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Abstract

Background: Cardiorespiratory fitness (CRF) is a common risk factor for
cardiometabolic diseases, but the causal relation of CRF with chronic obstructive
pulmonary disease (COPD) and its interplay with genetic risk remain unknown. We
integrated genetic susceptibility and causal inference methods to evaluate the
protective roles of CRF in COPD development.

Methods: We included 68,288 White British individuals from the UK Biobank (aged
40-79 years) without prevalent COPD at the baseline (2006-13). CRF was assessed
using heart rate responses to submaximal bike tests. Genetic risk for COPD was
quantified using a polygenic risk score constructed from 71 uncorrelated single
nucleotide polymorphisms. Cox regression was used to estimate the hazard of COPD.
Causal inference was evaluated via two-sample Mendelian randomisation (MR).
Potential reverse causation was assessed using a bidirectional MR.

Results: Within an MR framework, we found that higher genetically predicted CRF is
causally associated with lower risk of COPD. Observational analysis found: 1)
compared with low CRF (bottom tertile), hazard ratios (95% CI) of COPD were 0.80
(0.72-0.89) and 0.71 (0.64-0.80) for medium and high CRF, respectively; 2) compared
to the high CRF-low genetic risk group, COPD hazards were higher for individuals
who had medium or high genetic risk combined with low or medium CRF but not for
those who had medium genetic risk but high CRF; 3) low CRF combined with any

levels of genetic risk showed consistently higher COPD hazards relative to high CRF



and low genetic risk combination.

Conclusions: Being more aerobically fit may prevent or delay the onset of COPD.
Improving CRF have the potential to attenuate the increased risk of COPD associated
with elevated genetic risk. Public health initiatives should prioritise making
measurable improvements in cardiorespiratory fitness (beyond merely being active or

exercise more) as a promising intervention target for reducing the risk of COPD.

Keywords: Cardiorespiratory fitness, Genetics, Chronic obstructive pulmonary

disease, Mendelian randomisation, Gene-environment interaction.



Background

Chronic obstructive pulmonary disease (COPD), a life-threatening lung disease
characterised by chronic respiratory symptoms and airflow limitation [1], is the fourth
leading cause of chronic morbidity and death worldwide [2]. Its rising incidence
makes COPD a critical global public health challenge, accounting for 5% of global
deaths, with over 3 million deaths attributable to COPD in 2021 [2]. These alarming
statistics translate into a significant economic burden on healthcare systems, as
evidenced by the rise in European COPD-related costs from €38.6 to €48.4 billion
over a decade [3]. Hence, identifying modifiable risk factors for primary prevention of

COPD is urgent.

Tobacco smoking is established as the principal risk factor for COPD [4]. However,
25-45% of COPD cases occur in non-smokers, highlighting substantial heterogeneity
in COPD susceptibility that extends beyond tobacco use [5, 6]. These observations
indicate complex pathogenesis beyond traditional environmental exposures (e.g.,
smoking and air pollutants), highlighting the importance of other risk factors, such as

genetic architecture [7].

Heritability estimates for COPD and COPD-related lung dysfunction ranged from
40-50% [8, 9]. Genome-wide association studies (GWAS) have identified multiple

representative genes (e.g., CHRNAZ3/5, FAM13A, IREB2) for COPD [10-12]. Whilst



monogenic variations contribute to disease risk, they often explain only a small
fraction of inherited susceptibility [13]. Polygenic risk scores (PRS) can aggregate the
effects of various single nucleotide polymorphisms (SNPs) to quantify individuals’
genetic predisposition to COPD. With advances in genomic sciences, GWASs have
identified numerous risk-associated SNPs that can be integrated into a PRS [11, 14],
enabling a better predictive power on COPD risk (AUC increased from 0.58 to 0.68)
[8]. However, unexplained variability in PRS points to potential environmental

contributions.

Physical activity and exercise have been increasingly recognised as pivotal factors in
the pathogenesis and management of COPD in recent years [15-17]. A key underlying
mechanism is its role in enhancing cardiorespiratory fitness (CRF). CRF, which
reflects the capacity of the circulatory and respiratory systems to supply oxygen to
skeletal muscle, is a vital indicator of cardiopulmonary function [18] and a strong
marker of healthy longevity [19]. Observational studies have reported inverse
CRF-COPD relationships [20-23], but mostly had limited sample sizes
(N=2,000-4,000 participants) or sex- and age-specific samples. However, no prior
study has accounted for individuals’ unique genetic susceptibility when examining the

role of CRF, nor established the causality between CRF and COPD.

In this study, we aimed to investigate whether CRF modifies the risk of COPD across



different levels of genetic susceptibility, and to assess the causal relationship between
CRF and COPD risk using a two-sample Mendelian randomisation (MR) approach as

previously demonstrated for other disease endpoints [24, 25].

Methods

Study population

This study used data from the UK biobank cohort [26, 27], with 502,625 adults aged
40-69 years recruited across the UK during 2006-2010. During this baseline visit,
participants underwent a comprehensive set of data collection procedures including
touchscreen questionnaires, physical exams, and blood sampling for biochemical and
genetic analyses. A repeat-assessment was conducted between 2012 and 2013. Across
the baseline and repeat-assessments, 97,950 CRF tests were administrated via
sub-maximal ergometry bike (75,087 from baseline and 17,109 from the
repeat-measures visit). 2,877 participants performed the bike tests on both visits
whilst the vast majority performed bike test once. To maximise the number of incident
COPD cases, the earliest CRF record was selected for participants with repeated

measures of CRF.

This analysis included White British participants without prevalent COPD at the
analytic baseline. Participants were included only if they had a complete data profile,

including at least one CRF measure, QC-passed genotyped data, and complete



covariate information. The final analytical sample comprised 68,288 individuals
(Additional file 1: Fig. S1). The UK Biobank study was approved by Northwest

Multi-Centre Research Ethics Committee with participant consent.

EXxposures

Cardiorespiratory fitness

In UK Biobank, CRF tests were conducted on a submaximal cycle ergometer, with
VO,max estimated using validated estimation algorithms calibrated against
gold-standard maximal CRF tests [28]. For participants’ safety and protocol
appropriateness, protocols were tailored for each participant based on health risk
profile, such that individuals with lower exercise capacity or higher risk for
exercise-related complications were assigned to a lower workload protocol. This
resulted in 11 different test protocols for both men and women. Full methodological
details are described elsewhere [28]. CRF estimates were standardised within sex and
age strata (<50, 50-54, 55-59, 60-64, and >65 years) [29], and categorised into tertiles

(high, medium, low CRF groups).

Genetic instrument for cardiorespiratory fitness
Detailed information on GWAS for CRF is described elsewhere [25]. In brief,
multiple SNPs associated with CRF (P <5 x 10°%) were discovered based on 69,416

UK Biobank participants who completed the CRF assessment. In total, 14



independent genome-wide significant variants for CRF (P <5 x 10"®) were included to
construct the instrument for CRF. Genetic instruments for CRF were derived after the
adjustment of recruitment age, sex, genotyping array, and the first 10 principal

components in the GWAS [25].

Genetic risk for chronic obstructive pulmonary disease

In the UK Biobank, genotyping was performed using two genetic testing arrays (UK
Biobank Axiom Array and UK BIiLEVE Axiom Array), the details are described
elsewhere [26]. To calculate genetic risk for COPD, we utilised a PRS derived from
genome-wide significant (P-value< 5x10®) SNPs associated with COPD/lung
function (via FEV1 or FEV1/FVC) [11]. We retained 71 uncorrelated SNPs after
clumping (linkage disequilibrium r2 < 0.001) (Additional file 1. Table S1). As the
COPD GWAS analysed data involving UK Biobank participants, we calculated an
unweighted PRS for COPD to prevent over-fitting [30]. PRS was computed by
summing the number of risk-increasing alleles across all SNPs [31]. Participants were

categorised into tertiles (low, medium, high groups).

Genetic instrument for chronic obstructive pulmonary disease
We obtained the genetic instruments for COPD from the largest and most recent
meta-analysis of GWAS summary statistics from a Global Biobank study including

data from 29 biobanks across four continents. The current analyses were restricted to



use European-specific effect estimates (N=995,917: 58,559 cases, 937,358 controls.
Data source: https://www.ebi.ac.uk/gwas/studies/GCST90399694) [32]. We excluded
instruments which were in high linkage disequilibrium (LD) with other instruments
(r’<0.001) and consequently identified 21 independent variants for COPD at
genome-wide significant level (P <5 x 107°). After we harmonised for the genetic
instruments in the outcome datasets, 19 variants for COPD (as the exposure) were

retained for the bidirectional analyses.

Outcomes

COPD ascertainment

In the observational analyses, we identified incident COPD cases between the date of
completion of the CRF assessment and the last available follow-up date (July 4, 2024,
for England/Wales; July 2, 2024, for Scotland) via hospital admission records and
death registrations using diagnosis codes from ICD-9 (491, 492 and 496) and ICD-10
(J43-J44). Follow-up time was calculated from the date of the CRF assessment until
the earliest occurrence of COPD diagnosis, death, loss to follow-up, or the censoring
date. Individuals who developed the COPD cases within the first two years of

follow-up were excluded from the analyses.

Genetic associations with chronic obstructive pulmonary disease

The genetic associations on COPD were extracted from the largest and most recent



meta-analysis of GWAS summary statistics from a Global Biobank study including
data from multiple continental biobanks [32]. In the current analyses, we used
European-specific effect estimates (N=995,917: 58,559 cases, 937,358 controls. Data

source: https://www.ebi.ac.uk/gwas/studies/GCST90399694).

Genetic associations with cardiorespiratory fitness

The genetic associations on CRF were extracted from the recent GWAS summary
statistics conducted in UK Biobank [33]. We used the effect estimates from 70,783
European ancestry individuals in the current analyses (Data source:

https://www.ebi.ac.uk/gwas/studies/GCST90093316).

Potential confounders

The following variables were considered as confounders, given their plausible
associations with the exposures and outcome, whilst not functioning as mediators: sex
(male/female), smoking behaviour (never/previous/current), alcohol consumption
frequency (never/previous/ currently [with current drinkers further stratified into <3
times/week and >3  times/week)]), self-reported employment  status
(unemployed/employed/retired), the Townsend Deprivation Index (a postcode-derived
measure of socioeconomic disadvantage), air-pollution exposures (residential levels of
PMa.s, PMio, and nitrogen dioxide), muscle strength (assessed via grip strength), body

mass index, history of diabetes, and history of hypertension, history of asthma,



genotyping array (UK Biobank Axiom Array and UK BiLEVE Axiom Array), and the

first twenty principal components of ancestry.

Statistical analysis

We presented descriptive statistics as means with standard deviations for continuous
variables and percentages for categorical variables. Multivariable Cox regression
models were fit with age modelled as the underlying timescale to estimate hazard
ratios (HRs) and 95% confidence intervals (Cls) for the risk of COPD. Cumulative
hazards curves were plotted to visually represent the total accumulated risk of COPD
across the age spectrum within PRS categories, adjusted for sex, genotype arrays, and

the first twenty genetic principal components.

To quantify the observational associations of genetic risk with incident COPD, we
adjusted Cox regression models for age (as the underlying timescale), sex, genotyping
array and first twenty principal components of ancestry (calibrating for population
stratification). In the models using CRF as the exposure, two sequential models were
built: Model 1 using age as the timescale and adjusted for potential confounders.
Model 2 (main model) was additionally adjusted for PRS, genotyping array and first

twenty principal components of ancestry in addition to confounders.

Interactions (multiplicative [likelihood ratio tests] and additive interaction [relative



excess risk due to interaction]) between the categories of PRS (high, medium, low
genetic risk) and CRF (high, medium, low) on incident COPD were investigated using
Cox regression models, adjusted for potential confounders. Considering baseline
COPD risk that varies across genetic risk categories, we built a model to examine the
joint association between CRF and COPD genetic risk, where a total of nine joint
PRS-CRF groups (three categories of PRS x three groups of CRF) were created with
the highest CRF-lowest genetic risk combination as the reference. The joint analysis
facilitates the depiction of the patterns on how CRF may interplay with COPD genetic
risk in shaping the risk of COPD. Estimates of 10-year absolute risk of COPD were
quantified for each combined category of genetic risk and CRF using Cox regression
models, with follow-up time as the underlying time scale, adjusted for age, sex,

genotyping arrays, and the first twenty genetic principal components.

In the MR analyses, inverse variance weighted (IVW) analysis is the primary method
to assess the potential causal effect of CRF on COPD. This instrumental variable
analysis is less biased to residual confounding and reverse causation [34]. It relies on
three core assumptions: relevance (the instruments must be associated with exposure),
independence (the instruments are not related to confounding factors) and exclusion
restriction (the instruments affect the outcome only through the exposure). We
evaluated instruments strength  (F-statistic) [35], heterogeneity  within

instrument-specific Wald Ratio (Cochran’s Q test) [36], and overall horizontal



pleiotropy (intercepts from MR-Egger regression) [37]. A series of additional
statistical tests were performed to examine the robustness of the primary MR results
(i.e., using weighted median [38], and MR-robust adjusted profile score methods [39]
to account for potential bias arising from violation of the IV assumptions [40]).
MR-PRESSO (Pleiotropy Residual Sum and Outlier) was used to correct outliers

reflecting potential pleiotropic bias [41].

Given that the unidirectional MR design may not address the possibility of reverse
causation where predisposition to COPD might lead to variation in CRF, we
performed a bidirectional Mendelian randomisation analysis using genetic predictors
of COPD as instruments [32]. The IVW method was used as the primary analysis to
evaluate the causal effect of COPD on CRF and explicitly test this potential reverse

pathway.

Several sensitivity analyses were performed: 1) to reduce the potential for reverse
causation, we excluded COPD cases diagnosed within the first four years of follow-up,
2) we further adjusted statistical models for behavioural factors including moderate
and vigorous physical activity (MVPA, minute/day), TV viewing time (hours/day),
and sleep duration (<7 hours/day, 7-9 hours/day, >9 hours/day) to examine the
observational CRF-COPD associations, as they may also be confounders rather than

precursors to CRF, 3) to reduce potential misclassification in self-reported ethnicity,



we repeated analyses by including genetically defined White British ancestry via
principal component analysis of genomic data, 4) to reduce the potential
misclassification of baseline COPD status, we conducted further confirmation via
spirometry in all participants, excluding individuals with airflow obstruction (defined
as a FEV1/FVC ratio <0.70) at baseline, 5) to evaluate the robustness of our findings
against a broader case definition, we repeated the analysis estimating the associations
of CRF and genetic risk with UK Biobank algorithmically defined COPD (Data-fields
42016), and 6) for the MR analysis exploring the CRF-COPD association, another
genetic instrument comprising 160 genetic variants was identified as a stronger proxy
of CRF which explained higher proportion of phenotypic variance in CRF compared
with the instrument based on 14 SNPs in the main MR analysis [25]. However, we
found 66% of variants were identified as weak (F statistic<10). Therefore, we further
constructed a genetic instrument for CRF using 160 independent SNPs [25]. For all
Cox models, we verified adherence to the proportional hazards assumption using
Schoenfeld residuals and log-log survival plots. PRS were computed using Plink 2.0
software. Observational Analyses were performed in STATA (version 17.0; StataCorp
MP, College Station, TX), MR analyses were performed using the TwoSampleMR

packages in R version 4.1.0 [42].

Results

Observational analysis



The final analytic sample included 68,288 White-British participants (52.6% female,
baseline mean age: 58.3 years) free from COPD at baseline. Over an average
follow-up of 13.2 years, 1,936 incident COPD cases were recorded. Detailed baseline
characteristics are provided for the overall sample and within CRF tertiles (See Table

1),

Figure 1 illustrates that the cumulative hazards of COPD across the age range were
higher in the high genetic risk group compared to the low PRS group. Cox models
corroborated this association: high genetic risk (HR: 1.33, 95% ClI: 1.19-1.48) and
medium genetic risk (HR: 1.18, 95% CI: 1.05-1.32) exhibited 33% and 18 % higher
hazards of COPD compared to low genetic risk, respectively, after adjusting for sex,

genotyping arrays and the first twenty principal components of ancestry (See Table 2).

Table 2 further presents the CRF-COPD association. CRF exhibited a strong inverse
association with COPD incidence showing that each 1-SD difference in sex- and
age-standardised CRF (equivalent to 5.5 mL O,/kg/min) was associated with 12%
lower risk of COPD independent of putative confounders (See Table 2, Model 2). For
categories of CRF, participants with the medium and high CRF had 21% (HR: 0.79,
95% CI: 0.70-0.88) and 30% (HR: 0.70, 95% CI: 0.62-0.80) lower hazards,
respectively, compared to the low-CRF reference group. An additional adjustment for

genetic susceptibility made no substantive change to the magnitude of the associations



in Model 2. These associations remained strong across multiple sensitivity analyses

(See Additional file 1: Table S2-S6).

Figure 2 shows the joint associations between genetic risk and incidence COPD
within CRF levels. Specifically, low CRF combining with any level of genetic risk
demonstrated elevated COPD risk compared to high CRF-low genetic risk group
(reference group). The highest risk was found in the low CRF-high genetic risk
combination (80 % higher COPD hazard, 95%CI: 1.46-2.21) when compared to the
reference category. Notably, within the high CRF tertile, medium genetic risk had no
evidence of associations with COPD but the risk of COPD was greater for high
genetic risk, suggesting that high CRF partially attenuated the risk of elevated genetic
susceptibility on COPD (See Figure 2). Meanwhile, we observed that high CRF-high
genetic risk combination (HR=1.40, 95%CI:1.13-1.72) and low CRF-low genetic risk
combination (HR=1.45, 95%CI:1.16-1.80) demonstrated comparable risk relative to
the optimal reference group (high CRF with low genetic risk) (See Figure 2). P-values
for multiplicative and additive interactions between CRF and genetic risk were 0.35

and 0.75, respectively.

The estimated 10-year absolute risk of COPD varied from 2.44% to 3.43% among
individuals with high CRF, whereas those with low CRF exhibited higher risks (3.78%

to 4.80%) (See Figure 3A). Individuals characterised as low CRF and high genetic



risk had the highest absolute risk (10-year absolute risk: 4.80%; Figure 3A). Notably,
the 10-year absolute risk of COPD was lower for those at high COPD genetic risk
combined with high CRF (3.43%) than for those with low CRF and low genetic risk
(3.78%) (See Figure 3A). Figure 3B illustrates the distribution of COPD 10-year
absolute risk estimates across CRF levels, genetic risk categories, and age groups
(40-69 years). Across all genetic risk strata, high CRF was associated with a greater
likelihood of falling into the risk category with 10-year risk<1.5%, whilst low CRF
was disproportionately associated with larger proportions of higher absolute risk in
older adults (10-year risk>3%) (See Figure 3B). It is notable that, in the high genetic
risk group, low CRF was associated with substantially higher risk particularly among
older adults (with >3% risk predominant in the age group of 65-69 years) (See Figure

3B).

Mendelian randomisation analysis

In the Mendelian randomisation framework, 12 of the 14 identified CRF-associated
SNPs were retained for analyses after harmonising with COPD GWAS summary
statistics. In Table 3, we found strong evidence for the inverse association between
CRF and COPD (OR=0.98 per 1-unit increase in genetically predicted CRF [ml
0,-mint-kg™], 95%ClI: 0.97-0.99; p=0.021) with no evidence of heterogeneity
(Cochran’s Q p-value=0.34) and bias of pleiotropy (MR-Egger Intercept

p-value=0.64). A series of additional analyses were performed to examine the



robustness such as MR Egger, weighted median models and robust adjusted profile
score, where the associations between CRF and COPD were consistent with the main
MR analysis (See Table 3), and bias due to weak instruments was unlikely
(F-statistic > 10 for all SNPs). There is no strong influence of outliers on the primary
MR results as identified by the MR-PRESSO method. The genetic instrument of
fitness composing 160 SNPs (after excluding the outliers, 94 SNPs were included in
both CRF and COPD GWAS results) showed consistent results compared to the main

MR analysis (Additional file 1: Table S7).

Table 4 presents the results of the Mendelian randomisation assessing the effect of
higher genetically predicted risk of COPD on CRF levels, using genetic instruments
for COPD. We observed no evidence on the association of COPD with CRF. This
evidence suggests that reverse causation is unlikely to drive the primary relationship

between CRF and COPD risk.

Discussion

In this large-scale study with paired CRF and genetic data, we integrated
observational and MR analyses to investigate the association between CRF and
incident COPD. We provide evidence suggesting a potential causal effect of higher
CRF levels on reduced COPD risk, supported by bidirectional MR results arguing

against the possibility that this finding is driven by reverse causality. From the



observational analysis, we found higher CRF was robustly associated with a reduced
risk of COPD, even among individuals with high genetic susceptibility to COPD.
Notably, our joint analysis further revealed that high CRF is associated with lower

COPD risk even among those with elevated genetic risk.

A prior observational study from our group reported 10% lower risk of COPD per 3.5
ml O,/min/kg difference in CRF but with shorter follow-up compared with the present
study [28]. In the current study, similar effect estimates were found where each
standard deviation score difference in sex- and age-standardised CRF (equivalent to
5.5 mL O,/kg/min) was associated with 13% lower COPD risk, with the highest CRF
group showing 29% lower hazard versus the lowest. Collectively, our results from the
UK align with a Danish cohort study which reported a 31% lower COPD risk among
male participants with high CRF relative to low CRF [22]. Another observational
study of 2,295 middle-aged and older Finish men revealed a similar inverse
association between CRF and COPD [20]. However, all previous research failed to
account for individuals® genetic risk. Our study advances the evidence base by
integrating genetic risk information, demonstrating that CRF, a modifiable
physiological trait, is strongly associated with COPD across genetic risk strata in a

dose-dependent fashion.

Whilst prior studies focused on CRF mitigating conventional COPD risks (i.e.,



smoking, obesity) [43, 44], we established its role in attenuating genetically driven
COPD susceptibility. We found high CRF may partially attenuate increased COPD
risk associated with elevated genetic risk, and could benefit all individuals including
those who are genetically vulnerable to COPD. Whilst improved CRF via aerobic
training or physical activity [45] is known for its favourable impact on various
diseases (i.e., coronary heart disease, type Il diabetes and site-specific cancers
[colorectal and breast cancer]) [24, 25, 46], we extend knowledge on the protective
role of CRF to COPD under the context of genetic susceptibility. Whilst our MR
analysis provided the casual evidence between CRF and COPD, future study is
warranted to quantify the degree to which the elevated genetic risk for development of
COPD is reduced by improving CRF and elucidate underlying biological

mechanisms.

The highest 10-year absolute risk was observed among individuals with low CRF and
high genetic risk. The distribution of different levels of absolute risk (as illustrated in
Figure 3B) demonstrates the preventive role of CRF across varying levels of genetic
risk and age ranges. For example, individuals with low CRF, even at low genetic risk,
had a substantially higher proportion of elevated 10-year COPD risk (>3%),
particularly among older adults (aged over 60 years), compared to individuals with
high CRF within the high genetic risk stratum. This age-dependent risk gradient in

high genetic risk/low CRF individuals implies targeted fitness interventions in



mid-to-late adulthood could mitigate COPD susceptibility in genetically vulnerable
populations. Taken together, our findings suggest that individuals with higher CRF
tend to possess both lower relative risks and absolute risks of COPD, whilst
genetically vulnerable subgroups with low CRF may have more pronounced COPD

hazards.

Our study provides novel MR evidence suggesting a causal role of CRF in the risk of
COPD, addressing a key gap in the literature given the absence of investigations into
this causal pathway. Unlike recent MR studies showing no causal link between MVPA
and COPD [47, 48], our finding suggests CRF, an-integrative trait representing both
input from genetics and physical activity behaviours, appears to better capture
protective biological pathways than physical activity. This implies that merely "being
active or exercise more™ without achieving measurable improvements in CRF may not
confer effective benefits against COPD. Thus, CRF may be a superior objective
biomarker when evaluating COPD risk, whilst MVPA without CRF improvements
may lack physiological adaptations impacting COPD. Although, our MR analysis
supports causality, the precise biological mechanisms underlying this relationship

require further elucidation.

The biological mechanisms linking CRF to COPD pathogenesis, particularly under

the context of genetic susceptibility, are yet to be fully understood. We speculate that



systemic inflammation, a key driver of COPD pathogenesis [49], may partially
explain the association between CRF and disease progression, even in genetically
susceptible individuals. The lung, as the primary site of respiratory gas exchange, is
chronically exposed to pathogens and pollutants where it harbours numerous resident
macrophages that generate inflammatory mediators central to immunologic and
inflammatory processes [50, 51]. A cohort study of 2,274 middle-aged adults
demonstrated that higher CRF attenuated COPD risk associated with elevated
inflammation (assessed in the form of high-sensitivity C-reactive protein [hsCRP]).
This finding suggests CRF may counteract inflammatory pathways contributing to
COPD pathogenesis [23]. The benefits of CRF may also be exerted via the
anti-inflammatory effects of high levels of physical activity, which reduces the levels
of pro-inflammatory biomarkers such-as hsCRP, fibrinogen, and interleukins (IL-1,
IL-6) [52, 53]. However, the interplay between the CRF-driven anti-inflammatory
cascade and genetic susceptibility on COPD remains unknown. We speculate that
CRF may modulate gene-environment interactions (e.g., dampening pro-inflammatory
pathways in PRS-high individuals). However, future mechanism studies are warranted.
After triangulating observational results and MR evidence for causality, our study
suggests that enhancing CRF should be a critical behavioural target for COPD
prevention not only in all individuals but also in sub-population groups with
potentially greatest benefit, including 1) individuals who are more genetically

predisposed with low CRF (the group exhibiting the highest absolute risk), 2) older



adults (age over 60 years) with low CRF who showed a substantial proportion with

risk>3% even at low genetic risk.

A major strength of this study is its integration of genetic susceptibility and causal
inference methods, representing the first such effort to evaluate the protective role of
cardiorespiratory fitness in chronic pulmonary obstructive disease development. We
combined observational and Mendelian randomisation approaches in a large
well-characterised cohort with objectively estimated CRF (derived from standardised
submaximal exercise tests in the UK Biobank [28]) with genetic data to explore
COPD risk. To mitigate reverse causation concerns, early incident COPD cases were
excluded (first two years of follow-up in primary analyses; four years in sensitivity
analyses). These methodological advantages collectively provide the most
comprehensive evidence to date that CRF is associated with reduced risk of COPD

and consistently associated with reduced risk across genetic susceptibility subgroups.

Several limitations should be considered when interpreting our findings. Whilst MR
analysis supports a causal relationship between CRF and COPD, the joint associations
across genetic risk strata remain observational. Residual confounding may exist
despite rigorous covariate adjustment. Definitive causal inference is precluded as the

current study is not a randomised controlled trial. Whilst we employed a 2-sample



MR design, a small sample overlap was observed (69,416 of participants in the
exposure GWAS/393,966 of participants in the outcome GWAS) which may lead to
bias towards the confounded association in the presence of weak instrument bias
although the F statistics suggested this possibility unlikely. For all MR analyses, we
cannot fully exclude the possibility of bias arising from violation of IV assumptions,
in particular exclusion restriction [34]. Nevertheless, the use of other approaches more
resistant to violation of exclusion restriction showed similar findings. This study
restricted the analytic sample to individuals of White British ancestry who completed
CRF assessments, so findings may limit generalisability to other ethnic groups and
those deemed to be at too high acute risk for CRF-test. The results from this study
reflect the risk of COPD requiring hospitalisation or causing death, and may not be

generalisable to mild, outpatient-managed COPD cases.

Conclusions

We provide novel genetic evidence supporting a causal effect of higher CRF on
reduced COPD risk. Our findings suggest that being more aerobically fit can prevent
or delay the onset of COPD, and has the potential to attenuate the increased risk of
COPD associated with elevated genetic risk. The study provides new insights into the
potential biological mechanisms linking CRF to COPD pathogenesis. Achieving
measurable improvements in CRF, not simply being physically active, should be

prioritised as a core approach to COPD prevention, particularly in genetically
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Figure Legends

Figure 1. Cumulative hazard rates of chronic obstructive pulmonary disease according
to categories of genetic risk. Note: Cox regression models with categories of
polygenic risk score as the exposure and incorporating age as the underlying time
scale were adjusted for sex, genotyping array, and the first twenty principal

components of ancestry. Abbreviation: COPD, chronic obstructive pulmonary disease.

Figure 2. Joint associations of genetic risk, cardiorespiratory fitness with chronic
obstructive pulmonary disease. Note: Cox regression model was employed adjusting
for age (as underlying time scale), sex, muscle strength (assess via grip strength for
both hands), smoking status (never, previous, current), employment (unemployed,
employed), Townsend Deprivation Index, alcohol consumption (never, previous,
currently <3 times/week, currently >=3 times/week), air-pollution exposure (assessed
based on residential levels of PMz.s, PMo, and nitrogen dioxide), body mass index,
history of diabetes, and history of hypertension, genotyping array and the first twenty

principal components of genetic ancestry.



Figure 3. Estimated 10-year absolute risk of chronic obstructive pulmonary disease
stratified by categories of genetic risk and cardiorespiratory fitness. Note: Figure 3
(A): 10-year absolute risk of COPD for combined categories of CRF and genetic risk
calculated using Cox regression models with follow up time as the underlying
timescale adjusted for sex, genotyping array, and the first twenty principal
components. Figure 3 (B): The distribution of 10-year absolute risk estimates of
COPD for CRF-genetic risk combined categories across different age ranges.
Abbreviation: COPD, chronic obstructive pulmonary disease; CRF, cardiorespiratory

fitness.



Table 1. Baseline characteristics of individuals overall and within tertiles of sex- and
age-standardised cardiorespiratory fitness (VOzmax)-

Tertiles of cardiorespiratory fitness (VOzmax)

Variables All Low Medium High
(N= (N=22,808) | (N=22,723) | (N=22,757)
68,288)
Age 58.3 (8.1) 58.3(8.1) 58.3(8.1) 58.2 (8.1)
Sex
Women 52.6 50.9 55.4 51.7
Men 47.3 49.2 44.6 48.3
COPD cases 1,936 813 607 516
Follow-up years | 13.2 (2.1) 13.1(2.2) 13.2 (2.0) 13.2 (2.0)
(average)
Smoking status
Never 56.1 55.1 55.8 574
Previous 36.0 37.0 36.2 34.7
Current 7.9 7.9 8.0 7.8
Employment
Unemployed 6.7 7.8 6.2 6.0
Employed 55.0 53.2 55.5 56.4
Retired 38.3 38.8 38.4 37.7
Townsend Deprivation -1.53 -1.3(2.8) -1.6 (2.7) -1.6 (2.7)
Index (2.8)
Alcohol consumption
Never 2.9 3.4 2.8 2.4
Previous 2.9 3.5 2.6 2.5
Current (<3 56.8 60.1 56.0 54.2
times/week)
Current ( = 3 37.4 32.9 38.6 40.8
times/week)
Muscle strength (kg) 29.5 29.8 (10.9) 29.2 (10.6) 29.5 (10.3)
(10.6)
VOsmax (ML/kg/min) 28.6 (6.7) 23.1(4.4) 28.2 (3.9) 34.7 (5.6)
Residential air-pollution
(micro-g/m?®)
PMz.s 9.9 (0.9) 9.9 (0.9) 9.9 (0.9) 9.9 (0.9)
PMio 16.3 (1.8) 16.3 (1.8) 16.3 (1.8) 16.3 (1.8)
Nitrogen dioxide 27.3(7.0) 27.3 (6.8) 27.2 (7.0) 27.4 (7.2)

Note: Continuous variables are reported as means with corresponding standard
deviations. Categorical variables are presented as percentages. Abbreviations: COPD,

chronic obstructive pulmonary disease. CRF, cardiorespiratory fitness.




Table 2. Prospective associations of genetic risk and sex- and age-standardised
cardiorespiratory fitness with incident chronic obstructive pulmonary disease.

Hazard ratio of COPD
(95% confidence
intervals)
Comparisons No. of No. of | Model 1 Model 2
Participants | events
Tertiles of polygenic
risk
score for COPD
Low (Reference) 22,763 548 1.00 (ref)
Medium 22,769 651 1.18
(1.05-1.32)
High 22,756 737 1.33
(1.19-1.48)
PRS-COPD 68,288 1,936 1.12
(continuous) (1.07-1.17)
Tertiles of CRF
Low (Reference) 22,808 813 1.00 (ref) 1.00 (ref)
Medium 22,723 607 0.78 0.79
(0.70-0.88) | (0.70-0.88)
High 22,7157 516 0.70 0.70
(0.62-0.80) | (0.62-0.80)
CRF (per 1-SD 68,288 1,936 0.86 0.88
difference) (0.82-0.91) | (0.83-0.93)

Note: The analyses were performed based on multivariable Cox proportional
hazards models.

Model 1: Model for PRS-COPD adjusted for age, sex, genotyping array and the first
twenty principal components of genetic ancestry. Model for CRF adjusted for age,
sex, muscle strength (assess via grip strength for both hands), smoking status (never,
previous, current), employment (unemployed, employed), Townsend Deprivation
Index, alcohol consumption (never, previous, currently <3 times/week,
currently >=3 times/week), body mass index, history of diabetes, history of
hypertension, history of asthma, and air-pollution exposure (assessed based on
residential levels of PMa.s, PMio, and nitrogen dioxide).

Model 2: adjusted for all confounders in model 2 with an additional adjustment for
genetic risk, genotyping array and first twenty principal components of genetic
variant.

Abbreviations: COPD, chronic obstructive pulmonary disease. CRF,
cardiorespiratory fitness. PRS-COPD, polygenic risk score for chronic obstructive
pulmonary disease



Table 3. Results of Mendelian randomisation of higher genetically predicted

cardiorespiratory fitness on chronic obstructive pulmonary disease.

Cootra | |
Number of | Odds ratio (95% | p-val n’s
Method pt
SNPs ChH ue | Qp-val
p-valu
ue
e
Inverse-variance
weighted 12 0.98 (0.97-0.99) | 0.021 | 0.34
0.99
Weighted median 12 (0.96-1.007) | 0.201
MR Egger 12 0.99 (0.94-1.04) | 0.776 0.64
Robust adjusted profile
score 12 0.98 (0.96-0.99) | 0.008
MR-PRESSO 12 0.98 (0.96-0.99) | 0.042

Note: The effect estimates on cardiorespiratory fitness were extracted from
meta-analysis summary statistics among European [25]. The genetic associations for
chronic obstructive pulmonary disease were extracted from the meta-analysis of

GWAS summary statistics from a Global Biobank study in European ancestry
(58,559 cases and 937,358 controls) [32].




Table 4. Results of Mendelian randomisation of higher genetically predicted risk of

chronic obstructive pulmonary disease on cardiorespiratory fitness.

Cochra Egger
Number of p-val n’s Interce
Method beta (95% CI) pt
SNPs ue | Q p-val
p-valu
ue
e
Inverse-variance -0.003 (-0.04,
weighted 19 0.04) 0.86 0.45
19 -0.003 (-0.06,
Weighted median 0.06) 0.93
19 -0.048 (-0.16,
MR Egger 0.06) 0.39 0.39
Robust adjusted profile 19 -0.007 (-0.05,
score 0.04) 0.77
19 -0.003 (-0.06,
MR-PRESSO 0.05) 0.92

Note: The genetic instruments on chronic obstructive pulmonary disease were
extracted from the meta-analysis of GWAS summary statistics from a Global

Biobank study in European ancestry (58,559 cases and 937,358 controls) [32]. The

genetic associations for cardiorespiratory fitness were extracted from summary
statistics among individuals with European ancestry [33].
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