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 69 

Biological age captures cumulative physiological decline but remains challenging to 70 

quantify across the full adult lifespan with mechanistic and clinical interpretability. 71 

Here we develop an interpretable metabolic aging clock based on high-throughput 72 

serum nuclear magnetic resonance (NMR) profiling in 29,390 individuals aged 7–106 73 

years across multiple cohorts. Using a machine-learning framework that integrates 74 

quantified metabolites and NMR-inferred clinical biomarkers, we achieve accurate age 75 

prediction (r = 0.88; RMSE  8.7 years) while resolving the multicollinearity that limits 76 

interpretability in spectral models. Feature attribution reveals a consistent biological 77 

signature dominated by chronic inflammation, kidney function, and energy 78 

metabolism, with albumin and erythrocyte sedimentation rate emerging as principal 79 

determinants of metabolic aging. Application to eleven pathogenic cohorts (analyzing 80 

serum from 3,882 additional patient donors that represent distinctive and most frequent 81 

causes of disease), shows that metabolic age acceleration reflects disease-specific 82 

distortions rather than uniform aging shifts, where acute inflammatory states, metabolic 83 

dysfunction, and organ-specific pathologies exhibit distinct signatures. In a prospective 84 

cardiovascular cohort, metabolic age acceleration precedes clinical events, 85 

highlighting its potential for early risk stratification. Together, these results establish 86 

an interpretable, scalable metabolic clock that links systemic biochemical states to 87 

aging trajectories and disease risk and provide a framework for precision medicine 88 

applications. 89 

 90 

Biological age, unlike chronological age, reflects the cumulative physiological decline driven by intrinsic 91 
genetic factors and extrinsic influences such as lifestyle, environment, and disease burden1,2. Metabolic aging 92 
clocks are computational models designed to estimate an individual’s biological age by analyzing age-93 
dependent patterns in metabolites3,4. Because metabolites represent the end products and intermediates of 94 
metabolic pathways, they provide an integrated and dynamic snapshot of cellular activity, mitochondrial 95 
function, and systemic homeostasis, all of which undergo progressive changes with aging5,6. 96 

The development of metabolic clocks builds on the observation that concentrations and interrelationships 97 
among circulating metabolites shift predictably with age across populations. Deviations between metabolic 98 
and chronological age (commonly termed “age acceleration” or “age deceleration”) may signal elevated 99 
disease risk, accelerated physiological decline, or conversely, metabolic resilience7,8. These conceptual 100 
foundations parallel those established for epigenetic, transcriptomic, and proteomic aging clocks, but with the 101 
advantage that metabolomic data can be obtained and analyzed more readily and reflect both long-term 102 
biological processes and short-term physiological adaptations9. 103 

Current metabolic aging clocks employ a variety of analytical platforms, most prominently mass-spectrometry-104 
based metabolomics and large-scale serum nuclear magnetic resonance (NMR) profiling. NMR spectroscopy 105 
has emerged as a particularly attractive platform for constructing aging clocks due to its high reproducibility, 106 
minimal sample preparation, direct quantifiability, and suitability for large-scale clinical or epidemiological 107 
studies. Furthermore, serum and plasma NMR provide unique access to clinically relevant features, such as 108 
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detailed lipoprotein subclass distributions and inflammatory glycoprotein markers (e.g., GlycA, GlycB), that 109 
are tightly linked to aging biology and cardiometabolic risk10,11. 110 

Several NMR-based metabolic clocks have already been developed, providing an expanding methodological 111 
foundation. Early efforts used NMR urine spectra to model metabolic age, demonstrating feasibility but limited 112 
precision due to the high short-term variability of urinary metabolites12. Subsequent large-scale studies 113 
leveraging serum or plasma NMR profiling have substantially improved performance: analyses of tens of 114 
thousands of individuals across Estonian, Finnish, and Dutch cohorts have shown that NMR-derived biomarker 115 
patterns can predict chronological age and associate metabolic age acceleration with all-cause mortality7,8,13, 116 
but these studies face cohort-specific biases and limited external validity. The UK Biobank cohort has also 117 
been extensively used to develop metabolic clocks using conventional algorithms14 and machine learning 118 
techniques15, but over a limited age range (40-71 y.o.). In turn, prospective analyses have been conducted on 119 
the same cohort to evaluate the sensitivity of metabolomic profiles in predicting the risk of up to 50 chronic 120 
diseases16. Despite these advances, published NMR-based aging models suffer from regression to the mean, 121 
systematically overestimating the age of younger individuals and underestimating it in older subjects, which 122 
severely limits their performance at the extremes of the lifespan. Moreover, epidemiological studies suggest 123 
that NMR spectra may also capture information related to clinical parameters17–19, but this possibility has not 124 
been explored in the development of metabolic clocks so far. 125 

To address the problem of lifespan coverage in metabolic clocks and expand the clinical interpretability of the 126 
models, we assembled one large cohort of 29,390 individuals, covering a broad age range (7-106 years) with 127 
focus on adults, by combining multiple independent cohorts. In addition to the general population cohort, this 128 
resource incorporates patient groups totaling 3,882 donors and covering 11 diseases that include major non-129 
communicable conditions as well as several infectious diseases. Building on the methodological perspective 130 
and initial proof-of-concept established in earlier NMR-based metabolomic aging research20, we here 131 
developed a machine-learning model for age prediction that prioritizes interpretability while considering both 132 
quantified metabolite concentrations and additional clinical parameters inferred from the same NMR spectra. 133 
The objective was twofold: i) to characterize metabolic and clinical patterns that define aging trajectories 134 
within a large cohort covering the entire adult lifespan; and ii) to examine how different disease cohorts of 135 
similar geographic origin and ethnicity localize within this metabolic aging space.  136 

 137 

Results 138 

Cohort Assembly and NMR Spectral Acquisition 139 

To develop metabolic aging clocks, we assembled a large cohort of 29,390 individuals by integrating up to 140 
seven different studies. The cohort was designed to represent the general population, with balanced sex 141 
distribution and a wide age range (7-106 years) but mainly targeting adult population. To independently 142 
validate the model, we also incorporated an external cohort obtained and measured in a different country and 143 
laboratory (Graz, Austria, n = 121). In addition, we included several disease-specific cohorts covering major 144 
non-communicable diseases (chronic kidney disease (CKD, n = 828), prostate cancer (PRC, n = 717), 145 
metabolic syndrome (MetS, n = 660), MASLD (n = 160), inflammatory bowel disease (IBD, n = 310), psoriasis 146 
(PSO, ns = 226), cardiovascular disease with associated posterior event (CVD, n = 59) and amyotrophic lateral 147 
sclerosis (ALS, n = 63)) as well as infectious diseases and related syndromes, including influenza (FLU, n = 148 
158), COVID-19 (COV, n = 470), and long COVID (LCOV, n = 231). Comprehensive descriptions of the study 149 
cohorts can be found in the supplementary cohort description file (SupCoDe.pdf). Additionally, the general 150 
characteristics for each individual cohort are detailed in Extended Data Tables 1-20. 151 

For each cohort (model training and validation, n = 29,390; external validation, n = 121; disease groups, n = 152 
3,882), serum samples were analyzed using NMR spectroscopy. Multiple spectra were acquired (see Methods), 153 
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each optimized for sensitivity to specific molecular features, including inflammatory markers, lipoproteins, 154 
and circulating metabolites (Fig. 1). 155 

 156 

Fig. 1 | Methodological workflow for the development of the interpretable metabolic aging clock. The flowchart illustrates the 157 
study design, starting with serum samples from a general population (balanced by age) and eleven disease cohorts. NMR spectroscopy 158 
is performed to acquire NOESY and J-Res spectra. The NOESY data is used to predict clinical parameters and to build a high-159 
performance age model; however, this age spectral model suffers from an interpretability problem due to high multicollinearity 160 
(κ=15,000). J-Res spectra are utilized for metabolite quantification. These metabolites and clinical parameters are combined into a 161 
preliminary age model, which is also limited by interpretability issues linked to multicollinearity (κ=38). To resolve this, a 162 
preprocessing step refines the features into a final interpretable age model (κ=16). Finally, SHAP groups are applied for enhanced 163 
interpretability, enabling metabolic distortion analysis in disease cohorts. 164 

NMR signal–based models for metabolic age prediction 165 

We first developed an age-prediction model using the binned 1D NOESY dataset, which captures signals from 166 
all molecular components detectable by NMR. To that end, we refined the full set of 29,390 samples to derive 167 
an age-balanced subset of 8,640 individuals (Fig. 1). The NOESY-based model achieved high predictive 168 
accuracy, with a Pearson correlation of r = 0.93 and a Root Mean Square Error (RMSE) of 6.5 years on the 169 
independent test set (Extended Data Fig. 1a).15 170 

To assess whether age-associated information was specific to the NOESY acquisition, we evaluated two 171 
complementary models based on the CPMG spectrum and the NOESY information in the time domain (free-172 
induction decay, FID). The CPMG-based model achieved a predictive performance comparable to NOESY (r 173 
= 0.92; RMSE = 6.8 years; Extended Data Fig. 1b), consistent with recent analyses demonstrating that NOESY 174 
and CPMG spectra encode highly overlapping structural variations, to the extent that CPMG profiles can be 175 
accurately derived directly from NOESY acquisitions21. Interestingly, the model trained on the unstructured 176 
FID data also remained highly predictive (r = 0.89; RMSE = 8.6 years; Extended Data Fig. 1c). This indicates 177 
that the dominant signals shaping the initial FID profile provide sufficient independent features for accurate 178 
age prediction without the need for a Fourier transform or accounting for the data's intrinsic time-domain 179 
sequentiality. 180 

SHapley Additive exPlanations (SHAP) were used to interpret the model. SHAP values represent the fair, 181 
weighted average contribution of a feature across all possible combinations. When applied to the NOESY 182 
dataset, the feature contributions exhibited a characteristically broad and non-specific distribution of SHAP 183 
values (Extended Data Fig. 2a). Direct interpretation of the NOESY model in the metabolic space proved 184 
unreliable due to the extreme multicollinearity inherent to binned NMR spectra: adjacent and partially 185 
overlapping resonances produced large blocks of highly correlated bins. To robustly quantify this redundancy, 186 
we computed the condition number (κ) of the feature matrix, a metric that reflects how multicollinearity affects 187 
the overall numerical stability of the dataset. Binned NOESY data yielded κ ≈ 1.5 × 10⁴, far exceeding the 188 
commonly accepted threshold of κ = 30, which indicates problematic multicollinearity22. 189 

 190 

 191 

 192 
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Interpretable aging clocks based on NMR-derived biomarkers 193 

The conventional approach to extract clinical value from serum NMR spectra involves assigning spectral 194 
signals to specific metabolites and quantifying them23–26. However, epidemiological studies based on NMR 195 
data suggest that these spectra may also capture information related to other well-established clinical 196 
parameters (directly or indirectly)17–19. Building on this premise, we trained supervised regression models to 197 
quantify 49 metabolites and infer 25 routinely measured clinical biomarkers, directly from NOESY spectra 198 
(see Methods and Extended Data Table 21). The selected parameters span key physiological domains, 199 
including carbohydrate and amino acid metabolism, ketone bodies, TCA cycle intermediates, and one-carbon 200 
metabolism, as well as lipid profiles, inflammatory markers, renal function indices, hematological variables, 201 
and protein-related measures. For metabolite quantification, a dedicated pipeline was applied to J-res spectra, 202 
using targeted spiking experiments as the primary validation reference. The predicted biomarkers exhibited 203 
moderate to strong correlations with their corresponding laboratory measurements (Extended Data Fig. 3), 204 
supporting their use as semiquantitative proxies rather than precise clinical measurements. 205 

This combined feature set (74 variables in total) served as the foundation for constructing an initial 206 
interpretable metabolic age model. Although this model achieved good predictive performance (r = 0.89; 207 
RMSE = 8.6 years; Extended Data Fig. 4a), analysis of the feature matrix still revealed clear signs of 208 
multicollinearity, yielding a condition number of κ ≈ 38 (well above the conventional threshold of 30). This 209 
redundancy structurally dispersed the resulting SHAP values, thereby compromising a clear and robust 210 
biological interpretation (Extended Data Fig. 4b)26. For example, GlycA and GlycB both exhibited high SHAP 211 
importance but with opposite directional effects on predicted age, a pattern that is physiologically implausible. 212 
For comparison, models trained exclusively on IVDr automated metabolite and lipoprotein reports (143 213 
parameters)27 also demonstrated robust predictive capacity (r = 0.86; RMSE = 9.3 years), but showing high 214 
collinearity (κ ≈ 180) due to the lipoprotein subfraction intrinsic cross-correlation, which also introduced 215 
additional complexity in feature attribution.  216 

To address this issue and obtain a fully interpretable biochemical representation, we intentionally bypassed 217 
automated dimensionality reduction techniques in favor of a manual, expert-curated preprocessing strategy. 218 
Starting from the original 74 features, redundant variables (exhibiting strong inter-correlations) were removed, 219 
and certain biochemical parameters were manually reformulated or aggregated to reduce overlap and improve 220 
the separability of physiologically distinct signals, resulting in a final set of 75 variables. Accordingly, 221 
hemoglobin, fructosamine, and total cholesterol were discarded due to redundancy with other biomarkers. The 222 
GlycB/GlycA ratio was computed and Glyc B removed because of its strong correlation with Glyc A. 223 
Additional metabolically meaningful ratios (including urea/creatinine, BCAA/AAA, lactate/pyruvate, and 224 
glutamine/glutamate) were introduced as potentially informative composite indicators of metabolic balance. 225 
Total protein was also decomposed into a non-albumin fraction to isolate a more specific signal. With this 226 
representation, we substantially reduced multicollinearity (from κ ≈ 38 to κ ≈ 16), while preserving the original 227 
biochemical meaning, thereby yielding a well-conditioned structure suitable for stable interpretation.  228 

The interpretable model achieved high predictive performance (r = 0.88; RMSE = 8.7 years; Fig. 2a), notably 229 
mitigating the regression to the mean effect typically observed in published clocks. Furthermore, it approached 230 
the accuracy of the NOESY-based model despite relying on substantially fewer and more biologically 231 
constrained features. Importantly, the reduction in multicollinearity resulted in stable and coherent SHAP value 232 
distributions (Fig. 2b), in contrast to the diffuse or contradictory attribution patterns observed in the 233 
unprocessed biomarker model (Extended Data Fig. 4c). 234 

 235 

 236 

 237 

 238 

 239 

 240 
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 241 

Fig. 2 | Biomarker-based interpretable metabolic age prediction model. a, Pearson correlation plot for the preprocessed biomarker 242 
feature set. The diagonal line represents the identity line, illustrating the minimal regression to the mean.  b, SHAP summary plot for 243 
the interpretable model. Each point corresponds to one sample, positioned along the x-axis by its SHAP value for a given feature; 244 
features are ordered by mean absolute SHAP value. Point color indicates the feature value (blue = low, red = high). c, External validation 245 
of the model showing chronological versus metabolic age. The external control cohort (Austria) is shown in red, plotted alongside an 246 
age-matched reference dataset in blue. 247 

To rigorously validate that the calculated metabolic distortion is not a statistical artifact driven by differences 248 
in chronological age distributions, we implemented an iterative random sub-sampling approach by using the 249 
pool of initially discarded samples (n = 20,750) (Extended Data Fig. 5, see Methods). Two-sample 250 
Kolmogorov-Smirnov tests comparing the metabolic distortion (differences between metabolic and 251 
chronological ages) revealed an exceptional structural alignment between the discarded samples and their 252 
matched reference counterparts. 253 

To definitively confirm the robustness and generalizability of our interpretable model, we evaluated its 254 
predictive performance on an independent external control cohort from general population in Austria (n = 121, 255 
age range 18-89), a geographically unrelated area and whose samples were acquired and measured 256 
independently in a different laboratory. As shown in Fig. 2c, the regression of predicted metabolic age against 257 
chronological age in this external cohort (r = 0.81) closely mirrored that of an age-matched subset from our 258 
primary reference dataset (r = 0.89). Furthermore, Kolmogorov-Smirnov test distributions of both groups 259 
yielded a p-value of 0.1, statistically confirming that the model's behavior does not differ between populations. 260 

Finally, to further assess the generalizability of the unified metabolic age model, we evaluated its performance 261 
separately in males and females and compared it with sex-specific models trained exclusively on each subgroup 262 
(Extended Data Fig. 6). The unified model achieved similarly strong accuracy in females (r = 0.909, RMSE = 263 
8.3 years) and males (r = 0.850, RMSE = 9.0 years). Training sex-specific models did not yield substantial 264 
improvements: the female-only model performed nearly identically to the unified model (r = 0.908, RMSE = 265 
8.2 years), and the male-only model showed just a modest increase in accuracy (r = 0.877, RMSE = 8.5 years). 266 
The slightly superior performance in females is likely explained by the larger number of older female 267 
participants in the dataset, reflecting their longer life expectancy. 268 

Biological architecture of metabolic aging as revealed by SHAP analysis 269 

To obtain a higher-level view of the biological processes underlying metabolic aging, SHAP values were 270 
grouped into predefined metabolic and clinical categories representing major physiological domains, including 271 
energy metabolism, kidney function, nitrogen homeostasis, inflammation, and cardiovascular risk markers 272 
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(Extended Data Table 22). This SHAP-group analysis revealed a clear and reproducible structure in the model’s 273 
decision-making (Fig. 3).  274 

The grouped SHAP analysis identifies chronic inflammation as the dominant axis of metabolic aging in this 275 
model, followed by nitrogen homeostasis, energy metabolism and structural integrity and systemic frailty. At 276 
the individual-feature level, albumin and erythrocyte sedimentation rate (ESR) displayed the largest mean 277 
absolute SHAP values (3.1 and 2.4 years, respectively), almost doubling the contribution of the next most 278 
influential features, alanine (Ala, 1.6 years) and 1,5-anhydrosorbitol (AnHsorb, 1.4 years).  279 

It is well-known that sex is a key determinant for metabolism. Consequently, SHAP analyses also revealed 280 
clear sex-specific differences in the biochemical determinants of metabolic age. Importantly, these differences 281 
were reproducible both when male and female samples were analyzed within the unified model and when 282 
SHAP values were derived from the sex-specific models themselves (Extended Data Fig. 6). In females, urea 283 
and estimated glomerular filtration rate (eGFR) contributed more strongly to age prediction, whereas in males, 284 
Ala and AnHsorb ranked among the most influential features. Despite these sex-dependent differences, the 285 
dominant contributors to metabolic aging remained consistent across analyses: albumin and ESR emerged as 286 
the top predictors in both sexes and in both modeling strategies. 287 

 288 

 289 

Fig. 3 | Contribution of SHAP groups. The main plot displays the total SHAP magnitude aggregated by predefined biological or 290 
clinical groups. An inset pie chart below illustrates the relative percentage contribution of each group to the overall metabolic age 291 
prediction. A complete list of the abbreviations used in this figure is available in the Supplementary Information (SupAbb.pdf). 292 

Application of the metabolic age model to disease cohorts 293 

We next investigated how the general population model behaves across a range of disease cohorts. Diseases 294 
included acute infections as well as non-communicable diseases and covering the main axis of pathology: 295 
cardiometabolic disease (CVD, MetS, CKD, MASLD), cancer (PRC), immunological disorders (IBD, PSO), 296 
neurodegenerative disease (ALS) and infection or infection-derived syndromes (COV, LCOV and FLU). For 297 
each condition, metabolic age was compared against chronological age, and the deviation from the reference 298 
regression line (termed metabolic distortion) was quantified. Positive distortion reflects an older-than-expected 299 
metabolic profile (accelerated aging), whereas negative distortion indicates relatively preserved or “younger” 300 
metabolic signatures.  301 

To benchmark disease-associated deviations, each cohort was compared against a reference group of 302 
individuals from the general population matched by age. For both cases and references, we computed the 303 
distribution of metabolic distortion and represented it as histograms (Fig. 4a-k). As expected from the 304 
calibration of the model in the balanced population, the matched reference groups showed distortion 305 
distributions centered around zero. In contrast, all disease cohorts exhibited right-shifted distributions, 306 
indicative of accelerated metabolic aging, and increased dispersion, reflecting enhanced inter-individual 307 
heterogeneity. All case–reference comparisons were statistically significant according to the Kolmogorov–308 
Smirnov test, with p-values far below 10-⁵ in most cohorts and p = 0.001 for LCOV. To further validate these 309 
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findings, the same procedure was applied to two control groups: an internal control consisting of the model’s 310 
independent test set (ITCL, Fig. 4l), and the external control comprising the general population cohort from 311 
Austria (ETCL, Fig. 4m). Both groups yielded distributions that were not statistically distinguishable from the 312 
reference baseline, with Kolmogorov–Smirnov p-values of 0.2 and 0.1 for the internal and external controls, 313 
respectively. These results confirm that the observed metabolic shifts are disease-specific and robust to inter-314 
laboratory variability. 315 

 316 

 317 
 318 

Fig. 4 | Metabolic distortion and SHAP differences across disease cohorts. a-k, Histograms of metabolic distortion (deviation from 319 
the reference regression line of metabolic age vs. chronological age) for each disease cohort (orange) and its age-matched reference 320 
group (blue), which was additionally sex-matched for the PRC cohort. For each panel, the sample size (n), the mean ± standard deviation 321 
of metabolic distortion for both groups, and the corresponding p-values from the Kolmogorov-Smirnov (K-S) test are indicated. i-m, 322 
Distribution of metabolic distortion for the internal control (independent model test set) and the external validation cohort (Austria), 323 
respectively, showing their alignment with the reference baseline. 324 

To explore the reversibility of disease-driven metabolic aging, we investigated the IBD cohort by comparing 325 
patients in clinical remission against those with active disease (Extended Data Fig. 7). Patients in remission 326 
showed a metabolic distortion approximately 3 years lower than those in the active group, accompanied by a 327 
3-year reduction in the standard deviation. This decreased variability was primarily driven by a lower 328 
prevalence of individuals with extreme metabolic age acceleration. These findings suggest that the metabolic 329 
distortion captured by our model is not a fixed state but can partially shift back toward the reference aging 330 
trajectory following clinical recovery (allostasis). 331 
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The prospective cardiovascular cohort is of particular interest in our analysis. Considering that all patients in 332 
this group experienced a CVD episode, examining their individualized metabolic age profiles is highly in-333 
formative. The corresponding SHAP waterfall plots illustrating these individual trajectories are presented in 334 
Extended Data Fig. 8. Overall, the patterns are highly heterogeneous, underscoring the intrinsic complexity of 335 
individuals at the metabolic level and highlighting the multifactorial nature of CVD events. Most patients 336 
exhibited an increased metabolic age compared with their chronological age, although with diverse combina-337 
tions of SHAP values, often consistent with pronounced lipid dysregulation, elevated glucose levels, and other 338 
CVD-associated markers. Interestingly, a common feature was elevated eGFR, which contributed to a lower 339 
predicted age (negative SHAP delta), likely reflecting a state of glomerular hyperfiltration; an early maladap-340 
tive hemodynamic response that often precedes cardiovascular events28.  341 

Representation of diseases along the metabolic aging trajectory 342 

To investigate how the different diseases under consideration differ from the normal aging we have performed 343 
a PCA analysis of all the groups, specifically centering the analysis on the general population (Fig. 5a). As 344 
expected, the closest group to the age model is the Austrian external validation cohort (Fig. 5a, inset). In the 345 
opposite end falls the CKD cohort, consistent with the severity of the disease of patients bound to dialysis for 346 
survival. In the kidney disease cohort, while uremic toxins (urea, myo-inositol, urate) strongly pushed the 347 
metabolic age upward (Fig. 5b), creatinine exhibited a large negative SHAP difference (note that this refers to 348 
the feature's SHAP value impact on the model, not its raw clinical value), effectively acting as a "rejuvenating" 349 
factor. This occurs because, in the healthy training population, higher creatinine is a marker of preserved 350 
muscle mass and robustness. The model, unaware of the renal failure context, interprets the pathological 351 
retention of creatinine as a sign of muscular health29.  352 

Other diseases that are well discriminated by the aging model include MASLD and infectious diseases (FLU 353 
and COV). MASLD profoundly disrupts liver metabolism (the liver being the central metabolic organ) likely 354 
affecting serum homeostatic concentrations. In contrast, infections such as COV are known to induce a 355 
significant, albeit temporary, metabolically accelerated aging30. The remaining diseases show moderate 356 
acceleration, consistent with the idea that their main contributing factors are already embedded within the 357 
aging process. For example, IBD and PSO are largely driven by inflammatory markers similar to those 358 
observed in age-related inflammation (inflammaging), while aging and MetS are often difficult to distinguish, 359 
likely reflecting the influence of Western dietary and lifestyle patterns in the cohort used to develop the 360 
metabolic clock. 361 

 362 

 363 

Fig. 5 | Principal component analysis and hierarchical clustering of disease cohorts based on metabolic age SHAP values. a, Prin-364 
cipal component analysis (PCA) biplot displaying the metabolic aging signatures of all evaluated disease cohorts relative to the baseline 365 
healthy control state (centered at the origin). The analysis is entirely driven by the absolute SHAP (|SHAP|) values extracted from the 366 
general population metabolic age model. The loading vectors (arrows) indicate the top 10 most influential metabolites driving the 367 
variance across diseases. Inset: A focused PCA excluding the highly dispersed cohorts (CKD, MASLD, COV and FLU) to resolve the 368 
spatial distribution and metabolic similarities of the remaining tightly clustered diseases. b, Heatmap and hierarchical clustering of the 369 
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disease cohorts based on their feature importance profiles. Only metabolites or clinical variables with a substantial impact (|SHAP| 370 
value > 1.5) in at least one cohort are represented. The dendrogram groups the diseases using Ward's minimum variance method, 371 
revealing shared patterns of metabolic deviation from the healthy baseline. Color intensity corresponds to the magnitude of the SHAP 372 
values. 373 

 374 

Discussion 375 

The present study demonstrates that high-throughput serum NMR dataset analysis, combined with machine-376 
learning modeling, yields a robust and biologically interpretable metabolic aging clock that captures disease-377 
related deviations from healthy aging trajectories. Unlike previous studies, which often adjust for sex as a 378 
covariate or necessitate separate sex-specific clocks due to known dimorphisms in metabolic aging31,32, we 379 
found that a single, unified model trained jointly on men and women performed as well as stratified versions. 380 
It is important to emphasize that this unification does not obscure biological nuances and, for example, markers 381 
of kidney function (urea, eGFR) contributed more strongly to the age estimate in women, whereas glycemic 382 
markers (Ala, AnHsor) were relatively more important in men, consistent with established sex differences in 383 
renal aging and glucose handling33,34.  384 

It is well-known that high-dimensional omics data often obscure single-feature explanations35–37. To overcome 385 
this effect, we implemented a framework based on quantified metabolites and clinical parameters obtained 386 
from the NMR data. This strategy yielded numerically stable and physiologically consistent SHAP patterns 387 
with only a modest trade-off in predictive performance, in line with previous observations where pathway-388 
level features facilitated mechanistic insight without sacrificing robustness37,38. 389 

The principal marker related to aging is the inflammation and immune activity axis with the specific selection 390 
of albumin and ESR by the model over more transient markers like C-reactive protein. While cytokines and 391 
acute-phase proteins fluctuate rapidly, albumin (a negative acute-phase reactant) and ESR (driven by 392 
fibrinogen and immunoglobulins) provide a time-integrated readout of the systemic inflammatory state39–41.  393 
Glyc and SPC signals (uniquely measured by NMR spectroscopy) are well-known to be involved in acute 394 
inflammation42,43 and they did moderately contribute to the age-related inflammation marker. All this fits neatly 395 
within the concept of "inflammaging," the chronic, low-grade, sterile inflammation that accumulates with age. 396 
Inflammaging is now recognized as a central mechanistic axis linking many of the hallmarks of aging to age-397 
related diseases44. Moreover, the inflammatory burden seems to disrupt systemic energy homeostasis, 398 
generating a self-reinforcing cycle of immunometabolic dysregulation. The prominence of nitrogen 399 
homeostasis alongside energy metabolism indicates that alterations in systemic amino acid handling may be 400 
as critical as direct glycemic dysregulation in the aging process45–47. Closely linked to these shifts, structural 401 
integrity and systemic frailty emerged as a major determinant of the clock, largely driven by albumin levels. 402 
This reflects the dual nature of albumin in the context of aging: acting both as a negative acute-phase reactant 403 
linked to systemic inflammaging and as a fundamental indicator of nutritional status and protein reserve1,48. 404 

The metabolic clock also identifies kidney function and nitrogen waste as critical determinants of metabolic 405 
age. This relationship is consistent with recent evidence positioning the kidney as a paradigmatic organ of age-406 
related decline, where the senescence-associated secretory phenotype and chronic inflammaging accelerate 407 
tissue dysfunction and impair regenerative capacity49. The combined SHAP contribution of urea, urate, and 408 
eGFR suggests that the model captures the progressive accumulation of uremic retention solutes and the 409 
gradual loss of filtration capacity associated with these processes. Furthermore, the interplay between one-410 
carbon and methylation metabolism and redox homeostasis underscores the systemic impact of aging on 411 
cellular maintenance. The contribution of methylation-related metabolites and glutathione-precursor amino 412 
acids likely reflects the convergence of epigenetic drift and the gradual exhaustion of antioxidant defenses 413 
under persistent oxidative stress. 414 

Finally, the persistence of an atherogenic profile within lipoprotein and cardiovascular risk markers, alongside 415 
alterations in muscle and BCAA metabolism, probably acts as a downstream integrator of this systemic 416 
deterioration. Heavily influenced by the dominant overall contribution of inflammation and immune activity, 417 
this signature suggests that cytokine-mediated disruption of proteostasis and systemic insulin resistance 418 
synergistically promote both atherogenic dyslipidemia and the metabolic signatures of muscle frailty. 419 

The application of the model to disease cohorts revealed that "metabolic age acceleration" is not a uniform 420 
phenomenon but rather a disease-specific distortion of the healthy aging trajectory. We quantified this as the 421 
difference in SHAP values between patients and age-matched controls (Fig. 4 and Extended Data Fig. 9 and 422 
10). The most profound distortions were observed in acute infections and active inflammatory states. Patients 423 
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with FLU, COV, and IBD exhibited large positive shifts in metabolic age driven by a massive intensification 424 
of the inflammatory axis. In these cohorts, the contributions of ESR, C-reactive protein, and albumin deviated 425 
dramatically from the reference (e.g., ESR SHAP delta > +5 years in FLU). This surge highlights that the 426 
"inflammaging" clock, when exposed to acute-phase responses, captures a biochemical mimicry of advanced 427 
catabolic aging50. Interestingly, LCOV presented a distinct signature with the overwhelming inflammatory 428 
signal subsided, and the drivers shifted toward metabolic inefficiencies, specifically glutamic acid and glucose. 429 
This suggests that persistent post-acute sequelae may be driven less by systemic inflammation and more by 430 
lingering dysregulation in bioenergetics and neurotransmitter metabolism51. 431 

MASLD exhibited a unique hierarchical reordering of metabolic drivers. Although inflammatory markers 432 
remained relevant, the primary driver of age acceleration was glutamic acid, which exhibited a massive positive 433 
SHAP contribution, clearly distinct from other cohorts. Glutamic acid occupies a central metabolic node, 434 
linking amino acid metabolism, the TCA cycle, nitrogen handling and the urea cycle, and glutathione synthesis. 435 
Although not specific to liver disease and reflective of systemic metabolic dysfunction, elevated glutamic acid 436 
in MASLD likely arises from increased protein turnover and amino flux, enhanced transamination reactions 437 
(e.g., ALT and AST), mitochondrial dysfunction, oxidative stress, and insulin resistance, which shifts central 438 
carbon metabolism toward amino acid-derived gluconeogenesis. Together, these processes lead to altered 439 
glutamic acid handling and its accumulation in circulation52. Similarly, in the CKD cohort, the model captured 440 
a pronounced organ-specific metabolic rewiring. The overall metabolic distortion was heavily dominated by 441 
the systemic accumulation of uremic toxins (including urea, myo-inositol, and urate) and major alterations in 442 
creatinine levels, which collectively emerged as the principal drivers of metabolic age prediction, reflecting 443 
the profound consequences of declining renal filtration capacity.  444 

In line with these observations, PCA analysis across the cohorts delineated three clear axes of metabolic 445 
distortion (Fig. 5). One major axis reflects renal impairment, heavily weighted by eGFR and diverse uremic 446 
toxins. A second axis maps the inflammatory burden, driven by albumin, ESR, and C-reactive protein, which 447 
clearly isolates the infectious disease cohorts (COV and FLU). The third axis captures a strictly metabolic 448 
signature, primarily governed by glutamic acid and sarcosine, which distinctly characterizes the MASLD 449 
cohort. This spatial separation further illustrates how different diseases accelerate the metabolic clock through 450 
independent, biologically coherent pathways. 451 

A clinically relevant finding emerged from the prospective CVD cohort. Although clinically healthy at baseline, 452 
individuals who subsequently developed cardiovascular events exhibited a distinct metabolic acceleration of 453 
approximately 8 years relative to matched controls. This anticipatory shift suggests that the model captures 454 
subtle, prodromal biochemical alterations well before the onset of overt clinical symptoms.  455 

The study has several limitations. Although the cohort is large and age-balanced, it predominantly represents 456 
a Caucasian population. Furthermore, the paradox of "false rejuvenators" remains a conceptual challenge at 457 
the individual feature level. This phenomenon occurs because certain parameters reflect different physiological 458 
states in normal aging compared to specific diseases. For example, while elevated creatinine is a sign of pre-459 
served muscle mass and robustness in the healthy general population, it is a marker of severe renal damage in 460 
patients with CKD. Such context-dependent reversals can theoretically mislead models into assigning a lower 461 
biological age to sick individuals, as has been previously observed in predictive clocks applied to colorectal 462 
cancer patients53. Therefore, the specific variables driving metabolic deviations must always be interpreted 463 
independently within a clinical framework, as a "younger" molecular signal is not inherently beneficial if it 464 
stems from a disruption of normal homeostasis. That said, although individual features could exhibit isolated 465 
"rejuvenating" SHAP values in our study, this effect was consistently outweighed by the broad coverage of our 466 
biomarker panel across diverse physiological processes, and our interpretable model never produced a net 467 
deviation toward a younger overall metabolic age in any of the analyzed disease cohorts.  468 

In conclusion, this work establishes an interpretable and scalable NMR-based metabolic aging clock that 469 
captures both the shared and disease-specific biochemical processes underlying human aging. By integrating 470 
metabolite quantification with clinically relevant biomarkers and addressing multicollinearity through a 471 
biologically informed framework, the model achieves a balance between predictive performance and 472 
mechanistic insight. Beyond accurate age estimation, the concept of metabolic distortion provides a useful tool 473 
to understand how different pathologies diverge from normative aging trajectories, highlighting the 474 
heterogeneity of disease-associated metabolic remodeling. Future studies should focus on extending validation 475 
across more diverse populations, incorporating longitudinal data to capture temporal dynamics, and integrating 476 
additional omics layers to further refine the biological interpretation of metabolic aging. 477 
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 478 

Methods 479 

Cohorts and study population. This study incorporated data from a multi-national consortium. The reference 480 
population was recruited across Spain and Portugal, whereas independent disease cohorts were collected from 481 
Spain, Italy and the United Kingdom. Additionally, a general population control cohort from Austria was 482 
included for external validation of the reference population model. All samples were double coded prior to 483 
analysis to ensure full anonymization. The cohorts included in the foundational dataset are described in the 484 
corresponding supplementary file (SupCoDe.pdf), with detailed metadata and descriptive statistics for each 485 
cohort provided in Extended Data Tables 1-20. 486 

Blood collection and serum preparation. Venous blood was obtained from fasting individuals (unless 487 
otherwise specified) following standardized operating procedures, as previously described54. After allowing 488 
coagulation at room temperature, samples were centrifuged, and the serum was aliquoted into cryogenic vials. 489 
All aliquots were stored at –80 °C until analysis, to ensure sample stability and comparability across cohorts. 490 
The protocol was implemented uniformly across all participating centers to minimize pre-analytical variability. 491 

NMR spectra acquisition. High-throughput 1H-NMR spectra were acquired on Bruker Avance III HD and 492 
Neo 600 MHz instruments equipped with BBI or TXI probes and SampleJet™ automation systems. 493 
Measurements were performed at 310K following previously validated calibration and QC procedures to 494 
secure reproducibility27. For each serum sample, three spectral datasets were generated: (i) a quantitative 1D 495 
1H NOESY experiment with water suppression (Bruker pulse program noesygppr1d), (ii) a 1D CPMG (Carr–496 
Purcell–Meiboom–Gill) sequence (cpmgpr1d), used to attenuate signals from macromolecules such as proteins 497 
and lipoproteins and single out low-molecular-weight metabolites, and (iii) a fast 2D J-resolved experiment 498 
(J-Res, jrespprqf), to resolve peak overlap, assist in metabolite assignment and improve quantification. The 499 
automated Bruker metabolite and lipoprotein profiles used for comparison were generated automatically from 500 
these spectra using B.I.Quant-PS™ and B.I.LISA™ software respectively. Additionally, 1D-PGPE (Pulsed 501 
Gradient Perfect Echo, zggppezf.ivdr) spectra were acquired to quantify specific inflammation markers (GlycA, 502 
GlycB, and SPC) using Bruker algorithms (PhenoRisk PACSTM)55. 503 

Data preprocessing. Intensity normalization was performed using the electronic reference signal for in-tube 504 
calibration (ERETIC) method, which introduces an artificial reference signal in each spectrum with an integral 505 
corresponding to a 10 mM 1H concentration. Subsequently, chemical-shift alignment was refined by calibrating 506 
each spectrum to the alanine CH₃ resonance, ensuring that peak positions were harmonized across the dataset. 507 
To guarantee that all spectra shared an identical chemical-shift grid, each spectrum was interpolated to a 508 
common ppm axis prior to feature extraction. After alignment, a spectral binning optimization procedure was 509 
carried out to determine the best trade-off between dimensionality reduction and information retention. For the 510 
age model, a final bin width of 0.0115 ppm (n = 1,039 points) was selected, corresponding to a 50-fold 511 
reduction of the processed spectral resolution (Extended Data Fig. 12). All NMR data for the clinical-parameter 512 
prediction models was preprocessed using an analogous bin optimization strategy. 513 

For alternative modelling based on raw time-domain NMR data, the FID was used directly as input instead of 514 
the processed spectrum. As an analogue to spectral binning, each FID was truncated after 512 complex points 515 
(with 512 real and 512 imaginary components), corresponding to the high–signal-to-noise region of the 516 
acquisition and capturing most of the informative time-domain dynamics. No additional apodization or zero-517 
filling was applied, thus minimizing any bias and allowing the model to learn directly from the intrinsic FID 518 
structure. 519 

Metabolite quantification. To resolve overlapping resonances and obtain clear signals for complex 520 
metabolites, we utilized two-dimensional J-resolved (J-res) spectroscopy. However, because J-res is inherently 521 
non-quantitative, targeted spiking experiments were required to extract specific calibration coefficients. These 522 
coefficients were subsequently incorporated into a quantitative pipeline applied to the J-res spectra to calculate 523 
the final concentrations for up to 49 metabolites. Conversely, for metabolites exhibiting well-resolved, non-524 
overlapping resonances directly in the 1D NOESY spectra, concentrations were derived from the standard 525 
Bruker quantitative profiling (B.I.Quant-PSTM)22. This combined strategy allowed us to optimize precision and 526 
robustness across metabolites with different spectral characteristics. As metabolite levels were used as model 527 
features, the procedure prioritized internal precision and cross-sample consistency over absolute quantification. 528 
The quantified metabolites are listed in Extended Data Table 21. 529 
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In addition, special care was taken to resolve specific peak overlaps for trimethylamine-N-oxide (TMAO) and 530 
sarcosine. TMAO and betaine share a major resonance at approximately 3.28 ppm, which is the only detectable 531 
signal for TMAO, but one of several for betaine. To disentangle their contributions, betaine was first quantified 532 
from its well resolved resonance at ~3.91 ppm; its expected contribution to the signal integral at 3.28 ppm was 533 
then back-calculated and subtracted to derive the TMAO concentration from the residual signal integral. 534 
Sarcosine shows an intense singlet at 2.76 ppm from its CH3 group that overlaps with the triplet signal from 535 
an aliphatic fatty acid. Considering the expected 1:2:1 intensity distribution within a triplet then allowed to 536 
extrapolate its overlapping central from one well resolved lateral signal integral and subtracting the former to 537 
derive the sarcosine concentration from the residual integral.    538 

Prediction of clinical parameters. Concomitant with metabolite quantification, we derived a complementary 539 
set of 25 clinical biomarkers directly from the quantitative 1D 1H spectra using supervised regression models. 540 
These were trained to reproduce standard laboratory measurements alongside Bruker-derived quantifications 541 
for GlycA, GlycB, and SPC. Pipeline selection and hyperparameter optimization were carried out using the 542 
TPOT AutoML framework56. Each model was evaluated by computing the Pearson correlation between NMR 543 
estimated values and their corresponding clinical measurements on an independent 20% test subset excluded 544 
from the model training. The full list of inferred biomarkers is given in Extended Data Table 21. 545 

Balancing strategy. From a total initial dataset of 29,390 samples from the general population, and to avoid 546 
age related sampling biases, the dataset was stratified into five age intervals (7–30, 31–40, 41–50, 51–65, and 547 
>65 years). To ensure balanced representation across both age and sex (total n = 8,640), an equal number of 548 
participants was randomly selected from the first three intervals. For the oldest category, where women are 549 
naturally more represented due to higher life expectancy, the sampling was adjusted to ensure the overall sex 550 
balance across the entire dataset. This led to a compensatory imbalance within the older groups, where the 551 
smaller number of male participants selected in the >65 age group (735) was offset by selecting a 552 
correspondingly larger number of male participants in the 51-65 age group (993), as summarized in Extended 553 
Data Table 23. Extended Data Fig. 13 compares the age distribution of the full dataset with that of the balanced 554 
subset. 555 

Machine learning models for age prediction. All models were trained using an identical machine learning 556 
architecture derived from the TPOT AutoML framework. After feature standardization, predictions were 557 
generated through a stacking ensemble combining a Ridge linear regression57 model with an ExtraTrees 558 
regressor58. For each modeling strategy, the dataset was partitioned such that 20% of the samples were excluded 559 
from the training to lateron serve as an independent test set for final evaluation. The remaining 80% of the data 560 
was used for training and internal validation through five-fold cross-validation.  561 

For the iterative negative control approach (Extended Data Fig. 5), a pool of initially discarded samples (n = 562 
20,750) was used in 1,000 iterations of 1,000 healthy discarded samples each. For each iteration, a new specific 563 
sub-cohort from the reference data was dynamically drawn to precisely match the age distribution of the 564 
discarded subset, and their metabolic distortions were computed. Two-sample Kolmogorov-Smirnov tests 565 
revealed an exceptional structural alignment between the discarded samples and their matched reference 566 
counterparts, as characterized by an insignificantly small mean D-statistic (Extended Data Fig. 5b) and a vast 567 
majority of non-significant iterations (Extended Data Fig. 5c). 568 

Model interpretability. Feature relevance and model behavior were analyzed using SHAP explanations59. To 569 
obtain a stable and biologically meaningful interpretation focused on the magnitude of influence, individual 570 
SHAP values were aggregated into predefined SHAP groups corresponding to specific metabolic pathways 571 
and clinical domains (Extended Data Table 22). The SHAP value for each group was calculated as the sum of 572 
the absolute SHAP values of all its constituent features. 573 

Software and computational environment. All data processing, automated machine learning, and statistical 574 
analyses were implemented in Python (v. 3.9.17). The core computational environment utilized NumPy (v. 575 
1.23.5) and Pandas (v. 1.5.3) for data manipulation, nmrglue (v. 0.9) for NMR data extraction and processing, 576 
scikit-learn (v. 1.4.1.post1) and TPOT (v. 0.12.2) for machine learning workflows, SHAP (v. 0.42.1) for model 577 
interpretation, and Matplotlib (v. 3.7.2) for data visualization. To guarantee strict cross-platform 578 
reproducibility, the complete analytical pipelines for both metabolite quantification and the prediction of 579 
clinical parameters were encapsulated within a custom Docker container based on a lightweight Debian 580 
environment. 581 

 582 
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Data availability 583 

Underlying data are available upon reasonable request to the corresponding authors, subject to cohort-specific 584 

data-sharing agreements and ethical restrictions. 585 
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