations, clinical guidelines, terminology, drug names and drug dosages), and 
is not responsible for any error and/or omissions arising from translation and 
adaptation or otherwise.

ORCID iDs
Zhide Liang https://orcid.org/0000-0002-9268-6999
Sanfan Ng https://orcid.org/0009-0003-9013-6410

REFERENCES
	 1	 Garcia L, Pearce M, Abbas A, et al. Non-occupational physical activity and risk of 

cardiovascular disease, cancer and mortality outcomes: a dose-response meta-analysis 
of large prospective studies. Br J Sports Med 2023;57:979–89. 

	 2	 Kany S, Al-Alusi MA, Rämö JT, et al. Associations of “Weekend Warrior” 
Physical Activity With Incident Disease and Cardiometabolic Health. Circulation 
2024;150:1236–47. 

	 3	 Kazemi A, Soltani S, Aune D, et al. Leisure-time and occupational physical activity 
and risk of cardiovascular disease incidence: a systematic-review and dose-
response meta-analysis of prospective cohort studies. Int J Behav Nutr Phys Act 
2024;21:45. 

	 4	 Khurshid S, Al-Alusi MA, Churchill TW, et al. Accelerometer-Derived “Weekend 
Warrior” Physical Activity and Incident Cardiovascular Disease. JAMA 
2023;330:247–52. 

	 5	 Arnett DK, Blumenthal RS, Albert MA, et al. 2019 ACC/AHA Guideline on the 
Primary Prevention of Cardiovascular Disease: A Report of the American College of 
Cardiology/American Heart Association Task Force on Clinical Practice Guidelines. 
Circulation 2019;140:e596–646. 

	 6	 Bull FC, Al-Ansari SS, Biddle S, et al. World Health Organization 2020 guidelines on 
physical activity and sedentary behaviour. Br J Sports Med 2020;54:1451–62. 

	 7	 Ross R, Goodpaster BH, Koch LG, et al. Precision exercise medicine: understanding 
exercise response variability. Br J Sports Med 2019;53:1141–53. 

	 8	 Ross R, Blair SN, Arena R, et al. Importance of Assessing Cardiorespiratory Fitness in 
Clinical Practice: A Case for Fitness as a Clinical Vital Sign: A Scientific Statement From 
the American Heart Association. Circulation 2016;134:e653–99. 

	 9	 Kodama S, Saito K, Tanaka S, et al. Cardiorespiratory fitness as a quantitative predictor 
of all-cause mortality and cardiovascular events in healthy men and women: a meta-
analysis. JAMA 2009;301:2024–35. 

	10	 Kokkinos PF, Faselis C, Myers J, et al. Cardiorespiratory Fitness and Incidence of 
Major Adverse Cardiovascular Events in US Veterans: A Cohort Study. Mayo Clin Proc 
2017;92:39–48. 

	11	 Hanscombe KB, Persyn E, Traylor M, et al. The genetic case for cardiorespiratory fitness 
as a clinical vital sign and the routine prescription of physical activity in healthcare. 
Genome Med 2021;13:180. 

	12	 Klevjer M, Nordeidet AN, Bye A. The genetic basis of exercise and cardiorespiratory 
fitness – relation to cardiovascular disease. Curr Opin Physiol 2023;33:100649. 

	13	 Williams CJ, Williams MG, Eynon N, et al. Genes to predict VO2max trainability: a 
systematic review. BMC Genomics 2017;18. 

	14	 Biswas RK, Ahmadi MN, Bauman A, et al. Wearable device-based health equivalence 
of different physical activity intensities against mortality, cardiometabolic disease, and 
cancer. Nat Commun 2025;16:8315. 

	15	 Ramakrishnan R, Doherty A, Smith-Byrne K, et al. Accelerometer measured physical 
activity and the incidence of cardiovascular disease: Evidence from the UK Biobank 
cohort study. PLoS Med 2021;18:e1003487. 

	16	 Franklin BA, Eijsvogels TMH, Pandey A, et al. Physical activity, cardiorespiratory fitness, 
and cardiovascular health: A clinical practice statement of the American Society for 
Preventive Cardiology Part II: Physical activity, cardiorespiratory fitness, minimum 
and goal intensities for exercise training, prescriptive methods, and special patient 
populations. Am J Prev Cardiol 2022;12:100425. 

	17	 Tikkanen E, Gustafsson S, Ingelsson E. Associations of Fitness, Physical 
Activity, Strength, and Genetic Risk With Cardiovascular Disease. Circulation 
2018;137:2583–91. 

	18	 Liang YT, Wang C, Hsiao CK. Data Analytics in Physical Activity Studies With 
Accelerometers: Scoping Review. J Med Internet Res 2024;26:e59497. 

	19	 Ledbetter MK, Tabacu L, Leroux A, et al. Cardiovascular mortality risk prediction using 
objectively measured physical activity phenotypes in NHANES 2003–2006. Prev Med 
2022;164:107303. 

	20	 Sturge A, Harper C, Chan S, et al. The added value of device measured physical activity 
to the prediction of incident cardiovascular disease. Eur Heart J 2024;45. 

	21	 Bahls M, Leitzmann MF, Karch A, et al. Physical activity, sedentary behavior and risk 
of coronary artery disease, myocardial infarction and ischemic stroke: a two-sample 
Mendelian randomization study. Clin Res Cardiol 2021;110:1564–73. 

	22	 Zhuo C, Zhao J, Chen M, et al. Physical Activity and Risks of Cardiovascular 
Diseases: A Mendelian Randomization Study. Front Cardiovasc Med 
2021;8:722154. 

	23	 Cai L, Gonzales T, Wheeler E, et al. Causal associations between cardiorespiratory 
fitness and type 2 diabetes. Nat Commun 2023;14:3904. 

	24	 Ko F, Yeh Y, Yen F, et al. Deciphering the causal tapestry between cardiorespiratory 
fitness and type 2 diabetes mellitus. J of Diabetes Invest 2024;15:426–8. 

	25	 Skrivankova VW, Richmond RC, Woolf BAR, et al. Strengthening the reporting of 
observational studies in epidemiology using mendelian randomisation (STROBE-MR): 
explanation and elaboration. BMJ 2021;375:n2233. 

	26	 Elm E von, Altman DG, Egger M, et al. Strengthening the reporting of observational 
studies in epidemiology (STROBE) statement: guidelines for reporting observational 
studies. BMJ 2007;335:806–8. 

	27	 Sudlow C, Gallacher J, Allen N, et al. UK biobank: an open access resource for 
identifying the causes of a wide range of complex diseases of middle and old age. 
PLoS Med 2015;12:e1001779. 

	28	 Doherty A, Jackson D, Hammerla N, et al. Large Scale Population Assessment of 
Physical Activity Using Wrist Worn Accelerometers: The UK Biobank Study. PLoS One 
2017;12:e0169649. 

	29	 Walmsley R, Chan S, Smith-Byrne K, et al. Reallocation of time between device-
measured movement behaviours and risk of incident cardiovascular disease. Br J 
Sports Med 2022;56:1008–17. 

	30	 Gonzales TI, Westgate K, Strain T, et al. Cardiorespiratory fitness assessment using 
risk-stratified exercise testing and dose-response relationships with disease outcomes. 
Sci Rep 2021;11:15315. 

	31	 Mansournia MA, Nazemipour M, Etminan M. A practical guide to handling competing 
events in etiologic time-to-event studies. Glob Epidemiol 2022;4:100080. 

	32	 Young JG, Stensrud MJ, Tchetgen Tchetgen EJ, et al. A causal framework for classical 
statistical estimands in failure‐time settings with competing events. Stat Med 
2020;39:1199–236. 

	33	 Cox DR. Regression Models and Life-Tables. J R Stat Soc Series B 1972;34:187–202. 
	34	 Wood SN. Generalized additive models: an introduction with R. Chapman and Hall/

CRC, 2017.
	35	 Wood SN. Thin Plate Regression Splines. J R Stat Soc Series B Stat Methodol 

2003;65:95–114. 
	36	 Eilers PHC, Marx BD. Flexible smoothing with B-splines and penalties. Statist Sci 

1996;11:89–121. 
	37	 Marra G, Wood SN. Practical variable selection for generalized additive models. 

Comput Stat Data Anal 2011;55:2372–87. 
	38	 Greenland S, Pearl J, Robins JM. Causal Diagrams for Epidemiologic Research. 

Epidemiology (Sunnyvale) 1999;10:37–48. 
	39	 Schoenfeld D. Partial residuals for the proportional hazards regression model. 

Biometrika 1982;69:239–41. 
	40	 Schemper M, Smith TL. A note on quantifying follow-up in studies of failure time. 

Control Clin Trials 1996;17:343–6. 
	41	 Knol MJ, VanderWeele TJ. Recommendations for presenting analyses of effect 

modification and interaction. Int J Epidemiol 2012;41:514–20. 
	42	 Fine JP, Gray RJ. A Proportional Hazards Model for the Subdistribution of a Competing 

Risk. J Am Stat Assoc 1999;94:496–509. 
	43	 Marra G, Wood SN. Coverage Properties of Confidence Intervals for Generalized 

Additive Model Components. Scandinavian J Statistics 2012;39:53–74. 
	44	 Davison AC, Hinkley DV. Bootstrap methods and their application. Cambridge 

University Press; 1997. Available: https://www.cambridge.org/core/product/identifier/​
9780511802843/type/book

	45	 Helmreich JE. Regression Modeling Strategies with Applications to Linear Models, 
Logistic and Ordinal Regression and Survival Analysis (2nd Edition). J Stat Soft 
2016;70. 

	46	 Ishwaran H, Kogalur UB, Blackstone EH, et al. Random survival forests. Ann Appl Stat 
2008;2:841–60. 

	47	 Akaike H. A new look at the statistical model identification. In: Parzen E, Tanabe K, 
Kitagawa G, eds. Selected papers of Hirotugu Akaike. New York, NY: Springer New 
York, 1998: 215–22.

	48	 Rothman KJ, Greenland S, Lash TL. Modern epidemiology. Wolters Kluwer Health/
Lippincott Williams & Wilkins Philadelphia, 2008.

https://www.ukbiobank.ac.uk
https://www.ukbiobank.ac.uk
https://orcid.org/0000-0002-9268-6999
https://orcid.org/0009-0003-9013-6410
http://dx.doi.org/10.1136/bjsports-2022-105669
http://dx.doi.org/10.1161/CIRCULATIONAHA.124.068669
http://dx.doi.org/10.1186/s12966-024-01593-8
http://dx.doi.org/10.1001/jama.2023.10875
http://dx.doi.org/10.1161/CIR.0000000000000678
http://dx.doi.org/10.1136/bjsports-2020-102955
http://dx.doi.org/10.1136/bjsports-2018-100328
http://dx.doi.org/10.1161/CIR.0000000000000461
http://dx.doi.org/10.1001/jama.2009.681
http://dx.doi.org/10.1016/j.mayocp.2016.09.013
http://dx.doi.org/10.1186/s13073-021-00994-9
http://dx.doi.org/10.1016/j.cophys.2023.100649
http://dx.doi.org/10.1186/s12864-017-4192-6
http://dx.doi.org/10.1038/s41467-025-63475-2
http://dx.doi.org/10.1371/journal.pmed.1003487
http://dx.doi.org/10.1016/j.ajpc.2022.100425
http://dx.doi.org/10.1161/CIRCULATIONAHA.117.032432
http://dx.doi.org/10.2196/59497
http://dx.doi.org/10.1016/j.ypmed.2022.107303
http://dx.doi.org/10.1093/eurheartj/ehae666.3494
http://dx.doi.org/10.1007/s00392-021-01846-7
http://dx.doi.org/10.3389/fcvm.2021.722154
http://dx.doi.org/10.1038/s41467-023-38234-w
http://dx.doi.org/10.1111/jdi.14143
http://dx.doi.org/10.1136/bmj.n2233
http://dx.doi.org/10.1136/bmj.39335.541782.AD
http://dx.doi.org/10.1371/journal.pmed.1001779
http://dx.doi.org/10.1371/journal.pone.0169649
http://dx.doi.org/10.1136/bjsports-2021-104050
http://dx.doi.org/10.1136/bjsports-2021-104050
http://dx.doi.org/10.1038/s41598-021-94768-3
http://dx.doi.org/10.1016/j.gloepi.2022.100080
http://dx.doi.org/10.1002/sim.8471
http://dx.doi.org/10.1111/j.2517-6161.1972.tb00899.x
http://dx.doi.org/10.1111/1467-9868.00374
http://dx.doi.org/10.1214/ss/1038425655
http://dx.doi.org/10.1016/j.csda.2011.02.004
http://dx.doi.org/10.1097/00001648-199901000-00008
http://dx.doi.org/10.1093/biomet/69.1.239
http://dx.doi.org/10.1016/0197-2456(96)00075-x
http://dx.doi.org/10.1093/ije/dyr218
http://dx.doi.org/10.1080/01621459.1999.10474144
http://dx.doi.org/10.1111/j.1467-9469.2011.00760.x
https://www.cambridge.org/core/product/identifier/9780511802843/type/book
https://www.cambridge.org/core/product/identifier/9780511802843/type/book
http://dx.doi.org/10.18637/jss.v070.b02
http://dx.doi.org/10.1214/08-AOAS169


12 Liang Z, et al. Br J Sports Med 2026;0:1–12. doi:10.1136/bjsports-2025-111351

Original research

	49	 Burgess S, Scott RA, Timpson NJ, et al. Using published data in Mendelian 
randomization: a blueprint for efficient identification of causal risk factors. Eur J 
Epidemiol 2015;30:543–52. 

	50	 Hemani G, Zheng J, Elsworth B, et al. The MR-Base platform supports systematic 
causal inference across the human phenome. Elife 2018;7:e34408. 

	51	 Burgess S, Thompson SG. Mendelian randomization: methods for causal inference 
using genetic variants. CRC Press, 2021.

	52	 Hemani G, Tilling K, Davey Smith G. Orienting the causal relationship 
between imprecisely measured traits using GWAS summary data. PLoS Genet 
2017;13:e1007081. 

	53	 Burgess S, Bowden J, Fall T, et al. Sensitivity Analyses for Robust Causal Inference from 
Mendelian Randomization Analyses with Multiple Genetic Variants. Epidemiology 
2017;28:30–42. 

	54	 Zhao Q, Wang J, Hemani G, et al. Statistical inference in two-sample summary-
data Mendelian randomization using robust adjusted profile score. Ann Statist 
2020;48:1742–69. 

	55	 Burgess S, Thompson SG. Multivariable Mendelian Randomization: The Use 
of Pleiotropic Genetic Variants to Estimate Causal Effects. Am J Epidemiol 
2015;181:251–60. 

	56	 Staiger DO, Stock JH. Instrumental variables regression with weak instruments. 
Massachusetts, USA: National Bureau of Economic Research Cambridge, 1994.

	57	 Bowden J, Davey Smith G, Burgess S. Mendelian randomization with invalid 
instruments: effect estimation and bias detection through Egger regression. Int J 
Epidemiol 2015;44:512–25. 

	58	 Shapiro SS, Wilk MB. An analysis of variance test for normality (complete samples). 
Biometrika 1965;52:591–611. 

	59	 Altman N, Krzywinski M. Analyzing outliers: influential or nuisance? Nat Methods 
2016;13:281–2. 

	60	 White IR, Carlin JB. Bias and efficiency of multiple imputation compared 
with complete‐case analysis for missing covariate values. Stat Med 
2010;29:2920–31. 

	61	 Peduzzi P, Concato J, Feinstein AR, et al. Importance of events per independent 
variable in proportional hazards regression analysis. II. Accuracy and precision of 
regression estimates. J Clin Epidemiol 1995;48:1503–10. 

	62	 Vittinghoff E, McCulloch CE. Relaxing the rule of ten events per variable in logistic 
and Cox regression. Am J Epidemiol 2007;165:710–8. 

	63	 Lee DH, Rezende LFM, Joh H-K, et al. Long-Term Leisure-Time Physical Activity 
Intensity and All-Cause and Cause-Specific Mortality: A Prospective Cohort of US 
Adults. Circulation 2022;146:523–34. 

	64	 Moore SC, Lee I-M, Weiderpass E, et al. Association of Leisure-Time Physical 
Activity With Risk of 26 Types of Cancer in 1.44 Million Adults. JAMA Intern Med 
2016;176:816–25. 

	65	 Bakker EA, Lee D-C, Hopman MTE, et al. Dose-response association between 
moderate to vigorous physical activity and incident morbidity and mortality for 
individuals with a different cardiovascular health status: A cohort study among 
142,493 adults from the Netherlands. PLoS Med 2021;18:e1003845. 

	66	 Sattelmair J, Pertman J, Ding EL, et al. Dose response between physical activity and 
risk of coronary heart disease: a meta-analysis. Circulation 2011;124:789–95. 

	67	 Celis-Morales CA, Lyall DM, Anderson J, et al. The association between physical 
activity and risk of mortality is modulated by grip strength and cardiorespiratory 
fitness: evidence from 498 135 UK-Biobank participants. Eur Heart J 
2017;38:116–22. 

	68	 Faghy MA, Tatler A, Chidley C, et al. The physiologic benefits of optimizing 
cardiorespiratory fitness and physical activity – From the cell to systems level in a 
post-pandemic world. Prog Cardiovasc Dis 2024;83:49–54. 

	69	 Carnethon MR, Evans NS, Church TS, et al. Joint Associations of Physical Activity 
and Aerobic Fitness on the Development of Incident Hypertension. Hypertension 
2010;56:49–55. 

	70	 Gerber Y, Gabriel KP, Jacobs DR Jr, et al. The relationship of cardiorespiratory fitness, 
physical activity, and coronary artery calcification to cardiovascular disease events in 
CARDIA participants. Eur J Prev Cardiol 2025;32:52–62. 

	71	 Davey Smith G, Hemani G. Mendelian randomization: genetic anchors for causal 
inference in epidemiological studies. Hum Mol Genet 2014;23:R89–98. 

	72	 Bowden J, Davey Smith G, Haycock PC, et al. Consistent Estimation in Mendelian 
Randomization with Some Invalid Instruments Using a Weighted Median Estimator. 
Genet Epidemiol 2016;40:304–14. 

	73	 Hartwig FP, Davey Smith G, Bowden J. Robust inference in summary data 
Mendelian randomization via the zero modal pleiotropy assumption. Int J Epidemiol 
2017;46:1985–98. 

	74	 Lu H, Wang H, Li C, et al. Observational and genetic associations between 
cardiorespiratory fitness and age-related diseases: longitudinal analyses in the UK 
Biobank study. EPMA J 2024;15:629–41. 

	75	 Qiu S, Cai X, Liu J, et al. Association Between Cardiorespiratory Fitness and Risk of 
Heart Failure: A Meta-Analysis. J Card Fail 2019;25:537–44. 

	76	 Zhang Y, Tao Y, Choi H, et al. Exploring the Causal Effects of Physical Activity, 
Sedentary Behaviour, and Diet on Atrial Fibrillation and Heart Failure: A Multivariable 
Mendelian Randomisation Analysis. Nutrients 2024;16:4055. 

	77	 Strain T, Flaxman S, Guthold R, et al. National, regional, and global trends in 
insufficient physical activity among adults from 2000 to 2022: a pooled analysis 
of 507 population-based surveys with 5·7 million participants. Lancet Glob Health 
2024;12:e1232–43. 

	78	 Hannan AL, Harders MP, Hing W, et al. Impact of wearable physical activity monitoring 
devices with exercise prescription or advice in the maintenance phase of cardiac 
rehabilitation: systematic review and meta-analysis. BMC Sports Sci Med Rehabil 
2019;11:14. 

	79	 Fry A, Littlejohns TJ, Sudlow C, et al. Comparison of Sociodemographic and Health-
Related Characteristics of UK Biobank Participants With Those of the General 
Population. Am J Epidemiol 2017;186:1026–34. 

	80	 Dumuid D, Pedišić Ž, Palarea-Albaladejo J, et al. Compositional Data Analysis 
in Time-Use Epidemiology: What, Why, How. Int J Environ Res Public Health 
2020;17:2220. 

	81	 Mansournia MA, Etminan M, Danaei G, et al. Handling time varying confounding in 
observational research. BMJ 2017;359:j4587. 

	82	 Hernán MA. The hazards of hazard ratios. Epidemiology 2010;21:13–5. 

http://dx.doi.org/10.1007/s10654-015-0011-z
http://dx.doi.org/10.1007/s10654-015-0011-z
http://dx.doi.org/10.7554/eLife.34408
http://dx.doi.org/10.1371/journal.pgen.1007081
http://dx.doi.org/10.1097/EDE.0000000000000559
http://dx.doi.org/10.1214/19-AOS1866
http://dx.doi.org/10.1093/aje/kwu283
http://dx.doi.org/10.1093/ije/dyv080
http://dx.doi.org/10.1093/ije/dyv080
http://dx.doi.org/10.1093/biomet/52.3-4.591
http://dx.doi.org/10.1038/nmeth.3812
http://dx.doi.org/10.1002/sim.3944
http://dx.doi.org/10.1016/0895-4356(95)00048-8
http://dx.doi.org/10.1093/aje/kwk052
http://dx.doi.org/10.1161/CIRCULATIONAHA.121.058162
http://dx.doi.org/10.1001/jamainternmed.2016.1548
http://dx.doi.org/10.1371/journal.pmed.1003845
http://dx.doi.org/10.1161/CIRCULATIONAHA.110.010710
http://dx.doi.org/10.1093/eurheartj/ehw249
http://dx.doi.org/10.1016/j.pcad.2024.02.006
http://dx.doi.org/10.1161/HYPERTENSIONAHA.109.147603
http://dx.doi.org/10.1093/eurjpc/zwae272
http://dx.doi.org/10.1093/hmg/ddu328
http://dx.doi.org/10.1002/gepi.21965
http://dx.doi.org/10.1093/ije/dyx102
http://dx.doi.org/10.1007/s13167-024-00382-4
http://dx.doi.org/10.1016/j.cardfail.2019.04.008
http://dx.doi.org/10.3390/nu16234055
http://dx.doi.org/10.1016/S2214-109X(24)00150-5
http://dx.doi.org/10.1186/s13102-019-0126-8
http://dx.doi.org/10.1093/aje/kwx246
http://dx.doi.org/10.3390/ijerph17072220
http://dx.doi.org/10.1136/bmj.j4587
http://dx.doi.org/10.1097/EDE.0b013e3181c1ea43

	Joint non-­linear dose–response associations of device-­measured physical activity and cardiorespiratory fitness with cardiovascular disease: a cohort and Mendelian randomisation study
	Abstract
	Introduction﻿﻿
	Methods
	Prospective cohort study
	Mendelian randomisation
	Patient and public involvement
	Equity, diversity and inclusion

	Results
	Prospective cohort study
	Mendelian randomisation

	Discussion
	Principal findings
	Interpretation of joint effects and mechanisms
	Causal inferences from genetic evidence
	Clinical implications
	Strengths
	Limitations

	Conclusion
	References


