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Abstract
Chronological age is a strong predictor of mortality but does not fully capture heterogeneity in
physiological decline. We evaluated whether clinically accessible biological aging (BA) measures and an
aging-related polygenic risk score improve all-cause mortality prediction beyond chronological age in
two independent cohorts: Swedish TwinGene (n = 9,617; median follow-up 16.70 years) and UK Biobank
(n = 179,504; median follow-up 11.83 years). We studied three biomarker-based biological age estimates
(PhenoAge, Klemera–Doubal method, and homeostatic dysregulation), a frailty index, leukocyte telomere
length, and multivariate aging polygenic risk scores. To focus on age-independent biological age
estimates, we used age-adjusted residuals of biomarker-based biological age estimates in
discrimination and prediction analyses. We assessed discrimination using receiver operating
characteristic analyses and evaluated multivariable prediction using cross-validated ensemble models.
Time-to-event associations were estimated using Cox proportional hazards models.

Chronological age showed strong univariate discrimination, with area under the ROC curve (AUC) 0.837
in TwinGene and 0.708 in UK Biobank. Among biological aging measures, PhenoAge residual had the
highest discrimination (AUC: 0.874 in TwinGene; AUC: 0.624 in UK Biobank), whereas the polygenic risk
score showed near-null discrimination (approximately 0.50 in both cohorts). In cross-validated ensemble
prediction, adding biological aging measures to chronological age and covariates substantially improved
discrimination in TwinGene (AUC: 0.936) and modestly improved discrimination in UK Biobank (AUC:
0.762), while adding the polygenic risk score without biological aging measures produced minimal
change. In multivariable Cox models, PhenoAge residual remained independently associated with
mortality in both cohorts, whereas the polygenic risk score was not.

Clinically biological aging measures, particularly PhenoAge, improve mortality prediction beyond
chronological age, while the evaluated aging polygenic risk score adds little incremental predictive value.
Cohort differences highlight the importance of evaluating transportability across populations, biomarker
panels, and risk horizons.

Introduction
Accurate predicting all-cause mortality is a cornerstone of preventive medicine and public health. While
chronological age (CA) is a strong predictor of mortality, it does not fully capture the heterogeneity in
rates of physiological decline that shape individual health trajectories. Recent advances in aging
research have therefore focused on biological aging (BA) measures that summarize multisystem
dysregulation using clinically accessible data. Here we evaluate widely used and interpretable
approaches including biomarker-based biological age estimates (Levine PhenoAge, Klemera–Doubal
method [KDM], and homeostatic dysregulation [HD]), along with leukocyte telomere length (TL) as a
molecular marker. We also include a frailty index (FI), which is not a biomarker-derived “biological age”
estimate but a validated clinical measure reflecting accumulation of age-related health deficits; we treat
FI as a complementary aging-related construct to avoid conceptual confusion (1–4). These measures
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have shown associations with morbidity and mortality in prior work (5–7), yet their comparative
predictive performance and generalizability across cohorts remain incompletely characterized. (8).

A major barrier to comparing BA measures across settings is that algorithm inputs are not uniform
across cohorts (9). Biomarker-based measures such as PhenoAge/KDM/HD may rely on different
clinical panels depending on what is measured, raising concerns about harmonization, comparability,
and transportability when the number and type of biomarkers differ. Because biomarker-based biological
age estimates are strongly correlated with chronological age, we primarily used age-adjusted residual
(“age-gap”) versions of these measures when models included chronological age (10). In addition,
clinical relevance requires more than discrimination alone; calibration, reclassification, and decision-
analytic measures help determine whether a model is reliable and potentially actionable in practice.
Accordingly, we frame mortality prediction as both a performance and transportability problem—how
well models work within a cohort and how well they generalize under distribution shifts between cohorts.

In parallel, polygenic risk scores (PRS) offer a way to quantify inherited susceptibility to aging-related
outcomes (11), and could potentially complement BA measures (12). However, PRS performance for
mortality prediction and its incremental value beyond chronological age and clinically accessible BA
measures remain uncertain. The aim of this study was to systematically compare multiple clinically
feasible BA measures and an aging-related PRS—individually and in combination with chronological age
—using a discovery/validation multicohort framework. We evaluated and compared prediction
performance for all-cause mortality in Swedish TwinGene (discovery) and UK Biobank (external
validation), including performance across prespecified age and follow-up subgroups and key effect
modifiers. Where biomarker availability allowed, we also considered including contemporary comparator
measures (e.g., GOLD BioAge); however, key inputs required for some newer biological age algorithms
were not consistently available across both cohorts, precluding harmonized computation and head-to-
head comparison. We aimed to enhance transparency and reproducibility through versioned code and
clearly specified evaluation procedures.

Results

Cohort characteristics and follow-up
The analytic samples included 9,617 participants in TwinGene and 179,504 in UKB (Fig. 1). Participants
in UKB were younger at baseline (56.66 ± 8.00 years) than those in TwinGene (64.80 ± 8.01 years), with a
similar proportion of men (UKB 46.9%; TwinGene 47.3%). Follow-up was shorter in UKB (median 11.83
years; IQR 11.16–12.49) than in TwinGene (median 16.70 years; IQR 15.60–17.80). Body mass index
(BMI) was higher in the UKB (27.28 ± 4.66 kg/m²) than TwinGene (24.96 ± 3.28 kg/m²), and the
proportion of current or former smokers was comparable (UKB 44.6%; TwinGene 43.0%).
High/intermediate education was more common in UKB (80.2%) than TwinGene (56.6%). Consistent with
the younger UKB baseline age and cohort differences, biomarker-based BA measures were lower on
average in UKB (PhenoAge 47.71 ± 9.96; HD 2.23 ± 0.98) than TwinGene (PhenoAge 56.26 ± 9.05; HD
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2.71 ± 0.99), while KDM was similar across cohorts (UKB 54.18 ± 9.36; TwinGene 55.82 ± 8.14). FI means
were comparable (UKB 0.11 ± 0.07; TwinGene 0.12 ± 0.09), whereas adjusted telomere length was lower
in UKB (0.83 ± 0.13) than TwinGene (1.05 ± 0.37). During follow-up, 3,090 deaths (32.1%) occurred in
TwinGene and 14,492 deaths (8.1%) UKB (Table 1).

Table 1
Baseline characteristics and aging-related measures in the TwinGene and UK Biobank analytic cohorts
Characteristics TwinGene UK Biobank

No. of participants 9,617 179,504

No. of death 3,090 14,492

Age, years (mean ± SD) 64.80 ± 8.01 56.66 ± 8.00

Sex, men (n, %) 4,548 (47.3%) 84,202 (46.9%)

Follow up time, years (median; IQR) 16.70; 15.60–17.80 11.83; 11.16–12.49

BMI, kg/m2 (mean ± SD) 24.96 ± 3.28 27.28 ± 4.66

Alcohol consumption frequency, weekly (n, %) Not available 112,549 (67.2%)

Smokers (current or former, n, %) 4145 (43%) 80,026 (44.6%)

Education level, high or intermediate (n, %) 5443 (56.6%) 143,962 (80.2%)

PhenoAge, years (mean ± SD) 56.26 ± 9.05 47.71 ± 9.96

KDM, years (mean ± SD) 55.82 ± 8.14 54.18 ± 9.36

HD (mean ± SD) 2.71 ± 0.99 2.23 ± 0.98

FI (mean ± SD) 0.12 ± 0.09 0.11 ± 0.07

Telomere length (mean ± SD) 1.05 ± 0.37 0.83 ± 0.13

PRS (mean ± SD) 0.21 ± 0.04 0.13 ± 0.11

Values are reported as mean ± SD, median (IQR), or n (%), as appropriate. The table summarizes the
analytic samples included in the main integrated analyses (TwinGene n = 9,617; UK Biobank n = 
179,504). Follow-up time is calculated from baseline assessment to death or administrative
censoring. High/intermediate education is defined as ≥ 10 years of formal education. Smoking status
includes current and former smokers. Alcohol consumption frequency is a self-reported UK Biobank
variable and was not available in TwinGene. Biological aging measures include Phenotypic Age
(PhenoAge), Klemera–Doubal Method (KDM), and Homeostatic Dysregulation (HD). Frailty Index (FI)
is the Rockwood deficit-accumulation measure (reported here on its original scale as a proportion).
Telomere length is the cohort-specific adjusted leukocyte telomere length measure. PRS values are
shown as raw cohort-specific scores in this table; PRS were standardized within cohort (mean = 0,
SD = 1) prior to regression and prediction analyses.

Correlations among aging measures
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Across TwinGene (Fig. 2A) and UKB (Fig. 2B), correlations among aging measures ranged from weak to
strong, with the strongest intercorrelations observed among the biomarker-based BA measures. CA
correlated positively with PhenoAge and KDM in both cohorts, with a stronger CA–PhenoAge
association in TwinGene. PhenoAge showed the strongest correlations with other BA measures,
particularly with KDM and HD, and these PhenoAge correlations were higher in UKB (e.g., PhenoAge–
KDM and PhenoAge–HD). PRS showed weak correlations with the non-genetic aging measures
(including FI), despite mvAge including frailty-related GWAS components, consistent with FI reflecting a
largely environmental and cohort- and measurement-dependent deficit accumulation phenotype.
Telomere length showed weak negative correlations with chronological age and most BA measures, with
slightly stronger negative associations in UKB. Overall, the correlation structure was similar across
cohorts, with modest cohort differences in magnitude.

Univariate discrimination of predictors
Because ROC analyses treat mortality as a binary outcome and ignore censoring/time-to-event, we
present these AUCs as a secondary comparison and prioritize survival models for time-to-death
analyses. To reduce collinearity with CA and to focus on age-independent variation in biomarker-based
biological age estimates, age-adjusted residuals for PhenoAge, KDM, and HD in all discrimination and
prediction analyses. Specifically, within each cohort we fit a linear regression of each BA measure on CA
at baseline (e.g., PhenoAge ~ CA, KDM ~ CA, HD ~ CA) and used the residuals as the predictor.
According to univariate ROC analyses using age-adjusted residuals for the biomarker-based biological
age estimates (Fig. 3), CA achieved an AUC of 0.837 (95% CI: 0.828–0.846) in TwinGene, significantly
higher than the 0.708 (95% CI: 0.703–0.712) observed in UKB (DeLong P = 5.23×10⁻¹⁴⁷). Among BA
measures, PhenoAge_res showed the highest discrimination in TwinGene (AUC = 0.874, 95% CI: 0.866–
0.883) but was lower in UKB (AUC = 0.624, 95% CI: 0.619–0.629; DeLong P < 1×10⁻³⁰⁰). KDM_res also
performed better in TwinGene (AUC = 0.747, 95% CI: 0.736–0.758) than in UKB (AUC = 0.600, 95% CI:
0.595–0.605; DeLong P = 7.98×10⁻¹²¹), while HD_res showed modest discrimination in both cohorts
(TwinGene AUC = 0.592, 95% CI: 0.580–0.605; UKB AUC = 0.565, 95% CI: 0.560–0.570; DeLong P = 
6.44×10⁻⁵). FI had modest, similar performance (TwinGene AUC = 0.574, 95% CI: 0.562–0.587; UKB AUC 
= 0.587, 95% CI: 0.582–0.592; DeLong P = 5.81×10⁻2). Telomere length and PRS showed limited
discrimination, with TL AUC 0.581 in TwinGene and 0.521 in UKB, and PRS AUC 0.510 and 0.503,
respectively. Overall, CA remained the strongest single predictor in UKB, whereas PhenoAge_res provided
the strongest univariate discrimination among BA measures in TwinGene (Table 2).
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Table 2
Univariate predictive performance (AUCs) of aging and genetic measures for all-cause mortality in

TwinGene and UK Biobank
Predictor TwinGene

AUC (95% CI)

UK Biobank

AUC (95% CI)

Chronological age (CA) 0.837 (0.828–0.846) 0.708 (0.703–0.712)

PhenoAge residual (PhenoAge_res) 0.874 (0.866–0.883) 0.624 (0.619–0.629)

KDM residual (KDM_res) 0.747 (0.736–0.758) 0.600 (0.595–0.605)

HD residual (HD_res) 0.592 (0.580–0.605) 0.565 (0.560–0.570)

Frailty Index (FI) 0.574 (0.562–0.587) 0.587 (0.582–0.592)

Telomere Length 0.581 (0.569–0.593) 0.521 (0.516–0.526)

Polygenic Risk Scores (PRS_Z) 0.510 (0.498–0.522) 0.503 (0.499–0.508)

P-values (Others vs. CA) < 1×10− 9 < 1×10− 5

AUCs (95% CIs) are from univariate ROC analyses for all-cause mortality in TwinGene (n = 9,617) and
UK Biobank (n = 179,504). KDM: Klemera-Doubal Method, HD: Homeostatic Dysregulation Index.
Residualized biological age estimates (PhenoAge_res, KDM_res, HD_res) were computed within each
cohort as residuals from linear regressions on chronological age at baseline (BA ~ CA). PRS was
standardized within cohort (PRS_Z). Confidence intervals were computed using DeLong’s method. P-
values are from DeLong’s test comparing the AUC of each BA measure versus chronological age
within each cohort.

Multivariable and ensemble prediction models
The predictive performance of multivariable models was evaluated in TwinGene and UKB using 10-fold
cross-validated SuperLearner models based on out-of-fold predictions (Table 3; Fig. 4). In TwinGene,
discrimination increased from CA alone (AUC 0.837, 95% CI 0.828–0.846) to CA + covariates (AUC 0.848,
95% CI 0.840–0.857), while adding PRS provided no meaningful improvement (AUC 0.848, 95% CI
0.841–0.857). Adding BA measures (PhenoAge residual, FI, and telomere length) yielded the best
performance (AUC 0.936, 95% CI 0.931–0.942; paired DeLong P = 1.50×10⁻¹⁵³ vs CA). In UKB, AUC
similarly increased from 0.707 (95% CI 0.703–0.711) for CA to 0.744 (95% CI 0.740–0.748) with
covariates, remained unchanged after adding PRS (AUC 0.744, 95% CI 0.740–0.748), and improved
further with BA measures (AUC 0.762, 95% CI 0.758–0.766; paired DeLong P = 4.81×10⁻²⁵² vs CA).
Calibration of the full model showed generally good agreement between predicted and observed
mortality risk within each cohort, with UKB predictions concentrated in the low-risk range consistent with
its lower event rate and shorter follow-up (Fig. 4).



Page 7/25

Table 3
Multivariable predictive accuracy for all-cause mortality using repeated 10-fold cross-validation in

TwinGene and UK Biobank cohorts
Predictive Model TwinGene

AUC (95% CI)

UK Biobank

AUC (95% CI)

CA 0.837 (0.828–0.846) 0.707 (0.703–0.711)

CA + Covariates 0.848 (0.840–0.857) 0.744 (0.740–0.748)

CA+ Covariates + PRS 0.848 (0.841–0.857) 0.744 (0.740–0.748)

Full model: CA+ Covariates + PRS+BA
measures

0.936 (0.931–0.942) 0.762 (0.758–0.766)

Full model (repeated CV; mean ± SD across
repeats)

0.936 ± 0.020 0.762 ± 0.015

P-values (Full model vs CA) 1.50×10⁻153 4.81×10⁻252

Area under the receiver operating characteristic curve (AUC) with 95% confidence intervals (CIs) was
estimated from 10-fold cross-validated out-of-fold predictions generated using CV.SuperLearner
(binomial family) within each cohort. The full model included chronological age (CA), standardized
polygenic risk score (PRS), age-adjusted PhenoAge residual, frailty index (FI), and telomere length,
plus cohort-available covariates (TwinGene: sex, body mass index [BMI], smoking status, education
years, and top 10 genetic principal components; UK Biobank: sex, BMI, smoking status, alcohol
intake, education, and top 10 genetic principal components). Model comparisons versus CA used
paired DeLong tests within cohort based on the out-of-fold predictions. To assess stability of the full
model, the 10-fold cross-validation (CV) procedure was repeated 10 times using different random
fold assignments, and the mean ± SD AUC across repeats is reported. P-values refer to the
comparison of AUC between the full model and the CA-only model within each cohort.

Time-to-event associations were evaluated using Cox proportional hazards models in TwinGene and
UKB, using time-since-baseline as the primary timescale and then age-as-timescale sensitivity analyses.
In univariate time-since-baseline models, CA was strongly associated with mortality (TwinGene HR = 
1.150, 95% CI 1.144–1.155; UKB HR = 1.102, 95% CI 1.100–1.105). Age-adjusted biological age
estimates were also positively associated with mortality, including PhenoAge residual (TwinGene HR = 
1.305, 95% CI 1.297–1.312; UKB HR = 1.077, 95% CI 1.075–1.080), KDM residual (TwinGene HR = 1.156,
95% CI 1.151–1.161; UKB HR = 1.070, 95% CI 1.067–1.074), and HD residual (TwinGene HR = 1.300, 95%
CI 1.267–1.334; UKB HR = 1.204, 95% CI 1.189–1.220). Frailty index predicted higher risk (TwinGene HR 
= 1.329, 95% CI 1.263–1.398; UKB HR = 2.990, 95% CI 2.840–3.148), while longer telomere length was
inversely associated with mortality (TwinGene HR = 0.662, 95% CI 0.617–0.711; UKB HR = 0.179, 95% CI
0.156–0.204). PRS was not significantly associated with mortality in either cohort (TwinGene HR = 
0.996, 95% CI 0.962–1.032; UKB HR = 0.999, 95% CI 0.993–1.026).

In multivariable time-since-baseline models adjusting for cohort-available covariates (TwinGene: sex,
BMI, smoking, education; UKB: sex, BMI, smoking, alcohol, education) and including CA, PhenoAge
residual remained independently associated with mortality in both cohorts (TwinGene HR = 1.263, 95% CI
1.255–1.271; UKB HR = 1.059, 95% CI 1.056–1.062), whereas PRS remained null (TwinGene HR = 0.991,
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95% CI 0.957–1.026; UKB HR = 1.008, 95% CI 0.991–1.024). Frailty index and telomere length attenuated
substantially in TwinGene after adjustment (Frailty Index HR = 1.012, 95% CI 0.962–1.065; Telomere
Length HR = 0.975, 95% CI 0.878–1.083) but remained associated in UKB (Frailty Index HR = 1.739, 95%
CI 1.646–1.838; Telomere Length HR = 0.684, 95% CI 0.597–0.782). Discrimination was high in
TwinGene and moderate in UKB (C-index 0.913 [bootstrap 95% CI 0.908–0.917] and 0.749 [0.744–0.752],
respectively) (Fig. 5A). Proportional hazards diagnostics indicated departures from proportionality
(global tests P < 2×10⁻¹⁶ in both cohorts), so sensitivity analyses were performed: excluding early deaths
in UKB (first 2 years) yielded very similar estimates (Frailty Index HR = 1.694; Telomere Length HR = 
0.652; concordance 0.748). Using age as the timescale (left-truncated start–stop Cox; CA not included
as a covariate) supported the same overall conclusions: PhenoAge residual remained strongly
associated with mortality (TwinGene univariate HR = 1.148; multivariable HR = 1.147; UKB univariate HR 
= 1.080; multivariable HR = 1.063), PRS showed at most weak evidence (TwinGene univariate HR = 0.962,
P = 0.034 but multivariable HR = 0.972, P = 0.277; UKB univariate HR = 1.002, P = 0.157 and multivariable
HR = 1.014, P = 0.098), and frailty index remained associated (TwinGene univariate HR = 1.183; UKB
multivariable HR = 1.676). In these age-timescale multivariable models, telomere length attenuated
toward the null (TwinGene HR = 1.109, P = 0.139; UKB HR = 0.877, P = 0.054), and discrimination
decreased as expected when age is absorbed into the baseline hazard (C-index 0.841 in TwinGene; 0.657
in UKB) (Fig. 5B).

Subgroup and interaction analyses
The comparative analysis of predictor performance for mortality across varying age groups and follow-
up periods in the TwinGene and UKB cohorts showed a consistent ranking of predictors across age
strata (< 50, 50–60, > 60 years), with PhenoAge showing the highest discrimination at each follow-up
horizon (TwinGene AUC 0.978, 0.979, and 0.953 at 5, 10, and 15 years; UKB AUC 0.651, 0.632, and 0.544,
respectively). KDM was the next-best discriminator, particularly in TwinGene (AUC 0.922, 0.885, 0.814),
whereas PRS showed minimal predictive capacity in both cohorts (AUC ~ 0.50 across horizons). The
predictive utility of HD, FI, and telomere length was more modest, with generally lower AUCs than
PhenoAge and KDM. Predictor performance declined with longer follow-up in UKB across most
measures (e.g., PhenoAge 0.651→0.544; KDM 0.617→0.558), due to the median length of follow-up
being less than 12 years (Fig S1).

In the TwinGene, statistical analysis testing BA-by-BMI interactions showed statistically significant
interactions for PhenoAge (P = 0.0007) and HD (P < 0.001) with BMI, whereas interactions for KDM, FI,
telomere length, and PRS were not significant. In contrast, in UKB, BMI interactions were significant for
PhenoAge, KDM, HD, and FI (all P < 0.001) but not for PRS (P = 0.086) or telomere length (P = 0.301) (Fig
S2).

Sex-differences were observed for PhenoAge, KDM, and HD in mortality prediction in the TwinGene
(PhenoAge P = 0.011, KDM P = 0.041, HD P = 0.029), while FI, telomere length, and PRS were not



Page 9/25

significant. In UKB, sex interactions were significant for PhenoAge, KDM, HD, and FI (all P < 0.001) and
for telomere length (P = 0.020), but not for PRS (P = 0.635) (Fig S2).

There was a significant effect of smoking status on mortality prediction for several BA measures in both
cohorts. In the TwinGene, only PhenoAge showed evidence of interaction with smoking (P = 0.003),
whereas KDM, HD, FI, telomere length, and PRS were not significant. In UKB, smoking interactions were
significant for PhenoAge, KDM, HD, and FI (all P < 0.001) and telomere length (P = 0.030), but not PRS (P 
= 0.764) (Fig S2).

In the TwinGene, significant interactions were found between education years and PRS (P = 0.035),
PhenoAge (P = 0.022), and telomere length (P = 0.035), whereas KDM, HD, and FI were not significant. In
UKB, education interactions were observed for PRS (P = 0.046), PhenoAge (P = 0.018), and telomere
length (P = 0.041), while KDM (P = 0.101), HD (P = 0.193), and FI (P = 0.098) did not reach significance
(Fig S2).

Discussion
This multicohort study demonstrates that clinically accessible biological aging (BA) measures capture
meaningful mortality risk information beyond chronological age (5, 13), and that a biomarker-based
biological age estimate (PhenoAge) is consistently the strongest individual BA predictor across cohorts
(1, 5). Our results reinforce that CA remains an essential benchmark, but also show that BA metrics
capture complementary physiological information beyond CA, supporting their use in enhanced risk
stratification frameworks (1, 5, 13). Importantly, our findings also underscore the limited incremental
value of the specific longevity/healthspan PRS evaluated here for near-term mortality discrimination in
these cohorts, emphasizing that genetic predisposition alone is insufficient to represent the dynamic,
multi-system processes that shape mortality risk (11, 14–16).

PhenoAge consistently outperformed other BA markers in both cohorts, aligning with prior work showing
that composite clinical-aging measures integrating multi-organ physiology often provide the strongest
mortality signal (1, 5, 13). In TwinGene, PhenoAge achieved the highest discrimination among all
evaluated predictors and remained strong across follow-up horizons, indicating that it captures system-
level dysregulation relevant to both short- and longer-term mortality risk (1, 5, 17). In UKB, CA showed the
highest univariate AUC, which is expected given the broader baseline age range and strong age-gradient
in mortality risk (18), yet PhenoAge remained the strongest BA measure and contributed to improved
discrimination when combined with other predictors. This clarifies that “PhenoAge is strongest” refers to
the strongest BA measure, whereas “CA is strongest in UKB” refers to the strongest overall univariate
predictor in that cohort.

Across BA measures, KDM showed the next strongest performance (especially in TwinGene), while HD,
FI, and telomere length showed more modest and cohort-variable discrimination, consistent with the
idea that these measures reflect different aging domains (e.g., homeostatic deviation, deficit
accumulation, and cellular replicative biology) that do not always map linearly onto mortality risk in the



Page 10/25

same way as composite clinical-aging indices (2, 17, 19, 20). In contrast, the mvAge-based PRS showed
minimal discriminative power across analyses. This likely reflects a combination of (i) modest effect
sizes of common variants, (ii) the distal relationship between inherited risk and near-term mortality
events, and (iii) the reality that downstream exposures and physiology may dominate mortality risk
trajectories, particularly in later life (11, 15, 16).

In multivariable prediction, integrating CA with BA measures and PRS improved model performance
most clearly in TwinGene, supporting the concept that combining complementary biological signals can
yield better discrimination than any single domain alone (21, 22). The comparatively smaller incremental
gain in UKB is consistent with distribution shift (age structure, healthy volunteer bias, and follow-up
structure) and the strong baseline predictive value of CA in that cohort (18, 23). These findings support
the use of ensemble approaches (e.g., stacking) to integrate heterogeneous predictors, while also
underscoring that the magnitude of benefit from BA integration is cohort-dependent and should be
evaluated in the target population prior to clinical translation (24–26).

Sensitivity analyses across baseline age strata and fixed follow-up horizons (5/10/15 years) showed that
the relative ranking of predictors was stable: PhenoAge remained strongest among BA measures, PRS
remained weakest, and discrimination for several predictors attenuated with longer horizons, particularly
in UKB, consistent with reduced effective sample size at longer follow-up and the cohort’s shorter
median follow-up (27). These results emphasize that prediction performance depends on the intended
risk horizon, and that reporting horizon-specific discrimination improves interpretability for both clinical
and public-health contexts (26, 27).

We also observed systematic effect modification by lifestyle and sociodemographic factors, with
multiple BA-by-modifier interactions reaching statistical significance (1, 5, 13). In UKB, interaction
evidence was especially strong for BA measures with BMI, sex, and smoking, while PRS and telomere
length generally showed weaker and less consistent interaction signals. In TwinGene, interaction
evidence was more selective. These findings support the conceptualization of BA measures as
“exposure-sensitive” indicators, reflecting the cumulative physiological imprint of modifiable risk factors.
At the same time, we interpret interaction P-values as primarily inferential/etiologic signals rather than
direct evidence of clinically actionable subgroup thresholds and emphasize that future work should
quantify interaction effect sizes and clinical utility metrics (e.g., risk reclassification and decision-curve
analysis) before implementation (21, 24).

Key strengths include the two-cohort design (discovery + independent replication), large sample size
(especially in UKB), long mortality follow-up in TwinGene, head-to-head comparison of multiple BA
constructs and PRS, and complementary evaluation using both discrimination and time-to-event
modeling (26). Limitations include restriction to European ancestry (28), potential cohort differences in
biomarker availability and measurement, and the observational nature of the analysis (no causal
inference) (24, 25). In addition, we could not benchmark against some newer clinically oriented
biological-age algorithms (e.g., GOLD BioAge) because required biomarkers (e.g., albumin, alkaline
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phosphatase, γ-glutamyl transferase, and complete blood count indices) were not available consistently
across cohorts, preventing harmonized computation and comparison. Additionally, prediction
performance may not transfer directly to settings with different baseline risk, lab platforms, or follow-up
structure, highlighting the need for external validation in more diverse populations and clinical contexts.

In conclusion, clinically accessible BA measures, particularly the biomarker-based biological age
estimate PhenoAge, provide strong and reproducible information for mortality prediction beyond
chronological age, whereas the evaluated aging-related polygenic risk score adds little incremental
value. These findings support continued development and validation of practical BA measures for risk
stratification, with emphasis on transportability, harmonized computation, and clinical utility evaluation.

Materials and Methods
Study population

In this multicohort study, the Swedish TwinGene cohort, a sub-cohort derived from the Swedish Twin
Registry, served as the discovery cohort. TwinGene is a population-based study that collected blood
samples from 12,648 older Swedish twins between 2004 and 2008 (mean age 64.8 years [SD 7.9], 53%
women), with a median follow-up of 16.5 years (IQR 15.2–17.3). For the present analyses, we used
complete-case datasets defined separately for (i) biomarker-based aging measures, (ii) genetic data
used for PRS, and (iii) the fully integrated set used for head-to-head model comparisons (see
“Missingness and analysis sets”).

The UK Biobank (UKB) was used as the replication cohort. UKB is a population-based longitudinal study
including ~500,000 individuals aged 37 to 73 years (mean age 56.7 years; 53% women), recruited across
the UK between 2006 and 2010, with a median follow-up of 11.83 years (IQR 11.15–12.49). Participants
were excluded if they had withdrawn consent (per the most recent UKB withdrawal list), lacked required
genotypes for PRS construction, or had missingness in variables required for the relevant analysis set
(29, 30). Therefore, the primary analyses were based on complete-case integrated datasets for genetic
data and biological aging measures.

Although UKB has a substantially larger sample size, TwinGene was selected as the discovery cohort
due to its longer follow-up duration and higher mortality rate, which improves power for time-to-event
analyses. The study plan for participant selection in both cohorts is shown in Fig 1.

Ethics statement 

The TwinGene study was approved by the Regional Ethics Review Board, Stockholm, Sweden and all
participants have given their informed consent. The UK Biobank study was approved by the North West
Multi-Centre Research Ethics Committee. Ethical approval for the study was granted by the Swedish
Ethical Review Authority (Dnr. 2022-06634-01). All participants provided written informed consent. We
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obtained fully de-identified data. Our study adheres to the tenets of the Declaration of Helsinki. This
study followed the STROBE reporting guideline for observational studies.     

Discovery cohort (TwinGene)

Genetic data: In TwinGene, genomic DNA from 9,896 participants was genotyped at Uppsala University
using the Illumina HumanOmniExpress arrays (31). The sample included all dizygotic (DZ) twins and one
twin from each monozygotic (MZ) twin pair to avoid redundancy. Individuals with DNA concentrations
<20 ng/μL and a subset of 302 female MZ twin pairs previously included in a genome-wide association
study were excluded. After quality control (QC), genotyping was successfully completed for 9,836
individuals. QC measures included the exclusion of SNPs with call rate ≤97%, minor allele frequency <1%,
or Hardy–Weinberg equilibrium deviation (P ≤1×10⁻⁷). Samples were excluded if genotyping success rate
was <97%, sex discrepancies were detected, heterozygosity was abnormal (>3 SD from the mean), or
cryptic relatedness was identified. No genotype imputation was performed in TwinGene; all analyses
used directly genotyped SNPs (32). 

Biological aging measures: We included 9,617 TwinGene participants with complete data to compute
three biological age estimates: Klemera–Doubal method (KDM) (2), PhenoAge (1), and homeostatic
dysregulation (HD) (33). These measures were calculated using eight clinical biomarkers available in
TwinGene: serum glucose (log-transformed; mmol/L), HbA1c (log-transformed), creatinine (log-
transformed; µmol/L), cystatin C (mg/L), triglycerides (log-transformed; mg/dL), total cholesterol
(mg/dL), LDL cholesterol (mg/dL), and HDL cholesterol (mg/dL), using the BioAge R package (34). KDM,
PhenoAge, and HD were implemented using established BioAge package procedures; biomarkers were
selected based on availability and low missingness (≤20%), and correlation with chronological age (|r| >
0.1). KDM represents the age at which an individual’s physiology corresponds to the average physiology
in the reference population; PhenoAge is derived from a mortality score; and HD quantifies physiological
deviation using Mahalanobis distance. Age-adjusted residuals of biological age estimates were created
within each cohort by regressing each BA estimate on chronological age and retaining the residuals
(“PhenoAge residual”, “KDM residual”, “HD residual”). In addition, the frailty index (FI) was calculated
according to the Rockwood deficit accumulation model (19) and validated in TwinGene (35). To
harmonize FI scaling across cohorts and improve numerical stability, we used a log-transformed FI.
Adjusted telomere length (TL) was also included  (36, 37). After harmonizing and integrating QC’ed
genetic data with complete BA measures, FI, TL, and covariates, 9,617 TwinGene participants were
retained for the primary integrated analyses. The distribution of clinical biomarkers is shown in Fig S3.

Outcome definition: The primary outcome was all-cause mortality. Time-to-event was defined as the
interval from baseline assessment to death from any cause or censoring at end of follow-up, which
concluded on February 1, 2024, in TwinGene. Deaths were identified through linkage to national
registers.

Covariates: We included age at baseline, sex, body mass index (BMI), smoking status, education, and the
top 10 principal components of genetic data in our analysis to adjust for potential confounding factors in
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the TwinGene.   

Replication cohort (UK Biobank)

Genetic data: This study used the extensive genetic resources of the UKB, incorporating imputed dosage
data from 276,566 unrelated individuals of White British/European ancestry and approximately 96 million
genetic variants (38). Quality control included excluding variants with minor allele frequency <1%,
imputation info score <0.8, and deviation from Hardy–Weinberg equilibrium (P<1×10⁻¹⁰). Analyses were
restricted to participants passing UKB sample QC and included in the primary integrated dataset after
intersecting genotype availability with complete phenotype/covariate requirements (see “Missingness
and analysis sets”).

Biological aging: To calculate BA measures, we used 331,699 UKB participants with complete 18-
biomarker inputs required by the BA algorithms (as previously described) (6). We computed KDM (2),
PhenoAge (1), and HD (33) using the BioAge R package (34). Details on the calculation and
interpretation of these measures have been described previously (39). In addition, FI was calculated
according to the Rockwood deficit accumulation model (19) and validated for the UKB (40). We used
relative leucocyte telomere length (TL), provided as an adjusted T/S ratio correcting for technical
parameters in the UKB (41). Age-adjusted residuals (“PhenoAge residual”, “KDM residual”, “HD residual”)
were derived within UKB by regressing each measure on chronological age. After integrating BA
measures with genetic data and UKB’s covariates, a total of 179,504 UKB participants were included for
primary analyses.

Outcome definition: Time-to-event was defined as the interval from baseline assessment to all-cause
mortality or censoring at end of follow-up on December 30, 2022, in UKB. Deaths were identified through
linked national death registries.

Covariates: UKB’s covariates included baseline age, sex, BMI, alcohol consumption, smoking status,
education, and the top 10 genetic principal components. Follow-up length was not entered as a covariate
in Cox models; instead, fixed follow-up horizons (5/10/15 years) were used to define subgroup
performance analyses. 

Polygenic risk scores

We constructed polygenic risk scores (PRS) for aging-related traits using GWAS summary statistics from
Rosoff et al. (2023) “mvAge”, a multivariate GWAS meta-analysis combining healthspan, lifespan,
extreme longevity, frailty, and epigenetic age acceleration traits (~1.9 million participants of European
ancestry) (11). We applied clumping and thresholding (C+T) in PLINK using an LD threshold r²=0.3, a P-
value threshold of 1×10⁻⁵, and a 250 kb clumping window. Thresholds were chosen to balance SNP
inclusion and predictive power; more stringent thresholds (r² = 0.1, P < 5×10-⁸) resulted in fewer variants
and similarly low predictive performance. The PRS was calculated as the weighted sum of risk alleles
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using GWAS effect sizes (42, 43). A full list of SNPs and weights is provided in Table S1. PRS was
standardized within cohort prior to modeling.

Missingness and analysis sets

We defined predictor-specific available-case sets for descriptive/univariate analyses and a primary
complete-case integrated set for head-to-head model comparisons.

TwinGene: genotype data were available for 9,896 participants (9,836 after QC). The primary
integrated analysis set included participants with complete data for BA measures
(PhenoAge/KDM/HD), FI, TL, PRS, covariates, and survival outcome (n=9,617).

UK Biobank: BA measures were computed among participants with complete inputs for the
biomarker panel (as above), and the primary integrated set (n=179,504) was defined as the
intersection of high-quality genotypes (unrelated European ancestry), complete BA measures, FI, TL,
covariates, and survival outcome.

Statistical analysis

Variable scaling and transformations: To ensure comparability across predictors, continuous predictors
were standardized to cohort-specific z-scores (mean=0, SD=1) before analysis. Age-adjusted residuals of
biomarker-based biological age estimates (PhenoAge, KDM, and HD), leukocyte telomere length, and the
polygenic risk scores were standardized. The frailty index was log-transformed and then standardized. 

Univariate ROC and survival analyses: We assessed univariate mortality prediction using ROC AUC and
Cox proportional hazards models. For survival analyses, hazard ratios (HRs) are reported per 1 SD
increase in each standardized predictor, and model discrimination was summarized using Harrell’s C-
index. Subgroup AUCs were estimated within baseline age strata (<50, 50–60, >60 years) and within
fixed follow-up horizons (5, 10, 15 years). For each horizon, the outcome was defined as death occurring
within the horizon; participants were censored at the horizon for defining the binary endpoint used in
ROC analyses.

Multivariable Cox models and timescale specifications: Multivariable Cox proportional hazards models
were fitted in both cohorts including chronological age, PRS, PhenoAge residual, FI, and telomere length
(and cohort-available covariates). Two timescale specifications were considered: (1) Primary models:
time since baseline was used as the underlying timescale, with chronological age included as a
covariate. (2) Sensitivity models: attained age was used as the underlying timescale in a left-truncated
start–stop framework; chronological age was therefore not included as a covariate in these age-
timescale models. Proportional hazards assumptions were evaluated using Schoenfeld residual
diagnostics; when evidence of time-varying effects was observed, sensitivity analyses (including
excluding early deaths) were performed. 
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Multivariable ensemble risk prediction: To integrate predictors into a single mortality prediction model,
we used an ensemble approach implemented in CV.SuperLearner with 10-fold cross-validated out-of-fold
predictions (44). We compared an age-only model (chronological age) versus a full model including
chronological age, covariates, standardized PRS, and biological aging measures (PhenoAge residual, FI,
TL). Discrimination was summarized using cross-validated AUC with DeLong 95% CIs, and calibration
was assessed using grouped calibration plots and summary calibration statistics.

Interaction and effect-modification analyses: Effect modification by BMI, sex, smoking status, and
education was evaluated by fitting regression models that included the main effects of each modifier
and predictor and their interaction term, adjusting for cohort covariates. Interaction evidence is
summarized as P-values for the interaction term (Wald and likelihood ratio tests), visualized as
−log10(P). 

Contemporary comparator algorithms: We evaluated the feasibility of computing newer clinically
oriented biological-age algorithms (e.g., GOLD BioAge). GOLD BioAge requires biomarkers including
albumin, alkaline phosphatase, complete blood count indices, and γ-glutamyl transferase. These inputs
were unavailable in the TwinGene analytic dataset and were not available consistently in the UKB
analytic dataset used for head-to-head comparisons; therefore, GOLD BioAge was not computed.

Software and reproducibility: Analyses were performed in R, using packages including
survival/survminer for survival modeling (45), pROC for ROC curves, ggplot2 for visualization, timeROC
for time-dependent ROC where applicable, and SuperLearner for ensemble prediction (46-49). PRS was
computed using PLINK (C+T). All analysis code is available on GitHub
(https://github.com/shayanmostafaei/Biological-Aging-and-PRS-for-Mortality-Prediction).  
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Figure 1

Study design and analytic sample construction in TwinGene and UK Biobank. TwinGene served as the
discovery cohort and UK Biobank (UKB) as the external validation cohort. Boxes summarize recruitment
periods, baseline age, follow-up, and cumulative mortality. For TwinGene, participants with genotype data
passing quality control were eligible and the final analytic set (n=9,617) included individuals with
complete data on biological aging biomarkers, frailty index (FI), telomere length (TL), polygenic risk score
(PRS), and covariates. For UKB, the final analytic set (n=179,504) was defined as the intersection of
unrelated European-ancestry participants with high-quality genotypes and participants with complete
biomarker data required to compute BA measures, plus FI, TL, PRS, and covariates. Biomarker-based
biological age estimates (PhenoAge, KDM, and HD) were analyzed primarily as age-adjusted residuals
(PhenoAge_res, KDM_res, HD_res) to capture age-independent variation when models included
chronological age. Cohort-specific covariates are listed in the bottom panels. Abbreviations: UKB, UK
Biobank; BA, biological age estimates; PhenoAge, phenotypic age; KDM, Klemera–Doubal method; HD,
homeostatic dysregulation; FI, frailty index; TL, telomere length; PRS, polygenic risk score; PCs, principal
components.
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Figure 2

2A.

Correlations among aging measures in the Swedish TwinGene cohort. Scatterplot matrix of polygenic
risk scores (PRS), chronological age (CA), Phenotypic Age (PhenoAge), Klemera–Doubal method (KDM),
homeostatic dysregulation (HD), frailty index (FI), and adjusted telomere length (TL) in TwinGene
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(n=9,617). The lower triangle shows pairwise scatterplots; the upper triangle shows Pearson correlation
coefficients (r), color-coded by direction and magnitude (red positive, blue negative).

Fig 2B.

Correlations among aging measures in the UK Biobank cohort. Scatterplot matrix of polygenic risk
scores (PRS), chronological age (CA), Phenotypic Age (PhenoAge), Klemera–Doubal method (KDM),
homeostatic dysregulation (HD), frailty index (FI), and adjusted telomere length (TL) in UK Biobank
(n=179,504). The lower triangle shows pairwise scatterplots; the upper triangle shows Pearson
correlation coefficients (r), color-coded by direction and magnitude.

Figure 3

Univariate discrimination of aging and genetic predictors for all-cause mortality in TwinGene and UK
Biobank. Forest plot showing the area under the receiver operating characteristic curve (AUC) with 95%
confidence intervals for each univariate predictor in TwinGene (n=9,617) and UK Biobank (n=179,504).
Biomarker-based biological age estimates are shown as age-adjusted residuals (PhenoAge_res,
KDM_res, HD_res), calculated within each cohort as residuals from linear regressions on chronological
age (BA ~ CA). PRS was standardized within cohort (PRS_Z). Confidence intervals were computed using
DeLong’s method.
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Figure 4

Discrimination and calibration of the age-only and full multivariable models for all-cause mortality in
TwinGene and UK Biobank. Top row: ROC curves comparing the chronological age (CA) model versus
the full model in TwinGene and UK Biobank. Curves are based on 10-fold cross-validated out-of-fold
predictions from CV.SuperLearner; AUCs with 95% confidence intervals (DeLong) are shown in each
panel. Bottom row: calibration plots for the full model in TwinGene and UK Biobank, showing observed
versus predicted mortality risk across grouped predicted-risk bins (e.g., deciles); the dashed diagonal
indicates ideal calibration. The full model corresponds to the final ladder model includes CA, covariates,
standardized PRS, and biological aging measures (PhenoAge residual, frailty index, and telomere length).
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Figure 5

A.

Multivariable Cox hazard ratios for all-cause mortality (time-since-baseline as timescale) in TwinGene
and UK Biobank.

Forest plot shows adjusted hazard ratios (HRs) with 95% confidence intervals (CIs) from multivariable
Cox proportional hazards models using time since baseline as the underlying timescale. Models
included chronological age, standardized polygenic risk score, PhenoAge residual (age-adjusted), frailty
index, and telomere length, with additional cohort-available covariates (TwinGene: sex, BMI, smoking,
education; UK Biobank: sex, BMI, smoking, alcohol, education). Points indicate HRs and horizontal bars
indicate 95% CIs; the dashed vertical line denotes HR=1. Model discrimination is summarized by Harrell’s
C-index (TwinGene 0.913; UK Biobank 0.749).

Fig 5B.

Multivariable Cox hazard ratios for all-cause mortality using age as the timescale in TwinGene and UK
Biobank.

Forest plot shows adjusted hazard ratios (HRs) with 95% confidence intervals (CIs) from Cox models
using attained age as the underlying timescale (start–stop specification). Because age is the timescale,
chronological age is not included as a predictor in these models. Predictors included standardized PRS,
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PhenoAge residual (age-adjusted), frailty index, telomere length, and cohort-available covariates
(TwinGene: sex, BMI, smoking, education; UK Biobank: sex, BMI, smoking, alcohol, education). Points
indicate HRs and horizontal bars indicate 95% CIs; the dashed vertical line denotes HR=1. Model
discrimination is summarized by Harrell’s C-index (TwinGene 0.841; UK Biobank 0.657).
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