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ABSTRACT
Biological aging is a key determinant of liver disease and mortality, but there is little evidence on noninvasive index for assess-
ment of liver biological aging. We developed the Liver Aging Index (LAI) in the China Kadoorie Biobank (CKB, N = 21,629) using 
Cox-Gompertz proportional hazards model. The LAI incorporated three clinical factors (body mass index, systolic and diastolic 
blood pressure), eight plasma biomarkers (glucose, total cholesterol, triglycerides, high- and low-density lipoprotein cholesterol, 
alanine aminotransferase, aspartate aminotransferase, and γ-glutamyl transpeptidase), and two imaging biomarkers (fat atten-
uation parameter and liver stiffness measurement). External validation was conducted in the National Health and Nutrition 
Examination Survey (NHANES; N = 3412) and the VCTE-Prognosis cohort (N = 12,170, 16 global centers). Across all cohorts, the 
LAI demonstrated strong discrimination for all-cause mortality (AUROC: 0.764 in NHANES; 0.759 in VCTE-Prognosis), outper-
forming chronological age (p < 0.05). Liver aging acceleration (LAA), defined as the difference between LAI and chronological 
age, was associated with substantially elevated risks: each 1-SD increase in LAA conferred a 22%–85% higher risk of all-cause 
mortality and a 34%–170% higher risk of liver-related event or mortality. Using genetic instruments identified in CKB, we found 
genetic predisposition to accelerated liver aging was associated with higher risks of cirrhosis and liver cancer (HR = 3.94 [3.20–
4.86] and 7.82 [2.05–29.80]), further validated in Biobank Japan. Integrating genetics and proteomics revealed novel pathophysio-
logical involvement of amyloid-beta clearance pathway and amyloid precursor protein in liver aging. These findings demonstrate 
the feasibility of a noninvasive, liver-specific biological aging index and provide new insights into mechanisms underlying liver 
aging.
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1   |   Introduction

Chronic liver disease is an age-related disease with the inci-
dence rate increasing quadratically with age, and it has posed 
a substantial disease burden globally. According to the Global 
Burden of Disease Study in 2023, there were approximately 
1.6 billion prevalent cases of chronic liver disease globally, of 
which 77% were attributable to nonalcoholic fatty liver disease 
(IHME 2025). China accounted for 25% of the global prevalent 
cases of chronic liver disease (IHME  2025), and a recent na-
tionwide study estimated the prevalence of cirrhosis in Chinese 
adults at 0.87%, increasing to 1.64% in those aged 60 years or 
older (Man et  al.  2023). Aging promotes pathological changes 
in the liver, which are key risk factors for liver steatosis, fibrosis, 
and ultimately, liver cancer. Meanwhile, as a central organ regu-
lating metabolic and immune processes, the liver plays a pivotal 
role in maintaining systemic homeostasis. Age-related dete-
rioration of hepatic structure and function may disrupt these 
processes through multiple pathways including metabolic repro-
gramming, oxidative stress, and inflammation, thereby contrib-
uting to systemic aging (Zhong et al. 2025). The liver biological 
age, constructed from quantifiable age-related liver biomarkers, 
may serve as an assessment tool for both liver-specific and sys-
temic aging, and may inform strategies on early detection of 
aging and the prevention and control of chronic liver disease.

Several studies, mostly in Western populations, have con-
structed biological aging indexes specific to the liver. These 
studies have shown moderate to high correlations between 
liver biological age (BA) and chronological age (CA). However, 
these studies have trained liver BA against CA, without in-
corporating age-related diseases such as all-cause mortality 
and liver-related outcomes. Therefore, the clinical utility of 
these liver biological indexes in predicting future age-related 
diseases has been limited. Previous studies are also limited 
due to a lack of external validation for the liver aging model 
(Moqri et  al.  2024), especially from multiethnic and multi-
national settings, and the transportability of liver biological 
age has not been investigated. Lastly, recent studies have de-
veloped proteomics aging clocks and selected proteins with 
differential expression in the liver to construct “Liver Protein 
Age” (Goeminne et al. 2025), but the high price for proteomics 
assays hinders the feasibility of applying these organ-specific 
proteomics clocks to larger populations.

Therefore, the objectives of the current study were: (1) to de-
velop a novel, noninvasive index (i.e., the Liver Aging Index, 
LAI) for assessment of liver biological aging involving blood-
based biomarkers, imaging biomarkers, and clinical pheno-
types in the general population (the China Kadoorie Biobank 
[CKB]); (2) to validate the risk stratification performance of 
the LAI for systemic aging (i.e., all-cause mortality) and liver-
related outcomes (liver-related event [LRE] and liver-related 
mortality [LRM]) in the general population (National Health 
and Nutrition Examination Survey [NHANES]) and adults 
with metabolic dysfunction-associated steatotic liver dis-
ease (MASLD) (Vibration-Controlled Transient Elastography 
[VCTE]-Prognosis cohort); (3) to evaluate the associations 
of LAI with two geriatric indicators, including frailty and 

multimorbidity; and (4) to examine the potential causal asso-
ciations of the LAI with all-cause mortality and liver-related 
outcomes utilizing genetic instruments for the LAI in East 
Asians (Chen et al. 2025).

2   |   Methods

2.1   |   Study Design and Participants

The study adhered to the Transparent Reporting of a multivari-
able prediction model for Individual Prediction or Diagnosis 
(TRIPOD) guidelines (Table S1) (Collins et al. 2015). All partic-
ipants provided informed written consent before inclusion, and 
research ethical approvals were obtained for all study cohorts. 
For CKB, NHANES, and the VCTE-Prognosis cohort, details 
on data collection, physical examinations, blood biochemistry 
assays, and ascertainment for incidence and mortality were re-
ported in the Supporting Information.

2.2   |   Development Cohort

First, we developed the LAI using data from the 3rd resurvey 
of CKB (Chen et  al.  2011). Briefly, the CKB baseline survey 
recruited 512,724 participants from 10 (5 urban and 5 rural) 
diverse areas in China during 2004–2008. After the baseline 
survey, approximately 5% of surviving cohort members from 
each of the 10 study regions were randomly selected to par-
ticipate in resurveys every 5–6 years. The 3rd resurvey was 
conducted between August 2020 and December 2021 and in-
cluded additional assessments of liver steatosis and fibrosis 
by transient elastography (FibroTouch [Hisky, Wuxi, China]) 
(Man et al. 2023). For model derivation, we included the 25,087 
participants in the 3rd follow-up resurvey and excluded: (1) 
missing or invalid measurement of LAI features including 
liver enzymes and transient elastography; (2) those with a 
diagnosis of cancer, cirrhosis or chronic hepatitis or missing 
baseline medical history. Finally, a total of 21,629 participants 
were retained for the main analysis, with ages ranging from 
45 to 95 years.

2.3   |   Validation Cohorts

Next, model performance of the LAI was externally validated in 
two independent datasets: the US NHANES and a multicenter 
VCTE-Prognosis cohort. The NHANES is a nationally repre-
sentative survey of the noninstitutionalized US population. For 
external validation in the general population of middle-aged 
and older adults, we included the 2017–2018 cycle of 9254 indi-
viduals because VCTE exams (FibroScan, model 502 V2 Touch 
[Echosens, Waltham, MA]) were added to this cycle, with the 
following exclusion criteria: (1) participants < 45 years of age or 
pregnant to align the age range of the study population of the de-
velopment CKB cohort; (2) those with self-reported diagnosis of 
liver cancer, cirrhosis, or chronic hepatitis before baseline. After 
these exclusions, 3412 individuals aged ≥ 45 years were retained 
for the main analysis.
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The VCTE-Prognosis cohort is a multinational, prospective 
cohort involving 18,057 participants with clinical diagnosis of 
MASLD who underwent VCTE examinations at tertiary refer-
ral centers in the US, Europe, and Asia from February 2004 
to January 2023. Detailed information on the VCTE-Prognosis 
cohort has been presented in previously published studies 
(FibroScan [Echosens, Paris, France]) (Lin et  al.  2024; Zhou 
et al. 2024). The VCTE-Prognosis cohort was used as an exter-
nal validation in middle-aged and older adults with MASLD, 
with the following exclusion criteria: (1) those aged < 45 years 
to align the age range of the study population of the devel-
opment CKB cohort; (2) those with invalid VCTE results; (3) 
those with invalid blood biochemistry; and (4) those with self-
reported diagnosis of cancer, cirrhosis, or chronic hepatitis. 
After these exclusions, 12,170 individuals were retained for the 
main analysis.

2.4   |   Definitions of All-Cause Mortality 
and Liver-Related Outcomes

In CKB, the vital status of each participant was determined pe-
riodically through the China CDC's Disease Surveillance Points 
(DSP) system and the national health insurance system, supple-
mented by regular checks against local residential and health 
insurance records and by annual active confirmation through 
street committees or village administrators (Yang et al. 2006). 
Follow-up was conducted through December 31, 2023. For 
NHANES 2017–2018, public-use Linked Mortality Files (LMF) 
provide all-cause mortality follow-up from survey participation 
through December 31, 2019, for adult participants. In the VCTE-
Prognosis cohort, the outcomes of interest included incident all-
cause mortality through Jul 31, 2023.

For evaluation of liver-related outcomes, incident LRE and LRM 
during follow-up period were the main outcomes of interest. 
LREs were defined by major clinical complications of cirrho-
sis and advanced chronic liver diseases: (1) hepatocarcinogen-
esis: hepatocellular carcinoma; (2) portal hypertension-related 
event: variceal bleeding and ascites; (3) liver dysfunction-
related events: hepatic failure/acute-on-chronic liver failure, 
overt hepatic encephalopathy, and other severe conditions. A 
detailed list of 10th International Classification of Diseases 
(ICD-10) codes is shown in Table S2. LRM was defined with the 
same ICD-10 codes as the underlying cause of death. In CKB, 
the morbidity and mortality of participants were ascertained 
via linkages to the death registry, disease registry, and health 
insurance records, with censoring date until Dec 31, 2023. The 
CKB study has ensured the accuracy of diagnoses through out-
come adjudication, with diagnostic accuracy ranging from 88% 
to 96% for major diseases (e.g., coronary heart disease, stroke, 
diabetes, cancer, and chronic respiratory pulmonary disease) 
(Im et  al.  2023) and ~90% for other diseases (e.g., liver dis-
ease and inflammatory bowel disease) (Song et al. 2024; Pang 
et  al.  2018). In NHANES, participants were matched to mor-
tality status through December 31, 2019 using the NHANES 
Public Use Linked Mortality File. In VCTE-Prognosis cohort, 
the mortality and LRE diagnosis of the events was based on 
prospective follow-up, medical record review, or validated reg-
istries until Jul 31, 2023 with positive predictive values of at 
least 90% (Lin et al. 2024).

2.5   |   Statistical Analysis

2.5.1   |   Model Development

We developed the LAI using a two-step modeling framework. 
Briefly, we constructed the LAI within a biological age model-
ing framework based on the Biomarkers of Aging Consortium 
Roadmap approach (Goeminne et al. 2025), grouped biomark-
ers according to recommendations by the Aging Biomarker 
Consortium on liver aging biomarkers (Levine et  al.  2018), 
and applied a Gompertz-based modeling strategy following the 
second-generation biological aging models (Fong et  al.  2024; 
Xing et al. 2023).

In step 1, we grouped the 13 biomarkers into 4 categories by con-
structing four dimensional LRE risk scores based on elastic-net 
Cox regression, with LRE as the outcome. The model training 
was conducted using 10-fold cross-validation to identify the op-
timal regularization parameter. For each participant, linear pre-
dictors of the LRE risk score were derived from the optimized 
models. These risk scores captured the composite effect of mul-
tiple biomarkers on LRE risk within each category and also ac-
counted for the colinearity among biomarkers.

In step 2, we employed a Cox-Gompertz framework to construct 
the LAI based on second-generation biological age clocks with 
mortality as the outcome (Levine et al. 2018; Fong et al. 2024). 
The null model included CA alone to estimate baseline mor-
tality hazard (h0) and sex-specific mortality rate doubling time 
(MRDT). The liver biological age model with 13 biomarkers in-
corporated LRE risk scores to estimate mortality hazard.

For each participant, Liver Aging Acceleration (LAA) was quan-
tified as the equivalent years of accelerated liver aging associated 
with increased mortality risk: a higher LAA reflects accelerated 
liver aging, whereas lower values indicate delayed liver aging. The 
LAI was calculated by integrating LAA with CA. Participants 
were further classified into ‘liver aging acceleration’ and ‘liver 
aging deceleration’ groups based on LAA quartiles, with the high-
est quartile representing accelerated liver aging (LAI high) and the 
lowest quartile representing decelerated liver aging (LAI low).

To enhance clinical transportability, we developed a simplified 
version of LAI (i.e., LAI-5) focusing exclusively on five hepatic 
biomarkers directly linked to liver function and fibrosis, in-
cluding fat attenuation parameter, liver stiffness measurement, 
alanine aminotransferase, aspartate aminotransferase, and 
gamma-glutamyl transpeptidase, using the same Cox-Gompertz 
framework stratified by sex. Details of model development and 
validation were reported in the Supporting Information.

2.5.2   |   Model Assessment and Validation

Model assessment for internal validation was performed using 
10-fold cross-validation within the CKB training set, along with 

(1)

Liver aging acceleration (LAA − 13) =
ln
(

hliver
h0

)

ln(2)
⋅MRDT
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independent external validation in the NHANES and VCTE-
Prognosis cohorts. For assessment, the estimated LAI values were 
compared with CA using Pearson's correlation coefficients, root 
mean square errors (RMSEs), and mean absolute error (MAE) to 
evaluate accuracy in both the derivation and independent valida-
tion cohorts. For validation, there were 3 steps. First, we examined 
whether LAI showed better predictive performance for all-cause 
mortality and liver-related outcomes compared with CA. The area 
under the receiver operating characteristic curves (AUROC) was 
calculated and the comparison between LAI and CA was done 
by Delong's test. Second, we examined whether LAA could pre-
dict future risks of all-cause mortality and liver-related outcomes 
using Cox proportional hazards models, adjusting for age, sex, 
regions (in CKB and VCTE-Prognosis cohort), race/ethnicity (in 
NHANES), education, and marital status. LRM was not examined 
in the VCTE-Prognosis cohort because of the limited number of 
cases. LRM and LRE were not examined in NHANES because the 
underlying causes of death were unavailable. Moreover, stratified 
analysis by MASLD status (with or without) was conducted to fur-
ther substantiate the predictive performance of LAA. Third, we 
examined the associations of LAI and LAA with two geriatric indi-
cators, frailty and multimorbidity, in the CKB cohort. Associations 
were estimated using binary or multinomial logistic regression, as 
appropriate. Fourth, to investigate the potential causal associations 
and biological mechanisms, we performed a genome-wide associ-
ation study (GWAS) of LAA in CKB participants and conducted 

Mendelian randomization to examine genetic associations of LAA 
with all-cause mortality and liver-related outcomes. The genetic 
associations in CKB were further validated by colocalization in the 
Biobank Japan. Finally, Mendelian randomization was performed 
in CKB to examine the causal impact of accelerated liver aging 
on circulating protein biomarkers and to identify potential novel 
pathways underlying liver aging.

All statistical analyses were performed using R software version 
4.3.2. A p-value < 0.05 was considered statistically significant 
unless otherwise specified.

3   |   Results

3.1   |   Characteristics of Study Participants

The characteristics of the study participants from three cohorts 
were detailed in Table 1. The mean age ranged from 59.1 years 
to 65.3 years, and the proportion of female participants ranged 
from 48.1% to 64.6%. Diabetes was more prevalent in the VCTE-
Prognosis validation cohort compared to CKB derivation cohort 
and NHANES validation dataset. Participants in the VCTE-
Prognosis validation cohort had higher LSM and liver enzyme 
levels, while those in the NHANES validation cohort had a 
higher BMI.

TABLE 1    |    Baseline characteristics of study participants.

Derivation cohort Validation cohorts

CKB (N = 21,629) NHANES (N = 3412) VCTE-Prognosis cohort (N = 12,170)

Age, years 65.3 (9.0) 63.2 (10.6) 59.1 (8.6)

Female 13,963 (64.6) 1733 (50.8) 5850 (48.1)

BMI, kg/m2 24.5 (3.5) 29.9 (7.0) 27.9 (6.7)

SBP, mmHg 133.3 (21.0) 133.4 (20.7) 130.3 (18.7)

DBP, mmHg 78.4 (10.6) 72.8 (13.5) 78.6 (12.2)

Diabetes 3418 (15.8) 437 (12.8) 4947 (40.6)

RPG, mmol/L 6.5 (2.6) 6.1 (2.4) 6.6 (2.2)

AST, U/L 24.9 (12.0) 22.2 (12.7) 38.3 (32.1)

ALT, U/L 23.7 (15.9) 21.5 (14.4) 44.3 (44.3)

GGT, U/L 30.7 (36.7) 34.6 (47.5) 73.6 (127.3)

TC, mmol/L 5.1 (1.4) 4.9 (1.1) 4.7 (1.1)

TG, mmol/L 2.0 (1.5) 1.7 (1.3) 1.8 (1.2)

LDL-C, mmol/L 2.8 (1.4) 2.8 (1.0) 2.7 (1.0)

HDL-C, mmol/L 1.4 (0.4) 1.4 (0.4) 1.3 (0.4)

FAP, dB/ma 248.9 (34.7) 275.3 (60.7) 300.9 (42.6)

LSM, kPa 7.4 (2.6) 6.4 (5.8) 8.3 (7.3)

Note: Values are presented as mean (standard deviation) for continuous variables and number (percentage) for categorical variables. The NHANES and VCTE-P 
validation cohorts included participants aged 45–95 years, consistent with the age range of the CKB derivation cohort.
Abbreviations: FAP, fibrosis attenuation parameter; LSM, liver stiffness measurement.
aFor FAP measurements, the ultrasound attenuation parameter was used in CKB, and the controlled attenuation parameter was used in NHANES and the VCTE-
Prognosis cohort.
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3.2   |   Characteristics of LAI

The correlation structure among 13 liver-related biomark-
ers was shown in Figure S1. Both LAI-13 and LAI-5 showed 
strong alignment with CA across the derivation and valida-
tion cohorts (Figure 1, Table S3, and Figure S2). In the CKB 
training cohort, the mean (±SD) of CA and LAI-13 was 
65.27 ± 9.02 years and 65.28 ± 9.23 years, respectively. LAI-13 
was strongly correlated with CA (r = 0.98), with a low RMSE 
of 1.88 and MAE of 1.30. Similar high correlations were ob-
served in the NHANES and VCTE-Prognosis cohort, with cor-
relation coefficients of 0.98 and 0.97, RMSE of 2.19 and 2.11, as 
well as MAE of 1.54 and 1.66, respectively. For ease of exter-
nal validation and practical application, an online calculator 
for the LAI has been made publicly available at https://​liver​
aging​index.​github.​io.

3.3   |   Validation of LAI

In the CKB cohort, internal validation with 10-fold cross-
validation showed that LAI-13 and LAI-5 achieved an AUROC 
of 0.793 and 0.797 for all-cause mortality, respectively, signifi-
cantly outperforming CA (AUROC = 0.788, p < 0.05, Figure 2). 

Similar results were observed in the NHANES external vali-
dation cohort and the VCTE-Prognosis cohort with MASLD 
patients, with LAI consistently yielding higher AUROC than 
CA (both p < 0.05, Figure 2). Regarding LRE and LRM, LAI 
demonstrated superior discriminative ability compared with 
CA. This improvement in discrimination was accompanied 
by only modest gains in overall prediction error in the CKB 
cohort and consistent patterns were observed in the VCTE-
Prognosis cohort (Table S4, Figure S3). Kaplan–Meier curves 
demonstrated a clear separation between participants in the 
highest quartile (advanced LAI relative to CA) and those in 
the lowest quartile (younger LAI relative to CA), indicating 
that individuals with accelerated liver aging had substantially 
higher risks of mortality, LRE, and LRM (log-rank p < 0.01 
across all cohorts, Figures 2 and S3).

3.4   |   Associations of LAA With All-Cause Mortality, 
Liver-Related Outcomes, and Geriatric Indicators

The LAA was consistently associated with all-cause mortality, 
LRE, and LRM (Figure  3). For all-cause mortality, in CKB, 
each 1-SD increase in LAA-13 and LAA-5 was both associated 
with a 22% higher risk of all-cause mortality (HR for LAI-13: 

FIGURE 1    |    Metrics of LAI in the development and validation cohorts. Panel A shows scatter plot and linear regression of CA versus LAI for men 
(blue) and women (red). In CKB and external validation cohorts, LAI is strongly correlated with CA (r = 0.97–0.98, R2 = 0.94–0.96). Panel B shows 
distributions of LAA according to 10 geographic regions of residence in CKB, self-reported race in NHANES, and the country of the participating 
center in VCTE-Prognosis cohort. Violin plots with center line, box limits and whiskers representing the median, interquartile range, and minima/
maxima within each group, respectively. MAE, mean absolute error; RMSE, root mean squared error.

https://liveragingindex.github.io
https://liveragingindex.github.io
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1.22 [1.14, 1.30]; HR for LAI-5: 1.22 [1.15, 1.29]). Consistent 
associations were observed in the NHANES validation cohort, 
where each 1-SD increase in LAA-13 was associated with a 
45% higher risk of all-cause mortality (HR [95% CI]: 1.45 [1.11, 
1.90]) and LAA-5 yielded comparable results (HR [95% CI]: 
1.43 [1.11, 1.83]). In the VCTE-Prognosis cohort, both LAA-13 
and LAA-5 were associated with higher mortality risk, with 
HRs of 1.85 (1.70, 2.01) and 1.54 (1.42, 1.66) per 1-SD incre-
ment, respectively. For LRE, higher LAA-13 and LAA-5 were 
associated with increased risk in both the CKB deviation 
cohorts and the VCTE-Prognosis cohort (HRs ranging from 
1.34 to 2.70 per 1-SD increase; p < 0.05). Moreover, in CKB, 
higher LAA-13 and LAA-5 were associated with significantly 
increased risk of LRM, with HRs of 1.45 and 1.55 per 1-SD 
increase, respectively (Figure 3).

Subgroup analyses in CKB showed broadly consistent associ-
ations of the LAI and LAA with all-cause mortality and liver-
related outcomes across MASLD and non-MASLD populations, 
with no significant heterogeneity between subgroups (P for het-
erogeneity > 0.05) (Figure S4).

Further analysis in CKB showed that both LAI and LAA were 
associated with frailty and multimorbidity (Figure  S5). Both 
LAA-13 and LAA-5 were associated with frailty, with odds ra-
tios (OR) of 1.18 (1.15, 1.22) and 1.02 (1.01, 1.05) for per 1-SD 
increase, respectively. The associations of LAI and LAA with 
multimorbidity strengthened with increasing condition counts. 
For each SD increment of LAA-13, ORs for having one, two, and 
three or more conditions were 1.01 (0.99, 1.03), 1.06 (1.03, 1.08), 
and 1.10 (1.08, 1.12), respectively. In contrast, LAA-5 showed 

FIGURE 2    |    AUROC and Kaplan–Meier curves for all-cause mortality in the development and validation cohorts. Panel A shows AUROCs of 
the LAI versus CA using DeLong's test. Panel B and C show Kaplan–Meier survival curves where subjects were classified into a LAI high group 
(LAA > Q3) and a LAI low group (LAA < Q1) based on quartile distribution of LAA. The analyses were adjusted for age, sex, regions (CKB and 
VCTE-Prognosis), race/ethnicity (NHANES), education, and marital status. All p values were calculated using the log-rank test for comparing sur-
vival distributions between groups. CA, chronological age; LAI, liver aging index.
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weaker associations with multimorbidity and was associated 
with having three or more conditions (OR [95% CI]: 1.02 [1.01, 
1.03]).

3.5   |   Biological Mechanisms of LAI

Overall, 208 SNPs were identified for LAA and were used in 
Mendelian randomization. The instruments for LAA showed 
good performance, with an F-statistic of 2183.1 and an R2 of 
12.0% and further details on the assumption assessment were 
shown in Supporting Information. Mendelian randomization 
analysis showed a positive association between genetically pre-
dicted LAA and all-cause mortality (HR [95% CI]: 1.46 [1.20, 
1.79]), with stronger associations observed for LRM and LRE 
(HRs of 6.45 [1.78, 23.42] and 2.29 [1.23, 4.24], respectively). 
Specifically, for MASLD, cirrhosis, and liver cancer, the ge-
netically predicted LAA also demonstrated strong associations 
with all three outcomes, with HRs ranging from 1.58 to 7.82 
(Figure  4A). The genetic associations of LAA with cirrhosis 
and liver cancer were further validated by colocalization in the 
Biobank Japan (posterior probability of H4 > 0.9, Table S5). We 
further explored the associations between genetically predicted 
LAA and a range of extrahepatic diseases. Genetically predicted 
LAA was found to be associated with cardiovascular diseases 
and their risk factors, including intracerebral hemorrhage, ce-
rebral infarction, atrial fibrillation, and primary hypertension, 
as well as with gout (Table  S6). In addition, genetically pre-
dicted LAA showed positive correlations with serum uric acid 
levels and inverse associations with amyloid precursor proteins 
(Table S6).

To explore potential biological mechanisms, Mendelian random-
ization was conducted to explore potential causal associations be-
tween LAA and the proteome involving 2923 circulating protein 
biomarkers. After multiple correction, we identified that genet-
ically determined LAA was associated with 22 plasma proteins 

(false discovery rate < 0.05, Figure 4B, Table S7). Among these, 
17 proteins were positively associated with genetically predicted 
LAA, including TMPRSS11D, PLXNB2, VCAN, VWA1, and 
ALDH2, while five proteins showed negative associations with 
LAA, including CCL13, CCN2, AFAP1, ANGPT1, and HBEGF. 
These proteins were enriched in signaling pathways such as pos-
itive regulation of phosphatidylinositol 3-kinase/protein kinase 
B signaling, positive regulation of the ERK1 and ERK2 cascade, 
and receptor-mediated endocytosis (Figure 4C).

4   |   Discussion

In the current study, we developed and validated the LAI, a 
novel, noninvasive index to reflect liver-specific biological aging 
that integrated clinical phenotypes, blood-based biomarkers 
and imaging data using Cox-Gompertz model framework. We 
showed that LAI outperformed CA to predict all-cause mortality 
and that LAA was associated with higher risks of all-cause mor-
tality as well as LRE and LRM. Utilizing the largest genetic stud-
ies in East Asia involving ~270 thousand participants (CKB and 
Biobank Japan), liver aging acceleration showed potential causal 
associations with liver-related outcomes. Integrating genomics 
and proteomics data in CKB, we identified novel pathways un-
derlying liver aging, including glomerulus vasculature develop-
ment, sprouting angiogenesis, and amyloid-beta clearance.

To the best of our knowledge, eight studies, primarily con-
ducted in Western countries, have developed biological aging 
indexes specific for the liver (Table  S8). Among these, three 
constructed indices using liver-specific biomarkers, such as 
liver imaging parameters and liver enzymes, while the re-
maining five derived liver-specific aging metrics within multi-
organ biological aging frameworks by integrating multiomics 
data (e.g., proteomics, metabolomics, and DNA methylation). 
Consistent with our findings, most prior studies reported 
moderate to high correlations between liver biological age 

FIGURE 3    |    Associations of LAI with all-cause mortality and liver-related outcomes in the development and validation cohorts The results are ob-
tained through Cox regression model calculation in CKB and VCTE-Prognosis cohorts, and weighted Cox regression model calculation in NHANES, 
adjusting for age, sex, regions (CKB and VCTE-Prognosis), race (NHANES), education, and marital status. LAA, liver aging acceleration; LAI, liver 
aging index.
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and chronological age, with correlation coefficients ranging 
from 0.40 to 0.85. However, the majority of these studies re-
lied on first-generation framework, lacked data on incidence 
and mortality of liver diseases, and did not conduct external 
validation.

For the three studies constructing liver biological age using 
liver-specific biomarkers, the first-generation model has been 
used with chronological aging as the training outcome (Xing 
et al. 2023; Tian et al. 2023; Le Goallec et al. 2022). Le Goallec 
et al. constructed the liver image age using liver magnetic reso-
nance imaging data in 43,267 participants (37–82 years) as part 
of a Wide Association Study, however, they observed only weak 
correlations between liver aging acceleration and liver diseases 
(Pearson correlations: −0.015 to 0.008) (Le Goallec et al. 2022). 
Tian et al. constructed the hepatic age score using 9 blood bio-
chemistry markers in 143,423 UK Biobank adults (39–73 years, 
mean age 56.7) and reported associations between liver aging 
acceleration and increased risks of all-cause mortality, cancer 
and cardiovascular mortality as well as incident cirrhosis, but 
no external validation was conducted (Tian et  al.  2023). The 
remaining five studies developed liver-specific biological aging 
indices within the framework of multiorgan and multiomics 
(Goeminne et  al.  2025; Ahadi et  al.  2020; Sehgal et  al.  2025; 
Nie et al. 2022; Oh et al. 2023). Of these, three used the first-
generation model (i.e., chronological aging as the training out-
come) and two used the second-generation model (i.e., all-cause 
mortality as the training outcome). These studies evaluated the 
associations of liver age with various chronic diseases across 
multiple organ systems and reported relatively robust results. 
This supports the notion that liver age may also reflect sys-
temic aging, consistent with our findings. Furthermore, we also 
strengthened this perspective by providing additional evidence 

of associations between LAI and frailty and multimorbidity, 
thereby offering a more comprehensive evaluation of its rele-
vance to systemic aging. However, with regard to liver-specific 
outcomes, only one study reported the predictive performance 
specifically for liver fibrosis and cirrhosis, and none conducted 
external validation for liver-related outcomes. In this context, 
our studies advanced the field by employing a second-generation 
modeling framework and providing a comprehensive, mul-
ticohort assessment of liver age's predictive performance for 
liver-related outcomes across East Asian, European, and North 
American populations. These epidemiological findings were 
further supported by genetic evidence, which was helpful for 
elucidating the underlying biological mechanisms.

A novel finding of the current study is the pathogenesis of 
Alzheimer's disease associated with liver aging accelera-
tion, as supported by evidence integrating genomics and 
proteomics. We first highlighted the involvement of a novel 
pathway—amyloid-beta clearance in the enrichment analysis 
associated with genetically-determined liver aging accelera-
tion. We further observed strong positive associations between 
genetically-determined liver aging acceleration and levels of 
amyloid precursor proteins (APP), a membrane protein cen-
tral to the pathology of Alzheimer's disease. APP in physio-
logical conditions follows a nonamyloidogenic pathway, but it 
can proceed to an amyloidogenic scenario, leading to the gen-
eration of extracellular deleterious Aβ plaques (O'brien and 
Wong 2011; Hardy and Higgins 1992). Intriguingly, we found 
an inverse association between genetically-determined liver 
aging acceleration and circulating APP levels in CKB. This 
finding aligns with results from the UK Biobank (n = 49,912; 
530 Alzheimer's disease cases), which also reported an inverse 
association between APP levels and Alzheimer's disease risk 

FIGURE 4    |    Biological validation of LAI in CKB. Panel A shows the genetic associations of LAA with all-cause mortality and liver-related out-
comes in CKB. Panel B shows the genetic associations of LAA with 2923 circulation protein biomarkers where 22 proteins reach the statistical sig-
nificance of false discovery rate < 0.05, with their names shown in boxes. Panel C shows results of pathway enrichment analyses including all 22 
proteins in panel B.
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(Deng et al. 2025). Taken together, these lines of evidence sug-
gested a potential link between liver aging acceleration and a 
higher risk of dementia. However, this finding should be in-
terpreted with caution because the directionality and clinical 
implications remain to be established.

Although the LAI, unlike other biological aging models (e.g., 
liver dysregulation age, liver age scores, and liver biological 
age) (Ahadi et al. 2020; Nie et al. 2022; Oh et al. 2023), does 
not directly establish causality (Qiu et al. 2023), its consistent 
performance across independent cohorts and robust support 
from genetic evidence highlight its potential clinical utility. 
By incorporating both mortality and LRE information into 
the construction process (Nelson et  al.  2020), the LAI more 
accurately captures liver-specific biological aging and associ-
ated risks. This enhances its value as a risk stratification tool 
for systemic and liver-specific aging. Given that its compo-
nents are commonly measured in clinical practice, LAI may 
be readily incorporated into health examinations and primary 
care settings to identify individuals with accelerated liver 
aging who have not yet developed overt liver disease, thereby 
facilitating early risk stratification and targeted preventive 
strategies. In patients with established liver conditions, LAI 
may also complement existing clinical data to refine assess-
ment of disease severity and guide follow-up and intervention 
strategies. With further refinement and feature optimization, 
the LAI may support more precise and personalized strategies 
to promote healthy liver aging.

The main strengths of this study include the use of large-scale 
prospective cohorts in Chinese adults, external validation in 
multiple cohorts, and adoption of mortality-based methods (i.e., 
second-generation). This study has several limitations. First, 
analysis of LRM was only conducted in CKB because of lim-
ited number of LRM cases in VCTE-Prognosis cohort and the 
unavailability of detailed morality data in NHANES. However, 
we validated LRE as a liver-related outcome in VCTE-Prognosis 
cohort and showed consistent findings with CKB. Second, LAI 
was developed and validated on individuals aged 45 and above 
from the Chinese and US general population cohort, and a global 
multicenter MASLD cohort. The model is primarily applicable 
for liver aging prediction in middle-aged and older populations. 
Third, the follow-up period was relatively short in CKB and the 
number of deaths was also limited, which may partly explain 
the modest improvement in overall prediction error in our cal-
ibration analyses. However, we conducted Mendelian random-
ization with a median follow-up of 3.53 years and confirmed the 
genetic associations of LAA with all-cause mortality and liver-
related outcomes. Fourth, although we assessed the associations 
between LAI and frailty and multimorbidity, other dimensions 
of aging, such as disability and functional decline, as well as 
established BA clocks (e.g., DNA methylation clocks), were not 
included in the analysis due to a lack of available data. These 
data are expected to be collected in the upcoming 4th resurvey 
of the CKB study, which will enable more comprehensive as-
sessment of LAI and further enhance its clinical and conceptual 
relevance. Fifth, Mendelian randomization was conducted only 
in East Asians because no genetic instruments of liver aging ac-
celeration were available in Europeans. Future studies are war-
ranted in European populations utilizing both LAI and genetic 
data to explore causality and biological mechanisms.

5   |   Conclusions

The current study showed the feasibility of constructing a non-
invasive index for liver biological aging index across multico-
horts. The LAI outperformed CA to predict all-cause mortality 
and showed prospective associations with all-cause mortality as 
well as liver-related outcomes. Genetic analyses in East Asians 
suggested the causal associations between liver aging acceler-
ation and liver-related outcomes. Future studies with longer 
follow-up are warranted to ascertain liver-related mortality 
as well as to incorporate multiomics data (e.g., metabolomics, 
DNA methylations) to further elucidate biological mechanisms 
underlying liver aging. Additionally, research is warranted to 
determine whether modifying LAI through lifestyle or pharma-
cological interventions can translate into meaningful improve-
ments in liver-related outcomes.
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