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Abstract

Prediabetes is a dynamic state in which impaired glucose regulation (IGR) can revert
to normoglycaemia or progress to type 2 diabetes (T2DM), yet the metabolic basis of
these divergent trajectories remains unclear. We profiled serum metabolites in 975
individuals with IGR and 128 healthy controls over 2.5 years. IGR remission involved
partial normalization of amino acid metabolism and attenuated fatty acid dysregulation,
whereas progression to T2DM showed persistent branched-chain amino acid
perturbation, acylcarnitine accumulation and amplified lipid dysregulation.
Tetradecanedioic acid emerged as the most robust outcome-associated biomarker,
validated across human cohorts, mouse progression and exercise-induced remission
models, and two independent multicenter datasets, with graded accumulation across
worsening glycaemic states. Tissue metabolomics and *Ce-glucose tracing linked these
alterations to hepatic lipid disturbance and impaired glucose-derived TCA cycle flux in
skeletal muscle, identifying fatty acid remodeling as an early and partially reversible
axis distinguishing IGR remission from progression.

Subject terms: Type 2 diabetes mellitus, Impaired glucose regulation, Metabolic

reprogramming, Lipid remodeling



Diabetes mellitus is a systemic metabolic and vascular disorder defined by chronic
hyperglycaemia and progressive cellular and vascular injury. Its global prevalence has
nearly doubled over the past two decades, posing a major public health challenge.'.
Type 2 diabetes mellitus (T2DM) accounts for most cases, is increasingly diagnosed at
younger ages and substantially increases the risks of multisystem complications,
imposing considerable clinical and socioeconomic burdens?. Identifying high-risk
individuals before overt diabetes is therefore essential for preventing irreversible
metabolic and vascular damage.

T2DM usually develops through a prolonged prediabetic phase of impaired
glucose regulation (IGR), during which insulin resistance, B-cell stress and tissue-
specific metabolic dysfunction may already be present’. However, IGR is not a
unidirectional condition with divergent outcomes. Some individuals progress to T2DM,
whereas others remain metabolically stable or revert to normoglycaemia. Conventional
risk assessment, based largely on glycaemic measures and related cardiometabolic
factors, does not fully capture this heterogeneity. Prospective metabolomics studies
have repeatedly linked circulating amino acids, acylcarnitines, lipids, glycine-related
pathways and bile acid metabolism to future T2DM risk®®. A recent multi-cohort study
of up to 23,634 initially diabetes-free individuals identified 235 metabolites associated
with incident T2DM and developed a 44-metabolite signature that improved prediction
beyond conventional risk factors’. Nevertheless, most studies have focused on incident
diabetes in broadly normoglycaemic populations or on cross-sectional comparisons
involving established T2DM. How metabolic networks evolve within individuals who
already have IGR, and whether those changes differ between remission and

progression, remains unclear.



Several metabolic alterations are particularly relevant to this divergence.
Branched-chain amino acids (BCAAs) and aromatic amino acids are reproducibly
associated insulin resistance and diabetes risk” ' !, Mechanistic work further links
altered BCAA catabolism to lipid flux; for example, the valine catabolite 3-
hydroxyisobutyrate promotes trans-endothelial fatty acid transport into skeletal muscle
and induces insulin resistance!’. Acylcarnitines reflect mitochondrial substrate
handling, whereas fatty acids and complex lipids participate in insulin signaling,
membrane remodeling, mitochondrial stress and inflammatory activation'*"!. Lipid
remodeling may therefore integrate adipose tissue lipolysis, hepatic lipid processing,
skeletal muscle substrate competition and systemic oxidative stress into a measurable
circulating signature. Whether these disturbances intensify continuously with
worsening glycaemia or selectively reverse during IGR remission is unknown.

Evidence that established T2DM can remit has renewed interest in metabolic
reversibility. International consensus defines T2DM remission as a sustained return of
glycaemia below the diabetes threshold after withdrawal glucose-lowering
medication'®, Lifestyle and weight-management trials, including DiRECT, have shown
that remission is achievable, although long-term durability remains challenging!”'°.
CORDIOPREV further identified metabolites associated with the likelihood of
remission following dietary intervention®’. These findings do not establish whether IGR
remission follows the same metabolic path as diabetes remission. Paired comparisons
of remission and progression trajectories at the prediabetic stage remain scarce,
particularly analyses that account for metabolic variation associated with ageing or
follow-up time in healthy individuals. Interpretation is further complicated because
circulating metabolites can arise from multiple tissues and may reflect drivers, adaptive

responses or consequences of disease. Crosstalk among metabolic organs is



increasingly recognized as a core feature of T2DM pathogenesis?! 2

, making tissue-
level and functional follow-up important for interpreting serum biomarkers.

Here, we analysed paired serum metabolomes from the Shanghai Nicheng cohort
to examine divergent IGR outcomes over 2.5 years. We first identified IGR-associated
metabolic alterations using baseline and follow-up healthy controls as discovery and
validation frameworks. For the participants with IGR at baseline, we then performed
paired trajectory analyses to distinguish metabolites associated with reversion to
normoglycaemia from those associated with progression to T2DM while excluding
time-varying metabolic features observed in healthy individuals. Key markers were
further examined in mouse models of T2DM progression and exercise-induced
remission, tissue association analyses and "*Ce-glucose tracing in skeletal muscle cells.
This trajectory-based design identifies fatty acid remodeling as a dynamic and partially

reversible metabolic axis separating metabolic recovery from deterioration during the

prediabetic stage. The workflow of this study is illustrated in Fig. 1.

Results

Characteristics of study participants

To characterize metabolomic trajectories associated with IGR remission and
progression, we established a longitudinal metabolomics sub-cohort within the
Shanghai Nicheng cohort?® ¥, Participants were selected according to predefined
criteria including available anthropometric, glycaemic and abdominal fat
measurements, no history of diabetes, and absence of major comorbidities or conditions
that could substantially affect metabolic profiles. The analysis was further restricted to
the individuals aged 45-55 years. In total, 975 participants with IGR at baseline were
included in the metabolomics analyses. In addition, 128 healthy controls matched for
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sex, age, and BMI were randomly selected from the same cohort among individuals
who were healthy at baseline and remained healthy throughout follow-up (Fig. 1). After
2.5 years of follow-up, baseline IGR participants developed into three distinct
glycaemic profiles: 202 reverted to normal glucose regulation (NGR), 554 remained in
the IGR state and 219 progressed to T2DM. Clinical characteristics of the study
population are summarized in Table 1. This cohort design enabled three complementary
analyses: identification of reproducible metabolic alterations associated with IGR;
characterization of baseline metabolic signatures linked to future remission, persistence
or progression; and paired analysis of outcome-associated biomarkers distinguishing
IGR remission from progression. The overall cohort stratification and analytical
workflow are shown in Fig. 1. Detailed information on cohort construction and

participant recruitment criteria is provided in the Supplementary Methods.

Metabolic alterations associated with IGR

To define metabolic alterations associated with IGR, we analyzed serum metabolic
profiles using a discovery-validation framework. Baseline samples from HC-2013 and
IGR-2013 were used as the discovery set, whereas follow-up samples from HC-2016
and IGR-2016 were used as the validation set. Orthogonal partial least-squares
discriminant analysis (OPLS-DA) revealed a separation between individuals with IGR
and healthy controls in both datasets, indicating that the prediabetic stage is
accompanied by a detectable shift in circulating metabolic profiles (Supplementary
Fig. 1). Nonparametric testing identified 84 and 58 differential metabolites,
respectively, in the discovery and validation sets (p < 0.05 and FDR < 0.2). Among
these, 38 metabolites were consistently altered in both datasets with concordant

directions of change. These reproducible IGR-associated metabolites were mainly



assigned to amino acids, carnitines, fatty acids, lysophosphatidylcholines (LPCs) and
ether-linked phosphatidylcholines (PC-Os) (Fig. 2a, b and Supplementary Table 1).
Pathway enrichment analysis further showed that. phenylalanine, tyrosine and
tryptophan biosynthesis, phenylalanine metabolism, alanine, aspartate and glutamate
metabolism, arginine and proline metabolism, and glutathione metabolism were
consistently enriched in both datasets (Fig. 2¢, d). Thus, amino acid metabolism and
redox-related pathways are among the most reproducibly metabolic features of the IGR
state. Metabolite ratio analysis provided additional evidence for early disruption of
amino acid and purine-related metabolism. We found that the biological indexes
including the metabolite ratio and metabolite summation, Glu/Gln, LeutLys and
Met/Phe increased, whereas Gly/Ser decreased in individuals with IGR
(Supplementary Table 2), suggesting altered glutamate-glutamine cycling, branched-
chain and essential amino acid metabolism, and serine-glycine or one-carbon-related
metabolism. The xanthine/hypoxanthine ratio also increased in IGR, consistent with
enhanced xanthine oxidoreductase/xanthine oxidase activity, oxidative stress, uric acid
production, insulin resistance and future T2DM risk®. In parallel, lipid-related
alterations were prominent. IGR was associated with higher levels of medium- and
long-chain unsaturated fatty acids and oxidized fatty acid products, together with
reduced LPCs and PC-Os and increased PCs. These changes are consistent with lipid
remodeling mechanisms involving Lp-PLA2, sPLA2-IIA and autotaxin (ENPP2),
which can promote PC hydrolysis, LPC to LPA conversion and downstream acyl
remodeling®®. Macrophage-derived Lp-PLA2 can also hydrolyse oxidized
phospholipids in LDL to generate oxidized fatty acids and lysophospholipids, linking

lipid oxidation to inflammation and metabolic dysregulation®’. Altered acylcarnitines



further suggested disturbed mitochondrial fatty acid handling and incomplete oxidative
substrate processing in IGR.

To assess whether reproducible metabolic alterations were independently
associated with IGR status, conditional binary logistic regression was also performed
for 49 consistently altered metabolites and 11 biological indexes, with adjustment for
age, sex and BMI. Twenty-one metabolites and four biological indexes were selected
with odds ratios > 1 (Extended Data Fig. 1a). Stepwise logistic regression further
identified an eight-marker panel with independent discriminative value, comprising
CAR 16:0, glutamic acid, L-alanine, phenylalanine, FA 21:3;0, glycohyodeoxycholic
acid (GHCA), PC 0-42:6 and Met/Phe. This panel showed consistent performance in
the discovery and validation datasets, with areas under the receiver operating
characteristic curve (AUC) of 0.782 and 0.750, respectively (Extended Data Fig. 1b,
¢). Together, these findings indicate that IGR is characterized by reproducible
alterations in amino acid metabolism, mitochondrial substrate-handling and lipid-

remodeling that can be captured by a compact circulating metabolic panel.

Metabolic trajectories in IGR progression and remission

We first compared baseline metabolic profiles among IGR subgroups to identify pre-
existing differences associated with later progression and remission. Relative to IGR-
2013aGRr), IGR-2013(pm) showed predominantly elevated amino acids, whereas the
IGR-2013(nGr) had relatively higher levels of LPCs and sphingomyelins (SMs).
However, most of these metabolite differences were not significant, indicating that
direct comparisons among IGR subgroups captured only limited baseline heterogeneity
(Supplementary Table 3). We therefore further compared each subgroup with time-

matched healthy controls. This revealed distinct pre-existing metabolic states by



subsequent trajectory, with OPLS-DA showing metabolic disturbances related to IGR

outcomes (Supplementary Fig. 2). Baseline lipid signatures differed according to

subsequent glycaemic trajectories. Individuals who later reverted to normoglycaemia

showed elevated free fatty acid-related metabolites at baseline, whereas those who later

progressed to T2DM showed decreased LPCs and increased phosphatidylcholines (PCs)
at baseline (Extended Data Fig. 2). Future remission is characterized by baseline free

fatty acid elevation and amino acid dysregulation followed by partial metabolic

normalization, whereas future progression is marked by early LPC depletion and PC

elevation followed by increased acylcarnitines and LPCs and persistent disturbances in

branched-chain amino acid and lipid-related pathways.

In the participants who subsequently progressed to T2DM, 97 metabolites differed
between IGR-2013(pmy and HC-2013. After progression, total of 141 metabolites
significantly changed relative to HC-2016, and 64 of them were the same as those in
2013. Additional 77 differential metabolites emerged due to T2DM with 41 increased
(Supplementary Table 4). By contrast, participants who subsequently reverted to
normoglycaemia showed broad attenuation of baseline metabolic disturbance. In the
comparison of IGR-2013(ngr) versus HC-2013, 90 metabolites exhibited significant
differences. After remission, 74 of them were no longer significantly different between
the NGR-2016 and HC-2016. Among the remaining 16 metabolites, 13 decreased,
while 3 increased in NGR-2016 compared with HC-2016. Additionally, 8 differential
metabolites newly emerged in 2016 (Supplementary Table 5). In details, during the
progression from IGR to T2DM, acylcarnitines and LPCs increased relative to healthy
controls and deviated further from the healthy reference profile after diabetes onset (Fig.
3a, b), indicating that glycaemic deterioration is accompanied by aggravated

mitochondrial fatty acid handling and lipid remodeling. By contrast, IGR remission was
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associated with a partial shift of amino acid metabolism toward the healthy profile.
Aspartic acid and glutamic acid were no longer significantly different from those in
healthy controls after remission, suggesting partial normalization of amino-acid
metabolism. Valine showed a similar trend, whereas glycine remained decreased,
indicating that reversion to normoglycaemia does not fully restore amino acid
homeostasis (Fig. 3¢). Free fatty acid-related metabolites also decreased after remission
compared with the pre-remission state, suggesting that attenuation of amino acid and
fatty acid abnormalities is a major metabolic feature of IGR remission (Fig. 3d).

Pathway enrichment analysis further revealed outcome-specific metabolic
dynamics. Individuals who progressed from IGR to T2DM showed persistent and
extensive pathway disturbances, including phenylalanine, tyrosine and tryptophan
biosynthesis, arginine and proline metabolism, phenylalanine metabolism, alanine,
aspartate and glutamate metabolism, lysine degradation and arginine biosynthesis.
After diabetes onset, additional enrichment emerged in glycine, serine and threonine
metabolism, glycerophospholipid metabolism and valine, leucine and isoleucine
biosynthesis, highlighting intensified phospholipid remodeling and branched-chain
amino-acid pathway dysregulation (Fig. 3e). In the remission group, altered pathways
included alanine, aspartate and glutamate metabolism, glutathione metabolism and
primary bile acid biosynthesis.

Notably, reversion to normoglycaemia did not equate to complete metabolic
normalization. In the NGR-2016 versus HC-2016 comparison, a subset of metabolites
remained significantly different after remission, mainly involving bile acids, amino
acids and lysophosphatidylcholines (Supplementary Table 5). These residual
differences were consistent with the pathway-level enrichment of primary bile acid

biosynthesis observed in the remission trajectory (Fig. 3f), suggesting that some
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metabolic abnormalities were newly emergent or persisted after glycaemic

normalization.

Metabolic biomarkers of IGR progression and remission

We next sought to identify metabolic biomarkers specifically associated with IGR
progression or remission. Multivariate analysis revealed significant metabolic shifts
during progression from IGR to T2DM. However, detectable metabolic changes were
also observed in healthy controls between baseline and follow-up in different years
(Supplementary Fig. 3), indicating that longitudinal variation can occur even in
individuals who remain normoglycaemic.

To distinguish outcome-associated metabolic alterations from general follow-up-
related fluctuations, we implemented a time-controlled, stepwise biomarker screening
strategy (Fig. 4a). First, paired differential analyses were performed separately for
individuals who reverted from IGR to NGR and those who progressed from IGR to
T2DM. Metabolites shared by the remission and progression comparisons were then
extracted, and only those changing in opposite directions between the two trajectories
were retained as candidates of outcome-associated biomarkers. Second, paired analysis
of the healthy control cohort was used to identify metabolites that varied over time in
normoglycaemic individuals. Third, these time-varying metabolites among the healthy
controls were excluded to prioritize biomarkers more specifically linked to divergent
IGR outcomes. Total of 284 and 359 differential metabolites during remission from
IGR to NGR and during progression from IGR to T2DM were respectively identified.
In parallel, 248 metabolites changed between 2013 and 2016 in healthy controls,
representing potential age-, time- or life style-related metabolic variation. Among the

remission and progression comparisons, 25 metabolites changed in opposite directions.
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After excluding metabolites that also changed in healthy controls, 19 candidate
biomarkers remained (Supplementary Table 6). Notably, all 19 metabolites decreased
during remission from IGR to NGR but increased during progression from IGR to
T2DM, without synchronous changes in normoglycaemic individuals.

Conditional binary logistic regression was then performed with adjustment for
major covariates, and 10 progression-associated biomarkers and 15 remission-
associated biomarkers with odds ratios > 1 and p < 0.05 were selected, nine of the
metabolites were shared between the remission and progression models (Fig. 4b, ¢ and
Supplementary Table 7). In addition, 13 of the 19 candidate biomarkers showed
ordered changes across increasing glycaemic severity from HC-2016 to NGR-2016,
IGR-2016 and DM-2016. Most of these graded metabolites were shared biomarkers of
both remission and progression, including octadecanedioate, hexadecanedioate,
tetradecanedioic acid and 9-HODE. The dicarboxylic acids octadecanedioate,
hexadecanedioate and tetradecanedioic acid point to altered fatty acid w-oxidation and
downstream oxidative handling, whereas 9-HODE, an oxidized linoleic acid metabolite,
links lipid peroxidation with HDL dysfunction and inflammatory lipid signalling?-%°,
The ordered changes of these markers across glycaemic states suggest that they were
related to progressive metabolic remodeling across the dysglycaemia continuum rather
than end-stage diabetes status alone (Fig. 4d—g). Other candidate biomarkers also

showed graded changes across the four glycaemic states, although the magnitude and

direction varied for different metabolites (Supplementary Fig. 4).

Changes of metabolic biomarkers in the mouse models
Sixteen candidate biomarkers which were significantly associated with either IGR

progression or remission (Fig. 4b, ¢) were selected for experimental follow-up. Ten of
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them could be reliably detected in mouse blood, therefore, a targeted method was
established for their quantification, the analytical characteristics of the method are
given in Supplementary Table 8 and Supplementary Fig. 5. The concentrations of
these markers were then determined in a high-fat diet- and streptozotocin-induced
model of IGR progression and an exercise-induced model of IGR remission (Fig. Sa,
b).

In IGR progression model, mice were subjected to high-fat diet feeding and
streptozotocin administration. After 10 weeks of modeling, these mice showed
significantly increased body weight and blood glucose levels compared with controls,
supporting successful establishment of the diabetic phenotype (Fig. 5a, ¢, d). Targeted
serum metabolomics showed seven candidate biomarkers that were concordantly
altered between the mouse progression model and the human IGR to diabetes trajectory:
FA 12:1, FA 14:1, FA 18:0, FA 18:1+0, levoglucosan, tetradecanedioic acid and 9-
HODE. All of them were significantly increased in T2DM mice compared with controls.
For the exercising intervening, diabetic mice were assigned to sedentary or a treadmill-
training group for 4 weeks with a normal diet during the intervention (Fig. Sb). Exercise
training significantly reduced body weight and fasting blood glucose compared with
sedentary T2DM mice, indicating improved glucose metabolism (Fig. Se-h). Targeted
serum metabolomics further showed that four remission-related markers changed in the
same direction as observed in the human remission trajectory. These results support the
relevance of the exercise-induced model for evaluating biomarkers associated with
metabolic recovery. Finally, venn analysis identified three markers validated across the
human cohort, the IGR progression model and the exercise-induced remission model:
FA 12:1, levoglucosan and tetradecanedioic acid (Fig. 5i). These markers increased

during glycaemic deterioration and decreased during exercise-induced metabolic
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improvement, supporting their bidirectional association with IGR progression and
remission. The results of targeted metabolite analysis of pancreas, skeletal muscle, liver
and brain showing that glucose levels increased in pancreas, skeletal muscle and brain,
whereas hepatic free glucose decreased in IGR progression model (Extended Data Fig.
3a-h). This decrease may reflect altered hepatic glucose handling under insulin-
resistant conditions, in which impaired insulin action reduces glycogen synthesis and
fails to suppress gluconeogenesis and glycogenolysis, thereby promoting hepatic
glucose output and systemic hyperglycaemia while lowering the intrahepatic free
glucose pool. Overall, candidate markers were most consistently detected and
supported in liver tissue. FA 12:1, tetradecanedioic acid and 9-HODE showed
concordant hepatic changes across both the progression and remission models
(Extended Data Fig. 3¢, g). Correlation analysis between circulating and tissue
metabolites further revealed strong associations with liver for FA 12:1, 9-HODE and
tetradecanedioic acid in the progression model. In the remission model, FA 12:1 and 9-
HODE remained strongly correlated with liver, whereas tetradecanedioic acid did not
reach statistical significance. FA 12:1 and tetradecanedioic acid also showed relatively
strong correlations with pancreas in the remission model. These findings suggest that
circulating lipid markers exhibit tissue-associated patterns, with FA 12:1, 9-HODE and
tetradecanedioic acid closely linked to hepatic metabolic disturbance (Extended Data

Fig. 4).

Multicenter validation of dicarboxylic acid alterations in T2DM
To assess the reproducibility of our findings in independent external cohorts, we
analyzed two publicly available plasma metabolomics datasets. From Wu et al !, we

extracted standardized metabolite abundances and adjusted p values of the Swedish
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IGT cohort (n = 697: normal glucose tolerance [NGT] 220, isolated impaired fasting
glucose [IFG] 185, isolated impaired glucose tolerance [IGT] 173, combined glucose
intolerance [CGI] 74 and newly diagnosed, untreated T2DM 45) and the SCAPIS
cohort (n =470: NGT 201, IGT 130, CGI 84 and T2DM 55). Both untargeted cohorts
and our study used the WHO classification framework, with IFG, IGT and CGI
representing distinct subtypes within our IGR definition. These subgroups were
therefore retained to assess the consistency of metabolic changes. The other targeted
MetaboLights dataset MTBLS8644 contained 80 plasma samples including healthy,
early prediabetes, late prediabetes, and T2DM groups, with 20 participants in each
group 3>*°, Their late prediabetes group met the fasting glucose criterion of the IGR in
our study. Accordingly, the healthy, late prediabetes and T2DM groups were included
in the targeted validation (Fig. 6a). Data for tetradecanedioic acid and related
metabolites were extracted for subsequent analyses (Supplementary Table 9).

In the two untargeted cohorts, tetradecanedioic acid showed higher standardized
abundances in all prediabetes subgroups and the T2DM group relative to NGT (Fig.
6b). Analysis of raw abundance data from the targeted dataset confirmed higher mean
standardized abundances in late prediabetes and T2DM than that in healthy participants
and a significant overall difference across the three groups (Fig. 6¢ and
Supplementary Fig. 6). To examine whether tetradecanedioic acid elevation was
accompanied by consistent changes in related metabolites, we compared their
abundances between T2DM and the corresponding normal control group in each of the
three cohorts, it was found that tetradecanedioic acid elevation was accompanied by
increases in related metabolites involved in fatty acid w-oxidation and subsequent

dicarboxylic acid B-oxidation (Fig. 6d). Together, these multicenter and cross-platform
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results independently support the reproducible disruption of dicarboxylic acid

metabolism and particularly the elevation of tetradecanedioic acid observed in our study.

Functional study of human-mouse concordant lipid markers

We next performed targeted quantification and isotope-tracing experiments to
examine whether representative outcome-associated lipid biomarkers were related to
cellular glucose utilization. Tetradecanedioic acid was firstly selected for quantitative
and functional characterization because it was detected consistently in both human and
animal analyses and showed a graded increase with worsening glycaemic status. The
serum quantification result showed that its concentration was approximately three-fold
higher in T2DM model mice than in controls, reaching approximately 1.0 uM (Fig. 7c¢).
9-HODE was also included in the functional assay because it is an oxidized linoleic
acid metabolite related to oxidative lipid stress and inflammatory lipid signaling.
Previous studies have reported impaired antioxidant and anti-inflammatory properties
of HDL in patients with T2DM, with oxidized fatty acids such as 9-HODE implicated
in HDL dysfunction®®. Skeletal muscle serves as the primary site for whole-body
glucose disposal and glycogen storage, playing an indispensable role in maintaining
glucose homeostasis. Thus, the potential effects of theses lipid-related biomarkers on
skeletal muscle glucose metabolism were assessed. The C2C12 myoblasts were
differentiated into myotubes and treated with tetradecanedioic acid or 9-HODE, and
then the treated myotubes were subjected to '*Ce-glucose labelling, followed by LC—
MS/MS-based isotopologue analysis of TCA-cycle intermediates (Fig. 7d). Compared
with the DMSO control, tetradecanedioic acid significantly reduced the M+2
isotopologue fractions of citrate and a-ketoglutarate, indicating decreased incorporation

of glucose-derived carbon into the TCA cycle (Fig. 7e—g). 9-HODE showed a similar
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direction of effect, although the statistical support was weaker. These findings suggest
that tetradecanedioic acid can impair glucose-derived TCA-cycle carbon flux in
skeletal-muscle cells, potentially linking circulating fatty acid remodeling to reduced

glucose oxidative metabolism.

Discussion

By integrating paired longitudinal metabolomics in a community-based IGR
cohort with time-controlled biomarker screening, mouse models, tissue profiling and
isotope-tracing, we identified metabolic features that distinguish reversion from IGR to
NGR and progression to T2DM. Changes in amino acids, acylcarnitines, fatty acids,
lysophospholipids and ether-linked phospholipids indicate coordinated disruption of
amino-acid turnover, mitochondrial substrate handling and lipid remodeling. This
pattern is consistent with previous metabolomics studies of early dysglycaemia*
Higher BCAAs and lower glycine also accord with their reported associations with
insulin resistance and future T2DM!?. Altered amino-acid turnover and disposal may
contribute to these circulating patterns !, and BCAA-derived metabolites can impair
B-cell glucose-stimulated insulin secretion under diabetic conditions*®. Elevated fatty
acid flux and adipose tissue insulin resistance increase the delivery of non-esterified
fatty acids and glycerol to the liver, promoting hepatic glucose production and
worsening hyperglycaemia®’, while ectopic lipid accumulation and lipid-derived
signals may further impair insulin action®®. In insulin-resistant states, increased fatty
acid flux and BCAA-related substrate pressure may exceed mitochondrial oxidative
capacity. Excess acyl-CoA intermediates can be converted into acylcarnitines through
the carnitine palmitoyltransferase system and exported into the circulation, leading to

increased circulating acylcarnitines®®. The acylcarnitine elevations observed in our IGR
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population are therefore compatible with lipid oversupply, incomplete fatty acid
oxidation and impaired mitochondrial substrate handling at the prediabetic stage.

IGR remission and progression were metabolically asymmetric. Individuals
progressing to T2DM retained amino-acid disturbances and showed stronger
acylcarnitine accumulation and glycerophospholipid remodeling. Those reverting to
NGR showed partial normalization of amino-acid metabolism and attenuation of free
fatty acid-related abnormalities. This asymmetry is biologically important because it
suggests that remission was not simply the reverse of progression. Rather, remission
appears to reflect selective relief of specific metabolic pressures, whereas progression
reflects expansion of the disturbance into mitochondrial fatty acid oxidation and
membrane lipid metabolism. This interpretation is consistent with remission-focused
intervention studies. In the DIRECT trial, weight-loss-induced diabetes remission was
accompanied by broad metabolomic changes, many of them moved in the opposite
direction to previously reported T2DM-associated perturbations®®. However,
reversibility was incomplete for all metabolites, in line with our finding that glycine
and bile acid-related pathways did not fully return to the healthy reference profile after
IGR remission. Thus, metabolic remission may involve partial repair of selected
pathways while leaving residual biochemical abnormalities that could influence relapse
risk.

The progression trajectory was particularly marked by acylcarnitine accumulation,
suggesting unresolved mitochondrial fatty acid oxidation stress. Beyond the transport
function, acylcarnitines are increasingly regarded as systemic indicators of
mitochondrial fuel handling because they may accumulate when fatty acid influx
exceeds downstream oxidative capacity or when -oxidation is incompletely coupled

to tricarboxylic acid cycle flux and respiratory demand*!. In insulin-resistant states,
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nutrient and lipid excess can impose mitochondrial substrate pressure, reduce metabolic
flexibility and impair insulin action in skeletal muscle, the major site of insulin-
stimulated glucose disposal*> #*. In human T2DM, reduced PB-oxidative capacity
together with fatty acylcarnitine accumulation has been linked to Thl7-skewed
inflammatory activation, suggesting a potential immunometabolic connection between
incomplete lipid oxidation and chronic metabolic inflammation**. Consistent with these
mechanistic observations, prospective metabolomics evidence supports the relevance
of acylcarnitines to diabetes development: an updated meta-analysis of prospective
cohorts identified several acylcarnitines, including C4-DC, C4-OH, C5, C5-OH and
C8:1, as positively associated with incident T2DM risk®, and a recent large-scale
analysis highlighted carnitine-related pathways among metabolite classes associated

with future T2DM and precision risk prediction’

. In our study, the stronger
acylcarnitine signal in individuals progressing to T2DM suggests that failure to resolve
mitochondrial substrate overload may be a candidate metabolic feature separating
progressive dysglycaemia from reversible IGR.

IGR remission should not be interpreted as biological cure. Consensus
recommendations emphasize that remission requires continued surveillance, and long-
term follow-up of DIRECT illustrates that remission durability is incomplete even
under structured intervention'® % In this study, several dysglycaemia-associated
abnormalities were attenuated after reversion to normoglycaemia, residual differences
in bile acids, amino acids and lysophosphatidylcholines remained detectable,
suggesting incomplete pathway recovery after glucose normalization. This
interpretation is biologically plausible, as bile acid synthesis and phospholipid

metabolism have been linked to incident T2DM in prospective metabolomics and

genetic analyses. In line with this concept, the Look AHEAD study showed that T2DM

20



remission was associated with substantially lower risks of chronic kidney disease and
cardiovascular disease, but not with complete elimination of downstream
cardiometabolic risk*. Together, these findings extend the remission concept to the
prediabetic stage and suggest that IGR remission reflects metabolic improvement rather
than complete metabolic normalization.

By excluding metabolites that changed over time in normoglycaemic individuals,
we identified candidate markers that moved in opposite directions during IGR
remission and progression. Many of these markers were dicarboxylic acids, oxidized
fatty acid products or unsaturated fatty acid species, suggesting that fatty acid oxidation
pressure, lipid peroxidation and compensatory lipid detoxification routes are
dynamically linked to the direction of IGR outcomes. FA 12:1, levoglucosan and
tetradecanedioic acid were validated across human serum, the progression model and
the remission model, and decreased during metabolic improvement. This consistent
validation across human and mouse studies reduces the likelihood that these biomarkers
are cohort-specific correlates and suggests that they reflect metabolic processes related
to both glycaemic deterioration and recovery. Circulating lipid-related markers that
change in opposite directions during deterioration and recovery may therefore provide
a biochemical readout of remission depth and relapse risk.

Several circulating markers, particularly FA 12:1, 9-HODE and tetradecanedioic
acid, showed liver-associated patterns in mouse tissues. This is consistent with central
role of the liver in coordinating glucose production with lipid partitioning, including de
novo lipogenesis, fatty acid oxidation and VLDL-triglyceride export*’. In T2DM,
hepatic insulin resistance promotes inappropriate glucose output while altering lipid
flux and lipoprotein metabolism, thereby linking hyperglycaemia to circulating lipid

remodeling. The liver-associated correlations observed in our animal models therefore
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support a hepatic contribution to the serum lipid signature. At the same time, the
metabolic effects of fatty acid-related markers may extend beyond the liver. In skeletal
muscle cells, tetradecanedioic acid reduced glucose-derived carbon entry into the TCA
cycle, suggesting impaired glucose oxidation which provides a plausible functional link
between circulating lipid remodeling and impaired whole-body glucose utilizaion.
Tetradecanedioic acid and 9-HODE provide mechanistic clues to the nature of this lipid
remodeling axis. Tetradecanedioic acid is a dicarboxylic acid generated through w-
oxidation and further processed through B-oxidation. Long-chain dicarboxylic acid
metabolism is closely linked to fatty acid detoxification, peroxisomal and
mitochondrial oxidation, and metabolic adaptation under lipid overload®. Its increase
during progression and decrease during remission suggest that enhanced dicarboxylic
acid production may mark a compensatory but insufficient response to excess fatty acid
burden, which was further supported by multicenter validation in both the untargeted
and targeted results, and the levels showed a progressive increase with worsening
glycaemic status. HDL from patients with T2DM has been reported to exhibit impaired
antioxidant and anti-inflammatory properties, and oxidized fatty acids such as 9-HODE
have been implicated in HDL dysfunction?®. Therefore, the combination of dicarboxylic
acids, oxidized fatty acids and unsaturated fatty acid species suggests that progressive
IGR is characterized by lipid oxidation pressure, altered fatty acid detoxification routes
and inflammatory lipid remodeling. These pathways may not merely accompany
dysglycaemia but also contribute to impaired substrate selection and reduced glucose
oxidative metabolism in metabolically active tissues.

Several limitations should be acknowledged. First, the human cohort analysis is
observational and cannot by itself distinguish causal mediators from correlates of

metabolic deterioration. Especially the cohort had a narrow age distribution. Second,
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circulating metabolites integrate influences from tissue metabolism, adiposity, diet,
lipoprotein transport, renal handling and the microbiome. Third, the high-fat diet- and
streptozotocin-induced model captures combined insulin resistance and B-cell injury
but does not fully mimic the tempo or heterogeneity of human IGR trajectories; it is
best viewed as a useful model of progression-associated metabolic stress rather than a
full surrogate for human remission and progression biology. Future studies in
independent cohorts with repeated sampling, quantitative targeted assays, dietary and
medication annotation, and longer follow-up will be required to determine whether
these lipid remodeling trajectories can improve clinical stratification beyond

conventional risk factors.

Methods

Participants and study design

This study used a longitudinal metabolomics design within the Shanghai Nicheng
community cohort. From eligible baseline participants, we selected 1,103 individuals
for metabolomic profiling, including 128 healthy controls and 975 participants with
impaired glucose regulation (IGR). After 2.5 years of follow-up, baseline IGR
participants were classified into three trajectories: reversion to normal glucose
regulation (n = 202), persistent IGR (n = 554) and progression to type 2 diabetes
mellitus (n = 219). Baseline and follow-up serum samples were used to identify
reproducible IGR-associated metabolic alterations, baseline signatures of future
glycaemic outcomes, and paired longitudinal metabolic changes associated with IGR
remission or progression. Paired healthy controls served as a time-matched reference
for background metabolic variation. The study design and analytical workflow are

summarized in Fig. 1.
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Reagents and sample preparation

Plasma samples were stored at —80 °C at the Sixth Affiliated Hospital of Shanghai Jiao
Tong University (Shanghai, China). Metabolomic analyses were centrally conducted at
the Metabolomics Research Center, Dalian Institute of Chemical Physics, Chinese
Academy of Sciences (Dalian, China). All laboratory personnel performing the analyses
were blinded to clinical information. LC-MS-grade acetonitrile and methanol were
obtained from Merck (Darmstadt, Germany), and ultrapure water was produced using
a Milli-Q purification system (Merck, Darmstadt, Germany). Formic acid, ammonium
bicarbonate, and ammonium hydroxide (NHsOH) were purchased from J&K Scientific
(Beijing, China), InnoChem (Beijing, China), and R&K, respectively. Authentic
chemical standards of metabolites were supplied by Alta Scientific Co., Ltd. (Tianjin,
China).

For metabolite extraction, both serum and cell samples were processed using a
unified protocol with slight modifications. For serum samples, 100 pL. of human plasma
was mixed with 400 pL. of methanol containing isotope-labeled internal standards
(Supplementary Table 10). For cell samples, after 48 hours of culture, cells were
washed with PBS, quenched with liquid nitrogen, and extracted with 80% methanol
containing internal standards. The cell suspensions were scraped into Eppendorf tubes.
All samples were vortexed for 1 min and centrifuged at 14,000 rpm for 15 min at 4 °C.
The resulting supernatants were transferred into 1.5 mL Eppendorf tubes and
lyophilized. Before LC-MS/MS analysis, the dried extracts were reconstituted in 20%
acetonitrile, vortexed for 1 min, and centrifuged again under the same conditions. The

final supernatants were transferred to HPLC vials for subsequent LC-MS/MS analysis.
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Animal models and in vivo experiments

The T2DM model and the diabetes remission model were established by Cyagen
Biosciences Inc. Mice in the control group were fed a standard chow diet for 10 weeks.
For T2DM model induction, mice were subjected to a 10-week modeling protocol.
Beginning at week 0, mice were continuously fed a 45% high fat diet. At week 8,
streptozotocin (STZ) was administered. Fasting blood glucose (FBG) was measured 3
days after STZ injection at week 9 (FBG1) and again at week 10 (FBG2). Mice with
both FBG measurements exceeding 11.1 mmol/L were considered successfully
established as T2DM models. During model induction, an oral glucose tolerance test
(OGTT) was performed at week 8, and fasting blood glucose was monitored weekly
from the stage of model evaluation onward. Feeding regimens and measurement items
were further adjusted as needed according to the experimental design. Mice meeting
the diagnostic criterion for diabetes at both time points were defined as successfully
modeled. The diabetes remission model was established through treadmill exercise
intervention in T2DM mice. After successful induction of T2DM by high fat diet
feeding combined with STZ injection, model mice were randomly assigned to an
exercise training group (ET) and a non-exercise control group (NET), designated as the
ET and NET groups, respectively. During the intervention period, mice were
maintained on a normal diet for 4 weeks. At the end of the intervention, FBG1 was
measured, and the experiment was terminated once a significant reduction in fasting

blood glucose was observed relative to the pre intervention level.

Cell culture and metabolic flux analysis
The C2C12 cell line was purchased from Servicebio Technology Co., Ltd. (Wuhan,

China). Cells were maintained in RPMI 1640 medium (Gibco) supplemented with 10%
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fetal bovine serum (FBS; Gibco), 100 IU/mL penicillin, and 100 pg/mL streptomycin
(Gibco). Cultures were incubated at 37 °C in a humidified atmosphere containing 5%
CO2. Myogenic differentiation of C2C12 myoblasts into myotubes was performed
following the manufacturer’s instructions for the C2C12 Differentiation and Detection
Kit (Servicebio). On the first day of induction, cells were treated with 1 pug/mL
tetradecanedioic acid and 9-Hode, with treatment maintained throughout the
differentiation process. Following 48 h of incubation, cells from the treatment and
control groups were harvested. The cells were washed with phosphate-buffered saline
(PBS) and immediately quenched in liquid nitrogen. Subsequently, 1 mL of 80%
methanol containing isotopic internal standards (Supplementary Table 10) was added
to each sample. The cells were collected using a cell scraper into 5 mL Eppendorf (EP)
tubes, vortexed for 20 s, and centrifuged at 14,000 rpm for 15 min at 4 °C. The resulting
supernatant was collected, lyophilized, and reconstituted for subsequent

chromatographic/mass spectrometric analysis.

Untargeted LC-MS-based metabolomic profiling

Untargeted metabolomic analysis was performed using a Q Exactive mass spectrometer
(Thermo Fisher Scientific, Rockford, USA). Chromatographic separation was carried
out on BEH C8 column (2.1 x 50 mm, 1.7 um; Waters Corp., Milford, USA) and HSS
T3 column (2.1 x 50 mm, 1.7 pm) in positive (ESI+) and negative (ESI") ionization
modes, respectively. The column temperature was maintained at 60 °C, and the flow
rate was set to 0.4 mL/min. For ESI+ and ESI" modes, mobile phase A consisted of
water containing 0.1% (v/v) formic acid and 6.5 mM ammonium bicarbonate, while
mobile phase B was acetonitrile with 0.1% (v/v) formic acid and 95% (v/v) methanol

containing 6.5 mM ammonium bicarbonate.
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In the ESI* mode, chromatographic separation began with 5% B for 0—0.5 min,
gradually increased to 40% at 2 min, then ramped to 100% by 6 min, held for 2 min,
and returned to the initial composition within 0.1 min, followed by a 2 min re-
equilibration. The ESI™ gradient started at 2% B for 0—0.5 min, increased to 40% at 2
min, reached 100% at 6 min, was held for 2 min, then returned to 2% B within 0.1 min,
and re-equilibrated for 2 min. Each run lasted approximately 12 min in total. The ion
source parameters were set as follows: spray voltage +3.5 kV, capillary temperature
300 °C, sheath gas pressure 45 psi, auxiliary gas pressure 10 psi, and probe heater
temperature 350 °C. Full-scan MS and MS/MS spectra were acquired across m/z 70—
1050 and 50-800, respectively, with stepped normalized collision energies of 15, 30,

and 45 eV.

Targeted LC-MS/MS-based biomarkers validation

Targeted LC-MS/MS analysis was performed on an ExionLC™ AD ultra-high-
performance liquid chromatography system (AB Sciex, Framingham, USA) coupled to
a Triple Quadrupole 6500 Plus mass spectrometer (AB Sciex, Framingham, USA).
Multiple reaction monitoring (MRM) transitions were established based ten biomarkers
associated with T2DM progression or remission. The precursor ion (Q1), product ion
(Q3), declustering potential (DP), and collision energy (CE) were subsequently selected
and optimized for each compound. The complete list of MRM transitions and
corresponding parameters is provided in Supplementary Table 8. The LC gradient
program was consistent with that used in the untargeted metabolomics analysis

described above.

Data preprocessing and statistical analyses
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The untargeted HRMS data were processed using MS-DIAL 4 for peak detection,
alignment, and peak area integration. Metabolite annotation was performed by
matching MS1 and MS/MS spectra against multiple databases, including HMDB
(https://www.hmdb.ca/), MassBank of North America
(https://mona.fiehnlab.ucdavis.edu/), and NIST2023
(http://www.nist.gov/srd/nist1a.cfm). In addition, an in-house database OSI-SMMS*
was employed to achieve more accurate metabolite identification. The detailed
annotation criteria are described in our previously published study>’. Total of 545
metabolites were annotated with RSD < 30% in this study (Supplementary Fig. 7).
For targeted metabolomics, data processing was performed using SCIEX OS (AB
SCIEX, USA). Finally, all quantified peak areas were normalized to the corresponding
internal standards prior to statistical analysis.

Differential analysis was performed using Multi Experiment Viewer (MeV; open-
source genomic analysis software developed by the MeV team). Orthogonal partial
least squares discriminant analysis (OPLS-DA) was conducted with SIMCA-P 14.1
software (Umetrics, Umea, Sweden) to obtain sample score plots and metabolite
loading profiles. Additional analyses, including conditional binary logic and other
visualization procedures, were implemented through in-house coding scripts.

For external validation, standardized metabolite abundances and adjusted p values
of the untargeted Swedish IGT and SCAPIS cohorts were extracted directly from the
published supplementary tables, retaining the original significance threshold of
adjusted p < 0.1. In contrast, the publicly available metabolite abundance data from the
targeted MTBLS8644 dataset were independently processed and analyzed using
nonparametric tests and a more stringent significance threshold of p < 0.05. Shared

differential metabolites were identified using these cohort-specific thresholds.
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Reporting summary
Further information on research design is available in the Nature Portfolio Reporting

Summary linked to this article.

Data availability

The data supporting the findings from this study are available within the manuscript
and its supplementary information. The raw LC—MS data files generated in this study
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(Project No. MP000007; https://metabolomics.dicp.ac.cn/web/meta-
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paper. The raw individual participant data are protected and are not available due to

data privacy laws.
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Cohort design and serum collection

a
Baseline survey (2013) Follow-up survey (2016)
Healthy controls Impaired glucose 2.5-year Healthy controls Remission to [ Persistent IGR Progression
(HC-2013) regulation foilaw—up (HC-2016) normal (IGR-2016) to T2DM
n=128 (IGR-2013) n = 975 n=121 (NGR-2016) n = 202 n =554 (DM-2016) n = 219
2000
itk it it -
Untargeted metabolomics
b
1. IGR-associated metabolic 2. Baseline signatures of future 3. Outcome-specific metabolic
reprogramming outcomes biomarkers
Discovery cohort  Validation cohort IGR-2013ygr)  IGR-2013gr) IGR-2013py, IGR-2013ucr) IGR- 20"3|DM) HC-2013
IGR-2013 vs HC-2013  IGR-2016 Vs HC-2016 vs vs vs vs vs
a a HC-2013 HC-2013 HC-2013 NGR-2016 DM 2016 HC-2016
® . ° o
3 vs"ll‘ Vs "!1' . vs/lt‘ s vs AN v vs /;.". v ys v AN ys B '1]"/5/“#‘
i 1 | i
v v v
i Reproducible metabolic © " Metyhulo!nlc 19 candidate
PR — e G dungien
e = ik =0 rogression g
/ @Q biomarkers of IGR HeH i1 progreaso = and remission
i and remission i
Functional characterization of outcome-associated biomarkers
C
1. Mouse model validation 2. Tissue association analysis 3. Functional isotope-tracing assay
T2DM progression Exercise-induced Serum-tissue correlation analysis €2C12 myotubes

model (HFD&STZ) remission model

! f ﬁl pr o 4 & &a;ga 4 ‘__~ 

Liver Pancreas  Muscle Brain ks
Serum metabolite Serum metabolite * . X P - L g v
changes changes S 8 o Tetradecanedioic acid
L4 Baaamen C{ut acid
Human  T2DM E [ E E E E LC-MS analysis
- MG!C acid Isocitric acid
: £, Serum biomarkers
g )@ 8 E— l TCA cycle )
. 5 O Sy ——
&5 | Key liver-associated markers: 1 F o “ Racdl KE':gd“”“
8 NGR | FA 12:1, tetradecanedioic acid, 9-Hode ' /
miz Sclnvl-CnA

Fig. 1 Study design and analytical workflow. a, Construction of the longitudinal
metabolomics sub-cohort from the Shanghai Nicheng cohort. A total of 1,103
participants were included, comprising 975 individuals with impaired glucose
regulation (IGR) and 128 healthy controls (HC) at baseline. After 2.5 years of follow-
up, individuals with IGR were classified into three outcome groups: reversion to normal
glucose regulation (NGR), persistent IGR, or progression to type 2 diabetes mellitus
(T2DM). Time-matched HC samples were used as a reference for longitudinal
comparisons. b, Untargeted serum metabolomics workflow for defining reproducible
IGR-associated metabolic reprogramming, baseline metabolic signatures linked to
future IGR outcomes, and outcome-specific metabolic trajectories during remission and
progression. These analyses were used to identify candidate biomarkers associated with
divergent IGR outcomes. ¢, Downstream analytical and validation framework,
including targeted metabolomics validation in IGR progression and exercise-induced
remission mouse models, serum-tissue association analysis, and functional
characterization using '*Cs-glucose isotope-tracing assays.
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Fig. 3 Divergent metabolomic trajectories during IGR progression and remission.
a and b, Longitudinal changes in acylcarnitines and lysophosphatidylcholines during
progression from IGR to T2DM, shown as fold changes relative to time-matched
healthy controls. ¢ and d, Longitudinal changes in amino acids and free fatty acid-
related metabolites during remission from IGR to NGR, shown as fold changes relative
to time-matched healthy controls. Connected points indicate the same metabolites

before and after follow-up, and the dashed vertical line indicates the time-matched
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healthy reference level. e, Pathway-level trajectories during progression to T2DM,
showing persistent amino-acid dysregulation together with intensified
glycerophospholipid remodeling and branched-chain amino-acid pathway disturbance
after diabetes onset. f, Pathway-level trajectories during IGR remission, highlighting
partial normalization of alanine, aspartate and glutamate metabolism and glutathione
metabolism, with persistent alteration of primary bile acid biosynthesis. Dot size

represents the number of matched metabolites, and dot color indicates -logio(p).
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Fig. 4 Time-controlled identification of outcome-associated biomarkers linked to
IGR progression and remission. a, Screening strategy for identifying biomarkers
associated with divergent IGR outcomes. Paired comparisons were performed in
individuals who progressed from IGR to T2DM, individuals who reverted from IGR to
NGR, and healthy controls during follow-up. Metabolites showing opposite directions

of change between progression and remission were retained, whereas time-varying
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metabolic features observed in healthy controls were excluded. The UpSet plot
summarizes the intersections among the paired comparisons and identifies 19 candidate
biomarkers associated with IGR progression and remission. b and ¢, Odds ratios and
95% confidence intervals for candidate biomarkers associated with progression to
T2DM and remission to NGR, respectively, estimated using conditional logistic
regression adjusted for age, sex and BMI. In the progression model, odds ratios greater
than 1 indicate higher odds of progression to T2DM. In the remission model, odds ratios
greater than 1 indicate higher odds of reversion to NGR. Point color indicates -logio(p),
horizontal bars indicate 95% confidence intervals, and the dashed vertical line indicates
an odds ratio of 1. Bold labels indicate biomarkers shared by the progression and
remission models. d-g, Representative candidate biomarkers showing graded changes
across glycaemic states from HC-2016 to NGR-2016, IGR-2016 and DM-2016. Data
are shown as mean+SEM. Statistical significance was assessed using nonparametric

tests; *p < 0.05, **p <0.01, ***p <0.001; ns, not significant.
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Fig. 5 Cross-species validation of outcome-associated biomarkers in T2DM
progression and remission mouse models. a, Experimental design of the high-fat diet-
and streptozotocin-induced T2DM progression mouse model. Mice were fed a 45%
high-fat diet, subjected to oral glucose tolerance testing, and then administered
streptozotocin. Fasting blood glucose was measured at two time points after
streptozotocin administration, and mice with both FBG1 and FBG2 values greater than
11.1 mM were considered successfully established T2DM models. b, Experimental
design of the exercise-induced remission model. After T2DM induction, mice were
assigned to sedentary T2DM control or treadmill exercise groups and maintained on a

normal diet for 4 weeks. ¢-d, Body weight and fasting blood glucose levels in control
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and T2DM progression model mice. e-h, Changes in body weight and fasting blood
glucose in sedentary and exercise-trained T2DM mice during the intervention period. i,
Venn diagram identifying biomarkers consistently validated in human serum, the
T2DM progression model and the exercise-induced remission model. Statistical
significance was assessed using nonparametric tests; *p < 0.05, **p < 0.01, ***p <

0.001; ns, not significant.

45



a - IGT cohort n =697 SCAPIS cohort n =470 - Targeted cohort n =60

@

- . Q

Q| e . FS AR S

2 | i wl N

© . E’ |

g NGT IFG IGT CGl T2D | NGT IGT Gl  T2D || ® | yealthy Late  1a0m

N=220n=185 n=173 n=74 n=45[n=201 n=130 n=84 n=55 n=20 PNE05 % n=20
b IGT cohort SCAPIS cohort C Tetradecanedioic acid
0.8 L |
0.24 0.2

0.1 |_‘ 0.11 s - i
om0 mllm -
0.1 -0.11 0.4 -
-0.21 -0.2 0.8

Standardized abundance

Standardized abundance

NGT IFG IGT CGI T2DM NGT IGT CGl T2DM Healthy Late  T2DM
d prediabetes
w -oxidation } -oxidation
Myristic acid [l Dodecanedioic acid [T ] —» Sebacic acid Bl ] —» Suberic acid Il
w-hydroxytetradecanoic acid T

e — T -

w-Oxotetradecanocic acid ——— I « ’ N EEE Sig. increase
acid acid [ Not significant

Fig. 6 Multicenter validation reveals the progressive accumulation of dicarboxylic
acids across stages of dysglycaemia. a, Overview of the untargeted cohorts, and
targeted cohort used for external validation of tetradecanedioic acid metabolic
alterations. b, Standardized tetradecanedioic acid abundances across glycaemic
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Fig. 7 Functional isotope-tracing analysis links outcome-associated lipid
biomarkers to impaired skeletal-muscle glucose oxidation. a, Relative abundance of
the seven cross-species validated biomarkers in control and T2DM progression model
mice, measured by targeted LC-MRM analysis. b, Relative abundance of shared
validated biomarkers during exercise-associated metabolic improvement. ¢, Targeted
quantification of serum tetradecanedioic acid (TDA) in control and T2DM model mice.
d, Experimental workflow for functional isotope-tracing analysis. Differentiated
C2C12 myotubes were treated with 9-HODE or tetradecanedioic acid, followed by
BCs-glucose labelling and LC-MS/MS-based isotopologue analysis of glucose-derived
TCA-cycle intermediates. e, Schematic representation of glucose-derived carbon entry
into the TCA cycle, highlighting citrate and a-ketoglutarate labelling. f-g, M+2
isotopologue fractions of citrate and a-ketoglutarate in C2C12 myotubes after treatment
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Statistical significance was assessed using nonparametric tests; *p < 0.05, **p < 0.01,

*#*p <0.001; ns, not significant.
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Table 1 Basic information of the cohort in this study

Variables Total Healthy control IGR-2013(NGR) IGR-2013(IGR) IGR-2013(DM) p value
Age, year 50.8 (48.5-53.0) 51.0 (48.0-53.1) 50.5 (48.4-52.8) 50.7 (48.5-53.0) 51.0 (48.8-53.1) 0.373
Female, % 755 (68.4) 91 (71.1) 130 (64.4) 382 (69.0) 152 (69.4) 0.544
BMI, kg/m2 25.0 (22.9-27.2) 23.2(21.5-25.5) 24.7 (23.0-26.6) 25.1(23.0-27.4) 25.8 (23.8-27.8) <0.001
SBP, mmHg 129.0 (120.0-139.0)  123.7 (120.0-130.0)  127.0 (120.0-136.0) 129.0(121.0-139.0) 131.0 (122.0-142.0) <0.001
DBP, mmHg 82.0 (79.0-88.0) 80.0 (78.0-84.0) 82.0 (79.0-87.0) 82.0 (79.0-89.0) 83.5 (80.0-90.0) <0.001
FPG, mmol/L 5.9 (5.4-6.3) 5.3(5.2-5.5) 5.7 (5.4-6.2) 6.0 (5.6-6.3) 6.2 (5.8-6.5) <0.001
2hPG, mmol/L 8.2 (7.0-9.1) 5.9(5.1-6.6) 8.2 (7.3-8.8) 8.2(7.7-9.1) 9.0 (7.9-10.0) <0.001
HbAlc, % 5.5(5.3-5.8) 5.2(5.1-5.4) 5.5(5.2-5.7) 5.6 (5.4-5.8) 5.8 (5.5-6.0) <0.001
FINS, mU/mL 7.5 (5.5-10.6) 5.4 (4.1-6.7) 7.4 (5.4-10.2) 7.9 (6.0-10.9) 8.3 (6.2-12.0) <0.001
TC, mmol/L 5.0 (4.5-5.6) 4.7 (4.3-54) 4.8 (4.4-5.6) 5.0 (4.5-5.7) 5.2 (4.6-5.8) <0.001
LDLC, mmol/L 3.1(2.6-3.6) 2.8(2.4-3.3) 3.0 (2.5-3.5) 3.1 (2.7-3.6) 3.2(2.7-3.7) <0.001
HDLC, mmol/L 1.3 (1.1-1.5) 1.4 (1.2-1.6) 1.2 (1.1-1.5) 1.3 (1.1-1.5) 1.2 (1.0-1.4) <0.001
TG, mmol/L 1.4 (1.0-2.1) 1.2 (0.8-1.6) 1.3 (0.9-1.9) 1.5 (1.0-2.2) 1.5 (1.0-2.4) <0.001
Level of education, % 0.214
Primary school or less 288 (26.1) 38 (29.7) 46 (22.8) 144 (26.0) 60 (27.4)
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Middle school

High school or more
Smoking status, %

Never or ex-smoker

Current smoker

Drinking status, %

Never or ex-drinker

Current drinker

Leisure-time physical activity, %
0 min/day

1-29 min/day

> 30 min/day

Family history of diabetes, %
No

Yes

691 (62.6)

124 (11.2)

934 (84.7)

169 (15.3)

1030 (93.4)

73 (6.6)

1059 (96.0)
19 (1.7)

25 (2.3)

925 (83.9)

177 (16.0)

78 (60.9)

12 (9.4)

108 (84.4)

20 (15.6)

125 (97.7)

3(2.3)

125 (97.7)
2(1.6)

1(0.8)

116 (90.6)

12 (9.4)

140 (69.3)

16 (7.9)

162 (80.2)

40 (19.8)

183 (90.6)

19 (9.4)

190 (94.1)
3(1.5)

9 (4.5)

175 (86.6)

27 (13.4)

336 (60.6)

74 (13.4)

477 (86.1)

77 (13.9)

518 (93.5)

36 (6.5)

536 (96.8)
10 (1.8)

8 (1.4)

462 (83.4)

91 (16.4)

137 (62.6)

22 (10.0)

187 (85.4)

32 (14.6)

204 (93.2)

15 (6.8)

208 (95.0)
4(1.8)

7(3.2)

172 (78.5)

47 (21.5)

0.253

0.66

0.887

0.017
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Extended Data Fig. 1 Reproducible IGR-associated metabolic markers and eight-
marker panel performance. a, Odds ratios and 95% confidence intervals for
reproducible IGR-associated metabolites estimated using logistic regression adjusted
for age, sex and BMI. b-¢, Receiver operating characteristic curves evaluating the
discriminative performance of the eight-marker metabolic panel comprising CAR 16:0,
glutamic acid, L-alanine, phenylalanine, FA 21:3;0, glycohyodeoxycholic acid

(GHCA), PC O-42:6 and Met/Phe in the discovery and validation sets.
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Extended Data Fig. 2 The metabolic alterations in different IGR subgroups
compared with matched healthy controls presented as fold changes. Three
comparisons were performed: IGR-2013ngr) versus HC-2013, IGR-2013cr) versus
HC-2013, and IGR-2013(pwm) versus HC-2013, representing baseline lipid alterations in
individuals who subsequently reverted to NGR, remained in the IGR state, or
progressed to diabetes, respectively. The FC value was calculated as the ratio of the
mean metabolite abundance in each IGR subgroup to that in the corresponding healthy

control group.
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Extended Data Fig. 3 Tissue distribution of metabolic biomarkers in the pancreas,

muscle, liver, and brain. a-d, Heatmaps showing the abundance profiles of biomarkers

across different organs in the IGR progression model. e-h, Heatmaps showing the

abundance profiles of biomarkers across different organs in the IGR remission model.

*p <0.05, **p <0.01, ***p <0.001; ns, not significant.
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Extended Data Fig. 4 Correlation analysis between serum metabolic biomarkers and
tissue metabolic features in the progression (a) and reversal (b) models. *p < 0.05, **p

<0.01, ***p <0.001; ns, not significant.
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