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A Twitter Summary: 

Stage-specific metabolic reprogramming over 14 years in the KORA cohort reveals early energy 
imbalance and later amino acid perturbations, offering insights into diabetes progression and 
prevention. 

 

Abstract 

Objective 
This study aimed to identify metabolites characterizing the progression from normal glucose 
metabolism (NORM) to prediabetes (PreT2D) and type 2 diabetes (T2D), focusing on stage-
specific metabolic shifts (early: NORM to PreT2D; late: PreT2D to T2D) and mechanistic 
relevance. 

Research Design and Methods 
We analyzed 8,240 observations from the KORA cohort, profiling 104 targeted and 312 non-
targeted metabolites across three time points: baseline (S4) and follow-ups (F4 and FF4) spanning 
14 years. Trajectory analyses of 1,050 individuals identified 211 incident PreT2D and 112 incident 
T2D cases. Linear mixed-effects models (basic: adjusted for age, sex, BMI, lifestyle; sensitivity: 
additionally adjusted for glycemic factors like fasting glucose, and cardiovascular factors such as 
systolic blood pressure (BP) were used to evaluate metabolic differences across glycemic states. 
Mediation and Mendelian randomization (MR) analyses examined mechanistic and causal 
relationships. 
Results 
We identified 140 Bonferroni-significant metabolites (45 targeted, 109 non-targeted, 14 
overlapping), including 68 early-stage metabolites (significant in PreT2D/T2D vs. NORM), 
primarily energy metabolism markers such as fatty acid oxidation metabolites (e.g., 37 lipids) and 
TCA cycle metabolites (e.g., citrate). Twenty late-stage metabolites (significant in T2D vs. 
PreT2D/NORM) included amino acids like BCAAs and γ-glutamyl derivatives. Fewer significant 
associations were observed in incident cases. Sensitivity models validated 50% of early-stage but 
not late-stage metabolites. Fasting glucose mediated 35.1% of the γ-glutamyl-valine-T2D 
association, while MR analysis found no causal roles for C2, BCAAs, or γ-glutamyl-valine. 

Conclusions 
Energy metabolism shifts occur early, while amino acid alterations emerge later stages. These 
stage-specific signatures may guide diabetes prevention strategies.  
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Article highlights 

• Why did we undertake this study? 

To identify stage-specific metabolic shifts in diabetes progression using targeted and non-targeted 
metabolomics analyses of a cohort followed over 14 years. 

• What is the specific question(s) we wanted to answer? 

Can we characterize diabetes progression and its underlying metabolic mechanisms? 

• What did we find? 

Early-stage: Fatty acid oxidation (lipids) and TCA cycle metabolites (e.g., citrate).  

Late-stage: Amino acids (e.g., BCAAs, γ-glutamyl derivatives).  
Fewer significant associations were found in incident prediabetes and diabetes cases.  

MR analysis showed no causal roles for C2, BCAAs, or γ-glutamyl-valine. 

• What are the implications of our findings? 

Energy metabolism shifts occur early, while amino acid alterations arise later. These stage-specific 
signatures may inform diabetes prevention strategies.  
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Introduction 

Type 2 diabetes (T2D) is characterized by elevated blood glucose levels resulting from insulin 
resistance, pancreatic β-cell dysfunction, and widespread metabolic disruptions (1). Prediabetes 
(PreT2D), an intermediate state of impaired glucose regulation, offers a key opportunity for 
prevention (2). However, without timely intervention, over 70% of individuals with PreT2D 
progress to T2D (3). 
Metabolomics enables a comprehensive approach to study metabolites involved in metabolic 
dysregulation. Prior studies using targeted metabolomics have linked branched-chain amino acids 
(BCAAs), aromatic amino acids (AAAs), and lipid intermediates to insulin resistance and 
mitochondrial dysfunction, key features of T2D (4, 5). Elevated BCAAs and acylcarnitines have 
been associated with β-oxidation defects, oxidative stress, and altered glucose metabolism, 
suggesting early metabolic signatures of disease (6). In addition to targeted approaches, non-
targeted metabolomics offers the detection of a broad spectrum of metabolites (7). For instance, 
bile acids and phospholipids have been linked to incident T2D (8). However, few studies have 
systematically explored how these metabolites evolve during the progression from normal glucose 
metabolism (NORM) to PreT2D and T2D.  
Especially for PreT2D, it can be further classified into isolated impaired fasting glucose (i-IFG) 
and impaired glucose tolerance (IGT). They differ fundamentally in their underlying physiological 
mechanisms, i-IFG is primarily characterized by elevated fasting glucose levels and hepatic insulin 
resistance, while IGT is associated with postprandial hyperglycemia due to peripheral insulin 
resistance and impaired muscle glucose uptake (9). Previous studies have reported distinct 
cardiometabolic risk profiles and progression rates to T2D between these subtypes (2, 10), 
underscoring the importance of understanding their metabolic differences during the prediabetic 
stage. In addition, recent cluster-based analyses in older adults without T2D have revealed further 
heterogeneity in cardiometabolic risk and subclinical inflammation within the prediabetic stage 
(11). 
Emerging evidence suggests that oxidative stress, disruptions in amino acid and glutathione 
metabolism (12, 13), and impairments in the TCA cycle and redox pathways contribute to 
metabolic shifts during the progression from prediabetes to T2D, i.e. in the late-stage (14). 
However, these mechanisms remain insufficiently characterized across different glycemic stages. 
To address these gaps, we leveraged data from the population-based Cooperative Health Research 
in the Region of Augsburg (KORA) cohort, encompassing three examination phases: baseline 
survey number 4 (S4), 1st follow-up (F4), and 2nd follow-up (FF4) (15). This longitudinal dataset 
allowed us to track metabolic shifts over time. By integrating targeted and non-targeted 
metabolomics data, we aimed to identify stage-specific metabolic alterations associated with T2D 
progression and subgroups within PreT2D. Linear mixed-effects models (LMEMs), adjusted for 
physiological, lifestyle, glycemic, and cardiovascular risk factors, were applied to evaluate these 
metabolic differences. Additionally, mediation analysis and two-sample Mendelian randomization 
(MR) were conducted to investigate the causal relevance and underlying mechanisms of the 
observed metabolites.  
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Research design and methods 

Study design and participants 

This study utilized data from the KORA cohort, which was approved by the Ethics Committee of 
the Bavarian Chamber of Physicians, Germany, with informed consent obtained from all 
participants. Data were collected from three studies: baseline (S4, 1999–2001; N = 4,261), its 1st 
follow-up (F4, 2006–2008; N = 3,080), and 2nd follow-up (FF4, 2013–2014; N = 2,279) (16).  
Glycemic states were classified according to the Standards of Care in Diabetes – 2025 (17), with 
the WHO criteria applied for individuals with IFG. Specifically, glycemic status was defined at 
each time point using physician-validated self-reports, fasting glucose levels, and 2-hour post-
OGTT glucose values (2-h PG): NORM was defined as fasting glucose < 110 mg/dL and 2-h PG 
< 140 mg/dL; PreT2D included individuals with IFG (fasting glucose 110 – 125 mg/dL) and/or 
IGT (2-h PG 140 – 199 mg/dL); and T2D was defined as either fasting glucose ≥ 126 mg/dL or 2-
h PG ≥ 200 mg/dL, or a physician-confirmed diagnosis of T2D (2).  
Participants with unclear glycemic states or those who were non-fasting at any time point were 
excluded from the analysis (Fig. S1). Furthermore, individuals with T2D receiving oral 
antidiabetic medication or insulin therapy were excluded, as previous studies have shown that 
treatments such as metformin and sodium-glucose-cotransporter-2 inhibitors (SGLT2i), 
significantly influences both targeted (18) and non-targeted metabolite profiles (19).  

Blood samples used for metabolomics analyses 

Blood samples were collected in the morning between 8:00 AM and 10:30 AM after at least 8 
hours of overnight fasting. Serum samples were processed using standard procedures as previously 
described in detail (2, 20) and used for both targeted and non-targeted analyses.  

Targeted metabolite quantification and normalization 

Targeted metabolite profiling was performed using the AbsoluteIDQ™ p180 or p150 Kits 
(BIOCRATES Life Sciences AG, Innsbruck, Austria). In KORA S4 (analyzed Mar. - Apr. 2011, N 
= 1,615) and FF4 (Feb. - Oct. 2019, N = 2,218), 188 metabolites were measured with the p180 kit, 
which included five identical quality controls (QCs, defined as reference samples) per plate, three 
manufacture-provided QCs and three zero samples (21). In KORA F4 (Aug. 2008 - Mar. 2009, N 
= 3,056), 163 metabolites were measured using the p150 kit. To ensure consistency, 288 F4 
samples were re-analyzed with the p180 kit (Sep. – Oct. 2019) (16).  
Identical QC procedures were applied across three time-points. Metabolites were retained if they 
met the following criteria: 1) The average coefficient of variation (CV) was <25% in the reference 
or QC samples. 2) At least 50% of measured concentrations were above the limit of detection 
(LOD), defined as three times the median of zero samples. 3) The proportion of missing values 
was <5%. Non-detectable values were randomly imputed within 75–125% of half the lowest 
measured value per plate. Additionally, a non-parametric machine learning method, TIGER, was 
used to normalize the data across the three time-points to enable joint analysis (16). After QC, 104 
metabolites overlapping across S4, F4, and FF4 were included (Table S1). 
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Non-Targeted metabolite quantification and normalization 

Non-targeted metabolite profiles were analyzed using the Metabolon analytical platform 
(Metabolon Inc., Durham, North Carolina, USA). Serum samples from the KORA S4 and F4 
studies were analyzed using the same HD2 platform in 2011 and 2009, respectively (7, 8, 19).  
QC procedures followed the same criteria described previousl. Metabolites with >20% missing 
values in each study were excluded, along with samples with containing >10% missing metabolites. 
Normalized relative ion counts were log-transformed, and missing data were imputed. After QC, 
312 overlapping metabolites between KORA S4 and F4 were retained. However, the identities of 
metabolite ID M32654 and the molecule labeled “3-dehydrocarnitine*” could not be confirmed 
and were therefore denoted as X-21365 (Table S1). Z-score standardization was applied to all 
metabolites within each S4 and F4 studies prior to statistical analysis. 

Statistical analysis 

Linear mixed effect model (LMEM) 
To appropriately account for the repeated measures of the same study participants, we employed 
LMEMs with a random intercept for participant ID, which allowed for within-individual 
dependence and prevented observations from being analyzed as independent. Basic model was 
adjusted for study, age, sex, BMI, physical activity, smoking status, and alcohol intake. For 
example, of comparison between NORM and PreT2D:   
Y metabolite ~ glycemic state (1 = PreT2D vs. 0 = NORM) + study (categorical, S4 = 0, F4 = 1, FF4 = 2) + age (years at 

corresponding time point) + sex (female = 0, male = 1) + BMI (kg/m^2) + smoking status (non-smoker = 0, ex-smoker = 1, current 

smoker = 2) + physical activity (low = 0, medium =1; high = 2; irregular exercise equal or less than 1 h per week is considered as low; 

regular exercise 1 h < per week < 2 h is considered medium; regular exercise per week > 2 h is considered high) + alcohol intake (g/day) 

+ (1∣ID).  

To assess robustness, further confounders were adjusted in the basic model, incorporating 
glycemic and cardiometabolic factors, including fasting glucose, HbA1C, HDL cholesterol, and 
systolic BP (sensitivity model, SM). Separate sensitivity analyses were performed for fasting 
glucose (SM1), HbA1C (SM2), HDL cholesterol (SM3), systolic BP (SM4), and waist 
circumference (SM5) (Fig. S1).  
Further robustness was evaluated through two additional analyses: 1) Glycemic trajectories: 
Participants were classified: NORM (normal glucose at both time points), incident PreT2D 
(NORM at S4, progressing to PreT2D at FF4 / F4), PreT2D (PreT2D at both time points), incident 
T2D (progression to T2D at FF4 or F4), and T2D (T2D at both time points). 2) Subclassification 
of PreT2D: PreT2D was further subdivided into isolated impaired fasting glucose (i-IFG) and 
impaired glucose tolerance (IGT) to explore metabolic differences (Fig. S1).  
To account for multiple testing in the LMEM models, Bonferroni correction was applied. 
Metabolites with a P-value below the threshold of P = 0.05 /’Number of metabolites after QC’ 
were considered statistically significant in all analyses.  
To further characterize the metabolic alterations across the spectrum of glycemic states, 
Bonferroni-significant metabolites were classified into three comparator groups based on their 
association patterns: 1. Persistent metabolites: Metabolites demonstrating progressive differences 
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across all glycemic states, from NORM to PreT2D and to T2D. 2. Early metabolites: Metabolites 
show significant differences between both PreT2D/T2D and NORM, but no significant difference 
between T2D and PreT2D. 3. Late metabolites: Metabolites exhibiting significant differences 
exclusively between T2D and PreT2D/NORM (Fig. S1). 

Mediation analysis 
The mediation analysis was conducted following the standard steps outlined by Baron and Kenny 
(22). Fasting glucose, HbA1C, HDL cholesterol, and systolic BP were separately considered as 
mediators. Glycemic states were set as the independent variable, and one identified metabolite was 
used as the dependent variable. The analysis was performed using the R package ‘mediation’ 
(version 4.5.0), with P-values and the proportion of mediation effects calculated via nonparametric 
bootstrapping with 1,000 resamples. 

Mendelian randomization methods 
Two-sample MR analyses were performed to evaluate potential causal associations between 
selected metabolites and T2D using summary-level data from the IEU OpenGWAS database via 
the TwoSampleMR R package (version 0.5.6) (23). 
Independent SNPs were selected at genome-wide significance (P < 5 × 10⁻⁸) after clumping (r² < 
0.001, 10,000 kb window). Mean F-statistics > 10 were used to confirm adequate instrument 
strength. 
The primary analysis employed the inverse-variance weighted (IVW) method. Sensitivity analyses 
included MR-Egger, weighted median, weighted mode, Cochran’s Q test, MR-Egger intercept, and 
MR-PRESSO global test to assess heterogeneity and pleiotropy (24). Leave-one-out analyses were 
performed to evaluate the impact of individual SNPs.  

All statistical analyses were conducted using R software (v4.3.2) (25).  

Data and resource availability 
KORA datasets are not publicly available because of data protection agreements. However, 
datasets can be provided upon request through the KORA-PASST (Project application self-service 
tool, https://helmholtz-muenchen.managed-otrs.com/external). 

Results 

Characterization of study participants 
This longitudinal analysis included 8,240 samples from 3,183 participants across three time points 
(S4, F4, FF4) using targeted and non-targeted metabolomics (Table 1, Table S2). Progression from 
NORM to PreT2D and T2D was associated with significant shifts in cardiometabolic risk profiles, 
characterized by older age; higher BMI, waist circumference, fasting glucose, 2-h PG, HbA1C, 
systolic BP, and gamma-glutamyl transferase (GGT); but lower HDL cholesterol and reduced 
physical activity. 
Trajectory analysis included 1,050 individuals: 576 NORM, 118 PreT2D, 33 T2D, 211 incident 
PreT2D, and 112 incident T2D cases (Tables S3 for targeted and Table S4 for non-targeted 
datasets). Compared to individuals who remained NORM throughout the study, participants with 

https://helmholtz-muenchen.managed-otrs.com/external
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incident PreT2D and incident T2D were more often male (57.9% for 114 individuals with incident 
PreT2D and 58.8% for 68 incident T2D, compared to 48% for 225 NORM in the targeted dataset, 
Table S3). These participants also had higher BMI, waist circumference, fasting glucose, HbA1C, 
and cardiovascular risk factors, including lower HDL cholesterol and higher systolic BP, at both 
baseline and follow-up. These trends were consistent across the longitudinal datasets. 

Metabolites differentiating glycemic states in targeted analysis 
Of 104 targeted metabolites, 45 revealed Bonferroni-significant differences between 3,867 NORM 
and 381 T2D individuals in LMEMs adjusted for the basic model (Fig. 1A, Table S5). Three 
metabolites, hexose (H1), valine, and SM (OH) C22:2, demonstrated progressive changes across 
all glycemic states, classifying them as persistent metabolites (Fig. 1B). 29 metabolites, including 
glycine and 28 lipids (e.g., 3 carnitines: C2, C16 and C18:1; 4 PC aas; 10 PC aes; 5 LPCs; 6 SMs), 
were identified as early-stage specific, differing between PreT2D/T2D and NORM but not 
between T2D and PreT2D. Conversely, 13 metabolites, including tyrosine, showed Bonferroni-
significant differences only between T2D and NORM, without stage-specific changes (Fig. S2A, 
Table S5).  
Trajectory analysis (S4, FF4) identified H1 as the only Bonferroni-significant metabolite across 
seven pairwise LMEMs adjusted for the basic model. H1 displayed significant differences across 
all glycemic states, except between established T2D and incident T2D (Fig. 1C). 

 

Metabolites differentiating glycemic states in non-targeted analysis 
Among 312 non-targeted metabolites, 109 showed Bonferroni-significant differences between 
T2D and NORM, including 11 persistent, 40 early-stage, and 20 late-stage metabolites (Figs. 2A, 
S3A, Table S6). Persistent metabolites included glucose, α-hydroxybutyrate (AHB), glutamate, 
and glycine. Early-stage metabolites were C2, 7 long-chain fatty acids (LCFAs), pyruvate, and 
lactate (Figs. S4A & S4B). Late-stage metabolites, such as BCAAs (valine, isoleucine, leucine), 
1,5-anhydroglucitol (1,5-AG), four γ-glutamyl derivatives, erythrose and erythronate, differed 
between T2D and both NORM and PreT2D, but not between PreT2D and NORM (Figs. 2A & 2B, 
Fig. S3A, Table S6).  
Among 140 identified metabolites (45 targeted, 109 non-targeted, 14 overlapping), three 
metabolites revealed consistent patterns: glucose (persistent), C2 (early-stage), and tyrosine (non-
stage specific). However, valine, glycine and four carnitines exhibited contrasting classifications 
between targeted and non-targeted datasets despite consistent directional changes. For example, 
valine was borderline significant in PreT2D vs. NORM (P = 3.18E-04) in the targeted analysis and 
classified as persistent, while in the non-targeted analysis, it was grouped with isoleucine and 
leucine as late-stage metabolites (Figs. 1B & 2B, Tables S5 & S6). 
Trajectory analysis (S4 to F4; Fig. 2C) identified fewer Bonferroni-significant metabolites from 
seven pairwise LMEMs. AHB and 3-methyl-2-oxobutyrate were consistently differential in both 
incident and established T2D compared to NORM. Two unknown metabolites (X-11470, X-12039) 
were also identified: X-11470 increased in incident PreT2D, while X-12039 was depleted in T2D, 
both compared to NORM. 
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Sensitivity and subgroup analyses reveal stage-specific metabolic patterns and glycemic 
dependencies 
Sensitivity analyses of six additional LMEM models confirmed stage-specific metabolic patterns 
(Figs. S2B-S2G & S3B-S3G, Tables S5 & S6).  
Among 13 persistent metabolites (3 targeted, 11 non-targeted, 1 overlapping), the overlapping 
hexose/glucose lost significance in SM and SM1 (adjusted for fasting glucose) but remained 
significant in SM2, SM3, SM4, and SM5 across all pairwise comparisons (PreT2D vs. NORM, 
T2D vs. NORM, T2D vs. PreT2D) The only exception was glucose, which showed borderline 
significance in PreT2D vs. NORM (P = 2.03E-05 in SM and P = 4.84E-06 in SM1), compared to 
highly significant results in the basic model of the non-targeted analyses (P = 2.01E-37). These 
observations confirm the glycemic dependent of hexose/glucose and their role as positive controls 
for glycemic progression.  
SM (OH) C22:2 remained a persistent metabolite in SM4 and SM5 but shifted to early-stage in 
SM, SM1, SM2, and SM3 (targeted analysis, Fig. S2). In both targeted and non-targeted analyses, 
valine was not significant in distinguishing NORM from PreT2D across all six sensitivity analyses. 
However, valine consistently shifted to later-stage in SM3, SM4, and SM5 (Figs. S2, S3).  
Of the 68 early-stage metabolites identified (29 targeted, 40 non-targeted, 1 overlapping), 34 
remained significant across all six sensitivity models. These included C2 (overlapping), LPC 18:2 
(targeted), and pyruvate, lactate, and 3-methyl-2-oxobutyrate (non-targeted). In contract, citrate 
was the only exception, classified as a non–stage-specific metabolite in the basic model, just below 
the borderline significance threshold in PreT2D vs. NORM (P = 1.74E-04, cutoff: P = 1.60E-04). 
However, citrate shifted to an early-stage metabolite with consistently higher levels in PreT2D and 
T2D compared to NORM across all five sensitivity models (SM, SM1, SM2, SM3, and SM4). P 
values hovered near borderline significance (ranging from 8.42E-06 to 5.06E-04 in both 
PreT2D/T2D vs. NORM comparisons, while showing no significance between T2D and PreT2D 
(non-targeted, Fig. S3). Based on these observations, citrate is most likely an early-stage 
metabolite and appears to be independent of established cardiometabolic risk factors.  
None of the 20 late-stage metabolites identified (non-targeted) remained significant in SM, with 
associations for BCAAs and γ-glutamyl derivatives attenuated in SM1 and SM2, and erythrose in 
SM2, SM3, SM4, and SM5 (Fig. S3, Table S6). 
Subgroup analysis of PreT2D into i-IFG and IGT revealed clearer metabolic shifts (Figs. S5A & 
S5B). H1 and glucose consistently showed higher levels across glycemic stages (e.g., i-IFG/IGT 
vs. NORM, T2D vs. i-IFG/IGT). Targeted analysis identified 7 IGT-specific metabolites, including 
C2 and LPC 18:2 (Fig. S5A). Non-targeted analysis showed lactate remained significant for i-
IFG/IGT vs. NORM, while AHB and glycine were significant for IGT vs. NORM and T2D vs. i-
IFG. Late-stage γ-glutamyl-leucine was significant for T2D vs. IGT (Fig. S5B).  

Mediation but no direct causal effect of glycemic states on metabolic alterations 

Mediation analysis of γ-glutamyl-valine revealed that fasting glucose and HbA1C significantly 
mediated its association with late-stage glycemic status (e.g., T2D vs. PreT2D), accounting for 
35.1% and 31.0% of the effect, respectively (Fig. 3A). HDL cholesterol had a small but significant 
mediation effect (6.4%, P = 0.020), while systolic BP showed no significant effect (Fig. 3A). 
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MR analyses for C2, BCAAs, and γ-glutamyl-valine showed no statistically significant causal 
effects on T2D using the IVW method (Fig. 3B, Fig. S6). Sensitivity analyses, including MR-
Egger intercept, Cochran’s Q test, MR-PRESSO, and leave-one-out, identified no evidence of 
pleiotropy or heterogeneity (Fig. S7, Tables S7 & S8).  

Discussion 

This study identified distinct stage-specific metabolic shifts during the progression from 
normoglycemia to incident and established PreT2D and T2D using longitudinal data from the 
KORA S4/F4/FF4 cohort. Early-stage alterations primarily involved energy metabolism (e.g., C2, 
lactate, acylcarnitines, LCFAs), whereas later-stage changes were dominated by amino acid-
related pathways, including BCAAs and γ-glutamyl derivatives. These patterns were consistent 
across glycemic stages (NORM, PreT2D, T2D), incident PreT2D and T2D cases, and PreT2D 
subtypes (i-IFG and IGT). Robust integration of targeted and non-targeted metabolomics enabled 
the identification and internal validation of stage-specific metabolites, independent of 
physiological, lifestyle, glycemic, and cardiovascular covariates. Subsequent mediation and MR 
analyses indicated that glycemic markers, particularly fasting glucose and HbA1C, may partially 
mediate the associations between BCAA-related metabolites and T2D risk, although no evidence 
of a direct causal relationship was observed. 
Our findings align with prior research, confirming glucose and hexose (H1) as consistent markers 
across glycemic stages and platforms, serving as positive controls for diabetes research (2). Early-
stage metabolites, such as C2 and LPC 18:2,  exhibited significant elevation from NORM to 
PreT2D, particularly in IGT, reflecting enhanced fatty acid oxidation and mitochondrial stress due 
to reduced insulin regulation of lipolysis (2, 26). Late-stage metabolites, including AHB, mannose, 
and 1,5-AG showed reproducible associations with established T2D (27, 28). 
We also observed significant metabolic disruptions in PreT2D, marked by higher citrate levels 
indicating impaired TCA cycle activity and lower glycine levels reflecting increased oxidative 
stress. These alterations align with a metabolic shift toward anaerobic glycolysis and reduced 
efficiency in energy metabolism (Fig. 3C). Supporting this, an imbalance between pyruvate and 
lactate further highlights impaired oxidative metabolism, with increased diversion of pyruvate 
toward lactate production (Fig. S4C). Collectively, these findings suggest a redox state in which 
mitochondrial oxidation is constrained, favoring cytosolic glycolysis.  
Consistently, glycine depletion, accompanied by elevated glutamate and γ-glutamyl dipeptides, 
underscores oxidative stress and accelerated glutathione (GSH) turnover (29). At later stages, 
elevations in erythrose and erythronate levels suggest activation of the non-oxidative pentose 
phosphate pathway (PPP), likely to supply NADPH for GSH regeneration and lipid synthesis (30, 
31). Overall, these findings indicate a tight coupling between energy metabolic inefficiency and 
oxidative stress throughout the progression of T2D (Fig. 3C). 
Rising BCAA levels, particularly between PreT2D and T2D, further highlight their dysregulation 
as a hallmark of advanced disease stages, consistent with prior studies (32). Similarly, γ-glutamyl 
derivatives, including γ-glutamyl-valine, exhibited minor changes in prediabetes but larger 
increases in T2D, suggesting their potential as stage-specific markers of amino acid overload and 
redox stress (33).  
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Among the 14 overlapping metabolites measured by both platforms, valine and glycine exhibited 
some discrepancies, which may partly reflect differences in participant composition or platform 
sensitivity. Prior research comparing Biocrates and Metabolon technologies reported correlation 
coefficients of 0.661 for valine, and 0.747 for glycine, and 0.891 for C2 (34). This may explain the 
consistent results for C2 across platforms. Despite platform-specific variations, glycine was 
consistently identified as an early-stage metabolite across all 6 LMEM models (targeted), and the 
SM (non-targeted).  
Interestingly, early-stage metabolites (e.g., citrate, lactate) remained robustly associated with 
glycemic status, even after adjusting for glucose, HbA1C, HDL cholesterol, systolic BP, and waist 
circumference, implying that they may reflect broader metabolic disturbances rather than 
hyperglycemia alone. Conversely, late-stage metabolites (e.g., BCAAs, γ-glutamyl derivatives) 
were more sensitive to glycemic adjustments, indicating their dependency on glucose regulation.  
Trajectory-based subgroup analyses identified fewer significant metabolites, likely due to the 
smaller number of incident cases and the stringent Bonferroni threshold. However, incident cases 
shared similarities with preceding glycemic states rather than established T2D. For example, 
elevated levels of AHB and 3-methyl-2-oxobutyrate were observed in both incident T2D and 
established T2D, consistent with previous findings. AHB is a known biomarker for insulin 
resistance and IGT (35, 36), while 3-methyl-2-oxobutyrate has been linked to incident T2D (8). In 
our longitudinal analyses, 3-methyl-2-oxobutyrate remained significant across all six sensitivity 
models as early-stage specific, suggesting independence from physiological, lifestyle, and 
cardiovascular risk factors. In the PreT2D subgroup analyses, there was also a significant 
difference between IGT and NORM. As a branched-chain keto-acid (BCKA) derivative of valine, 
3-methyl-2-oxobutyrate may reflect reduced mitochondrial capacity in PreT2D and T2D to break 
down BCAAs, as suggested by Fall et al (8).  
Mediation analyses supported the sensitivity findings, showing that glycemic markers, particularly 
fasting glucose and HbA1C, mediated over 30% of the association with γ-glutamyl-valine, 
suggesting these derivatives are largely glycemia-driven. This aligns with the known role of GGT 
in oxidative stress and cardiometabolic risk (12), linking the γ-glutamyl pathway to amino acid 
dysregulation and hyperglycemia-related stress. 
To explore causality, MR analyses found no evidence that BCAAs, C2 or γ-glutamyl-valine 
directly drive T2D. Given longstanding hypotheses that BCAAs may promote insulin resistance, 
we further repeated MR focusing on insulin resistance–predominated T2D. This additional 
analysis again showed no causal effect of BCAAs (Fig. 3B). Taken together with the observed rise 
in BCAAs during T2D progression in our studies, these results suggest that elevations of BCAAs, 
C2, and γ-glutamyl-valine are more likely downstream manifestations of metabolic dysregulation 
rather than causal drivers of T2D. However, limited genetic instruments and the absence of GWAS 
data for prediabetes restrict the causal assessment of the PreT2D-to-T2D transition.  
This study has several limitations. Residual confounding from unmeasured lifestyle factors, such 
as diet, cannot be ruled out, although fasting serum samples were used in the current study. 
Diabetes duration was not considered, potentially influencing metabolomic profiles within T2D 
participants. Furthermore, the predominantly European population restricts the generalizability of 
findings to other ethnic groups. 
We propose a hypothetical sequence of metabolic disturbances (Fig. 3C). Insulin resistance 
initiates lipid oxidation changes, reflected by elevated acylcarnitines like C2 and LCFAs. These 
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impairments disrupt the TCA cycle, elevating citrate and lactate causing a pyruvate–lactate 
imbalance indicative of impaired oxidative metabolism, while altering α-ketoglutarate metabolism, 
leading to higher glutamate (5, 37), which may reflect enhanced glutaminolysis, providing α-KG 
to compensate for reduced TCA cycle efficiency. Glycine depletion likely reflects increased GSH 
synthesis in response to oxidative stress, driven by chronic insulin resistance and low-grade 
inflammation (38). As disease progresses, impaired amino acid clearance elevates circulating 
BCAAs, fueling γ-glutamyl derivative formation (39). The observed increases in γ-glutamyl-
valine and related derivatives may represent an adaptive response facilitated by GGT to buffer 
amino acid and redox imbalance (40). 
In conclusion, we identified distinct stage-specific metabolomic signatures along the glycemic 
continuum. Early-stage metabolites (e.g., C2, lactate) reflect energy metabolism, while late-stage 
metabolites (e.g., BCAAs, γ-glutamyl derivatives) characterize advanced metabolic disruption. 
Our systematic analysis of glycemic states exhibited unique metabolic shifts, distinguishing them 
from established T2D and highlighting potential windows for early detection and intervention. The 
reproducibility of findings across platforms and time points strengthens their credibility, offering 
a foundation for developing stage-specific biomarkers and precision strategies for diabetes 
prevention. 
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Table 1. Characteristics of study participants across glycemic states in the targeted metabolomics study 

 
S4 (N= 1,361)   F4 (N = 1,965)   FF4 (N = 1,959)  

NORM PreT2D T2D P  NORM PreT2D T2D P  NORM PreT2D T2D P 

N 867 348 146   1571 298 96   1429 391 139  

Age, years  63.47 ± 5.55 64.95 ± 5.17 65.05 ± 5.33 <0.001  51.64 ± 11.73 60.90 ± 10.54 63.80 ± 9.06 <0.001  56.83 ± 11.49 65.28 ± 11.12 69.74 ± 10.36 <0.001 

Male sex, % 47.8 59.2 58.9 <0.001  46.3 55.4 60.4 0.001  44.5 56.3 56.8 <0.001 

BMI, kg/m2  27.67 ± 4.09 29.52 ± 4.05 30.33 ± 4.40 <0.001  26.51 ± 4.21 29.54 ± 4.99 30.40 ± 4.15 <0.001  26.62 ± 4.42 29.73 ± 4.78 30.91 ± 5.36 <0.001 

Waist circumference, cm 93.30 ± 11.15 99.30 ± 10.35 101.92 ± 10.97 <0.001  90.20 ± 12.81 99.66 ± 13.74 103.22 ± 10.46 <0.001  93.00 ± 12.95 103.13 ± 12.60 105.99 ± 13.05 <0.001 

Fasting glucose, mg/dL  95.63 ± 7.08 107.68 ± 9.54 134.02 ± 32.98 <0.001  91.62 ± 7.55 103.31 ± 11.02 124.62 ± 20.28 <0.001  94.20 ± 7.34 106.64 ± 9.59 126.02 ± 29.26 <0.001 

2-h PG, mg/dL 101.98 ± 21.02 147.21 ± 30.41 232.63 ± 67.44 <0.001  97.18 ± 20.75 149.80 ± 27.07 218.92 ± 42.46 <0.001  96.54 ± 20.10 147.50 ± 27.28 224.78 ± 64.71 <0.001 

HbA1C, % 5.56 ± 0.33 5.66 ± 0.38 6.39 ± 1.20 <0.001  5.35 ± 0.30 5.63 ± 0.35 6.24 ± 0.61 <0.001  5.32 ± 0.32 5.60 ± 0.35 6.14 ± 0.81 <0.001 

HbA1C, mmol/mol 37.26 ± 3.65 38.32 ± 4.17 46.37 ± 13.13 <0.001  34.93 ± 3.30 38.09 ± 3.85 44.66 ± 6.68 <0.001  34.65 ± 3.55 37.73 ± 3.81 43.63 ± 8.81 <0.001 

HDL cholesterol, mg/dL 60.34 ± 16.38 55.50 ± 15.33 50.86 ± 15.40 <0.001  57.68 ± 14.56 52.57 ± 13.41 48.09 ± 11.85 <0.001  68.35 ± 18.67 60.95 ± 17.95 57.24 ± 16.23 <0.001 

Systolic BP, mmHg 131.60 ± 18.92 140.27 ± 19.14 146.47 ± 21.28 <0.001  118.70 ± 16.93 127.54 ± 18.02 135.67 ± 18.32 <0.001  116.01 ± 16.22 123.54 ± 17.98 125.68 ± 21.10 <0.001 

Physical activity, %    0.019     0.001     <0.001 

Low 53.1 61.1 65.1   39.1 50.7 46.9   36.5 48.6 60.4  

Medium 27.3 21.9 21.2   33.0 30.5 27.1   34.3 30.2 20.1  

High 19.6 17.0 13.7   27.8 18.8 26.0   29.3 21.2 19.4  

Smoking, %    0.226     <0.001     0.003 

Non-smoker 48.3 47.1 41.8   41.7 47.0 35.4   41.3 42.7 54.0  

Ex-smoker 37.1 41.7 43.8   39.6 43.6 54.2   41.4 43.5 39.6  

Current smoker 14.7 11.2 14.4   18.8 9.4 10.4   17.3 13.8 6.5  

Alcohol intake, g/day  14.86 ± 18.50 19.60 ± 25.30 15.74 ± 21.60 0.002   14.42 ± 19.51 16.69 ± 21.35 16.89 ± 23.48 0.122  13.92 ± 18.09 17.13 ± 22.95 15.83 ± 24.61 0.013  
GGT, U/l      35.55 ± 34.87 51.42 ± 65.09 56.05 ± 54.17 <0.001  30.73 ± 32.09 41.94 ± 34.44 54.12 ± 71.29 <0.001 

 
Data are means ± SD for continuous variables and % for categorical variables. P-values were calculated using one-way ANOVA for 
continuous variables and chi-square test for categorical variables, comparing across the three groups (NORM, PreT2D, T2D). 
Abbreviations: BP, blood pressure; BMI, body mass index; GGT, gamma-glutamyl transferase; HDL, high density lipoprotein; NORM, 
normal glucose metabolism; PG, post-OGTT values; PreT2D, prediabetes; T2D, type 2 diabetes; GGT, gamma-glutamyl-transferase. 
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Figure Legends 
 
Figure 1. Targeted analysis of glycemic states. A: Volcano plots illustrating differences in 
metabolite concentrations for the pairwise comparisons: PreT2D vs. NORM, T2D vs. NORM, and 
T2D vs. PreT2D. The dashed line indicates the Bonferroni correction threshold, with metabolites 
above this threshold considered Bonferroni-significant. B: Box plots showing group differences 
for notable metabolites, including hexose (H1), SM (OH) C22:2, valine (Val) and glycine (Gly). 
Persistent metabolites (e.g., H1 and valine) demonstrated consistent changes across glycemic 
states, while early metabolites (e.g., C2 and Glycine) were altered in PreT2D and T2D compared 
to NORM but not between PreT2D and T2D. C: Summary of trajectory analysis across NORM, 
incident PreT2D, PreT2D, incident T2D, and T2D. All analyses were conducted using linear 
mixed-effects models (LMEM) adjusted for age, sex, BMI, and lifestyle factors (physical activity, 
smoking status, and alcohol intake). Metabolites with Bonferroni-significant are shown in plot C. 
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Figure 2. Non-targeted metabolomic analysis of glycemic states. A: Volcano plots illustrating 
differences in metabolite ion counts for the three pairwise comparisons: PreT2D vs. NORM, T2D 
vs. NORM, and T2D vs. PreT2D. The dashed line indicates the Bonferroni correction threshold (P 
< 1.60E-04), with metabolites above this threshold considered Bonferroni-significant (***). Note 
that the y-axis presents different values as indicated. B: Box plots showing relative ion counts of 
five metabolites across the glycemic states. C: Summary of trajectory analysis across NORM, 
incident PreT2D, PreT2D, incident T2D, and T2D. Unknown metabolites are also shown. The 
analysis was conducted using linear mixed-effects models adjusted for age, sex, BMI, and lifestyle 
factors (physical activity, smoking status, and alcohol intake), and Bonferroni-significant 
metabolites are shown in plot C. Abbreviations: AHB, α-hydroxybutyrate; Val, valine; Gly, 
glycine; γ-Glu-Val, γ-glutamyl-valine.  
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Figure 3. Metabolic pathways linking glycemic progression to T2D: insights from sensitivity, 
mediation, and causal analyses. Analyses of metabolic alterations across glycemic states and 
potential mechanistic pathways. A: Mediation analysis of γ-glutamyl-valine with fasting glucose, 
HbA1C, HDL cholesterol, and systolic BP as mediators in comparison between T2D and PreT2D. 
B: Mendelian randomization (MR) analysis of BCAA, C2, and γ-glutamyl-valine, with odds ratios 
and 95% CIs across MR methods. C: Proposed trajectory of metabolic changes across stages of 
T2D progression. Abbreviations: AAs, amino acids; ACME, average causal mediation effect; 
ADE, average direct effect; α-KG, alpha-ketoglutarate; BCAA, branched chain amino acid; 
LCFAs, long-chain fatty acids; BP, blood pressure; GGT, γ-glutamyl transferase; γ-Glu-Val, γ-
Glutamyl-Valine; GSH, glutathione; HDL, high density lipoprotein; IVW, inverse variance 
weighted method; LDH, lactate dehydrogenase; LPC, lysophosphatidylcholine; NADH/NAD+, 
nicotinamide adenine dinucleotide (reduced/oxidized form); PC, phosphatidylcholine; PPP, 
pentose phosphate pathway; SM, sphingomyelin; TCA, tricarboxylic acid cycle; T2D, type 2 
diabetes. 

 

 


