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Abstract 9 

Organ-specific aging measures have recently gained growing attention. Still, the interpretation 10 

of the contributing factors, biological mechanism and relevance of the physiological insights 11 

remain unclear. Here, we quantified 639 circulating blood proteins in 6,211 Swedish twins from 12 

a population-based cohort (mean age 65±8 years; 57.8% female) to develop organ-specific 13 

aging clocks and provide an explorable web application. At sampling, organ aging aligned with 14 

lifestyle, clinical and prior disease profiles. Over a 15-year follow-up, organ aging was 15 

associated with age-related disease, multimorbidity, healthspan, and mortality, capturing both 16 

organ-specific and systemic effects. Greater burden of aged organs even marked poorer 17 

health trajectories. The twin-based analyses revealed moderate heritability and persistence of 18 

key health associations. Associations with mortality remained robust (cardiovascular age HR 19 

2.20[1.69–2.85]; FDR<0.001) even within monozygotic pairs. These twin-based findings 20 

support proteomic organ aging as an indicator of biologically meaningful processes beyond 21 

inherited liability and its measures remains responsive to non-shared biological influences that 22 

shape aging and disease risk. 23 

 24 

 25 

 26 

 27 

 28 

 29 

 30 

 31 

 32 

 33 

 34 

 35 

 36 



Introduction 37 

Aging is driven by the gradual accumulation of molecular and cellular damage with a loss in 38 

system integrity, culminating in functional decline, chronic disease, and ultimately death.1,2 39 

Globally, people are living longer but not healthier3, widening the gap between life- and 40 

healthspan and imposing substantial health and economic burdens.4,5 Targeting aging itself 41 

presents an opportunity to prevent multiple conditions at once.1 However, robust and 42 

interpretable biomarkers of aging are needed.6 Conceptual frameworks such as the hallmarks 43 

of aging1,2 have defined core pathways of aging, but these processes progress at different 44 

rates across cells, tissues, organs, and individuals.7–9 Unlike chronological age, biological age 45 

captures this heterogeneity and more closely reflects physiological state and health outcomes, 46 

if adequately measured. 47 

Proteins, as essential building blocks of life and predominant class of drug targets, directly link 48 

genotype and phenotype10,11 The circulating blood proteome in particular provides a high-49 

dimensional readout of systemic health accessible through minimally invasive sampling.12,13 50 

Current proteomic clocks have therefore been built from blood protein data to estimate 51 

biological age.14,15 However, most approaches collapse the circulating proteome into a single 52 

whole-body estimate, limiting interpretability and actionability.10 Recently, organ-specific 53 

proteomic clocks have begun to address this limitation by providing distinct biological age 54 

estimates for individual organ systems, but they are at an early stage of development and 55 

validation.7,16–18 Moreover, different proteomic technologies and platforms capture particular 56 

and complementary aspects of the circulating proteome, offering opportunities to extend 57 

proteome coverage when combined.19–21 Still, challenges in mapping circulating proteins to 58 

specific organ or tissue origins highlight the need for continuing refinement of these 59 

approaches.22,23 60 

Interpreting proteomic aging signals is further complicated by the many biological factors and 61 

environmental exposures that influence the circulating protein levels as we age. Recent 62 

studies have shown that circulating proteins reflect a mixture of biological, clinical, and 63 

technical aspects, many of which can confound associations with aging and disease.24 As 64 

many potential confounders, including genetic, lifestyle and socioeconomic factors, are shared 65 

within families, separating familial effects from aging-related variation offers a promising way 66 

to disentangle aging biology. Twin studies provide a powerful framework for this distinction. 67 

By comparing twins who share their family background, including genetic and early-life 68 

influences, within-pair analyses can adjust for familial and developmental factors.25 Such 69 

contrasts help clarify aging-related signals by reducing shared background influences that can 70 

otherwise obscure their interpretation.26,27 71 

In a population-based twin cohort, we developed and applied proteomic organ aging clocks to 72 

assess their potential as biomarkers of aging beyond shared genetics and other familial 73 

factors. To comprehensively evaluate organ aging as a measure of health, we evaluated it 74 

from multiple analytical perspectives. Using medical records and data collected at blood 75 

sampling, we related organ ages to lifestyle, clinical biomarkers, prior disease and prevalent 76 

multimorbidity. We then leveraged nationwide health registers with up to 15 years of follow-up 77 

to test whether baseline organ ages predicted subsequent age-related disease, progression 78 

to multimorbidity, mortality and end of healthspan. At each step, within twin pair analyses 79 

https://www.zotero.org/google-docs/?xSZB6x


distinguished robust associations from those explained by shared familial influences, 80 

strengthening interpretation. Finally, we operationalized organ ages by defining extreme organ 81 

aging and evaluating its utility for risk stratification. 82 

Results 83 

 84 

Fig. 1: Overview of study design. Blood-derived serum samples from the Swedish TwinGene cohort (n=6,211) 85 
were profiled via two proteomic platforms: Scanning SWATH mass spectrometry (Sequential Window Acquisition 86 
of all Theoretical Mass Spectra) and Olink proximity extension assays (Oncology I & II panels). Proteins were 87 
mapped to organ-informed sets to develop organ-specific aging clocks. Associations with lifestyle and clinical 88 
factors, prevalent morbidity, and long-term health trajectories over up to 15 years of follow-up were evaluated, and 89 
twin-based analyses were used to assess which associations persisted after accounting for shared genetic and 90 
early-life environmental influences. Created in BioRender. Hagelin, H. (2026) https://BioRender.com/586mekm. 91 

Table 1: Baseline characteristics of TwinGene cohort participants stratified by sex. Continuous variables are 92 
presented as the means ± standard deviations; categorical variables are presented as n (%). 93 

 94 

Study Population Total Male Female

Participants 6,211 2,624 (42.2%) 3,587 (57.8%)

Twin pairs 2,969 1,148 1,608

Monozygotic (MZ) pairs 1,193 492 701

Dizygotic (DZ) pairs 1,773 654 906

Mixed−sex pairs 213 − −

Age, yrs 65.0 ± 8.0 65.4 ± 7.9 64.8 ± 8.0

BMI, kg/m² 25.9 ± 4.0 26.2 ± 3.5 25.7 ± 4.3

Ever smoker 3,353 (54.2%) 1,503 (57.5%) 1,850 (51.7%)

Regular exercise 4,598 (81.0%) 1,911 (79.7%) 2,687 (82.0%)

Mortality during follow−up 2,009 (32.3%) 998 (38.0%) 1,011 (28.2%)

Education, yrs 10.8 ± 3.2 10.8 ± 3.3 10.8 ± 3.1

Follow−up, yrs 15.2 ± 4.1 14.8 ± 4.4 15.5 ± 3.8



Proteomic clocks of human organ aging 95 

In this study (Fig. 1), we first develop proteomic organ-aging clocks and derive organ-age 96 

estimates. We then evaluate whether variation in organ aging reflects meaningful differences 97 

in health. To do so, we relate organ ages to baseline health profiles and prior disease, and 98 

then examine associations with future health outcomes, including mortality, age-related 99 

disease and accumulation of multimorbidity. To facilitate exploration of results, we developed 100 

an interactive and public Shiny app (twin-aging.serve.scilifelab.se). 101 

Our development of proteomic organ-specific aging clocks proceeded in three stages: 102 

assignment of proteins to organ systems, training of mortality-predictive models, and finally 103 

derivation of organ aging estimates. We quantified 639 human proteins in serum samples from 104 

6,211 twins in the Swedish TwinGene study (mean age 65 ± 8 years; 57.8% female; Table 1) 105 

using affinity-based and mass spectrometry assays. Choosing a published tissue-informed 106 

framework that integrates proteomic and transcriptomic maps,28 these proteins were assigned 107 

to 15 organ systems (Supplementary Data 1). The resulting candidate organ-specific sets 108 

ranged from 12 proteins for the prostate to 180 for the liver (Fig. 2a).  109 

Using these organ-assigned protein subsets, we trained sex-stratified elastic-net Cox models 110 

to predict all-cause mortality. Because proteomic profiles and aging trajectories differ by sex, 111 

models were fit separately for men and women.29,30 Elastic-net regularization assigns zero 112 

coefficients to non-informative proteins, such that only a subset of organ-assigned proteins 113 

contributed to each clock. Clocks trained against mortality avoid ceiling effects observed in 114 

age-trained models and have demonstrated strong performance in recent proteomic studies.16 115 

To derive organ ages, we first estimated the age-specific expected mortality risk using LOESS 116 

smoothing. We then compared each individual’s clock-predicted mortality risk to this 117 

expectation, defining the difference as the age gap, positive if higher than expected and 118 

negative if lower. Finally, we standardized these age gaps (z-scores), which we refer to as 119 

organ ages. (Fig. 2b; see Methods). We also expressed clock variability in approximate 120 

chronological age units for interpretability (Supplementary data 2). For example, a single 121 

standard deviation (SD) increase in cardiovascular age equated to 7.4 in chronological years. 122 

The clocks discriminated mortality with C-index values between 0.68 to 0.77 (Fig. 2c). All 123 

organ ages were positively associated with chronological age, although the strength of the 124 

correlation varied (Fig. 2d). Protein overlap between organ-specific sets was broad and 125 

common, with all organs sharing at least some proteins (Fig. 2f). The correlations between 126 

organ ages were uniformly positive, ranging from modest (r=0.14) to high (r=0.86) (Fig. 2g).  127 

To expand our current knowledge, we estimated the heritability (h2) of organ age and individual 128 

circulating proteins by comparing within-pair correlations between monozygotic and dizygotic 129 

twins (Fig. 2e), estimating the proportion of variance attributable to genetic factors 130 

(Supplementary Data 3). Because such estimates assume comparable sampling times within 131 

twin pairs, we assessed robustness by repeating analyses after restricting to pairs sampled 132 

within 7 and 30 days; heritability estimates were slightly higher but showed similar patterns 133 

across organs. Heritability varied across organs, but on average genetic factors accounted for 134 

slightly more than half of the variation in organ age. In contrast, individual proteins showed a 135 

much broader range of heritability, from near zero to almost entirely genetically determined. 136 

https://twin-aging.serve.scilifelab.se/


This indicates that while levels of many circulating proteins are strongly heritable (21.8% 137 

h2>0.6), their integration into organ ages reflect both genetic and non-genetic influences. 138 

 139 

Fig. 2: Construction, performance, and heritability of proteomic organ aging clocks. Organ aging clocks 140 
were developed using circulating proteins quantified by mass spectrometry and Olink affinity proteomics in the 141 
population-based Swedish TwinGene twin cohort. (a) Number of proteins contributing to each organ-specific set, 142 
with colors showing the proportion of proteins coming from each proteomic platform. (b) Relationship between 143 
chronological age and organ-specific age for an illustrative organ (cardiovascular), showing expected- and excess 144 
risk according to the LOESS curve. (c) All-cause mortality discrimination for each organ clock, expressed as the 145 
C-index. (d) Pearson correlations between chronological age and organ age. (e) Twin-based heritability estimates 146 
for organ ages and individual proteins. (f) Network showing the overlap of proteins between organs. (g) Heatmap 147 
showing Pearson correlation between organ ages, axes alphabetically ordered. 148 

Organ aging aligns with lifestyle, clinical and functional profiles in twins 149 

We next examined how organ aging is associated to health measures assessed at or prior to 150 

blood sampling, including lifestyle factors, clinical biomarkers, and other indicators of 151 

biological aging. These cross-sectional analyses tested whether higher organ ages aligned 152 

with expected patterns of poorer health and accelerated aging (see Methods). Our design 153 

enabled analyses at three levels: cohort-level associations, within-twin pair comparisons in all 154 

twin pairs, and within-twin pair comparisons restricted to monozygotic pairs. This structure 155 

provides a means to evaluate the extent to which observed associations may reflect shared 156 

familial environmental or genetic influences.  157 

Organ ages showed clear and consistent relationships with lifestyle factors (Fig. 3a). Higher 158 

body mass index, greater waist–hip ratio, and ever smokers were each associated with older 159 

ages across multiple organs, whereas regular exercise and higher education were associated 160 

to younger organ ages. Although broadly consistent, the magnitude of these associations 161 

varied across organ systems, reflecting distinct lifestyle sensitivities. When accounting for 162 

shared genetic and early-life factors, most lifestyle associations were attenuated in 163 

monozygotic twin pairs. In monozygotic ever smoking and exercise discordant pairs, a mix of 164 
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attenuation and persistence within discordant MZ twins was observed (Fig. 3b). For example, 165 

associations of gastrointestinal age with ever smoking and liver age with exercise frequency 166 

persisted, even growing stronger, in discordant monozygotic analyses compared with cohort-167 

level models. Such persistence within monozygotic pairs, who share both genetics and early-168 

life environment, is consistent with potential causal influences. 169 

Associations with other clinical blood markers followed the expected physiological directions 170 

(Fig. 3a). Better renal and metabolic scores were associated with younger organ ages, 171 

whereas adverse health indications, such as elevated glucose, HbA1c, C-reactive protein 172 

(CRP), and the total-to-HDL cholesterol ratio, were associated with older ages. Patterns vary 173 

across organs; for example, higher CRP levels are associated with greater increase in 174 

immune, gastrointestinal, and liver age, indicating organ-specific sensitivity to inflammatory 175 

burden. 176 

Addressing the participants’ health vulnerability, the frailty index showed strong and 177 

widespread positive associations with organ ages, indicating that frailer individuals had older 178 

biological ages across multiple systems (Fig 3c). Telomere length, a canonical biomarker of 179 

molecular aging, showed weaker but directionally consistent inverse associations, with 180 

statistically significant effects for kidney and bladder and cardiovascular ages. Taken together, 181 

the clinical, functional, and molecular measures recapitulated the expected physiology and 182 

supported the biological relevance of proteomic organ aging. 183 

 184 

Fig. 3: Associations of proteomic organ aging with lifestyle, clinical and functional profiles in Swedish 185 
twins (n=6,211). a, Overview of associations between lifestyle factors and clinical biomarkers with organ age gaps. 186 
Points represent standardized effects or log odds ratios (ever smoked, exercise frequency) for each organ. Color 187 
represents increase, decrease, or non-significance (FDR ≥ 0.05). Callout shows effect sizes for CRP. b, Cohort 188 
versus monozygotic (MZ) discordant pair associations for ever-smoking status (top) and exercise frequency 189 
(bottom). Points represent the organ’s log(OR) in both analyses. Diagonal represent equal association in both 190 
analyses. Colored points (blue/red) showed persistent or stronger effect within MZ model. c, Associations between 191 
organ age gaps and frailty index (top) and telomere length (bottom). The estimates are standardized linear 192 
regression coefficients with 95% confidence intervals for each organ; black points indicate associations significant 193 
at FDR < 0.05. All models are adjusted for age and sex. 194 
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Twins with prior disease show accelerated aging across organs 195 

We next asked whether organ ages reflect the burden of diseases present before blood 196 

sampling. Using diagnoses recorded during the 10 years preceding baseline, we tested 197 

whether individuals with prior conditions presented older organ ages at the time of proteomics 198 

measurements. Associations were estimated using logistic regression, considering both 199 

individual diseases and broader disease groupings. Complete disease-by-organ association 200 

results, including alternative covariate sets, prevalence windows, and within-pair analyses, are 201 

available in the Shiny app. 202 

Because organ ages were associated to multiple lifestyle and clinical factors, analyses were 203 

evaluated across covariate sets of increasing complexity to distinguish associations 204 

independent of demographic, behavioral, and health profiles (see Methods). Unless otherwise 205 

stated, the results refer to the multivariable model, which adjusts for age, sex, education, 206 

smoking status, adiposity, metabolic-, and inflammatory markers. 207 

Major cardiometabolic diseases during the 10 years preceding baseline blood sampling were 208 

associated with widespread increases in organ ages (Fig. 4a). For example, individuals with 209 

prior ischemic heart disease, diabetes, or heart failure presented increased cardiovascular 210 

age at baseline (equivalently, each 1 SD increase in cardiovascular age was associated with 211 

greater odds of prior ischemic heart disease (OR = 1.43, 95% CI 1.29–1.59), diabetes 212 

(OR = 1.55, 1.28–1.87), and heart failure (OR = 2.10, 1.80–2.45)). Individuals with prior 213 

cardiovascular disease or diabetes have biologically older ages across multiple organ 214 

systems, which is consistent with their chronic and broad physiological burden. Overall, few 215 

organ-specific associations were identified, instead system-wide accelerated aging was 216 

observed which mostly persisted in discordant twin pair analyses. Additionally, twins with prior 217 

disease had more aged organs overall than did their siblings without the given disease (Fig. 218 

4b). In sensitivity analyses restricting all diagnoses to the 5 years prior to baseline to focus on 219 

more recent disease, overall aging patterns were similar, but additional significant prostate 220 

cancer associations emerged (see Shiny app). Overall, prevalent disease left identifiable and 221 

mostly global effects on biological aging, with twin comparisons indicating they are not fully 222 

explained by shared familial factors. 223 

We next assessed how multimorbidity at baseline, defined as the number of concurrent 224 

chronic diagnoses across disease groups, is related to organ aging. Prevalent multimorbidity 225 

was modeled using negative binomial regression, with effect estimates reported as incidence 226 

rate ratios (IRRs), reflecting the relative difference in the number of concurrent diagnoses per 227 

1 SD increase in organ age. Again, previous diagnoses were restricted to within 10 years of 228 

blood sampling. A higher multimorbidity count was consistently associated with older organ 229 

ages, indicating that cumulative morbidity scales with biological aging (Fig. 4c). Most disease 230 

groups were broadly associated with multiple organ ages, with few organ-specific associations 231 

(Fig. 4d). Within-pair analyses modestly attenuated these aging patterns, suggesting partial 232 

influence of shared genetic and environmental factors. When restricted to discordant 233 

monozygotic twins, several multimorbidity groups (7 of 9) retained statistically significant 234 

associations, with neuropsychiatric, neurosensorial, musculoskeletal, and cardiovascular 235 

diseases showing the broadest effects. 236 



To complement continuous organ-age measures, we examined whether extreme organ aging 237 

reflects baseline health. We defined extremely aged organs as those in the top or bottom 5% 238 

of each organ-age distribution, corresponding to extremely old or extremely young organs, 239 

respectively. We then quantified each participant’s burden of extremely aged organs and 240 

observed a gradual increase in prevalent multimorbidity with increasing burden of aged 241 

organs, reaching approximately a twofold higher burden among individuals with three or more 242 

extremely aged organs (Fig. 4e). After accounting for the number of other extremely aged 243 

organs, extreme aging of the prostate and brain specifically showed the strongest associations 244 

with prevalent multimorbidity. 245 

Together, these results support organ ages as an integrative measure linking circulating 246 

protein profiles to clinical disease history. Several of these associations remained when 247 

controlling for shared genetics and environment in twins and were largely systemic rather than 248 

organ specific. 249 

 250 

Fig. 4: Prevalent disease and multimorbidity across proteomic organ ages in Swedish twins (n=6,211). a, 251 
Associations between organ ages and prevalent diseases diagnosed 10 years before blood sampling. Each point 252 
represents an organ and its association with the outcome, colored points are significant (FDR<0.05). b, Twin 253 
comparison for disease-discordant pairs: mean overall organ age in the affected twin (red) versus the unaffected 254 
co-twin (blue) for each prevalent disease, excluding sex-specific diseases. c, Mean overall organ age across 255 
baseline multimorbidity strata (number of chronic diseases prior to blood sampling). d, Heatmap showing 256 
associations between organ ages and baseline multimorbidity within major disease groups, expressed as the log 257 
incidence rate ratio (IRR) per 1 SD increase in organ age. × indicates associations that did not meet the significance 258 
threshold after multiple testing correction (FDR ≥ 0.05). e, Left, IRR for prevalent multimorbidity (total count) by 259 
number of extreme-aged organs. Right, the IRR for prevalent multimorbidity for single-organ extreme aging (binary, 260 
adjusting for total extremely aged organ count. Points denote effect estimates and whiskers denote 95% confidence 261 
intervals. All models used the multivariable covariate set. 262 
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Organ aging differences in twin pairs and future disease and mortality risk 265 

We next tested whether accelerated organ age is associated with the future onset of major 266 

age-related diseases, mortality, and a reduced healthspan. Healthspan was defined as the 267 

time to first diagnosis of a major chronic disease or death (see Methods). Using time-to-event 268 

models over a median of 15 years of follow-up, we assessed whether baseline organ ages 269 

were associated with disease incidence while adjusting for key demographic, clinical, and 270 

lifestyle factors. For each outcome, individuals with the corresponding prevalent disease at 271 

baseline were excluded from the analysis. Complete results across all outcomes, covariate 272 

sets, and twin strata are available for exploration in the Shiny app. 273 

Most organ ages were strongly associated with increased mortality risk, consistent with their 274 

derivation from mortality-based clocks. These associations remained strong within discordant 275 

twin pairs, including monozygotic pairs, suggesting independence from shared familial factors, 276 

including genetics. For example, per 1 SD increase in cardiovascular age, mortality risk more 277 

than doubled within monozygotic twin pairs (HR = 2.20, 95% CI 1.69–2.85). Higher organ ages 278 

were also associated with shorter healthspan (for example, per 1 SD increase in kidney and 279 

bladder age, HR = 1.18, 95% CI 1.12–1.23). 280 

At the level of specific diseases, most organ ages were prospectively associated with incident 281 

cardiometabolic disease, reflecting the broad physiological footprint of cardiovascular and 282 

metabolic dysfunction (Fig. 5a). In discordant twins, these associations and atrial fibrillation 283 

and heart failure remained, whereas associations with ischemic and cerebrovascular disease 284 

attenuated, indicating partial familial confounding. Several organ ages were also associated 285 

with incident diabetes, although only cardiovascular age retained significance in discordant 286 

twin pairs (HR = 2.57, 95% CI 1.20–2.06; Fig. 5b).  287 

Older brain age had the strongest association with incident dementia (HR = 1.37, 95% CI 288 

1.25–1.49). In discordant twins, the association shrunk (HR = 1.23, 95% CI 1.01–1.50), even 289 

more so in monozygotic twins (HR = 1.02, 95% CI 0.71–1.48), suggesting shared familial 290 

factors, including genetics, although with reduced statistical power. To further explore this, 291 

twins were ranked within each pair by baseline brain age to define older- and younger-brain 292 

twins. Twins with older brain age showed a consistently higher incidence of dementia during 293 

follow-up than their younger-brain co-twins, demonstrating that brain-age stratification 294 

captures differences in dementia risk within twin pairs (Fig. 5c). We also examined the burden 295 

of extreme organ aging in relation to attained healthspan and incident mortality. Individuals 296 

with both extremely aged and extremely young organs were classified as extremely aged 297 

(aged status took precedence). Increasing numbers of extremely aged organs were 298 

associated with a reduction in attained healthspan and reduced probability of survival over 299 

follow-up. (Fig. 5d, e). 300 

Taken together, these findings indicate that organ ages were prospectively associated with a 301 

broad range of age-related diseases, as well as with mortality and a reduced healthspan. Twin 302 

analyses provided distinctions between associations with higher and lower familial 303 

underpinnings. The most consistent prospective associations were observed for mortality, 304 

healthspan, and major cardiometabolic and neurodegenerative outcomes, underscoring the 305 

relevance of organ aging measures for capturing clinically meaningful variation in aging 306 

trajectories. 307 



 308 

Fig. 5: Incident disease and mortality differences across proteomic organ ages within Swedish twin pairs. 309 
a, Heatmap showing associations between each organ age and risk of incident major diseases from Cox 310 
proportional hazards models at the cohort level (rows, outcomes; columns, organ ages). Colors indicate log hazard 311 
ratios per 1 SD higher organ age. Outcomes with at least one statistically significant association shown. × mark 312 
associations not significant at FDR ≥0.05. b, Same as (a) but for discordant twin pair analyses. c, Cumulative 313 
incidence of dementia by within-pair brain age rank (older versus younger). Twins were ranked within each pair by 314 
baseline brain age and followed for incident dementia. Shaded areas indicate 95% confidence intervals. P value 315 
from pair-stratified Cox regression. d, Attained healthspan as a function of the number of extremely aged organs. 316 
Points represent estimated means and error bars 95% confidence intervals. e, Kaplan–Meier survival (all-cause 317 
mortality) curves stratified by extremely aged organ count: young (at least one extremely young organ, no aged 318 
organs), normal (no extremely aged or young organs), one aged organ, or two or more aged organs; shaded areas 319 
denote 95% confidence intervals. All models used the multivariable covariate set. 320 

Accelerated organ aging precedes multimorbidity accumulation 321 

To assess whether organ ages capture longitudinal health trajectories in addition to 322 

associations with single conditions, we examined their relationship with the accumulation of 323 

multimorbidities. Using Andersen–Gill recurrent-event models, baseline organ ages were 324 

associated to incident disease counts across systems over follow-up, adjusting for core 325 

covariates and baseline disease burden (Fig. 6a). In this setting, HRs reflect the relative rate 326 

at which new chronic diseases accumulate over follow-up. Full results are available in the 327 

Shiny app. 328 

At the cohort level, increased organ ages were associated with faster accumulation of new 329 

diseases across most multimorbidity groups (Fig. 6a). Discordant twin pair analyses reduced 330 

the number of statistically significant associations, revealing a smaller set of biologically 331 

interpretable patterns. Still, elevated brain age was most strongly associated with 332 

neuropsychiatric multimorbidity (HR = 1.32, 95% CI 1.23–1.41), increased gastrointestinal age 333 

with digestive multimorbidity (HR = 1.18, 95% CI 1.12–1.24), and raised cardiovascular age 334 

second strongest with cardiovascular multimorbidity (HR = 1.16, 95% CI 1.12–1.20). In 335 

analyses restricted to monozygotic twins, respiratory, urological and cardiovascular 336 
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multimorbidity remained statistically significant, whereas estimates for other domains were 337 

underpowered for inference.  338 

We next examined whether extreme deviations (top and bottom 5% per organ age distribution) 339 

in organ age further stratify longitudinal multimorbidity trajectories (Fig. 6b–e). Individuals with 340 

an increased burden of extremely aged organs accumulated new diagnoses more rapidly over 341 

follow-up, whereas those with predominantly young organ age proteome profiles showed the 342 

slowest accumulation. Organ-specific stratification revealed concordant patterns, with extreme 343 

aging of the brain, gastrointestinal, and cardiovascular systems corresponding to accelerated 344 

accumulation of diagnoses within their respective disease domains. Together, these analyses 345 

show that both global and organ-specific extremes of organ aging track longitudinal 346 

multimorbidity trajectories across systems. 347 

 348 

Fig. 6: Multimorbidity accumulation across proteomic organ ages in Swedish twins (n=6,211). a, Heatmap 349 
showing associations between organ ages and the accumulation within disease groups at the cohort level. × mark 350 
associations not significant at FDR ≥0.05. All models used the multivariable covariate set, in addition to baseline 351 
disease burden. b, Mean cumulative function curves showing the average number of new chronic disease 352 
diagnoses accrued over follow-up, stratified by number of extremely aged organs at baseline (normal, young, one 353 
aged organ, or two or more aged organs). c–e, Organ-specific extreme-aging analyses showing the cumulative 354 
incidence of new diagnoses in relevant disease domains for brain aging (neuropsychiatric; c), gastrointestinal aging 355 
(digestive; d), and cardiovascular aging (cardiovascular; e). Lines denote mean cumulative diagnoses and shaded 356 
areas represent 95% confidence intervals. 357 
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Discussion 358 

Organ-specific proteomic aging is an emerging measure of aging but circulating protein levels 359 

reflect a complex mixture of genetic, developmental, lifestyle, and disease-related influences. 360 

This decreases clarity whether accelerated organ age primarily represents intrinsic organ 361 

aging, cumulative systemic burden, or familial background. By embedding organ-specific 362 

proteomic clocks within a twin design, this study directly addresses this ambiguity. The results 363 

show that organ ages are shaped by both shared and non-shared influences and capture 364 

biologically meaningful variation that relates to health trajectories beyond family background 365 

alone. This twin-informed perspective provides an additional framework for interpreting 366 

proteomic organ aging not as a single biological process, but as a composite signal integrating 367 

systemic aging, organ-level vulnerability, and inherited context. 368 

Our findings build on recent work showing that circulating proteins can reflect organ-level 369 

aging signatures linked to morbidity and mortality.16,18 We extend the insights from previous 370 

studies in several ways. First, by leveraging a twin cohort, we show that organ aging is not 371 

reducible to shared genetics or environment alone. While some associations attenuate, others 372 

persist, even among genetically identical twins, highlighting that organ aging captures 373 

biologically meaningful differences in health. Second, linkage to nationwide health registers 374 

provides detailed disease history prior to blood sampling and up to 15 years of follow-up. This 375 

enables a multifaceted evaluation of organ aging across prior morbidity, disease onset, and 376 

multimorbidity trajectories over time. Third, by developing organ-specific clocks in a Swedish 377 

twin cohort using complementary proteomic platforms anchored in a tissue-informed mapping 378 

of proteins, we provide a genetically informative, registry-based complement to UK- and US-379 

based proteomic aging studies.7,16,18 380 

Comparing associations with prior and incident disease revealed a consistent pattern of organ 381 

aging. Prevalent disease was accompanied by broadly elevated organ ages, indicating a more 382 

systemic aging signature, consistent with evidence that multimorbidity reflects systemic 383 

biological dysregulation rather than isolated disease processes.31 In contrast, associations 384 

with incident disease involved a greater number of organ-specific aging patterns. One 385 

interpretation is that at lower levels of disease burden, accelerated aging may be localized to 386 

specific organs or tissues, whereas greater disease burden is accompanied by a more 387 

systemic physiological signature. At the same time, cross-sectional signals are inherently 388 

bidirectional: organ aging may contribute to disease onset, but established disease and its 389 

treatment can also influence circulating protein profiles, diluting organ specificity. In addition, 390 

retrospective disease history integrates both modifiable and non-modifiable processes 391 

accumulated over time, further blurring organ-specific patterns. These patterns indicate that 392 

organ ages capture both localized vulnerability preceding onset and the systemic imprint of 393 

established disease. 394 

As a unique aspect of our work, twin analyses revealed a substantial genetic component of 395 

organ-specific aging. Heritability estimates averaging ~50% were comparable to those 396 

reported for intrinsic lifespan32, indicating that organ ages share a similar genetic architecture 397 

with established aging phenotypes. Part of this signal may reflect the genetic architecture of 398 

the proteins composing each clock, which vary in coverage across organs and represent only 399 

a subset of the circulating proteome. The relationship between brain age and dementia risk, 400 



consistent with prior studies16,18, exemplifies how twin analyses can refine interpretation: this 401 

association attenuated within twin pairs and more strongly among monozygotic twins, 402 

suggesting a contribution from shared genetic liability. Genetically informed analyses therefore 403 

sharpen interpretation of established organ-aging associations by separating inherited liability 404 

from downstream aging processes. However, non-genetic influences on organ ages remain 405 

sensitive to modifiable lifestyle, clinical, and treatment-related factors. In the future, organ-406 

specific aging trajectories could be used in clinical and interventional studies as surrogate 407 

endpoints to assess whether interventions influence biological aging across organ systems, 408 

without requiring lifespan-scale follow-up. 409 

Beyond continuous measures, extreme deviations in organ age provided additional resolution 410 

of aging-related risk. Individuals with a greater burden of extremely aged organs showed faster 411 

accumulation of chronic disease, reduced healthspan, and increased mortality, indicating that 412 

organ-specific aging effects combine additively to shape trajectories of systemic decline. This 413 

burden-based perspective highlights how aging manifests not only through single vulnerable 414 

systems but through the accumulation of multiple aged organs over time. 415 

At the same time, the organ-based framework does not require comprehensive profiling of all 416 

systems in every setting, as organ-specific protein sets allow the use of smaller, targeted 417 

panels tailored to a given biological or clinical question. Deriving the clocks from proteins 418 

measurable across both affinity- and mass spectrometry-based platforms further extends prior 419 

organ-aging work and demonstrates that organ-specific aging clocks can be implemented 420 

beyond affinity-based assays alone. Further, organ ages capture information not explained by 421 

established clinical biomarkers, supporting their added value relative to routinely available 422 

measures. The organ-specific clocks also remain interpretable, allowing the underlying protein 423 

contributions to be examined when biological insight or target identification is required. In this 424 

context, as molecular profiling becomes increasingly high-dimensional, organ-focused aging 425 

frameworks offer an efficient and scalable way to translate rich molecular data into clinically 426 

usable summaries–balancing biological resolution, technological flexibility, and feasibility of 427 

implementation. 428 

Several limitations should be considered when interpreting these findings. First, although we 429 

integrated mass spectrometry- and affinity-based assays, coverage of the circulating 430 

proteome remains incomplete, and some organs are likely underrepresented in plasma. 431 

Accordingly, organs with greater vascularization or secretory activity showed stronger signals 432 

than tissues such as skin and adipose, reflecting both biological differences and platform-433 

specific measurement constraints. In addition, current proteomic technologies do not 434 

systematically capture post-translational modifications, isoforms, or protein-protein 435 

interactions, which may be important contributors to aging biology. Second, organ 436 

assignments were inferred from existing tissue and cell atlases. While this strategy allows 437 

proteins to contribute to multiple organs and incorporates both protein- and transcript-level 438 

information, it remains an imperfect proxy for true tissue origin and for context-dependent 439 

regulation. Third, organ ages were estimated at a single time point, such that the clocks 440 

capture cross-sectional age acceleration rather than directly observing aging rates. Future 441 

longitudinal, repeated-sampling studies will be necessary to determine how trajectories of 442 

organ age relate to sustained effects, disease progression, and intervention response. Finally, 443 

sample size constrained some modeling choices and limited power for sex-specific and 444 



monozygotic twin–restricted analyses, particularly for less common outcomes. The cohort 445 

consists of Swedish twins, which may limit generalizability to other populations, and the 446 

observational design precludes definitive causal inference despite the strengths of the twin 447 

framework and long-term register follow-up. Collectively, these considerations highlight the 448 

need for future studies integrating genetic analyses, longitudinal and interventional 449 

proteomics, and more diverse populations to refine organ-specific aging measures and clarify 450 

their utility in geroscience and precision prevention. 451 

In summary, this twin-centric work positions organ-specific proteomic aging as a lens through 452 

which aging can be understood as a distributed, system-level process rather than a single, 453 

uniform trajectory. By integrating proteomic clocks with a twin design, long-term clinical follow-454 

up, and organ-level resolution, we show how genetic liability, systemic burden, and organ-455 

specific vulnerability jointly shape aging-related health outcomes. Beyond risk assessment, 456 

this framework enables aging to be interrogated at the level of organs, pathways, and 457 

trajectories. It provides a basis for more informed studies on how interventions may 458 

differentially influence biological aging across the body. As aging research increasingly shifts 459 

toward translation, organ-specific aging measures offer a scalable approach for informing 460 

prevention, guiding treatment strategies, and ultimately supporting efforts to extend 461 

healthspan alongside lifespan. 462 
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Methods 603 

Study population 604 

We used data from TwinGene, a population-based sub cohort of the Swedish Twin Registry 605 

(STR). TwinGene recruited twins born between 1911 and 1958 who had previously 606 

participated in the Screening Across the Lifespan Twin questionnaire (SALT).33 Between 2004 607 

and 2008, 12,614 twins were enrolled, underwent a basic health examination, completed 608 

questionnaires, and provided blood samples.  Clinical blood markers and telomere length were 609 

all measured in the blood samples collected from the TwinGene cohort. eGFR was calculated 610 

using the CKD-EPI 2012 creatinine-cystatin C equation.34 Ever-smoking status, exercise 611 

habits, years of education, and frailty index were collected between 1998 and 2002 as part of 612 

the SALT study, which results in a time gap between the measurement of these variables and 613 

the blood sampling. Circulating proteins were profiled using two complementary technologies. 614 

First, Olink PEA35 (Oncology I and II panels) measures proteins in a subset of 7,041 same-615 

sex twins, mainly complete pairs. Second, SWATH36  LC-MS was used to quantify proteins in 616 

most of the cohort (n = 12,450). The present analyses included 6,211 twins with overlapping 617 

data for 639 proteins after quality control.  618 

ICD codes and multimorbidity 619 

We retrieved diagnoses from the Swedish inpatient and outpatient registries, updated 2023-620 

12-31. The National Cause of Death Register was used for mortality data, updated 2024-03-621 

05. The retrieval was based on the chronic diseases outlined in a published framework.37 For 622 

the broader disease groupings, an established classification was used and adapted to the 623 

chronic disease retrieved.38 All involved ICD codes, together with information on multimorbidity 624 

categories, and number of cases per disease are found in Supplementary Data 4. Shiny app 625 

also provides information on case counts for each analysis. 626 

Mass spectrometry analysis 627 

Serum samples (n = 12,614) from the Swedish Twin Registry were collected in standard 628 

vacutainers, centrifuged at 1,500 g for 10 min, aliquoted and stored at –80 °C. Tubes with 629 

visible hemolysis, lipemia or total volume <50 µL were flagged, and 1.1% of samples were 630 

excluded before proteomic processing. The samples were randomized across 96-well plates, 631 

with a pooled-serum preprocessing control every 16th well and a pooled-digest time-trend 632 

control every 32nd injection. Proteomic profiling followed the high-throughput Scanning 633 

SWATH36 workflow on high-flow reversed-phase LC (800 µL min⁻¹, minute-scale gradients) 634 

coupled to a fast-scanning qTOF as described by Messner et al., with solvent blanks and BSA 635 

digests run as system-suitability tests. Raw data were processed in DIA-NN v1.8.1 using an 636 

in-silico human plasma spectral library and match-between-runs. Run-level QC metrics 637 

(precursor and protein counts, MS1/MS2 mass accuracies and missed-cleavage rates) were 638 

converted to z-scores, and runs with |z| ≥ 3 or a multivariate outlier score above threshold 639 

were removed (1.4% of runs). Precursors detected in ≥34% of samples were retained, log₂(1 640 

+ x)-transformed, batch-corrected using cyclic LOWESS (limma) and median-scaled. Missing 641 

values were imputed sequentially by Bayesian PCA within plates, k-nearest neighbors within 642 



super-batches and then k-nearest neighbors globally. The final dataset comprised 3,454 643 

peptide precursors mapping to 291 proteins across 13,313 samples, with a post-QC median 644 

CV of 19.9% and no detectable temporal drift. After removing controls and joining on meta 645 

data, 12,450 samples were available for downstream analysis. The 291 protein levels were 646 

standardized (mean 0, standard deviation of 1).  647 

Affinity proteomics analysis 648 

Serum samples (n = 7,040) were profiled on the Olink Explore 384 Oncology panel at 649 

SciLifeLab Uppsala using the manufacturer’s proximity extension assay (PEA) platform. Each 650 

plate included three internal controls (incubation, extension and amplification) and three 651 

external controls (plate, sample and negative controls) for normalization, consistency checks 652 

and limit-of-detection monitoring. NPX values (log₂ scale) and initial quality metrics were 653 

generated with Olink’s Explore calculation module v3.8.1. Samples with fewer than 500 654 

matched counts in any assay, assays whose negative-control medians deviated by more than 655 

five standard deviations from their targets, and any measurements with manual warnings were 656 

excluded. After QC, 6,921 of 7,040 samples (98%) and 2,543,087 of 2,562,560 data points 657 

(99%) remained; intra-assay and inter-assay coefficients of variation averaged 9% and 16%, 658 

respectively, and 351 of 364 proteins (96%) were detected in at least half of all samples. For 659 

downstream analyses, proteins with >50% missing values (below limit of detection) were 660 

removed, outlier samples were excluded using interquartile-range and median-based criteria, 661 

protein quantile normalization (ProtPQN)39 was applied to reduce technical and batch effects, 662 

and protein levels were standardized to mean 0 and standard deviation 1. 663 

Plasma protein organ specificity 664 

To map proteins to organs of origin, we used a published framework integrating tissue- and 665 

cell-level proteome maps with RNA and protein atlases.28 Proteins strongly linked to a single 666 

organ were assigned accordingly. Proteins linked to multiple organs contributed to all relevant 667 

organ sets, whereas non-specific or unclassified proteins were excluded. For interpretability, 668 

comparison with similar databases, and adequate group sizes, we combined related tissues: 669 

kidney with bladder (kidney and bladder); bone marrow with spleen (immune); adrenal with 670 

thyroid (endocrine); artery with heart (cardiovascular); and colon, stomach, and esophagus 671 

(gastrointestinal). These groupings formed the basis of the 15 organ-specific protein sets used 672 

to construct aging clocks.  673 

Clock development 674 

We trained organ-specific mortality-based clocks using elastic-net Cox regression. All clock 675 

coefficients for both sexes are available in Supplementary Data 1. As the protein overlap 676 

between Olink and MS was limited to three proteins, we opted to use the MS measurements 677 

over the Olink for these proteins. All proteins from both platforms were subsequently 678 

concatenated and used in clock development. Mortality-based clocks have been shown to 679 

outperform age-based clocks in predicting downstream health outcomes.16 680 



Model training and evaluation were performed using a pair-aware cross-validation framework 681 

to prevent information leakage between twins. Twin pairs were kept together in all splits. For 682 

each organ and sex, we implemented an outer cross-fitting procedure in which the data were 683 

partitioned into five folds by twin pair. In each outer fold, models were trained on the remaining 684 

folds and evaluated on the held-out fold, such that every participant received a prediction 685 

(organ age) from a model that did not include them or their co-twin in training. Within each 686 

outer training set, protein levels were standardized using training-set parameters. We used 5-687 

fold cross-validation to tune the elastic-net mixing parameter (α), evaluating α ∈ {0, 0.1, …, 1}; 688 

for each α, glmnet selected the optimal penalty (λ) that minimized cross-validation error. The 689 

α value with the lowest cross-validation mean error was selected, and the final model for that 690 

outer fold was refitted using this α and its corresponding optimal λ. Models were trained 691 

separately for males and females. 692 

The resulting out-of-fold risk scores were aggregated across outer folds to obtain a complete 693 

set of predictions for all participants. To quantify biological aging, we derived age-adjusted 694 

gaps by fitting a LOESS curve (span = 2/3) of the observed risk score against chronological 695 

age and defining the age gap as the residual from this curve. Gaps were standardized to z-696 

scores; positive values indicate higher-than-expected mortality risk for a given age, whereas 697 

negative values indicate lower risk. Sex-specific organs (ovary, prostate) were analyzed only 698 

in the relevant sex. To express these SD-scaled residuals in approximate chronological-year 699 

units, we estimated the local rate of change in the raw mortality score with age. Specifically, 700 

for each organ we computed the derivative of the LOESS curve at the cohort’s median age 701 

and divided the standard deviation of the residuals by this derivative. This yields an estimate 702 

of how many chronological years correspond to a one-SD deviation in organ age. This 703 

conversion provides an interpretable reference for typical deviations (±1–2 SD) but is not 704 

intended for extrapolation to extreme outliers, where the local linear approximation does not 705 

hold. 706 

 707 

Statistical analyses 708 

We estimated narrow-sense heritability (h²) of both plasma-protein levels and organ-specific 709 

biological ages using Falconer’s formula, h² = 2 (r_MZ – r_DZ), where r_MZ and r_DZ are 710 

within-pair correlations for monozygotic and dizygotic twins. We computed pairwise Pearson 711 

correlations between organ-age measures (excluding sex-specific organs) and assessed 712 

whether the correlations were due to overlapping model predictors by quantifying proteins 713 

shared between organ models. 714 

Associations between organ ages (exposure) and baseline lifestyle and clinical factors 715 

(outcomes) were tested using linear regression for continuous traits (e.g., BMI, WHR, eGFR, 716 

HbA1c, CRP, lipid ratios, frailty index, telomere length) and logistic regression for binary traits 717 

(ever-smoking status, exercise). All models included chronological age and sex as covariates 718 

(excluding sex when sex-stratified or when not applicable) and used cluster-robust standard 719 

errors to account for twin-pair dependence. Analyses used complete-case data for each 720 

model, excluding participants with missing values for the organ age exposure, the outcome 721 

trait, or any covariate included in that model. Effect estimates for continuous outcomes were 722 



standardized. Multiple testing was controlled using FDR correction. Sex-specific organs 723 

(ovary, prostate) were analyzed only within the corresponding sex. All statistical tests in this 724 

study were two-sided. 725 

For continuous outcomes, we performed within-pair difference regression to control for shared 726 

genetic and environmental factors. Within each complete twin pair, we calculated the 727 

difference in both the outcome and organ age (twin1 − twin2) and regressed the outcome 728 

difference on the organ age difference using linear regression. Within-pair analyses were 729 

performed separately for all pairs and for monozygotic pairs only. For binary lifestyle outcomes 730 

(smoking, exercise), we performed discordant twin pair analyses using conditional logistic 731 

regression, which controls for all shared factors within pairs. These analyses were performed 732 

for all discordant pairs and for monozygotic discordant pairs only. 733 

Based on associations identified in the baseline analyses, three covariate sets were defined. 734 

The minimally adjusted model included age and sex. The multivariable model additionally 735 

included years of education, smoking status (ever vs. never), body mass index (BMI), glycated 736 

hemoglobin (HbA1c), total-to-HDL cholesterol ratio, and C-reactive protein (CRP). The 737 

multivariable + eGFR model further included estimated glomerular filtration rate based on 738 

creatinine and cystatin C (eGFRcr-cys). Waist-to-hip ratio and triglycerides were excluded due 739 

to high collinearity with BMI and the total-to-HDL cholesterol ratio, respectively. Because 740 

eGFR data were available for only a subset of participants, the multivariable + eGFR model 741 

was analyzed separately. Unless stated otherwise, the results presented in the main text refer 742 

to the multivariable model. 743 

We also examined associations between organ ages and prevalent disease at baseline using 744 

logistic regression, with FDR correction applied for each disease. Prevalent disease was 745 

defined as disease present at or before the baseline assessment date, within a 10-year time 746 

window. Time window was employed to ensure participants had the same observation period 747 

up until the blood sampling. Diseases with a prevalence ≥1 % of the sample size were included 748 

(for discordant pairs, 0.5% threshold was used). Sensitivity analyses using a different time 749 

window (5 years before baseline) was performed to assess robustness to the definition of 750 

prevalent disease. 751 

To study prospective outcomes, we used Cox proportional-hazards models for incident 752 

disease, all-cause mortality, and healthspan (time to first major disease or death40), with age 753 

as the underlying time scale and cluster-robust standard errors for twin pairs. We also fitted 754 

within-pair Cox models stratified by twin-pair ID to account for shared genetic and familial 755 

environmental factors; these included only complete pairs with ≥1 incident case. False 756 

discovery rate (FDR) correction was applied separately for each outcome across organ–age 757 

associations. 758 

For prevalent multimorbidity (limited to 10 years before blood sampling), we counted baseline 759 

diseases within disease groupings (defined above) and modeled them using negative-760 

binomial regression. Within-pair negative-binomial models were stratified by twin pair ID for all 761 

twins and for MZ pairs only. For incident multimorbidity, we applied Andersen–Gill Cox models 762 

for recurrent events in each of the nine disease systems. Within-pair analyses were stratified 763 

by twin-pair ID using strata(pair_id). All regression analyses used cluster-robust standard 764 

errors to account for twin pair clustering. All analyses were run once for each covariate set, in 765 



addition to accounting for the baseline disease burden. In both multimorbidity settings any 766 

within pair variance was used as definition for discordancy on the outcome. Finally, we 767 

evaluated cumulative disease accumulation in relation to extreme organ aging using Nelson–768 

Aalen mean cumulative functions with 95% confidence intervals. Extreme organ ages were 769 

defined as the top and bottom 5th percentiles per organ. For each individual, we counted the 770 

number of organs in each extreme category (n_aged for top 5th percentile, n_young for bottom 771 

5th percentile). Individuals could have both aged and young organs simultaneously; for 772 

classification, we prioritized aged organs over young organs, creating mutually exclusive 773 

groups. Benjamini–Hochberg false discovery rate (FDR) procedure was used to account for 774 

multiple comparisons. For lifestyle and biomarker analyses, FDR was applied globally across 775 

all exposures and organ age associations. For disease and multimorbidity analyses, the FDR 776 

was controlled separately for each outcome across organs.  777 
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