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Abstract
Background

The global population aged = 65 years is increasing and is expected to outnumber those under 18 by 2080. Aging is a key risk factor for cardiovascular
mortality, and many acute coronary syndrome cases occur in individuals > 75 years. Chronological age may not fully reflect physiological aging; thus,
biological age metrics such as phenotypic age (PhenoAge) may offer superior prognostic insight.

Objectives

To evaluate the prognostic value of PhenoAge and phenotypic age acceleration(PhenoAccel) in patients with STEMI, and compare their predictive capacity to
chronological age.

Methods

This retrospective, single-center study included 358 STEMI patients treated between 2021 and 2024. PhenoAge was calculated using a validated model
incorporating nine clinical biomarkers. Primary outcomes included in-hospital mortality, all-cause mortality, recurrent myocardial infarction, and heart failure
hospitalization over a median follow-up of 28 months. Associations between age metrics and outcomes were assessed using multivariable logistic and Cox
regression models. Kaplan-Meier and log-rank tests were used for survival analysis.

Results

Median chronological age was 59 years; PhenoAge, 71.4 years; and PhenoAccel, 12.9 years. In-hospital mortality was 5.3%, all-cause mortality 13.4%,
recurrent M1 7.3%, and heart failure hospitalization 11%. PhenoAge (OR: 1.057; p = 0.005) and PhenoAccel (OR: 1.086; p = 0.002) independently predicted in-
hospital mortality. Both metrics also predicted long-term mortality, whereas chronological age was only marginally significant (p = 0.07). Chronological age
best predicted heart failure hospitalization.

Conclusions

PhenoAge and PhenoAccel are independent predictors of short- and long-term mortality in STEMI patients. Their incorporation into clinical practice may
improve risk stratification and support personalized treatment strategies.

Introduction

The population aged 65 and older is increasing at a faster rate than all other age groups, and by 2080, it is projected to outnumber individuals under the age
of 18. Aging remains a major risk factor for cardiovascular mortality, and approximately 30-40% of hospital admissions related to acute coronary
syndromes occur in individuals over 75 years of age.>® Moreover, the progression of cardiovascular diseases accelerates aging-related cellular processes,
contributing to a decline in quality of life among older adults.? In light of this significant demographic shift and its expected impact on global cardiovascular
disease burden, there is a growing need to reconsider how age is defined. Classifying individuals solely based on chronological age may be insufficient in
capturing the complexity of the aging process.

Chronological age remains a fundamental parameter in clinical decision-making; however, it does not always reflect a patient’s true biological condition.
Biological age is a more complex and comprehensive concept that encompasses the functional effects of physiological and pathophysiological processes
accumulated over time.* Environmental, metabolic, and genetic factors can influence the aging process in highly individual ways.® Initially introduced through
frailty scoring systems in geriatric medicine, the concept of biological age has gained increasing relevance across various clinical settings. For example,
individuals with genetic disorders such as Werner syndrome may appear young chronologically but exhibit signs of accelerated biological aging and are at
higher risk for age-related diseases, including myocardial infarction, cancer, and diabetes.

Various molecular, cellular, and imaging-based models have been developed to estimate biological age. Among these, methods based on telomere
shortening and DNA methylation levels at CpG sites—such as the Horvath, Hannum, Li, Grim, and Pheno clocks—have been identified as important predictors
of both cellular aging and cardiovascular outcomes.®™'° In addition, early markers of vascular and biological aging, including large artery stiffness,
endothelial dysfunction, specific circulating biomarkers, and composite indices derived from these parameters, can also be used to estimate biological age—
even in the absence of overt disease or conventional risk factors."' 13

In this study, we aimed to evaluate the prognostic value of phenotypic age and phenotypic age acceleration (defined as the difference between phenotypic
and chronological age) in a real-world cohort of 358 patients presenting with STEMI. We hypothesized that these age-related metrics may demonstrate
varying predictive capacities for key clinical outcomes, including recurrent myocardial infarction, hospitalization for heart failure, in-hospital mortality, and
long-term all-cause mortality. The assessment of phenotypic age was intended to enhance risk stratification and to support the development of more
individualized treatment strategies in patients with STEMI.
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Methods

Study Design and Patient Population

This study was designed as a single-center, retrospective, observational analysis. A total of 1,541 patients aged 18 years or older who presented to the
emergency department with a preliminary diagnosis of STEMI and underwent primary percutaneous intervention between 2021 and 2024 were initially
considered for inclusion. Patients who died before receiving an angiographic diagnosis, those referred for coronary artery bypass grafting (CABG) after
imaging, and those with missing laboratory data required for phenotypic age calculation were excluded. Following these criteria, data from 358 eligible
patients were retrospectively retrieved using the hospital electronic medical record system and the national medical information database. The study
protocol was reviewed and approved by an independent ethics committee and conducted in accordance with the principles of the Declaration of Helsinki.'*

PhenoAge Formulation

In this study, phenotypic age was calculated using the formula developed by Liu et al..’® This formulation is based on analyses conducted using data from
the NHANES-III cohort (n = 9,926), in which the association between 42 clinical biomarkers and mortality was assessed using Cox proportional hazards
regression. To avoid overfitting, an elastic net regression model was applied, resulting in the selection of 9 biomarkers; albumin, serum creatinine, glucose,
log-transformed CRP, lymphocyte percentage, mean corpuscular volume [MCV], red cell distribution width [RDW], alkaline phosphatase [ALP], and white blood
cell count [WBC]."® Two separate Gompertz proportional hazard models were constructed: one incorporating the 9 selected biomarkers and chronological
age (h,(1)), and the other including only chronological age (h,(t)). The aim was to determine the age in the h,(t) model that corresponds to the same mortality
risk calculated by h,(t), based on an individual's biomarker profile. For example, if a 50-year-old individual has a 5% mortality risk according to the h,(t) model,
and this same level of risk is observed at age 60 in the h,(t) model, the individual's phenotypic age is considered to be 60.

Model 1 : hi(t) = a1 - exp(yit). where o5 = exp(Po + Pi1xX1j + Paxzj+ -+ PmXmj)
Model 2 : ha(t) = aj2 - exp(y2t), where oj2 = exp(Bo’ + Page’ agej)

To estimate phenotypic age, the 1-year mortality risk from the biomarker model h(t) is
matched to the corresponding risk in the age-only model ho(t), where t=1

t=1 hy(t) = hy(t) > for individual j >
exp(Bo+ Prxuj + Paxaj + - + PmXmj) - exp(y1t) = exp(Bo’ + PagePhenoAge;) - exp(yat)

The equation is then solved for PhenoAge; representing the phenotypic age estimate for
individual j;

In[—0.00553 x In(1 — xb)]
0.09165

Phenotypic Age = 141.50 +

xb=19.907+0.0336-Albumin+0.0095-Creatinine+0.0195-Glucose+0.0954-In(CRP)+0.0120-Lymphocyte %+0.0268-Mean Corpuscular Volume (MCV)+0.3356-Re
Phosphatase (ALP)+0.0554-White Blood Cell (WBC) count+0.0804-Chronological Age

Data Collection and Evaluation

Demographic characteristics, medical history, electrocardiographic (ECG) and echocardiographic findings, laboratory values, medications, angiographic
images, hospitalizations, and mortality data throughout follow-up were analyzed. Phenotypic age was calculated using the PhenoAge model, and the
difference between chronological age and phenotypic age was defined as "PhenoAcceleration (PhenoAccel)," serving as an indicator of accelerated
biological aging.’® Myocardial infarction (M) types were categorized based on ECG characteristics and angiographic localization of the infarction. TIMI flow
was assessed according to the degree of distal blood flow visualized during coronary angiography and graded on the TIMI scale from 0 to 3: TIMI 0-1
indicated poor flow, TIMI 2 indicated partial perfusion, and TIMI 3 indicated complete perfusion.'®

Statistical Analysis

Baseline characteristics and demographic data were summarized using descriptive statistics. Continuous variables were expressed as median and
interquartile range (IQR), whereas categorical variables were presented as frequencies and percentages. Age-related variables were stratified into tertiles
defined by the 25th and 75th percentiles relative to the median values.

The prognostic effects of phenotypic age, chronological age, and age acceleration on clinical outcomes were assessed. The primary clinical endpoints
included in-hospital mortality, all-cause mortality over a 28-month follow-up period, recurrent myocardial infarction (MI), and hospitalization due to heart
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failure.

Multivariate logistic regression analysis was conducted to evaluate the independent impact of variables on in-hospital mortality. A baseline model was
constructed initially with eight clinical covariates: sex, smoking status, hypertension, diabetes, hyperlipidemia, post-procedural final TIMI flow, no-reflow
phenomenon during the procedure, and family history of myocardial infarction. Each age-related variable (chronological age, PhenoAge, and PhenoAccel)
was subsequently added individually to this baseline model to assess their independent predictive values. Variables included in the regression models were
selected based on clinical experience and previously demonstrated risk factors in the literature.

The associations between each age-related variable and outcomes during follow-up, including all-cause mortality, recurrent myocardial infarction, and
hospitalization for heart failure, were evaluated using Cox regression analysis adjusted by the baseline covariates.

For survival analysis, Kaplan—Meier curves were constructed after stratifying phenotypic and chronological age variables into three tertiles based on their
median values: lower, middle, and upper age groups. Accordingly, patients were classified as <53, 53-64, and >64 years for chronological age, and <65, 65—
79, and >79 years for phenotypic age. This grouping enabled the evaluation of discrepancies between biological and chronological aging and their
associations with long-term cardiovascular outcomes. Differences in survival among tertiles were compared using the Log-rank test.

Results were presented as odds ratios (OR) or hazard ratios (HR), Nagelkerke’s R?, 95% confidence intervals (Cl), and p-values. A two-tailed p-value <0.05 was
considered statistically significant. All analyses were performed using R statistical software (Institute for Statistics and Mathematics, Vienna, Austria).

Results

A total of 358 patients meeting inclusion criteria were analyzed in this study (median chronological age: 59 [IQR: 51-68] years; median PhenoAge: 71.4 [IQR:
61.7-83.6] years; median PhenoAccel: 12.9 [IQR: 7.1-18.2] years; 76.8% male). Despite the notable median age difference, a strong correlation was observed
between chronological and phenotypic age (Pearson correlation coefficient: 0.8, 95% Cl 0.77-0.84, p < 0.01) (Fig. 1). Baseline demographic and clinical
characteristics are provided in Table 1.

During the median 28-month follow-up, in-hospital mortality occurred in 19 patients (5.3%), with a mean duration of 3.3 days from admission to death.
Additionally, during the entire follow-up period, 48 patients (13.4%) experienced all-cause mortality, with a median time to death of 2.1 months. Recurrent
myocardial infarction (MI) occurred in 26 patients (7.3%; median 11 months), and hospitalization due to heart failure was recorded in 33 patients (11%;
median 3 months).

Angiographic characteristics of our cohort highlighted additional complexities influencing STEMI outcomes. While 69% of patients achieved TIMI grade 3
flow post-PCl, 8.9% experienced no-reflow, and 6.4% had persistent TIMI grade 0 flow—both well-established predictors of adverse prognosis.

Primary clinical outcomes and related statistical analyses are presented in Table 2. Regarding predictors of in-hospital mortality, chronological age (OR:
1.023,95% Cl: 0.975-1.073; p < 0.001), PhenoAge (OR: 1.057, 95% Cl: 1.017-1.098; p = 0.005), and PhenoAccel (OR: 1.086, 95% Cl: 1.031-1.144; p = 0.002)
were significant. Phenotypic age acceleration (PhenoAccel) was the strongest predictor of in-hospital mortality. Furthermore, PhenoAge demonstrated a
significantly stronger predictive ability compared to chronological age alone.

Throughout the 28-month follow-up, all-cause mortality was predicted by chronological age (HR: 1.027, 95% Cl: 0.998-1.058; p = 0.07), PhenoAge (HR: 1.039,
95% CI: 1.016-1.062; p < 0.001), and PhenoAccel (HR: 1.050, 95% Cl: 1.018-1.082; p = 0.002). PhenoAccel consistently demonstrated the highest predictive
value for both in-hospital and all-cause mortality. Chronological age was the strongest predictor (HR: 1.066) of hospitalization for heart failure, with lower
hazard ratios observed for PhenoAge (HR: 1.039) and PhenoAccel (HR: 1.008), reflecting a reduced predictive strength of these biological aging metrics for
this specific outcome. No significant differences among the age-related metrics were found regarding recurrent Ml during the follow-up period (HR = 0.98; p
>0.2).

Discussion

As interest in biological age increases, several models have been developed to more accurately reflect the physiological aging process than chronological
age alone. Frailty index (FI) assessments represent a robust method for estimating biological age. These indices quantify the cumulative burden of health
deficits by evaluating a set of 20 to 100 health-related variables over an individual’s lifespan. Fl-based models have gained considerable clinical importance
over time. On average, Fl scores increase by 2—-3% with each additional year of chronological age, underscoring their close association with the aging
process.'” Furthermore, the ability of frailty indices to predict parental longevity—differentiating individuals whose parents lived long lives from those whose
parents had shorter lifespans—highlights the genetic underpinnings of frailty.” Importantly, the FI34 index, which incorporates 34 health variables, has
demonstrated superior mortality prediction compared to both chronological age and DNA methylation—based biological age estimators.'®

Although biomarker-based biological age estimation methods are relatively easy to apply, determining which markers to include and the appropriate weight
of each within the predictive equation has taken researchers in the field considerable time and effort (Voitenko and Tokar, 1983; relationship between
lymphocyte blast formation and biological age). To be included in a biological age prediction model, a biomarker is generally expected to meet several
criteria: (a) It should reflect the outcomes of multiple physiological pathways in a manner that correlates with aging and provide more accurate estimates
than chronological age; (b) It should be able to predict remaining life expectancy at an age when approximately 90% of the population is still alive, and this
prediction should apply across a wide range of diseases within the studied population; (c) The measurement of the biomarker itself should not alter life
expectancy or affect the results of other age-sensitive tests.'® The Levine BioAge model estimates biological age by integrating ten biomarkers—CRP, serum
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creatinine, HbA1c, systolic blood pressure, serum albumin, total cholesterol, cytomegalovirus (CMV) seropositivity, ALP, forced expiratory volume (FEV), and
blood urea nitrogen (BUN)—with chronological age using the Klemera—Doubal algorithm. It is currently regarded as one of the most accurate models in the
literature for predicting the relationship between biological age and mortality.’® 2% The Klemera—Doubal algorithm does not aim to directly predict mortality;
rather, it models an individual's health status based on biomarkers and derives a biological age estimate anchored to chronological age. 2' However, the
inclusion of parameters such as CMV serostatus and FEV, represents a limitation of the Levine BioAge model in terms of its broad applicability. The
PhenoAge model used in our study estimates biological age—referred to by the original authors as "Phenotypic Age"—by incorporating nine biomarkers
(albumin, serum creatinine, glucose, log-transformed CRP, lymphocyte percentage, RDW, ALP and WBC) together with chronological age, fitted into two
Gompertz proportional hazards models."® The data used in this model were derived from the NHANES-III population, similar to the Levine BioAge model, but
PhenoAge was additionally validated in the NHANES-IV cohort (n = 11,432). PhenoAge has been shown to outperform Levine BioAge in predicting mortality
within healthy populations. In terms of cardiovascular mortality, the hazard ratio for BioAge was calculated as 1.14 (95% Cl: 1.10-1.17), whereas for
PhenoAge it was 1.10 (95% Cl: 1.07-1.13).7%20 Another study conducted within the NHANES cohort demonstrated that PhenoAge was associated with

increased all-cause mortality in patients with heart failure (HR: 1.05; 95% CI: 1.04—1.05).22 Moreover, mortality prediction based on PhenoAge has been

shown to remain valid across various subgroups stratified by age, number of comorbidities, health behaviors, and cause of death.?3

In recent years, the use of artificial intelligence (Al)-based deep learning algorithms has enabled the estimation of “heart age” from electrocardiogram (ECG)
data, and this estimated age has been proposed as a novel cardiovascular risk marker.2* Notably, Al-predicted age derived from ECG was shown to
outperform chronological age in predicting cardiovascular events, particularly in individuals under the age of 60 (Chronological Age vs. Al-Age AUC: 0.642 vs.
0.700; p = 0.003).2* Similarly, imaging modalities such as echocardiography have been utilized for biological heart age estimation. For instance, a deep
learning model trained on 160,508 echocardiographic videos was able to predict patients’ ages with a mean absolute error of approximately 6.7 years, and
higher predicted age was significantly associated with increased future risk of coronary artery disease and heart failure.?® In addition, cardiac magnetic
resonance (CMR) imaging analyzed via Al has been used to detect aging-related structural and functional patterns of the heart in three dimensions, allowing
for estimation of the heart's "apparent" biological age.?® These Al-based cardiac aging metrics hold substantial promise for improving cardiovascular risk
stratification, enabling earlier identification of high-risk individuals, and guiding targeted preventive interventions.

Building on these advances in biological age estimation, it is important to explore how such models perform in high-risk clinical settings. ST-segment
elevation myocardial infarction (STEMI) remains one of the leading causes of morbidity and mortality worldwide.?” While the introduction of primary
percutaneous coronary interventions (PCl), advancements in stent technologies, and the optimization of medical therapies have substantially reduced acute-
phase mortality, long-term outcomes following STEMI continue to pose a significant clinical challenge.?® Although several risk scoring systems (e.g., GRACE)
are currently in use, most were developed in earlier eras and are primarily focused on acute-phase outcomes.?? Furthermore, no single clinical or
demographic parameter offers sufficient predictive power for long-term events. As a result, the search for novel, integrative risk markers has intensified,
particularly those that can capture an individual’s overall physiological vulnerability rather than relying solely on conventional factors.

In this context, our study focused on the role of phenotypic age and its potential divergence from chronological age in predicting adverse outcomes. We
aimed to determine whether phenotypic age offers incremental prognostic value over traditional risk stratification methods in the acute STEMI setting and
throughout long-term follow-up.

Our findings demonstrate that both phenotypic age and phenotypic age acceleration are independent predictors of in-hospital and long-term mortality, even
after adjusting for chronological age and sex. Each 1-year increase in phenotypic age was associated with a significant increase in risk for both early and
total mortality. Importantly, phenotypic age acceleration showed the strongest association with in-hospital mortality, highlighting its robust predictive
performance.

Heart failure hospitalization was significantly associated with chronological age and phenotypic age but not with phenotypic age acceleration. This finding
suggests that while biological age is a relevant predictor of heart failure risk, the acceleration metric may not independently contribute to this outcome.
However, this result should be interpreted with caution, as the lack of statistical significance may be related to the relatively small number of heart failure
hospitalizations in the cohort, potentially limiting the power to detect such associations.

Notably, chronological age was not significantly associated with long-term mortality in our cohort, whereas biological age markers retained statistical
significance. This finding supports the hypothesis that b phenotypic age may better reflect accumulated physiological damage — including systemic
inflammation, vascular dysfunction, and metabolic derangements — all of which contribute to adverse cardiovascular outcomes. Heart failure hospitalization
was also significantly associated with phenotypic age and chronological age, but not with phenotypic age acceleration, suggesting that cumulative biological
burden, rather than aging acceleration per se, may drive heart failure risk post-STEMI.

Kaplan—Meier survival curves derived from our study revealed notable differences in survival times across the examined groups (Fig. 2). In both the
PhenoAge and chronological age stratifications, a marked decline in survival was observed in the higher age tertiles. Notably, in the survival analysis based
on PhenoAge and PhenoAccel, increased early mortality was particularly evident in the middle tertile, which is of special interest. This finding suggests that
phenotypic age may more sensitively reflect biological aging and comorbidity burden than chronological age, even among individuals with similar
chronological age. Individuals with elevated phenotypic age in the middle tertile may be at a disadvantage in terms of early mortality due to latent metabolic,
inflammatory, or cardiovascular risk factors. On the other hand, methodological factors; such as sample size, the number of events, and how the group
boundaries were defined, may also have influenced these results, underscoring the need for further validation in future studies.

Strengths and Limitations
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A key strength of our study is its use of a validated and reproducible biological age metric in a well-characterized STEMI cohort, allowing real-world
applicability. The phenotypic age model relies on readily available clinical biomarkers, enhancing its clinical feasibility. To the best of our knowledge, this
study represents the first application of phenotypic age metrics specifically within a STEMI population. Additionally, our study extends previous findings on
biological aging by applying them to an acute, high-risk cardiovascular population with long-term follow-up. Our findings suggest that integrating phenotypic
age metrics into current clinical workflows may enhance long-term risk prediction in STEMI patients, potentially improving follow-up strategies and
therapeutic decisions.

However, some limitations should be acknowledged. The study’s observational design limits causal inference, and the moderate sample size, along with
underrepresentation of women (23%), may affect generalizability. Nonetheless, these factors do not diminish the internal consistency of our findings or the
demonstrated associations between biological age and clinical outcomes.

Conclusion

Phenotypic age and phenotypic age acceleration are independent predictors of both in-hospital and long-term mortality in STEMI patients. These findings
support the clinical utility of biological aging models in cardiovascular risk stratification, beyond traditional measures such as chronological age.

Incorporating phenotypic age into routine risk assessments may help identify high-risk patients who could benefit from more intensive monitoring and
personalized therapeutic strategies.

Lastly, only 23% of the patients were women, which may limit generalizability of findings across sexes and warrants caution in interpretation. The
underrepresentation of women is a known limitation in cardiovascular research and highlights the need for more inclusive studies.
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Characteristic (n, IQR, %)

Chronological Age (median [IQR]) 59 [51-68]

PhenoAge (median [IQR]) 71.4[61.7-83.6]
PhenoAccel (median [IQR]) 12.9[7.1-18.2]
Gender (Female) 83 (23.2%)
Family History (yes) 99 (27.7%)
Hypertension (yes) 173 (48.3%)

Previous Myocardial infarction (yes) 70 (19.6%)

Dyslipidemia (yes) 35(9.8%)
Smoking (yes) 183 (51.1%)
Diabetes Mellitus (yes) 94 (26.3%)
Atrial Fibrillation (yes) 6(1.6%)
In-Hospital EF % 45[38-55]

Ml localization

Anterior 145(40.6%)
Inferior 77(21.7%)
Lateral 16(4.5%)
Inferior+Right 78(21.7%)
Inferio+Posterior 29(8.2%)
Posterior 13(3.7%)
KAG result
Noreflow 32 (8.9%)
Final TIMI flow 0 23 (6.4%)
Final TIMI flow 1 27 (7.5%)
Final TIMI flow 2 60 (16.8%)
Final TIMI flow 3 248 (69.3%)
Hmg (g/dL) 13.8 [12.5-14.9]
Kreatinin (mg/dL) 0.84[0.75-1.05]
LDL (mg/dL) 111 [87-137]

Table-2: Primary Outcomes
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Figures

Inhospital mortality
n:19 (%5.3)

All-cause mortality
n:48 (%13.4)

Hospitalization for Heart Failure
n:33(%11)

Recurrent
Myocardial
Infarction
n:26 (%7.3)

Chronological Age
PhenoAge
PhenoAccel

Chronological Age

PhenoAge
PhenoAccel
Chronological Age
PhenoAge
PhenoAccel
Chronological Age
PhenoAge

PhenoAccel

HR/OR*[%95 C.I]

1.023 [0.97-1.073]*
1.057 [1.017-1.098]*
1.086 [1.031-1.144]*
1.027 [0.99-1.058]

1.039 [1.16-1.062]
1.050[1.018-1.082]
1.066[1.027-1.107]
1.039[1.012-1.067]
1.008[0.97-1.047]
0.988[0.94-1.021]
0.98[0.95-1.014]
0.98[0.93-1.036]
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-2log likelihood
RZ

125.64 0.18
117.92 0.24
116.38 0.47

494.14

485.97
488.54
305.52
309.35
317.2

262.38
262.10
263.01

<0.05
<0.05
<0.05
0.07

<0.05
<0.05
<0.05
<0.05
0.68
0.33
0.27
0.58
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Correlation Between Chronological Age and PhenoAge. Scatter plot illustrating the linear relationship between chronological age (x-axis) and phenotypic
age (y-axis) in the study population (n = 358). A strong positive correlation was observed (Pearson's r = 0.80, 95% CI 0.77-0.84, p < 0.001), indicating that
phenotypic age increases in parallel with chronological age. The red line represents the linear regression fit with 95% confidence interval (shaded area).
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Kaplan—Meier survival curves stratified by chronological age, phenotypic age, and phenotypic age acceleration tertiles.

(A) Survival probabilities according to chronological age tertiles (median ages: 48, 59, and 72 years).

(B) Survival probabilities based on phenotypic age tertiles (median PhenoAge values: 59, 71, and 87 years).

(C) Survival probabilities stratified by phenotypic age acceleration tertiles (median PhenoAccel values: 3, 13, and 24 years).

Log-rank tests demonstrated statistically significant differences in survival across all stratifications, with phenotypic age and phenotypic age acceleration
showing more pronounced early mortality separation, particularly in middle tertiles. Shaded areas indicate 95% confidence intervals.
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