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ABSTRACT
As the global population ages, multimorbidity has become a critical public health issue. We analyzed 332,012 adults from the 
UK Biobank (2006–2022) to investigate the association between biological age—measured by the Klemera–Doubal method 
(KDM-BA) and phenotypic age (PhenoAge)—and a new comorbidity model encompassing physical, psychological, and cognitive 
disorders, with overall mortality outcomes over a median follow-up of 13.6 years. Logistic regression models examined the as-
sociation between baseline health status and accelerated aging, while Cox proportional hazards models assessed mortality risk 
and disorder development. Cross-sectional analysis showed that accelerated aging was linked to higher comorbidity prevalence. 
Longitudinal follow-up revealed that individuals in the highest quartile (Q4) of aging speed (residual difference between esti-
mated biological age and chronological age) had a 16%–17% higher risk of developing a single disorder, a 41%–44% higher risk 
of multimorbidity, and a 54% higher overall mortality risk compared with the lowest quartile (Q1). Among those with baseline 
single disorder, dual comorbidity, and triple morbidity, Q4 mortality risk increased by 89%–116%, 118%–166%, and 119%–156%, 
respectively. Multistate Markov models confirmed that accelerated aging (residual > 0) increased the risk of transitioning to 
disorder, comorbidity, and death by 12%–37%. Individuals aged 45 with triple comorbidity lost an average of 5.3 years in life ex-
pectancy (LE), further reduced by 5.8 to 7.0 years due to accelerated aging. This study highlights that KDM-BA and PhenoAge 
robustly predict multimorbidity trajectories, mortality, and shortened LE, supporting their integration into risk stratification 
frameworks to optimize interventions for high-risk populations.
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1   |   Introduction

The prevalence of multimorbidity on a global scale has become 
a significant public health concern (The Academy of Medical 
Science  2018). Multimorbidity is associated with adverse 
health outcomes, including decreased quality of life, higher 
healthcare costs, and an increased risk of premature death 
(Griffith et al. 2019; Vogeli et al. 2007). Notably, the accumula-
tion of chronic conditions exacerbates mortality risk (Menotti 
et al. 2001), and each additional chronic condition is associated 
with an average reduction of 1.8 years in life expectancy (LE) 
(DuGoff et  al.  2014). While COVID-19 temporarily reversed 
decades of progress in LE, the long-term burden of noncom-
municable chronic disease (NCDs) and their comorbidities re-
main the dominant driver of mortality, particularly in aging 
populations (GBD 2021 Causes of Death Collaborators  2024). 
Socioeconomic disparities further compound this issue, as de-
prived communities experience multimorbidity onset up to a de-
cade earlier than affluent groups, creating a synergistic “double 
burden” of accelerated biological aging and structural inequities 
(Skou et al. 2022). The coexistence of physical and mental disor-
ders not only affects individual health statuses but may also lead 
to complex interactions among these conditions, exacerbating 
symptoms, and increasing the demand for healthcare services 
(Ni et al. 2023). Moreover, in this context, the early identifica-
tion and proactive management of high-risk individuals with 
multimorbidity, alongside the formulation of effective public 
health intervention strategies, presents significant challenges to 
achieving healthy aging.

Given the complexity of multimorbidity, the integrated manage-
ment of multimorbidity is a key priority for age-related public 
health issues (Zhou et al. 2023). A significant challenge in this 
context is the varying health statuses of individuals due to the 
heterogeneity of the aging process (Klemera and Doubal 2006; 
Yusri et  al.  2024). Biological aging, particularly when accel-
erated, has garnered increasing attention for its potential role 
in the disruptions associated with the aging process (Ferrucci 
et  al.  2020; Piening et  al.  2020). These disruptions contribute 
significantly to the onset and progression of various diseases 
and encompass changes at the cellular and molecular levels 
that elevate the risk of developing multiple conditions (Duan 
et al. 2022; Jylhävä et al. 2017). Recent studies have indicated 
that accelerated aging is associated with a significant increase 
in the risk of rheumatoid arthritis (Chen et al. 2024), cardiomet-
abolic multimorbidity (Jiang et al. 2024), chronic kidney disease 
(Zheng et al. 2024), anxiety and depression (Gao et al. 2023), and 
cancer (Mak et al. 2023). Furthermore, research has highlighted 
correlations between accelerated aging and life course-related 
factors, such as prenatal smoking exposure (Cui et al. 2024), and 
childhood adversity (Yu et al. 2024). These findings suggest that 
accelerated aging can partially reflect an individual's cumula-
tive exposure throughout life and is linked to a higher incidence 
of physical and mental disorders in later years. Consequently, 
understanding biological age and its implications for health may 
serve as a robust tool for predicting physical and mental health 
disorders and guiding preventive strategies aimed at improving 
the quality of life for aging populations.

To address these gaps, we leverage the UK Biobank cohort to 
investigate how accelerated biological aging influences the 

trajectory of multimorbidity encompassing physical, psycho-
logical, and cognitive disorders. Furthermore, we quantify the 
extent to which accelerated aging mediates the association be-
tween multimorbidity, overall mortality, and LE. Our study 
aims to quantify the association between accelerated aging and 
adverse health outcomes, thereby providing evidence to sup-
port the application of related biomarkers in population-based 
settings.

2   |   Materials and Methods

2.1   |   Study Design and Participants

The overall study design, as depicted in Figure 1, was based 
on data obtained from the UK Biobank (Application 105435). 
The UK Biobank comprises over 500,000 UK residents aged 
37–73 years enrolled in this prospective cohort during 2006–
2010, with comprehensive baseline health, lifestyle, and 
biospecimen data (Sudlow et  al.  2015). In this study, after 
excluding participants lacking KDM-BA/PhenoAge metrics 
(n = 170,056) or with extreme biological age values (those out-
side 5SD from mean, n = 112), 332,012 individuals retained 
analyzable data, as depicted in Figure S1. Further exclusion of 
271,965 baseline prevalent cases resulted in 60,047 disorder-
free participants for evaluating associations between base-
line biological age acceleration and incident multimorbidity/
mortality.

2.2   |   Defining Multimorbidity

In our study, we established comorbidity patterns by in-
corporating specific long-term physical, psychological, and 
cognitive conditions. We integrated disease records from mul-
tiple sources, including self-reported diagnosed conditions, 
primary care records, inpatient diagnosis records, cancer reg-
istry, and death registry data, all categorized according to the 
International Classification of Diseases, 10th Revision (ICD-
10). Additionally, cognitive assessment data were incorporated 
into the analysis. For a detailed description of the data inte-
gration process and the specific sources utilized, please refer 
to Table S1. For physical disorders, we examined 35 long-term 
conditions that may have enduring impacts on bodily health 
(Zhou et  al.  2024), including cancer, chronic kidney disease, 
chronic obstructive pulmonary disease, diabetes, and liver dis-
ease. Psychological disorders were categorized as substance 
use disorder, schizophrenia, mood (affective) disorders, and 
neurotic, stress-related, and somatoform disorders. During 
baseline assessment, cognitive disorder was defined to include 
Alzheimer's disease and other dementias, along with cognitive 
testing, which comprises assessments of fluid intelligence, re-
action time, numeric memory, visuospatial memory, and pro-
spective memory (Table S2). Throughout follow-up, a diagnosis 
of Alzheimer's disease or other dementia was considered indic-
ative of cognitive disorder. The last recorded date for disease 
information was October 31, 2022.

The classification of whether a disorder was present at base-
line or developed during follow-up was based on the dates of 
disease recording and the baseline survey. Participants were 

 14749726, 2025, 9, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/acel.70142, W

iley O
nline L

ibrary on [06/04/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



3 of 15

classified as having a specific disorder type if they met either of 
the following criteria: presence of at least one ICD code corre-
sponding to a physical, psychological, or cognitive disorder, or 
a positive assessment on a cognitive impairment scale indicat-
ing cognitive disorder. Based on these criteria, individuals with 
only one disorder type (physical, psychological, or cognitive) 
were categorized as having a single disorder; those with two 
different disorder types were categorized as having dual comor-
bidity; and individuals with all three disorder types—physical, 
psychological, and cognitive—were classified as having triple 
comorbidity.

2.3   |   Mortality

Death records were obtained from the National Health Service 
(NHS) Information Centre for England and Wales, and the NHS 
Central Register for Scotland. The last recorded date of death 
was December 19, 2022.

2.4   |   Biological Aging

Biological age was assessed via two indices, the Klemera–
Doubal method biological aging (KMD-BA) and phenotypic age 
(PhenoAge), which leverage specific clinical biomarkers, as de-
tailed in Table S3.

2.4.1   |   Klemera–Doubal Method Biological Age 
(KDM-BA)

The KDM-BA is a composite biomarker-based aging metric 
developed by Klemera and Doubal, which integrates clinical 
parameters associated with age-related physiological decline 
(Klemera and Doubal  2006). For our study, we selected nine 
biomarkers spanning cardiovascular, metabolic, inflammatory, 
and renal function domains, each of which has been linked to 
aging processes. These biomarkers include systolic blood pres-
sure, forced expiratory volume in 1 s, total cholesterol, glycated 

FIGURE 1    |    Flowchart of the overall study design.
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hemoglobin, urea, C-reactive protein, alkaline phosphatase, al-
bumin, and creatinine (Table S3). The KDM-BA was calculated 
using a weighted least-squares regression model:

where xi represents the individual measurements for each bio-
marker; and where ki, qi, si are the intercept, slope, and root 
mean square error, respectively. These values were estimated 
from the regression analysis of chronological age for each bio-
marker for both males and females. The term sBA denotes the 
square root of the variance in chronological age explained by the 
selected set of biomarkers.

2.4.2   |   Phenotypic Age (PhenoAge)

PhenoAge estimates the biological age at which an individ-
ual's mortality risk matches the population average (Levine 
et  al.  2018). The algorithm was trained on the NHANES III 
cohort, a nationally representative US population with linked 
mortality data, ensuring generalizability to diverse aging tra-
jectories. We calculated PhenoAge using chronological age and 
nine biomarkers predictive of mortality risk (Table S3); the mor-
tality risk was derived as:

where mortality risk = 1 − e−e
xb[exp(120×�)−1]∕� , � = 0.0076927, 

 Then, “KDM-BA acceleration” and “PhenoAge acceleration” 
were calculated as the residuals from regressing biological age on 
chronological age. Individuals with positive residuals were defined 
as having accelerated aging. All the data were derived from base-
line blood and urine samples, along with relevant health metrics 
from routine physical examinations. Biological age indices were 
generated via the R package “Bioage” (Kwon and Belsky 2021). 
The construction of the biological age indices was informed by 
methodologies reported in previous studies (Cui et al. 2024).

2.5   |   Covariates

In this study, all covariates were assessed at baseline, including 
demographic, socioeconomic, lifestyle, and environmental factors 

that might influence the outcomes. The demographic variables 
included chronological age at recruitment, sex (male and female) 
and ethnicity (White and Others). Educational attainment was 
classified into levels: higher education, secondary education, pro-
fessional and other qualifications, and no formal qualifications. 
To assess socioeconomic status, we employed the Townsend 
deprivation index alongside average total household income prior 
to tax, with the latter categorized into distinct income brackets.

Lifestyle factors included alcohol intake and smoking status 
(defined as never or ever), and body mass index (BMI) was di-
vided into categories of normal weight (< 25 kg/m2), overweight 
(25–30), and obesity (> 30). Physical activity was measured in 
terms of metabolic equivalent task (MET) minutes per week, 
whereas dietary habits were assessed via a healthy diet score 
ranging from 0 to 5, with higher scores indicating a healthier di-
etary pattern (Table S4). Furthermore, air pollution variables in-
cluded measurements of nitrogen dioxide (NO2), nitrogen oxides 
(NOx), fine particulate matter (PM2.5), and particulate matter 
with a diameter of 10 μm or less (PM10) in micrograms per cubic 
meter (μg/m3).

2.6   |   Statistical Analyses

All analyses were performed by using Stata 17.0 MP (Stata Corp.) 
and R version 4.3.0 (R Foundation for Statistical Computing). 
The baseline characteristics of the participants were reported on 
the basis of different comorbidity conditions. Continuous vari-
ables are presented as the means ± standard deviations (SDs), 
whereas categorical variables are reported as frequencies and 
percentages. To handle missing data, we implemented multiple 
imputation to generate 20 complete datasets. Ordered logistic 
regression models were used for imputing ordinal categorical 
variables, including household income and education level. For 
continuous variables potentially containing negative values (e.g., 
deprivation index), multivariate normal distribution imputation 
was applied, with values constrained to a plausible range. Non-
negative continuous variables, such as weekly physical activity 
levels and air pollution, were imputed using mean substitution. 
The distributions of the data before and after imputation were 
compared (see Figure S2). All analyses were conducted by pool-
ing results from the 20 imputed datasets to ensure robustness 
and reliability of the findings.

2.6.1   |   Cross-Sectional Analyses

Logistic regression analysis was conducted to evaluate the as-
sociations between biological aging and the presence of single 
disorders and comorbidities at the baseline. The results are pre-
sented as odds ratios (ORs) with 95% confidence intervals (CIs), 
adjusted for potential confounding variables.

2.6.2   |   Longitudinal Analyses

Among participants without pre-existing disorders at baseline, 
we employed Cox proportional hazards models to examine lon-
gitudinal risks of incident disorder development, multimorbidity 

KDM-BA =

∑n
i=1

�

xi − qi
� ki
s2
i

+
CA

s2
BA

∑n
i=1

�

ki
s2
i

�2

+
1

s2
BA

PhenoAge = 141.50225 +
ln
[

− 0.00553 × ln(1 −mortality risk)
]

0.090165

xb= −19.907 + 0.0804 × Chronological age − 0.012

× lymphocyte percentage + 0.0268

×mean sphered cell volume + 0.1953

× glucose + 0.3306

× red cell distribution width + 0.0554

× white blood cell count−0.0336

× albumin + 0.0954 × ln(C-reactive protein)

+ 0.00188 × alkaline phosphatase.
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accumulation, and mortality. Hazard ratios (HRs) with 95% 
confidence intervals were calculated after controlling for key 
covariates. To characterize potential nonlinear relationships, 
restricted cubic spline (RSC) analyses were implemented to 
quantify the association gradient between biological aging ac-
celeration and health outcomes.

A continuous-time multistate Markov model was employed to 
estimate transition probabilities between distinct health states 
over the follow-up period, including transient states (e.g., no 
condition, single disorder, and comorbidity) and an absorbing 
state (death). Transient states permit transitions to other health 
states or death, whereas the absorbing state (death) represents 
a terminal event with no further transitions (Figure  S3). This 
approach, implemented in the R package “msm,” is well-suited 
for analyzing health state transitions over time (Jackson 2011; 
Talifu et  al.  2024). Transition intensities between states were 
modeled using proportional hazards, with baseline covariates 
incorporated as modifiers of transition rates. Parameters were 
estimated via maximum likelihood estimation, accounting for 
interval-censored observation times.

Years of life lost (YLLs), which reflect the difference in life ex-
pectancy among different comorbidity patterns compared with 
a healthy state, were calculated by adapting a two-step pro-
cess from the literature (Chudasama et  al.  2019; Lambert and 
Royston 2009). First, flexible parametric survival models were 
employed with age as the time scale to estimate residual life ex-
pectancy. This was done by calculating the area under the sur-
vival curve up to 100 years, conditional on survival from ages 
45 to 100 in 1-year intervals. Second, the differences in years of 
life were determined by comparing the areas under two survival 
curves, reflecting the life expectancy differences between co-
morbidity patterns and a healthy reference group. To determine 
life expectancy, proportional hazard survival analyses were per-
formed via the stpm2 command, which applies restricted cubic 
splines to model the baseline cumulative hazard.

2.7   |   Sensitivity Analyses

To enhance robustness of our findings, the study incorporated 
two of the most commonly used biological age measures for 
analysis. Subsequently, we performed a series of sensitivity 
analyses to validate the results. First, we analyzed the dataset 
without imputation to evaluate the potential influence of covari-
ate imputation on the outcomes. Next, we excluded individuals 
who experienced death or developed any disorder within the 
first 5 years of follow-up to mitigate the risk of reverse causal-
ity. Finally, to further strengthen the analysis, we employed 
telomere length as an alternative biomarker of biological age 
(Jylhävä et al. 2017).

3   |   Results

3.1   |   Characteristics of Participants

Table  1 summarizes the baseline characteristics of these par-
ticipants, categorized into no condition, single disorder, dual 
comorbidity, and triple comorbidity groups. The average age at 

recruitment was 56.4 years, with 54.0% of the participants being 
female. Biological age was greater among participants with mul-
tiple comorbidities than among those without corresponding 
conditions.

At baseline, 60,047 individuals (18.1%) were classified as hav-
ing no condition, were free from any of the included disorders, 
166,254 individuals (50.1%) reported a single physical disorder, 
5842 (1.8%) had a single psychological disorder, and 11,409 
(3.4%) experienced a single cognitive disorder. Concurrent con-
ditions included 36,121 participants (10.9%) with both physical 
and psychological disorders, 40,345 (12.1%) with both physi-
cal and cognitive disorders, and 1298 individuals (0.4%) who 
were found to have both psychological and cognitive disorders. 
Notably, 10,696 individuals (3.2%) presented with all three dis-
orders. These baseline comorbidity patterns are illustrated in 
Figure S4A.

During a median follow-up of 13.6 years, 26,886 participants 
(8.1%) died (Figure S4B). Among the 305,126 survivors, 52,934 
individuals (15.9%) remained healthy with no conditions. A total 
of 133,057 participants (40.1%) only had physical disorder, 9930 
(3.0%) only had psychological disorder, and 5508 (1.7%) only had 
cognitive disorder. Additionally, 54,668 participants (16.5%) had 
both physical and psychological disorders, 31,614 individuals 
(9.5%) had both physical and cognitive disorders, and 1219 in-
dividuals (0.4%) had both psychological and cognitive disorders. 
Triple comorbidities were present in 16,196 individuals (4.9%).

3.2   |   Accelerated Biological Aging 
and the Prevalence of Multimorbidity at 
the Baseline

For participants with a single disorder, KDM-BA acceleration 
was associated with increased risk (OR: 1.03, 95% CI: 1.01–1.05, 
p < 0.001). While, PhenoAge acceleration did not significantly 
increase risk (OR: 1.01, 95% CI: 0.99–1.03, p = 0.205). When an-
alyzing the data by quartiles, individuals in the fourth quartile 
of both KDM-BA and PhenoAge exhibited significantly higher 
odds, with a 59% and 61% increase, respectively (OR: 1.59, 
95% CI: 1.54–1.64; OR: 1.61, 95% CI: 1.56–1.66, both p < 0.001) 
(Table S5).

In the context of dual comorbidity, both KDM-BA and PhenoAge 
acceleration were significantly associated with increased odds 
(KDM-BA: OR: 1.07, 95% CI: 1.05–1.10, p < 0.001; PhenoAge: OR: 
1.04, 95% CI: 1.01–1.06, p < 0.001). Notably, the quartile analysis 
revealed even more pronounced increases in odds. Specifically, 
individuals in the fourth quartile of KDM-BA exhibited a 93% 
increase in odds (OR: 1.93, 95% CI: 1.86–2.00, p < 0.001), while 
those in the fourth quartile of PhenoAge showed a 107% increase 
in odds (OR: 2.07, 95% CI: 2.00–2.14, p < 0.001).

For triple comorbidity, each standard deviation (SD) increase 
in KDM-BA acceleration was associated with a 20% increase in 
odds (OR: 1.20, 95% CI: 1.15–1.26, p < 0.001), while PhenoAge ac-
celeration was associated with a 12% increase in odds (OR: 1.12, 
95% CI: 1.07–1.17, p < 0.001). In the quartile analysis, individuals 
in the fourth quartile of KDM-BA exhibited a 118% increase in 
odds (OR: 2.18, 95% CI: 2.03–2.34, p < 0.001), and those in the 
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fourth quartile of PhenoAge showed an even greater increase 
of 169% in odds (OR: 2.69, 95% CI: 2.51–2.88, p < 0.001). Trend 
analyses across quartiles for both measures revealed significant 
linear trends for all conditions (p for trend < 0.001).

3.3   |   Association Between Biological 
Aging Acceleration and the Risk of Chronic 
Multimorbidity in Baseline Disorder-Free 
Individuals

To investigate the associations between accelerated aging and 
different patterns of multimorbidity, we selected 60,047 indi-
viduals who were free of any diagnosed disorders at baseline. 
Among these participants, the number of individuals who de-
veloped somatic-cognitive-mental triple comorbidity during fol-
low-up was relatively low (n = 112). To ensure the robustness of 
the results, both dual and triple comorbidity were combined into 
a single group for analysis (Table S6).

KDM-BA acceleration was associated with a 12% higher risk of 
incident single disorder (HR: 1.12, 95% CI: 1.09–1.15, p < 0.001) 
and a 32% higher risk of incident dual/triple comorbidity (HR: 
1.32, 95% CI: 1.23–1.41, p < 0.001). In the quartile analysis, in-
dividuals in the fourth quartile of KDM-BA acceleration ex-
hibited a 16% higher risk of incident single disorder (HR: 1.16, 
95% CI: 1.13–1.20, p < 0.001) and a 44% higher hazard of in-
cident dual/triple comorbidity (HR: 1.44, 95% CI: 1.32–1.57, 
p < 0.001). Similarly, PhenoAge acceleration was associated 
with a 19% higher risk of incident single disorder (HR: 1.19, 
95% CI: 1.13–1.26, p < 0.001) and a 49% higher risk for dual/tri-
ple comorbidity (HR: 1.49, 95% CI: 1.32–1.68, p < 0.001). In the 
quartile analysis, individuals in the fourth quartile of PhenoAge 

acceleration showed a 17% higher risk of incident single disorder 
(HR: 1.17, 95% CI: 1.14–1.21, p < 0.001) and a 41% higher risk of 
incident dual/triple comorbidity (HR: 1.41, 95% CI: 1.30–1.54, 
p < 0.001). Dose–response analyses further demonstrated that 
both KDM-BA and PhenoAge accelerations were significantly 
associated with an increased hazard of incident disorders 
(Figure 2).

3.4   |   Accelerated Aging and Mortality Risk Under 
Different Baseline Conditions

The results of the Cox proportional hazards model indicate that 
accelerated aging significantly increases the risk of mortality, 
with heightened risks observed in individuals with chronic con-
ditions and comorbidities (Figure S5). For individuals without 
any conditions, those in the fourth quartile of KDM-BA and 
PhenoAge accelerated aging had the same 54% increased risk 
of mortality compared with those in the first quartile (HR: 1.54, 
95% CI: 1.37–1.173; HR: 1.54, 95% CI: 1.37–1.72, both p < 0.001). 
In individuals with a single disorder, the risk escalated to 89% 
(HR: 1.89, 95% CI: 1.80–1.198, p < 0.001) and 116% (HR: 2.16, 
95% CI: 2.06–2.27, p < 0.001). For those with dual comorbidities, 
the risk further increased to 118% (HR: 2.18, 95% CI: 2.04–2.32, 
p < 0.001) and 166% (HR: 2.66, 95% CI: 2.47–2.86, p < 0.001). 
When experiencing triple comorbidities, the risk levels were 
comparable to those with dual comorbidities, with increases 
of 119% (HR: 2.19, 95% CI: 1.87–2.57, p < 0.001) and 156% (HR: 
2.56, 95% CI: 2.14–3.06, p < 0.001). Additionally, the analysis of 
mortality risk associated with accelerated aging revealed a lin-
ear growth pattern for both KDM-BA and PhenoAge, demon-
strating that higher levels of accelerated aging were significantly 
associated with increased mortality risk across different 

FIGURE 2    |    Dose–response relationships of KDM-BA and PhenoAge accelerations with risks of single disorder and multimorbidity during follow-
up in baseline disorder-free population. (A, B) Associations of KDM-BA acceleration with the risk of (A) single disorder, (B) comorbidity. (C, D) asso-
ciations of PhenoAge acceleration with the risk of (C) single disorder, (D) comorbidity. The models were adjusted for age, sex, ethnicity, BMI, smoking 
status, alcohol intake, healthy diet, physical activity, Townsend deprivation index, household income, and air pollution.
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baseline health status groups (Figure S6). Notably, this risk was 
more pronounced in individuals with multiple comorbidities at 
baseline.

3.5   |   Accelerated Aging and the Risk 
of Transitioning Between Different States

The multistate Markov model analysis indicated that individ-
uals with accelerated aging, whether assessed by KDM-BA or 
PhenoAge, faced a significantly elevated risk of disorders, co-
morbidities, and mortality (Figure 3). Specifically, the transition 
from healthy to single disorder was associated with a 13% in-
crease for accelerated KDM-BA (HR: 1.13, 95% CI: 1.12–1.14) and 
a 12% increase in risk for accelerated PhenoAge (HR: 1.12, 95% 
CI: 1.10–1.13). Furthermore, the transition from single disorder 
to dual comorbidity indicated a risk increase of 16% for KDM-BA 
(HR: 1.16, 95% CI: 1.15–1.17) and 22% for PhenoAge (HR: 1.22, 
95% CI: 1.21–1.24). When assessing the transition from single 
disorder to death, risks increased by 19% for KDM-BA (HR: 
1.19, 95% CI: 1.15–1.17) and 30% for PhenoAge (HR: 1.30, 95% 
CI: 1.27–1.33). The risk of transitioning from dual comorbidity 
to triple comorbidity increased by 25% for KDM-BA (HR: 1.25, 
95% CI: 1.23–1.28) and 29% for PhenoAge (HR: 1.29, 95% CI: 

1.27–1.29). Additionally, the transition from Dual Comorbidity 
to Death exhibited a 30% risk increase for KDM-BA (HR: 1.30, 
95% CI: 1.28–1.33) and a substantial 36% increase for PhenoAge 
(HR: 1.36, 95% CI: 1.34–1.39). Notably, among individuals with 
baseline triple comorbidities, accelerated KDM-BA was associ-
ated with a 34% increase in mortality risk (HR: 1.34, 95% CI: 
1.31–1.38), while accelerated PhenoAge corresponded to a 37% 
increase in mortality risk (HR: 1.37, 95% CI: 1.34–1.40).

3.6   |   Life Expectancy

3.6.1   |   Multimorbidity

At Age 45, individuals without any disorders have an average life 
expectancy of 42.9 years (95% CI 41.1, 44.7), corresponding to a 
projected lifespan of approximately 87.9 years (Table S7). Those 
with a single disorder experienced a life expectancy of 40.5 years 
(95% CI 39.7, 41.3), reflecting a decline of 2.4 years. Life expectancy 
further decreases for individuals with dual disorders to 39.0 years 
(95% CI 38.0, 39.9), representing a reduction in 3.9 years. The most 
substantial decline was observed in individuals with triple dis-
orders, who had an average life expectancy of 37.6 years (95% CI 
35.5, 39.8), indicating a reduction in 5.3 years (Figure 4).

FIGURE 3    |    Hazard ratios (HRs) and 95% confidence intervals (CIs) for transition risks associated with KDM-BA and PhenoAge accelerations. In 
the multistate Markov model, sex, age, and PhenoAge/KDM-BA acceleration (converted to standard deviations) were included as covariates. Only 99 
cases transitioned from “No condition” to death, and these cases were excluded from the analysis to ensure model stability.

FIGURE 4    |    Life expectancy and years of life lost associated with single, dual, and triple disorders compared with healthy individuals across age 
groups. Models were adjusted for age, sex, ethnicity, BMI, smoking status, alcohol intake, healthy diet, physical activity, Townsend deprivation index, 
household income, and air pollution.
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3.6.2   |   Biological Aging Acceleration

On the basis of various baseline health conditions, individuals 
experiencing accelerated biological aging are expected to experi-
ence varying levels of life expectancy reduction (Figure S7). For 
those with no condition, at Age 45, individuals in the Q4 group 
of PhenoAge acceleration had a reduced LE by 2.9 years (95% CI: 
2.0, 3.9) compared with those in the Q1 group, whereas those 
experiencing KDM-BA acceleration had a reduction in 2.9 years 
(95% CI: 1.9, 3.9). For those with a single disorder, the Q4 group 
of PhenoAge acceleration had an LE reduction in 5.4 years (95% 
CI: 4.8, 6.0), while the KDM-BA accelerated individuals had a 
reduction in 4.5 years (95% CI: 4.0, 5.0). In the presence of dual 
comorbidities, the Q4 group of PhenoAge acceleration experi-
enced an LE reduction in 7.0 years (95% CI: 6.2, 7.8), whereas 
the KDM-BA accelerated individuals experienced a reduction in 
5.7 years (95% CI: 5.0, 6.4). For those with triple comorbidities, 
the reduction in LE for the Q4 group of PhenoAge acceleration 
was 6.9 years (95% CI: 4.9, 8.9), while the KDM-BA acceleration 
group showed a reduction in 5.8 years (95% CI: 4.1, 7.7).

3.7   |   Sensitivity Analyses Results

First, we conducted an analysis using nonimputed data to eval-
uate the potential impact of covariate imputation on the results. 
The findings from this analysis were consistent with our pri-
mary results, demonstrating robustness in the observed associ-
ations (Tables S8 and S9). Second, in the analysis of the baseline 
disorder-free population, we further excluded individuals who 
developed physical, psychological, or cognitive disorders or died 
within the first 5 years of follow-up. This exclusion was imple-
mented to minimize the possibility of reverse causality between 
adverse health outcomes and mortality (Figure S8). The results 
confirmed that accelerated biological aging, as measured by 
KDM-BA and PhenoAge, remained a strong predictor of adverse 
health outcomes even in individuals without pre-existing con-
ditions (Table  S10). Finally, we utilized telomere length as an 
alternative biomarker of biological age. The analysis revealed 
that shorter telomeres were associated with an increased risk of 
multimorbidity, higher mortality risk, and reduced life expec-
tancy (Tables S11 and S12, Figures S9 and S10). Notably, the risk 
of reduced life expectancy associated with telomere shortening 
was lower than that associated with accelerated biological age.

4   |   Discussion

In this study, we tested the risk of comorbidities involving phys-
ical, mental, and cognitive disorders among more than 330,000 
middle-aged and older adults in the UK Biobank, via biological 
age, which was constructed from physiological and biochemi-
cal indicators. The key findings suggest that an accelerated bi-
ological age is significantly associated with a greater likelihood 
of comorbid physical, psychological, and cognitive disorders, 
as well as an increased risk of comorbidity and mortality over 
an average follow-up period of 13.6 years. Moreover, the onset 
of such comorbidities significantly shortens an individual's life 
expectancy. Notably, individuals experiencing accelerated aging 
experience varying degrees of reduced life expectancy, depend-
ing on their baseline health status.

In our study, two commonly used biological age metrics were 
utilized. The PhenoAge model provided more stable risk pre-
dictions for multimorbidity than the KDM-BA model, likely 
due to the lower proportion of individuals identified as having 
accelerated aging by PhenoAge (28,233 individuals, 8.7% of 
the baseline population) compared with the KDM-BA model 
(105,509 individuals, 31.6% of the baseline population), as out-
lined in Table S5. The smaller subset of individuals classified as 
accelerated by PhenoAge may improve its sensitivity in identi-
fying high-risk populations. Furthermore, PhenoAge incorpo-
rates a broader range of clinical biomarkers, enabling a more 
comprehensive assessment of the health impacts resulting from 
physiological changes across different systems (Liu et al. 2018). 
In public health practice, merely determining whether aging 
is accelerated (i.e., a positive difference from chronological 
age) may be insufficient for risk assessment, as no current bi-
ological age metric can fully capture the progression of aging 
(Johnson and Shokhirev 2024). Therefore, we recommend also 
considering the extent of accelerated aging. Our dose–response 
relationship analysis further underscored this point, revealing 
that even modest increases in biological age can correlate with 
significantly heightened risks of multimorbidity and reduced 
LE. Different biological age assessment methods may empha-
size varying aspects of the body's condition, suggesting that a 
combined approach utilizing multiple biological age metrics 
could be beneficial in practice (Belsky et  al.  2018; Ferrucci 
et al. 2020).

Aging cannot be attributed solely to discrete molecular or cel-
lular processes; rather, it results from disruptions in the in-
tricate interactions among numerous biological processes 
occurring both within and across tissues (Cohen et  al.  2022). 
Consequently, biological age should not be viewed as merely a 
reflection of a single biomarker, but rather as a complex outcome 
derived from the interplay of various physiological changes, 
chronic low-grade inflammation, oxidative stress, and other 
multifaceted factors (Langenberg et al. 2023; Meier et al. 2023). 
These mechanisms collectively position biological age as a 
crucial indicator for assessing individual health risks and the 
progression of chronic diseases. With aging, the body's chronic 
low-grade inflammatory responses become increasingly pro-
nounced (Meier et al. 2023). The levels of inflammatory markers 
such as C-reactive protein may rise as biological aging acceler-
ates. These inflammatory markers are not only directly linked 
to a range of physical diseases, such as cardiovascular disease, 
diabetes (as indicated by glucose and glycated hemoglobin lev-
els), and dementia but also contribute to the onset of chronic 
diseases, disability, frailty, and premature mortality, creating a 
positive feedback loop among multiple diseases (Ferrucci and 
Fabbri 2018). As an individual's age increases, factors such as 
cholesterol and blood pressure levels are associated with in-
creased oxidative stress, leading to mechanisms such as vascu-
lar inflammation and endothelial dysfunction that contribute 
to cellular damage and death (Vatner et  al.  2020). Oxidative 
damage affects major organs, including the heart, lungs, and 
liver, and has significant implications for brain cell health, as 
reflected by forced expiratory volume and vascular indicators 
(Barrows et al. 2019). Therefore, these insights strongly support 
the notion that biological age reflects the intricate interplay of 
physiological factors, significantly influencing overall health 
outcomes and chronic disease trajectories.
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Our findings revealed a striking gradient: individuals with ac-
celerated biological aging and physical–psychological–cognitive 
comorbidity at baseline experienced greater life expectancy loss 
compared to those without conditions. This suggests that ac-
celerated aging may interacts synergistically with pre-existing 
multimorbidity. This finding aligns with the literatures on bio-
logical aging and health deterioration (Duan et al. 2022; Jylhävä 
et al. 2017). From the perspective of biological mechanisms of 
aging, aging is the result of complex interactions between ge-
netic, environmental, behavioral, and psychological risk fac-
tors (Kroemer et  al.  2025). In simpler terms, with aging, the 
combined effects of structural changes in chromosomes, ho-
meostenosis, and stem cell exhaustion lead to an accumulation 
of cellular waste at the microscopic level. When cellular dam-
age exceeds the capacity for cellular regeneration, the organ-
ism begins to age, this process triggers functional disturbances 
at the cellular level, which subsequently result in the decline 
and dysfunction of organs and physiological systems (López-
Otín et  al.  2023). Specifically, the ‘inflammaging’ framework 
posits that chronic low-grade inflammation creates a permis-
sive environment for tissue damage accumulation (Franceschi 
et al. 2018). Our KDM-BA and PhenoAge models, which incor-
porates C-reactive protein, may capture this feedforward loop 
where each additional disorder elevates systemic inflammation, 
thereby accelerating biological aging metrics disproportionately. 
Secondly, comorbidity imposes simultaneous energy demands 
on multiple organ systems (Miwa et al. 2022). Accelerated aging 
may reflect mitochondrial allostatic overload in different or-
gans—a state where chronic oxidative stress exceeds cellular 
repair capacity (Miwa et al. 2022). This is particularly relevant 
given that both KDM-BA and PhenoAge incorporates albumin 
and creatinine, biomarkers sensitive to mitochondrial efficiency. 
Finally, disease-specific epigenetic reprogramming may cre-
ate a permissive landscape for accelerated aging (Horvath and 
Raj 2018). The PhenoAge algorithm, originally trained on meth-
ylation sites predictive of mortality (Levine et al. 2018), captures 
this process through its incorporation of inflammatory and met-
abolic biomarkers. Importantly, in the sensitivity analysis, we 
found that individuals with shortened telomeres had a higher 
risk of multimorbidity and mortality (Figure  S8, Table  S11). 
This could stem from accelerated telomere attrition in progeni-
tor cells, which may attempt to compensate for multiorgan func-
tional decline.

As global public health has advanced, the survival rates of pa-
tients with common acute and chronic diseases have signifi-
cantly improved, with the burden of disease increasingly shifting 
toward noncommunicable diseases (NCDs) (Li et  al.  2020). 
Health behavior-related diseases, such as cardiovascular dis-
eases, cancers, chronic obstructive pulmonary disease, and dia-
betes, are becoming the predominant health burdens (Anderson 
and David Colby 2010; Tinetti et al. 2012). Nearly three-quarters 
of individuals aged 65 and older are living with multiple chronic 
conditions, making them the primary consumers of healthcare 
services and accounting for more than two-thirds of total health-
care spending (Vogeli et  al.  2007). Those with multimorbidity 
tend to experience longer hospitalizations and a higher risk of 
premature mortality than individuals with single diseases do 
(Smith et al. 2021). This shift in the disease spectrum underscores 
the necessity for future public health policy development to bet-
ter balance disease-centered specialty care with patient-centered 

primary care and community health systems, promoting a tran-
sition toward a “health-centered” approach (The Academy of 
Medical Science 2018). Currently, primary care and community-
based multidisciplinary interventions are crucial approaches, 
yet higher-quality evidence regarding their effectiveness in ad-
dressing multimorbidity remains essential (Smith et al. 2021). In 
this context, the concept of comprehensive geriatric assessment 
(CGA) based on multidisciplinary teams is valuable. CGA can 
comprehensively evaluate various dimensions of older individ-
uals, including medical, psychological, cognitive, and environ-
mental factors, demonstrating positive effects on improving 
outcomes and reducing hospitalization and mortality rates 
(Parker et al. 2017; Wu et al. 2024). Aging is a significant risk 
factor for multimorbidity; however, according to a large-scale 
cross-sectional survey, while the prevalence of multimorbidity is 
markedly higher in those aged 65 years and older, the sheer size 
of the younger population means that there are more individu-
als under 65 years living with multimorbidity than in the older 
cohort (Barnett et al. 2012). If public health intervention strate-
gies are solely based on chronological age (i.e., focusing on older 
adults), this may overlook a larger, more cost-effective group for 
intervention. The cumulative effects of health throughout life 
also impact the biological age of middle-aged and older adults 
(Cui et al. 2024; Yu et al. 2024). Compared with chronological 
age, biological age more accurately reflects an individual's ex-
periences throughout their life, and is influenced by genes, the 
environment, and health behaviors (Oblak et al. 2021). In fact, 
more than 50% of premature deaths attributable to noncommu-
nicable diseases are preventable (Jamison et al. 2024; Martinez 
et  al.  2020). The presence of physical illnesses is a significant 
risk factor for the development of cognitive and psychological 
disorders; whether or not chronic conditions exist, maintaining 
a healthy lifestyle can help extend life expectancy (Chudasama 
et al. 2020, 2019). In public health and clinical practice, the bi-
ological age serves as a valuable tool for identifying high-risk 
populations, aiding in optimizing the allocation of health man-
agement resources. Particularly in resource-limited settings, 
targeting interventions in groups of greater biological age can 
effectively increase the efficiency of health management efforts.

This study revealed a significant association between acceler-
ated biological aging and multimorbidity, highlighting the poten-
tial value of biological age in identifying high-risk populations. 
However, certain limitations must be acknowledged. First, the 
research is based on data from the UK Biobank, which, while 
representative, primarily draws from specific populations that 
may affect the generalizability of the results, particularly among 
individuals from diverse racial, socioeconomic, and geographical 
backgrounds. Second, while the study employed both retrospec-
tive and prospective analyses, the complex time sequences and 
interactions of different diseases necessitate further longitudinal 
research to establish causal relationships. Third, different types of 
chronic diseases, as well as their varying durations and severities, 
have distinct impacts on the occurrence of multimorbidity and 
health outcomes. Combining them within the same framework 
may understate the effects of certain severe diseases (Griffith 
et  al.  2019). Finally, reliance on self-reported health status and 
lifestyle data may introduce reporting bias, potentially affecting 
the accuracy of the findings. Additionally, while cognitive dis-
orders were assessed at baseline using standardized scales, their 
evaluation during follow-up relied solely on diagnostic records, 
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which may have led to an underestimation of the incidence of cog-
nitive disorders over time. These limitations underscore the need 
for future research to utilize broader and more diverse datasets, 
incorporating additional biomarkers and objective measurements 
to achieve a more comprehensive understanding of the relation-
ship between biological aging and multimorbidity.

5   |   Conclusions

In conclusion, this study provides an in-depth examination of 
the association between accelerated biological aging and mul-
timorbidity, including physical, psychological, and cognitive 
disorders, revealing the significant potential of biological age as 
a tool for assessing health risks. This finding underscores the 
critical role of biological aging as a predictor of multimorbidity. 
By utilizing this metric, public health strategies can implement 
more effective interventions to address the complex challenges 
posed by multiple chronic diseases. Ultimately, this approach 
has the potential to improve overall health outcomes by effec-
tively identifying individual health risks, thereby contributing 
to a healthier aging population and fostering more sustainable 
healthcare systems by alleviating the burden of chronic diseases 
and associated healthcare costs.
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