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ABSTRACT
Aims: To investigate associations of cardiorespiratory fitness (CRF) with metabolic syndrome (MetS) trait count, MetS preva-
lence and individual MetS traits in a large population-based cohort.
Materials and Methods: This cross-sectional study analysed data for 39 197 adults from a UK-based independent healthcare 
charity (mean ± SD: age, 45.8 ± 9.0 years; BMI, 26.3 ± 4.1 kg⋅m−2; 31% female). CRF was estimated as peak oxygen uptake from 
submaximal treadmill or cycle ergometer protocols and analysed continuously and as sex- and mode-specific quintiles. MetS 
was defined using established criteria, with outcomes examined as trait count (0–5), presence (≥ 3 traits) and individual traits. 
Associations were assessed using negative binomial regression for trait count and Poisson regression for MetS presence. Models 
were sequentially adjusted for demographics (primary model), adiposity (BMI) and hepatic steatosis (fatty liver index [FLI]).
Results: Each 1 mL⋅kg−1⋅min−1 higher CRF was associated with a 2.9% lower MetS trait count and 6.0% lower MetS prevalence 
(p < 0.001). Compared with the highest CRF quintile, the lowest quintile had a 2.4-fold higher MetS trait count and 5.4-fold 
higher MetS prevalence (p < 0.001). Associations persisted after BMI and FLI adjustment, although attenuated. Spline analyses 
demonstrated graded, non-linear inverse associations, steepest at lower CRF levels. Higher CRF was inversely associated with 
all individual MetS traits, strongest for central obesity.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, 
provided the original work is properly cited.
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Conclusions: Higher CRF was associated with lower metabolic risk burden and MetS prevalence, which remained after adjustment 
for adiposity-related measures. These findings support the potential public health relevance of modest fitness improvements, particu-
larly among the least fit adults, as a strategy that may help reduce MetS burden even when adiposity changes are limited.

1   |   Introduction

The metabolic syndrome (MetS) represents a clustering of car-
diometabolic abnormalities, including central obesity, hyperten-
sion, hyperglycaemia, elevated triglycerides and low high-density 
lipoprotein cholesterol (HDL-c) [1]. The co-occurrence of these 
abnormalities is associated with increased risk of cardiovascular 
disease (CVD), type 2 diabetes, metabolic dysfunction-associated 
steatotic liver disease (MASLD), certain cancers and all-cause 
mortality [2–4]. Recent global estimates suggest that 1.54 billion 
people are living with MetS, with prevalence having doubled in 
women and nearly tripled in men over the last 25 years [5]. These 
data highlight the growing clinical and public health importance 
of identifying modifiable determinants of metabolic risk.

Recent research has moved beyond the traditional dichotomous 
definition of MetS by operationalising severity according to 
the number of abnormal MetS traits present. MetS trait count 
captures the graded nature of metabolic risk, recognising that 
adverse clinical outcomes increase incrementally as cardiomet-
abolic abnormalities accumulate. For example, in individuals 
with MASLD, higher MetS trait count dose-dependently predicts 
major adverse liver outcomes, CVD, chronic kidney disease and 
obesity-related cancers [2, 6–8]. Compared with a binary con-
struct, trait count may provide more granular risk stratification 
while remaining clinically interpretable and more intuitive than 
continuous MetS Z-score approaches [2]. However, despite its 
potential clinical utility, little is known about how modifiable 
movement-related factors, including cardiorespiratory fitness 
(CRF), relate to the accumulation of MetS traits.

CRF is an objectively quantifiable and clinically important indica-
tor of whole-body physiological function, reflecting the integrated 
capacity of the cardiovascular, respiratory and musculoskeletal 
systems, shaped by habitual physical activity and genetic consti-
tution [9]. It can be measured directly or estimated using exer-
cise- or non-exercise-based prediction equations. Higher CRF has 
been consistently associated with lower prevalence and incidence 
of MetS [10–18], with associations appearing partly independent 
of body composition, smoking and other sociodemographic and 
clinical factors [12, 15, 18, 19]. However, the relationship between 
CRF and MetS trait burden is less well characterised. Although 
previous studies suggest that lower CRF may be associated with 
more MetS components, these were limited by small samples, 
male-only populations and limited examination of individual 
traits [12, 20, 21]. Thus, the extent to which CRF relates to MetS 
trait accumulation, and whether these relationships differ across 
individual traits or are independent of adiposity, remains unclear. 
Clarifying these relationships may inform more targeted exercise 
prescription and risk-reduction strategies for individuals with dif-
fering levels of metabolic dysfunction.

Accordingly, the present study analysed a large, population-
based cohort of 39 197 UK adults, including males and females, 

with an exercise-based estimate of CRF. The primary aim was to 
investigate the relationship between CRF and MetS trait count. 
Secondary aims were to determine the extent to which these as-
sociations were attenuated after adjustment for total and liver-
specific adiposity, and to characterise associations between CRF 
and individual MetS traits.

2   |   Methods

2.1   |   Study Design and Participants

In this cross-sectional study, anonymised data were analysed 
from standardised health assessments conducted by a UK 
healthcare charity between 2006 and 2024. Full cohort details 
have been described previously [22, 23]. The dataset comprised 
adults aged 18–83 years who voluntarily attended health assess-
ments at hospitals, fitness centres and corporate locations across 
the UK for a variety of reasons including for a general health 
check, medical concern or occupational requirement. All assess-
ment locations included participants attending for a combina-
tion of these reasons. No additional study-specific inclusion or 
exclusion criteria were applied; participants were included in the 
present analyses where sufficient data were available to derive 
the relevant exposure, outcome and covariate variables.

Assessments included anthropometry, CRF, blood pressure and 
cardiometabolic biomarkers. Before assessment, participants 
completed a questionnaire capturing demographic information 
and health characteristics.

Ethical approval was obtained from the Loughborough 
University Ethics Review Sub-Committee (project ID: 15414) 
and participants consented for their anonymised data to be used 
for research. Reporting follows the Strengthening the Reporting 
of Observational Studies in Epidemiology (STROBE) guidelines 
for cross-sectional studies [24], and the study was conducted in 
accordance with the Declaration of Helsinki (2013).

2.2   |   Standardised Health Assessments

Assessments were performed by a medical doctor and/or health 
and wellbeing physiologist. Height was measured using a stadi-
ometer to the nearest 0.1 cm and body mass using calibrated dig-
ital scales to the nearest 0.1 kg. Body mass index (BMI; kg⋅m−2) 
was calculated from measured height and body mass. Waist 
circumference was measured to the nearest 0.1 cm using a non-
elastic tape at the midpoint between the lower rib and iliac crest. 
Body fat percentage was estimated using bioelectrical imped-
ance analysis using a commercially available analyser. Resting 
systolic blood pressure (SBP) and diastolic blood pressure (DBP) 
were measured using an automated sphygmomanometer follow-
ing European Society of Hypertension recommendations [25].
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2.3   |   CRF Assessment (Exposure)

A standardised graded exercise test estimated participants' 
CRF. CRF was defined as the estimated peak oxygen uptake 
corresponding to the highest exercise level attained during 
the assessment, expressed in mL⋅kg−1⋅min−1. Testing was per-
formed on either a treadmill or cycle ergometer depending on 
equipment availability at the assessment centre or participant 
preference where both modalities were available. Standardised 
protocols were used consistently across assessment centres for 
each exercise modality. Treadmill assessments were based on 
the Bruce protocol [26], with estimated VO2peak derived from 
total exercise duration using established sex-specific equa-
tions [27, 28]. Cycle ergometer assessments were based on an 
established staged ramp protocol with progressive workload 
increases every 2 min [29, 30]; estimated VO2peak was de-
rived from final power output (Watts) and body mass using 
sex-specific equations  [31, 32]. These protocols align with 
American College of Sports Medicine (ACSM) recommenda-
tions [33] and are widely used in clinical and population-based 
health assessments [34]. Importantly, given the nature of the 
healthcare assessments and established safety procedures, 
both protocols were modified to be submaximal, with testing 
terminated at the earliest occurrence of 85% of age-predicted 
maximal heart rate, fatigue, clinical indication or other ter-
mination criteria. Accordingly, derived values represent esti-
mated peak VO2 during the test rather than directly measured 
maximal VO2. Additional methodological details are provided 
in the Supporting Information Methods. For categorical anal-
yses, CRF was divided into quintiles constructed separately by 
sex and exercise test modality.

2.4   |   Blood Sampling and Biochemical Measures

Venous blood samples were collected following an overnight 
fast and processed by local pathology laboratories. Samples 
were refrigerated (4°C) after collection and analysed within 
24 h. Biochemical measurements included triglycerides, 
HDL-c, fasting glucose and gamma-glutamyl transferase 
(GGT) [35].

2.5   |   MetS Traits (Outcomes)

Five individual MetS traits were evaluated: central obesity, 
hypertension, hyperglycaemia, low HDL-c and elevated tri-
glycerides. Each component was defined using standard 
established thresholds. Central obesity was defined as a waist cir-
cumference ≥ 94 cm in males and ≥ 80 cm in females, while hy-
pertension was defined as SBP ≥ 130 mmHg or DBP ≥ 85 mmHg. 
Hyperglycaemia was defined as fasting glucose concentrations 
≥ 5.6 mmol⋅L−1, while low HDL-c was defined as HDL-c concen-
trations < 1.0 mmol⋅L−1 in males and < 1.3 mmol⋅L−1 in females. 
Elevated triglycerides were classified as triglyceride concentra-
tions ≥ 1.7 mmol⋅L−1. MetS trait count was calculated by sum-
ming abnormal traits present (range 0–5). Established MetS was 
defined as three or more traits, consistent with commonly used 
diagnostic criteria [1].

2.6   |   Covariates

Covariates included age, sex, socioeconomic status (SES), cal-
endar year of assessment, UK region of assessment centre, CRF 
assessment mode, BMI and fatty liver index (FLI).

Age was calculated as the time between date-of-birth and date of 
health assessment, while sex was self-reported as male or female. 
SES was determined using the national Index of multiple depri-
vation corresponding to each participant's country of residence. 
Scores were harmonised by allocating individuals to deprivation 
deciles (1 = most deprived; 10 = least deprived) according to resi-
dential postcode. UK region of assessment centre was categorised 
into 11 regions (nine English regions plus Scotland and Wales).

BMI was used as a marker of total adiposity, while FLI was used 
as a marker of liver-specific adiposity. FLI was calculated from 
BMI, waist circumference, triglycerides and GGT using estab-
lished equations [36].

2.7   |   Statistical Analysis

Statistical analyses were performed using SPSS Statistics (ver-
sion 31; SPSS Inc., Chicago, Illinois), while visual presenta-
tion used GraphPad Prism (version 11; GraphPad Software, 
San Diego, California) and R (version 4.5.1; R Foundation for 
Statistical Computing, Vienna, Austria). The distribution of 
continuous variables was assessed using Kolmogorov–Smirnov 
tests and visual inspection of histograms. Normally distributed 
continuous variables are presented as means ± standard de-
viations (SD), non-normally distributed variables as medians 
(interquartile ranges), and categorical variables as frequencies 
[percentages].

Associations between CRF and MetS trait count were examined 
using negative binomial regression, due to overdispersion in the 
outcome distribution, and are reported as rate ratios (RRs) with 
95% confidence intervals (CIs). Associations between CRF and 
MetS presence, and each individual MetS component, were ex-
amined using Poisson regression with robust standard errors, 
appropriate for binary outcomes with non-rare prevalence, and 
are expressed as prevalence ratios (PRs) with 95% CIs. CRF 
was analysed continuously, with effect estimates expressed per 
1 mL⋅kg−1⋅min−1 increase, and as sex- and mode-specific quin-
tiles, with the highest fitness quintile (Q5) as the reference.

Two primary models were constructed. Model 1 included min-
imal adjustment for CRF assessment mode (binary). Model 2 
(demographic-adjusted) additionally adjusted for age (continu-
ous), sex (binary), SES (ordinal), assessment year (continuous) 
and UK region of assessment centre (categorical). To explore the 
extent to which associations were attenuated after accounting 
for adiposity and hepatic steatosis, two additional models were 
fitted. Model 3 (adiposity-adjusted) additionally adjusted for 
BMI (continuous), and Model 4 (hepatic steatosis-adjusted) addi-
tionally adjusted for both BMI and FLI (continuous). Given that 
FLI incorporates waist circumference and triglycerides, which 
are also components of the MetS outcome, Model 4 was consid-
ered exploratory. Sensitivity analyses repeated Models 3 and 4, 
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substituting body fat percentage for BMI to evaluate robustness 
of adiposity adjustments.

To assess and visualise non-linear associations, natural cubic 
splines (four degrees of freedom) were incorporated into the 
demographic-adjusted model (Model 2), modelling CRF con-
tinuously. Marginal predictions of MetS trait count and MetS 
prevalence were generated across a pre-specified CRF range 
(15–70 mL⋅kg−1⋅min−1) using Poisson regression with robust 
standard errors (selected for computational stability over nega-
tive binomial regression in spline estimation). Predicted values 
represent covariate-adjusted estimates calculated at fixed val-
ues of confounders (median age, SES and assessment year; and 
the most frequent categories of CRF assessment mode and UK 
region). Sex was fixed separately at male or female to produce 
sex-specific spline curves and evaluate potential heterogeneity.

All results are reported with 95% CIs and exact p-values. Effect 
estimates > 1.000 indicate higher MetS burden or prevalence. 
Statistical significance was defined as p < 0.05.

3   |   Results

3.1   |   Participant Characteristics

Overall, 39 197 participants with complete data for the main 
analyses were included. Figure S1 summarises participant flow 
and reasons for exclusion, including non-fasted assessments, 
missing study variables and implausible values. Characteristics 
of the included analytic cohort are presented in Table 1, while 
characteristics of participants included in and excluded from the 
main analyses are compared in Table S1.

Across CRF quintiles, participants in the lowest quintile (Q1) 
were older and had higher BMI, body fat percentage and FLI 
values compared to those in the highest quintile (Q5). The num-
ber of MetS traits and prevalence of individual MetS components 
decreased progressively across increasing CRF quintiles. For ex-
ample, central obesity was present in 46.8% of individuals in Q1 
compared with 6.8% in Q5; hypertension in 46.8% versus 20.3%; 
and elevated triglycerides in 29.1% versus 9.9%, respectively. 
Overall, MetS (≥ 3 traits) was present in 14.1% of the cohort, de-
creasing in a stepwise fashion across quintiles from 29.5% in Q1 
to 5.0% in Q5.

3.2   |   Associations Between Continuous CRF 
and MetS Outcomes

3.2.1   |   Number of MetS Traits

Associations between continuous CRF and MetS outcomes are 
shown in Table 2. In the minimally adjusted model (Model 1), 
each 1 mL⋅kg−1⋅min−1 higher CRF was associated with a 2.8% 
lower MetS trait count (p < 0.001), with similar results following 
demographic adjustment (Model 2; −2.9%; p < 0.001). Further 
adjustment for adiposity (Model 3) and hepatic steatosis (Model 
4) sequentially attenuated the magnitude of associations; how-
ever, inverse associations persisted (−1.1% and −0.6%, respec-
tively; both p < 0.001).

3.2.2   |   Prevalence of MetS

Similarly, for MetS presence, each 1 mL⋅kg−1⋅min−1 higher CRF 
was associated with a 5.8% lower prevalence of MetS in Model 1 
(p < 0.001; Table 2), with comparable results in Model 2 (−6.0%; 
p < 0.001). Additional adjustment for adiposity and hepatic ste-
atosis attenuated the magnitude of associations, though inverse 
associations remained (−2.1% and −0.8% for Models 3 and 4, re-
spectively; both p < 0.001).

3.2.3   |   Dose–Response Relationship

Natural cubic spline analyses demonstrated inverse, graded 
associations between CRF and both predicted MetS trait 
count and predicted MetS prevalence in males and females 
(Figure 1). Associations were steeper at lower CRF levels and 
flattened at higher values, consistent with a non-linear, dose–
response relationship. Patterns were broadly similar in males 
and females, although absolute predicted values were lower 
in females.

3.3   |   Associations Between CRF Quintiles 
and MetS Outcomes

3.3.1   |   Number of MetS Traits

Associations between CRF quintiles and MetS outcomes are 
presented in Table 3, with demographic-adjusted (Model 2) re-
sults illustrated in Figure  2. Compared with the highest CRF 
quintile (Q5), progressively lower CRF quintiles were associated 
with higher MetS trait count in a graded, stepwise manner (all 
p < 0.001). In Model 2, individuals in the lowest CRF quintile 
(Q1) had a 2.4-fold higher MetS trait count compared with Q5. 
Adjustment for adiposity and hepatic steatosis sequentially at-
tenuated effect estimates; however, the graded association per-
sisted (all p < 0.001).

3.3.2   |   Prevalence of MetS

Similarly, lower CRF quintiles were associated with progres-
sively higher MetS presence (Table  3 and Figure  2B). In the 
demographic-adjusted model (Model 2), individuals in Q1 had 
a 5.4-fold higher MetS prevalence compared with Q5, with a 
stepwise gradient across quintiles (all p < 0.001). Although 
adjustment for adiposity and hepatic steatosis attenuated the 
magnitude of associations, lower CRF quintiles remained as-
sociated with higher MetS presence, particularly in Q1–Q3 (all 
p < 0.001).

3.4   |   Associations Between Continuous CRF 
and Individual MetS Components

Associations between continuous CRF and individual MetS 
components from the demographic-adjusted model (Model 
2) are presented in Table  S2. The strongest association was 
for central obesity, with each 1 mL⋅kg−1⋅min−1 higher CRF 
associated with 6.6% lower prevalence (p < 0.001). Inverse 
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TABLE 1    |    Participant characteristics of the total study cohort and stratified by cardiorespiratory fitness quintile.

Variable
Total 

(n = 39 197)
Q1 (n = 7815) 
(lowest CRF) Q2 (n = 7763) Q3 (n = 7950) Q4 (n = 8114)

Q5 (n = 7555) 
(highest 

CRF)

Demographics

Age (years) 45.8 ± 9.0 49.3 ± 8.9 47.0 ± 8.6 46.0 ± 8.4 44.4 ± 8.6 42.4 ± 9.1

Sex

Female [%] 12 331 [31.5] 2410 [30.8] 2422 [31.2] 2575 [32.4] 2552 [31.5] 2372 [31.4]

Male [%] 26 866 [68.5] 5405 [69.2] 5341 [68.8] 5375 [67.6] 5562 [68.5] 5183 [68.6]

SES (decile) 8 (6–9) 8 (6–9) 8 (6–10) 8 (6–9) 8 (6–10) 8 (6–9)

Adiposity and body composition

Weight (kg) 80.7 ± 15.7 87.9 ± 18.0 83.1 ± 15.4 80.7 ± 14.0 77.5 ± 13.4 74.5 ± 13.6

BMI (kg⋅m−2) 26.3 ± 4.1 28.8 ± 4.8 27.0 ± 3.9 26.3 ± 3.4 25.3 ± 3.2 24.3 ± 3.2

Body fat (%) 25.9 ± 7.5 29.8 ± 7.7 27.2 ± 7.2 26.2 ± 7.2 24.2 ± 6.7 22.2 ± 6.5

Fatty liver index 
(AU)

30.1 (11.5–60.2) 57.0 
(26.3–81.9)

41.6 
(17.2–68.7)

32.0 
(14.3–57.2)

21.3 
(9.4–43.2)

13.6 (6.1–31.6)

Cardiorespiratory fitness

CRF 
(mL⋅kg−1⋅min−1)

37.2 ± 10.0 25.6 ± 3.9 32.1 ± 3.3 36.5 ± 3.7 41.3 ± 4.4 51.0 ± 9.3

CRF, cycle 
ergometer 
(mL⋅kg−1⋅min−1)

35.4 ± 8.4 24.8 ± 3.7 30.9 ± 3.7 34.9 ± 2.4 39.3 ± 2.3 47.3 ± 6.2

CRF, treadmill 
(mL⋅kg−1⋅min−1)

43.2 ± 12.3 28.4 ± 3.4 35.7 ± 2.4 41.7 ± 2.3 47.9 ± 2.9 62.2 ± 8.4

CRF assessment mode

Cycle ergometer 
[%]

29 858 [76.2] 6003 [76.8] 5839 [75.2] 6078 [76.5] 6250 [77.0] 5688 [75.3]

Treadmill [%] 9339 [23.8] 1812 [23.2] 1924 [24.8] 1872 [23.5] 1864 [23.0] 1867 [24.7]

Metabolic syndrome traits

Waist 
circumference 
(cm)

90.4 ± 12.1 97.5 ± 13.5 92.7 ± 11.7 90.4 ± 10.5 87.3 ± 9.9 83.8 ± 10.1

Central obesity 
[%]

9120 [23.3] 3661 [46.8] 2306 [29.7] 1717 [21.6] 926 [11.4] 510 [6.8]

SBP (mmHg) 120.7 ± 13.1 125.1 ± 13.3 122.0 ± 13.1 120.1 ± 12.5 118.7 ± 12.6 117.5 ± 12.6

DBP (mmHg) 78.2 ± 8.6 81.0 ± 8.5 79.2 ± 8.5 78.1 ± 8.3 76.9 ± 8.5 75.6 ± 8.4

Hypertension [%] 12 269 [31.3] 3659 [46.8] 2807 [36.2] 2275 [28.6] 1998 [24.6] 1530 [20.3]

Fasting glucose 
(mmol⋅L−1)

5.4 (5.1–5.7) 5.5 (5.2–5.9) 5.4 (5.1–5.8) 5.4 (5.1–5.7) 5.3 (5.0–5.6) 5.3 (5.0–5.6)

Hyperglycaemia 
[%]

14 453 [36.9] 3660 [46.8] 3170 [40.8] 2838 [35.7] 2577 [31.8] 2208 [29.2]

HDL-c 
(mmol⋅L−1)

1.5 (1.2–1.8) 1.4 (1.2–1.7) 1.4 (1.2–1.7) 1.5 (1.2–1.8) 1.5 (1.3–1.8) 1.6 (1.3–1.9)

(Continues)
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associations were also observed for hypertension (−2.0%), 
hyperglycaemia (−1.0%), low HDL-c (−4.0%) and elevated 
triglycerides (−3.6%) per 1 mL⋅kg−1⋅min−1 higher CRF (all 
p < 0.001).

3.5   |   Sensitivity Analyses

Sensitivity analyses substituting body fat percentage for BMI 
in adiposity- (Model 3) and hepatic steatosis-adjusted (Model 4) 
models (n = 38 955) can be found in Tables S3 (continuous CRF) 
and S4 (CRF quintiles). The overall pattern, magnitude and 
interpretation of associations were materially unchanged com-
pared with the primary analyses.

4   |   Discussion

In this large cross-sectional study of 39 197 UK adults, higher 
CRF was associated with both lower MetS trait count and lower 
prevalence of established MetS. These relationships were stron-
gest at lower CRF levels and appeared to flatten at higher CRF 
levels. Furthermore, these associations were broadly consistent 
across sexes and remained evident, although attenuated, after 
adjustment for total and liver-specific adiposity. Together, these 
findings extend existing literature by showing that CRF is as-
sociated not only with binary MetS presence, but also with the 
cumulative burden of its individual traits. They also suggest that 
differences in MetS burden are greatest at the lower end of the 

CRF distribution. Given the high and rising prevalence of MetS 
and related diseases, the clinical and public health importance of 
translating these findings into more targeted and individualised 
exercise prescription and prevention strategies is considerable.

Previous studies have consistently shown that CRF is inversely 
associated with the prevalence and incidence of MetS [12–14], 
including graded associations across fitness levels in women 
[37] and prospective associations with MetS development in 
men and women [19, 38]. These findings have been observed 
using both directly measured VO2max [37] and maximal ex-
ercise test-derived estimates of CRF [19, 38]. Our findings are 
consistent with this earlier work but extend it by characteris-
ing the association between CRF and cumulative MetS trait 
burden across a substantially larger cohort of both males and 
females. By contrast, trait count captures the accumulation of 
discrete metabolic abnormalities in a clinically interpretable 
manner that is more granular than a binary threshold. For 
context, meta-analytic evidence from randomised controlled 
trials suggests that 12 weeks of exercise training can increase 
CRF by approximately 4 mL⋅kg−1⋅min−1 [39]. In the present 
cross-sectional dataset, a 4 mL⋅kg−1⋅min−1 difference in CRF 
would be associated with approximately 11% lower MetS trait 
count and 22% lower MetS prevalence. Nevertheless, these es-
timates reflect between-person associations and should not be 
interpreted as the expected effects of increasing CRF by this 
amount. Given that risk increases incrementally as metabolic 
abnormalities accumulate, rather than only once a diagnostic 
threshold is reached [2, 40], these findings suggest that CRF 

Variable
Total 

(n = 39 197)
Q1 (n = 7815) 
(lowest CRF) Q2 (n = 7763) Q3 (n = 7950) Q4 (n = 8114)

Q5 (n = 7555) 
(highest 

CRF)

HDL-c (males 
< 1.0, females 
< 1.3) [%]

3350 [8.5] 984 [12.6] 754 [9.7] 669 [8.4] 550 [6.8] 393 [5.2]

Triglycerides 
(mmo⋅L−1)

1.0 (0.7–1.5) 1.2 (0.9–1.8) 1.1 (0.8–1.6) 1.0 (0.8–1.5) 0.9 (0.7–1.3) 0.8 (0.7–1.2)

Triglycerides 
(≥ 1.7) [%]

7475 [19.1] 2277 [29.1] 1787 [23.0] 1539 [19.4] 1122 [13.8] 750 [9.9]

MetS trait count

0 traits [%] 13 279 [33.9] 1205 [15.4] 2006 [25.8] 2630 [33.1] 3509 [43.2] 3929 [52.0]

1 trait [%] 12 479 [31.8] 2138 [27.4] 2476 [31.9] 2807 [35.3] 2721 [33.5] 2337 [30.9]

2 traits [%] 7910 [20.2] 2164 [27.7] 1905 [24.5] 1596 [20.1] 1331 [16.4] 914 [12.1]

3 traits [%] 3948 [10.1] 1556 [19.9] 1008 [13.0] 666 [8.4] 438 [5.4] 280 [3.7]

4 traits [%] 1381 [3.5] 653 [8.4] 326 [4.2] 214 [2.7] 99 [1.2] 89 [1.2]

5 traits [%] 200 [0.5] 99 [1.3] 42 [0.5] 37 [0.5] 16 [0.2] 6 [0.1]

MetS presence (≥ 3 traits)

No [%] 33 668 [85.9] 5507 [70.5] 6387 [82.3] 7033 [88.5] 7561 [93.2] 7180 [95.0]

Yes [%] 5529 [14.1] 2308 [29.5] 1376 [17.7] 917 [11.5] 553 [6.8] 375 [5.0]

Note: Data are presented as mean ± standard deviation, median (interquartile range) or number [column percentage] where appropriate.
Abbreviations: BMI, body mass index; CRF, cardiorespiratory fitness; DBP, diastolic blood pressure; FLI, fatty liver index; HDL-c, high-density lipoprotein cholesterol; 
MetS, metabolic syndrome; SBP, systolic blood pressure; SES, socioeconomic status.

TABLE 1    |    (Continued)
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is relevant across the full spectrum of metabolic risk and sup-
port its value not only as an integrative marker of metabolic 
health, but also as a clinically meaningful vital sign and pre-
vention target [17, 20, 41].

A notable finding was the non-linear nature of the associa-
tion between CRF and MetS outcomes. Across spline and 
quintile analyses, these inverse relationships were strongest 
at lower fitness levels (Q1–Q3), with visual inspection of the 
spline curves suggesting a flattening of the associations at ap-
proximately 43 mL⋅kg−1⋅min−1 in men and 37 mL⋅kg−1⋅min−1 

in women. While these should not be interpreted as distinct 
thresholds, at higher CRF values, comparatively smaller dif-
ferences in predicted MetS trait burden and prevalence were 
observed. Accordingly, relative to the lowest fitness quintile, 
the greatest difference in MetS burden was among individuals 
with modestly higher CRF, whereas differences across higher 
fitness quintiles were comparatively smaller. This pattern was 
reflected in descriptive prevalence estimates, where the abso-
lute difference in MetS prevalence was markedly greater be-
tween Q1 and Q2 than between Q4 and Q5 (29.5% vs. 17.7%, 
compared with 6.8% vs. 5.0%). Taken together, these findings 
suggest that the most substantial differences in metabolic 
health are evident at relatively modest CRF levels, supporting 
the hypothesis that achievable improvements in fitness may 
translate into meaningful reductions in metabolic risk at the 
population level; however, this requires confirmation in pro-
spective and experimental studies. The apparent flattening of 
the association at higher CRF levels also raises the possibil-
ity that variation in metabolic health among fitter individuals 
may be more strongly related to other determinants, includ-
ing genetic predisposition and modifiable lifestyle factors that 
were beyond the scope of the present study.

The pattern of association was broadly similar in males and 
females, indicating that higher CRF was associated with a 
more favourable metabolic profile in both sexes [12, 13, 17, 41]. 
Notably, this comparison has been underexplored, as several 
previous studies examined predominantly, or exclusively, 
male cohorts, limiting understanding of potential sex-specific 
differences. Although the shape of association was compa-
rable between sexes, females had lower predicted MetS trait 
count and prevalence across the CRF range. Furthermore, the 
inverse association with predicted MetS burden at low CRF 
values appeared less steep in females. This may reflect under-
lying behavioural and biological differences in metabolic risk, 
including sex-related variation in body fat distribution, insu-
lin sensitivity and lipid metabolism [42, 43]. Given the rela-
tively young mean age of the cohort, many female participants 
were likely to have been premenopausal, and the known pro-
tective metabolic effects of oestrogen may have contributed 
to their lower absolute burden [44, 45]. Nevertheless, the con-
sistency of the inverse association across sexes supports the 
public health relevance of CRF to metabolic health. Future 
studies should also examine whether these associations dif-
fer across age groups or life stages, given the well-established 
age-related changes in CRF and metabolic risk.

Another key finding was that the inverse association between 
CRF and MetS outcomes remained evident after BMI and FLI 
adjustment, although effect estimates were attenuated. This ex-
tends previous work, which has largely adjusted only for demo-
graphic and clinical factors [12, 15, 18, 19], and aligns with a 
recent meta-analysis demonstrating that CRF predicts all-cause 
and cardiovascular mortality independently of BMI status [46]. 
Therefore, our findings suggest that the association between 
CRF and MetS burden is partly, but not entirely, accounted for 
by total adiposity and liver-specific ectopic fat. However, the 
FLI-adjusted analyses should be considered exploratory and in-
terpreted with caution given that FLI incorporates waist circum-
ference and triglycerides, which are themselves components of 
the MetS outcomes. The additional attenuation observed after 

TABLE 2    |    Associations between continuous cardiorespiratory 
fitness (CRF; per 1 mL⋅kg−1⋅min−1) and metabolic syndrome outcomes.

Outcome
Effect estimate 

(95% CI) % change p

MetS trait count (rate ratio; effect per 1 mL⋅kg−1⋅min−1 
higher CRF)

Model 1 
(minimally 
adjusted)

0.972 
(0.970–0.973)

−2.8% < 0.001

Model 2 
(demographic 
adjusted)

0.971 
(0.970–0.973)

−2.9% < 0.001

Model 3 
(adiposity 
adjusted)

0.989 
(0.987–0.990)

−1.1% < 0.001

Model 4 
(hepatic 
steatosis 
adjusted)

0.994 
(0.992–0.996)

−0.6% < 0.001

MetS presence (prevalence ratio; effect per 1 mL⋅kg−1⋅min−1 
higher CRF)

Model 1 
(minimally 
adjusted)

0.942 
(0.939–0.945)

−5.8% < 0.001

Model 2 
(demographic 
adjusted)

0.940 
(0.936–0.943)

−6.0% < 0.001

Model 3 
(adiposity 
adjusted)

0.979 
(0.976–0.982)

−2.1% < 0.001

Model 4 
(hepatic 
steatosis 
adjusted)

0.992 
(0.990–0.995)

−0.8% < 0.001

Note: Rate ratios for MetS trait count were obtained using negative binomial 
regression, and prevalence ratios for MetS presence were obtained using Poisson 
regression with robust standard errors. Effect estimates are expressed per 
1 mL⋅kg−1 ⋅min−1 higher CRF. Rate ratios or prevalence ratios < 1.000 indicate 
lower MetS burden with higher CRF. Model 1 adjusted for CRF assessment 
mode; Model 2 additionally adjusted for age, sex, SES, assessment year and 
UK region of assessment; Model 3 additionally adjusted for BMI; Model 4 
additionally adjusted for fatty liver index.
Abbreviations: BMI, body mass index; CI, confidence interval; CRF, 
cardiorespiratory fitness; MetS, metabolic syndrome; SES, socioeconomic status.
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FLI adjustment should therefore be confirmed in studies using 
more direct measures of hepatic steatosis, such as magnetic res-
onance imaging.

The persistence of these associations suggests that CRF may 
capture aspects of metabolic health beyond adiposity alone. 
Although the cross-sectional design precludes causal or mecha-
nistic inference, several physiological pathways may contribute. 
Higher CRF has been linked to greater insulin sensitivity, en-
hanced skeletal muscle oxidative capacity, improved glucose dis-
posal and more favourable lipid metabolism [47]. Additionally, it 
is associated with lower systemic inflammation and improved 
vascular function, both of which may contribute to a healthier 
metabolic profile  [48]. These observations are consistent with 
the possibility that CRF captures aspects of metabolic health not 

fully reflected by adiposity-related measures, reinforcing CRF 
as an important and modifiable correlate of metabolic health.

To further understand which aspects of MetS were most 
strongly associated with CRF, we analysed each MetS com-
ponent separately. Higher CRF was most strongly associated 
with lower central obesity prevalence, followed by favourable 
lipid profiles, whereas associations with blood pressure and 
fasting glucose were more modest. This suggests that the 
overall relationship between CRF and metabolic burden may 
particularly reflect differences in adiposity and lipid metab-
olism, relative to glycaemic regulation [18]. The prominence 
of central obesity is consistent with the attenuation after ad-
justment for BMI, body fat percentage and FLI, and supports 
adiposity as a key correlate of both lower fitness and greater 

FIGURE 1    |    Spline-modelled associations of CRF with predicted MetS trait count (A and C) and predicted MetS prevalence (%) (B and D) for 
males (A and B) and females (C and D), from demographic-adjusted models (Model 2). CRF was modelled as a continuous exposure using natural 
cubic splines. Predicted values were obtained from Poisson regression models with robust standard errors and represent covariate-adjusted estimates 
calculated at fixed values of confounders (median age, SES and assessment year; sex (male or female); most common category for CRF assessment 
mode and UK region of assessment). Shaded regions represent 95% confidence intervals (CIs). Vertical dashed lines indicate the mean CRF value 
within each sex- and mode-specific CRF quintile (Q1–Q5). CI, confidence interval; CRF, cardiorespiratory fitness; MetS, metabolic syndrome; SES, 
socioeconomic status.
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metabolic dysfunction. This interpretation is biologically 
plausible, given evidence that exercise training can preferen-
tially reduce visceral adipose tissue relative to body weight 
loss, thereby exerting favourable effects on central adiposity 
[49]. The persistence of inverse associations with HDL and tri-
glycerides is notable and may be consistent with mechanisms 
not fully accounted for by adiposity, potentially reflecting 
differences in skeletal muscle metabolism and lipid handling 
[18]. Collectively, these findings suggest that CRF is associ-
ated with multiple components of metabolic health, although 
the strength of association varies across traits.

This study has several strengths, including a large sample of 
both males and females, standardised exercise-based estima-
tion of CRF and robust assessment of multiple cardiometabolic 
biomarkers and adiposity-related covariates. Furthermore, the 
analysis moves beyond conventional binary MetS definitions by 
examining trait count as a clinically interpretable index of cumu-
lative metabolic burden. However, several limitations should be 
acknowledged. First, the cross-sectional design precludes causal 
inference and raises the possibility of reverse causality. Second, 
CRF was estimated from submaximal exercise testing rather than 
directly measured by maximal cardiopulmonary exercise test-
ing. Although the assessments were based on established graded 
exercise protocols and prediction equations, testing within 
the healthcare setting was routinely terminated at 85% of age-
predicted maximal heart rate or due to other clinical termination 

criteria, given the diverse participant population. Consequently, 
our estimated CRF may underestimate the maximal aerobic ca-
pacity that would have been observed had participants continued 
to volitional exhaustion. Third, data on important lifestyle- and 
health-related factors, including habitual dietary behaviours, 
muscular strength and other health conditions, were unavailable 
in the present study. Future investigations incorporating these 
variables will help establish whether the observed associations 
remain robust after more comprehensive adjustment. Finally, the 
data were derived from health assessments related to indepen-
dent healthcare, and the cohort are likely more affluent than the 
wider UK population, which may limit generalisability to more 
socioeconomically diverse groups.

In conclusion, in this large cross-sectional study of UK adults, 
higher CRF was associated with lower MetS trait count and 
lower MetS prevalence in a graded, non-linear manner, with 
the strongest associations at lower fitness levels. These associ-
ations were evident in both sexes and persisted, although with 
attenuation, after adjustment for BMI and hepatic steatosis, 
suggesting potential relationships beyond adiposity. These 
findings support CRF as a clinically relevant and potentially 
modifiable marker of metabolic health and highlight the po-
tential public health relevance of modest improvements in fit-
ness, particularly among the least fit adults, as a strategy that 
may help reduce MetS burden even when adiposity changes 
are limited.

FIGURE 2    |    Forest plot of the associations of CRF quintiles with MetS trait count (A) and MetS presence (B) from demographic-adjusted models 
(Model 2). Data are presented as rate ratios with 95% CIs for MetS trait count and prevalence ratios with 95% CIs for MetS presence. Estimates com-
pare each CRF quintile (Q1–Q4) with the reference quintile (Q5), where Q1 corresponds to the lowest CRF group and Q5 corresponds to the highest 
CRF group. Models were adjusted for CRF assessment mode, age, sex, SES, assessment year and UK region of assessment. The x-axis is displayed on 
a logarithmic scale. CI, confidence interval; CRF, cardiorespiratory fitness; MetS, metabolic syndrome; SES, socioeconomic status.
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