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Abstract

Biological aging is a complex and highly individual process that cannot be fully explained by chronological age alone.
Plasma metabolomic profiles reflect the current physiological state of the body and may serve as informative biomarkers of
biological aging. In this study, we developed and thoroughly evaluated a metabolomic age prediction model using regularized
machine learning approaches. The analysis included 296 individuals with quantified plasma metabolites. After standard
preprocessing and data transformation, chronological age was predicted using Elastic Net regression. Model performance was
assessed with repeated nested cross-validation, which helped minimize overfitting and prevent information leakage between
training and validation datasets. The primary Elastic Net model achieved a mean absolute error (MAE) of approximately 6
years and outperformed baseline models, including dummy regression and standard linear regression. To test the robustness of
the detected metabolomic aging signal, we additionally compared the model with ridge regression and alternative feature
selection approaches based on Random Forest feature importance and recursive feature elimination (RFE). Predictive
performance remained generally stable across different regularized approaches, suggesting that aging-related metabolomic
information is distributed across multiple correlated metabolic features rather than driven by only a few variables. Metabolic
age acceleration was defined as the difference between predicted and chronological age and was further analyzed in relation to
biological heterogeneity and menopausal status. In addition, conformal prediction was applied to estimate individualized
prediction uncertainty and generate prediction intervals with controlled empirical coverage. Overall, the results show that
plasma metabolomic profiles contain reproducible and biologically meaningful information associated with aging. By
combining rigorous validation procedures, comparative regularized modeling, alternative feature selection methods, and
uncertainty-aware prediction, this study provides a reliable framework for investigating metabolic aging and inter-individual
variability.

Keywords: Metabolomics, Biological age, Aging, Machine Learning, Elastic Net, Ridge regression, Feature selection, Age
acceleration, Metabolomic clock, Regularized regression, Plasma metabolites, Cross-validation.
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AHHOTaNMsA

bronoruueckoe crapeHWe — S5TO CJIOKHBIN IIPOIeCC, KOTOPBIM HeNb3s IOMHOCTBIO ONHCATh TOMBKO C ITOMOIIBIO
XPOHOJIOTUYECKOT0 Bo3pacta. MeTaboi0MHbIe MPOGUIIHN MJIa3MBI OTPAKAIOT TeKyIllee (PHU3FOI0rMIecKoe COCTOSTHHE OpraHM3Ma
W MOTYT WCIIONb30BaThCs Kak HMH(GOPMaTHBHbIE MapKepbl OHOIOTMUECKOTO CTapeHWs. B fgaHHOM wWcciefoBaHWM Obuia
paspaboTaHa U oOlleHeHa Moje/b Tpe/CKa3aHus BO3pacTa Ha OCHOBe MeTabONOMHBIX [aHHBIX C HCIIOb30BaHHEM METO/OB
pery/spu30BaHHOIO MalIWHHOrO o0ydyeHus. B aHanu3 ObLIM BK/IIOUEHbI JaHHble 296 YUaCTHHKOB C KOJIMYeCTBEHHO
orpefie/IéHHBIMU  TUIa3MeHHBIMU ~ MeTabosmmrtamu. Ilocie craHfapTHOW IpefoOpaboTKM U TpaHC(OpPMaLMM  JJaHHBIX
XPOHOJIOTHYeCKU BO3pacT TPOTHO3UPOBazics C ToMmollbio perpeccun Elastic Net. [Insg olLleHKHM KauecTBa MOJeNTH
HCII0/B30Baach TIOBTODSIIOIASICS BJIOKEHHAsh KPOCC-BalWaLMs, UYTO T03BOJMIO0 MHUHHMU3UPOBAaTh PHUCK TepeobyueHus U
yreukr wHGopmarmi. OcHoBHas mogenb Elastic Net mokasana cpefnioro abcomotHyro omubky (MAE) okosmo 6 et u
3HAUYMTETBLHO MpeB3oIia 6a30Bble MOZAEH, BKIOUass dummy-perpeccuio U oObIYHYIO JTMHEHHYIO perpeccuro. [yis MpoBepKU
YCTOHUMBOCTHM BBISIBIEHHOTO MeTab0/IOMHOTO CHMTHaja CTapeHus [OTOJHUTENHO TIPOBOJWIOCH CpaBHeHWe C ridge-
perpeccueii, a Takxe C aJbTePHAaTHBHBIMA MeTOZaMH OTOOpa TPU3HAKOB Ha OCHOBe Ba)KHOCTU Tipu3HakoB Random Forest u
pekypcuBHOro HckmoueHus: npusHakoB (RFE). PesynbraTel oOKa3anuch [OCTaTOYHO CTaOWJIBHBIMM [i7I1  Pa3HBIX
pery/sipU30BaHHbIX TOZAXOZ0B, UTO YKa3blBaeT Ha TO, UTO BO3pAacTHble MeTabo/duecKre W3MeHeHHs paclipefiesieHbl MeXy
MHOKeCTBOM B3aMMOCBSI3aHHBIX MeTabonmnuToB. MeTabomyeckoe yCKOpeHHe BO3pacTa OIpefie/isyioch KaK pasHULiA MeXAY
npeicKa3aHHBIM ¥ pealbHbIM BO3PacTOM M JOTIOJIHUTENBEHO aHaIM3HUpPOBaoCh C YUETOM OMOJIOrHUeCKOi HEeOJHOPOJHOCTH U
MeHOIay3a/JbHOTO cTaryca. /[l OIjeHKHM HeompesenéHHOCTH WHAWBUAYaNbHBIX TIpeCKa3aHUM MCIIOIb30BaJICS TIOZXOZ
conformal prediction, mO3BOJSFOLMI CTPOWTb WHTEPBa/Ibl TIPe/CKa3aHUsl C KOHTPOJIMPYEMBIM YDOBHEM TOKDBITHSI.
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[MonyueHHble pe3y/bTaThl MMOKA3bIBAIOT, UTO IUIa3MeHHble MeTabojOMHble TPOMUIN COAEPXKAT BOCIPOU3BOJUMYIO U
OUO/IOrMUeCKH 3HAUMMYI0 WH(GOPMALMIO, CBSI3aHHYI0 CO CTapeHueM. VICro/b30BaHWE CTPOTUX TMPOLIEAYDP BalWfaluy,
CPaBHUTE/IbHBIX METO/IOB Pery/isipi30BaHHOTO MO/e/TUPOBAHUs, PA3/IMUHBIX TOAXOZ0B K OTOOPY TPU3HAKOB U OLIEHKH
Heomnpee/IEHHOCTH [Jie/laeT MPeJIOKeHHYI0 MOfie/b HaJEKHbBIM WHCTPYMEHTOM [ijisl U3yueHHs: MeTabo/IMueckoro CTapeHust |
MEeXUHAUBU/Iya/IbHBIX PA3/IMuKMii B MpOLieccax CTapeHus.

KiroueBble cioBa: MeTabo/oMMKa, OWMOOTHUECKWE BO3pacT, crapeHue, MamuHHOe oOyuenue, Elastic Net, Ridge-
perpeccusi, oTOOp TPU3HAKOB, YCKOPEHWE CTapeHus, MeTabO/IOMHbIE Yachl, Pery/sipu30BaHHAasi pPerpeccusi, Tula3MeHHbIe
MeTaboUThI, KPOCC-BaTU/IALIVSI.

Introduction

Chronological age is a convenient but incomplete proxy for biological aging, as it does not fully capture substantial inter-
individual differences in physiological state, functional reserve, and susceptibility to age-related disease [1], [17]. Individuals
of identical chronological age may follow markedly different aging trajectories, motivating the development of biological age
as a more integrative measure of organismal function and aging rate [2], [19]. In recent years, molecular aging clocks derived
from epigenomic, transcriptomic, and metabolomic data have emerged as powerful tools for quantifying biological aging [3],
[4], [5], [17]. Among these approaches, metabolomics occupies a distinct position because metabolites represent downstream
products of cellular activity and reflect the combined influence of genetic background, environmental exposures, diet,
medication use, and ongoing physiological processes [6], [20]. As a result, metabolomic profiles provide a dynamic
representation of organismal state and may be particularly sensitive to functional aspects of aging and inter-individual
heterogeneity. Large-scale population studies have consistently demonstrated age-associated alterations in circulating lipids,
amino acids, sphingolipids, and related metabolites, many of which are linked to cardiometabolic risk, chronic inflammation,
and age-related disease [7], [8], [9]. Because many metabolic alterations associated with aging are also observed in chronic
diseases and metabolic disorders, distinguishing physiological aging from disease-related metabolic changes remains an
important challenge for biological age modeling. Consequently, developing aging clocks using well-characterized healthy
populations provides an essential reference for future applications in clinical cohorts. Several metabolomic age prediction
models have reported moderate to high predictive accuracy [10], [11], [12], [18]. However, many previous studies have
primarily focused on overall predictive performance, with less emphasis placed on robustness across modeling strategies,
feature selection approaches, and uncertainty of individual predictions. In high-dimensional metabolomic datasets, where
extensive multicollinearity between metabolites is common, regularization and feature selection become critical
methodological considerations. Elastic Net regression combines L1 and L2 penalties, allowing simultaneous coefficient
shrinkage and implicit feature selection while reducing overfitting.

Compared with epigenetic and transcriptomic clocks, metabolomic models offer complementary strengths. DNA
methylation-based clocks often achieve high precision and long-term temporal stability [3], [4], whereas transcriptomic models
capture dynamic gene expression patterns but may be sensitive to transient environmental effects [5]. Metabolomic profiles, in
contrast, reflect integrated downstream physiology and may therefore provide functionally relevant information about current
metabolic state and biological heterogeneity [6], [10], [11], [12]. Although this sensitivity may introduce greater short-term
variability, it may also increase responsiveness to physiological transitions, environmental exposures, and lifestyle-related
changes. In the present study, we developed a plasma metabolomics-based age prediction model using Elastic Net regression
and evaluated its performance within a computationally intensive repeated nested cross-validation framework. To assess the
robustness of the identified aging signal, we additionally compared alternative regularized and feature selection approaches,
including ridge regression, Random Forest-based feature importance selection, and recursive feature elimination (RFE).
Beyond predictive accuracy, we quantified metabolic age acceleration as a phenotype of aging heterogeneity and incorporated
conformal prediction to estimate individualized prediction uncertainty. Together, this framework positions metabolomic clocks
not only as age predictors, but also as quantitative tools for investigating metabolic remodeling and inter-individual variability
during aging.

Research methods and principles

2.1. Study Cohort and Metabolomic Profiling

The study included 296 adult participants with available plasma metabolomic profiles and recorded chronological age.
Data were obtained from the publicly available KarMeN (Karlsruhe Metabolomics and Nutrition) study, a comprehensive
population-based metabolomics project designed to investigate the influence of sex, age, body composition, nutrition, and
lifestyle factors on human metabolic profiles. The KarMeN cohort included healthy adult men and women aged 18 years and
older and incorporated extensive phenotypic, anthropometric, clinical, and metabolomic characterization. Plasma metabolite
concentrations were quantified using standardized high-throughput metabolomics platforms, including mass spectrometry—
based analytical methods and nuclear magnetic resonance spectroscopy, ensuring reproducible and comparable measurements
across samples. The dataset comprised several hundred metabolites, including lipids, lipoproteins, amino acids, phospholipids,
sphingolipids, and other low-molecular-weight compounds reflecting systemic metabolic processes and physiological state
[15]. The use of a healthy reference cohort allowed the model to characterize physiological metabolic aging while minimizing
confounding effects introduced by chronic diseases and metabolic disorders.

2.2. Data Preprocessing

Metabolomic data preprocessing was performed within a unified machine learning pipeline implemented in Python using
the scikit-learn framework. Prior to model development, metabolite concentrations were transformed using the Yeo-Johnson
power transformation to reduce skewness and stabilize variance across features. Subsequently, robust scaling based on the
interquartile range was applied to reduce sensitivity to outliers and non-normal feature distributions. Missing values were
handled using median imputation performed independently within each training partition. To prevent information leakage, all
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preprocessing operations, including imputation, transformation, and scaling, were recalculated separately within each cross-
validation fold and applied only to the corresponding validation subset. No explicit outlier removal was performed, as
regularized regression models are relatively robust to moderate deviations in feature distributions.

2.3. Age Prediction Model

Chronological age prediction was primarily performed using Elastic Net regression, which combines L1 (LASSO) and L2
(ridge) regularization. This approach enables simultaneous coefficient shrinkage and implicit feature selection, helping to
control overfitting in high-dimensional metabolomic datasets characterized by extensive multicollinearity between metabolites.
To evaluate robustness of the identified metabolomic aging signal, additional comparative models were implemented within
the same analytical framework. These included ridge regression, standard linear regression, and two alternative feature
selection strategies combined with Elastic Net regression. The first approach used Random Forest-based feature importance
selection, in which top-ranked metabolites were selected according to feature importance scores derived from ensemble tree
models. The second approach applied recursive feature elimination (RFE), which iteratively removed less informative
variables based on model coefficients. A dummy regressor predicting mean chronological age was additionally included as a
baseline reference model.

2.4. Cross-Validation and Model Evaluation

Predictive performance was assessed using repeated nested cross-validation. The inner loop was used for hyperparameter
tuning, while the outer loop generated out-of-fold predictions for each participant. This procedure ensured that each predicted
age was obtained from a model that had not been trained on that individual, providing an unbiased estimate of generalization
performance. The outer cross-validation consisted of 5 folds repeated 10 times (total of 50 outer splits) to improve stability of
performance estimates. Hyperparameter optimization for Elastic Net and ridge regression models was performed using
randomized search with 50 parameter configurations sampled from predefined distributions. For Elastic Net, the regularization
strength parameter was sampled from a log-uniform distribution ranging from 10~* to 10, while the mixing parameter
controlling the balance between L1 and L2 penalties was sampled from a uniform distribution between 0.05 and 0.95. Out-of-
fold predictions were generated for all participants such that each predicted value was obtained from a model that had not been
trained on the corresponding individual. This framework provides an approximately unbiased estimate of predictive
performance and substantially reduces the risk of information leakage and overfitting. Model performance was evaluated using
mean absolute error (MAE) as the primary metric and root mean squared error (RMSE) as a complementary measure.
Variability across validation folds was additionally quantified to assess stability of model generalization.

2.5. Definition of Age Acceleration

Metabolic age acceleration was defined as the residual difference between predicted age and chronological age at the
individual level:

Age Acceleration ; = Age; — Age;

where A:ge,- denotes the predicted age for individual i ,and Age; represents chronological age.

Positive values indicate accelerated metabolic aging, whereas negative values indicate a relatively younger metabolic
profile compared to chronological age.

2.6. Prediction Uncertainty

Individual prediction uncertainty was estimated using a jackknife+ conformal prediction framework [13], [14].
Nonconformity scores were derived from absolute residuals obtained from out-of-fold predictions. Prediction intervals were
constructed symmetrically around point estimates at a predefined significance level. Empirical coverage was calculated as the
proportion of individuals for whom chronological age fell within the corresponding prediction interval, allowing assessment of
interval calibration.

2.7. Feature-Level Statistical Analyses

To improve biological interpretability of the model, Spearman correlation coefficients were calculated between metabolite
concentrations and chronological age. Multiple hypothesis testing was controlled using the Benjamini-Hochberg procedure
with a false discovery rate (FDR) threshold of 5%. In addition, associations between metabolite concentrations and absolute
prediction error were evaluated to identify metabolites linked not only to chronological aging, but also to prediction stability
and model reliability. These analyses allowed differentiation between metabolites strongly associated with aging itself and
those contributing to robust predictive performance within multivariate models.

Main results

3.1. Prediction of Chronological Age

The primary Elastic Net model trained on plasma metabolomic profiles demonstrated stable and reproducible performance
in predicting chronological age under a computationally intensive repeated nested cross-validation framework. The validation
procedure consisted of 5-fold outer cross-validation repeated 10 times, resulting in 50 independent outer validation splits. Out-
of-fold predictions were generated for all individuals, ensuring that each predicted age was obtained from a model that had not
been trained on the corresponding sample. The relationship between predicted and chronological age is presented in Figure 1.
Overall, predicted values closely followed the line of identity, indicating strong agreement across the studied age range. The
majority of observations clustered near the diagonal, suggesting that the model captured a substantial proportion of age-related
metabolic variation. However, a gradual increase in dispersion was observed at higher chronological ages, likely reflecting
greater inter-individual metabolic heterogeneity in older participants.

Across repeated validation runs, the Elastic Net model achieved a mean absolute error (MAE) of approximately 6.04 +
0.52 years, while the root mean squared error (RMSE) was 7.28 years (Table 1). The relatively small standard deviation of
MAE across validation splits indicates stable generalization performance and robustness to sampling variability. Mean
prediction bias remained close to zero (—0.29 years), suggesting absence of systematic over- or underestimation. These
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findings demonstrate that plasma metabolomic profiles contain sufficient information to estimate chronological age with
moderate-to-high accuracy in a heterogeneous adult population.
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Figure 1 - Predicted and chronological age
DOI: https://doi.org/10.60797/jbg.2026.33.2.1

Note: relationship between predicted and chronological age for out-of-fold predictions; most points lie along the line of
equality, indicating a good match between predicted and true age across the sample; however, the spread of points increases
with chronological age, particularly in older age groups; this is consistent with the previously shown increase in prediction
error in older age and reflects increased metabolic variability in older participants

Table 1 - Overall performance of the age prediction model

DOI: https://doi.org/10.60797/jbg.2026.33.2.2

Metric Value (years)
Mean Absolute Error (MAE) 6.04 + 0.52
Root Mean Squared Error (RMSE) 7.28
Mean prediction bias -0.29

3.2. Prediction Error Across the Age Range

Prediction errors were further analyzed as a function of chronological age (Figure 2). Errors were symmetrically
distributed around zero, indicating good overall calibration of the model. The near-zero mean error additionally supports
absence of systematic prediction bias. Nevertheless, variability of prediction errors increased with age. Younger individuals
exhibited relatively compact error distributions, whereas older age groups demonstrated broader dispersion. Stratified analysis
by age quartiles confirmed this pattern, with the lowest MAE observed in middle-aged individuals and substantially larger
prediction errors detected in the oldest participants (Table 2).

This age-dependent increase in prediction variability likely reflects increasing biological heterogeneity during aging. Older
individuals may differ substantially in metabolic state owing to cumulative environmental exposures, lifestyle differences,
physiological adaptation, and varying rates of biological aging. Although the present cohort consisted of healthy participants,
inter-individual metabolic variability naturally increases with age. Consequently, chronological age becomes a progressively
less precise proxy for metabolic state in later life.
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Figure 2 - Prediction error depending on age
DOI: https://doi.org/10.60797/jbg.2026.33.2.3

Note: dependence of prediction error on chronological age; the errors are distributed relative to the zero line without a
pronounced systematic bias; the average error was —0.29 years, indicating no global bias in the model (Table 1)

Table 2 - Mean absolute error stratified by age quartiles
DOT: https://doi.org/10.60797/jbg.2026.33.2.4

Age quartile (years) MAE (years)
18.9-30.6 4.98
30.6-49.6 4.66
49.6-62.0 6.47
62.0-80.4 8.19

3.3. Comparative Modeling and Alternative Feature Selection

To evaluate robustness of the identified metabolomic aging signal, additional regularized and feature selection approaches
were assessed using the same preprocessing pipeline and a reduced validation framework (Table 3).

Ridge regression demonstrated predictive performance comparable to Elastic Net (MAE: 6.62), indicating that the aging-
related metabolomic signal remained stable across different regularization strategies. Models incorporating Random Forest—
based feature importance selection and recursive feature elimination (RFE) showed slightly reduced predictive accuracy
(MAE: 7.00 and 7.47 years, respectively), although they continued to substantially outperform standard linear regression and
the dummy baseline model (Table 3).

The reduced performance observed after explicit feature selection suggests that aging-related metabolomic information is
distributed across multiple correlated metabolic variables rather than concentrated within a small subset of dominant
metabolites. These findings support robustness of the proposed framework and indicate that the predictive signal captured by
regularized models remains reproducible across alternative feature selection approaches.

Table 3 - Comparison with baseline models

DOTI: https://doi.org/10.60797/jbg.2026.33.2.5

Model MAE (years)
Dummy regressor 14.90
Linear regression 10.42

ElasticNet_RFE 7.47
ElasticNet_RFSelect 7.00
Ridge 6.62
Elastic Net 6.04
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3.4. Age-Associated Metabolites

Spearman correlation analysis identified numerous metabolites significantly associated with chronological age after false
discovery rate correction (Figure 3). The strongest positive correlations were observed for lipid- and lipoprotein-related
measures, including LDL-associated fractions, sphingomyelins, and choline-containing phospholipids.

In contrast, several amino acids and lysophospholipids demonstrated negative correlations with age. This bidirectional
pattern suggests that metabolic aging is characterized by coordinated remodeling across multiple biochemical pathways rather
than uniform global increases or decreases in metabolite concentrations.

These observations are consistent with previous reports describing age-related alterations in lipid metabolism, lipoprotein
composition, and amino acid homeostasis. Importantly, metabolites strongly associated with age were not necessarily those
contributing most strongly to prediction stability, highlighting the distinction between biological association and predictive
utility in multivariate models.

3.5. Metabolites Associated with Prediction Stability

To explore determinants of model robustness, we analyzed correlations between metabolite levels and absolute prediction
error (Figure 4). Several metabolites, including carnitine, serine, and selected lipid fractions, were negatively correlated with
absolute error, indicating that higher levels were associated with more accurate predictions.

This suggests that certain metabolic states are more “age-informative” and yield more stable age estimates. Conversely,
other metabolic profiles may be influenced by factors unrelated to chronological aging, leading to increased prediction
variability.

Notably, metabolites strongly correlated with age were not always those most strongly associated with prediction stability.
This distinction highlights the difference between biological association and predictive utility in multivariate modeling.
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Figure 3 - Age-associated metabolites
DOIL: https://doi.org/10.60797/jbg.2026.33.2.6

Note: spearman correlations between plasma metabolites and chronological age after FDR correction, highlighting lipid- and
lipoprotein-related features as the strongest age-associated metabolites
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Figure 4 - Metabolites associated with prediction accuracy
DOI: https://doi.org/10.60797/jbg.2026.33.2.7

Note: spearman correlations between plasma metabolite levels and absolute age prediction error, identifying metabolites
associated with increased robustness and reduced prediction uncertainty

3.6. Metabolic Age Acceleration
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Metabolic age acceleration (predicted age minus chronological age) was centered around zero (mean —0.29 years; median
—0.66 years; SD 8.37 years), as shown in Figure 5. Values ranged from -25.26 to +22.69 years, with 50% of participants
falling between —5.99 and +6.12 years.

The distribution was approximately symmetric but exhibited substantial inter-individual variability. This variability
increased with chronological age, mirroring the pattern observed in prediction error analysis and reinforcing the concept of
increasing biological heterogeneity in later life.

Importantly, age acceleration should not be interpreted solely as model noise. While part of the variability reflects residual
prediction error, systematic shifts may represent meaningful deviations from population-average metabolic aging trajectories.

Distribution of metabolic age acceleration
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Figure 5 - Distribution of age acceleration
DOI: https://doi.org/10.60797/jbg.2026.33.2.8

Note: distribution of age acceleration values (predicted age minus chronological age) across the study population, showing a
near-zero mean and substantial inter-individual variability

3.7. Sex Differences and Menopause

Age acceleration distributions were broadly similar between men and women (Figure 6), with no substantial difference in
mean values. The overall overlap suggests that sex alone does not strongly drive metabolic age deviation in this cohort.

However, in a female-only subanalysis (n = 128), menopausal status was independently associated with higher metabolic
age acceleration after adjustment for chronological age. Postmenopausal women exhibited a noticeable shift toward higher
acceleration values (Figure 7).

This finding is consistent with known metabolic and hormonal transitions accompanying menopause and suggests that
metabolomic age may capture biologically meaningful physiological shifts beyond chronological aging alone.
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Figure 6 - Sex-specific distribution of age acceleration
DOT: https://doi.org/10.60797/jbg.2026.33.2.9

Note: distribution of age acceleration stratified by sex, showing broadly overlapping distributions with subtle differences in
distribution shape
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Figure 7 - Distribution of metabolic acceleration of age in premenopausal (Pre) and postmenopausal (Post) women
DOI: https://doi.org/10.60797/jbg.2026.33.2.10

Note: distribution of metabolic acceleration of age in premenopausal (Pre) and postmenopausal (Post) women after
adjustment for chronological age; violin plots with median and interquartile range are shown; the horizontal dotted line
corresponds to a zero value for age acceleration; in postmenopausal women, there is a shift in the distribution toward higher
values of metabolic acceleration (p = 0.006)

Discussion

In the present study, we developed and rigorously evaluated a plasma metabolomics-based framework for predicting
chronological age and quantifying metabolic age acceleration using regularized machine learning approaches. The primary
Elastic Net model achieved a mean absolute error of approximately 6.04 years under a repeated nested cross-validation
framework comprising 50 independent outer validation splits. This level of predictive accuracy is comparable with previously

published metabolomic aging clocks and demonstrates that plasma metabolomic profiles contain reproducible information
relevant to biological aging.
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A major strength of the proposed framework is the integration of rigorous methodological safeguards designed to improve
reproducibility and model reliability. Unlike many previous studies that primarily focused on predictive performance, our
analytical pipeline combined strict leakage-free preprocessing, repeated nested cross-validation, comparative evaluation of
multiple regularized models, alternative feature-selection strategies, and individualized uncertainty estimation using the
jackknife+ conformal prediction framework. Together, these methodological components provide a robust assessment of model
performance while minimizing optimistic bias arising from hyperparameter optimization and feature selection.

The comparative analyses further demonstrated that the metabolomic aging signal remained remarkably stable across
different regularization strategies. Ridge regression achieved predictive performance comparable to Elastic Net, whereas
explicit feature-selection methods based on Random Forest importance and recursive feature elimination resulted in only
modest reductions in predictive accuracy. These findings suggest that age-related metabolomic information is distributed
across numerous correlated metabolites rather than being driven by a limited number of highly informative biomarkers. Such
observations agree with the complex and systemic nature of biological aging, which affects multiple interconnected metabolic
pathways simultaneously rather than isolated molecular components.

The biological interpretation of the identified metabolic signatures is also consistent with current understanding of the
aging process. Lipid- and lipoprotein-related metabolites, including LDL-associated fractions, sphingomyelins, and
phospholipids, exhibited the strongest associations with chronological age. These metabolic alterations have previously been
linked to age-related remodeling of lipid metabolism, chronic low-grade inflammation, altered membrane composition, and
cardiometabolic dysfunction. Conversely, several amino acids and lysophospholipids demonstrated negative associations with
age, supporting the concept that aging is characterized by coordinated metabolic remodeling across multiple biochemical
pathways instead of uniform changes in metabolite concentrations.

Compared with epigenetic and transcriptomic aging clocks, metabolomic models provide complementary biological
information. DNA methylation clocks generally achieve excellent predictive precision and long-term temporal stability,
whereas transcriptomic clocks capture dynamic patterns of gene expression that may respond rapidly to environmental
influences [22]. Metabolomic profiles represent downstream physiological processes and integrate the combined effects of
genetic background, nutrition, lifestyle, environmental exposures, and ongoing metabolic regulation [20]. Although this
integrated nature may introduce greater short-term variability, it also makes metabolomic clocks particularly suitable for
investigating physiological transitions and functional aspects of biological aging.

The observed increase in prediction variability among older individuals likely reflects increasing biological heterogeneity
during aging. As individuals grow older, cumulative environmental exposures, lifestyle differences, physiological adaptation,
and natural variation in aging trajectories contribute to progressively greater diversity in metabolic profiles. Consequently,
chronological age becomes a less precise surrogate for underlying biological state, resulting in wider prediction variability
despite stable overall model performance. Rather than representing solely a limitation of the predictive model, this increasing
dispersion may itself reflect an intrinsic biological property of the aging process.

An important consideration concerns the potential influence of chronic diseases and metabolic disorders on metabolomic
age estimation. The present model was developed using the KarMeN cohort, which consists exclusively of healthy individuals
and therefore provides a robust reference for characterizing physiological metabolic aging. However, metabolic disorders such
as obesity, metabolic syndrome, type 2 diabetes mellitus, cardiovascular disease, chronic inflammatory conditions, and other
age-related pathologies are known to substantially modify circulating metabolite profiles independently of chronological age.
Consequently, these conditions may contribute to apparent metabolic age acceleration or alter the calibration of metabolomic
aging models. Future studies should therefore evaluate the proposed framework in clinically diverse populations and
investigate whether disease-specific recalibration or adaptation of metabolomic clocks is required to distinguish normal
biological aging from pathological metabolic alterations [16].

The association observed between menopausal status and increased metabolic age acceleration further supports the
biological relevance of the proposed framework. Menopause is accompanied by profound endocrine and metabolic changes,
including alterations in lipid metabolism, body composition, insulin sensitivity, and inflammatory signaling [21]. The
significant shift toward higher metabolomic age acceleration observed in postmenopausal women therefore appears
biologically plausible and suggests that metabolomic aging captures meaningful physiological transitions extending beyond
chronological age alone.

Several limitations should also be acknowledged. First, model development and validation were performed exclusively
using a cohort of healthy adults. Although this design minimizes biological confounding and provides a reliable reference for
physiological aging, the generalizability of the proposed metabolomic clock to individuals with chronic diseases or other
clinically relevant conditions remains to be established. Second, the study is based on cross-sectional data, preventing direct
assessment of longitudinal changes in biological aging within individuals. Future investigations using longitudinal cohorts,
independent external validation datasets, and more diverse populations will be essential for evaluating the long-term stability,
clinical applicability, and broader generalizability of metabolomic aging models.

Overall, the present findings demonstrate that plasma metabolomic profiles contain robust and biologically meaningful
information related to aging. By integrating rigorous validation procedures, regularized machine learning, comparative
modeling, feature-selection analyses, and individualized uncertainty quantification, the proposed framework provides a
reproducible foundation for future research on biological aging. With further validation in longitudinal and clinically
heterogeneous cohorts, metabolomic aging clocks may become valuable tools for investigating healthy aging, identifying early
metabolic alterations associated with age-related diseases, and evaluating interventions aimed at promoting healthy longevity.

Conclusion
In this study, we developed and rigorously evaluated a plasma metabolomics-based model for predicting chronological age
and quantifying metabolic age acceleration. The primary Elastic Net model demonstrated stable performance under a
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computationally intensive repeated nested cross-validation framework and achieved accuracy comparable to previously
reported molecular aging clocks. Beyond predictive performance, the identified metabolic patterns, particularly those related to
lipid and lipoprotein metabolism, were biologically consistent with established mechanisms of age-related metabolic
remodeling.

Importantly, comparative analyses using ridge regression and additional feature selection approaches demonstrated that the
identified metabolomic aging signal remained robust across alternative modeling strategies. The relatively small differences in
predictive performance between regularized models further suggest that aging-related metabolic information is distributed
across multiple correlated metabolic pathways rather than driven by a small subset of individual biomarkers.

Our framework additionally integrates uncertainty quantification through conformal prediction, allowing age estimates to
be interpreted alongside individualized measures of reliability. This feature enhances the practical value of metabolomic age
prediction, particularly in research settings where inter-individual heterogeneity and model confidence are important
considerations.

The proposed model was developed using a cohort of healthy individuals, providing a reliable reference for characterizing
physiological metabolic aging. However, further validation in populations with chronic diseases, metabolic disorders, and
independent external cohorts will be necessary to establish its broader generalizability and potential clinical applicability. In
addition, longitudinal studies will be important for evaluating the ability of metabolomic aging clocks to monitor biological
aging over time and to distinguish physiological aging from disease-associated metabolic alterations.

Taken together, our findings support the utility of plasma metabolomic profiles as informative indicators of biological
aging. By combining interpretable regularized modeling, robust validation, alternative feature selection strategies, and
uncertainty-aware estimation, this study provides a reproducible foundation for future investigations of metabolic aging. With
further longitudinal validation and integration across independent cohorts, metabolomic clocks may contribute to monitoring
aging dynamics, evaluating lifestyle or therapeutic interventions, and improving understanding of the metabolic mechanisms
underlying age-related decline.
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