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Abstract
Biological aging measures may improve mortality prediction beyond chronological age and conventional
risk factors. We evaluated PhenoAge, the Klemera–Doubal method (KDM), homeostatic dysregulation
(HD), frailty index (FI), and leukocyte telomere length (TL) in TwinGene (n = 9,617) and UK Biobank (UKB;
n = 314,064). Separate multivariable Cox models evaluated each biological aging measure, adjusting for
age, sex, body mass index, smoking, and education, with twin-pair-clustered robust variance estimation
in TwinGene. Per 1-SD increase, mortality HRs for age-adjusted PhenoAge and KDM residuals, log HD,
and FI ranged from 1.11–1.27 in TwinGene and 1.24–1.40 in UKB; TL HRs were 0.96 (95% CI: 0.93–0.99)
and 0.94 (0.92–0.95), respectively. In 10-fold cross-validation, Cox prediction models adding PhenoAge
residual, FI, and TL to the conventional model increased Harrell’s C-index from 0.780 to 0.787 in
TwinGene and from 0.720 to 0.746 in UKB. Incremental prognostic gains were larger in UKB.

Introduction
Chronological age is one of the strongest predictors of morbidity and mortality, yet people of the same
age can differ markedly in physiological function, disease burden, and survival. Biological aging
measures have been developed to capture this inter-individual heterogeneity by quantifying age-related
changes in physiological or molecular systems that are not fully represented by chronological age alone
1–3. Among the most widely used approaches are clinical biomarker-based algorithms such as
PhenoAge, the Klemera–Doubal method (KDM), and homeostatic dysregulation (HD), which integrate
information across multiple physiological domains 2–6. Other aging-related measures capture
complementary dimensions of the aging process, including the frailty index (FI), which quantifies
accumulated health deficits, and leukocyte telomere length (TL), a marker of cellular replicative history
7–9. Previous studies have linked accelerated biological aging to morbidity, functional decline, and
mortality, supporting the potential value of these measures for identifying differences in health risk
among individuals of similar chronological age 3,10,11.

For biological aging measures to contribute meaningfully to mortality-risk assessment, however,
association with mortality alone is insufficient. A useful measure should provide prognostic information
beyond that already captured by chronological age and established risk factors, and its predictive
contribution should be evaluated across populations with different characteristics and measurement
settings. This is particularly relevant for clinical biomarker-based aging algorithms because their
implementation can depend on the biomarkers available in a given cohort. PhenoAge, KDM, and HD can
be parameterized using different biomarker panels, and previous work has shown that biological aging
measures derived from different physiological or molecular domains should not necessarily be regarded
as interchangeable 6,12. Differences in population age structure, follow-up, biomarker availability, and
laboratory measurement may therefore influence observed associations and predictive performance.
Demonstrating consistent incremental prognostic information across heterogeneous cohort settings
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would provide stronger evidence that biological aging measures capture mortality-relevant variation
rather than cohort-specific measurement characteristics.

In this study, we investigated whether commonly used biological aging measures provide prognostic
information for all-cause mortality beyond chronological age and conventional risk factors in TwinGene
and UK Biobank (UKB). We evaluated three clinical biomarker-based measures—PhenoAge, KDM, and HD
—together with FI and TL as complementary indicators of biological aging. We applied a harmonized
analytical framework independently in both cohorts to assess the consistency of findings across distinct
populations and biomarker implementations. We examined each measure’s association with all-cause
mortality in a separate covariate-adjusted Cox model and evaluated the incremental contribution of
PhenoAge residual, FI, and TL jointly to mortality prediction using survival-based measures of
discrimination, prediction error, and calibration. We further evaluated whether associations varied by key
demographic and lifestyle factors and assessed robustness in sensitivity analyses. This framework
allowed us to assess whether mortality-relevant biological aging signals were consistent across cohort-
specific implementations while quantifying their incremental prognostic value beyond conventional risk
factors.

Results

Cohort characteristics and follow-up
The harmonized analytic samples included 9,617 participants in TwinGene and 314,064 in UKB (Fig. 1).
TwinGene participants were older at baseline (64.77 ± 8.01 years) than UKB participants (56.39 ± 8.09
years), while the proportion of men was similar (47.3% vs 45.9%). Median follow-up was 16.76 years
(IQR: 15.27–17.30) in TwinGene and 13.79 years (IQR: 13.10–14.45) in UKB. Mean body mass index
(BMI) was 24.96 ± 3.28 kg/m² and 27.34 ± 4.70 kg/m², respectively, and high/intermediate education was
more frequent in UKB (83.5%) than in TwinGene (56.6%). Ever smoking was recorded for 56.9% of
TwinGene and 44.9% of UKB participants.

The raw biomarker-based aging measures also showed distinct cohort distributions. Mean PhenoAge
was 56.30 ± 9.07 years in TwinGene and 47.65 ± 10.03 years in UKB, while mean KDM was 56.29 ± 8.15
and 54.12 ± 9.43 years, respectively. Mean HD was 2.72 ± 1.00 in TwinGene and 2.25 ± 1.00 in UKB,
whereas mean FI values were similar (0.12 ± 0.08 and 0.12 ± 0.07, respectively). During follow-up, 3,090
deaths (32.1%) occurred in TwinGene and 25,084 deaths (8.0%) in UKB. TwinGene comprised 6,466
unique twin-pair identifiers, including 3,151 complete pairs corresponding to 6,302 participants (65.5% of
the analytic sample); this within-pair structure was accounted for in subsequent survival analyses and
cross-validation (Table 1).
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Table 1
Baseline characteristics and biological aging measures in the harmonized TwinGene and UK Biobank

analytic cohorts
Characteristics TwinGene UK Biobank

Participants, n 9,617 314,064

Deaths, n (%) 3,090 (32.1%) 25,084 (8.0%)

Follow-up, years, median [IQR] 16.76 [15.27, 17.30] 13.79 [13.10, 14.45]

Age at baseline, years 64.77 ± 8.01 56.39 ± 8.09

Male sex, n (%) 4,548 (47.3%) 144,249 (45.9%)

Body mass index, kg/m2 24.96 ± 3.28 27.34 ± 4.70

Ever smoker, n (%) 5,472 (56.9%) 140,903 (44.9%)

High/intermediate education, n (%) 5,443 (56.6%) 262,279 (83.5%)

PhenoAge, years 56.30 ± 9.07 47.65 ± 10.03

Klemera-Doubal Method, years 56.29 ± 8.15 54.12 ± 9.43

Homeostatic dysregulation 2.72 ± 1.00 2.25 ± 1.00

Frailty index 0.12 ± 0.08 0.12 ± 0.07

Telomere length 0.04 ± 0.34 0.83 ± 0.13

Values are mean ± SD, median [IQR], or n (%), as appropriate. Smoking was harmonized as ever
versus never smoking. High/intermediate education was defined as ≥ 10 years of education in
TwinGene and as the combined intermediate and high qualification categories in UKB. PhenoAge,
KDM, and HD are shown on their original cohort-specific scales for descriptive purposes. Frailty index
is reported as a deficit-accumulation proportion, and telomere length as the cohort-specific adjusted
leukocyte telomere length measure. For mortality analyses, PhenoAge and KDM were residualized on
chronological age using natural splines, homeostatic dysregulation was log-transformed, and all
aging measures were standardized within cohort. TwinGene pair dependence was accounted for in
subsequent inferential analyses.

Correlations among biological aging measures
Correlations among the aging measures ranged from weak to strong in both cohorts (Fig. 2A, B).
Chronological age was strongly correlated with raw PhenoAge and raw KDM in TwinGene (r = 0.95 and
0.86, respectively) and UKB (r = 0.85 for both).

Raw PhenoAge and raw KDM were also strongly correlated with each other (r = 0.86 in TwinGene and
0.90 in UKB). Correlations of raw HD with raw PhenoAge and raw KDM were weak in TwinGene (r = 0.19
for both) and stronger in UKB (r = 0.30 and 0.46, respectively). FI showed generally weak correlations
with the biomarker-based aging measures, whereas cohort-specific adjusted TL was weakly inversely
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correlated with chronological age, raw PhenoAge, and raw KDM in both cohorts (r ≈ − 0.15 to − 0.13 in
TwinGene and − 0.19 to − 0.17 in UKB).

Biological aging measures and all-cause mortality
Each of the five biological aging measures was associated with all-cause mortality in a separate Cox
model adjusted for chronological age, sex, BMI, smoking, and education (Table 2; Fig. 3). The biological
aging measures were not mutually adjusted. HRs and 95% CIs are reported per 1-SD higher measure,
using age-adjusted residuals for PhenoAge and KDM and log-transformed HD. TwinGene models
additionally used twin-pair-clustered robust variance estimation.

Table 2
Adjusted associations of biological aging measures with all-cause mortality in TwinGene and UK

Biobank
Biological
aging
measure

TwinGene
HR (95%
CI)

P FDR-
adjusted P

UKB
HR
(95%
CI)

P FDR-
adjusted P

PhenoAge
residual

1.21
(1.18–
1.25)

1.56×10⁻³¹ 3.89×10⁻³¹ 1.40
(1.38–
1.42)

< 1×10⁻³⁰⁰ < 1×10⁻³⁰⁰

KDM residual 1.11
(1.07–
1.15)

9.30×10⁻¹⁰ 1.16×10⁻⁹ 1.37
(1.34–
1.39)

< 1×10⁻³⁰⁰ < 1×10⁻³⁰⁰

Homeostatic
dysregulation

1.27
(1.22–
1.32)

1.18×10⁻³⁵ 5.90×10⁻³⁵ 1.24
(1.22–
1.26)

1.24×10⁻¹³¹ 1.55×10⁻¹³¹

Frailty index 1.15
(1.11–
1.19)

4.46×10⁻¹⁵ 7.43×10⁻¹⁵ 1.26
(1.24–
1.28)

1.19×10⁻¹⁸⁴ 1.99×10⁻¹⁸⁴

Telomere
length

0.96
(0.93–
0.99)

0.025 0.025 0.94
(0.92–
0.95)

5.02×10⁻¹³ 5.02×10⁻¹³

Hazard ratios (HRs) are reported per 1-SD higher biological aging measure. Models were adjusted for
chronological age and body mass index using natural splines, together with sex, smoking, and
education. PhenoAge and KDM were residualized on chronological age using natural splines with 3
degrees of freedom; homeostatic dysregulation was log-transformed before standardization. Frailty
index and telomere length were standardized within cohort. TwinGene analyses included 9,617
participants and 3,090 deaths and used pair-clustered robust variance estimation; UK Biobank
analyses included 314,064 participants and 25,084 deaths. P-values were adjusted separately within
each cohort across the five prespecified biological aging measures using the Benjamini–Hochberg
false-discovery-rate procedure. KDM: Klemera-Doubal Method

In TwinGene, higher PhenoAge residual was associated with increased mortality risk (HR: 1.21, 95% CI:
1.18–1.25), as were KDM residual (HR: 1.11, 95% CI: 1.07–1.15), HD (HR: 1.27, 95% CI: 1.22–1.32), and
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FI (HR: 1.15, 95% CI: 1.11–1.19). Longer TL was associated with lower mortality risk (HR: 0.96, 95% CI:
0.93–0.99).

Associations were directionally consistent in UKB. Higher PhenoAge residual (HR: 1.40, 95% CI: 1.38–
1.42), KDM residual (HR: 1.37, 95% CI: 1.34–1.39), HD (HR: 1.24, 95% CI: 1.22–1.26), and FI (HR: 1.26,
95% CI: 1.24–1.28) were associated with higher mortality risk, whereas longer TL was inversely
associated with mortality (HR: 0.94, 95% CI: 0.92–0.95). All five associations remained significant after
FDR correction within each cohort.

Incremental mortality prediction beyond chronological age and
conventional risk factors
The biological aging-enhanced model jointly added PhenoAge residual, FI, and TL to the conventional
model containing chronological age, sex, BMI, smoking, and education (Table 3; Fig. 4). One clinical
biomarker-derived measure (PhenoAge residual) was combined with measures of deficit accumulation
and cellular aging to capture complementary domains. KDM residual and HD were evaluated separately
in association analyses and as alternatives to PhenoAge residual in sensitivity prediction models.
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Table 3
Cross-validated survival prediction performance in TwinGene and UK Biobank

Cohort Model Harrell C-
index (95%
CI)

5-year
AUC

10-year
AUC

5-year
Brier
score

10-year
Brier
score

TwinGene Age 0.768
(0.759–
0.777)

0.767 0.785 0.0406 0.0917

TwinGene Conventional 0.780
(0.771–
0.788)

0.782 0.797 0.0402 0.0900

TwinGene Conventional + 
BA

0.787
(0.779–
0.796)

0.793 0.805 0.0394 0.0877

UK Biobank Age 0.692
(0.688–
0.697)

0.667 0.688 0.0149 0.0410

UK Biobank Conventional 0.720
(0.715–
0.724)

0.700 0.720 0.0149 0.0405

UK Biobank Conventional + 
BA

0.746
(0.742–
0.751)

0.741 0.750 0.0147 0.0395

Prediction performance was estimated from 10-fold cross-validated out-of-fold predictions. The age
model included chronological age modeled using a natural spline with 4 degrees of freedom. The
conventional model additionally included sex, body mass index (BMI; modeled using a natural spline
with 3 degrees of freedom), smoking, and education. The conventional + biological aging (BA) model
further included PhenoAge residual, frailty index (FI), and telomere length (TL). PhenoAge
residualization and standardization of PhenoAge residual, FI, and TL were performed within each
training fold before application to held-out participants. In TwinGene, co-twins were retained within
the same cross-validation fold. Harrell C-index summarizes overall discrimination; AUC denotes time-
dependent area under the receiver operating characteristic curve; CI, confidence interval. Time-
dependent AUC and Brier scores were estimated at 5 and 10 years using censoring-aware methods.
Higher C-index and AUC and lower Brier scores indicate better predictive performance. Paired
differences between the conventional and conventional + BA models, with 95% CIs, are reported in
Supplementary Table S1.

In TwinGene, the Harrell’s C-index increased from 0.768 (95% CI: 0.759–0.777) for chronological age
alone to 0.780 (0.771–0.788) after addition of sex, BMI, smoking, and education, and to 0.787 (0.779–
0.796) after further addition of the biological aging measures (PhenoAge residual, FI, and TL). The
corresponding increase from the conventional model to the biological aging-enhanced model was ΔC = 
0.0073 (95% CI: 0.0052–0.0094). At 5 years, time-dependent AUC increased from 0.782 to 0.793 after
adding biological aging measures, and at 10 years from 0.797 to 0.805. Brier scores decreased from
0.0402 to 0.0394 at 5 years and from 0.0900 to 0.0877 at 10 years.

In UKB, the Harrell’s C-index increased from 0.692 (95% CI: 0.688–0.697) for chronological age alone to
0.720 (0.715–0.724) for the conventional model and to 0.746 (0.742–0.751) after addition of biological
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aging measures, corresponding to ΔC = 0.0263 (95% CI: 0.0240–0.0286) beyond conventional risk
factors. The 5-year AUC increased from 0.700 to 0.741, and the 10-year AUC from 0.720 to 0.750.
Corresponding Brier scores decreased from 0.0149 to 0.0147 at 5 years and from 0.0405 to 0.0395 at 10
years. Paired uncertainty analyses supported improvements in both time-dependent AUC and Brier score
at 5 and 10 years in both cohorts, with all corresponding 95% confidence intervals excluding zero
(Supplementary Table S1).

In sensitivity analyses, replacing PhenoAge residual with KDM residual or log-transformed HD while
retaining FI and TL also improved prediction beyond conventional risk factors. In TwinGene, the KDM-
and HD-based models yielded C-indices of 0.782 and 0.786, 5-year AUCs of 0.783 and 0.790, and 10-year
AUCs of 0.798 and 0.804, respectively. In UKB, the corresponding C-indices were 0.745 and 0.744, the 5-
year AUCs were 0.736 and 0.730, and the 10-year AUCs were 0.747 and 0.741. Among the three
evaluated enhanced models, the PhenoAge-based model had the highest discrimination and lowest
prediction error in UKB, whereas differences among the three biological aging-enhanced models were
smaller in TwinGene. Overall, the censoring-aware discrimination and prediction-error metrics
consistently indicated incremental prognostic information from the biological aging measures beyond
chronological age and conventional risk factors.

Calibration of the biological aging-enhanced model at 5 and 10 years in both cohorts is shown in Fig. 5.
In TwinGene, predicted mortality exceeded observed mortality in the highest-risk decile at 5 years
(21.79% versus 19.65%), whereas predicted and observed mortality were closer at 10 years (52.84%
versus 52.08%). The second-highest decile showed overprediction at 10 years (24.44% predicted versus
21.73% observed). In UKB, the highest-risk decile showed underprediction at both horizons, with
predicted versus observed mortality of 5.20% versus 5.52% at 5 years and 14.47% versus 15.30% at 10
years.

Exploratory decision curve analyses showed that the biological aging-enhanced model generally
provided greater net benefit than the conventional model across most evaluated threshold probabilities
at both 5 and 10 years in TwinGene and UKB (Supplementary Fig. S1). The separation was more
pronounced in UKB, particularly at 10 years, whereas the incremental net benefit was smaller in
TwinGene, consistent with the more modest improvements in discrimination observed in that cohort.

Effect modification
Effect modification by sex, BMI, smoking, and education was evaluated for each of the five biological
aging measures, with 20 interaction tests per cohort and Benjamini–Hochberg correction applied
separately within each cohort (Supplementary Table S2). In TwinGene, only the interaction between HD
and sex remained significant after FDR correction (P for interaction = 0.0014; FDR-adjusted P = 0.027).
The association of HD with mortality was stronger in men (HR = 1.34, 95% CI: 1.27–1.40) than in women
(HR = 1.19, 95% CI: 1.12–1.26).
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In UKB, eight interactions survived FDR correction: PhenoAge residual with smoking; KDM residual with
sex, BMI, and smoking; HD with sex and BMI; FI with sex; and TL with sex. No interaction involving
education survived correction in either cohort. Although the HD–sex interaction was supported in both
cohorts, its direction differed: in UKB, HD was more strongly associated with mortality in women (HR = 
1.32, 95% CI: 1.28–1.36) than in men (HR = 1.21, 95% CI: 1.19–1.24), opposite to the pattern in
TwinGene. Thus, no interaction showed both FDR-supported evidence and a consistent direction across
cohorts. Subgroup-specific HRs per 1-SD higher aging measure and their 95% CIs are presented in
Supplementary Table S3 and Supplementary Fig. S2.

Proportional hazards diagnostics and sensitivity analyses
Schoenfeld residual diagnostics indicated some departures from the proportional hazards assumption
(Supplementary Table S4). In TwinGene, exposure-specific evidence of non-proportionality was observed
for PhenoAge residual (P = 0.0012) and HD (P = 0.0375), whereas there was no evidence for KDM
residual (P = 0.678), FI (P = 0.079), or TL (P = 0.876). In UKB, exposure-specific tests indicated departures
from proportionality for all five aging measures, alongside significant global tests.

To characterize these departures, associations were estimated separately during 0–5, 5–10, and > 10
years of follow-up (Supplementary Table S5). In TwinGene, there was no evidence of variation in
exposure effects across intervals for any aging measure (all P for variation over time > 0.05). In UKB,
PhenoAge residual, KDM residual, HD, and FI showed significant time variation (all P < 0.001), with
generally stronger associations earlier in follow-up and attenuation thereafter, whereas there was no
evidence of variation in the TL association across intervals (P = 0.420). Accordingly, the primary Cox
estimates, particularly in UKB, should be interpreted as average associations over follow-up rather than
strictly time-invariant effects.

The primary associations were nevertheless robust to alternative analytic specifications. In a 2-year
landmark analysis excluding participants who died or were censored within the first 2 years,
associations were similar to those observed in the primary analysis (Supplementary Table S6).
PhenoAge residual remained associated with mortality in TwinGene (HR: 1.21, 95% CI: 1.17–1.25) and
UKB (HR: 1.37, 95% CI: 1.35–1.40). Corresponding estimates for KDM residual were 1.11 (95% CI: 1.07–
1.15) and 1.34 (95% CI: 1.32–1.36), respectively. HD and FI also remained positively associated with
mortality, whereas the TL estimate remained directionally inverse in TwinGene and inversely associated
in UKB.

Results were also consistent when attained age was used as the underlying timescale (Supplementary
Table S7). PhenoAge residual remained associated with mortality in TwinGene (HR: 1.22, 95% CI: 1.18–
1.26) and UKB (HR: 1.45, 95% CI: 1.43–1.47), as did KDM residual (HR: 1.11, 95% CI: 1.07–1.15 and HR:
1.40, 95% CI: 1.38–1.42, respectively). HD and FI remained positively associated in both cohorts, while
TL remained inversely associated, although the association was weaker in UKB (TwinGene HR: 0.97, 95%
CI: 0.94–0.99; UKB HR: 0.96, 95% CI: 0.95–0.98). Overall, these sensitivity analyses supported the
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robustness of the primary mortality associations to early-event exclusion and alternative control for
chronological age.

Discussion
In this study of two population-based cohorts, biological aging measures provided mortality-risk
information beyond chronological age and conventional risk factors, although the magnitude of this
additional information differed between settings. In multivariable Cox models evaluating each biological
aging measure individually, higher PhenoAge residual, KDM residual, HD, and FI were associated with
higher all-cause mortality hazards in both TwinGene and UKB, whereas higher TL was associated with
lower mortality hazards. Adding PhenoAge residual, FI, and TL together to the conventional model
containing chronological age, sex, BMI, smoking, and education increased Harrell’s C-index from 0.780 to
0.787 in TwinGene and from 0.720 to 0.746 in UKB. Improvements were also observed for 5- and 10-year
time-dependent AUC and Brier scores. These findings support the central premise that biological aging
measures capture prognostic information that is not fully represented by chronological age, while also
showing that their incremental predictive contribution is not uniform across populations and
measurement settings.

The associations observed for the biomarker-based measures are consistent with their complementary
conceptual foundations. PhenoAge was originally constructed to summarize a biomarker-derived
mortality profile, whereas KDM estimates biological age from the relation between physiological
biomarkers and chronological age, and HD quantifies multivariate deviation from a comparatively healthy
physiological reference state 2–4,6. In this study, PhenoAge residual, KDM residual, and HD were
associated with mortality after adjustment for chronological age and conventional risk factors, but their
relative effect sizes differed between cohorts: HD had the largest HR among these measures in
TwinGene, whereas PhenoAge residual and KDM residual had larger HRs than HD in UKB. Thus, our
findings do not support treating one algorithm as universally superior. Rather, they reinforce the view that
different clinical biomarker algorithms capture partly overlapping but distinct dimensions of aging
physiology. This interpretation is consistent with previous work showing that clinically derived biological
aging measures predict age-related outcomes, including cancer and neurological disease, while differing
in the magnitude of their associations across outcomes and populations12,13.

The correlation structure further illustrates why these measures should not be considered
interchangeable. Raw PhenoAge and raw KDM were strongly correlated with chronological age and with
each other, whereas raw HD, FI, and cohort-specific adjusted TL showed weaker correlations with these
age-scale measures. These descriptive correlations concern the raw measures, whereas the mortality
models used age-adjusted PhenoAge and KDM residuals and log-transformed HD. Similar partial
divergence among biological aging measures has been reported previously, suggesting that measures
constructed from clinical physiology, deficit accumulation, and cellular aging need not reflect the same
underlying process1,10. FI was associated with mortality after adjustment for chronological age and
conventional risk factors in both cohorts, consistent with the deficit-accumulation model in which
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increasing numbers of health deficits reflect declining physiological reserve and vulnerability; meta-
analytic evidence has similarly demonstrated a graded association between higher FI and mortality7,14.
TL showed smaller inverse associations with mortality, which is also consistent with previous evidence:
a meta-analysis including Swedish Twin Registry cohorts found that shorter leukocyte telomeres were
associated with higher all-cause mortality, while also showing heterogeneity according to age and
measurement methodology15. Together, these results support a multidimensional view of biological
aging rather than the assumption that a single measure captures all mortality-relevant aging processes.

A key contribution of the present study is the explicit evaluation of incremental prognostic value, rather
than relying solely on associations with mortality. Strong hazard ratios do not necessarily translate into
meaningful improvements in prediction when chronological age and established risk factors already
discriminate risk well. An international study of more than 430,000 surgical patients found that
PhenoAge was associated with postoperative outcomes after adjustment for chronological age and
established surgical risk factors16. In TwinGene, the conventional model already achieved Harrell’s C-
index of 0.780, and adding biological aging measures increased this to 0.787 (ΔC = 0.0073). In UKB, the
corresponding increase was larger, from 0.720 to 0.746 (ΔC = 0.0263). Time-dependent AUC and Brier
scores showed the same overall pattern. Exploratory decision curve analyses generally showed higher
net benefit for the biological aging-enhanced model than for the conventional model at both prediction
horizons. However, because no specific clinical intervention or threshold for action was prespecified,
these findings should be regarded as exploratory rather than evidence of established clinical utility. The
smaller incremental improvement in TwinGene may partly reflect the stronger discrimination already
provided by chronological age and conventional factors in this older cohort, leaving less opportunity for
additional predictors to improve ranking. Differences in baseline age, mortality incidence, follow-up,
biomarker panels, and measurement implementation may also contribute to the different magnitude of
improvement, but these explanations were not formally tested. Accordingly, the findings should be
interpreted as evidence that biological aging information adds to, rather than replaces, chronological age
and established risk factors.

The directionally consistent mortality associations observed despite substantial differences between
TwinGene and UKB support consistency of mortality associations across distinct cohort settings.
TwinGene participants were older and had a higher mortality proportion and longer follow-up than UKB
participants. The TwinGene biomarker-based aging algorithms used eight biomarkers, whereas the UKB
implementation incorporated 18 clinical biomarkers spanning multiple physiological systems. Previous
studies have emphasized that biological aging estimates depend on biomarker selection, reference
populations, and algorithmic implementation and therefore should not automatically be assumed to be
numerically interchangeable across datasets6,10. Our results extend this point by showing that
directionally consistent mortality associations can coexist with differences in effect magnitude and
predictive improvement across cohort-specific implementations. This distinction is important: the
present analysis evaluates consistency of prognostic information across two settings rather than formal
equivalence of biological aging measures or direct comparison of their absolute values.
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Effect-modification analyses provided little evidence for a consistently reproducible modifier of
biological aging–mortality associations. After correction for 20 interaction tests per cohort, only the HD-
by-sex interaction remained significant in TwinGene, whereas eight interactions involving sex, BMI, or
smoking survived correction in the substantially larger UKB sample. HD-by-sex was detected in both
cohorts, but the subgroup pattern differed: HD was more strongly associated with mortality in men than
women in TwinGene, whereas the reverse pattern was observed in UKB. This lack of directional
consistency argues against interpreting the interaction findings as evidence of a stable sex-specific
biological mechanism. More broadly, the greater number of significant interactions in UKB may partly
reflect its much larger sample size and statistical power. We therefore regard these analyses as
secondary evidence of possible context-dependent heterogeneity rather than as evidence supporting
subgroup-specific risk thresholds.

Proportional hazards diagnostics indicated time-varying associations, particularly in UKB. In UKB,
interval-specific analyses showed that associations for PhenoAge residual, KDM residual, HD, and FI
were generally stronger earlier in follow-up and attenuated over time, whereas there was no evidence of
variation in the TL association across the specified intervals (P = 0.420). The primary Cox estimates
should therefore be interpreted as average associations over the full follow-up period rather than as
strictly time-invariant effects. Nevertheless, the overall pattern of associations was broadly preserved
across follow-up intervals, and the 2-year landmark and attained-age sensitivity analyses supported the
main conclusions.

Several strengths should be considered when interpreting these findings. We evaluated the same
overarching research question independently in two large population-based cohorts with markedly
different age structures, follow-up profiles, mortality rates, and biomarker implementations. The analysis
incorporated censoring-aware survival metrics rather than binary mortality ROC analyses, used 10-fold
cross-validation with preprocessing estimated within training folds and predictions generated for held-
out participants, retained co-twins in the same TwinGene folds, and accounted for within-pair
dependence using cluster-robust inference. Multiple-testing correction was also applied to the primary
biological aging associations and interaction analyses. These design features reduce several sources of
optimistic performance estimation and directly address dependencies specific to the twin cohort.

Several limitations remain. First, biological aging and covariates were measured primarily at baseline;
consequently, the analyses characterize baseline risk rather than longitudinal rates of biological aging,
and causal interpretations cannot be made. Second, PhenoAge and KDM residuals were defined relative
to cohort-specific age relationships, while biomarker panels and measurement procedures differed
between TwinGene and UKB. The resulting measures therefore quantify relative biological aging within
each setting, and their absolute values and effect magnitudes should not be interpreted as directly
interchangeable. This consideration also applies to cohort-specific TL measurements. Third, both
cohorts may differ from populations encountered in routine clinical practice. UKB in particular is affected
by healthy-volunteer selection, with participants having lower mortality and generally more favorable
health profiles than the UK population17. Complete-case selection and exclusion of extreme biological-
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age values may have introduced selection bias and limit generalizability. Additional evaluation in more
socioeconomically and ethnically diverse populations is therefore warranted. Fourth, cross-validation
estimates internal predictive performance and does not establish transportability to an external
population. Uncertainty estimates based on fixed out-of-fold predictions do not capture the full variability
associated with refitting the models and their preprocessing pipelines. Although exploratory decision
curve analyses suggested greater net benefit for the biological aging-enhanced model across a range of
threshold probabilities, no specific clinical intervention or action threshold was prespecified. External
validation and prospective impact studies are therefore required before these models can be considered
for individual risk stratification or treatment decisions. Fifth, all-cause mortality combines heterogeneous
causes of death and therefore does not identify which disease pathways account for the observed
associations. Finally, we could not evaluate GOLD BioAge because several required biomarker inputs
were unavailable in TwinGene, preventing harmonized computation across both cohorts; future work
should compare these newer approaches under harmonized measurement conditions. GOLD BioAge has
recently been proposed as a clinically simpler mortality-oriented biological aging framework and has
been shown to predict morbidity and mortality in NHANES and UKB18.

In conclusion, biological aging measures provided mortality-risk information beyond chronological age
and conventional risk factors in both TwinGene and UKB. The findings support biological aging as a
complementary prognostic dimension rather than a replacement for chronological age: associations
were observed across all five measures, while the incremental predictive gain from the selected
measures ranged from modest in TwinGene to more pronounced in UKB. Differences across measures
and cohorts further emphasize that biological aging is not a single interchangeable quantity and that
performance depends on population and measurement context. Further studies should evaluate these
measures prospectively in additional populations, incorporate repeated measurements of biological
aging, and determine whether the observed improvements translate into useful risk stratification or
clinical decision benefit.

Methods

Study design and populations
We conducted parallel analyses in two population-based cohorts, TwinGene and UKB, to evaluate
whether commonly used biological aging measures provide prognostic information for all-cause
mortality beyond chronological age and conventional risk factors. The same overarching analytical
framework was applied independently within each cohort.

TwinGene is a population-based study within the Swedish Twin Registry (STR). Between 2004 and 2008,
approximately 12,600 twins born in 1958 or earlier who had previously participated in the Screening
Across the Lifespan Twin Study (SALT) were recruited for health assessment and blood collection19,20.
Blood samples were obtained following overnight fasting and linked to questionnaire, health
examination, and nationwide register data.
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Among 12,256 TwinGene participants, 9,895 had complete data for the eight biomarkers required to
derive the biomarker-based aging measures. After excluding participants with extreme biological-age
values (> 5 SD from the mean), 9,617 participants remained. These participants also had complete
mortality follow-up, FI, TL, and covariate information and constituted the final analytic sample. These
participants represented 6,466 unique twin-pair identifiers; 3,151 pairs contributed both co-twins and
3,315 contributed one participant. Familial dependence was explicitly incorporated into the statistical
analysis rather than removing one member of complete twin pairs. TwinGene recruitment and biomarker
collection have been described previously19,21.

UKB is a population-based prospective study of more than 500,000 adults aged approximately 37–73
years recruited from 22 assessment centers in England, Wales, and Scotland between 2006 and 2010.
Participants provided questionnaire information, physical measurements, biological samples, and
consent for linkage to national health records 22. For the present phenotype-based analyses, 331,699
participants had complete data for the 18 biomarker inputs used to derive the biomarker-based aging
measures. Of these, 331,601 had PhenoAge, KDM, and HD estimates. One participant with an extreme
age-scale biological-age value (> 5 SD for PhenoAge or KDM) was excluded, leaving 331,600
participants. After additionally requiring valid mortality follow-up, complete FI, TL, and complete
information on age, sex, BMI, smoking, and education, the final complete-case analytic sample
comprised 314,064 participants.

Ethics statement
TwinGene participants provided written informed consent, and the study was approved by the relevant
regional ethics review boards in Sweden. The present project was approved by the Swedish Ethical
Review Authority (Dnr. 2022-06634-01). UKB received approval from the North West Multi-Centre
Research Ethics Committee, and all participants provided written informed consent. The present
analyses were conducted under UKB Application 22224. Data available to the investigators were de-
identified. The study was conducted in accordance with the Declaration of Helsinki and is reported in
accordance with the STROBE statement for observational studies and the applicable TRIPOD
recommendations for prediction-model studies.

Biological aging measures
Biological aging was characterized using five complementary measures: PhenoAge, KDM, HD, FI, and TL.
PhenoAge and KDM were calculated using cohort-specific biomarker panels and implementations
trained in the National Health and Nutrition Examination Survey (NHANES) III within the BioAge
framework; HD was calculated relative to an NHANES III reference sample2–4,6. KDM estimates an age-
equivalent physiological state from age-related biomarker patterns; PhenoAge maps a biomarker-based
mortality score onto an age scale; and HD quantifies multivariate physiological deviation from a
comparatively healthy reference state using Mahalanobis distance. Unlike PhenoAge and KDM, HD is not
itself expressed as an age in years.

TwinGene biomarker-based aging measures
Page 14/29



The TwinGene implementations of PhenoAge, KDM, and HD used eight clinical biomarkers: serum
glucose, HbA1c, creatinine, cystatin C, triglycerides, total cholesterol, LDL cholesterol, and C-reactive
protein (CRP). The biomarker panel was defined from measures available in TwinGene using previously
specified criteria of ≤ 20% missingness and an absolute correlation with chronological age > 0.1.

The algorithms were parameterized in NHANES III using the R package BioAge and subsequently applied
to TwinGene6. KDM parameters were estimated separately in women and men among nonpregnant
participants aged 30–75 years. PhenoAge was parameterized using a Gompertz mortality model
incorporating the selected biomarkers and chronological age among participants aged 20–84 years,
without sex-specific fitting. For HD, sex-specific reference distributions were derived from nonpregnant
participants aged 20–30 years with BMI < 30 kg/m² and selected biomarker values within clinically
acceptable ranges. NHANES survey weights were not used. PhenoAge training used the mortality
outcome and follow-up supplied in the BioAge NHANES III dataset, derived from linked mortality data
through 2015 with follow-up capped at 240 months. The fitted parameters and reference distributions
were then used to calculate the corresponding measures in TwinGene.

Logarithmic transformations were applied to glucose (mmol/L), HbA1c (%), creatinine (µmol/L),
triglycerides (mg/dL), and CRP before calculation of the biological aging measures. Total and LDL
cholesterol were expressed in mg/dL and cystatin C in mg/L.

Clinical chemistry measurements in TwinGene have been described previously21,23. Glucose, total
cholesterol, LDL cholesterol, and triglycerides were measured using routine clinical chemistry methods
on semi-automated Beckman Coulter analyzers, while HbA1c was measured using ion-exchange
chromatography. High-sensitivity CRP was measured using an immunoturbidimetric assay. Creatinine
was quantified enzymatically using Architect c8000/c16000 analyzers, and cystatin C using a particle-
reinforced immunoturbidimetric assay on an Architect ci8200 analyzer (Abbott Laboratories). The
distributions of the eight biomarkers in the final analytic sample are shown in Supplementary Fig. S3.

UKB biomarker-based aging measures
The NHANES III–trained model objects described by Mak et al. were applied to UKB using the
corresponding biomarker units and transformations12. The three algorithms incorporated 18 age-
associated clinical measures spanning metabolic, renal, hepatic, inflammatory, hematological,
cardiovascular, anthropometric, and pulmonary domains: forced expiratory volume in 1 second (FEV₁),
systolic blood pressure, blood urea nitrogen, HbA1c, total cholesterol, creatinine, serum glucose, waist
circumference, red cell distribution width, albumin, alkaline phosphatase, triglycerides, mean cell volume,
uric acid, lymphocyte percentage, red blood cell count, C-reactive protein, and diastolic blood pressure.
As described by Mak et al., candidate biomarkers were selected in NHANES III based on ≤ 20%
missingness and an absolute correlation with chronological age > 0.1. KDM was trained in non-pregnant
participants aged 30–75 years with complete biomarker data, and PhenoAge in participants aged 20–84
years with complete biomarker data. The HD reference comprised non-obese participants aged 20–30
years whose biomarkers were within age- and sex-specific normal ranges. All three algorithms were
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parameterized in NHANES III using the BioAge framework and subsequently projected to UKB, as
described previously12.

UKB serum chemistry biomarkers were measured using standardized high-throughput assays, with most
chemistry measures quantified on the Beckman Coulter AU5800 platform. HbA1c was measured in red
blood cells using high-performance liquid chromatography on the Bio-Rad VARIANT II Turbo platform.
Hematological measures were obtained from fresh EDTA whole blood using automated hematology
analyzers, while waist circumference, blood pressure, and spirometric measures were collected using
standardized UKB assessment protocols. The distributions of the 18 inputs in the final analytic sample
are shown in Supplementary Fig. S3.

Frailty index and telomere length
FI was treated as a complementary deficit-accumulation measure of biological aging rather than as a
biomarker-derived age estimate. FIs were constructed following the standard deficit-accumulation
approach in which health deficits are coded between 0 and 1 and summed relative to the number of
evaluable deficits7.

In TwinGene, FI was based on 44 self-reported health deficits collected through SALT and spanning
multiple health domains. This 44-item SALT FI has previously been evaluated in relation to mortality24. In
UKB, the FI was based on the previously validated 49-item measure developed from baseline
questionnaire data25. FI was retained on its original deficit-proportion scale for descriptive analyses and
standardized within cohort for association and prediction analyses.

Leukocyte TL was included as a molecular measure of cellular aging. In TwinGene, TL was measured
from peripheral-blood DNA using quantitative polymerase chain reaction (qPCR), and the cohort-specific
adjusted TL measure was used in the analyses. Previous STR studies have described the measurement
and mortality associations of TL in TwinGene15. In UKB, leukocyte TL was measured using a multiplex
qPCR method and expressed relative to a single-copy gene as a T/S ratio; we used the available adjusted
UKB TL measure accounting for technical sources of variation26. Because TL measurement and
adjustment procedures differed between cohorts, absolute TL values were treated as cohort-specific
rather than directly comparable.

Age adjustment and transformation of biological aging
measures
Raw PhenoAge, KDM, and HD values were retained for descriptive summaries and correlation analyses.
For mortality association and prediction analyses, PhenoAge and KDM were processed following the
approach used in previous clinical biological-aging studies. Within each cohort, raw PhenoAge and KDM
were regressed on chronological age using a natural spline with 3 degrees of freedom, and the resulting
residuals were retained as PhenoAge residual and KDM residual, respectively. Positive residuals indicate
a biological-age estimate above that expected for chronological age. This spline-based residualization
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reduces both linear and nonlinear dependence on chronological age12. HD was not residualized on
chronological age, because it is defined as physiological deviation from a reference state rather than as
an age measured in years. Owing to its right-skewed distribution, HD was natural-log transformed,
consistent with previous applications12. PhenoAge residual, KDM residual, log-transformed HD, FI, and
TL were subsequently standardized to mean 0 and SD 1 within each cohort so that effect estimates
corresponded to a 1-SD difference in each aging measure. For association analyses, residualization and
standardization were performed within each full analytic cohort. For prediction analyses, residualization
models and standardization parameters were estimated within training folds and applied to the
corresponding held-out folds.

Outcome definition and follow-up
The primary outcome was all-cause mortality. Follow-up time was calculated from the baseline
assessment to death from any cause or administrative censoring, whichever occurred first.

For TwinGene, mortality was identified through linkage of STR participants to Swedish national
population and mortality registers using personal identity numbers. Follow-up for the present analysis
extended through 1 February 2024. For UKB, deaths were ascertained through linked national mortality
registers. Follow-up time was calculated from the baseline assessment date to death from any cause or
administrative censoring on 30 December 2022, whichever occurred first. Time since baseline was used
as the primary survival timescale.

Covariates and harmonization
The primary covariate set was deliberately harmonized across the two cohorts and comprised
chronological age, sex, BMI, smoking, and education. Age and BMI were modeled flexibly in the primary
Cox models using natural splines rather than assuming strictly linear relationships.

Smoking was harmonized as ever versus never smoking. Education was harmonized as
high/intermediate versus low education. In TwinGene, high/intermediate education was defined as ≥ 10
years of education. In UKB, education was based on the highest self-reported qualification and classified
as low, intermediate, or high; for harmonization, the intermediate and high categories were combined
and contrasted with the low category. Alcohol consumption was available in UKB but was not included in
the primary model because an equivalent harmonized variable was not available for TwinGene.

In both cohorts, we included all participants who met the eligibility criteria and had complete information
on the cohort-specific biomarker inputs, all five biological aging measures, mortality follow-up, and
covariates required for the primary analyses. No missing values were imputed during biomarker
processing or construction of the final analytical datasets.

Statistical analysis

Descriptive and correlation analyses
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Baseline characteristics were summarized as mean ± SD, median [interquartile range], or number (%), as
appropriate. Raw PhenoAge, raw KDM, raw HD, FI on its deficit-proportion scale, and cohort-specific
adjusted TL were used for descriptive analyses. Pairwise Pearson correlation coefficients were
calculated among chronological age and these measures separately within TwinGene and UKB.

Primary mortality association analyses
Associations between each biological aging measure and all-cause mortality were estimated using Cox
proportional hazards regression with time since baseline as the underlying timescale. Each aging
measure was evaluated individually in a multivariable Cox model containing the conventional covariates;
the aging measures were not mutually adjusted. Models were adjusted for chronological age using a
natural spline with 4 degrees of freedom, sex, BMI using a natural spline with 3 degrees of freedom, ever-
smoking status, and education.

Hazard ratios (HRs) with 95% confidence intervals (CIs) are reported per 1-SD higher biological aging
measure. In TwinGene, all Cox models used pair-clustered robust variance estimation based on the twin-
pair identifier to account for within-pair dependence while retaining both members of complete pairs.
UKB participants were treated as independent observations.

Tests of the biological aging–mortality associations and multiplicative interactions used two-sided Wald
tests. P-values for the five primary biological aging-measure associations were adjusted separately
within each cohort using the Benjamini–Hochberg FDR procedure27. FDR-adjusted P < 0.05 was
considered statistically significant. No formal statistical tests compared HR magnitudes between
cohorts.

Cross-validated mortality prediction
Incremental prognostic performance was evaluated using three prespecified nested Cox models. The
age model included chronological age modeled with a 4-degree-of-freedom natural spline. The
conventional model additionally included sex, BMI modeled with a 3-degree-of-freedom natural spline,
smoking, and education. The biological aging-enhanced model further included PhenoAge residual, FI,
and TL. To construct a parsimonious multidomain model, we retained one clinical biomarker-derived
aging algorithm alongside conceptually complementary measures of deficit accumulation (FI) and
cellular aging (TL). PhenoAge was selected because its original construction incorporates mortality-
related information; its strong association with chronological age in both cohorts supported using its
age-residualized form. KDM residual and HD remained part of the individual association analyses but
were excluded from the joint prediction model to limit overlapping biomarker information and potential
multicollinearity. The enhanced model therefore evaluated one selected multidomain predictor set rather
than exhaustively comparing all possible combinations of biological aging measures. In sensitivity
analyses, PhenoAge residual was replaced in turn by KDM residual or log-transformed HD, while FI and
TL were retained. These alternative models used the same cross-validation folds, covariates,
preprocessing procedures, and performance metrics as the primary biological aging-enhanced model.
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The sensitivity analysis was intended to assess robustness to the choice of biomarker-derived aging
algorithm rather than to perform exhaustive model selection.

Prediction performance was estimated using 10-fold cross-validation with out-of-fold predictions. A
single 10-fold partition was used within each cohort and was held fixed across all three prediction
models. In TwinGene, the existing pair-grouped cross-validation partition was retained, with co-twins
assigned to the same fold to prevent information from one member of a pair entering the training set
while the co-twin was held out. In UKB, a single mortality-balanced 10-fold partition was generated using
a fixed random seed and reused for all models. Fold assignments were fixed throughout the analyses;
uncertainty estimates therefore condition on the observed fold allocation and do not incorporate
variability arising from alternative cross-validation partitions.

To avoid preprocessing leakage, transformations requiring parameter estimation were performed
independently within each training fold. PhenoAge and KDM were separately residualized on
chronological age using natural splines with 3 degrees of freedom fitted in the training data; the fitted
functions were then applied unchanged to the corresponding held-out participants. HD was log-
transformed. PhenoAge residual, KDM residual, log-transformed HD, FI, and TL were standardized using
means and SDs estimated exclusively from the training fold and applied unchanged to the held-out fold.
Thus, each participant’s prediction was generated using preprocessing and model fitting that did not use
that participant’s data for parameter estimation.

Overall discrimination was summarized using Harrell’s C-index with 95% CIs. Incremental discrimination
was quantified as the within-cohort difference in Harrell’s C-index between the biological aging-enhanced
and conventional models. Harrell’s C-index was calculated from the final out-of-fold linear predictors
using survival::concordance. In TwinGene, uncertainty in ΔC was estimated using 1,000 twin-pair cluster-
bootstrap replicates, resampling pair IDs with co-twins retained together while keeping the original folds
and out-of-fold predictions fixed. In UKB, uncertainty in ΔC was derived from the covariance of the paired
concordance estimates28. For the alternative biomarker-based aging sensitivity models, performance
was summarized using the same Harrell’s C-index, 5- and 10-year time-dependent AUCs, and Brier
scores. Differences relative to the conventional model and to the PhenoAge-based enhanced model were
examined as sensitivity contrasts rather than as formal selection of a superior biological aging
algorithm.

Because mortality is a time-to-event outcome subject to censoring, prediction at specific horizons was
evaluated using censoring-aware methods rather than ordinary binary ROC curves. Time-dependent
AUCs at 5 and 10 years were calculated using inverse-probability-of-censoring weighting (IPCW), and
prediction error was evaluated using Brier scores at the same horizons29,30. Higher Harrell’s C-index and
AUC indicate better discrimination, whereas lower Brier scores indicate lower prediction error.
Uncertainty in incremental predictive performance was evaluated using paired comparisons of the final
out-of-fold predictions. In TwinGene, 95% confidence intervals were estimated using 1,000 twin-pair
cluster-bootstrap replicates, retaining co-twins within the same resampled cluster. In UKB, paired
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influence-function inference was used for differences in time-dependent AUC and Brier score, while
uncertainty in the Harrell’s C-index difference was derived from the covariance of the paired
concordance estimates. These uncertainty estimates were conditional on the fixed out-of-fold
predictions and did not include refitting the prediction models or their preprocessing pipelines.

Calibration of the biological aging-enhanced model was evaluated separately at 5 and 10 years by
comparing cross-validated predicted mortality risk with censoring-adjusted observed risk across deciles
of predicted risk. The primary objective was to assess within-cohort incremental prediction; predictive
performance was therefore not subjected to formal statistical comparison between TwinGene and UKB.

As an exploratory assessment of potential decision utility, decision curve analysis31 was performed at 5
and 10 years using the final out-of-fold absolute-risk predictions from the conventional and biological
aging-enhanced models. Net benefit was compared with treat-all and treat-none strategies across
illustrative threshold probabilities of 0.5–20% for 5-year mortality and 1–30% for 10-year mortality. The
biological aging-enhanced model included PhenoAge residual, FI, and TL in addition to the conventional
predictors. Because no specific clinical intervention or action threshold was prespecified, the decision-
curve analyses were considered exploratory and were not interpreted as establishing clinical utility.
Censoring before each evaluation horizon was accounted for using Kaplan–Meier survival estimates
within the time-to-event decision curve analysis. No smoothing was applied.

Effect-modification analyses
Effect modification was evaluated for sex, BMI, smoking, and education by adding a multiplicative
interaction term between each modifier and each of the five biological aging measures to the adjusted
Cox model. This yielded 20 interaction tests per cohort. TwinGene interaction models retained pair-
clustered robust variance estimation. Each interaction was evaluated using a one-degree-of-freedom
Wald test of the multiplicative interaction coefficient.

Sex, smoking, and education were modeled categorically. For BMI interaction analyses, BMI was
standardized within cohort and modeled continuously. Benjamini–Hochberg FDR correction was applied
separately within each cohort across the 20 interaction tests. Only interactions with FDR-adjusted P < 
0.05 were interpreted further. For FDR-supported categorical interactions, subgroup-specific HRs and
95% CIs were estimated; for BMI interactions, HRs were estimated at the cohort-specific mean and at − 1
and + 1 SD of BMI.

Proportional hazards diagnostics and sensitivity analyses
The proportional hazards assumption was evaluated using Schoenfeld residual diagnostics for each
primary Cox model32. Because such tests can be highly sensitive in very large samples, exposure-
specific and global tests were considered together with the robustness of effect estimates under
alternative model specifications. To further characterize departures from the proportional hazards
assumption, follow-up was partitioned into 0–5, 5–10, and > 10 years, corresponding to the principal
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prediction horizons used in the study. Cox models allowing separate biological aging coefficients within
each follow-up interval were fitted using interval-stratified baseline hazards while retaining the covariate
specification of the primary models. Equality of the three interval-specific exposure coefficients was
evaluated using a robust Wald test with two degrees of freedom. TwinGene models used twin-pair-
clustered robust variance estimation, whereas UKB interval-split models used participant-clustered
robust variance estimation.

Two additional sensitivity analyses were performed. First, to reduce the potential influence of severe
baseline illness and imminent death, a 2-year landmark analysis was conducted among participants who
remained alive and under observation beyond 2 years after baseline. Follow-up was restarted at the 2-
year landmark, and age at the landmark was used in the adjustment model.

Second, the primary Cox analyses were repeated using attained age as the underlying timescale in a left-
truncated start–stop formulation, with age at baseline as entry time and age at death or censoring as
exit time. Chronological age was therefore not additionally included as a model covariate in this
sensitivity analysis. Other covariates and TwinGene pair-clustered robust inference were retained.

We considered the recently proposed GOLD BioAge as a contemporary comparator18. The full GOLD
BioAge algorithm incorporates clinical biomarkers including hematological, hepatic, renal, metabolic, and
inflammatory measures. Several required inputs were not available within the harmonized TwinGene
biomarker panel; consequently, GOLD BioAge could not be constructed consistently in both cohorts and
was not included in head-to-head analyses.
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Figure 1

Study design and harmonized analytic cohorts in TwinGene and UK Biobank.

The final analytic samples included 9,617 participants in TwinGene and 314,064 participants in UKB, with
3,090 and 25,084 deaths, respectively. TwinGene comprised 6,466 unique twin-pair identifiers, including
3,151 complete pairs corresponding to 6,302 participants (65.5% of the analytic sample). A harmonized
analytical framework was applied independently within each cohort. Biological aging was characterized
using PhenoAge, KDM, homeostatic dysregulation (HD), frailty index (FI), and telomere length (TL). All
five measures were evaluated separately in mortality-association analyses. The biological aging-
enhanced prediction model included PhenoAge residual, FI, and TL. Primary mortality models adjusted
for chronological age, sex, BMI, smoking, and education. TwinGene survival models used pair-clustered
robust variance estimation, and co-twins were retained within the same cross-validation fold.
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Figure 2

Correlations among biological aging measures in TwinGene and UK Biobank. Pairwise relationships
among chronological age, raw PhenoAge, raw KDM, raw HD, FI, and adjusted TL are shown for (A)
TwinGene (n= 9,617) and (B) UK Biobank (n= 314,064). The upper triangle displays Pearson correlation
coefficients (r), while the lower triangle shows pairwise distributions and associations. PhenoAge, KDM,
and HD values were used for this descriptive analysis; age-adjusted PhenoAge and KDM residuals and
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log-transformed HD were used in subsequent mortality analyses. Correlation colors indicate direction
and magnitude, with the same scale applied to both cohorts. Biomarker-derived measures are shown on
cohort-specific scales, and absolute values should therefore not be interpreted as directly comparable
between cohorts.

Figure 3

Adjusted associations of biological aging measures with all-cause mortality in TwinGene and UK
Biobank.

Forest plot showing hazard ratios (HRs) and 95% confidence intervals for all-cause mortality per 1-SD
higher biological aging measure. PhenoAge and KDM were residualized on chronological age using
natural splines with three degrees of freedom, HD was log-transformed, and all five aging measures were
standardized within cohort. Models were adjusted for chronological age using a four-degree-of-freedom
natural spline, sex, BMI using a three-degree-of-freedom natural spline, smoking, and education.
TwinGene models additionally used pair-clustered robust variance estimation. The dashed vertical line
indicates HR= 1. FDR-adjusted P-values for the five biological aging measures within each cohort are
reported in Table 2.
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Figure 4

Cross-validated discrimination for all-cause mortality prediction in TwinGene and UK Biobank.

Discrimination is shown for three Cox prediction models: chronological age alone, chronological age
plus conventional risk factors, and the conventional model plus biological aging measures. Conventional
risk factors included sex, BMI, smoking, and education; biological aging measures included PhenoAge
residual, frailty index, and telomere length. Performance was evaluated from 10-fold out-of-fold
predictions using Harrell’s C-index and censoring-aware time-dependent AUC at 5 and 10 years.
PhenoAge residualization and standardization of PhenoAge residual, FI, and TL were performed within
each training fold before application to held-out participants. In TwinGene, co-twins were assigned to the
same fold. Higher Harrell’s C-index and AUC indicate better discrimination.
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Figure 5

Calibration of the biological aging-enhanced mortality prediction model in TwinGene and UK Biobank.

Calibration at 5 and 10 years is shown in (A) TwinGene (orange) and (B) UKB (blue). Circles connected by
solid lines represent 5-year predictions; triangles connected by dashed lines represent 10-year
predictions. Predicted mortality risks were obtained from 10-fold out-of-fold predictions and compared
with censoring-adjusted observed risks across deciles of predicted risk. The conventional model
included chronological age, sex, BMI, smoking, and education; the biological aging-enhanced model
additionally included PhenoAge residual, frailty index, and telomere length. PhenoAge residualization and
standardization of biological aging measures were performed within each training fold before
application to held-out participants. In TwinGene, co-twins were retained within the same cross-
validation fold. The dotted diagonal denotes perfect calibration. Axis ranges differ between cohorts, with
identical x- and y-axis limits within each panel.
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