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METHODS  

Trial participants and proteome characterization 

A total of 17,604, 529, 616, 3,533 and 9,650 participants were enrolled in the SELECT 

(NCT03574597)1, STEP-HFpEF (heart failure with preserved ejection fraction; NCT04788511)2, 

STEP-HFpEF DM (diabetes mellitus; NCT04916470)3, FLOW (NCT03819153)4 and SOUL 

(NCT03914326)5 trials, respectively. A subset of these participants consented to inclusion in 

proximity extension assay-based proteomic analyses using the Olink Explore HT panel (Olink 

Proteomics, Uppsala, Sweden), which measures the relative abundance of 5,416 unique 

proteins using proximity extension assay technology6. 

After quality-control filtering, 1,641, 416, 469, 2,271 and 5,255 participants remained from 

SELECT, STEP-HFpEF, STEP-HFpEF DM, FLOW and SOUL, respectively. In SELECT, participants 

were selected for Olink Explore HT proteomic measurement based on a nested case-control 

design, in which individuals who experienced a major adverse cardiovascular event (MACE) or 

heart failure (HF) event during the trial were matched with an equal number of event-free 

participants. Analyses were conducted at week 20 for SELECT; weeks 20 and 52 for STEP-HFpEF 

and STEP-HFpEF DM; weeks 12, 52 and 156 for FLOW; and weeks 13 and 104 for SOUL. 

Baseline tables and cross-sectional analyses included participants with available Olink 

proteomic measurements at baseline, whereas longitudinal analyses were restricted to 

participants with the required baseline and post-baseline proteomic measurements. 

Application of organ-specific mortality clocks 

Goeminne, L. J. E. et al7 developed plasma protein-based prediction equations in UK Biobank to 

estimate chronological age and all-cause mortality risk/time to death7. In the present analysis, 

we used the mortality-trained equations and applied them to trial proteomics data without re-

training or re-estimating model coefficients. In this manuscript, “clock” refers to the fixed 

published prediction model, whereas “biological-age score” refers to the participant-level 

output obtained after applying the model and converting the predicted mortality hazard to years. 

For each trial participant and proteomic timepoint, we computed clock-derived scores for 18 

organ systems using the published Goeminne, L. J. E. et al7 mortality-clock equations: adipose, 
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adrenal, artery, brain, esophagus, heart, immune, intestine, kidney, liver, lung, muscle, 

pancreas, pituitary, salivary, skin, stomach and thyroid. For each organ-specific model, the 

participant’s Olink Normalized Protein eXpression (NPX) value for each available protein was 

multiplied by the corresponding published coefficient and summed to generate a predicted 

relative log-mortality hazard score. 

A protein could contribute to more than one organ-specific equation. When this occurred, the 

same participant-level NPX value was used separately in each relevant organ equation and 

multiplied by the coefficient specific to that equation. Thus, shared proteins contributed 

independently to each organ-specific score, but scores from different organs were not added 

together and proteins were not counted more than once within a given clock score. 

Of the 2,916 proteins included in the published mortality-clock equations, excluding sex-specific 

clocks, 100 proteins were unavailable after quality-control filtering in SELECT, FLOW and SOUL, 

and 91 were unavailable in STEP-HFpEF and STEP-HFpEF DM. These proteins were omitted from 

downstream calculations. 

In addition to the 18 organ-specific scores, we applied three composite mortality-clock 

equations defined by Goeminne, L. J. E. et al7: the multiorgan score, based on the combined 

protein set from the organ-specific models; the conventional score, based on the all-protein 

mortality model; and the organismal score, based on the conventional model after excluding 

proteins included in the multiorgan model. These composite scores were taken from Goeminne, 

L. J. E. et al7 and were not newly derived in the present study. The conventional mortality clock 

was trained against all-cause mortality/time to death rather than an organ-specific endpoint. 

Predicted relative log-mortality hazard scores were then converted to biological age in years 

using the Gompertz-based transformation described by Goeminne, L. J. E. et al7. 

Multimodal computational analysis 

All computational analyses were performed in R v4.4.1 (https://www.R-project.org/) unless 

otherwise stated. 

Chronological-age calculation 

Chronological age at the time of proteomics sample collection was calculated from participant 

birth dates and sample collection dates. Birth date information was available as complete dates 

(YYYY-MM-DD) for all participants in SOUL and FLOW and for most participants in SELECT, year-

month (YYYY-MM) for most participants in STEP-HFpEF and STEP-HFpEF DM, and year-only 

(YYYY) for a subset of participants in SELECT. To standardize age calculations, birth dates with 



 

year-only precision were assigned to the middle of the respective birth year, whereas birth dates 

with year-month precision were assigned to the 15th day of the specified month. Age was 

computed as the precise interval between the standardized birth date and the sample collection 

date, expressed in decimal years using the lubridate R package. This approach yielded age 

estimates with a maximum uncertainty of ±6 months for participants with year-only birth date 

records and ±15 days for participants with year-month birth date records. 

Application of organ-specific mortality models to clinical trial proteomics data 

Organ-specific mortality-clock scores were computed for each participant at each independent 

timepoint where proteomics was acquired, separately across all five trials. For each organ-

specific, organismal, multiorgan and conventional mortality-based model, predicted relative log-

mortality hazard scores were calculated by multiplying the published model coefficients by the 

corresponding Olink NPX values at the given timepoint and summing across all contributing 

proteins: 

𝑦𝑦�𝑖𝑖 = �𝛽𝛽𝑝𝑝
𝑝𝑝

⋅ 𝑥𝑥𝑖𝑖𝑖𝑖 

Where 𝑦𝑦�𝑖𝑖  is the predicted relative log(mortality hazard) for participant 𝑖𝑖 , 𝛽𝛽𝑝𝑝  is the published 

coefficient for protein 𝑝𝑝 and 𝑥𝑥𝑖𝑖𝑖𝑖 is the baseline NPX value for protein 𝑝𝑝 in participant 𝑖𝑖.  

To facilitate interpretation, predicted relative log-mortality hazard scores were converted to 

mortality age in years using the Gompertz-based transformation described by Goeminne, L. J. E. 

et al7. Briefly, each participant’s predicted score was mapped to the chronological age at which 

an average individual in the reference population would have the same predicted mortality 

hazard. Specifically, for a given participant 𝑖𝑖  with predicted relative log-mortality hazard 𝑦𝑦�𝑖𝑖 , 

mortality age was calculated as: 

Biological age𝑖𝑖 =
𝑦𝑦�𝑖𝑖 − α�𝛼𝛼 + 𝛽𝛽 ⋅ 𝑎𝑎
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where 𝛼𝛼  and 𝛽𝛽 are the intercept and slope, respectively, from a linear regression of predicted 

relative log(mortality hazard) on chronological age in the reference population. Biological age 

was therefore expressed in years, enabling direct interpretation of longitudinal treatment effects. 

Age deviation was calculated as the residual from a linear regression of biological age on 

chronological age for each clock. Biological age was used for treatment-effect analyses, whereas 

age deviations were used for baseline association analyses and treatment-interaction analyses. 

  



 

Application of UK Biobank proteomic frailty score (PFS) to clinical trial data 

Frailty was defined according to Jia, X. et al8 as a UK Biobank frailty index based on 49 self-

reported items across sensory, cranial, mental well-being, infirmity, cardiometabolic, 

respiratory, musculoskeletal, immunologic, cancer, pain and gastrointestinal conditions, with 

the PFS representing an Olink NPX-based least absolute shrinkage and selection operator 

(LASSO)-derived molecular proxy of that index. PFS were obtained by averaging the LASSO 

regression coefficients across all ten models published by Jia, X. et al8 to create a single 

ensemble model, and applying the averaged coefficients to the corresponding Olink NPX values: 

ŷᵢⱼ = Σₚ βₚⱼ · xᵢₚ, where ŷᵢⱼ is the predicted frailty score for participant i from model j, βₚⱼ is the mean 

coefficient for protein p in LASSO model j and xᵢₚ is the NPX value for protein p in participant i. To 

remove age-related confounding, PFS values were age-adjusted by extracting residuals from a 

linear regression of predicted frailty scores on chronological age. Treatment effects on PFS 

change from baseline were estimated using linear regression models fitted separately for each 

trial-timepoint combination: CHGᵢ = β₀ + β₁(TRT01Pᵢ) + β₂(BASEᵢ) + εᵢ, where CHGᵢ represents the 

change from baseline in PFS for participant i, TRT01Pᵢ indicates treatment assignment 

(semaglutide versus placebo), BASEᵢ is the baseline age-adjusted PFS and εᵢ is the residual error 

term. The coefficient β₁ represents the treatment effect, with negative values indicating a 

reduction in the PFS. As a single frailty score was tested per trial-timepoint combination, no 

multiple-testing correction was required. Treatment effects (β₁ coefficients) with 95% 

confidence intervals were visualized using forest plots across all trial-timepoint combinations. 

Application of UK Biobank proteomic disease-risk models to clinical trial data 

Disease-specific proteomic risk scores were computed for each participant at each independent 

timepoint where proteomics were acquired, separately across all five trials. For each of the 15 

selected disease conditions, predicted disease-risk scores were calculated by multiplying the 

published linear elastic net regression coefficients9 by the corresponding Olink NPX values and 

summing across all contributing proteins: ŷᵢ = Σₚ βₚ · xᵢₚ, where ŷᵢ is the predicted disease-risk 

score for participant i, βₚ is the published coefficient for protein p from the UK Biobank model 

and xᵢₚ is the NPX value for protein p in participant i. From the original 27 validated disease models 

developed using 2,919 proteins from 53,030 UK Biobank participants, diseases with ≥5 non-zero 

protein coefficients were selected to ensure sufficient model complexity and stability, yielding 

15 diseases. Selected diseases included cardiometabolic conditions (type 2 diabetes, coronary 

heart disease, HF, atrial fibrillation), respiratory diseases (chronic obstructive pulmonary 

disease, asthma, primary pulmonary hypertension), neuropsychiatric conditions (dementia, 



 

depression), thrombotic diseases (pulmonary embolism, ischemic stroke), autoimmune 

conditions (rheumatoid arthritis, lupus) and metabolically linked cancers (breast, lung). 

Treatment effects on change from baseline in disease risk were estimated using linear regression 

models fitted separately for each disease-trial-timepoint combination: CHGᵢ = β₀ + β₁(TRT01Pᵢ) + 

β₂(BASEᵢ) + εᵢ, where CHGᵢ represents the change from baseline in predicted disease-risk score 

for participant i, TRT01Pᵢ indicates treatment assignment (semaglutide versus placebo), BASEᵢ is 

the baseline disease-risk score and εᵢ is the residual error term. The coefficient β₁ represents the 

treatment effect, with negative values indicating beneficial risk reduction and positive values 

indicating increased disease risk. Treatment effects were estimated separately at each timepoint 

to provide trial- and visit-specific estimates consistent with the organ-age and PFS analyses. 

Treatment effects (β₁ coefficients) with 95% confidence intervals were visualized using forest 

plots across all trial-timepoint combinations. Statistical significance was assessed using the 

Holm–Bonferroni procedure for multiple comparisons across the 15 diseases and all trial-

timepoint combinations, with family-wise error rate controlled at α = 0.05. 

Application of biological-age models to SomaScan data 

SomaScan data from STEP 1 and STEP 2 were log10-transformed, and measurements for each 

aptamer were standardized using the mean and standard deviation of baseline samples. To apply 

the protein biological-age clock models to these data, we developed a cross-platform scaling 

procedure using matched samples from the SELECT trial. Specifically, among the 1,676 SELECT 

participants with both SomaScan and Olink measurements at baseline, we computed the 

Pearson correlation between the two platforms for each protein and retained proteins with |r| > 

0.2. For each retained protein, a scaling multiplier was defined as the product of the absolute 

correlation and the standard deviation of the Olink measurements across the 1,676 matched 

participants (multiplier = |r| × SD_Olink). SomaScan protein values in STEP 1 and STEP 2 were 

then rescaled by multiplying each protein measurement by its corresponding protein-level 

multiplier. The rescaled SomaScan values were then passed directly to the organ aging 

coefficient models (gen1 and gen2) to derive predicted organ-specific biological ages. 

Association of baseline biological age with medications 

Associations between concomitant medications ongoing at randomization and predicted 

biological ages for each organ-specific clock were tested by defining medication use as a binary 

variable (use versus non-use at randomization). Medications included were selected based on 

the standardized categorization and mapping process detailed in Goeminne, L. J. E. et al7 and 

only those medications with a usage frequency greater than 2.5% in each cohort were 



 

included, to ensure robust statistical power. Linear regression was performed for each 

medication-clock pair, adjusting for chronological age, sex, their interaction, smoking status and 

race. Multiple-testing correction was applied using Holm-Bonferroni multiple test correction. 

Association of baseline biological age with biomarkers  

Associations between baseline clinical biomarkers and predicted biological ages for each organ-

specific clock were tested using linear regression for each biomarker–clock pair, adjusting for 

chronological age, sex, their interaction, smoking status and race, except for the smoking model 

where smoking was not included as a covariate. To facilitate clinical interpretation across trial 

populations, continuous biomarkers were modeled as binary variables using clinically 

established thresholds; continuous-variable sensitivity analyses were not performed. Chronic 

kidney disease was defined as an estimated glomerular filtration rate below 60 ml/min/1.73 m², 

microalbuminuria as a urine albumin-to-creatinine ratio exceeding 30 mg/g, prediabetes as 

glycated hemoglobin (HbA1c) level between 5.7% and 6.4%, low levels of high-density lipoprotein 

cholesterol (below 40 mg/dl), elevated total cholesterol as values exceeding 200 mg/dl, elevated 

systolic blood pressure as values exceeding 120 mmHg and elevated diastolic blood pressure as 

values exceeding 80 mmHg. HF with reduced ejection fraction and HFpEF were defined based on 

trial-adjudicated diagnoses. Smoking was defined as reported current smoking status at 

randomization. Multiple-testing correction was applied using the Holm–Bonferroni procedure. 

Association of baseline biological age with self-reported questionnaire 

For each trial, patient-reported outcome questionnaires were assessed using instruments 

available at baseline: the EuroQol 5-dimension 5-level (EQ-5D-5L)10 supplemented by the 

Weight-Related Symptom Scale (WRSS)11 and the Kansas City Cardiomyopathy Questionnaire 

(KCCQ)12 in STEP-HFpEF and STEP-HFpEF DM. The EQ-5D-5L captures general health-related 

quality of life across five domains (mobility, self-care, usual activities, pain or discomfort, and 

anxiety or depression), whereas the WRSS assesses the presence and bother associated with 

weight-related symptoms and the KCCQ captures HF-specific symptom burden and functional 

limitations. Each measure was harmonized by dichotomizing participants into the worst-

performing quartile (worst 25%) versus all others, using rank-based assignment to handle ties. 

Because the instruments and their score ranges differed across trials, the within-trial worst-

quartile indicator was used to provide a common definition of poorer health status; continuous-

score sensitivity analyses were not performed. Quality-of-life measures reported by fewer than 

10% of participants within a trial were excluded. Associations between the binary worst-quartile 

indicator and predicted organ biological age were tested using linear regression for each 



 

questionnaire-clock pair, adjusting for chronological age, sex, their interaction, smoking status 

and race. Multiple-testing correction was applied using the Holm–Bonferroni procedure. 

Prognostication of baseline biological age to clinical endpoints 

Cox proportional hazards models were fitted in participants receiving placebo from SELECT for 

22 non-COVID–related time-to-event endpoints and from SOUL for 30 time-to-event endpoints. 

Baseline organ-specific predictive biological ages were included as predictors, with 

chronological age included as a linear covariate; alternative non-linear specifications were not 

evaluated. These analyses were intended as age-adjusted prognostic validation rather than 

assessment of incremental predictive value beyond established baseline clinical risk factors; 

endpoint-specific baseline disease covariates were therefore not included. Multiple-testing 

correction was applied using the Holm–Bonferroni procedure. 

Estimating the effect of semaglutide on biological age  

Linear regression was used to assess the effect of semaglutide versus placebo on changes from 

baseline in organ-specific biological age (in years). The model included the treatment indicator 

and the baseline biological-age value as a covariate (CHG ~ TRT01P + BASE). Active treatment 

arms were semaglutide 2.4 mg for SELECT, STEP-HFpEF and STEP-HFpEF DM; semaglutide 1.0 

mg for FLOW; and oral semaglutide 14 mg for SOUL. To account for multiple testing across organ-

specific biological-age models, P values were adjusted for multiple testing using the Holm–

Bonferroni procedure (α = 0.05). All analyses were conducted separately by trial. 

As a sensitivity analysis to account for the case-enriched design of SELECT, treatment effects 

were re-estimated with inverse probability-style sampling weights. All participants with a MACE 

or HF event were included in the Olink subsample (w = 1), whereas non-event participants were 

sampled separately within each treatment arm (~402 per arm) and assigned weights equal to the 

number of non-event participants in that arm divided by the number sampled (placebo: w ≈ 12.6; 

semaglutide: w ≈ 12.6). Treatment effects were then estimated using weighted linear regression 

via svyglm from the R survey package13, which incorporates these weights to produce estimates. 

To assess whether treatment-associated changes in biological-age scores were statistically 

explained by concurrent changes in body weight, HbA1c or high-sensitivity C-reactive protein 

(hsCRP), we performed formal causal mediation analysis using the mediation package in R14. This 

analysis separates the total semaglutide effect into two parts: an indirect effect, representing the 

portion statistically explained by change in the mediator, and a remaining estimated effect 

conditional on the measured mediator. Mediation was conducted only for organ-specific 

biological-age models showing a statistically significant treatment effect (Holm-adjusted P < 



 

0.05). We examined whether the treatment effect on changes in biological age was mediated by 

changes in body weight, HbA1c and hsCRP, where available. PFS and clinically measured frailty 

were not evaluated as candidate mediators; consequently, these analyses did not assess 

whether frailty-associated weight loss contributed to changes in the adipose biological-age 

score. For each organ clock and mediator, two models were fit: a mediator model predicting the 

change in the mediator from treatment assignment and the corresponding baseline values (e.g. 

body weight change ~ treatment + baseline weight), and an outcome model predicting the change 

in biological age from treatment assignment, the change in the mediator, baseline mediator 

value and baseline biological age. For SELECT, models were fit using svyglm from the survey 

package to incorporate inverse probability-style sampling weights accounting for the case-

enriched design; for all other trials, standard linear regression was used. The average causal 

mediation effect and average direct effect were estimated using the counterfactual framework, 

with confidence intervals obtained via nonparametric bootstrap (100 simulations)15. 

Mediation analysis of the contribution of organ-specific biological aging to the effect of 

semaglutide on outcomes 

To investigate whether the effect of semaglutide on mortality outcomes was mediated through 

changes in organ-specific biological aging, we performed counterfactual mediation analyses for 

time-to-event outcomes. Analyses were conducted in SELECT (week 20) and SOUL (week 13) 

participants with complete measurements. For each organ-specific clock, changes from 

baseline in mortality-clock scores served as the mediator. The total treatment effect on time-to-

event outcomes was decomposed into a mediated (clock-dependent) and non-mediated (clock-

independent) component. The outcome was modeled using a Cox proportional hazards model 

(survival package), and the mediator was modeled using linear regression. Counterfactual 

survival probabilities were estimated using riskRegression::predictCox, and the mediated 

proportion was computed as the natural indirect effect divided by the total effect, averaged 

across individuals. To address confounding introduced by the post-randomization mediator 

measurement, a pre-mediator Cox model was fitted to estimate survival probabilities at the 

mediator timepoint, which served as inverse probability weights adjusting for selective dropout. 

Only participants surviving beyond week 20 (SELECT) or week 13 (SOUL) were included. All 

models were adjusted for sex, age, smoking status, baseline body weight, baseline clock score 

and sample storage time. As a sensitivity analysis, individual protein changes from baseline were 

evaluated as mediators using the product-of-coefficients approach, in which the indirect effect 

for each protein was estimated as the product of the treatment effect on the mediator (α) and the 

mediator–outcome association (β). Statistical significance of mediation hypotheses was 



 

assessed using the joint-significance approach, with false-discovery-rate control using the high-

dimensional mediation testing procedure described by Dai, J. Y. et al16. 
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Supplementary Table 1 | Baseline characteristics by trial and treatment (full analysis set)  

 SELECT STEP-HFpEF STEP-HFpEF DM FLOW SOUL 

Characteristic Placebo  

(N = 8,801) 

Semaglutide 

2.4 mg† SC  

(N = 8,803) 

Placebo  

(N = 266) 

Semaglutide 

2.4 mg† SC  

(N = 263) 

Placebo  

(N = 306) 

Semaglutide 

2.4 mg† SC  

(N = 310) 

Placebo  

(N = 1,766) 

Semaglutide 

1.0 mg† SC 

(N = 1,767) 

Placebo  

(N = 4,825) 

Oral 

semaglutide 

14 mg† 

(N = 4,825) 

           

Age, years 61.6±8.8 61.6±8.9 67.5±10.4 68.5±9.4 68.8±9.1 67.9±8.7 66.7±9.0 66.6±9.0 66.1±7.5 66.1±7.6 

Female sex 2424 (28) 2448 (28) 148 (56) 149 (57) 145 (47) 128 (41) 550 (31) 519 (29) 1414 (29) 1376 (29) 

White race 7404 (84) 7387 (84) 252 (95) 255 (97) 268 (88) 251 (81) 1168 (66) 1155 (65) 3321 (69) 3327 (69) 

Body weight, kg 96.8±17.8 96.5±17.5 108.4±23 108.3±222 105.2±21.4 106.4±20.9 89.8±21.2 89.5±19.8 88.3±19.6 87.5±19.1 

BMI, kg/m2 33.4±5 33.3±5 38.5±6.9 38.4±6.5 37.9±6.2 37.9±5.5 32±6.5 31.9±6.1 31.2±5.9 31 ±5.7 

Current smoker 1464 (17) 1486 (17) 27 (10) 24 (9) 32 (10) 28 (9) 206 (12) 223 (13) 584 (12) 545 (11) 

SBP, mmHg 130.9±15.3 131±15.6 131±15.4 133.3±15.3 134.8±14.1 132.8±13.9 138.4±15.4 138.9±16.1 134.7±16.4 134.6±16.3 

DBP, mmHg 79.2±9.9 79.4±10.0 78.7±10.1 77.9±10.5 76.4±10.2 78.1±9.3 76.1±10.0 76.8±10.0 76.7±10.1 76.6±10.1 

T2D 0 (0) 0 (0) 1 (0) 1 (0) 306 (100) 310 (100) 1,766 (100) 1,766 (100) 4,825 (100) 4,824 (100) 

eGFR, 

ml/min/1.73 m2 

82.5±17.3 82.4±17.5 Not 

performed 

Not  

performed 

67.2±23.0 69.9±23.1 47.1±14.7 46.9±15.6 73.6±22.6 74.0±22.6 



2 

HbA1c, % 5.78±0.33 5.78±0.34 Not 

performed 

Not  

performed 

7.08±1.09 6.95±1.15 7.77±1.28 7.79±1.30 7.96±1.13 7.96±1.16 

Median (IQR) 

hsCRP, mg/l 

1.8  

(0.9–4.1) 

1.9  

(0.9–4.2) 

3.9  

(2.0–8.4) 

3.8  

(1.9–7.0) 

3.3  

(1.6–8.4) 

3.7  

(1.8–8.4) 

2.5 

(1.1–6.1) 

2.4  

(1.1–5.6) 

2.0 

(0.9–4.5) 

2.0  

(0.9–4.3) 

Data are presented as mean±s.d. or n (%) unless otherwise indicated.  

†Maximum dose. 

BMI, body mass index; DBP, diastolic blood pressure. DM, diabetes mellitus. eGFR, estimated glomerular filtration rate; HbA1c, glycated hemoglobin; 

HFpEF, heart failure with preserved ejection fraction; hsCRP, high-sensitivity C-reactive protein; IQR: interquartile range; N, number of participants; 

SBP, systolic blood pressure. s.d., standard deviation; T2D, type 2 diabetes. 
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Supplementary Fig. 1 | Clinical associations and prognostic relevance of organ-specific 

proteomic biological-age clocks  

a, Association of baseline HbA1c with organ-specific biological-age residuals in trials enrolling 

participants with diabetes (STEP-HFpEF DM, FLOW and SOUL). Effect sizes represent residual 

years per 1 mmol/mol HbA1c unit from linear regression models adjusted for age, sex, smoking 

status and ethnicity. Significant associations (Holm-adjusted P < 0.05) are highlighted in 

red.b,Relation between biomarkers and organ-specific mortality models in SELECT, STEP-

HFpEF, STEP-HFpEF DM, FLOW, and SOUL. Heatmap shows the associations of biomarkers with 

organ log(mortality hazard) baseline values, after correcting for chronological age, sex, their 

interaction, smoking status and race, except for the smoking model, where smoking was not 

included as covariate.  c, d, Heatmaps showing effect sizes for the association between baseline 

worst-quartile quality of life and organ-specific predicted biological age in SELECT and STEP-

HFpEF DM after correcting for chronological age, sex, their interaction, current smoking status 

and race. Each row represents a quality-of-life measure and each column an organ-specific or 

composite clock. * Holm–Bonferroni-adjusted < 0.05; ** Holm–Bonferroni-adjusted < 0.01; *** 

Holm–Bonferroni-adjusted < 0.001. Quality-of-life measures reported by fewer than 10% of 

participants within a trial were excluded. EQ-5D-5L, EuroQol 5-dimension 5-level; WRSS, Weight-

Related Symptom Scale; KCCQ, Kansas City Cardiomyopathy Questionnaire.  e, f, Hierarchical 

clustering of organ-specific biological-age clock models predictive value for organ-relevant 

outcomes in e, SELECT, and f, SOUL. Hazard ratios per unit of standard deviation in the kidney 

and heart models for significant recorded time to event. All-cause death is shown in the heatmap 

above. Whiskers denote 95% confidence intervals. g, Prognostic specificity for kidney and heart 

clocks in SOUL. Hazard ratios per unit of standard deviation in the kidney model and heart 

models for significant recorded time to event. All- cause death is  shown in the heatmap above. 

Whiskers denote 95% confidence intervals.   
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Supplementary Fig. 2 |Sensitivity and supportive analyses of semaglutide effects on organ-

specific biological-age clocks. 

a, Effects of semaglutide on organ-specific biological age models, like Fig. 2a, but with less 

stringent FDR correction. Forest plots showing the semaglutide treatment-associated change in 

organ-specific biological-age models across five clinical trials: SELECT, STEP-HFpEF, STEP-

HFpEF DM, FLOW and SOUL. Effect sizes represent the difference in estimated biological age 

between semaglutide treatment and placebo. Error bars denote 95% confidence intervals. 

Colors indicate significance and direction after FDR correction: blue, significantly 

downregulated; red, significantly upregulated; gray, non-significant. b, Number of significantly 

affected organ-specific biological-age clock models in standard and survey-weighted SELECT 

analyses. Bars show counts under Holm–Bonferroni (HB, solid) and FDR (faded) correction. 

Significance threshold: adjusted P < 0.05. c, Metformin-adjusted effects of semaglutide 

biological-age clock models. Forest plots showing semaglutide treatment-associated changes 

in organ-specific biological-age models across three semaglutide trials with substantial 

metformin usage: 71.0% (333/469) in STEP-HFpEF DM, 52.4% (1,190/2,271) in FLOW and 74.9% 

(3,937/5,255) in SOUL. Effect sizes represent the difference in estimated biological age between 

semaglutide and placebo at each timepoint, adjusted using the baseline metformin use model: 

CHG ~ BASE + TRT01P + med.metformin. Negative values indicate a reduction in predicted 

biological age (i.e. a younger clock estimate), whereas positive values indicate an increase. Each 

timepoint is represented by a distinct point shape (triangle: week 13; square: week 20; diamond: 

week 52; asterisk: week 104; cross: week 156). Error bars denote 95% confidence intervals. P 

values were corrected for multiplicity using Holm–Bonferroni. Colors indicate significance and 

direction after correction: blue, significantly downregulated; red, significantly upregulated; gray, 

non-significant. d, Forest plots showing the interaction between speed of aging and semaglutide 

treatment effect on organ-specific biological-age clock changes across five clinical trials: 

SELECT, STEP-HFpEF, STEP-HFpEF DM, FLOW and SOUL. Effect sizes represent the interaction 

term from a linear model in which the change in biological age (BioAge change) is regressed on 

BioAge at baseline, speed of aging and their interaction with treatment (TRT01P). A negative 

interaction term indicates that semaglutide preferentially reduces biological age in individuals 

with a greater baseline age deviation (i.e. greater treatment benefit in faster agers), whereas a 

positive term indicates the reverse. Each timepoint is represented by a distinct point shape 

(circle, week 12; triangle, week 13; square, week 20; diamond, week 52; asterisk, week 104; 

cross, week 156). Error Error bars denote 95% confidence intervals. Significance was assessed 

at P < 0.05 after Holm–Bonferroni correction for multiple comparisons across organs and 
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timepoints within each trial. Colors indicate direction and significance after correction: blue, 

significantly negative interaction; red, significantly positive interaction; grey, non-significant. e, 

Effects of semaglutide on organ-specific biological-age clock models. Forest plots showing the 

semaglutide treatment-associated change in organ-specific biological-age models across two 

clinical trials with SomaScan data: STEP 1 and STEP 2 (2.4 mg and 1.0 mg semaglutide). Effect 

sizes represent the difference in estimated biological age between treatment and placebo at 

week 68.  
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Supplementary Fig. 3 |Cross-sectional characterization of the proteomic frailty score (PFS) 

across trials. 

a, Relation between chronological age and frailty score. Scatterplots show that PFS, from Jia, X. 

et al22, has a positive association with chronological age. Trial-fitted lines show the linear 

regression summarizing the observed relationship between frailty measures and chronological 

age. Shaded areas indicate 95% confidence intervals around the ordinary least squares 

regression line. r = correlation coefficient. b, Cross-sectional correlations between proteomic 

frailty-score residuals and organ-clock residuals across trials. Heatmap shows Pearson 

correlation coefficients between PFS and each organ-specific biological-age clock, computed 

on residuals after regressing out chronological age across SELECT (n = 1,641), STEP-HFpEF (n = 

416), STEP-HFpEF DM (n = 469), FLOW (n = 2,271) and SOUL (n = 5,255). Organs are ordered by 

hierarchical clustering using Ward.D2 method with Euclidean distance. c, Association of sex with 

PFS residuals across trials. Forest plots show regression coefficients for female versus male 

participants (male as the reference) in SELECT, STEP-HFpEF, STEP-HFpEF DM, FLOW and SOUL. 

PFS residuals were age-adjusted, and models included sex, age, smoking status and race. Points 

represent regression coefficients and error bars denote 95% confidence intervals. Positive 

values indicate higher PFS residuals in females than in males.  
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Supplementary Fig. 4 |Analytical frameworks for treatment-effect and mediation analyses 

of biological-age scores. 

Analytical frameworks for assessing the impact of semaglutide on biological-age scores. Left 

panel: standard treatment analysis illustrates the standard regression approach used to 

measure the total association (total effect) between semaglutide administration (independent 

variable, A) and changes in biological age (dependent variable, Y). This model estimates the 

cumulative effect without accounting for intermediate mechanisms. Right panel: mediation 

analysis presenting a set of directed acyclic graphs outlining the causal paths for mediation 

analysis. These models allow for the decomposition of the total effect into a direct effect of 

semaglutide on biological age (A → Y) and an indirect effect (A → M → Y) mediated through a third 

variable M. This approach provides critical insight into whether the effects of semaglutide on 

biological-age scores are mediated by established metabolic changes or operate through 

independent physiological pathways. Three specific candidate mediators are proposed: weight 

change; HbA1c change, representing changes in glycemic control; and hsCRP 

change, representing changes in systemic inflammation. 
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