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Metabolomics data offer insights into early pathophysi-

ological changes of CVDs on the molecular level [6]. By 

capturing a wide range of metabolic markers related to 

inflammation, glycolysis, lipid metabolism, and oxida-

tive stress, Nuclear magnetic resonance (NMR) metab-

olomics data complement traditional biomarkers by 

additional insights into pathways for CVD, which may 

enhance the predictive power for MACE. In the last 

decade, NMR metabolomics measurements have become 

increasingly accessible for large-scale clinical applications 

due to the availability of high-throughput processing and 

advancements in cost-effectiveness and standardization 

[7]. �is underscored the potential of NMR metabolo-

mics in clinical risk stratification for MACE in patients 

with type 2 diabetes [8].

Previous studies have explored the role of metabo-

lites in improving MACE prediction in patients with 

type 2 diabetes, but were limited by small sample sizes, 

short follow-up periods, and a lack of external valida-

tion [9–12]. Additionally, emerging evidence emphasizes 

that there are sex differences in the associations of some 

metabolites with MACE but past studies have typically 

used sex as a covariate rather than selecting metabolomic 

biomarkers based on sex specificity [13, 14].

�e present study aimed to leverage data from two 

large European cohorts to select metabolomic bio-

markers based on a sex-specific selection and to assess 

whether integration of these metabolomic biomarkers 

improve the predictive power of the SCORE2-Diabetes 

model for a 10-year cardiovascular risk assessment.

Methods
Study design and population

�is study utilized data from two large European cohorts: 

the UK Biobank (UKB) and the ESTHER study. Both 

studies were conducted according to the Declaration of 

Helsinki, and all participants provided written informed 

consent.

UK biobank

�e UK Biobank (UKB), a large prospective cohort in 

the United Kingdom, aims to bolster knowledge, pre-

ventive measures, diagnostic modalities, and thera-

peutic approaches across diverse disease spectra [15]. 

In brief, between 13 March 2006 and 1 October 2010, 

over half million participants aged 37–73 were enrolled 

across England, Scotland, and Wales. �e UKB was 
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approved by the North-West Multi-center Research Eth-

ics Committee.

ESTHER study

�e ESTHER study is a large population-based cohort 

study conducted in Saarland, Germany. Participants aged 

between 50 and 75 years were recruited during a regular 

health check by local general practitioners (GP) between 

1 July 2000 and 30 June 2002. After that, participants 

were followed up every two to three years. �e study 

effectively collected data on 9,940 participants [16, 17]. 

�e ESTHER study was approved by the ethics commit-

tees of the Medical Faculty of Heidelberg and the state 

medical board of Saarland, Germany.

Metabolites quantification

Nightingale Health’s high-throughput nuclear magnetic 

resonance (NMR) metabolomics platform performed the 

metabolomic profiling on 274,353 baseline plasma sam-

ples from randomly selected UKB participants, along-

side all available 8,308 baseline serum samples from the 

ESTHER cohort with sufficient blood sample quality [18]. 

�is process enabled the quantification of 250 metabolo-

mic biomarkers, including lipids, fatty acids, amino acids, 

ketone bodies, and other essential low-molecular-weight 

markers [19]. However, glycerol was excluded because 

it could not be measured in most of the participants of 

both cohorts, leaving n = 249 metabolites for the analyses. 

�e nomenclature and completeness of these metabolites 

are shown in Supplemental Table S1.

Variables of the SCORE2-diabetes model

�e SCORE2-Diabetes is a sex-specific competing risk-

adjusted algorithm recently developed and validated by 

the European Society of Cardiology, designed for adults 

with type 2 diabetes aged 40 to 69 years. It includes age, 

sex, systolic blood pressure (SBP), smoking status, age at 

diabetes diagnosis, high-density lipoprotein cholesterol 

(HDL-C), total cholesterol (TC), HbA1c, and the esti-

mated glomerular filtration rate (eGFR) [4].

Information on demographic characteristics, lifestyle 

factors and medical history, including age, sex, age at 

diabetes diagnosis and smoking status (current or non-

current) was collected by standardized questionnaires in 

both cohorts. �e SBP measurements were conducted by 

automated reading of the Omron digital blood pressure 

monitor at the left upper arm in UKB and from the physi-

cian’s medical conditions report of the health check-up in 

the ESTHER study. �e laboratory methods used to mea-

sure HDL-C, TC, HbA1c and creatinine in both cohorts 

are shown in Supplemental Table S2. �e eGFR was cal-

culated from creatinine values using the CKD-Epi 2009 

equation in both cohorts [20].

Outcome assessment

�e primary outcome was MACE, which included car-

diovascular mortality, non-fatal myocardial infarction, 

and non-fatal stroke (see detailed definition in Supple-

mental Table S3). It was constructed in line with the 

endpoint definition used to derive the SCORE2-Diabetes 

model. �e only exception was that the non-fatal stroke 

definition was broader in the ESTHER study because 

stroke subtypes cannot be distinguished in this cohort.

In the UKB cohort, non-fatal myocardial infarction 

and or non-fatal stroke were identified from primary care 

records or hospital episode statistics. �e date and cause 

of death were determined by referring to death registries 

of the National Health Service Information Centre for 

participants in the UKB study from England and Wales, 

and the National Health Service Central Register of Scot-

land for those from Scotland.

As previously described [21], study participants from 

the ESTHER study reported on the occurrence of inci-

dent myocardial infarction and stroke in standardized 

questionnaires at 2-, 5, 8-, and 11-year follow-ups. Self-

reported cases underwent validation by the dissemina-

tion of standardized questionnaires to the GPs of the 

study participants. �e proportions of physician-vali-

dated incident myocardial infarction (MI) and stroke 

cases were 89% and 91%, respectively. A vital status 

inquiry was made at registration offices of residents, with 

death certificates of deceased individuals being procured 

from local health authorities.

�e follow-up period extended until the first recorded 

non-fatal myocardial infarction, non-fatal stroke, death, 

or the end of the event registration period, which was 

capped at ten years [4].

In- and exclusion criteria

We included n = 10,257 and n = 1,039 individuals with 

type 2 diabetes and measured metabolomic biomarkers 

from the UKB and ESTHER study, respectively (Supple-

mental Figure S1). Subjects with potential type 1 diabe-

tes, ascertained by diabetes diagnosis before the 40th 

birthday, were excluded. UKB participants outside the 

age range of 50–74 years were excluded to make the age 

distribution of two cohorts comparable. Furthermore, 

those with a history of myocardial infarction or stroke 

before baseline or with a missing date on these events of 

interest were excluded.

Statistical analyses
General remarks

All analyses were conducted using R software, version 

4.3.0 (R Foundation for Statistical Computing, Vienna, 

Austria), with statistical significance set at P-values < 0.05 

for two-sided tests. Missing values were imputed using 

the random forest imputation method, as implemented 
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in the r-package missForest (version 1.5) [22]. Most 

variables of the SCORE2-Diabetes model and the NMR 

metabolites were complete. Supplemental Table S1 illus-

trates that the highest missing value rate was observed 

for HbA1c in the UKB at 5.1%. In the ESTHER study, 

aside from the age at diabetes diagnosis (39.6%), no other 

variable’s missing rate exceeded 10%.

Metabolites selection and model derivation

Initially, all metabolite concentrations underwent log-

transformation to approximate normal distributions 

for analysis. �ese measures were then scaled to stan-

dard deviation units independently within each cohort. 

�e UKB dataset was partitioned into a derivation set 

(70%) and an internal validation set (30%); the ESTHER 

study served as the external validation cohort. �e deri-

vation set was used for metabolite selection and model 

derivation.

�e Least Absolute Shrinkage and Selection Operator 

(LASSO), a regularization technique adept at identify-

ing strong predictors among high-dimensional and cor-

related predictors, was implemented via the r-package 

glmnet (version 4.1-7) [23]. Ten-fold cross-validation was 

employed to determine the optimal tuning parameter λ 

for LASSO, based on the lowest model validation error. A 

bootstrap LASSO approach was then undertaken, involv-

ing the creation of 1000 derived sets with the LASSO 

procedure applied to each resampled dataset [24]. Metab-

olites selected by LASSO in at least 95% of instances were 

designated as our metabolites of interest, a threshold 

adopted from a previous study [25] to enhance model 

generalization and mitigate overfitting. �ese selected 

metabolites were subsequently incorporated into model 

1 “Original SCORE2-Diabetes” to construct a new sex-

specific competing risk model 2 “Original SCORE2-Dia-

betes extended by NMR metabolites” using the r-package 

cmprsk (version 2.2–11).

Model’s predictive performance validation

�e predictive performance of model 2 “Original 

SCORE2-Diabetes extended by NMR metabolites” was 

validated by using 30% of the UKB as the internal vali-

dation cohort and the ESTHER cohort as the external 

validation cohort. �e incremental discrimination con-

tributed by each metabolite was evaluated based on the 

internal validation results.

�e discriminative ability was assessed using Harrell’s 

C-index, adjusted for competing risks (via the r-package 

riskRegression, version 2023.03.2) [26]. Furthermore, the 

net reclassification index (NRI) and the integrated dis-

crimination improvement (IDI) were evaluated for the 

final model (using the r-package nricens, version 1.6) [27]. 

Pre-specified CVD risk categories (0–10%, > 10–20%, 

and > 20%) were employed for the NRI to indicate the 

proportion of individuals correctly reclassified compared 

with the SCORE2-Diabetes model. Model calibration was 

examined by plotting observed MACE event rates against 

predicted event rates across deciles of absolute predicted 

risk.

To further assess whether the clinical chemistry param-

eters of the SCORE2-Diabetes model could be replaced 

by NMR-derived metabolites in cardiovascular risk pre-

diction, the predictive performance of two further mod-

els were tested. Table 1 gives an overview of the variables 

included in the in total 4 evaluated models. Model 3 

“SCORE2-Diabetes with TC, HDL-C and creatinine mea-

sured by NMR” replaces those clinical chemistry param-

eters of the original SCORE2-Diabetes model which have 

NMR equivalents which excludes HbA1c, which is not 

available from NMR. Model 4 “Age, smoking, SBP, diabe-

tes age at diagnosis, and NMR metabolites” only retains 

the non-laboratory features of the SCORE2-Diabetes 

model and does not include any parameters measured 

by clinical chemistry. Instead it includes TC, HDL-C and 

creatinine measured by NMR, it replaces HbA1c by glu-

cose, which can also be measured by NMR, and it adds 

the NMR metabolites selected by LASSO regression.

Associations of selected metabolites with MACE

To elucidate the hazard ratios (HRs) and 95% confidence 

intervals (CIs) of selected metabolites (per one standard 

deviation increment) for enhanced 10-year MACE pre-

diction in male and female patients with type 2 diabetes, 

metabolites were individually added to Cox proportional 

hazards regression models in the derivation cohort, the 

internal validation cohort, and the external validation 

cohort, respectively. �ese models were adjusted for 

SCORE2-Diabetes model variables, using the r-package 

survival (version 3.5-5). �e Benjamini-Hochberg proce-

dure was applied to control the false discovery rate (FDR) 

in this analysis.

Results
Baseline characteristics and MACE case numbers

To provide an overview of our study populations, Table 2 

summarizes the characteristics of the participants for 

all variables of the SCORE2-Diabetes model from the 

10,257 and 1,039 included participants with type 2 dia-

betes from the UKB and ESTHER cohorts, respectively. 

�e included UKB participants had an average age of 

61.5 years (SD 5.2), with males constituting 59.9% of the 

cohort. Over a follow-up time limited to 10 years, a total 

of 1,366 MACE events were recorded in the UKB. �e 

ESTHER sample had a mean age of 64.0 years (SD 6.3), 

and 50.8% of participants were males. During the first 

10 years of ESTHER follow-up, 175 MACE events were 

recorded.
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Associations of metabolomic biomarkers with MACE

A total of 7 metabolites were selected to enhance MACE 

risk prediction in the SCORE2-diabetes model in the 

UKB cohort by LASSO analyses and bootstrapping with 

a frequency of more than 950 times in the 1000 replicate 

selection (Supplemental Table S4). Of these metabolites, 

three metabolites improved MACE risk prediction in 

both men and women (creatinine, albumin, and GlycA 

(glycoprotein acetyls)). Furthermore, lactate emerged 

as an additional predictive metabolite solely in women, 

while the three metabolites - acetate, VLDL-size (the 

average diameter for very low-density lipoprotein parti-

cles), and Omega-3-pct (the Omega-3 fatty acids to total 

fatty acids percentage) - exhibited enhanced predictive 

capabilities exclusively in males.

As illustrated in Fig. 1, the associations of the 7 selected 

metabolites with MACE in multivariate Cox regression 

models adjusted for SCORE2-Diabetes model variables 

separately in males and females in the derivation cohort. 

GlycA, and creatinine were positively, and omega-3-pct 

and albumin were inversely, statistically significantly 

Table 1 Overview on the variables included in the four evaluated models

Variables Model 1 - “Original 

SCORE2-Diabetes”

Model 2 - “Original 

SCORE2-Diabetes 

extended by NMR 

metabolites”

Model 3 - “SCORE2-

Diabetes with TC, HDL-C 

and creatinine measured 

by NMR”

Model 4 - “Age, smok-

ing, SBP, diabetes 

age at diagnosis, and 

NMR metabolites”

Age X X X X

Current smoking X X X X

Systolic blood pressure (SBP) X X X X

SBP interaction with age X X X X

Smoking interaction with age X X X X

Diabetes X X X X

Diabetes age at diagnosis X X X X

Total cholesterol X CC X CC X NMR X NMR

Total cholesterol interaction with age X CC X CC X NMR X NMR

HDL cholesterol X CC X CC X NMR X NMR

HDL interaction with age X CC X CC X NMR X NMR

Ln eGFR X CC X CC X NMR X NMR

Ln eGFR2 X CC X CC X NMR X NMR

Ln eGFR interaction with age X CC X CC X NMR X NMR

HbA1c X CC X CC X CC -

HbA1c interaction with age X CC X CC X CC -

Added NMR metabolites

Creatinine (for men and women) - X NMR - X NMR

Albumin (for men and women) - X NMR - X NMR

GlycA (for men and women) - X NMR - X NMR

Acetate (for men only) - X NMR - X NMR

Omega-3-pct (for men only) - X NMR - X NMR

VLDL-size (for men only) - X NMR - X NMR

Lactate (for women only) - X NMR - X NMR

Glucose (for men and women) - - - X NMR

Glucose interaction with age

(for men and women)

- - - X NMR

Abbreviation: CC, clinical chemistry measured; NMR, nuclear magnetic resonance spectrometry measured

Table 2 Baseline characteristics of selected participants with 

type 2 diabetes from the UK Biobank and ESTHER study

Baseline characteristics UK Biobank 

(n = 10,257)

ESTHER 

(n = 1,039)

Male sex, N (%) 6,140 (59.9) 528 (50.8)

Age (years), mean (SD) 61.5 (5.2) 64.0 (6.3)

Current smoker, N (%) 1,024 (10.0) 157 (15.7)

Systolic blood pressure (mmHg), mean 

(SD)

144.8 (18.2) 144.2 

(19.5)

Total cholesterol (mmol/L), mean (SD) 3.7 (0.9) 5.6 (1.1)

HDL cholesterol (mmol/L), mean (SD) 1.1 (0.3) 1.3 (0.3)

Age at diabetes diagnosis (years), mean 

(SD)

55.4 (6.4) 55.6 (5.7)

HbA1c (mmol/mol), mean (SD) 51.8 (12.8) 53.1 (14.4)

eGFR (ml/min/1.73m2)a, mean (SD) 87.7 (15.4) 78.6 (17.7)
aThe eGFR was calculated with the CKD-EPI 2009 equation

Abbreviation: eGFR, estimated Glomerular Filtration Rate; HbA1c, glycated 

hemoglobin; HDL, high-density lipoprotein; IQR, interquartile range; SD, 

standard deviation
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associated with MACE at an FDR-adjusted P < 0.05 level 

in both sexes. �e results were generally consistent in 

the internal validation cohort but some results differed 

like for lactate for which results showed a sex difference 

in the internal validation study (Supplemental Figure S2) 

which was not seen in the derivation cohort (Fig.  1) or 

the external validation cohort (Supplemental Figure S3). 

With the lower sample size of the ESTHER study, of the 

7 metabolites, only albumin was statistically significantly 

associated with MACE in males.

MACE risk prediction by metabolomic biomarkers

To evaluate the impact of adding metabolomic biomark-

ers on risk prediction, we examined the changes in the 

C-statistic with the sequential inclusion of each metab-

olite. As shown in Fig.  2, the incremental improvement 

in the C-statistic upon the sequential inclusion of the 

selected 7 metabolites into the models for males and 

females one by one in the internal validation set. Espe-

cially, the addition of albumin and Omega-3-pct signifi-

cantly improved discrimination power in males. GlycA, 

Fig. 1 Associations between selected metabolites and major cardiovascular events across sexes in the derivation set (70% of UK biobank, N = 7,180). CI, 

confidence interval; FDR, false discovery rate; GlycA, glycoprotein acetyls; HR, hazard ratio; Omega-3-pct, Omega-3 fatty acids to total fatty acids percent-

age; SD, standard deviation; VLDL-size, average diameter for very-low-density lipoprotein particles. a Hazard ratios are expressed per 1 standard deviation 

of the respective metabolite concentration and are adjusted for age, systolic blood pressure, smoking status, diabetes age at diagnosis, glycated hemo-

globin, and the estimated glomerular filtration rate. The standard deviations of creatinine, albumin, GlycA, acetate, omega-3-pct, VLDL-size, and lactate 

were 0.02 mmol/L, 3.60 mmol/L, 0.13 mmol/L, 0.04 mmol/L, 1.51%, 1.41 mmol/L, and 1.23 mmol/L, respectively
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creatinine, acetate, and VLDL-size showed notable but 

non-significant enhancements in males. In females, only 

lactate exhibited a notable, yet non-significant, C-index 

increase.

Table 3 presents the predictive performance metrics of 

model 1 “Original SCORE2-Diabetes model” and model 

2 “Original SCORE2-Diabetes extended by NMR metab-

olites” for 10-year MACE risk prediction. �e ß-coef-

ficients of all variables required for calculation of the 

extended risk model are shown in Supplemental Table S4. 

In the derivation set, by adding the selected metabolites, 

the C-index (95% CI) of the SCORE2-Diabetes model 

statistically significantly improved (P = 0.007) from 0.662 

(0.644–0.681) to 0.678 (0.660–0.697) in the total sample 

(Table  3). �e C-index increase was more pronounced 

in males (+ 0.017) than females (+ 0.007), with statisti-

cal significance solely noted for males (P = 0.020). Inter-

nal validation in the UKB yielded very similar results for 

the C-indices. Notably, an enhancement in risk reclassi-

fication statistics was primarily observed in female par-

ticipants with a statistically significant IDI. As shown in 

Supplemental Figure S4, model calibration was compa-

rably good for the original SCORE2-Diabetes model and 

the NMR metabolites extended model in the internal val-

idation set.

In the external validation with the total ESTHER study, 

the model demonstrated an even greater improvement in 

discriminatory power compared to the UKB, with a like-

wise statistically significant result (the C-index increased 

from 0.612 to 0.655, P = 0.011; Table 3). C-index increases 

were comparable for men (+ 0.031) and women (+ 0.030). 

Beyond these improvements, the reclassification met-

rics for males indicated that 9.6% of events were cor-

rectly reclassified by the extended model compared with 

the original SCORE2-Diabetes model [NRI = 9.6% (0.9%, 

16.1%)]. �e model calibration was comparably good for 

the SCORE2-Diabetes model and the extended model in 

the external validation set (Supplemental Figure S5).

Replacement of the clinical chemistry-based biomarkers 

of the original SCORE2-Diabetes model by NMR 

metabolomics

In the first analysis, we examined whether NMR-based 

measurements of total cholesterol, HDL-cholesterol, 

and creatinine could replace their counterparts mea-

sured with clinical chemistry in the SCORE2-Diabetes 

model. Model 3 “SCORE2-Diabetes with TC, HDL-C 

and creatinine measured by NMR” achieved C-indices 

of 0.660 in the internal validation and 0.611 in the exter-

nal validation, both of which were nearly identical to 

those observed for model 1 “Original SCORE2-Diabetes” 

Fig. 2 Incremental discrimination of each metabolite for the model after the selected metabolites were added to SCORE2-Diabetes separately in differ-

ent sexes in the internal validation set (30% of UK Biobank, N = 3,077). CI, confidence interval; GlycA, glycoprotein acetyls; HR, hazard ratio; Omega-3-pct, 

Omega-3 fatty acids to total fatty acids percentage; VLDL-size, average diameter for very-low-density lipoprotein particles
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(Fig. 3). In the second analysis, we investigated whether 

HbA1c could be replaced by glucose measured by NMR 

as well, retaining only the non-laboratory parameters 

of the SCORE2-Diabetes model and added the 7 NMR 

metabolites selected by LASSO regression. �e ß-coef-

ficients of all variables required for calculation of the 

resulting model 4 “Age, smoking, SBP, diabetes age at 

diagnosis, and NMR metabolites” are shown in Supple-

mental Table S5. Model 4 achieved a C-index of 0.677 

in the internal validation and a C-index of 0.656 in the 

external validation, which were almost identical with 

the C-indices observed for model 2 “Original SCORE2-

Diabetes extended by NMR metabolites” (Fig.  3). �e 

NRI and IDI of model 4 (Supplemental Table S6) were 

also almost identical with those obtained from model 2 

(Table  3). In summary, the replacement of the clinical 

chemistry-based biomarkers of the original SCORE2-

Diabetes model by NMR metabolomics was possible and 

did not lead to a worse MACE prediction.

Discussion
Using large-scale data from two European cohorts of 

middle-aged and older patients with type 2 diabetes, we 

developed and validated a novel sex-specific compet-

ing risk algorithm that combines the SCORE2-Diabetes 

model with 7 metabolites to improve 10-year cardio-

vascular risk prediction. By selecting metabolomic bio-

markers separately for males and females, we captured 

sex-specific associations that enhanced the predictive 

performance of the model. In internal and external vali-

dations, the C-index of the SCORE2-Diabetes model 

significantly increased by 0.018 and 0.043, respectively. 

Replacing the clinical chemistry-based biomarkers of the 

original SCORE2-Diabetes model by NMR metabolomics 

as well was possible and led to comparable, statistically 

significant increases in the C-index by 0.017 and 0.044 in 

internal and external validations, respectively.

Comparison with previous studies

�ere are a limited number of studies using metabolites 

to predict cardiovascular risk in patients with type 2 dia-

betes. �ree studies based on the ADVANCE trial (sam-

ple size: n = 3,576-3,779, follow-up: 5 years) investigated 

the association of specific types of fatty acids, amino 

acids, and sphingolipids with cardiovascular events and 

demonstrated the predictive value of these metabolites 

for cardiovascular risk in patients with type 2 diabetes 

[11, 12, 28]. However, the enhancement of the predictive 

ability of the original models by these metabolomic bio-

markers was relatively modest, with improvements in the 

C-statistic ranging between 0.005 and 0.020. �is limited 

enhancement could be attributed to the investigation 

focusing only on a selection of a few metabolites. In con-

trast, the Edinburgh Type 2 Diabetes Study (sample size: 

Table 3 Comparison of the predictive performance of model 

1 “Original SCORE2-Diabetes model” and model 2 “Original 

SCORE2-Diabetes model extended by NMR metabolites” for 

10-year MACE risk prediction

Metrics Men Women Overall

Derivation set (70% of UK Biobank)

Total sample size / 

MACE cases

4,298/691 2,882/249 7,180/940

C-index (Model 1) 0.630 (0.606, 

0.653)

0.673 (0.638, 

0.707)

0.662 (0.644, 

0.681)

C-index (Model 2a) 0.647 (0.624, 

0.670)

0.680 (0.645, 

0.714)

0.678 (0.660, 

0.697)

P-values for C-index 

comparisonsb

0.020 0.053 0.007

Internal validation set (30% of UK Biobank)

Total sample size / 

MACE cases

1,842/313 1,235/113 3,077/426

C-index (Model 1) 0.632 (0.597, 

0.668)

0.670 (0.617, 

0.722)

0.660 (0.632, 

0.688)

C-index (Model 2a) 0.657 (0.623, 

0.692)

0.679 (0.625, 

0.733)

0.678 (0.650, 

0.706)

P-values for C-index 

comparisonsb

0.005 0.716 0.037

NRIc total (%) 1.1 (-7.0, 9.3) 7.0 (-8.8, 24.5) 5.7 (-2.4, 13.9)

NRIc events (%) 3.6 (-4.0, 7.5) 2.5 (-13.7, 

26.9)

0.7 (-3.5, 8.1)

NRIc non-events (%) -2.5 (-7.4, 4.0) 4.5 (-4.7, 12.8) 5.0 (-1.6, 9.4)

IDI 0.001 (-0.014, 

0.015)

0.024 (0.002, 

0.052)

0.012 

(0.001, 

0.025)

External validation set (ESTHER)

Total sample size / 

MACE cases

528/107 511/68 1,039/175

C-index (Model 1) 0.632 (0.577, 

0.687)

0.618 (0.545, 

0.691)

0.612 (0.566, 

0.657)

C-index (Model 2a) 0.663 (0.608, 

0.719)

0.648 (0.575, 

0.721)

0.655 (0.611, 

0.699)

P-values for C-index 

comparisonsb

0.178 0.241 0.011

NRIc total (%) 7.5 (-6.6, 16.0) -6.3 (-23.1, 

17.5)

4.5 (-5.5, 13.1)

NRIc events (%) 9.6 (0.9, 16.1) -2.8 (-15.8, 

15.9)

4.4 (-3.8, 11.6)

NRIc non-events (%) -2.1 (-16.6, 

10.3)

-3.5 (-17.0, 

10.8)

0.1 (-7.8, 8.6)

IDI 0.004 (-0.025, 

0.035)

0.001 (-0.030, 

0.041)

0.013 (-0.005, 

0.029)

Abbreviation: IDI, integrated discrimination improvement; MACE, major 

cardiovascular events; NRI, net reclassification improvement

Numbers in bold represent results of statistical significance

aMetabolites that were included in model 2 were creatinine, albumin, GlycA, 

acetate, Omega-3-pct, and VLDL-size for men, and lactate, creatinine, albumin, 

and GlycA for women (see Table 1)

bThe statistical method for comparing differences in C-index is based on 

U-statistics estimation, using asymptotic normal approximation for hypothesis 

testing

cNRI calculated with the pre-specified 10-year MACE risk categories of 0–10%, 

> 10–20%, and > 20%
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n = 1,066, follow-up: 10 years) used a broader metabolo-

mics assay with 228 metabolites [29]. By integrating 12 

selected metabolites into the reference model, there was 

a notable increase in the C-statistic by 0.019; which was 

comparable to our findings. However, the models derived 

from the ADVANCE trial and the Edinburgh Type 2 Dia-

betes Study lacked external validation and their metab-

olite profiling measurements were not conducted by a 

commercial service provider. �is limits the application 

and dissemination of their metabolomics-based risk 

models in clinical practice [30].

A growing body of evidence emphasizes that the asso-

ciations of some metabolites with MACE differ in men 

and women, and deriving sex-specific risk models is a 

potential way to enhance the predictive power [31–33]. 

Sex differences in the association with CVD risk of 

metabolomic biomarkers are biologically possible due 

to differences in sex hormones, sex chromosomes, and 

lifestyle differences [34–36]. For example, 141 out of 179 

lipid species were found to differ significantly between 

males and females in the Finnish GeneRISK cohort [31]. 

Despite this evidence, prior studies have used sex as a 

covariate rather than selecting biomarkers based on sex 

specificity [13, 14]. Sex-specific biomarker-based algo-

rithms can significantly improve predictive performance, 

but sex-specific analyses are much more demanding in 

terms of sample size, which might be the reason why - to 

our knowledge - there are currently no other studies with 

diabetic patients, which derived sex-specific, metabolo-

mics-based cardiovascular risk prediction models.

Biological mechanisms of selected metabolites

�ree metabolites (creatinine, albumin, and GlycA) were 

chosen to enhance MACE risk prediction for both sexes, 

with lactate additionally selected for women, and acetate, 

VLDL-size, and Omega-3-pct specifically selected for 

men. Creatinine and albumin are indicative of renal func-

tion. Patients with moderate to severe chronic kidney dis-

ease have an increased MACE risk [3, 37]. GlycA reflects 

the glycosylation status of acute phase proteins and thus 

Fig. 3 Discriminative performance of four models for major adverse cardiovascular events (MACE) by sex and overall population in internal validation 

set (30% of UK Biobank, N = 3,077) and the external validation set (ESTHER study, N = 1,039). Note: Table 1 lists the variables included in each of the four 

models. NMR, nuclear magnetic resonance; CI, confidence interval; HDL, high-density lipoprotein
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a biomarker of inflammation. Inflammatory processes are 

crucial in the development and progression of cardiovas-

cular diseases [38]. Lactate, a key byproduct of glycolysis, 

is often elevated during metabolic stress. Elevated lactate 

levels are associated with inflammation, endothelial dys-

function, and oxidative stress [39]. Acetate is the most 

abundant endogenously produced short-chain fatty acid 

and has been found to be associated with weight loss, 

enhanced insulin sensitivity, and a reduced cardiovascu-

lar risk reduction [40]. �e size of VLDL particles is an 

independent predictor of atherosclerosis beyond tradi-

tional lipid measurements, highlighting its importance 

in cardiovascular risk stratification in type 2 diabetes 

[41]. Omega-3 fatty acids are known for their beneficial 

effects on endothelial function and their role in reducing 

systemic inflammation [42]. If associations of these bio-

markers with MACE were not in the expected direction 

(e.g. for lactate), this might be explained by the compre-

hensive adjustment for the variables of the SCORE2-Dia-

betes model.

Strengths and limitations

In terms of strengths, our study stands out for its large 

sample size (n = 10,257 for UKB, n = 1,039 for ESTHER), 

making it the largest metabolomics study focused on pre-

dicting the cardiovascular risk in individuals with type 

2 diabetes so far. Additionally, this study is pioneering 

in selecting metabolomic biomarkers for cardiovascular 

risk prediction separately by sex and using an external 

validation cohort. Furthermore, model calibration was 

performed for a low risk (UK) and intermediate cardio-

vascular risk region (Germany).

However, our study has certain limitations. �e 

ESTHER study may not be the ideal external validation 

cohort for our model due to its differences from the UKB, 

including a higher mean age (64 vs. 61.5 years), a higher 

proportion of fasting of at least 4 h prior to blood sam-

ple donation (89.1% vs. 23.7%), which can be relevant for 

some metabolic biomarkers, and the differences in the 

ascertainment of non-fatal strokes, which did not allow 

for the exclusion of hemorrhagic strokes, as well as the 

regional difference of cardiovascular risk (low in UK and 

intermediate in Germany). �ese differences could have 

negatively influenced the results of the external valida-

tion. However, despite these cohort differences, the over-

all consistency in risk prediction results between the 

two cohorts provides support for the robustness of the 

derived model. Another limitation involves the timing of 

the measurements. In both cohorts, traditional clinical 

chemistry measurements were performed shortly after 

sample collection, whereas NMR metabolomics analyses 

were conducted several years later with stored samples. 

While this time difference could theoretically introduce 

metabolite degradation, the quality control statistics 

provided by Nightingale Health did not justify this con-

cern because the distributions of all metabolites were 

comparable to previous studies measured by the com-

pany, which used fresh blood samples. Finally, this study 

may be generalizable primarily to low-to-intermediate 

risk regions in Europe. Larger validation cohorts from 

diverse regions, including high and very high-risk areas, 

are needed to comprehensively validate the new risk 

model.

Potential clinical utility of the derived model

�e integration of 7 selected metabolomic biomarkers 

in the SCORE2-Diabetes model has led to a significant 

improvement in the discrimination of 10-year cardio-

vascular risk in patients with type 2 diabetes. Although 

statistically significant, the additive improvements in pre-

dictive performance are modest. However, they are likely 

still clinically relevant in the context of a prediction of a 

severe, and frequent clinical outcome, like MACE, in a 

high-risk population, like type 2 diabetes patients, where 

small individual enhancements in risk stratification can 

lead to significant improvements on the public health 

level.

Although the SCORE-2 Diabetes model already 

includes metabolites, such as TC, HDL-C and creati-

nine (as part of the eGFR), the 7 additional metabolites 

improved its predictive power by capturing additional 

biological information not yet reflected by these tradi-

tional clinical measurements. �e biomarkers selected 

reflect additional aspects of inflammation, glucose and 

lipid metabolism, which are critical in the progression 

of CVD, especially in high-risk populations like patients 

with type 2 diabetes. �is augmentation enhances the 

predictive power of the model without compromising the 

convenience offered by the conventional model, which 

requires only a brief physical examination, interview, and 

blood sample analysis.

Moreover, the NMR metabolomics test could be used 

as the only laboratory method for MACE prediction in 

patients with type 2 diabetes because it measures the 

clinical chemistry parameters of the SCORE2-Diabetes 

model as well (TC, HDL-C and creatinine) and can mea-

sure glucose as a replacement for the HbA1c. �e models 

with these replaced biomarkers performed as good as the 

original models. Using only NMR metabolomics for the 

laboratory-based variables of the prediction model could 

enhance the cost-effectiveness of its use in routine care.

While incorporating metabolomics into clinical prac-

tice does incur costs, it is important to note that the 

NMR method used for metabolomic analysis is generally 

more cost-effective and standardized compared to the 

LC-MS/MS (Liquid Chromatography-Mass Spectrome-

try/Mass Spectrometry) method [43]. Additionally, com-

mercial companies like Nightingale Health are available 
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to handle large sample sizes in a short time, making this 

approach feasible for widespread clinical application.

However, before recommending routine measurement 

in clinical practice, it is essential to consider country-spe-

cific validation of the model. Currently, our algorithm is 

primarily validated for the UK and Germany, and extend-

ing this validation to other regions is crucial for broader 

applicability. �e differences in cardiovascular risk pro-

files and healthcare systems across countries necessitate 

such validation to ensure the effectiveness and relevance 

of the model in diverse settings. Furthermore, studies are 

needed to assess the cost-effectiveness and clinical util-

ity of incorporating NMR metabolomics into routine 

practice.

Conclusions
�is investigation showed for the first time with an exter-

nal validation cohort, that metabolites can enhance an 

established MACE prediction model for patients with 

type 2 diabetes. As metabolomic analyses became stan-

dardized and affordable by the NMR technology in recent 

years, these measurements have a translation poten-

tial for clinical routine. �e developed and validated 

SCORE2-Diabetes model extended by 7 metabolites can 

be used for an improved cardiovascular risk stratification, 

which is needed for personalized cardiovascular preven-

tion measures in patients with type 2 diabetes. Future 

research should further validate these findings in other 

populations and explore practical aspects, such as the 

availability and cost-effectiveness of added NMR metabo-

lomics measurement to the assessment of the other fac-

tors of the SCORE-2-Diabetes model.
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