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Revealing the genetic architectures
underlying organ-specific aging based on
proteomic data

Ren-Jie Zhu 1,4, Yan Guo 1,4, Jia-Hao Wang1, Ke Yu1, Wei Shi 1, Wen Pan2,
Xian-lin Yu1, Wei Chen3, Shan-Shan Dong 1 & Tie-Lin Yang 1

Organ-specific plasma protein signatures identified via proteomics profiling
could be used to quantitatively track organ aging. However, the genetic
determinants and molecular mechanisms underlying the organ-specific aging
process remain poorly characterized. Here we integrated large-scale plasma
proteomic and genomic data from 51,936 UK Biobank participants to uncover
the genetic architectures underlying aging across 13 organs. We identified 119
genetic loci associated with organ aging, including 27 shared across multiple
organs, and prioritized 554 risk genes involved in organ-relevant biological
pathways, such as T cell–mediated immunity in immune aging. Causal infer-
ence analyses indicated that accelerated heart and muscle aging increase the
risk of heart failure, whereas kidney aging contributes to hypertension.
Moreover, smoking initiation was positively linked to the aging of the lung,
intestine, kidney, and stomach. These findings establish a genetic foundation
for understanding organ-specific aging and provide insights for promoting
healthy longevity.

Biological aging refers to the gradual and cumulative changes in the
biological functions of an organism as time advances1. These changes
lead to a decline in physiological capabilities and an increase in disease
susceptibility2,3. Investigating the underlyingmechanisms of biological
aging can enhance our comprehension of the processes contributing
to aging-related diseases, thereby informing the development of
potential therapeutic interventions.

Most of studies on biological aging focus on whole-body aging
indicators, such as healthspan4, lifespan5,6 and longevity7. Given the
distinct characteristics of various organs, organ aging, which refers to
the biological aging specific to particular organ systems, has increas-
ingly become a research hotspot8–10. Several methods have been
established for assessing organ aging. For example, some studies11,12

used MRI-based brain volume and functional connectivity

measurements to measure brain aging, but MRI measurements are
costly and do not providemolecular insights. Some other studies have
used clinical chemistrymarkers tomeasure organ aging8,13,14. However,
many of these markers have low organ specificity, making them diffi-
cult to interpret for organ-specific aging. Moreover, suitable and easily
measurable clinical chemistry markers are not yet available for some
organs (e.g., intestine and stomach). Therefore, we need to find other
indicators for organ aging.

Proteins are the final products of gene expression and the prin-
cipal functional constituents of cellular and biological processes.
Moreover, most drug targets and biomarkers are proteins15,16. In clin-
ical practice, certain plasma proteins have been used to noninvasively
evaluate the health status of specific organs, such as alanine transa-
minase for liver damage17,18. Therefore, finding organ-specific proteins
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in plasma could track human organ aging. Indeed, recent studies
successfully used plasma proteomics data to predict organ aging9,19,20.
However, these studies primarily focused on identifying correlations
between aging and other phenotypes, without delving into the
underlying genetic determinants of organ aging. Moreover,
causal associations between organ aging and diseases were not
explored.

In this study, using plasma proteomics data from the UK Biobank
Pharma Proteomics Project (UKB-PPP)21, we trained models to predict
organ aging for 13 human organs. Genome-wide association study
(GWAS) was then performed to pinpoint the genomic loci associated
with organ aging. Mendelian randomization (MR) analysis was further
used to explore the causal relationshipbetween aging-relateddiseases,
modifiable lifestyle factors and organ aging. Our results could enhance

the comprehension of the genetic basis of organ aging and highlighted
the causal relationship between organ aging and other traits.

Results
Overall design
The overall design of this study is shown in Fig. 1. Briefly, using plasma
proteomics data (2923 proteins) from 51,936 participants of UKB-
PPP21, we mapped putative organ-specific plasma proteome and used
them to train models to predict organ aging for 13 human organs
(adipose, artery, brain, heart, immune, intestine, kidney, liver, lung,
muscle, pancreas, skin and stomach). We then performed GWAS to
explore the genetic mechanisms underlying organ aging. Subse-
quently, we integrated transcriptome-wide association study (TWAS),
colocalization, and causal inference approaches to identify likely
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Fig. 1 | Schematic of the study design. First, proteomics data from UKB-PPP was
used to model organ aging. GWAS analysis was then performed on the predicted
aging phenotypes using genotypic data from UKBB to elucidate the genetic
mechanisms of organ aging. The heritability and genetic correlations of organ
aging were also calculated, and various methods were used to identify risk genes

for organaging. Further, the biological insights ofprioritizedgeneswere examined.
Finally, the GWAS findings were leveraged to construct a risk prediction model for
organ aging, and Mendelian randomization analysis was performed to test asso-
ciations between organ aging, disease, and lifestyle phenotypes.
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effector genes. Furthermore, we constructed polygenic risk scores to
assess their association with aging-related diseases. Additionally, MR
analysis was employed to reveal the potential causality between aging-
related diseases, modifiable lifestyle factors and organ aging.

Model organ aging with plasma proteins
We trained aging prediction models using proteomic data measured
during 2006 and 2010 from the UK Biobank Pharma Proteomics Pro-
ject (UKB-PPP)21 for 13 organs, including adipose, artery, brain, heart,
immune system, intestine, kidney, liver, lung, muscle, pancreas, skin
and stomach, because of their relatively well-understood contribu-
tions to aging-related diseases. The organ-enriched proteins we used
comprised the organ-enriched proteins from the Human Protein Atlas
(HPA) project22 and the organ-specific proteins identified by Mal-
mström et al.‘s study23. As shown in Supplementary Data 1, 1799 pro-
teins were selected for the 13 organs (ranged from 34 to 356). These
proteins were enriched in pathways related to organ-specific functions
(Supplementary Data 2). We trained aging model for 13 organs using
organ-enriched proteins, and a ‘conventional’ proteomic aging model
was trained using all proteins. As shown in Supplementary Fig. 2,
among the three machine learning models used, the elastic net model
demonstrated the best performance on the test sets across 11 organs.
For the remaining three organs (kidney, pancreas, and stomach),
although XGBoost or random forest showed slightly better perfor-
mance on the test dataset in some cases, performance discrepancies
between the training and test sets were observed for these models,
indicating potential overfitting. In contrast, the elastic net model
maintained similar performance between the training and test sets.
Therefore, we opted for the elastic net model in subsequent analyses.
The protein weights in the elastic net model are provided in Supple-
mentary Data 3. Subsequently, we compared the performance of the
final trained model on the training dataset and an independent test
dataset. The model’s performance was similar across both datasets,
indicating good generalization ability (Supplementary Fig. 3).

The developed models were then used to predict biological ages
for all UKB-PPP baseline participants. Similar to previous studies24,25,
we observed that the predicted age difference (PAD)—the difference
between predicted age and chronological age—exhibited negative
correlation with chronological age (r ranged from −0.90 to −0.48,
Supplementary Fig. 4). Post-prediction correction of this age bias
problem is crucial26.We adopt themethodusedbyOhet al.9 to address
this problem. The corrected PAD (hereinafter referred to as “delta
age”) was defined as the residuals from a locally weighted scatterplot
smoothing (lowess) regression of predicted age on chronological age
model. As shown in Supplementary Fig. 4, this method successfully
corrected the dependence of delta age on chronological age (r ranged
from −0.021 to 0.025). Subsequent analyses were performed after
Z-score scaling of the delta age values.

The association between organ aging and disease status
We next examined the associations between organ aging and disease
status. Disease status was defined based on ICD-10 diagnoses (UK
Biobank Field 41270). Nine major disease categories were included in
the analysis: immune system diseases (ICD-10: D50–D89), circulatory
system diseases (I00–I99), musculoskeletal system diseases
(M00–M99), nervous system diseases (G00–G99), respiratory system
diseases (J00–J99), endocrine, nutritional, and metabolic diseases
(E00–E90), mental and behavioral disorders (F00–F99), digestive
systemdiseases (K00–K93), anddiseases of the skin and subcutaneous
tissue (L00–L99) (SupplementaryData 4). In total, 617 specificdiseases
across these categories were included. Disease records were categor-
ized into prevalent diseases (diagnosed before recruitment) and inci-
dent diseases (diagnosed after recruitment) according to the timing of
diagnosis relative to recruitment.

For prevalent diseases, we performed logistic regression analyses
to assess the association between disease status and delta age. Among
the 126 disease category-aging trait pairs (9 disease categories ×14
aging traits), we detected 125 significant pairs of positive correlations.
As shown in Fig. 2a, some disease-organ correlationswere as expected.
For example, brain aging exhibited the strongest positive correlation
with mental and behavioral disorders. We also observed some other
interesting correlations, for example, stomach aging was significantly
correlated with the status of mental and behavioral disorder. This
might be because multiple cortical regions can regulate autonomic
control of the stomach, involving the gut-brain connection27. We also
explored the relationship between 617 diseases within the 9 disease
systems and organ aging. After Bonferroni correction, we detected
significant correlation in 917 disease-organ pairs. For a specific organ,
the type of disease that had the highest number of associations with it
was often the one that belongs to the same system as the organ. For
example, 47.6% (20/42) diseases associated with accelerated heart
aging were circulatory system diseases (Fig. 2b). On the other hand, a
specific disease often showed the highest correlation with the aging of
its affected organ. For example, we found that Alzheimer’s disease
(AD) showed the highest correlation with brain aging (Fig. 2c). We also
categorized individuals into extreme aging types using a two standard
deviation cutoff (Z-scored delta age > 2 as e-older, Z-scored delta
age < −2 as e-younger) for at least one aging model. In comparison to
other subjects, the e-older cohort exhibited a significantly elevated
disease risk while the e-younger cohort demonstrated lower disease
risk (Supplementary Fig. 5).

For incident diseases, we applied Cox proportional hazards
models to investigate the association between delta age and the risk of
future disease onset. Among the 126 disease category-aging trait pairs,
we detected 124 significant pairs of positive correlations, suggesting
that higher delta age was associated with a higher risk of incident
disease status.We also explored the relationship between 617 incident
disease status within nine systems and organ aging. After Bonferroni
correction, we identified 1526 significant correlations. For example,
brain aging was most significantly associated with increased risk of
Alzheimer’s disease (OR = 1.68, p = 1.21 × 10−44) (Supplementary Fig. 6).

Validate the association between organ aging and disease status
We used proteomics data measured after 2019 in the UKB-PPP (here-
after referred to as validation cohort) study as an external cohort to
validate the aging-disease associations. This dataset included 1463
plasmaproteins from 1125participants. Individuals whoparticipated in
the validation study were removed from the original cohort. That’s,
there is no sample overlap between the original and validation
datasets.

To make sure that the validation models preserved most features
used in the original models, we only kept 8 organ models with more
than 50% of the protein features available in the validation dataset
(Supplementary Data 5). Using these features, we re-trained the organ
agingmodels in the original cohort. As shown in Supplementary Fig. 7,
the predicted aging of the feature-reduced model was highly corre-
lated with that from the full feature model. In addition, no significant
difference was observed between the weights for the proteins in the
feature-reduced and full feature models (Supplementary Data 5).
Therefore, the feature-reduced models were similar to the original
ones. We then applied these 8 feature-reduced models to predict
organ aging for individuals in the validation cohort and analyzed the
associations between predicted organ aging and disease outcomes. As
shown in Supplementary Fig. 8, we validated the association between
organ aging and multiple diseases. For example, we observed that
adipose aging was positively associated with endocrine/metabolic
diseases in the original dataset (β =0.42, p = 1.0 × 10−111), this associa-
tionwas alsoobserved in the validationdataset (β = 0.25, p = 1.8 × 10−6).
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These findings support the aging–disease associations we observed in
the original cohort.

GWAS of organ aging
To understand the genetic basis of organ aging, we performed
GWAS on predicted delta age. The sample size for the 14 aging traits
(13 organ aging and 1 conventional aging) ranged from 19,622 to
28,151. After variant filtering and quality control, up to 6,735,132
autosomal single-nucleotide polymorphisms (SNPs) were included in
our analysis.

We divided the individuals based on the UK Biobank assessment
centers at which participants consented into southern and northern
cohorts. We considered the southern cohort (n = 26,293) as the dis-
covery samples and the northern cohort as the replication samples
(n = 26,477). We identified 10,661 significant SNPs associated with
organaging (p < 5 × 10−8) in the discovery sample, 98.93%of these SNPs
also exhibited FDR corrected p-value < 0.05 in the replication cohort.
Importantly, we found that the effect sizes of these SNPs exhibited a
Pearson correlation coefficient of 0.96 between the discovery cohort
and the replication cohort (Supplementary Data 6). Finally, we meta-
analysis the GWAS results from the two cohorts and obtained
19,767 significant SNPs for subsequent analysis. A total of 119 loci
(defined as a ±500-kb region around the genome-wide significant
SNPs) were detected to be associated with at least one aging trait
(Fig. 3a, b, Supplementary Figs. 9, 10). We found that 92 of the 119 loci
(77.3%) were associated with only one organ aging trait, and low-to-
moderate genetic correlations between the aging of 14 organs were
observed (average rg was 0.15) (Fig. 3c).

To further identify potential causal SNPs for organ aging, we uti-
lized a stepwisemodel selection approachwithGCTA-COJO28 to detect
independent signals, followed by FINEMAP29 to identify themost likely
causal SNPs for each signal. A total of 1750 SNPs achieving either

conditional independence or a high posterior probability for causality
(log10BF > 2) were retained and referred as ‘fine-mapped SNPs’ for
subsequent analysis. We identified 7 loci that had no more than 5
variants within the 95% credible set (Fig. 3d), which can be considered
as highly credible causal SNPs.

Only 78 fine-mapped SNPs (5.21%) were located within exon of
protein-coding genes, including 47 nonsynonymous SNPs. To further
investigate the function of fine-mapped SNPs, we annotated these
SNPs using public databases. As shown in Supplementary Data 7, 7
SNPswere annotated as having clinical and pathological significance in
the ClinVar30 database, 165 SNPs were predicted to be deleterious to
gene function by CADD31, DANN32, or FATHMM-MKL32, 1174 SNPs were
predicted as likely to affect regulome binding by RegulomeDB33, 9
SNPs were predicted to affect gene splicing by regSNPs-intron34, and
30 SNPswerepredicted asdamaging exonic variants with the potential
of affecting protein function by SIFT/PROVEAN35,36.

Querying fine-mapped SNPs from existing GWAS
To investigate whether the fine-mapped SNPs associated to organ
aging exhibit known associations with other phenotypes, we queried
these SNPs in the GWAS-catalog database37. The results showed that
15.8% (276/1750) of the fine-mapped SNPs have been reported to be
associated with other traits (Supplementary Data 8). We found that
fine-mapped SNPs were annotated not only to the corresponding
organphenotype but also tophenotypes of other organs. For example,
The genomic locus exhibiting the most significant association signal
with lung aging (chr10: 80716529–82718385) has been reported to be
associated with both lung-related traits, such as such as the forced
expiratory volume in one second to forced vital capacity ratio (FEV1/
FVC)38 and COVID-1939, but also with other organ related traits, such as
rheumatoid arthritis40 and height41. A locus associatedwith brain aging
(chr1: 149714166–151444734) has been reported to be linked to
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Fig. 2 | The associations between delta ages and diseases. a Logistic regression
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b Logistic regression analysis was used to examine the relationship between 617
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c Logistic regression analysis results for the relationship between prevalence of
Alzheimer’s Disease (AD) anddelta ages of different organs (n = 51,936 participants;
179 with AD and 51,757 controls). Error bars denote 95% confidence intervals.
Source data are provided as a Source Data file.
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schizophrenia42 and phenotypes of other organs, including blood
protein levels43, platelet count44.

Gene prioritization for organ aging
To link GWAS SNPs to relevant protein-coding genes, we employed
gene-level and SNP-level prioritization methods. The gene-level ana-
lyses included TWAS, colocalization (using the R package coloc45), and
summary-data-based Mendelian Randomization (SMR)46. In the SNP-
level analyses, genes harboring fine-mapped SNPs with functional
annotation support were included in the prioritized genes. Finally, we
identified 554 protein-coding genes associated with organ aging
(Fig. 4a, Supplementary Data 9).

The immune system harbored the greatest number of risk genes
(n = 91), while muscle had only 10 risk genes (Fig. 4b). Among the 554
risk genes, only 37 were associated with multiple aging traits. FUT2,
which was a risk gene of intestine, pancreas, and stomach aging, was
reported to be related to the functions of these organs47–49. Another
gene PLG, which was reported to be associated with cardiovascular
function50 and liver regeneration51, was identified as a risk gene for
artery and liver aging.

ABO blood type is associated with aging in multiple organs
Among the 37 risk genes associatedwithmultiple aging traits, the gene
ABO, which determines blood type, was identified as a risk gene for

adipose, artery, immune, intestine, pancreas, and lung aging. In the UK
Biobank, blood type was inferred based on two SNPs: rs8176719 and
rs8176746. In the GWAS results (Fig. 4c), T allele of rs8176719 was
positively associated with the aging of artery (β =0.05, p = 1.4 × 10−8),
immune (β = 0.04, p = 7.7 × 10−10), intestine (β = 0.06, p = 9.6 × 10−12)
but negatively associated with pancreas aging (β = −0.07,
p = 2.7 × 10−15). G allele of rs8176746 was positively associated with
pancreas aging (β =0.17,p = 1.5 × 10−23). As for lung aging, no significant
results were found for both SNPs, but suggestive significant signal was
detected for rs8176719 (β for T allele = −0.03, p = 2.1 × 10−6).

We further compared the delta age across different blood types.
We found that individuals with blood O type exhibited the highest
arterial and intestinal age. Those with blood type B displayed the
lowest lung and pancreas age. Meanwhile, individuals with blood type
A have the lowest lung age coupled with the highest pancreas age
(Supplementary Fig. 11). These findings suggested that people with
corresponding blood types should pay special attention to the health
status of related organs.

Functional analysis of the organ aging genes
Pathway enrichment of risk genes. To annotate relevant biological
pathways underlying each organ system, we performed pathway
enrichment analysis for the organ aging genes. We found that some
organ-enriched pathways showed strong organ specificity, reflecting
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the unique functions of these organs. For example, the top-ranked
enriched pathways for adipose aging genes included fatty acid beta-
oxidation; the most significantly enriched pathway for heart aging
genes included sarcomere organization and myofibril assembly; the
most significantly enriched pathways for immune aging genes inclu-
ded T cell mediated immunity. On the other hand, some organ-
enriched pathways exhibit broader functions. For instance, the most
significantly enriched pathway for intestine aging geneswas epidermal
growth factor stimulus, which was related to processes such as cell
differentiation and regulation of inflammation (Fig. 5a).

Annotation of risk genes in mouse phenotypes. The Mouse Genome
Informatics (MGI)52 database provides phenotypic information result-
ing from gene deletions or mutations inmice. These phenotypes were
classified into different categories according to their related organ or
biological process. To investigate the functional relevance of organ
aging genes, we tested whether risk genes were enriched in specific
phenotypic categories. As shown in Fig. 5b, we found that adipose
aging genes were significantly enriched in adipose tissue phenotypes,
suggesting that disruption of these genes in mice is likely to cause
abnormalities in adipose tissue. Heart aging genes were enriched in
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muscle and cardiovascular system phenotypes, while immune aging
genes showed strong enrichment in immune system and
hematopoietic-related phenotypes.

Gene-drug-diseasesnetwork. To investigate the potential of organ
aging genes as drug targets, we used GREP53 to perform drug
target enrichment analysis. GREP reported annotated drugs of
input genes and the corresponding enriched disease categories,
thereby constructing a gene–drug–disease network of potentially
repositionable drugs. As shown in Fig. 5c, two genes related to
brain aging (APH1A, SV2A) were targets of 2 drugs, which were
used to treat extrapyramidal and movement disorders (ICD-10
code G20-G26). PLG is a risk gene associated with artery, liver,
and conventional aging, and was used to develop drugs for
treating diseases of the ear, gallbladder, and puerperium, indi-
cating potential for drug repurposing.

Organ aging risk prediction
To investigate whether the genetic organ aging could predict
disease status, we performed polygenic risk score (PRS) analysis.
PRS was calculated in UKB participants that are not present in
UKB-PPP to ensure that there is no overlap in participants
between the organ aging summary statistics and the tested indi-
viduals. We defined the top 5% of each organ’s PRS as high aging
risk individuals and the bottom 5% as low aging risk individuals.
Subsequently, we used logistic regression to calculate the asso-
ciation of high-risk and low-risk individuals and nine disease
categories. In high aging risk individuals, most disease-organ
pairs showed a positive correlation (98/126), with 9 remaining
significantly positive after multiple testing correction. In the
analysis of low-risk individuals, most disease-organ pairs showed
a negative correlation (90/126), with 4 remaining significantly
negative after multiple testing correction (Fig. 6a). We also
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explored the relationship between 617 diseases within 9 disease
categories and aging risk. After Bonferroni correction, 62 sig-
nificant disease-organ pairs were detected, and 85.48% (53/62) of
them were positive associations (Supplementary Data 10).

Mendelian randomization (MR)
To investigate the causal effects of organ aging on disease status and
explore potential lifestyle interventions for organ aging, we performed
two-sample MR54 analysis. The association of the IVs and organ aging
was derived from the GWAS results in this study.

Causal effects of organ aging on disease status. We utilized two-
sample MR54 to examine the causal effects of organ aging on 18 com-
mon diseases involving multiple organs. The outcome data was
obtained from the FinnGen55 database (detail in Supplementary
Data 11). We identified 31 potential causal effects of organ aging on
diseases (p < 0.05), with three pairs remaining significant after Bon-
ferroni correction (Fig. 6b). Leave-one-out analyses showed that no
single SNP drove the causal estimates (Supplementary Fig. 12). No
significant pleiotropy was detected using the MR-PRESSO global test
orMR-Egger intercept test. As shown in Fig. 6b, both heart andmuscle
aging are associatedwith increased risk of heart failure (p = 1.84 × 10–5

and 2.14 × 10–5, respectively); kidney aging is positively associated with
the risk of hypertension (OR (95% CI) = 1.06 (1.03, 1.09),
p = 1.71 × 10–4).

To validate the identified significant causal effect of organ aging
on heart failure and hypertension, we re-performed MR analysis using
outcome GWAS summary statistics from two additional cohorts. The
obesity dataset was released by Shah et al.56 and the hypertension
dataset was published by Singh et al.57. The exposure data was the
same, that’s, the IVs we used for validation the causal effects were the
same specific SNPs in the original MR analysis. The results (Supple-
mentary Fig. 13) are consistent with those from the FinnGen datasets,
confirming that both heart and muscle aging were linked to an ele-
vated risk of heart failure (p = 7.28 × 10–7 and 9.62 × 10–5, respectively),
while kidney aging correlated with an increased risk of hypertension
(p = 1.32 × 10–4). Leave-one-out analyses showed that no single SNP
drove the causal estimates (Supplementary Fig. 14).

Potential lifestyle interventions for organ aging. We also usedMR to
explore potential lifestyle interventions for organ aging using lifestyles
as exposure and organ aging as outcome. The lifestyles include age of
initiation of regular smoking (AgeSmk),whether an individual had ever
smoked regularly (SmkInit), cigarettes per day (CigDay), smoking
cessation (SmkCes) and drinks per week (DrnkWk)58. As shown in
Figs. 6c, 5 significant associations were identified aftermultiple testing
correction. For example, SmkInit is positively associated with lung
aging (β (95% CI) = 0.27 (0.20, 0.34), p = 2.38 × 10−8), intestine aging (β
(95% CI) = 0.23 (0.13, 0.33), p = 1.98 × 10−6), kidney aging (β (95% CI)
= 0.11 (0.05, 0.16),p = 9.65 × 10−5) and stomach aging (β (95%CI) = 0.26
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(0.17, 0.35), p = 2.41 × 10−7). The effect of the smoking phenotype on
accelerating lung agingwas an expected outcome. DrnkWk exhibited a
suggestive positive association with brain aging (β (95% CI) = 0.19
(0.03, 0.34), p =0.018) and conventional aging (β (95%CI) = 0.21 (0.06,
0.36), p = 5.11 × 10−3) (Fig. 6c).

Discussion
In this study,we utilizedproteomicsdata fromover 50,000 individuals
from the UKB-PPP to constructmodels predicting aging for 13 specific
organs and overall whole-body. By leveraging genotype data from the
UKBB, we conducted GWAS on these aging phenotypes to uncover the
geneticmechanisms.We identified 119 loci associatedwithorganaging
and observed low genetic correlations between different organ aging
traits. Through various analytical methods, we discovered 554 genes
related to organ aging. Using the GWAS results, we constructed organ
aging risk prediction models and applied them to predict organ aging
in UKBB individuals who were not included in the UKB-PPP project.
Finally, we employed MR to analyze the causal effects of organ aging
on disease status and potential lifestyle interventions for organ aging.

Different fromaprevious study8whichusing clinical indicators for
organ aging, here we used organ aging predicted with human blood
plasma proteins originating from specific organs as phenotype. This
approach enables us to investigate the agingoforganswithout suitable
clinical chemistry markers (e.g., intestine and stomach). On the other
hand, clinicalmarkers often exhibit loworgan specificity,making them
difficult to interpret. For example, Wen et al.8 used BMI as an indicator
of skeletal muscle aging, but BMI is closely related to other organs as
well. For the organs included in both our and their study, 21 shared risk
loci were identified (Supplementary Data 12). For example, both stu-
dies identified the locus where the ABO gene located was associated
with immune and lung aging. However, we observed relatively low
genetic correlation between our and their results (Supplementary
Fig. 15), indicating that our study successfully provided new insights
into the genetic mechanisms of organ aging.

Previous studies have also used plasma proteomics data to track
organ aging9,19,20, with several studies19,20 also used the plasma pro-
teomics data from UK Biobank. Different from these studies, we fur-
ther performed GWAS and elucidated the genetic determinants of
organ aging. In addition, using the association between IVs and organ
aging, we employed MR to assess the causal effects of organ aging on
some diseases. For example, we identified heart aging as a risk factor
for heart failure and kidney aging as a driver of hypertension risk.

Using multiple analytical methods, we identified 554 genes asso-
ciated with organ aging. There were 37 genes associated with at least
two organ traits. For example, the PLG gene is associated with the
aging of artery, liver, and conventional tissues. Theprotein encodedby
this gene, plasminogen, is a serine protease, and previous studies have
reported that the plasmin/alpha 2-antiplasmin system plays an
important role in the repair of damaged liver in mice59. Another study
reported that genetic variations at the LPA/PLG locus are associated
withCHDevents during statin therapy50. Specifically, we found that the
ABO blood group gene is associated with the aging of five organs,
including pancreas, immune system, intestine, artery, and lung. Fur-
ther analysis confirmed that blood type O was correlated with
increased delta age of the artery and intestine. A previous study for the
UKB population observed that individuals with bloodOwas associated
with increasedoddsof hypertension60. However, bloodO typewas also
reported as a protective factor for thromboembolic events60,61. Further
studies are needed to explore the underlying mechanism of how ABO
blood type contribute to the development of organ-specific diseases.

As expected, organ aging is generally a risk factor for health
outcomes. For example, we observed adverse effects of muscle aging
on heart failure. This is consistent with the previously reported that in
heart failure with preserved ejection fraction, diastolic dysfunction
and abnormal muscle energy metabolism interact with each other62.

We also observed higher predicted kidney age increased the risk of
hypertension. Consistently, a previous study has reported that
hypertension and kidney function are intricately linked, with high
blood pressure both causing and resulting from kidney damage63.
Using lifestyle as exposure, we also identified potential modifiable
factors for organ aging. Specifically, smoking is a risk factor not only
for lung aging, but also for intestine, kidney, and stomach aging.
Consistently, observational studies have reported the correlation
between smoking and gut microbiota64, chronic kidney disease65, and
stomach disease66. Therefore, quitting smoking is recommended for
preventing organ aging.

Our study has some limitations. The UKB-PPP data we utilized
currently stands as the largest proteomic dataset, encompassing over
50,000 samples and 2923 proteins. However, the sample size used for
GWAS was less than 30,000, which is relatively small compared to
many contemporary studies that often involve millions of samples.
Additionally, the proteomic coverage was also relatively low, resulting
in fewer organ-specific proteins and limiting the effectiveness of
model training. With the advent of larger sample sizes and expanded
proteomic coverage,we anticipate thatmoregenetic patterns of organ
aging will be revealed.

In summary, using organ aging predicted with human blood
plasma proteins originating from specific organs, we performedGWAS
for 14 aging traits to elucidate the underlying geneticmechanisms. Our
results illustrated organ-specific genetic mechanisms, which might be
useful for developing personalized therapeutic interventions for rela-
ted diseases in future.

Methods
The original and validation cohort
The original cohort of the proteomics data was obtained from the
initial recruitment phase of the UK Biobank (measured in 2006–2010,
including 2923 proteins measured from 53,021 subjects). Another
dataset from the follow-up study ofUKBiobank (measured in 2019 and
later, including 1463 proteins measured from 1125 subjects) was used
to validate the aging-disease associations we observed from the ori-
ginal cohort. To avoid sample overlap, we removed 1085 individuals
from the original cohort who had participated in the validation study.
Therefore, the sample size for our original study was 51,936.

Organ-enriched proteins
The organ-enriched proteins we used were the combined set of organ-
enriched proteins from the Human Protein Atlas (HPA) project22 and
the organ-specific proteins identified by Malmström et al.’s study23.
Briefly, in theHPA project, the tissue specificity of a genewas based on
mRNA expression levels in the consensus dataset, including the GTEx67

datasets and HPA datasets from 1206 cell lines, 40 human tissues and
18 immune cell types. Only proteins with expression levels in a parti-
cular tissue/region/cell type at least four times any other tissue/region/
cell type were considered as organ-enriched proteins. As for organ-
specific proteins from Malmström et al.’s study23, they developed a
mass-spectrometry-based proteomics strategy to infer the tissue ori-
gin of proteins detected in human plasma. Only proteins identified as
originating solely from a specific organ were considered as organ-
enriched proteins for that organ. In the HPA dataset, proteins origi-
nating solely from the lymphoid or bone marrow were classified as
immune system-enriched proteins. In Malmström et al.’s study23, pro-
teins originating solely from the spleen or bonemarrowwere classified
as immune system-enriched proteins. Details of the organ-enriched
proteins were provided in Supplementary Data 1.

Imputation of plasma proteomic data
In the original study, for each organ, we extracted proteomics data of
organ-specific genes and excluded individuals with a missing rate
greater than 10%. This means that for organs with fewer than
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10 specific genes, we selected individuals without any missing values.
Next, we used the KNN algorithm to impute the proteomics data for
each organ. Imputation was performed using R package impute
(v3.3.6)68.

Aging model training
We trained models using proteomic data from healthy individuals
(defined as having no ICD-10 disease records, n = 7217). For each
model, only organ-enriched proteins were included as input features,
and sex was included as a covariate. We employed nested cross-
validation to assess model performance and optimize hyperpara-
meters. The entire dataset was divided into five outer folds, with one
fold heldout as the test set in each iteration.Within the training data of
each outer fold, we used a five-fold inner cross-validation to perform
hyperparameter tuning using GridSearchCV function in scikit-learn
(v1.4.1)69. For each set of hyperparameters, the model was trained on
four inner folds and evaluated on the remaining fold, and the best-
performing hyperparameters were selected. The complete nested
cross-validation procedure is shown in Supplementary Fig. 1. We
selected three machine learning algorithms: elastic net, XGBoost, and
random forest. The following parameters were tuned for model
training:

Elastic net. The alpha parameter, which controls the overall strength
of regularization, was tested from 0 to 1 in increments of 0.01. Simi-
larly, the l1_ratio, which determines the balance between L1 and L2
penalties, was also varied from 0 to 1 in steps of 0.01.

XGBoost. The learning rate was tested at values of 0.01, 0.1, and 0.3,
while the number of estimators ranged from 100 to 500 in
steps of 100.

Random forest. The number of estimators ranged from 100 to 500 in
steps of 100.

Model development and evaluations were implemented through
xgboost (v2.1.1) and scikit-learn (v1.4.1) under Python (v3.10.10).

We used the data from 1085 individuals who participate the
follow-up studyof theUKBB (measured 2019+) as the independent test
dataset. To avoid sample overlap, individuals from the test dataset
were excluded from the original cohort at the very beginning. We
removed individuals with diagnoses from the nine major disease
categories (details in Supplementary Data 4), resulting in an indepen-
dent test dataset of 622 participants. The sex and age distributions of
the test dataset were comparable to those observed in the training
dataset (Supplementary Fig. 16).

Delta age calculation
Previous studies24,25 have identified age bias as a common problem in
aging prediction models, where the predicted age difference (PAD)—
the difference between predicted age and chronological age—tends to
be negatively correlated with chronological age. Post-prediction cor-
rection of this bias is crucial26. We adopt themethod used by Oh et al.9

to address this problem. We calculated the corrected PAD (delta age)
as the residuals froma locallyweighted scatterplot smoothing (lowess)
regression of predicted age on chronological agemodel. Here we used
lowess regression in place of a simple linear regression because
extensive evidence showed that the plasma proteome changes non-
linearly with age70. Lowess regression was implemented using stats-
models (v0.14.5) under Python (v3.10.10).

Estimation of the correlation between delta age and disease
status or chronological age
Disease records were classified into two categories: prevalent diseases
(diagnosed prior to recruitment) and incident diseases (diagnosed
after recruitment). Logistic regression was used to estimate the

correlation of delta age and prevalent disease status, with age, sex and
PC1-5 as covariates. Cox proportional hazards models were used to
assess the association between organ age gaps and incident disease
status, models were tested using the lifelines python package71 with
age, sex and PC1-5 as covariates. Individuals with the disease were
coded as 1 and those without the disease as 0. We used linear regres-
sion to estimate the correlation of delta age and chronological age,
with sex and PC1-5 as covariates. Logistic regression was implemented
using statsmodels (v0.14.5), Cox proportional hazards regression was
implemented using lifelines (v0.30.0), and the Python version used
was v3.10.10.

Validation of aging-diseases association in other datasets
We chose the proteomics data from the follow-up study of the UKBB
(measured 2019+) as the validation dataset. This dataset included 1463
plasma proteins from 1125 participants. To make sure that the valida-
tion models preserved most features used in the original models, we
only kept organ models with more than 50% of the protein features
available in the validation dataset. Using these features, we re-trained
the organ aging models in the original cohort. These feature-reduced
models were then used for organ aging prediction in the validation
datasets, and aging-disease association were also calculated.

GWAS
We performed GWAS of 14 aging traits after removing individuals with
Z-scored delta age above mean +3*SD or below mean −3*SD. Analyses
were restricted to variantswithminor allele frequency>0.01, genotype
hard call rate >0.98, Hardy Weinberg p > 1 × 10−7, and present in the
Haplotype Reference Consortium (HRC) panel72. Participants were
excluded from analysis if they met any of the following criteria: (1)
mismatch between self-reported sex and genetic sex, (2) genotyping
call rate <0.95, (3) were outliers for heterozygosity (deviate more than
3 standard deviations from the heterozygosity rate mean), or (4)
related individuals (only 1 individual in pair with a pihat greater than
0.044 was remained). Finally, 6,735,132 autosomal variants and
33,243 samples in UKB-PPP were remained. GWAS was performed
using a mixed linear model implemented in BOLT-LMM (v2.4.1)73,
adjusting for age, sex, age-squared, age-sex interaction, age-squared-
sex interaction, the top 40 genetic PCs, blood pressure, and BMI.

We divided the UKBB dataset into two groups, southern and
northern, based on the enrollment location of the UK Biobank
assessment center (Field ID 54). These assessment centers are dis-
tributed across England, Scotland, and Wales. According to the stan-
dards of the UK Office for National Statistics (ONS)74, England was
further divided into Southern England, Northern England, and the
Midlands. Based on the geographical locations of these regions, indi-
viduals from Southern England, the Midlands, and Wales were classi-
fied as the Southern cohort (n = 26,293), while those from Northern
England and Scotland were categorized as the Northern cohort
(n = 26,477). Meta-analyses for GWAS results obtained from discovery
and replication samples was performed using METAL75.

The SNP heritability and genetic correlationwere calculated using
LDSC (v1.0.1)76. The genomic coordinate is according to Genome
Reference Consortium human build 37 (GRCh37) in all analyses.

Fine-mapping SNPs
First, SNPs in significant were defined as being conditionally inde-
pendent using GCTA-COJO (v1.95.0)28. Subsequently, we utilized
FINEMAP (v1.4.2)29 software to calculate posterior probabilities for all
SNPs within 500 kb of each conditionally independent SNP.

Functional annotation of the fine-mapped SNPs
We annotated the function of fine-mapped SNPs using ClinVar30,
CADD31, DANN32, FATHMM-MKL77, RegulomeDB33, regSNPs-intron34,
and SIFT/PROVEAN35,36. SNPs supported by at least one database
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annotation were considered as functional SNPs. Detail annotation
criteria are as follows: 1) SNPs annotated as ‘pathogenic’ or ‘likely
pathogenic’ in ClinVar30 were considered to be having clinical sig-
nificance; 2) SNPswith score≥12.37 inCADD31, orDANN32 score≥0.9, or
FATHMM-MKL77 scoreå 0.7 were considered as deleterious to gene
function; 3) SNPs with RegulomeDB33 rank ≤2 were considered as
affecting regulome binding; 4) SNPs annotated as “damaging” in
regSNPs-intron34 were considered as affecting splicing; 5) SNPs with
SIFT39 score <0.05 or PROVEAN40 score <−2.5 were considered as
damaging exonic variants.

Gene prioritization
The eQTL data for TWAS, COLOC, and SMR analyses were obtained
from GTEx V867. For the 13 types of organs, only the data from the
corresponding tissues were utilized, and for conventional aging, all
tissues were used. Then, the best results across tissues were selected.
For TWAS and SMR, we retained genes that remained significant after
Bonferroni correction. For COLOC, we retained genes with posterior
probability of hypothesis 4 (PPH4) greater than 0.9. TWAS was per-
formedbasedon imputed cis-regulated gene expression using FUSION
with default settings46,78,79. Pre-computed gene expression weights of
49 tissues from GTEx v8 were used as downloaded from the FUSION
website (http://gusevlab.org/projects/fusion/). The Bonferroni cor-
rection threshold was defined as 0.05 divided by the total number of
scored genes in that organ. COLOC was performed using R package
coloc (v5.1.0.1)45 with default settings. SMR was performed using SMR
(v1.4.0)46 with default settings. Genes containing fine-mapped SNPs
with functional annotation support (as described in the functional
annotation of the fine-mapped SNPs part) were also included in the
prioritized genes. SNPs were assigned to their corresponding genes
using ANNOVAR80.

Comparison of delta age across different blood types
We firstly calculated the residuals of delta age after regressing it on
age, sex, age-squared, age-sex interaction, age-squared-sex interac-
tion, the top 40 genetic principal components (PCs), blood pressure,
andBMI. The residuals represent theunexplained variation indelta age
after accounting for these potential confounders. We then compared
the residual delta age values across different blood type groups. The
statistical significance of between-group differences was estimated
using a two-sided rank-sum test.

Pathway enrichment
Pathway enrichment was performed using R package clusterProfiler
(v4.16.0)81, where gene symbols were converted to Entrez IDs before
conducting the enrichment analysis.

Enrichment of prioritized genes inmouse phenotype categories
from MGI
MGI52 is an international database resource for the laboratory mouse,
providing phenotypic information derived from gene deletions or
mutations in mice. These phenotypes are categorized by their asso-
ciated organ or biological process. We performed Fisher’s exact test to
test whether the organ aging genes were enriched in specific
categories.

Gene-drug-diseases network
Drug target enrichment analysis was performed using GREP (v1.0.0)53.
For each organ, the input was risk gene list, GREP reported the drugs
annotated to these risk genes and the types of diseases they are
enriched in.

PRS
WeusedPRS-CS (v1.1.0)82 to build aging risk predictionmodels. PRS-CS
is a Python-based command-line tool that uses GWAS summary

statistics and an external LD reference panel to infer the posterior
effects of SNP impact levels under continuous shrinkage (CS) prior
conditions. In the model, we included 1,161,863 SNPs from Hapmap3.
For the reference LD panel, we used data constructed from the UK
Biobank (https://www.dropbox.com/s/t9opx2ty6ucrpib/ldblk_ukbb_
eur.tar.gz?dl=0). We randomly selected 50,000 unrelated samples
from the UKBB dataset as the target dataset. For other parameters, we
opted for the default values. The output of PRS-CS contained the
chromosome, rs ID, base position, A1, A2, and posterior effect size
estimate for each SNP. Individual-level polygenic scores were pro-
duced by concatenating output files from all chromosomes and then
using PLINK’s (v1.9.0) --score command (https://www.cog-genomics.
org/plink/1.9/score)83.

MR
We collected GWAS summary statistics of 18 diseases from the
Finngen55 database, and GWAS summary statistics of 5 smoking and
drinking phenotypes from a study based on non-UKBB populations84.
The association of the IVs and organ agingwas derived from theGWAS
results in this study.

Instrument Variant (IV) selection. We used the clumping algorithm in
PLINK (v1.9.0) (https://www.cog-genomics.org/plink/1.9/)83 to select
independent SNPs for each exposure (r2 threshold =0.001, window
size = 1Mb and p < 1 × 10−5). The 1000G European data (phase 3) were
used as the reference for LD estimation85. Secondly, if one selected SNP
in thefirst stepwas not present in outcomedata,weused its proxy SNP
with r2 > 0.8 instead. The proxy SNP must also be associated with
exposure (p < 1 × 10−5). If more than one proxy SNPs were available, we
chose the one with the maximum r2 and minimum p value associated
with the exposure.

IV quality control. For the IVs, three key assumptionsmust hold: 1) the
selected IVs must be associated with the exposure (relevance
assumption); 2) the selected IVs are not associated with potential
confounders (independence assumption) and 3) the IVs affect the
outcome only through their effect on the exposure (exclusion
restriction assumption). We used RadialMR package (v0.1.0)86 under R
(v4.3.1) to remove pleiotropic SNPs. The remaining SNPs were used to
perform MR analysis. We used MR Steiger filtering to check whether
the MR analysis estimates assessed the true causal direction87.

Bidirectional two-sample MR analyses. We selected IVW regression
with multiplicative random effects model as the primary method for
causal inference88. That’s, the evidenceof statistically significant causal
effect was based on the IVW p-value. To complement and enhance the
reliability of the results, we conducted four other MR methods. MR-
Eggermethod estimates the causal effect through the slope coefficient
of the Egger regression, which provides amore robust estimate even if
none of the IVs are invalid89. Weighted median method can even pro-
tect against up to 50% of invalid IVs90. Weighted mode method pro-
vides consistent estimates when the relaxed IV assumption has less
bias and a lower type-I error rate91. MR-RAPS accounts for systematic
and idiosyncratic pleiotropy and canprovide a robust inference forMR
analysis with many weak instruments92. All these methods were
implemented in the TwoSampleMR93 package (v0.6.8) under R (v4.3.1).

Sensitivity analysis. For the significant MR results after Bonferroni
correction, we further performed sensitivity analysis. First, we per-
formed leave-one-out analysis to check whether the causal association
was obviously driven by a single SNP. Second, we conducted MR-
PRESSO to detect the presence of horizontal pleiotropy (p < 0.05)94.
Third, we executedMR-Egger regression to examine the potential bias
of directional pleiotropy89. The intercept in the Egger regression
indicates the mean pleiotropic effect of all genetic variants, which is
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interpreted as evidence of directional pleiotropy when the value dif-
fers from zero (p <0.05). MR-PRESSO was implemented in the
MRPRESSO package (v1.0) under R (v4.3.1). MR-Egger was imple-
mented in the TwoSampleMR93 package (v0.6.8) under R (v4.3.1).

Datasets used for the validation of MR results
To validate the identified significant causal effect of organ aging
on heart failure and hypertension, we obtained outcome GWAS
summary data from two other datasets to re-perform MR analysis.
The heart failure data including 583,167 non-UKBB European
individuals was from the study by Shah et al.56, and the hyper-
tension data including 10,772 African individuals was from the
study by Singh et al.57. The summary data for exposure were the
same as those used in the primary analysis. That’s, The IVs we
used for validation the causal effects were the same specific SNPs
in the original MR analysis.

Statistics & reproducibility
No statistical method was used to predetermine sample size. During
quality control of proteomic and genomic data, individuals not
meeting predefined quality criteria were excluded from the analyses.
The nested cross-validation procedureused inmodel training involved
random splitting of data; the randomness was controlled by setting a
fixed random seed to ensure reproducibility.

Ethics
The use of UK Biobank (UKBB) data was approved by the UKBB
according to its established access procedures. The UKBB has ethical
approval from the North West Multi-centre Research Ethics Commit-
tee as a Research Tissue Bank.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The GWAS summary data generated in this study have been deposited
in the Zendon database under accession code 1678492095. The data
from UK Biobank used in this study are available through a procedure
described at: https://www.ukbiobank.ac.uk/enable-your-research. The
summary data of 18 complex diseases were downloaded from
FinnGen54 database. Access to the FinnGen GWAS summary statistics
can be obtained through registration at the following website: https://
elomake.helsinki.fi/lomakkeet/124935/lomake.html. The summary
data on smoking and drinking habits of non-UKBB populations was
obtained from: https://conservancy.umn.edu/items/91f6a003-6af2-
4809-9785-53dc579dc788. Source data are provided with this paper.

Code availability
The code formodel training is available atGitHub (https://github.com/
zrj1236/Organ_Aging_Model) and archived at Zenodo (https://doi.org/
10.5281/zenodo.17322149)96.
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