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Abstract 24 

Biological aging varies across organ systems, yet the extent of this cross-organ dispersion and its 25 

implications for health remain poorly characterized. We quantified this dispersion as multi-organ aging 26 

imbalance, using the within-person standard deviation of standardized biological-age deviations across six 27 

organ systems in 221,599 UK Biobank participants. Higher multi-organ aging imbalance was independently 28 

associated with all-cause mortality (HR per 1-s.d. increase, 1.11; 95% CI, 1.09–1.13), six incident organ-29 

disease outcomes and three multimorbidity transitions after adjustment for overall biological-age deviation, 30 

chronological age and sex. Notably, greater imbalance was associated with elevated mortality risk even 31 

among individuals with relatively low overall biological aging (HR, 1.09; 95% CI, 1.03–1.16).  Associations 32 

with mortality were validated in five external cohorts. In separate analyses restricted to ELSA and 33 

CHARLS, higher imbalance was associated with greater frailty burden and incident frailty. Enrichment 34 

analysis of proteins associated with imbalance highlighted amino acid and fatty acid metabolism, immune 35 

signaling, telomere organization and DNA repair. Associations were robust across alternative imbalance 36 

definitions and persisted after excluding organs with extreme age deviations, with similar findings observed 37 

using 11 protein-derived organ ages. Together, these findings highlight cross-organ aging dispersion as a 38 

complementary dimension of biological aging with implications for health vulnerability. 39 

Key words: Multi-organ aging imbalance; Organ-specific aging; Biological age; Mortality; Multimorbidity; 40 

Frailty 41 



3 

Introduction 42 

Biological aging is a heterogeneous process that varies substantially among individuals of the same 43 

chronological age1,2. To capture this variation, biological age measures have been developed using clinical 44 

biomarkers, physiological characteristics, and molecular profiles, providing insights into age-related 45 

functional decline and disease susceptibility3,4. Growing evidence further suggests that biological aging 46 

varies across organs and physiological systems within individuals1,5. Advances in organ-specific biological 47 

age estimation, using clinical phenotypes, imaging, and plasma proteomics, have enabled the 48 

characterization of aging across multiple organ systems1,5. These studies have linked organ-specific aging to 49 

corresponding diseases, multimorbidity, and mortality, while revealing interrelationships among aging 50 

processes across organ systems1,5,6. 51 

Despite these advances, existing research has largely focused on the magnitude of aging in individual 52 

organs, the number of accelerated-aging organs, or specific patterns of multi-organ aging5,7,8. Although these 53 

approaches have provided valuable insights, less attention has been paid to the degree of divergence in 54 

biological aging across organs within the same individual. The distribution of organ-specific biological-age 55 

deviations may vary considerably across individuals, with some exhibiting relatively uniform aging across 56 

organs and others showing pronounced differences, with certain organs appearing biologically older and 57 

others younger. Such variation raises the possibility that cross-organ dispersion represents an additional 58 

characteristic of individual aging profiles, complementing existing descriptions of organ-specific aging. 59 

However, the extent of this within-individual dispersion remains insufficiently quantified, and its 60 

implications for health are poorly understood. 61 

Here, we systematically investigated multi-organ aging imbalance in 221,599 UK Biobank (UKB) 62 

participants. We developed biological-age models for six organ systems using routine clinical biomarkers 63 

and quantified imbalance as the within-person dispersion of standardized organ-specific biological-age 64 

deviations (Fig. 1). We examined its associations with all-cause mortality, incident organ diseases and 65 

multimorbidity transitions, while accounting for overall biological-age deviation. We also investigated the 66 
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joint associations of imbalance and overall biological-age deviation with mortality, evaluated the 67 

reproducibility of mortality associations across five external cohorts and examined associations with frailty. 68 

In addition, we explored lifestyle, psychosocial, socioeconomic and proteomic correlates of imbalance, and 69 

extended the framework to organ ages estimated using published proteomic models7.  70 

Results 71 

Routine clinical biomarkers yield phenotype-derived biological ages across organ 72 

systems 73 

We developed phenotype-derived biological ages across six organ systems in UKB, with five external 74 

cohorts contributing replication and extension analyses (Supplementary Table 1). Models were developed 75 

in 155,119 UKB participants and evaluated in an independent test set of 66,480 participants (Methods). 76 

Routine clinical biomarkers were organized into cardiovascular, pulmonary, immune, renal, hepatic and 77 

metabolic systems. We constructed biological ages by mapping biomarker-associated risk of the 78 

corresponding organ disease onto an age scale. The overall biological age was derived using biomarkers 79 

from all six systems, with all-cause mortality as the modelling outcome (Methods). The final sex-specific 80 

equations expressed biological age as a weighted linear combination of chronological age and the retained 81 

biomarkers (Fig. 2a; Supplementary Table 2). Age-adjusted deviations from these measures were termed 82 

organ AgeDev and overall AgeDev, respectively. For each biological-age measure, agreement with 83 

chronological age was comparable between the training and test sets (Supplementary Fig. 1). Age- and sex-84 

adjusted partial correlations among the six organ AgeDev measures were positive but mostly modest, 85 

ranging from r=0.03 for the pulmonary–renal pair to r=0.39 for the cardiovascular–metabolic pair (Fig. 2b). 86 

The corresponding correlations with overall AgeDev ranged from r=0.22 for renal AgeDev to r=0.66 for 87 

immune AgeDev (Fig. 2b). 88 

In the UKB test set, higher overall AgeDev was associated with all six disease groups after adjustment for 89 

age and sex (HRs per 1-s.d. increase, 1.37–2.23; Extended Data Fig. 1a). In mutually adjusted models 90 

including all six organ-specific AgeDev measures, overall AgeDev, age and sex, the AgeDev measure 91 
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corresponding to each disease outcome had the largest HR point estimate among the six organ-specific 92 

measures in five of the six incident disease groups (Fig. 2c; Supplementary Table 3). These associations 93 

were generally similar after further adjustment for ethnicity, smoking, alcohol consumption and education 94 

(Extended Data Fig. 1b), and between the training and test sets (Extended Data Fig. 1c). Conventional 95 

machine-learning biological-age models (elastic net regression, linear support vector regression and 96 

XGBoost) showed positive associations with the corresponding disease outcomes, with generally smaller 97 

HR point estimates than the primary models (Extended Data Fig. 1d; Supplementary Table 4). Organ 98 

AgeDev measures derived from published proteomic aging models likewise showed generally smaller HR 99 

point estimates than the corresponding phenotype-derived measures (Fig. 2d). Across cohorts, meta-analyses 100 

combining UKB test-set estimates with available estimates from the China Health and Retirement 101 

Longitudinal Study (CHARLS), the English Longitudinal Study of Ageing (ELSA), the Shanghai Suburban 102 

Adult Cohort and Biobank (SSACB) and the Taizhou Longitudinal Study (TZL) yielded pooled HRs of 103 

1.19-2.11 for corresponding organ-disease associations (Fig. 2e; Supplementary Table 3). In the US 104 

National Health and Nutrition Examination Survey (NHANES), higher AgeDev in each of the six organ 105 

systems was associated with all-cause mortality (Supplementary Fig. 2). In identical outcome-specific 106 

UKB test-set risk sets, all nine cohort-compatible refits retained positive disease associations, with HR point 107 

estimates generally modestly lower than those of the corresponding primary models (Supplementary Table 108 

5). 109 

Multi-organ aging imbalance is associated with adverse health outcomes beyond overall 110 

biological aging 111 

We next quantified the dispersion of organ aging within the same individual. For each participant, multi-112 

organ imbalance was calculated as the within-person standard deviation of the six UKB organ AgeDev z-113 

scores and was subsequently standardized across participants for analysis. Mean organ AgeDev was defined 114 

as the within-person average of these organ AgeDev z-scores in each cohort. Across 221,599 UKB 115 

participants, imbalance was moderately correlated with mean organ AgeDev (r=0.311, P < 0.001) and 116 

overall AgeDev (r=0.302, P < 0.001; Fig. 3a). In UKB, median imbalance was higher in older 117 
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chronological-age groups (Kruskal-Wallis P=1.23 × 10-219; Fig. 3b). Age-group differences were also 118 

observed externally (Extended Data Fig. 2), whereas sex differences varied in direction and statistical 119 

significance across cohorts (Supplementary Fig. 3). Repeated-measure analyses showed positive within-120 

person changes in imbalance across follow-up waves in both CHARLS and ELSA (Fig. 3c). 121 

In UKB, greater imbalance was associated with all-cause mortality (HR per 1-s.d. increase, 1.11; 95% CI, 122 

1.09-1.13), all six incident organ-disease endpoints (HR range, 1.06–1.17) and all three multimorbidity 123 

transitions (HR range, 1.07–1.14) in models adjusted for overall AgeDev, age and sex (Fig. 3d; 124 

Supplementary Table 6). Further demographic/technical, socioeconomic and lifestyle adjustment produced 125 

similar estimates. Adding the corresponding organ AgeDev or replacing overall AgeDev with mean organ 126 

AgeDev attenuated some organ-disease associations, but most remained statistically significant (Fig. 3d; 127 

Supplementary Fig. 4a). Alternative dispersion metrics, organ standardization and restriction to the middle 128 

80% of the imbalance distribution generally supported the main pattern (Extended Data Fig. 3a,b). To 129 

assess whether the associations depended on a single extreme organ, we excluded each participant’s most-130 

extreme organ and recalculated mean organ AgeDev and imbalance from the remaining five organs; HRs 131 

remained above one across all ten outcomes (Extended Data Fig. 3c). Results were also broadly consistent 132 

after excluding the outcome-matched organ or both the highest and lowest organs (Extended Data Fig. 3c). 133 

HR estimates varied less between subsets as more organs were included across all three-, four- and five-134 

organ subsets (Extended Data Fig. 3d). We also assessed incremental model fit and apparent discrimination 135 

after adding imbalance. Adding imbalance to models containing traditional risk factors and overall AgeDev 136 

improved model fit across the main UKB outcomes in likelihood-ratio tests, although apparent C-index 137 

gains (0.0004–0.0035) were modest (Supplementary Table 7). 138 

Across the five external cohorts, higher imbalance was associated with all-cause mortality (HR range per 1-139 

s.d. increase, 1.08-1.27; adjusted for mean organ AgeDev, age and sex; Fig. 3e). Available organ-disease 140 

analyses showed endpoint-specific support after the same adjustment, including pulmonary disease in 141 

ELSA, kidney disease in SSACB, and metabolic and liver disease in TZL (Supplementary Fig. 4b,c). 142 

Frailty analyses extended this evidence to functional aging outcomes. Higher imbalance was associated with 143 
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greater frailty burden and higher incident frailty risk in ELSA and CHARLS (ELSA HR 1.06, 95% CI 1.01-144 

1.12; CHARLS HR 1.06, 95% CI 1.01–1.10; Fig. 3f,g; Supplementary Table 8).  145 

Multi-organ imbalance stratifies risk within levels of overall aging 146 

To characterize organ-aging patterns at the extremes of the imbalance distribution, we first used the 10th and 147 

90th percentiles of imbalance to define the bottom decile, middle 80% and top decile. Within each tail, the 148 

six standardized organ AgeDev values were used as clustering features. Clustering identified six top-decile 149 

profiles (T1–T6), with marked deviations in individual organs or contrasting deviations across organs; the 150 

bottom decile was represented by two descriptive profiles with broadly lower (B1) or higher (B2) AgeDev 151 

across all six organs (Fig. 4a). After adjustment for age, sex and overall AgeDev, all six top-decile profiles 152 

were associated with higher all-cause mortality than the middle 80% (HR range 1.17–1.33; Fig. 4a). T5 153 

combined lower mean organ AgeDev (mean −0.82 s.d.) with marked imbalance and an overall AgeDev close 154 

to the population average (mean 0.06 s.d.), yet was associated with higher mortality than the middle 80% 155 

(HR 1.17, 95% CI 1.03–1.33; Fig. 4a). 156 

We then examined joint strata of imbalance and overall AgeDev across the full UKB analysis population. 157 

Median splits of overall AgeDev and imbalance defined Low/Low, Low/High, High/Low and High/High 158 

groups in UKB (Fig. 4b). The Low/High group had modestly higher all-cause mortality risk than Low/Low 159 

despite sharing the lower overall-AgeDev stratum (HR 1.09, 95% CI 1.03–1.16). Within the higher overall-160 

AgeDev stratum, High/High had a higher mortality HR point estimate than High/Low (2.50 versus 1.72 161 

relative to Low/Low; Fig. 4b). This pattern extended beyond mortality: Low/High generally had higher 162 

organ-disease and multimorbidity risk than Low/Low, whereas High/High generally had higher point 163 

estimates than High/Low across organ-disease and multimorbidity outcomes (Extended Data Fig. 4). In 164 

external frailty analyses based on mean organ AgeDev, Low/High likewise had higher risk than Low/Low 165 

(ELSA HR 1.30, 95% CI 1.13–1.49; CHARLS HR 1.13, 95% CI 1.01–1.27). High/High likewise showed 166 

higher point estimates than High/Low, with partially overlapping confidence intervals (ELSA HR 2.00, 95% 167 

CI 1.75-2.27; CHARLS HR 1.31, 95% CI 1.17–1.47; Fig. 4c; Supplementary Table 9). 168 
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Exposure and proteomic correlates of multi-organ imbalance 169 

We next examined lifestyle, psychosocial and socioeconomic correlates of multi-organ imbalance in UKB. 170 

Among 21 indicators coded in favourable directions, all age- and sex-adjusted beta estimates were negative 171 

and 20 reached a false discovery rate (FDR) < 0.05 (Fig. 5a). After additional adjustment for overall 172 

AgeDev, 17 indicators remained inversely associated with imbalance at FDR<0.05 (Fig. 5a; 173 

Supplementary Table 10). 174 

As for molecular correlates, among 19,744 participants with both phenotype and proteomic measurements, 175 

phenotype-derived imbalance was positively associated with 742 proteins and negatively associated with 176 

126 of the 2,916 proteins tested. These associations met FDR<0.05 after adjustment for overall AgeDev, age, 177 

sex and body mass index (Fig. 5b; Supplementary Data 1). Gene set enrichment analysis (GSEA) of the 178 

protein-ranked results identified 117 significant pathways, which were organized into 48 modules. Pathways 179 

with positive normalized enrichment scores (NES) included amino acid and fatty acid metabolism, 180 

biological oxidation, and immune-effector and cytokine signaling, whereas those with negative NES 181 

included telomere organization, DNA repair, and cell-cycle or mitotic programs (Fig. 5c; Supplementary 182 

Table 11 and Supplementary Data 2). 183 

Multi-organ imbalance extends to protein-derived organ aging 184 

We then applied the imbalance framework to organ ages estimated using published proteomic aging 185 

models7. Among 43,097 UKB participants with complete 11-organ protein-derived age (ProAge) estimates, 186 

conventional ProAge deviation from the original ProAge framework represented overall protein-derived 187 

aging. Mean organ ProAge deviation and ProAge imbalance were calculated as the within-person mean and 188 

standard deviation of the 11 standardized organ ProAge deviations, respectively. As in the phenotype-189 

derived analyses, mean organ ProAge deviation and ProAge imbalance were related but distinct (r=0.267, P 190 

< 0.001), ProAge imbalance correlated weakly with conventional ProAge deviation (r=0.130, P < 0.001), 191 

and median imbalance was higher in older age groups (Fig. 6a,b; Supplementary Fig. 5). After adjustment 192 

for conventional ProAge deviation, age and sex, higher ProAge imbalance was associated with mortality, all 193 
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six organ-disease endpoints and three multimorbidity transitions (HR range 1.16–1.40; Fig. 6c; 194 

Supplementary Table 12). Sensitivity analyses of covariate adjustment and imbalance construction 195 

generally supported these associations (Supplementary Fig. 6a-d), and HR estimates varied less between 196 

organ subsets as more organs were included (Supplementary Fig. 6e). ProAge imbalance also differentiated 197 

mortality within levels of conventional ProAge deviation: compared with Low/Low, Low/High and 198 

High/Low had intermediate estimates, whereas High/High had the largest estimate (overall log-rank P = 199 

2.82 × 10⁻¹⁷⁴; Fig. 6d); this ordering extended to disease and multimorbidity outcomes (Supplementary Fig. 200 

7; Supplementary Table 12). In the common sample (n = 19,744), HR point estimates for both phenotype-201 

derived and protein-derived imbalance were above 1 across these outcomes in models adjusted for age, sex 202 

and the corresponding mean organ AgeDev or mean organ ProAge deviation (Fig. 6e; Supplementary 203 

Table 12). 204 
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Discussion 205 

Our findings highlight multi-organ aging imbalance as a complementary feature of biological aging relevant 206 

to health vulnerability. Using organ-age measures derived from routine physiological and biochemical 207 

biomarkers, we found that greater multi-organ imbalance was independently associated with mortality, 208 

incident organ disease, multimorbidity progression and frailty. Notably, higher imbalance was associated 209 

with elevated mortality risk even among individuals with relatively low overall biological aging. Mortality 210 

associations were supported by findings across five external cohorts, and analyses using protein-derived 211 

organ ages provided further support across measurement frameworks. Investigations of lifestyle, 212 

psychosocial, socioeconomic, and proteomic correlates also provided further insights into the characteristics 213 

and potential biological relevance of multi-organ aging imbalance. 214 

Previous studies have characterized aging across multiple organ systems and linked organ-specific 215 

biological ages to disease and mortality1,5. Longitudinal multi-omic profiling has also identified distinct 216 

ageotypes, highlighting heterogeneity in the molecular pathways involved in aging2. More recent  217 

investigations have extended organ aging clocks across diverse populations and examined their associations 218 

with disease across organ systems and multimorbidity6,8. Building on these advances, our study extends the 219 

characterization of multi-organ aging beyond individual organ ages and specific aging patterns by 220 

quantifying the degree of divergence in aging across organs within individuals. The heterogeneous organ-221 

aging profiles suggest that pronounced imbalance can arise from diverse combinations of organ-specific 222 

aging deviations, while the joint-stratification analyses indicate that this dispersion carries health-related 223 

information not fully reflected by overall biological-age deviation. Together, these findings highlight cross-224 

organ dispersion as a complementary feature that enriches the characterization of individual aging profiles. 225 

Although incorporating imbalance improved model fit, the modest gains in risk discrimination suggest that 226 

its principal contribution lies in broadening our understanding of multi-organ aging rather than substantially 227 

improving individual risk prediction.  228 

The associations of multi-organ aging imbalance with multimorbidity and frailty further highlight its 229 
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relevance to multisystem health vulnerability. Previous studies have linked proteomic aging to 230 

multimorbidity and frailty9 and identified shared and pattern-specific biomarkers associated with 231 

multimorbidity10. Building on this evidence, our findings suggest that cross-organ aging dispersion may 232 

capture aspects of health vulnerability related to disease accumulation across organ systems, including 233 

among individuals without existing organ disease. Associations with frailty burden and incident frailty 234 

further extend this relevance beyond diagnosed diseases to broader health deficits. Differences in organ 235 

aging may reflect uneven physiological deterioration across systems, potentially contributing to variation in 236 

individuals' capacity to maintain health and function. This perspective may help explain why individuals 237 

with relatively low overall biological aging can nevertheless differ in their susceptibility to adverse health 238 

outcomes.  239 

The associations of multi-organ aging imbalance with behavioural, psychosocial and socioeconomic factors 240 

suggest that cross-organ aging dispersion may be related to broader environmental and social circumstances. 241 

Previous large-scale exposome research has linked environmental exposures to biological aging and 242 

mortality11. Our findings extend this perspective to the distribution of aging across organ systems, 243 

suggesting that behavioural and social determinants may be relevant not only to the extent of biological 244 

aging but also to its heterogeneity across organs. Understanding these relationships may provide a basis for 245 

investigating how modifiable exposures and social conditions relate to differences in organ aging across 246 

populations. 247 

Proteomic analyses provided molecular insights into multi-organ aging imbalance, highlighting pathways 248 

involved in metabolic regulation, immune signaling and cellular maintenance. Positive enrichment of amino 249 

acid and fatty acid metabolism, biological oxidation, and immune-effector and cytokine signaling, together 250 

with negative enrichment of telomere organization, DNA repair and cell-cycle pathways, were related to 251 

established hallmarks of aging, including altered metabolic regulation, inflammation, genomic instability 252 

and telomere biology12. These findings may be understood in the context of systemic influences on organ 253 

aging. Heterochronic parabiosis experiments have demonstrated that different tissues and cell types respond 254 

differently to a shared circulating environment, suggesting that tissue-specific sensitivity to systemic signals 255 



12 

may contribute to divergent aging trajectories across organs13. In addition, senescent cells can release 256 

inflammatory cytokines and other signaling molecules through the senescence-associated secretory 257 

phenotype (SASP), potentially influencing aging-related processes in distant tissues. Experimental evidence 258 

has shown that hepatocyte-specific senescence can induce senescence and dysfunction in extrahepatic 259 

organs through TGF-β signaling14, illustrating how localized aging-related alterations may have systemic 260 

consequences. Together, these findings highlight metabolic and immune regulation, differential tissue 261 

responses to systemic signals, and interorgan communication as potentially interconnected processes 262 

relevant to multi-organ aging imbalance and its associations with health outcomes.  263 

An important consideration is whether multi-organ aging imbalance captures meaningful variation in organ 264 

aging or primarily reflects extreme deviations in individual organs or the properties of the chosen dispersion 265 

measure. Several findings support the robustness of its associations with health outcomes. These 266 

associations were generally consistent across alternative definitions of imbalance and persisted after 267 

excluding organs with the most extreme age deviations. Analyses using different organ subsets and numbers 268 

also yielded broadly similar patterns, particularly for all-cause mortality. Moreover, extending the analysis 269 

from risk-based organ ages derived from routine clinical biomarkers to 11 protein-derived organ ages 270 

yielded broadly consistent findings, suggesting that the observed associations are not restricted to a single 271 

organ-age estimation framework. Together, these findings indicate that the prognostic relevance of multi-272 

organ aging imbalance is not solely attributable to extreme organ-age deviations, a particular dispersion 273 

measure or a specific measurement framework. Nevertheless, differences in measurement precision and 274 

correlations among organ-age estimates may contribute to the observed dispersion, and further work is 275 

needed to distinguish biological heterogeneity from measurement-related variation.  276 

This study has several strengths. The large population-based cohort enabled a comprehensive assessment of 277 

multi-organ aging imbalance across multiple health outcomes. Replication of mortality associations across 278 

five external cohorts, together with analyses using protein-derived organ ages and extensive sensitivity 279 

analyses, strengthened the robustness and generalizability of our findings. Several limitations still warrant 280 

consideration. First, the observational design precludes causal inference, and residual confounding cannot be 281 
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excluded despite adjustment for relevant covariates. Second, biomarker availability restricted organ 282 

coverage, particularly in external cohorts, and imbalance therefore describes dispersion among the measured 283 

systems. Where the complete UKB biomarker panel was unavailable, cohort-compatible models were 284 

reselected and retrained in UKB. External findings therefore support the imbalance framework across 285 

cohort-specific implementations, with more limited evidence for direct transport of the complete UKB 286 

models. Third, organ-age estimates at each assessment relied on a single set of biomarker measurements. 287 

Transient physiological variation and differences in measurement precision across organs may influence the 288 

estimated dispersion. Fourth, outcome ascertainment differed across cohorts, with some disease endpoints 289 

based on self-reported physician diagnoses. These differences may affect the comparability of cohort-290 

specific association estimates. Finally, exposure and proteomic analyses were cross-sectional and confined 291 

to UKB, leaving their temporal relationships with imbalance and reproducibility across populations to be 292 

established.  293 

 294 

In conclusion, our findings identify cross-organ aging dispersion as a complementary characteristic of 295 

biological aging associated with adverse health outcomes. Quantifying organ-age dispersion using routine 296 

clinical measurements provides a practical basis for investigating these associations in population cohorts. 297 

Evidence across populations and organ age measurement frameworks supports the relevance of this 298 

characteristic beyond conventional summaries of aging level. Considering both the extent of biological 299 

aging and its distribution across organs may provide a more comprehensive perspective on health 300 

vulnerability in individuals and populations. 301 

 302 
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Methods 303 

Study design and participants 304 

This multicohort observational study used UKB as the primary cohort to develop phenotype-derived organ 305 

biological ages and examine multi-organ aging imbalance in relation to health outcomes. UKB is a 306 

prospective population-based cohort in the United Kingdom15. Five external cohorts contributed replication 307 

and extension analyses. CHARLS and ELSA are nationally representative longitudinal studies of aging16,17. 308 

SSACB and TZL are prospective cohorts in suburban Shanghai and Taizhou, China, respectively18–21. 309 

NHANES is a nationally representative health and nutrition survey22. We used NHANES data from the 310 

1999–2018 survey cycles. Characteristics of the study cohorts are summarized in Supplementary Table 1. 311 

Of more than 500,000 UKB participants, 221,599 formed the phenotype-derived analysis population after 312 

exclusions for baseline cancer or pregnancy or incomplete data on candidate biomarkers (Supplementary 313 

Fig. 8). Baseline plasma protein data were available for a subset of UKB participants through the UK 314 

Biobank Pharma Proteomics Project, which used the Olink Explore 3072 proximity extension assay to 315 

measure 2,923 unique proteins23. After protein preprocessing, described below, and the same exclusions for 316 

baseline cancer or pregnancy, 43,097 participants formed the protein-derived analysis population. 317 

Biomarker mapping and selection 318 

UKB baseline routine clinical biomarkers were assigned a priori to cardiovascular, pulmonary, immune, 319 

renal, hepatic and metabolic systems, and biomarkers with absolute skewness greater than 1 were 320 

transformed using log(ݔ + 1). The organ-specific candidate panels, the 42-biomarker cross-system 321 

candidate pool, variable definitions, units, derived measures and transformations are provided in 322 

Supplementary Table 2. UKB participants were randomly divided into a training set (70%; n=155,119) and 323 

a test set (30%; n=66,480), with the same split used for all six organ models and the overall model. 324 

Biomarker selection was performed in the training set using the R package glmnet24. For each organ, we 325 

fitted a Cox least absolute shrinkage and selection operator model for the corresponding incident organ-326 
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disease outcome using chronological age, sex and the organ-specific candidate panel. The 42-biomarker 327 

overall candidate pool was evaluated in the same way using all-cause mortality. Selection stability was 328 

assessed in 50 full-size bootstrap samples drawn with replacement from the corresponding risk set within the 329 

training set. Within each sample, the penalty was chosen by tenfold cross-validation using ߙ = 1 and 330 

lambda.1se; a selection-frequency threshold of 95% was used to define stable biomarkers. Chronological 331 

age and sex contributed to selection but were not counted as biomarkers. The final biomarker panels for the 332 

six UKB organ models and the overall model are presented in Fig. 2a and Supplementary Table 2. 333 

Pairwise Pearson correlations among retained biomarkers were assessed in the fixed UKB training set (n = 334 

155,119); all within-panel absolute correlations were below 0.70 (Supplementary Fig. 9). 335 

The same six-system framework was adapted to the biomarker coverage of each external cohort. When all 336 

biomarkers in a final UKB panel were available, that panel was retained. Otherwise, the candidate panel was 337 

restricted to biomarkers meeting a relative coverage threshold of 80% across the required waves or survey 338 

cycles within the corresponding anthropometric or laboratory domain, and the same Cox LASSO procedure 339 

with 50 bootstrap samples was repeated in the fixed UKB training set. Albumin was retained in the SSACB 340 

hepatic panel for prespecified panel continuity (selection frequency, 70%). Cohort-compatible candidate and 341 

final biomarker panels are provided in Supplementary Table 2. Each cohort-compatible refit was 342 

additionally compared with its corresponding primary model in identical outcome-specific UKB test-set risk 343 

sets using age- and sex-adjusted Cox models, with AgeDev scores scaled using their respective UKB 344 

training data. 345 

Construction of phenotype-derived biological ages and AgeDev 346 

We constructed six organ-specific biological ages and an overall biological age in parallel in the UKB 347 

training set, fitting models separately in men and women. For each organ, chronological age (CA) and the 348 

retained organ-specific biomarkers were entered into a Gompertz proportional hazards model for the 349 

corresponding incident organ-disease outcome. The overall model used CA and the retained biomarkers to 350 

model all-cause mortality. 351 
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An age-only Gompertz model for the same outcome was fitted in the same sex-specific training sample to 352 

provide the reference for converting risk into biological age. The linear predictors for the full and age-only 353 

models were 354 

1ߟ = ܿ1 + ܣܥ1ߚ ௝௣ߠ∑+
௝=1 ௝ܺ (ܽ)0ߟ  , = ܿ0 +  355 ,0ܽߚ

where ௝ܺ denotes the ݆th retained biomarker and ܽ is the age at which reference risk is evaluated. Biological 356 

age (BA) was defined as the age at which the age-only model produced the same cumulative risk over 10 357 

years as the full model3,25,26: 358 

ܣܤ = 0ߚ1 1ߟ] − ܿ0 + log {[exp(1߬ߛ) − (0߬ߛ)exp]1ߛ/[1 − [{0ߛ/[1 ,  ߬ = 10, 359 

where 0ߛ and 1ߛ are the Gompertz shape parameters of the age-only and full models, respectively. The full 360 

derivation is provided in the Supplementary Methods. For each external cohort, models using the 361 

biomarker panel adapted to its available measurements were fitted separately in men and women in the UKB 362 

training set. The resulting equations were then applied to that cohort. Complete sex-specific operational 363 

equations for UKB and the external cohorts are provided in Supplementary Table 2. 364 

For comparison, we trained elastic-net regression, linear support vector machine regression (SVM) and 365 

XGBoost models, three approaches commonly used in biomarker-based biological-age modelling4,27. They 366 

predicted CA from the same retained organ-specific biomarkers, used the same UKB training-test split and 367 

sex-specific framework, and were tuned by fivefold cross-validation in the training set. These models were 368 

implemented using the R packages glmnet, LiblineaR and xgboost, respectively. 369 

Predicted ages from the primary and comparator models were converted to age deviations using the same 370 

procedure. For each measure, we fitted 371 

௜ܣ̂ܤ = ߙ + ௜ܣܥߚ +  ௜ 372ߝ
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separately in men and women in the training set and defined 373 

௜ݒ݁ܦ݁݃ܣ = ௜ܣ̂ܤ − ߙ̂) +  ௜). 374ܣܥߚ̂

The training-set calibration coefficients were applied to the test set. For comparisons confined to the training 375 

and test sets, AgeDev measures were standardized using the training-set mean and sample s.d. Within each 376 

external cohort, predicted age was calibrated separately in men and women using a fixed sample with 377 

predicted age available for the relevant organ: ELSA wave 2, CHARLS wave 1, baseline in SSACB and 378 

TZL, and all eligible NHANES examinations. The corresponding calibration parameters for each cohort, 379 

organ and sex are provided in Supplementary Table 2. Standardization used fixed reference samples with 380 

complete organ panels. 381 

UKB mortality, organ-disease and multimorbidity outcomes 382 

The six UKB organ-disease composites represented cardiovascular, metabolic, kidney, liver, pulmonary and 383 

immune-related disease. They were defined from linked hospital diagnoses, baseline self-reports and cause-384 

of-death records. Complete component definitions and International Classification of Diseases, Ninth and 385 

Tenth Revisions, codes are provided in Supplementary Data 3. Hospital diagnoses recorded on or before 386 

the baseline assessment and qualifying baseline self-reports defined prevalent disease. Clinical 387 

measurements and medications additionally informed baseline diabetes, hyperlipidaemia and chronic kidney 388 

disease. Diabetes was identified by glycated haemoglobin of at least 48 mmol mol−1, glucose of at least 7.0 389 

mmol l−1 or insulin use. Hyperlipidaemia was identified by cholesterol-lowering medication, and chronic 390 

kidney disease by an estimated glomerular filtration rate28 below 60 ml min−1 per 1.73 m2. 391 

Participants with any prevalent component of a composite were excluded from its incident risk set. The first 392 

qualifying post-baseline hospital diagnosis or disease-specific death defined the incident event. Disease-393 

specific deaths were identified by matching qualifying ICD-10 codes against any listed cause of death. 394 

Hospital-record follow-up ended on 30 October 2022 in England, 31 August 2022 in Scotland and 31 May 395 

2022 in Wales. Death-record follow-up ended on 31 October 2022 in England, 31 July 2021 in Scotland and 396 
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28 February 2018 in Wales. Participants without an event were followed until the applicable hospital-record 397 

end date or an earlier death from another cause. 398 

We derived three transitions across the six disease domains. These were no disease at baseline to a first 399 

incident disease, no disease to a second distinct disease, and one baseline disease to the first additional 400 

disease. Baseline was the time origin for all three transitions. Event time was the date of the first or second 401 

distinct disease, as applicable. Two distinct diseases first recorded on the same day could contribute to the 402 

second-disease endpoint. Participants without the required transition were censored at the earliest censoring 403 

time across the six disease domains. All-cause mortality was ascertained from linked death records through 404 

the country-specific death-record end dates given above. 405 

External-cohort mortality and organ-disease outcomes 406 

External disease definitions were adapted to the available records in each cohort; cohort-specific endpoint 407 

definitions and harmonization details are provided in Supplementary Data 3. SSACB and TZL supplied 408 

cardiovascular, metabolic, kidney, liver and pulmonary outcomes from diagnosis and cause-of-death records 409 

mapped to the corresponding UKB components. Their organ-age panels comprised cardiovascular, 410 

metabolic, kidney and liver systems, so pulmonary disease contributed only as an outcome of the four-organ 411 

imbalance measure and not as a matched pulmonary AgeDev outcome. Baseline diagnoses and self-reported 412 

histories defined prevalent disease, with glycated haemoglobin and glucose additionally used to identify 413 

baseline diabetes in SSACB and glucose used in TZL. The first qualifying post-baseline diagnosis or 414 

disease-specific death defined the incident event. Follow-up continued through 31 December 2024 in 415 

SSACB and 31 December 2021 in TZL, with an earlier death from another cause treated as censoring. 416 

ELSA evaluated cardiovascular disease as heart disease or stroke, pulmonary disease as chronic lung disease 417 

and metabolic disease as diabetes or high cholesterol. CHARLS evaluated cardiovascular disease as heart 418 

disease or stroke, kidney disease as self-reported kidney disease and metabolic disease as diabetes or 419 

dyslipidaemia. Available glycated haemoglobin, glucose and medication data supplemented the baseline 420 

metabolic definitions, and estimated glomerular filtration rate supplemented the CHARLS baseline kidney 421 
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definition. Disease follow-up began at ELSA wave 4 (2008–2009) and CHARLS wave 1 (2011–2012), with 422 

incident diagnoses identified through ELSA wave 9 (2018–2019) and CHARLS wave 4 (2018), respectively. 423 

The event was the first subsequent report of the relevant physician diagnosis; participants without an event 424 

were censored at the last visit with known disease status. 425 

All-cause mortality follow-up in SSACB and TZL used recorded death dates and the administrative end 426 

dates specified above. For NHANES, all-cause mortality was ascertained through National Death Index 427 

linkage using the National Center for Health Statistics 2019 public-use linked mortality files; follow-up ran 428 

from interview to death or 31 December 201929. ELSA mortality follow-up extended from wave 4 to wave 6 429 

(2012–2013), and CHARLS mortality follow-up from wave 1 to wave 4. In ELSA and CHARLS, event time 430 

was approximated by the midpoint between the last visit confirming survival and the first visit window 431 

reporting death; non-events were censored at the last confirmed-alive visit. 432 

Frailty outcomes in ELSA and CHARLS 433 

Frailty was assessed using deficit-accumulation indices30. The ELSA adapted index contained 60 items and 434 

was calculated when at least 30 were observed31. The CHARLS index was adapted from published deficit-435 

accumulation approaches32,33 and contained 39 items, with at least 80% required to be observed. Component 436 

deficits and scoring rules are provided in Supplementary Data 3. Frailty burden was analysed as a repeated 437 

continuous measure at ELSA waves 2 (2004–2005), 4 and 6 and CHARLS waves 1 and 3 (2015). 438 

Incident-frailty risk sets were initiated at the same waves among participants with a frailty index below 0.25. 439 

Participants were followed through later frailty assessments up to ELSA wave 9 or CHARLS wave 5 (2020). 440 

The event was the first index value of at least 0.25; participants without an event were censored at their last 441 

assessment with a calculable index. A threshold of 0.21 was examined in both cohorts as a sensitivity 442 

analysis. 443 

Evaluation of phenotype-derived biological ages 444 

Agreement between predicted biological age and CA was evaluated in the UKB training and test sets using 445 
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Pearson correlation and mean absolute error; the corresponding estimates are provided in Supplementary 446 

Table 2. Partial correlations among the six primary organ AgeDev measures and overall AgeDev were 447 

estimated in the test set after adjustment for CA and sex. 448 

We first related each AgeDev measure separately to incident organ disease using Cox models adjusted for 449 

CA and sex. To assess conditional organ specificity, all six organ AgeDev measures and overall AgeDev 450 

were entered simultaneously into each organ-disease model with CA and sex. Robustness was evaluated by 451 

adding ethnicity, smoking, alcohol consumption and education. The base and extended models used the 452 

same outcome-specific complete-case samples. We also compared age- and sex-adjusted matched organ-453 

disease estimates between the training and test sets. Using the same test participants eligible for each 454 

outcome, primary estimates were compared descriptively with elastic net, SVM and XGBoost estimates. 455 

PhenoAge deviation3 and matched protein-derived organ AgeDev measures were each evaluated in separate 456 

Cox models adjusted for CA and sex. Hazard ratios were reported per 1-s.d. higher AgeDev. 457 

External-cohort analyses related each available organ AgeDev to its matched cohort-specific disease 458 

outcome using Cox models adjusted for CA and sex. Cardiovascular, metabolic, renal, hepatic and 459 

pulmonary pairs were evaluated. Immune AgeDev was excluded because no comparable external endpoint 460 

was available. When at least two comparable cohort estimates were available, including the UKB test-set 461 

estimate, log hazard ratios were combined using restricted maximum-likelihood random-effects meta-462 

analysis using the R package metafor34. Hartung–Knapp confidence intervals were used for at least three 463 

estimates, and z-based confidence intervals for two. We report the pooled hazard ratio, 95% confidence 464 

interval, ߬2, 2ܫ and number of contributing cohorts. Cohort-specific estimates remained the primary 465 

presentation. NHANES provided a complementary prognostic evaluation by relating each organ AgeDev to 466 

all-cause mortality using Cox models adjusted for CA and sex. 467 

Construction of multi-organ imbalance 468 

For the primary UKB multi-organ analyses, the six organ AgeDev measures were standardized using their 469 

means and sample s.d. in the full 221,599-participant phenotype-derived population. If ߤ௢ and ߪ௢ denote 470 
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these parameters for organ ݋, the standardized value for participant ݅ was 471 

ܼ௜௢ = ௜௢ݒ݁ܦ݁݃ܣ − ௢ߪ௢ߤ . 472 

All six measures were required in UKB. With ܭ = 6, mean organ AgeDev and multi-organ imbalance were 473 

calculated as 474 

mean௜ = ௜௢௄ܼ∑ܭ1
௢=1 ,  imbalance௜ = √ ܭ1 − 1∑(௄

௢=1 ܼ௜௢ −mean௜)2. 475 

Mean organ AgeDev summarized the average deviation across organs, whereas imbalance quantified the 476 

dispersion of these deviations within an individual. Mean organ AgeDev, multi-organ imbalance and overall 477 

AgeDev were each subsequently standardized to a mean of zero and an s.d. of one in the same 221,599-478 

participant population for downstream analyses. External organ AgeDev measures were standardized using 479 

cohort-specific reference samples. These comprised participants with complete organ panels at baseline in 480 

SSACB and TZL, ELSA wave 2 and CHARLS wave 1, and eligible NHANES participants with complete 481 

six-organ data drawn from the 1999–2018 surveys. These parameters were applied to subsequent waves and 482 

outcome analyses. Cohort-specific mean organ AgeDev and imbalance were then calculated from the organ 483 

systems available in each cohort. Both measures were subsequently standardized using the corresponding 484 

reference sample, with these parameters held fixed for subsequent waves and outcome analyses. 485 

Evaluation of multi-organ imbalance 486 

We summarized imbalance across four CA groups (<50, 50–59, 60–69 and ≥70 years) and by sex in the 487 

UKB population and each external reference sample. Age groups were compared using Kruskal–Wallis tests 488 

and women and men using Wilcoxon rank-sum tests. Age and sex comparisons were treated as separate 489 

families, with Benjamini–Hochberg correction35 across cohorts within each family. Longitudinal analyses 490 

used ELSA wave 2 with waves 4 and 6 and CHARLS wave 1 with wave 3. Paired changes from baseline 491 
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were summarized with t-based 95% confidence intervals. Annual change was estimated using participant 492 

fixed-effects models with actual follow-up time and participant-clustered robust standard errors. 493 

In UKB, separate Cox models related multi-organ imbalance to all-cause mortality, the six organ-disease 494 

composites and the three multimorbidity transitions. Estimates were expressed per 1-s.d. higher imbalance. 495 

The primary model included overall AgeDev, CA and sex. A reduced model included only CA and sex, 496 

whereas a parallel model replaced overall AgeDev with mean organ AgeDev. For each organ-disease 497 

outcome, another model added the corresponding organ AgeDev to the primary adjustment set. The 498 

expanded model added ethnicity, assessment centre, the first ten genetic principal components, Townsend 499 

deprivation, education, household income, physical activity, sedentary behaviour, diet, smoking, alcohol 500 

consumption and sleep. In multivariable risk-factor models, missing continuous covariates were median-501 

imputed with missingness indicators, and categorical covariates included a missing category. Cause-specific 502 

Cox models were primary for organ-disease outcomes. Fine–Gray models36 with the same covariates were 503 

fitted as a competing-risk sensitivity analysis. 504 

External mortality and disease models included multi-organ imbalance, mean organ AgeDev, CA and sex. 505 

Frailty burden was analysed at ELSA waves 2, 4 and 6 and CHARLS waves 1 and 3 using Gaussian 506 

identity-link generalized estimating equations implemented using the R package geepack37, with an 507 

exchangeable working correlation and participant-clustered robust standard errors. Coefficients represented 508 

the difference in frailty-index percentage points per 1-s.d. higher imbalance. Incident frailty was analysed 509 

using repeated-landmark Cox models with the same covariates, stratification by landmark wave and 510 

participant-clustered robust standard errors. 511 

Five alternative dispersion measures were examined: the range, mean absolute deviation from the within-512 

person organ mean, interquartile range, top-two versus bottom-two mean difference and coefficient of 513 

variation across the six reconstructed organ biological ages. We also recalculated imbalance after centring 514 

each organ AgeDev on its median and scaling it by its median absolute deviation. Further analyses restricted 515 

participants to the middle 80% of the primary imbalance distribution. Organ-exclusion analyses removed the 516 
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outcome-matched organ, the organ with the largest absolute deviation from the participant’s six-organ mean, 517 

or both the highest and lowest organ values. We also evaluated every possible three-, four- and five-organ 518 

subset. Mean organ AgeDev and imbalance were reconstructed together whenever the organ set or 519 

standardization changed. Alternative-metric models included both mean organ AgeDev and overall AgeDev; 520 

central-range models included overall AgeDev, and organ-exclusion and subset models included the 521 

corresponding mean organ AgeDev. All models included CA and sex. 522 

To quantify incremental prognostic information, we fitted three nested Cox models in the same endpoint-523 

specific sample. The reference model contained CA, sex, ethnicity, assessment centre, the first ten genetic 524 

principal components, Townsend deprivation, education and household income. It also included physical 525 

activity, sedentary behaviour, diet, smoking, alcohol consumption, sleep, loneliness, psychological distress 526 

and neuroticism. The second model added the 18-marker overall AgeDev, and the third added multi-organ 527 

imbalance. The primary incremental contrast for imbalance was the third model versus the second. Model fit 528 

was compared using likelihood-ratio tests. Apparent discrimination was summarized using Harrell’s C-529 

index38 and its between-model difference, without optimism correction. 530 

Imbalance-tail profiles and joint risk strata 531 

The 10th and 90th percentiles of multi-organ imbalance in the 221,599-participant UKB population defined 532 

the bottom decile, middle 80% and top decile. K-means clustering was applied separately to the six organ 533 

AgeDev z-scores in the two tails. In the top decile, the primary gap-statistic one-standard-error rule39 534 

favoured a single cluster. Silhouette and subsampling-stability diagnostics favoured six clusters (mean 535 

silhouette, 0.210; mean adjusted Rand index, 0.964); we used this solution to define profiles T1–T6. Data-536 

driven diagnostics selected ݇ = 1 in the bottom decile, where organ patterns were largely concordant. We 537 

nevertheless fixed ݇ = 2 to obtain two descriptive burden profiles (B1–B2) for comparison. Cox models 538 

related profiles to mortality, organ disease and multimorbidity, using the middle 80% as reference and 539 

adjusting for overall AgeDev, CA and sex. 540 

To test whether imbalance differentiated risk within levels of overall ageing, overall AgeDev and imbalance 541 
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were divided at their respective UKB population medians to define Low/Low, Low/High, High/Low and 542 

High/High strata. Cox models for the same ten outcomes used Low/Low as the reference and adjusted for 543 

CA and sex; unadjusted mortality curves and 13-year cumulative mortality were estimated by the Kaplan–544 

Meier method. External frailty analyses used the same four-group structure with mean organ AgeDev as the 545 

ageing-level dimension. Cohort-specific medians were estimated at ELSA wave 2 and CHARLS wave 1 and 546 

applied at later landmarks. Incident-frailty models used Low/Low as the reference, adjusted for CA and sex, 547 

were stratified by landmark wave and used participant-clustered robust standard errors. 548 

Exposure associations with multi-organ imbalance 549 

We examined 21 behavioral, dietary, sleep, psychosocial and socioeconomic indicators in separate cross-550 

sectional models of UKB multi-organ imbalance. The dietary indicators were the six components of the 551 

adapted Mediterranean-style diet score used in our initial analysis: fruit, vegetables, fish, red meat, 552 

processed meat and wholegrain choice. The fruit, vegetable, fish, red-meat and processed-meat definitions 553 

and thresholds followed a previously published UKB healthy diet score40. Wholegrain choice captured grain 554 

quality, a dietary dimension included in other UKB healthy diet assessments; in our analysis, it was defined 555 

using participants’ reported bread and cereal types41. The other indicators were non-current smoking; 556 

alcohol intake of no more than 14 units per week among current drinkers; higher physical activity; less 557 

sedentary behavior; five sleep characteristics from a published healthy sleep score—early chronotype, 7–8 h 558 

of sleep, no frequent insomnia, no snoring and no frequent daytime sleepiness42; lower neuroticism; absence 559 

of loneliness; lower psychological distress; university education; lower Townsend deprivation; and higher 560 

household income. Exact fields, thresholds and coding are provided in Supplementary Table 10. 561 

Indicators were coded in favorable directions. Continuous indicators were analyzed per 1 s.d. increase, and 562 

binary indicators as 1 versus 0. Lower neuroticism was represented by a reverse-coded continuous z-score. 563 

Alcohol-amount analyses were restricted to current drinkers. Household income was analyzed as a five-level 564 

ordinal trend per 1 s.d. 565 
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Each indicator was analyzed separately, without mutual adjustment. The base linear model included age and 566 

sex; the conditional model additionally included 18-marker overall AgeDev. Each analysis used exposure-567 

specific complete cases, with no imputation of the exposure. Continuous indicators were standardized within 568 

their eligible samples, and the same standardization was used in both models. We used HC3 robust standard 569 

errors and applied the Benjamini–Hochberg procedure separately to the 21 tests in each adjustment model. 570 

These associations were interpreted as observational correlates. 571 

Proteomic associations and pathway enrichment 572 

We excluded participants with more than 1,000 missing protein measurements and proteins with more than 573 

10% missingness, retaining 44,831 participants and 2,916 proteins. Remaining values were imputed using k-574 

nearest neighbours (݇ = 10)43. Each protein was standardized in the 43,097-participant protein-derived 575 

population. Among the 19,744 participants who also belonged to the phenotype-derived population, 576 

standardized protein abundance was regressed on phenotype-derived multi-organ imbalance, adjusting for 577 

overall AgeDev, CA, sex and body mass index. Benjamini–Hochberg correction was applied across all 2,916 578 

proteins. 579 

For gene set enrichment analysis44, all proteins were ranked by the signed t statistic for imbalance without 580 

significance-based prefiltering. We used the fgseaMultilevel function in the R package fgsea45 with 10,000 581 

simple permutations and gene sets containing 10–500 measured proteins from Hallmark46, Reactome, Gene 582 

Ontology Biological Process, KEGG legacy and KEGG medicus in MSigDB v2024.1.Hs47. Benjamini–583 

Hochberg correction was applied separately within Hallmark, Reactome, Gene Ontology Biological Process 584 

and the combined KEGG family. Significant pathways with positive and negative normalized enrichment 585 

scores were grouped separately using MAPA48. Pathways were connected when the Jaccard similarity of 586 

their leading-edge proteins was at least 0.25 or the token-based Jaccard similarity of their normalized labels 587 

was at least 0.40. Modules containing multiple pathways were labelled by the pathway with the lowest false 588 

discovery rate within the corresponding database family. 589 
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Protein-derived multi-organ imbalance and comparisons with phenotype-derived 590 

measures 591 

We applied the published ProAge models to derive predicted ages for adipose tissue, artery, brain, heart, 592 

immune tissue, intestine, kidney, liver, lung, muscle and pancreas, together with conventional and 593 

organismal ProAge measures7. Within the 43,097-participant protein-derived population, each predicted 594 

ProAge was regressed on CA separately in men and women; the residual defined ProAge deviation. Sex-595 

specific residuals were combined and each measure was standardized in the full population. Conventional 596 

ProAge deviation served as the overall protein-age comparator. Mean organ ProAge deviation was the 597 

arithmetic mean of the 11 standardized organ deviations, and ProAge imbalance was their within-person 598 

sample s.d.; both were standardized in the same population. 599 

ProAge imbalance was summarized across CA, sex and race or ethnicity groups. Cox models related it to 600 

all-cause mortality, the six organ-disease outcomes and the three multimorbidity transitions, with adjustment 601 

for conventional ProAge deviation, CA and sex. Robustness analyses replaced or augmented conventional 602 

ProAge deviation with organismal, mean organ or outcome-matched organ ProAge deviation or with 603 

Townsend deprivation, education, household income, physical activity, sedentary behaviour, diet, smoking, 604 

alcohol consumption and sleep. Alternative metric, standardization, central-range, organ-exclusion and 605 

three- to ten-organ subset analyses followed the phenotype-derived framework. Alternative-metric models 606 

included mean organ ProAge deviation and conventional ProAge deviation; central-range models included 607 

conventional ProAge deviation, and organ-exclusion and subset models included the corresponding mean 608 

organ ProAge deviation. All models included CA and sex. 609 

Joint strata were defined using the population medians of conventional ProAge deviation and ProAge 610 

imbalance, following the phenotype-derived analysis. Cox models for the same ten outcomes used Low/Low 611 

as the reference and adjusted for CA and sex; mortality was additionally summarized using Kaplan–Meier 612 

curves. 613 

Comparisons between phenotype- and protein-derived measures included the 19,744 participants with both 614 
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measurements. Phenotype-derived and ProAge measures retained their respective reference scales 615 

established in 221,599 and 43,097 participants. Agreement was quantified using Pearson correlations, with 616 

Spearman correlations as sensitivity analyses. For each outcome, the two imbalance measures were analysed 617 

on identical participant rows in separate Cox models. The phenotype model adjusted for mean organ 618 

AgeDev, CA and sex, and the protein model for mean organ ProAge deviation, CA and sex. 619 

Statistical analysis 620 

All statistical tests were two-sided, and 95% confidence intervals are reported. Cox models were fitted using 621 

the R package survival, with Efron’s method for ties. Where multiple-testing correction was specified, 622 

Benjamini–Hochberg correction was applied within each analysis-specific testing family rather than across 623 

all analyses. 624 
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Figure legends 778 

Fig. 1 779 

 780 

Fig. 1 | Study framework for multi-organ aging imbalance. a, Construction of cardiovascular, metabolic, 781 

hepatic, pulmonary, immune and renal phenotype-derived organ aging clocks and their age-calibrated organ 782 

age-deviation (AgeDev) measures in 221,599 UK Biobank (UKB) participants. b, Derivation of multi-organ 783 

imbalance as the within-person sample standard deviation of the six standardized organ AgeDev values. The 784 

schematic profiles illustrate that similar average organ-aging burden can coexist with low or high inter-organ 785 

dispersion. c, Evaluation of clinical and functional relevance across all-cause mortality, organ-disease 786 

events, multimorbidity transitions and frailty. UKB provided the primary analyses; ELSA, NHANES, 787 

CHARLS, SSACB and TZL contributed external analyses where data were available, and ELSA and 788 

CHARLS additionally contributed frailty outcomes. The mortality schematic previews joint overall AgeDev 789 

and imbalance strata. d, Complementary analyses of associated exposures, proteins and pathways and 790 

extension to an alternative framework comprising 11 protein-derived organ ages, their corresponding age 791 

deviations and protein-derived imbalance. CHARLS, China Health and Retirement Longitudinal Study; 792 

ELSA, English Longitudinal Study of Ageing; HR, hazard ratio; NHANES, National Health and Nutrition 793 

Examination Survey; SES, socioeconomic status; SSACB, Shanghai Suburban Adult Cohort and Biobank; 794 

TZL, Taizhou Longitudinal Study. 795 



33 

Fig. 2 796 

 797 

Fig. 2 | Routine clinical biomarkers yield phenotype-derived biological ages across organ systems. a, 798 

Final cardiovascular, pulmonary, immune, renal, hepatic, metabolic and overall biological-age equations. 799 

The columns for men and women give the operational coefficients used to calculate biological age in the 800 

final sex-specific equations. b, Partial-correlation network among the six organ AgeDev measures and 801 

overall AgeDev in the UKB test set (n = 66,480), adjusted for chronological age and sex. Edge width 802 

represents the absolute partial correlation and edge colour its direction and magnitude. c, Associations of all 803 

six organ AgeDev measures with each matched incident organ-disease outcome in the test set. Cox models 804 

included all six organ AgeDev measures and overall AgeDev simultaneously, with chronological age and sex 805 

as covariates; estimates are reported per 1-s.d. higher AgeDev. d, Separate age- and sex-adjusted 806 

associations of matched phenotype-derived and protein-derived organ AgeDev measures with incident organ 807 

disease among participants in the phenotype-protein common sample (n = 19,744). e, Cohort-specific and 808 

pooled associations between organ AgeDev and matched organ-disease outcomes. UKB estimates are from 809 

the test set; external estimates are shown where comparable data were available. Random-effects meta-810 

analyses were performed when at least two cohort estimates were available. Points denote hazard ratios 811 

(HRs), horizontal bars 95% confidence intervals (CIs), and diamonds pooled HRs and 95% CIs. AgeDev, 812 

age deviation. 813 



34 

Fig. 3 814 

 815 

Fig. 3 | Multi-organ imbalance is associated with multiple adverse health outcomes across cohorts. a, 816 

Relation of multi-organ imbalance to mean organ AgeDev in 221,599 UKB participants; colour represents 817 

overall AgeDev. For display, 2,600 participants are shown; Pearson correlations use all 221,599 participants. 818 

b, Multi-organ imbalance across chronological-age groups in UKB. Points denote medians, horizontal bars 819 

interquartile ranges (IQRs), and point size the number of participants. The displayed two-sided P value is 820 

from a Kruskal–Wallis test. c, Mean within-person change in imbalance from the reference wave to 821 

subsequent waves in CHARLS and ELSA. Error bars denote t-based 95% CIs; numbers give participants 822 

and person-wave observations. d, Associations of imbalance with all-cause mortality, six incident organ-823 

disease outcomes and three multimorbidity transitions in UKB. Estimates are shown for models adjusted for 824 

chronological age and sex; the primary model additionally adjusted for overall AgeDev; two branches added 825 

demographic, technical, socioeconomic and lifestyle covariates or the outcome-matched organ AgeDev; and 826 

a parallel model used mean organ AgeDev in place of overall AgeDev. The outcome-matched adjustment 827 

applies only to organ-disease outcomes. e, Associations with all-cause mortality in five external cohorts, 828 

adjusted for mean organ AgeDev, chronological age and sex. The number of organs contributing to each 829 

cohort-specific imbalance measure is given in parentheses. f, Association with repeated frailty-index burden 830 

in ELSA and CHARLS, estimated using generalized estimating equations adjusted for mean organ AgeDev, 831 

chronological age and sex. Coefficients represent frailty-index percentage-point differences per 1-s.d. higher 832 

imbalance. g, Associations with incident frailty in repeated-landmark Cox models adjusted for the same 833 

covariates. Counts indicate event records/landmark records. In d, e and g, points denote HRs and horizontal 834 

bars 95% CIs; in f, they denote regression coefficients and 95% CIs. AgeDev, age deviation; HR, hazard 835 

ratio; IQR, interquartile range; SES, socioeconomic status. 836 
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Fig. 4 837 

 838 

Fig. 4 | Multi-organ imbalance stratifies risk within levels of overall aging. a, Mean organ-aging profiles 839 

and associated mortality estimates among participants in the top and bottom deciles of the UKB imbalance 840 

distribution. K-means clustering of the six organ AgeDev z-scores was used to derive six top-decile profiles 841 

(T1–T6). Because the bottom-decile profiles were largely concordant and data-driven diagnostics favoured a 842 

single cluster, two descriptive profiles (B1–B2) were fixed to examine variation within the low-imbalance 843 

tail. The middle 80% formed the reference group. Cell colour denotes the profile mean of each standardized 844 

measure, and row labels give profile sizes. The adjacent forest plot shows associations of the eight tail 845 

profiles with all-cause mortality relative to the middle 80%, adjusted for overall AgeDev, chronological age 846 

and sex. Points denote hazard ratios (HRs) and horizontal bars 95% confidence intervals (CIs). b, All-cause 847 

mortality across joint strata defined by median overall AgeDev and median imbalance. The left panel shows 848 

Kaplan–Meier survival curves; the displayed two-sided P value is from a log-rank test. The right panel 849 

shows age- and sex-adjusted HRs and 95% CIs relative to Low/Low. Events and risk-set sizes are displayed 850 

for each stratum. c, Incident frailty across corresponding mean organ AgeDev and imbalance strata in 851 

CHARLS and ELSA. Models used Low/Low as the reference and were adjusted for chronological age and 852 

sex. Counts indicate event records/unique participants; participants could contribute more than one landmark 853 

record. AgeDev, age deviation. 854 
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Fig. 5 855 

 856 

Fig. 5 | Exposure and proteomic correlates of multi-organ imbalance. a, Associations of 21 favourably 857 

coded behavioural, dietary, sleep, psychosocial and socioeconomic indicators with phenotype-derived 858 

imbalance in UKB. Separate linear models adjusted for chronological age and sex and then additionally for 859 

overall AgeDev. Continuous indicators were standardized and binary indicators were analysed as 1 versus 0. 860 

Cell colour and text give the regression coefficient; asterisks denote Benjamini–Hochberg false-discovery 861 

rate (FDR) < 0.05 within the displayed model. b, Associations of 2,916 standardized plasma proteins with 862 

phenotype-derived imbalance in 19,744 UKB participants, adjusted for overall AgeDev, chronological age, 863 

sex and body mass index. The x axis gives the difference in standardized protein abundance per 1-s.d. higher 864 

imbalance and the y axis gives −log10 FDR. Colours distinguish positive, negative and non-significant 865 

associations at FDR < 0.05. c, Network summary of FDR-significant pathways identified by gene-set 866 

enrichment analysis of the ranked protein associations. Node colour denotes the direction of the normalized 867 

enrichment score (NES), node size −log10 FDR, and edge width pathway similarity; shaded regions group 868 

related pathways into descriptive modules. Multi-pathway modules are labelled by the pathway with the 869 

lowest database-family-specific FDR. AgeDev, age deviation; FDR, false-discovery rate; NES, normalized 870 

enrichment score; SES, socioeconomic status. 871 
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Fig. 6 872 

 873 

Fig. 6 | Multi-organ imbalance extends to protein-derived organ aging. a, Relationships among protein-874 

derived imbalance, mean organ ProAge deviation and conventional ProAge deviation in 43,097 UKB 875 

participants. Imbalance is plotted against mean organ ProAge deviation, with colour representing 876 

conventional ProAge deviation; for display, 2,600 participants are shown; Pearson correlations use all 877 

43,097 participants. b, Protein-derived imbalance across chronological-age groups. Points denote medians, 878 

horizontal bars interquartile ranges (IQRs), and labels group sizes. The displayed two-sided P value is from 879 

a Kruskal–Wallis test. c, Associations of protein-derived imbalance with all-cause mortality, six incident 880 

organ-disease outcomes and three multimorbidity transitions, adjusted for conventional ProAge deviation, 881 

chronological age and sex. Estimates are reported per 1-s.d. higher protein-derived imbalance. d, All-cause 882 

mortality across joint strata defined by median conventional ProAge deviation and median protein-derived 883 

imbalance. Kaplan–Meier curves are shown on the left; the displayed two-sided P value is from a log-rank 884 

test. Age- and sex-adjusted hazard ratios (HRs) relative to Low/Low are shown on the right. e, Common-885 

sample comparison of phenotype-derived and protein-derived imbalance associations in 19,744 participants. 886 

For each outcome, the two measures were fitted on identical participant rows; phenotype-derived models 887 

adjusted for mean organ AgeDev, chronological age and sex, and protein-derived models adjusted for mean 888 

organ ProAge deviation, chronological age and sex. Points denote HRs and horizontal bars 95% confidence 889 

intervals (CIs). AgeDev, age deviation; ProAge, protein-derived age. 890 
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Extended Data figures 891 

Extended Data Fig. 1 892 

 893 

Extended Data Fig. 1 | Internal evaluation of phenotype-derived organ biological ages. a, Separate 894 

associations of the six organ AgeDev measures, overall AgeDev and PhenoAge deviation with each incident 895 

organ-disease outcome in the UKB test set, adjusted for chronological age and sex. b, Outcome-matched 896 

organ AgeDev estimates from mutually adjusted conditional-specificity models before and after additional 897 

adjustment for ethnicity, smoking, alcohol consumption and education; the two models used identical 898 

complete-case samples. c, Outcome-matched estimates from separate age- and sex-adjusted models in the 899 

UKB training and test sets. d, Descriptive comparison of matched organ-disease estimates from the primary 900 

organ-age models and biological ages derived using elastic-net regression, linear support vector machine 901 

regression (SVM) and XGBoost in common test-set samples. All estimates are reported per 1-s.d. higher 902 

AgeDev. Points denote hazard ratios and horizontal bars 95% confidence intervals. AgeDev, age deviation; 903 

EN, elastic-net regression; SVM, support vector machine regression; XGB, XGBoost. 904 
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Extended Data Fig. 2 905 

 906 

Extended Data Fig. 2 | Multi-organ imbalance across chronological-age groups in external cohorts. 907 

Cohort-specific distributions of phenotype-derived imbalance in SSACB, ELSA, CHARLS, NHANES and 908 

TZL. Points denote medians, vertical bars interquartile ranges, and labels group sizes. Imbalance was 909 

calculated from the organ systems available in each cohort and retained the scale defined in the 910 

corresponding fixed reference sample. Displayed two-sided P values are from Kruskal–Wallis tests and were 911 

adjusted across cohorts using the Benjamini–Hochberg procedure. 912 
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Extended Data Fig. 3 913 

 914 

Extended Data Fig. 3 | Sensitivity analyses of phenotype-derived multi-organ imbalance in UK 915 

Biobank. a, Hazard ratios (HRs) for mortality, incident organ disease and multimorbidity transitions using 916 

the primary within-person standard deviation, range, mean absolute deviation (MAD), interquartile range 917 

(IQR), coefficient of variation (CV), top-two versus bottom-two mean difference, and imbalance after 918 

median/MAD organ standardization. Cell text gives the HR per 1-s.d. higher metric and colour represents 919 

log(HR); asterisks denote Benjamini–Hochberg false-discovery rate <0.05 across all 70 metric–outcome 920 

tests. b, Primary associations in the full sample and after restriction to the middle 80% of the imbalance 921 

distribution. c, Associations after excluding the outcome-matched organ, the participant-specific most-922 

extreme organ, or both the highest and lowest organ values. d, Median HRs and ranges across all three-, 923 

four- and five-organ subsets. Mean organ AgeDev and imbalance were reconstructed together for each 924 

altered organ set or standardization. All models included chronological age and sex, with additional 925 

adjustment for mean organ AgeDev and overall AgeDev in a, overall AgeDev in b, and the corresponding 926 

reconstructed mean organ AgeDev in c and d. Outcome-matched organ exclusion was not applicable to 927 

mortality or multimorbidity. In b–d, points denote HRs or median HRs and horizontal bars 95% confidence 928 

intervals or ranges across subsets, as labelled. AgeDev, age deviation. 929 
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Extended Data Fig. 4 930 

 931 

Extended Data Fig. 4 | Joint overall AgeDev and imbalance strata across UK Biobank disease and 932 

multimorbidity outcomes. Events and risk-set sizes are shown for Low/Low, Low/High, High/Low and 933 

High/High strata defined by the population medians of overall AgeDev and imbalance. Forest plots show 934 

age- and sex-adjusted hazard ratios and 95% confidence intervals for the three non-reference strata relative 935 

to Low/Low across six incident organ-disease outcomes and three multimorbidity transitions. AgeDev, age 936 

deviation. 937 
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