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     Evidence regarding the role of chronic low-grade inflammation in the progression of 
cardiometabolic diseases (CMDs) and cardiometabolic multimorbidity (CMM) is currently limited. 
This prospective cohort study, utilising data from the UK Biobank, included 273,804 adults 
aged 40–69 years initially free of CMD at baseline. CMM was defined as the coexistence of two 
or more CMDs, such as coronary artery disease, type 2 diabetes mellitus, hypertension and 
stroke. The aggregated inflammation score (INFLA-score), incorporating C-reactive protein, 
white blood cell count, platelet count and granulocyte-to-lymphocyte ratio, quantified chronic 
low-grade inflammation. Absolute risks (ARs), hazard ratios (HRs) and 95% confidence intervals 
(CIs) assessed the association of increased INFLA-score with the risk of CMMs and CMDs. The 
accelerated failure time model explored the effect of INFLA-score on the time to CMM onset, and 
a restricted cubic spline characterised the dose-dependent relationship between INFLA-score 
and CMM risk. After a median follow-up of 166.37 months, 13,755 cases of CMM were identified. 
In quartiles with increasing INFLA-score levels, CMM ARs were 4.41%, 4.49%, 5.04% and 6.01%, 
respectively; HR increased by 2%, 15% and 36%, respectively, compared to the lowest quartile. 
The INFLA-score and CMM risk relationship was nonlinear (P for nonlinear < 0.001), exhibiting a 
significant risk trend change at a score of 9. For INFLA-score < 9, CMM risk increased by 1.9% for 
each 1-point increase; for INFLA-score ≥ 9, the risk increased by 5.9% for each 1-point increase. 
Additionally, a higher INFLA-score was associated with an earlier onset of CMM (P < 0.001). 
Compared to the first INFLA-score quartile, the AFT model revealed adjusted median times 
to CMM occurrence were 2.92, 6.10 and 13.19 months earlier in the second, third and fourth 
quartile groups, respectively. Chronic low-grade inflammation is associated with a higher risk 
of cardiometabolic multimorbidity and earlier onset among middle-aged and older adults. 
Monitoring and screening the INFLA-score in adults without CMDs may improve early prevention 
of CMM.
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Abbreviations
AFT	� Accelerated failure time
BMI	� Body mass index
CAD	� Coronary artery disease
CI	� Confidence interval
CMM	� Cardiometabolic multimorbidity
CMDs	� Cardiometabolic diseases
CVD	� Cardiovascular diseases
CRP	� C-reactive protein
GrL	� Granulocyte to lymphocyte ratio
HbA1c	� Glycated hemoglobin
HDL-C	� High-density lipoprotein cholesterol
HR	� Hazard ratio
ICD	� International classification of diseases
INFLA-score	� The aggregated inflammation score
IL-6	� Interleukin-6
LDL-C	� Low-density lipoprotein cholesterol
NLR	� Neutrophil-to-lymphocyte ratio
MET	� Metabolic equivalent task
MI	� Myocardial infarction
VIF	� Variance inflation factor
RCS	� Restricted cubic spline
TC	� Total cholesterol
T2DM	� Type 2 diabetes mellitus
TG	� Triglyceride

Multimorbidity, characterised by the simultaneous presence of multiple chronic diseases in an individual, is 
associated with heightened disability and mortality risks1. According to the World Health Organization’s 2019 
Global Health Estimates, ischaemic heart disease, stroke and diabetes are the first, second and ninth leading 
causes of death worldwide2. High systolic blood pressure stands as the leading contributor to the global burden 
of cardiovascular disease (CVD)3. When an individual presents with multiple concurrent chronic diseases, the 
risk of mortality is not merely additive, but rather, these diseases often interact synergistically, leading to an 
overall increased risk that surpasses the sum of individual disease risks. In such instances, patients face more 
complex health challenges, necessitating comprehensive medical attention and integrated treatment strategies. 
Cardiometabolic multimorbidity (CMM)—characterised by the co-occurrence of two or more cardiometabolic 
diseases (CMDs) such as coronary artery disease (CAD), hypertension, type 2 diabetes mellitus (T2DM) 
and stroke, represents a composite disease pattern of severity extending beyond individual disease, posing a 
significant global health challenge4.

In the United States, the prevalence of CMM among adults increased from 9.4% in 1999 to 14.4% in 20185. 
Similarly, a study involving over one million Chinese adults revealed a doubling of CMM prevalence from 2.4 
to 5.9% between 2011 and 2016, with a surge to 11.6% among the elderly4. Moreover, individuals diagnosed 
with CMM face a 3.7–6.9 times higher risk of all-cause mortality, accompanied by a reduced life expectancy of 
12–15 years at the age of 606. Despite these alarming statistics, research on CMM remains limited even though 
it involves shared cardiovascular risk factors and interconnected pathogenesis. Inflammation emerges as a 
unifying theme in the occurrence and maintenance of hypertension, the development of atherosclerosis, the 
rupture of arterial plaques and the onset of CVD7–9. C-reactive protein (CRP), a predictive biomarker for CVD 
and stroke10, is independently correlated with diabetes onset, with a risk increase of over threefold in individuals 
with the highest CRP levels11. Additionally, higher neutrophil and platelet counts, along with lower lymphocyte 
counts, are significantly associated with stroke risk12,13. Chronic inflammation thus serves as a shared marker 
for the occurrence of various CMDs, significantly influencing CMM progression and prognosis, and intricately 
linked to clinical factors, lifestyle and socioeconomic status14,15. Despite the broad biological process of the 
inflammation cascade, individual markers may not fully capture its complexity. The aggregated inflammation 
score (INFLA-score), a comprehensive measure of chronic low-grade inflammation that integrates white blood 
cell count, CRP, platelets and granulocyte/lymphocyte ratio, offers a holistic perspective. Each of these biomarkers 
reflects a different aspect of inflammation, and the INFLA-score offers a holistic view of an individual’s systemic 
inflammatory state. Andreis A et al. demonstrated that the INFLA-score identified ongoing inflammation in 
78% of patients with pericarditis who had normal CRP levels16 and had superior predictive value for pericarditis 
compared to CRP alone. Similarly, Liu S et al. found that a higher INFLA-score was associated with an elevated 
incidence of CMD and that the INFLA-score captures more CMD risk than its components17. Despite this, 
evidence on the role of chronic low-grade inflammation in the progression of CMDs and CMM remains limited. 
To date, no studies have explored the prospective association of INFLA-score with the risk of CMM development. 
Therefore, our study aims to investigate the influence of INFLA-score on the developmental trajectory of CMM 
based on the UK Biobank. Furthermore, this study seeks to shed light on the association between INFLA-score 
and CMM risk, providing valuable insights into the prevention of CMM.

Methods
Study design and population
The UK Biobank, established between 2006 and 2010, is a comprehensive biomedical research database 
comprising over 502,000 adults aged 40–69 years from England, Scotland and Wales18. Health outcomes were 
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systematically monitored through electronic health records, including Hospital Episode Statistics, cancer 
registry data and death registers. The study design and methods followed herein are detailed in a previous 
publication19. Initially, we enrolled 306,426 individuals without CMDs who completed inflammation markers 
tests. Participants with pre-existing conditions at baseline such as cancer (n = 27,392), pregnancy (n = 110) and 
those lacking complete follow-up data (n = 761) were excluded. To minimise reverse causality, an additional 
4359 participants developing CMM within the initial two years of follow-up were also excluded. Consequently, 
273,804 individuals were included in the main analysis (Fig. 1).

Ethical approval for the UK Biobank was obtained from the North West Multicentre Research Ethics 
Committee, Manchester, UK (REC reference: 11/NW/0382). The UK Biobank complied with the Declaration 
of Helsinki, and participants provided written informed consent. This study adhered to the STROBE guidelines 
for cohort studies.

Calculation of INFLA-score
The INFLA-score quantitatively assesses chronic low-grade inflammation by integrating four biomarkers—CRP, 
white blood cell count, platelet count and granulocyte-to-lymphocyte ratio (GrL)20. The granulocyte count is 
inclusive of neutrophil, eosinophil and basophil counts. Biomarkers were categorised into scoring levels based 
on their decile range: the highest range (7th to 10th deciles) received a positive score of + 1 to + 4, the fifth 
and sixth deciles were assigned a value of 0 and the lowest range (1st to 4th deciles) was assigned a negative 
score of − 4 to − 1. The INFLA-score is the sum of the scores obtained for these four indicators, ranging from 
−  16 to + 16, reflecting an individual’s chronic low-grade inflammation level, with a higher score suggesting 
heightened inflammatory status21,22.

Inflammation biomarker assay
At baseline recruitment, blood samples were collected and analysed within 24 h at the UK Biobanking Central 
Laboratory. Complete Blood Count was detected using a quantitative, automated LH750 haematology analyser 
(Coulter, Beckman Coulter, Brea, CA, USA). CRP was determined through immunoturbidimetric-high 
sensitivity analysis using a Beckman Coulter AU5800 system (Beckman Coulter (UK), Ltd) (Supplementary file 
1).

Assessment of other variables
Various factors including age, sex, ethnicity, body mass index (BMI), socioeconomic status, alcohol consumption, 
blood pressure, biochemical parameters, smoking habits, physical activity, educational background, household 
income, medical history and medications were considered as potential covariates23,24. A directed acyclic graph 
(DAG) was generated using the DAGitty’s online platform (www.dagitty.net) to identify covariates requiring 
adjustment in the models. Data on age, sex, ethnicity, Townsend poverty index, education, annual household 
income, alcohol consumption and history of chronic diseases were collected using a touchscreen questionnaire. 
Ethnicity was categorised as White and non-White, based on self-reported ancestry, with 95% of participants 
reporting to be White. The Townsend poverty index is a composite measure that reflects poverty by considering 
factors such as unemployment, lack of car and home ownership and household overcrowding. A higher value 
indicated lower socioeconomic status25. Lipid and creatinine levels were also evaluated using enzymatic assays 
on the Beckman Coulter AU5800 instrument (Beckman Coulter (UK), Ltd). Glycated haemoglobin (HbA1c) 
levels were measured using high-performance liquid chromatography on a Bio-Rad Variant II Turbo analyser 
(Bio-Rad Laboratories, Inc.). BMI was calculated based on height and weight measurements obtained from the 
participants’ initial assessment. Blood pressure readings were obtained using an automated sphygmomanometer 
or a manual sphygmomanometer when necessary. Education status was categorised into six levels: (1) no 
qualification; (2) secondary education (or ordinary levels) or its equivalent; (3) advanced level education 

Fig. 1.  The flowchart of study.
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certification or equivalent; (4) other professional skills certification; (5) national vocational certification, Higher 
National Certificate or its equivalent; (6) College or university degree. Participants’ annual pre-tax household 
income was categorised into five income segments: (1) less than £18,000; (2) £18,000 to £29,999; (3) £30,000 
to £51,999; (4) between £52,000 and £100,000; (5) exceeding £100,000. Lifestyle factors, medical history and 
medication use were extracted from the touchscreen questionnaire. Drinking and smoking status was classified 
as never, former and current. The physical activity of an individual was quantified as the summed metabolic 
equivalent task (minutes per week, MET), which included walking, moderate and vigorous activity. The DAG 
analysis (Fig. S1) was used to identify a minimally sufficient adjustment set in the main analysis. This set included 
age, sex, race, BMI, blood pressure, lipids, physical activity, hypercholesterolemia, lipid-lowering drugs, current 
aspirin use, alcohol consumption and smoking.

Study outcomes
The primary aim of this study was to investigate the association between the INFLA-score and CMM risk. 
The primary outcome was considered as the presence of CMM, which is defined as the coexistence of two 
or more of the following CMDs: CAD, T2DM, hypertension and stroke. The secondary aim was to examine 
the association between the INFLA-score and the risk of each CMD-CAD, T2DM, hypertension and stroke. 
Diagnostic algorithms for specific health conditions were developed using data from death registries, primary 
care records, hospitalisation records and self-reports26. CMD diagnoses relied on the International Classification 
of Diseases, Tenth Revision (ICD-10) codes. The ICD codes used for CAD were I20-25. T2DM was coded as 
E11, hypertension as I10 and stroke as I60-64. Follow-up for each participant was conducted from the date of 
enrolment until death, censoring or the end of the study period, whichever occurred first. Data were updated 
until May 1, 2023, for CAD, T2DM and hypertension, and April 1, 2023, for stroke, marking the end of the 
study’s follow-up period. Herein, CMM was followed up until May 1, 2023.

Statistical analysis
Categorical variables were presented as frequencies and percentages, while continuous variables were expressed 
as means and standard deviations. The INFLA-score was categorised into quartiles, and group differences were 
assessed using the Chi-squared test for categorical variables and one-way analysis of variance for continuous 
variables. Quartile group incidence rates were expressed per 1000 person-years, and differences between groups 
were analysed using Poisson regression.

Absolute risks (ARs) and hazard ratios (HRs) were employed to assess the association between increased 
INFLA-score and risk of CMMs and CMDs. AR for specific conditions was calculated using a logistic regression 
model. This model assesses the impact of multiple variables on the onset of CMMs and CMDs, providing 
coefficients reflecting the effect of each variable on the event’s probability. These coefficients were expressed as 
log odds, with positive values indicating an association with increased event probability, while negative values 
indicated the opposite. The ‘plogis’ function in R was used to convert the log odds to ordinary probabilities, 
which estimates the probability of an event occurring in relation to a given variable. Finally, a new dataset 
containing representative values for all variables was constructed. Logistic regression models were then used to 
estimate the AR under different conditions.

HRs and 95% confidence intervals (CIs) for the association between the INFLA-score and CMM risk in the 
entire cohort were calculated using Cox proportional hazards models. The proportional hazard assumption was 
evaluated using the Schoenfeld Residuals test, with no observed violations. Two Cox regression models were 
developed: Model 1 was adjusted for age, sex and race, while Model 2 was further adjusted for variables from 
Model 1, as well as BMI, diastolic blood pressure, systolic blood pressure, HDL, LDL, TG, physical activity, 
hypercholesterolemia, current use of lipid-lowering drugs, current use of aspirin, alcohol consumption and 
smoking status. Multicollinearity between variables was assessed using the variance inflation factor (VIF), with 
covariates having a VIF ≥ 10 being excluded27. In the Cox regression model, the INFLA-score was evaluated 
as both a continuous and categorical variable in relation to CMM risk, and trend P values were calculated 
between categorical groups. Restricted cubic splines (RCS) with four knots (5%, 35%, 65% and 95%) were used 
to visually assess the dose–response relationship between the INLFA score and the risk of CMM and CMDs. 
The log-likelihood ratio test determined the P-value for non-linearity. If a nonlinear association was observed, 
a two-piecewise linear regression model identified the inflection point at which the relationship significantly 
changed28. Inflection point analysis is presented in detail in Appendix 1.

Subgroup analyses were conducted stratifying by clinical characteristics: age (< 55/≥ 55 years), sex (men/
women), race (Whites/non-Whites), BMI (− 30/30 kg/m2), smoker and drinker (never/ever), and P values for 
interaction between groups were calculated through the likelihood ratio test.

Additionally, an accelerated failure time (AFT) model assessed the potential impact of different INFLA-score 
groups on the time to CMM. This model assumes that the covariates can be accelerated or delayed to the time 
trajectory of the event and does not rely on proportional risk assumptions, highlighting its potential application 
in diverse clinical studies29–31. In the multivariate AFT model, the effect of increasing INFLA-score quartile 
levels on time to CMM onset was assessed using the first INFLA-score quartile (Q1) as the reference group. The 
difference in median time to onset of CMM between the two groups was expressed in months and calculated 
by subtracting the comparison group from Q1. Negative values indicated a delay in the onset of CMM, while 
positive values indicated an earlier onset. In this study, we selected a flexible “Weibull distribution” to adapt to 
the right-skewed shape of time to CMM (Figs. S2 and S3).

In the sensitivity analyses, the robustness of the results was evaluated using four strategies. First, missing 
categorical variables were handled by creating missing indicator categories, and missing continuous variables 
were imputed with their mean values. Additionally, a five-repeat predictive mean matching algorithm combined 
with the Markov chain Monte Carlo method was used to impute missing variables, followed by pooled analyses of 
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the Cox regression model32. Deaths prior to CMM onset were considered as competing events, and their impact 
on outcomes was analysed using the Fine & Gray competing risk model33. Additionally, the Cox regression 
model was adjusted for the Townsend Deprivation Index, educational qualifications, annual household income 
before tax and HbA1c. Finally, the definition of CMM excluded the occurrence of hypertension and included 
only CAD, T2DM and stroke.

Statistical analyses were performed using R software (version 4.2.0) and GraphPad (version 9.0), with a 
significance level of P < 0.05 (two-sided) considered statistically significant.

Results
Among the 273,804 participants, the average age was 54.71  years, with 43.3% being men. Participants were 
categorised into quartile levels based on INFLA-score distribution. Missing values were minima, with only HDL 
and physical activity exhibiting higher rates at 8.5% and 21%, respectively (Table S1). All baseline characteristics 
significantly differed across INFLA-score quartile groups (all P < 0.001), as detailed in Table 1. During variable 
selection, total cholesterol exhibited strong collinearity with sleep behaviour traits (VIF ≥ 10), leading to its 
exclusion from subsequent regression models.

INFLA-score quartiles and CMM
Over a median follow-up of 166.37  months (interquartile range 24.02–195.38  months), 13,755 cases of 
CMM were recorded. Kaplan–Meier curves demonstrated a consistent positive association between 
increasing INFLA-score quartiles and cumulative hazard rates for both CMM and specific CMDs over the 
study period (all P < 0.001 by log-rank test; Fig. S4). The incidence of CMM increased significantly with 
higher INFLA-score quartile groups, registering rates of 2.48, 3.14, 3.98 and 5.44 per 1,000 person-years 
for the first, second, third and fourth quartiles, respectively (P < 0.001; Table S2 and Fig.  2). Moreover, 
the proportion of individuals with ≥ 3 coexisting CMDs increased significantly with higher INFLA-score 
quartiles, with values in the first, second, third and fourth quartiles as 0.35%, 0.47%, 0.67% and 0.98%, 
respectively (P < 0.001; Table  S2 and Fig. 2).

In Cox regression model 1, a 1-point increase in INFLA-score corresponded to a 5.2% increase in HR and 
a 0.25% increase in AR for CMM (Table 2). In the quartiles with increasing INFLA-score levels, AR was 3.5%, 
4.24%, 5.41% and 7.67%, respectively. Compared with the lowest quartile, the HR of CMM increased sequentially 
by 21%, 55%, and 1.21-fold, respectively. Similar associations were observed for specific CMDs, irrespective of 
whether the INFLA-score increased per unit or quartile level. Similarly, in model 2, for each 1-point increase 
in the INFLA-score, the HR and AR for CMM increased by 2.2% and 0.105%, respectively. The AR of CMM in 
quartiles with increasing INFLA-score was 4.41%, 4.49%, 5.04% and 6.01%, respectively, while HR increased 
by 2%, 15% and 36%, respectively, compared with the lowest quartile. Both CMM and CMDs demonstrated an 
increasing trend as the INFLA-score quartile level increased (all P for trend < 0.05).

In the subgroup analyses, the positive association between INFLA-score levels and CMM risk was consistent 
across all strata (P for interaction > 0.05; Fig.  3). However, an interaction was observed in the age group (P 
for interaction < 0.001), indicating higher CMM risk with increasing INFLA-score among those < 55  years. 
Participants < 55 years of age had a higher risk of CMM as the INFLA-score increased (Fig. S5). Additionally, 
the highest quartile INFLA-score levels in all strata were associated with a higher risk of CAD, T2DM and 
hypertension compared with the lower quartile group (all P < 0.05; Figs. S6–S8). The risk tended to increase as 
the INFLA-score quartile level increased in most strata, with no significant increase in the highest group (all 
P < 0.05;  Fig. S9).

Dose-dependent relationship of INFLA-score and CMM
The relationship between the INFLA-score and CMM risk demonstrated a nonlinear pattern (P for 
nonlinear < 0.001), with increasing CMM risk as the INFLA-score increased (Fig. 4). INFLA-score demonstrated 
a linear association with the risks of CAD (P for nonlinear = 0.197), stroke (P for nonlinear = 0.187) and 
T2DM (P for nonlinear = 0.072) while the associations with hypertension exhibited a nonlinear trend (P for 
nonlinear = 0.033). Threshold effect analyses revealed that when the INFLA-score was < 9, a 1-unit increase 
was associated with a 1.9% increased hazard of CMM; when the INFLA-score was ≥ 9, a 1-unit increase was 
associated with a 5.9% increased hazard of CMM (Table S3).

INFLA-score levels and time to CMM onset
In the INFLA-score quartiles, the follow-up times for CMM and CMD differed between groups (all P < 0.05), 
but the time to CMM onset exhibited no significant variance between quartiles (P = 0.728; Table  S4). In Fig. 5 
and Table S3, the AFT model demonstrated a significantly earlier onset of CMM in higher quartile groups 
compared to the first INFLA-score quartile. This translated into adjusted median times to CMM occurrence 
of 2.92, 6.1 and 13.19 months earlier in the second, third and fourth quartile groups, respectively, compared 
with the first INFLA-score quartile. Additionally, compared with the lowest quartile group, the median time to 
CAD increased by 1.01, 1.61 and 3.07 months with escalating INFLA-score quartiles, while the median time to 
T2DM increased by 2.07, 4.36 and 7.67 months; the median time to hypertension increased by 1.02, 2.44, and 
4.48 months; and the median time to stroke also tended to be increased (P for trend = 0.003).

Sensitivity analyses
To account for death as a competing risk before CMM onset, a competing risk model was employed. In 
this model, death was considered an independent event, and the results indicated that with every 1-point 
increase in the INFLA-score, there was a 2.4% increase in the HR of CMM (Table S6). The highest quartile 
INFLA-score group exhibited a 39% increased HR of CMM compared to the lowest first quartile group, 
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Q1 (N = 61,976) Q2 (N = 59,110) Q3 (N = 76,506) Q4 (N = 76,212) P value

INFLA-score range − 16 to − 6 − 5 to − 2 − 1 to 3 4 to 16

Baseline characteristics

Age 54.3 ± 7.9 54.9 ± 8.0 55.0 ± 8.2 54.6 ± 8.2  < 0.001

Men (%) 29,478 (47.6%) 26,652 (45.1%) 33,069 (43.2%) 29,357 (38.5%)  < 0.001

White (%) 57,297 (92.5%) 55,948 (94.7%) 72,676 (95.0%) 72,738 (95.4%)  < 0.001

Townsend deprivation index − 1.53 ± 2.97 − 1.57 ± 2.93 − 1.49 ± 2.98 − 1.18 ± 3.12  < 0.001

Body mass index (kg/m2) 25.2 ± 3.5 26.0 ± 3.8 26.7 ± 4.1 27.8 ± 4.9  < 0.001

Diastolic blood pressure (mmHg) 79.2 ± 9.4 80.3 ± 9.4 81.1 ± 9.6 82.2 ± 9.6  < 0.001

Systolic blood pressure (mmHg) 131.2 ± 16.6 133.2 ± 17.0 134.5 ± 17.3 135.9 ± 17.5  < 0.001

HbA1c (mmol/mol) 34.2 ± 3.9 34.5 ± 4.0 34.8 ± 4.2 35.4 ± 4.6  < 0.001

TC (mmol/L) 5.75 ± 1.04 5.84 ± 1.06 5.89 ± 1.07 5.90 ± 1.09  < 0.001

HDL (mmol/L) 1.55 ± 0.38 1.51 ± 0.37 1.48 ± 0.36 1.43 ± 0.35  < 0.001

LDL (mmol/L) 3.58 ± 0.79 3.66 ± 0.81 3.71 ± 0.82 3.73 ± 0.83  < 0.001

TG (mmol/L) 1.41 ± 0.84 1.59 ± 0.95 1.72 ± 1.00 1.84 ± 1.04  < 0.001

Physical activity (MET-min/week) 2815.7 ± 2388.8 2741.7 ± 2383.1 2705.7 ± 2379.3 2596.9 ± 2333.4  < 0.001

Hypercholesterolemia (%) 3085 (5.0%) 3182 (5.4%) 3953 (5.2%) 3699 (4.9%)  < 0.001

Lipid lowering drugs (%) 1707 (2.8%) 1768 (3.0%) 2241 (2.9%) 1907 (2.5%)  < 0.001

Current use of aspirin (%) 2902 (4.7%) 3015 (5.1%) 3984 (5.2%) 4,136 (5.4%)  < 0.001

Educational qualifications  < 0.001

No qualification 6127 (10.0%) 6937 (11.8%) 10,696 (14.1%) 12,603 (16.7%)

CSE or ordinary levels/GCSE or equivalent 15,168 (24.7%) 15,596 (26.6%) 21,133 (27.9%) 22,678 (30.1%)

Advanced levels/advanced subsidiary levels or equivalent 7536 (12.3%) 7032 (12.0%) 9019 (11.9%) 8822 (11.7%)

Other professional qualification 2720 (4.4%) 2771 (4.7%) 3716 (4.9%) 3668 (4.9%)

NVQ or HNC or equivalent 3407 (5.5%) 3427 (5.8%) 4694 (6.2%) 5003 (6.6%)

College or university degree 26,435 (43.1%) 22,822 (39.0%) 26,450 (34.9%) 22,566 (30.0%)

Annual household income before tax, £  < 0.001

  < 18,000 7758 (12.5%) 8432 (14.3%) 12,387 (16.2%) 14,887 (19.6%)

 18,000–30,999 11,941 (19.3%) 12,001 (20.4%) 16,156 (21.2%) 16,612 (21.9%)

 31 000–51,999 15,479 (25.0%) 14,458 (24.5%) 18,506 (24.2%) 17,515 (23.0%)

 52,000–100,000 14,589 (23.6%) 12,775 (21.7%) 15,164 (19.9%) 13,199 (17.4%)

  > 100,000 4689 (7.6%) 3768 (6.4%) 4014 (5.3%) 2,937 (3.9%)

 Unknown/not prefer to answer 7392 (12.0%) 7529 (12.8%) 10,088 (13.2%) 10,839 (14.3%)

Drinker  < 0.001

 Never 2308 (3.7%) 2,085 (3.5%) 3041 (4.0%) 3491 (4.6%)

 Former 1702 (2.8%) 1631 (2.8%) 2216 (2.9%) 2737 (3.6%)

 Current 57,825 (93.5%) 55,284 (93.7%) 71,071 (93.1%) 69,793 (91.8%)

Smoker  < 0.001

 Never 27,420 (44.4%) 25,243 (42.9%) 31,667 (41.6%) 29,794 (39.3%)

 Former 30,644 (49.6%) 29,028 (49.3%) 36,327 (47.7%) 33,428 (44.1%)

 Current 3667 (5.9%) 4595 (7.8%) 8169 (10.7%) 12,663 (16.7%)

Inflammation-related biomarkers

 C-reactive protein (mg/L) 0.77 ± 1.12 1.34 ± 1.94 2.05 ± 2.88 4.43 ± 6.0

 Leucocyte count (109 cells/L) 5.24 ± 1.18 6.08 ± 1.23 6.85 ± 1.35 8.23 ± 1.64

 Platelet count (109 cells/L) 214.0 ± 40.5 238.6 ± 47.1 257.7 ± 50.8 294.3 ± 58.6

 Lymphocyte count (109 cells/L) 1.82 ± 0.77 1.90 ± 0.79 1.97 ± 0.80 2.02 ± 0.63

 Neutrophil count (109 cells/L) 2.86 ± 0.64 3.54 ± 0.72 4.20 ± 0.86 5.45 ± 1.34

 Eosinophil count (109 cells/L) 0.14 ± 0.10 0.16 ± 0.11 0.18 ± 0.13 0.20 ± 0.17

 Basophil count (109 cells/L) 0.02 ± 0.04 0.03 ± 0.04 0.03 ± 0.05 0.04 ± 0.06

INFLA-score components

 C-reactive protein score − 2.14 ± 1.86 − 0.85 ± 2.20 0.19 ± 2.25 1.85 ± 1.99

 Leucocyte count score − 2.55 ± 1.59 − 1.06 ± 2.01 0.34 ± 2.03 2.20 ± 1.71

 Platelet count score − 2.03 ± 1.92 − 0.76 ± 2.27 0.17 ± 2.31 1.71 ± 2.07

 GrL score − 2.05 ± 1.92 − 0.76 ± 2.27 0.22 ± 2.32 1.68 ± 2.05
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consistent with the primary analysis. When participants who died prematurely before CMM onset were 
excluded, the AR in quartiles with increased INFLA-score levels was 4.36%, 4.44%, 5.02% and 6.06%, 
respectively, mirroring the main analysis results (Table S6). Moreover, stability persisted even after 
additional adjustments for the Townsend Deprivation Index, educational qualifications, annual household 
income before tax and HbA1c (Table S7). Additionally, the pooled results from multiple imputations 
aligned closely with the main analysis outcomes (Table S8). In multivariate Cox regression, the association 
of the INFLA-score with the risk of CMM and CMDs remained consistent when additional adjustments 
for the Townsend Deprivation Index, educational qualifications, annual household income before tax and 
HbA1c were incorporated (Table S9). The AFT model, irrespective of the exclusion of participants who 
died prematurely or additional adjustment for Townsend Deprivation Index, educational qualifications, 
annual household income before tax and HbA1c, consistently indicated that higher INFLA-score levels 
were associated with an earlier onset of CMM and CMDs (Figs.  S10–S11 and Tables S10–S11). When 
redefining CAD, T2DM and stroke as criteria for CMM and observing the occurrence of ≥ 2 diseases, a total 
of 2495 events were recorded. With an increasing INFLA-score, both AR and HR for CMM demonstrated 
an upward trend, aligning with the primary study findings (Table  S12). In the AFT model, CMM occurred 

Fig. 2.  Above: Incidence rate of cardiometabolic multimorbidity in INFLA-score quartiles. Below: Cumulative 
incidence of CMDs in INFLA-score quartiles. CMDs, cardiometabolic diseases. INFLA-score, the aggregated 
inflammation score.

 

Table 1.  Baseline characteristics of INFLA-score quartile levels. The INFLA-score values are all integers and 
therefore cannot be fully equalized when grouping at the quartile level. INFLA score Immune biomarkers and 
an aggregated inflammation score, TC Total cholesterol, TG Triglyceride, LDL-C Low-density lipoprotein 
cholesterol, HDL-C High-density lipoprotein (LDL) cholesterol, MET Metabolic equivalent task, GrL 
Granulocyte to lymphocyte ratio, Granulocytes are the sum of the cell counts of neutrophils, eosinophils, and 
basophils. CSE Certificate of Secondary Education, GCSE General Certificate of Secondary Education, HNC 
Higher National Certificate, NVQ National Vocational Qualification.
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23.06 months earlier in the highest quartile compared with the lowest quartile of the INFLA-score, and this 
earlier effect remained significant across specific CMDs (Table S13).

Discussion
In this prospective cohort of 273,804 initially CMD-free adults, elevated INFLA-score emerged as a robust 
predictor of HR and AR for the occurrence of CMD. Intriguingly, a nonlinear positive association with CMM 
hazard was observed. These associations endured robustly even after meticulous adjustments for potential 
confounders. Notably, irrespective of the sequence in which CMDs occurred, an elevated INFLA-score not only 
accelerated the onset of CMDs but also significantly advanced the onset of CMM. Furthermore, the impact of the 
INFLA-score on CMM was significant among middle-aged participants compared to their older counterparts.

Herein, we defined multimorbidity with specificity, focusing on CMM alongside hypertension, CAD, 
diabetes and stroke5 as these four chronic diseases exhibited similar overall pathophysiologic risk profiles34. The 

Total no. of subjects Total no. of person-years

Model 1 Model 2

HR (95% CI) P value AR (95% CI) HR (95% CI) P value AR (95% CI)

Cardiometabolic multimorbidity

 Quartile 1 61,976 826,445.31 Ref 3.50 (3.25–3.78) Ref 4.41 (4.0–4.85)

 Quartile 2 59,110 779,777.64 1.21 (1.14–1.28)  < 0.001 4.24 (3.93–4.57) 1.02 (0.96–1.09) 0.989 4.49 (4.07–4.95)

 Quartile 3 76,506 997,509.45 1.55 (1.47–1.64)  < 0.001 5.41 (5.04–5.81) 1.15 (1.09–1.21)  < 0.001 5.04 (4.59–5.53)

 Quartile 4 76,212 978,158.79 2.21 (2.10–2.32)  < 0.001 7.67 (7.16–8.21) 1.36 (1.29–1.43)  < 0.001 6.01 (5.54–6.67)

 P for trend  < 0.001  < 0.001  < 0.001  < 0.001

 Per unit 
increase 1.052 (1.049–1.055)  < 0.001 0.250 (0.249–0.251) 1.022 (1.019–1.025)  < 0.001 0.105 (0.104–0.106)

Coronary artery disease

 Quartile 1 61,976 865,983.42 Ref 2.94 (2.72–3.19) Ref 3.31 (2.99–3.67)

 Quartile 2 59,110 824,086.99 1.17 (1.11–1.23)  < 0.001 3.44 (3.18–3.73) 1.06 (1.01–1.12) 0.023 3.52 (3.18–3.90)

 Quartile 3 76,506 106,256,6.97 1.37 (1.30–1.43)  < 0.001 4.04 (3.74–4.36) 1.15 (1.10–1.21)  < 0.001 3.82 (3.46–4.22)

 Quartile 4 76,212 105,661,3.96 1.68 (1.61–1.76)  < 0.001 4.99 (4.63–5.38) 1.28 (1.21–1.34)  < 0.001 4.25 (3.85–4.70)

 P for trend  < 0.001  < 0.001  < 0.001  < 0.001

 Per unit 
increase 1.033 (1.03–1.035)  < 0.001 0.179 (0.178–0.180) 1.016 (1.013–1.018)  < 0.001 0.085 (0.084–0.086)

Type 2 diabetes mellitus

 Quartile 1 61,976 875,998.74 Ref 3.45 (3.17–3.75) Ref 4.66 (4.19–5.17)

 Quartile 2 59,110 834,776.05 1.43 (1.32–1.55)  < 0.001 4.90 (4.52–5.30) 1.12 (1.03–1.22) 0.007 5.16 (4.65–5.71)

 Quartile 3 76,506 107,687,8.05 1.96 (1.82–2.11)  < 0.001 6.62 (6.17–7.11) 1.28 (1.18–1.38)  < 0.001 5.84 (5.30–6.43)

 Quartile 4 76,212 106,825,4.08 3.19 (2.98–3.42)  < 0.001 10.52 (9.86–11.23) 1.57 (1.46–1.69)  < 0.001 7.21 (6.57–7.92)

 P for trend  < 0.001  < 0.001  < 0.001  < 0.001

 Per unit 
increase 1.074 (1.071–1.078)  < 0.001 0.223 (0.222–0.224) 1.030 (1.027–1.034)  < 0.001 0.087 (0.086–0.088)

Hypertension

 Quartile 1 61,976 841,737.89 Ref 12.29 (11.76–12.85) 14.04 (13.22–14.89)

 Quartile 2 59,110 795,706.80 1.17 (1.14–1.21)  < 0.001 14.31 (13.69–14.94) 1.03 (1.0–1.06) 0.08 14.36 (13.53–15.23)

 Quartile 3 76,506 101,865,7.63 1.38 (1.34–1.12)  < 0.001 16.61 (15.94–17.31) 1.09 (1.05–1.12)  < 0.001 15.11 (14.26–16.0)

 Quartile 4 76,212 100,044,1.91 1.76 (1.71–1.81)  < 0.001 20.88 (20.08–21.70) 1.19 (1.16–1.23)  < 0.001 16.67 (15.75–17.63)

 P for trend  < 0.001  < 0.001  < 0.001  < 0.001

 Per unit 
increase 1.036 (1.031–1.038)  < 0.001 0.487 (0.486–0.489) 1.012 (1.010–1.014)  < 0.001 0.149 (0.148–0.150)

Stroke

 Quartile 1 61,976 871,489.47 Ref 1.04 (0.89–1.21) Ref 1.19 (0.98–1.43)

 Quartile 2 59,110 832,548.09 0.99 (0.91–1.09) 0.898 1.03 (0.88–1.21) 0.95 (0.87–1.04) 0.239 1.13 (0.93–1.36)

 Quartile 3 76,506 107,628,4.50 1.12 (1.03–1.22) 0.006 1.17 (1.0–1.36) 1.02 (0.94–1.11) 0.662 1.21 (1.0–1.46)

 Quartile 4 76,212 107,460,1.90 1.28 (1.18–1.39)  < 0.001 1.34 (1.15–1.55) 1.08 (0.99–1.17) 0.08 1.29 (1.07–1.55)

 P for trend  < 0.001  < 0.001 0.018  < 0.001

 Per unit 
increase 1.018 (1.014–1.023)  < 0.001 0.033 (0.032–0.034) 1.007 (1.003–1.012) 0.003 0.013 (0.012–0.014)

Table 2.  Hazard ratio and absolute risk of cardiometabolic multimorbidity and specific cardiometabolic 
diseases according to per unit and quartile increase in INFLA score. AR Absolute risk, HR Hazard ratio, CI 
Confidence interval, HR and AR have been adjusted. Model 1 adjusted age, sex, and race. Model 2 adjusted age, 
sex, race, body mass index, diastolic blood pressure, systolic blood pressure, HDL, LDL, TG, physical activity, 
hypercholesterolemia, current use of lipid lowering drugs, current use of aspirin, drinker, and smoker.
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Fig. 3.  Subgroup analyses were conducted to examine the associations (hazard ratios, 95% CIs) between 
INFLA-score quartiles and the risk of cardiometabolic multimorbidity. The first quartile is the reference group. 
HRs and 95% CIs have been adjusted by age, sex, race, body mass index, diastolic blood pressure, systolic blood 
pressure, HDL, LDL, TG, physical activity, hypercholesterolemia, current use of lipid lowering drugs, current 
use of aspirin, drinker, and smoker.

 

Scientific Reports |        (2024) 14:22635 9| https://doi.org/10.1038/s41598-024-72988-7

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


prevalence of CMM in our study was notably higher at 5.02%, surpassing rates reported in the UK (1.21%) and 
China (3.07%)35,36. This divergence could stem from the omission of hypertension in the latter two studies. Many 
studies have focused on the association between chronic inflammation and specific CMDs, yielding inconsistent 
results. For instance, Kansui et al., in a study involving 2991 Japanese men, reported that baseline elevated levels 
of WBC count were not associated with the future incidence of hypertension37. Conversely, a retrospective 
cohort study based on the entire population of 96,606 Koreans reported a correlation between WBC and CRP 
quartiles and the incidence of hypertension38. In a meta-analysis by Danish et al., baseline CRP levels and WBC 
count had similar effects on CVD risk39. Similarly, Bao X, et al. reported that total WBC counts, along with CRP, 

Fig. 5.  Adjusted median time difference for new-onset cardiometabolic multimorbidity and specific 
cardiometabolic diseases in the second, third and fourth quartile groups compared to the first quartile INFLA-
score group. Median difference = median occurrence time in reference group (Q1)—median occurrence time 
in comparison group. Negative values indicate a delay in the onset of events, while positive values indicate an 
earlier onset. In the AFT model, adjustments were made for age, sex, race, body mass index, diastolic blood 
pressure, systolic blood pressure, HDL, LDL, TG, physical activity, hypercholesterolemia, current use of lipid 
lowering drugs, current use of aspirin, drinker, and smoker.

 

Fig. 4.  Restricted cubic splines of INFLA-score and risk of cardiometabolic multimorbidity and specific 
cardiometabolic diseases. HRs and 95% CIs have been adjusted by age, sex, race, body mass index, diastolic 
blood pressure, systolic blood pressure, HDL, LDL, TG, physical activity, hypercholesterolemia, current use of 
lipid lowering drugs, current use of aspirin, drinker, and smoker.
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were associated with increased risks of diabetes and CVD40. Furthermore, a prospective, nested case–control 
study in women revealed that an elevated CRP level could predict the occurrence of T2DM; however, these 
results were not observed in Korean women38,41. A prospective longitudinal study with an average follow-up 
of 8.4 years indicated that baseline high levels of platelet count (even within the normal range) were positively 
correlated with the risk of T2DM and the occurrence of CVD42,43. Additionally, neutrophil-to-lymphocyte ratio 
(NLR) was correlated to the risk of hypertension, total CVD, myocardial infarction and ischaemic stroke, but 
not T2DM44–46. Overall, current epidemiological evidence supports a strong link between chronic low-grade 
inflammation and CMD, primarily owing to its role in the development of CMD by promoting thrombosis, 
exacerbating vascular damage and contributing to atherosclerosis47. However, different inflammatory markers 
may exhibit differential but complementary characteristics, which could be influenced by various factors such as 
age, gender and study sample size. Therefore, when assessing the role of chronic inflammation in CMD, a wider 
variety of inflammatory markers need to be included for a holistic understanding.

Unlike conventional inflammatory markers, our study introduced the INFLA-score, a composite 
inflammatory index based on four circulating biomarkers (CRP, platelet count, white blood cell count and Glr). 
The INFLA-score demonstrated a dose–response relationship with CMM, as evidenced by an increasing HR 
with ascending INFLA-score quartiles (first quartile, 4.41%; second quartile, 4.49%; third quartile, 5.04%; fourth 
quartile, 6.01%). Higher INFLA-score levels were significantly and positively associated with elevated hazards 
of CAD, hypertension, T2DM and stroke, consistent with previous studies38,40,45. Furthermore, the association 
between INFLA-score and stroke risk was comparatively weaker than in other CMDs, suggesting a potential 
dependence on blood pressure levels. Blood pressure is an important determinant of stroke, with approximately 
64% of patients with stroke presenting with concomitant hypertension48. Notably, hypertensive patients with 
concomitant elevated CRP levels have twice the risk of stroke compared to those with only high blood pressure49. 
Furthermore, the risk of stroke in hypertensive women is significantly higher than that in normotensive women, 
regardless of CPR levels, suggesting that inflammatory markers may play a mediating role between hypertension 
and stroke creation50. Therefore, in previous inflammation-related studies, increases or decreases in a single 
inflammatory marker could have been misinterpreted as an increase or decrease in the risk of certain diseases. 
Hence, a comprehensive assessment of the INFLA-score, encompassing multiple inflammatory markers, offers 
a more comprehensive assessment of chronic inflammation and may serve as a stable metric for identifying 
adverse cardiometabolic features, surpassing individual inflammatory markers in diagnostic51. The INFLA-
score thus emerges as a valuable tool for assessing chronic inflammation levels.

A recent study by Liu et al. examined the association between the INFLA-score and CMD in an obese 
population. The findings indicated that for each standard deviation increase in the INFLA-score, which includes 
hs-CRP, white blood cell count and GrL, the risk of CMD increased by 9.9%, 7.3%, 9.6% and 2.7%, respectively17. 
However, a one standard deviation increase in platelet count was not associated with an increased risk of CMD17. 
These results suggest that the INFLA-score provides a more comprehensive assessment of an individual’s overall 
inflammatory status by integrating multiple inflammatory markers. It captures the synergistic effects of various 
inflammatory pathways and offers a more accurate prediction of disease risk than any single inflammatory 
marker. Furthermore, the INFLA-score is more practical and reliable in clinical settings as it minimises the 
fluctuations and uncertainties associated with relying on individual biomarkers.

The AFT analysis illuminated the disparity in the acceleration of CMM onset based on INFLA-score levels. 
When grouping the INFLA-score into quartiles, the highest quartile group exhibited a significantly increased 
time interval for CMM onset compared to the lowest quartile, diverging significantly from the developmental 
trajectory of other specific CMDs. Patients with the highest INFLA-score experienced an accelerated time to 
CMM onset of 13.19 months compared to patients with the lowest score. Analysing the four CMDs facilitated a 
direct comparison of INFLA-score estimates for the time to onset of these diseases. Since CMM was defined as 
the co-occurrence of two CMDs, it was expected to share a similar pattern of development with other specific 
CMDs if the same intensity of inflammation-induced both CMDs alike. However, our findings suggested that 
higher INFLA-score levels may have accelerated the onset of the second CMD, thus significantly advancing the 
appearance of CMM. Threshold effect analyses corroborated this observation, revealing a significantly increased 
risk of CMM occurrence when the INFLA-score exceeded 9, with the highest INFLA-score fully encompassing 
this interval. Previous studies have underscored the heightened risk of cardiovascular complications and death 
associated with early-onset CMDs (such as diabetes and hypertension)52–54. Additionally, to exclude the potential 
influence of follow-up factors on time to onset, we compared the follow-up duration and time to onset for CMM 
and CMD in the entire cohort, revealing that follow-up time has a negligible impact on the observed outcomes, 
reinforcing the robustness of our findings.

In subgroup analyses, significant heterogeneity in the effect of INFLA-score on the incidence of CMM 
across different groups was observed. Notably, adults < 55 years exhibited a relatively higher risk of CMM with 
increasing INFLA-score compared to older participants. Our results are consistent with previous studies, such as 
a UK cross-sectional study revealing that elevated CRP levels were not associated with increased blood pressure 
in women aged 60–7955. Among participants under the age of 60, a positive correlation was observed between 
the systemic inflammation response index and the risk of myocardial infarction (MI), while no significant 
correlation was observed in those aged 60 and above56. Additionally, a 20-year follow-up study in the Honolulu 
Heart Program indicated a stronger association between CRP levels and MI and thrombotic stroke in men aged 
48–55 compared to those aged 56–7057,58. The weaker association in older age groups could be attributed to the 
presence of other risk factors overshadowing the effects of inflammation. With increasing age, CMDs can occur 
even in the absence of significant cardiovascular diseases. Therefore, inflammation may have a more pronounced 
role in relatively isolated disease development among middle-aged populations. The incidence of CMM in the 
middle-aged population may be relatively low; however, most individuals are not aware of their higher CMM 
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risk, leading to a significant disease burden. Therefore, early assessment of INFLA-score levels holds clinical 
significance.

Consistent with previous studies, our observations revealed lower physical activity and higher BMI and 
smoking rates among individuals with elevated inflammation levels59,60. Increasing evidence suggests high-
risk lifestyles play a crucial and distinctive role in the progression from health to the onset of CMDs, further 
advancing to CMM, and ultimately leading to death61. The correlation between higher BMI and a tenfold increase 
in CMM risk compared to healthy individuals is supported by evidence from 16 cohort studies62. The Moli-
sani cross-sectional study further illustrates a positive correlation between the Dietary Inflammatory Index and 
the INFLA-score20. Importantly, an unhealthy lifestyle also contributes to chronic inflammation. Moderate to 
vigorous leisure-time physical activity and a diet rich in natural fibres effectively reduce low-grade inflammation 
in high-risk individuals for CMDs, a correlation that persists even after adjusting for baseline BMI. Therefore, 
adopting a healthy lifestyle, encompassing dietary patterns, physical activity and smoking cessation in the era 
of multimorbidity might mitigate CMM risk by lowering low-grade inflammation. Nevertheless, even after 
accounting for BMI, alcohol consumption and smoking, our study found that the associations of the INFLA-
score with CMM remained robust. Future investigations should carefully explore the intricate interplay between 
lifestyle, chronic inflammation and CMM.

Strengths and limitations
This study represents the pioneering exploration into the impact of baseline INFLA-score levels on the risk of 
CMM alongside its constituent diseases. Several strengths underscore the significance of our findings. Firstly, as 
a prospective cohort study with a large sample size and extensive follow-up, it spans diverse age groups, ensuring 
broad applicability. Secondly, the utilisation of both the AFT model and the Cox model imparts robustness to 
the study results. Furthermore, the incorporation of extensive sensitivity analyses bolsters the internal validity 
of our findings.

However, certain limitations warrant consideration. Firstly, the INFLA-score relies on baseline data, 
introducing the potential impact of fluctuations over time. Secondly, the absence of data on additional 
inflammatory markers such as tumour necrosis factor-alpha, interleukin-6 (IL-6) and IL-8 limits the 
comprehensiveness of our analysis. Additionally, this study draws from the UK Biobank database, with 95% 
of the included population being Caucasian, thereby affecting the generalizability of our results. Lastly, the 
exclusion criteria for hypertension may not encompass all asymptomatic individuals, potentially leading to 
an underestimation of hypertension prevalence. Additionally, the current use of cholesterol-lowering drugs 
and aspirin, possessing anti-inflammatory effects, were adjusted for during the analysis, mitigating potential 
confounding effects.

Conclusion
This study demonstrates that chronic low-grade inflammation, as measured by the INFLA-score, is not only 
associated with an increased risk of CMM but also significantly accelerates its onset, particularly among middle-
aged individuals. These findings highlight the importance of proactive INFLA-score screening in adults free of 
CMDs to prevent the risk of CMM.

Data availability
This study was conducted using the UK Biobank Resource, Application Number: 107335. The data that support 
the findings of this study are available from UK Biobank (https://www.ukbiobank.ac.uk/.), but restrictions apply 
to the availability of these data, which were used under license for the current study, and so are not publicly 
available. The first (Cheng, wenke; e-mail: cwk2517@163.com) author should be contacted if someone wants to 
request the data from this study.
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