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Abstract

Aims: To identify hub metabolic biomarkers that constructively shape the type 2 dia-

betes mellitus (T2DM) risk network.

Materials and Methods: We analysed data from 98 831 UK Biobank participants,

confirming T2DM diagnoses via medical records and International Classification of

Diseases codes. Totally 168 circulating metabolites were quantified by nuclear mag-

netic resonance at baseline. Metabolome-wide association studies with Cox propor-

tional hazards models were performed to identify statistically significant metabolites.

Network analysis was applied to compute topological attributes (degree, between-

ness, closeness and eigencentrality) and to detect small-world features (high cluster-

ing, short path lengths). Identified metabolites were used with XGBoost models to

assess risk prediction performance.

Results: Over a median 12-year follow-up, 114 metabolites were significantly associ-

ated with T2DM risk and clustered into three distinct small-world modules. Total tri-

glycerides and large high-density lipoprotein (HDL) cholesterol emerged as the
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pivotal biomarkers in the ‘risk’ and ‘protective’ modules, respectively, as evidenced

by their high eigencentrality. Moreover, total branched-chain amino acids (BCAAs)

exhibited small-world network characteristics exclusively in pre-T2DM individuals,

suggesting them as a potent early indicators. GlycA demonstrated high closeness cen-

trality in females, implying a female-specific risk biomarker.

Conclusions: By constructing a metabolic network that captures the complex interre-

lationships among circulating metabolites, our study identified total triglycerides and

large HDL cholesterol as central hubs in the T2DM risk metabolome network. BCAA

and GlycA emerged as alarm indicators for pre-T2DM individuals and females,

respectively. Network analysis not only elucidates the topological functional roles of

biomarkers but also addresses the limitations of false positives and collinearity in

single-metabolite studies, offering insights for metabolic pathway research and preci-

sion interventions.
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1 | INTRODUCTION

Type 2 diabetes mellitus (T2DM) is a global health crisis characterized by

metabolic dysfunctions, including insulin resistance, dyslipidaemia, dimin-

ished pancreatic β-cell functionality and elevated oxidative stress, all con-

tributing to chronic low-level inflammation.1–3 According to the

International Diabetes Federation (IDF), approximately 537 million adults

aged 20–79 will be living with diabetes in 2021, with estimates forecast-

ing a rise to 643 million by 2030 and 783 million by 2045.4 Despite being

a preventable condition, the complexity of the pathogenesis of T2DM

continues to hinder the development of effective screening strategies.5

Circulating metabolites provide critical insights into metabolic

alterations that precede T2DM onset.6 These metabolites are intri-

cately linked to T2DM through both direct and indirect metabolic

pathways and processes.1,7,8 Branched-chain and aromatic amino

acids have been identified as early indicators of insulin resistance,9

yet focusing on individual metabolites risks oversimplifying the intri-

cate metabolic interactions underlying T2DM pathogenesis. A com-

prehensive understanding of the metabolic network remains elusive.

Network medicine has emerged as a powerful tool, integrating

systems biology and network science to unravel the complex interac-

tions underlying disease pathogenesis.10 By mapping networks where

nodes represent biomarkers (e.g., genes, metabolites) and edges

denote relationships, this approach captures both direct and indirect

influences on disease states.10 Furthermore, when mapping disease

networks, both disease-essential and non-essential networks may be

included. Identifying central ‘hubs’ can reveal valuable diagnostic or

therapeutic biomarkers.11 Previous research in cardiovascular disease

has leveraged untargeted metabolomics data on network analysis to

reveal disease-associated molecular pathways that uncover hidden

components of signalling and regulatory networks.12 Similarly, genetic

expression network analysis in glioblastoma research unveiled the

critical role of gene ASPM in tumour cell division.13 Given the com-

plex aetiology of T2DM, metabolic network analysis offers a promis-

ing approach to identifying disease biomarkers, therapeutic targets

and understanding the intricate pathways involved in disease

development.

Leveraging the large-scale populational cohort UK Biobank data,

which includes health information from over 500 000 participants fol-

lowed up for more than 12 years.14 This study aims to employ

advanced network analysis techniques to identify key circulating bio-

markers for T2DM risk. By deciphering the interrelationships between

key metabolites and providing a holistic view of the metabolic net-

work involved in T2DM, ultimately contributing to the prevention

strategy and therapeutic targets of T2DM.

2 | MATERIALS AND METHODS

This study utilized data from the UKBiobank cohort study, which recruited

502 534 individuals aged 40–69 years in the United Kingdom between

2006 and 2010.14 Demographic information and physical measurements

were collected by touch-screen self-report questionnaires, online

computer-assisted assessments or by attending one of the 22 assessment

centres in England, Scotland and Wales.14 The selection criteria are illus-

trated in Figure S1: (1) participants with completed nuclear magnetic reso-

nance (NMR) metabolomic data; (2) participants with completed baseline

and follow-up T2DM status records; (3) participants diagnosed as T2DM

cases at baseline; (4) participants with completed baseline glycated haemo-

globin (HbA1c) records; and (5) participants with HbA1c levels ≥48 mmol/

mol were excluded to minimize the inclusion of undiagnosed T2DM cases.

A diagnostic thresholdwas established by the2021 guidelines of theAmer-

ican Diabetes Association.15 The remaining participants comprised the

overall population used for subsequent analyses.
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2.1 | Diagnosis of T2DM

Both baseline and incident diagnostic criteria in our study were ascer-

tained by examining participants' hospital inpatient records and death

registers and employing the International Classification of Diseases

(ICD) coding system. For the ICD-9 classification, codes 25 001,

25 003, 25 011, 25 013, 25 021, 25 023, 25 031, 25 033, 25 041,

25 043, 25 051, 25 053, 25 061, 25 063, 25 071, 25 073, 25 081,

25 083, 25 091 and 25 093 were incorporated. Correspondingly, for

the ICD-10 system, we utilized codes E10, E11, E13 and E14.16

2.2 | Circulating metabolites

The sample collection and metabolomic quantification methods

employed in the study are elaborately documented.17 Briefly, plasma

samples treated with ethylenediaminetetraacetic acid (EDTA) were

collected in a non-fasting state from a randomized cohort during the

initial recruitment phase of the UK Biobank. These samples were

transported under cryogenic conditions to the Nightingale Health lab-

oratories in Finland for biochemical analysis.14 A total of 168 directly

measured metabolites were included in our analysis (Supplementary

methods—Circulating metabolites and Table S1).14

2.3 | Metabolome-wide association study

We used five multiple imputations with a random forest algorithm,

conducting 50 iterations separately for each subgroup to address

missing data.18 All imputed variables were grouped into quintiles. To

maintain an unbiased evaluation, the dataset was randomly divided

into training and testing subsets with a 1:1 ratio.

Pseudo-numerical multivariate Cox regression was then used

to assess associations between metabolite profiles and incident

T2DM. Model 1 accounted for the primary demographic factors of

baseline age and gender, aiming to capture essential variations

without over-adjustment. Model 2 extended these adjustments to

include ethnicity, socioeconomic variables (education level, assess-

ment centre location, Townsend index), lifestyle factors (smoking

status, physical activity) and albumin level. Model 3 incorporated

additional clinical covariates such as body mass index (BMI),

HbA1c, blood pressure medication, exogenous hormone use and a

history of hypertension (Supplementary methods—Covariates), pro-

viding a comprehensive assessment that controls for established

T2DM risk determinants.

To mitigate the risk of multiple testing, a Bonferroni correction (sig-

nificance threshold <0.05) was applied in Model 1. Only metabolites

that remained significantly associated (p < 0.05) across all three models,

in both the training and testing datasets, as well as the combined data-

set, were deemed robust findings. These results are presented in a for-

est plot (Figure S3). For stratification analysis, the overall population

was classified based on pre-T2DM status (<39; ≥39 and <48 mmol/

mL), gender and family history of T2DM (Figures S2 and S3).

2.4 | Network analysis

In network analysis, nodes symbolize significant metabolites, and

edges denote the correlations among nodes based on Spearman's cor-

relation analysis.19 Key topological attributes—degree, betweenness,

closeness, eigencentrality, transitivity and modularity—were quanti-

fied to elucidate the structural and functional intricacies of the meta-

bolic network (Supplementary methods—Topological attributes).20

Non-directional networks were generated for various metabolite

characteristics, including hazard ratio (HR), metabolite categories and

subcategories. Network visualizations were created using the ggraph

package in R, employing the force-directed Fruchterman–Reingold

algorithm.21 This approach treated the included nodes as repelling par-

ticles, with edges acting as springs that pull connected nodes closer.

The intensity of the node, node colours and edge colours represented

the metabolites characteristics and correlation strength, respectively.

Modules within these networks were defined by clustering analy-

sis based on their modularity, facilitating the understanding of net-

work organization and functional grouping. Distinct colours

differentiated modules in the network graphs, while scatter plots

explored the relationships between HR and topological features

across modules.

2.5 | Small-world network

The small-world network property, defined by high clustering and low

path lengths, was assessed by calculating the clustering coefficient,

which quantifies the tendency of nodes to form clusters.10 The aver-

age path length, representing the mean number of steps along the

shortest paths between all node pairs, was also evaluated to gauge

network navigability.

Uniform analytic methodologies, including visualization tools, lay-

out algorithms and topological property computations, were

employed across all identified small-world networks. Heatmaps and

Venn diagrams were used to contrast the topological characteristics

across subpopulations.

2.6 | Machine learning prediction of T2DM
incidence

To evaluate prediction performance and the feature importance,

we applied machine learning models (Extreme Gradient Booting

[XGBoost]) with hyperparameters to assess the area under the

curve (AUC).22 Two models were developed: Model 1 utilized

metabolites identified within small-world networks as predictive

features. Model 2 additionally included age at baseline, gender,

family history, BMI and hypertension status. Prediction perfor-

mance was visualized using receiver operating characteristic (ROC)

curves.22 The contribution of each metabolite and covariate to

T2DM risk was further analysed and visualized through

histograms.
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All statistical analyses were operated on by RStudio Desk-

top 4.3.0.

2.7 | Ethics

The ethical approval for the UK Biobank Study was granted by the

National Information Governance Board for Health and Social Care

and the NHS North West Multicentre Research Ethics Committee.

Signing the consent form is mandatory for participants at recruitment.

The establishment of this study was authorized under application

number 62443 of the UK Biobank resource.

3 | RESULTS

3.1 | Overall population and T2DM incidence

Of 502 534 participants, 98 831 subjects were screened for the over-

all population analysis. A median follow-up of 12 years in 95 363 non-

T2DM individuals at baseline and 3468 subsequent T2DM onset

revealed a T2DM incidence rate of 2.97 per 1000 person-years. Sig-

nificant differences (p < 0.001) were observed between those who

developed T2DM and those who did not, including gender distribu-

tion, age at baseline and socioeconomic status measured by the

Townsend Index. Males and older individuals were more likely to

develop T2DM. Additionally, lower physical activity levels and higher

BMI were associated with increased T2DM risk. Clinical measures,

including HbA1c and cholesterol levels, further distinguished individ-

uals with T2DM onset from those without (Table S2, all p < 0.001).

3.2 | Metabolome-wide association study

Our metabolome-wide association study (MWAS) analysis identified

114 of 168 evaluated metabolites that were significantly associated

with T2DM risk in the overall population (Figure 1, Table S4). Of

these, 58 were identified as risk factors, such as S-HDL-Triglycerides

(Node 168, HR = 1.20, 1.17–1.24, p = 2.0 � 10�39), XXL-

VLDL-Phospholipids (Node 73, HR = 1.19, 1.16–1.22,

p = 3.8 � 10�35) and the concentration of XXL-VLDL particles (Node

71, HR = 1.18, 1.15–1.22, p = 5.1 � 10�35). The remaining

56 metabolites functioned as protective factors, such as the degree of

unsaturation (Node 42, HR = 0.83, 0.80–0.85, p = 7.2 � 10�43),

L-HDL-cholesteryl esters (Node 152, HR = 0.83, 0.81–0.86,

p = 3.0 � 10�31) and L-HDL-Cholesterol (Node 151, HR = 0.84,

0.81–0.86, p = 1.1 � 10�28) (Figure S3).

3.3 | Network analysis of significant metabolites

Visualizing the metabolome network with the Fruchterman–Reingold

force-directed layout revealed four distinct modules (Figure 1 and

Figure S5). The network analysis of these significant metabolites

revealed a transitivity of 0.85 and a modularity of 0.46 (Table S5),

indicating a tightly interconnected yet modularly diverse metabolic

network. Clustering analysis identified three functional modules

(Figure 2 and Figure S8). Module 1 (M1) encompassed all identified

risk factors, representing metabolites associated with elevated T2DM

risk. Module 2 (M2) comprised metabolites with moderate protective

effects, while Module 3 (M3) included all protective factors. Module

4 (M4) consists exclusively of amino acids, yet it did not meet the cri-

teria for classification as a small-world network.

Metabolites in M1 exhibited a higher degree centrality compared

with those in M2 and M3, including VLDL-lipoprotein (Node

29, degree = 74), total lipids in M-VLDL (Node 93, degree = 73) and

total fatty acids (Node 41, degree = 71), all integral to M1 (Figures S6

and S7). This indicates that these metabolites are extensively connected

to other nodes and may therefore exert a broad influence on metabolic

interactions. Sphingomyelins (Node 38, betweenness = 1304) exhibited

the highest betweenness centrality in the overall population network,

forming extensive connections within Module 2 (M2) and serving as a

bridge between M2 and M3. As a ‘connector’ node, it facilitates critical
pathways across different metabolic clusters. This was followed by satu-

rated fatty acids (Node 47, betweenness = 805) inM1 and the total con-

centration of lipoprotein particles (Node 28, betweenness = 445) inM3.

Metabolites with high closeness centrality included amino acids such as

valine (Node 57), tyrosine (Node 59) and total branched-chain amino

acids (BCAAs) (Node 54), indicating their tight interconnections and swift

information relay capacitywithin the network.

3.4 | Network analysis of modules with small-
world characteristic

In M1, which consists entirely of risk-factor metabolites (Figure 1 and

Figures S6 and S8), various triglycerides and VLDL components of dif-

ferent sizes were identified (Figure 2 and Figure S8). Notably, total tri-

glycerides (Node 8) occupy a central position within M1, as

demonstrated by their prioritized eigencentrality yet low closeness.

Nodes with high eigencentrality function as central hubs, exerting

widespread influence despite not being the quickest in connecting with

others. Conversely, GlycA (Node 70), XL-HDL-Triglycerides (Node

147), M-HDL-TG (161) and saturated fatty acids (47) are positioned

peripherally in M1, with a high closeness but low eigencentrality, indi-

cating that although they can rapidly interact with other metabolites,

they are less integral to the network's overall structure.

In M2, most LDL and IDL components were included. L-LDL-

phospholipid (Node 122) consistently exhibited the prioritized eigen-

centrality but the lowest closeness centrality, while sphingomyelins

(Node 38) showed the opposite pattern, with high closeness but the

lowest eigencentrality within M2.

In M3, which is composed solely of protective-factor metabolites,

HDL components predominated. L-HDL Cholesterols (Node 153) and

the concentration of L-HDL (Node 148) demonstrated the highest

eigencentrality across all populations.

3338 LIU ET AL.
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3.5 | Machine learning prediction of T2DM
incidence

To evaluate prognostic precision, the metabolite-only model achieved

an AUC of 0.73 (Figure 3), which improved to 0.79 with the addition

of demographic and clinical parameters. Notably, M-VLDL-Cholesteryl

esters (Node 96, M2), S-HDL-triglycerides (Node 168, Module 1), gly-

coprotein acetyls (Node 70, M1), the L-HDL-Cholesteryl ester (Node

152, M3) and XL-HDL-free cholesterols (Node 146, M3) were

consistently assigned high importance, highlighting their potential as

biomarkers in metabolic profiling.

3.6 | Stratification analysis

Since only females reported using exogenous hormones, a gender-

specific analysis became essential (Table S3). In females, Module

3 (M3) appeared disconnected from M1 and M2, yet M1 and M2

F IGURE 1 Metabolome network of the overall population. The non-directional metabolome networks were generated based on metabolites
that are significantly associated with type 2 diabetes mellitus risk. Nodes represent significant metabolites, node size corresponds to degree

(number of correlated connections) and edges signify the correlation strength between them (darker edges indicate stronger correlations). Non-
directional networks were generated for three main metabolite characteristics: (A) hazard ratio (HR) (darker nodes represent higher absolute HR),
(B) metabolite categories and (C) subcategories. The layout of the networks was constructed based on Fruchterman-Reingold force-directed
layout. Distinct colours identify different modules, determined by clustering analysis to maximize modularity.
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exhibited a closer interplay (Figures S5g–i). This observation suggests

underlying, gender-specific metabolic interactions that may influence

T2DM risk. Of particular note, GlycA (Node 70) was a significant risk

metabolite only in females (Figure S3) and demonstrated the highest

closeness but low eigencentrality in M1, implying a capacity for rapid

interaction with other risk-factor metabolites but less central to the net-

work structure. The female-specific predictive model achieved an AUC

of 0.76 using only metabolites, rising to 0.80 with additional

covariates (Figure S10f), highlighting its robust performance in gender-

tailored T2DM risk stratification. Furthermore, GlycA was the top pre-

dictor inModel 1 and remained highly ranked inModel 2 (Figures S11g–-

h), reinforcing its importance as a female-specific biomarker for T2DM.

The population with pre-T2DM exhibited a ninefold higher inci-

dence rate of T2DM compared with the baseline healthy population

(13.18 vs. 1.46 per 1000 person-years) (Table S3). Notably, metabo-

lites in Module 4 (M4) exhibited small-world characteristics exclu-

sively in the pre-T2DM population (Figures S5 and S8), including total

BCAAs, leucine, valine and tyrosine (Nodes 56, 57, 54 and 59, respec-

tively). Three of these four metabolites are BCAAs, which show high

closeness in the complete metabolome network (Figure S6c) and ele-

vated eigencentrality in the small-world network M4. Their high close-

ness implies an ability to rapidly interact with a broad range of other

metabolites, while their high eigencentrality underscores their struc-

tural significance within the module, suggesting that BCAAs may be

F IGURE 1 (Continued)
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early metabolic signals of disease progression in pre-T2DM popula-

tions. Moreover, protective metabolites in Module 3 (M3) were fewer

in healthy individuals compared with the pre-T2DM population

(14 vs. 20; Table S4), suggesting that those with pre-T2DM may

mount a more active defensive response to slow T2DM development.

The incidence rate was approximately doubled in populations

with a family history of T2DM compared with those without a family

history (5.02 vs. 2.46 per 1000 person-years) (Table S3). Interestingly,

individuals without a family history had a greater number of T2DM-

associated metabolites (99 vs. 74) and more connections between

metabolites in M1 and M2 (Table S4). Conversely, the population with

a T2DM family history exhibited significantly lower network modular-

ity (Table S5).

4 | DISCUSSION

The integration of large populational cohort metabolomic profiling

and network analysis provided a holistic view of the metabolome net-

work of T2DM risk. Analysis revealed 114 metabolites significantly

associated with T2DM risk. Clustering analysis identified three main

modules within this network, with M1 encompassing all identified risk

factors and M3 including metabolites with a strong protective effect

on T2DM risk. Total triglycerides in M1 and L-HDL-Cholesterol in M3

emerged as the core prevention disease biomarkers of T2DM risk.

Total BCAA was identified as a biomarker for elevating HbA1c, and

GlycA emerged as a female-specific T2DM risk signalling biomarker.

The stronger connections between risk and protective factors in the

F IGURE 1 (Continued)
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F IGURE 2 Legend on next page.
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female population underscored gender-specific differences in meta-

bolic signalling. The pivotal metric of eigencentrality further empha-

sized the central role of these metabolites in shaping the network's

topology and their potential as critical therapeutic targets for T2DM.

Total triglyceride levels increased T2DM risk by 18% in the over-

all population and were identified as the central hub within the ‘risk’
module, underscoring their potential as a primary biomarker for

T2DM risk. This finding aligns with previous studies that associate ele-

vated triglyceride levels with increased T2DM risk.23 A longitudinal

study established that every 10 mg/dL increase in triglyceride level

increased the T2DM risk by 4% and impaired fasting glucose by 2%.23

Evidence also suggests that traditional biomarkers such as glucose

and HbA1c levels are influenced by triglycerides, highlighting triglyc-

eride modulation as a potential intervention point. In M1, we

F IGURE 2 Heatmap of four network metrics (degree, closeness, betweenness and eigencentrality) across modules with small-world
characteristics in various population subsets. Each row corresponds to a metabolite, and numbers in parentheses alongside the metabolite names
indicate their respective network codes. The belonging module number is colour-coded on the left. For degree, closeness, betweenness and
eigencentrality values, darker shading in the heatmap denotes higher metric values. This visualization highlights how different metabolites shape
module structure and underscores their relative importance within the network. FH, family history; T2DM, type 2 diabetes mellitus.

(A)

(B)

F IGURE 3 This figure shows receiver operating characteristic (ROC) curves and corresponding area under the curve (AUC) values for type
2 diabetes mellitus (T2DM) prediction models in the overall population. Both panels plot the true positive rate (sensitivity) on the y-axis and the
false positive rate (1—specificity) on the x-axis, ranging from 0.0 to 1.0, to illustrate the performance of various T2DM prediction models. Panel A
presents the prediction performance of models derived solely from metabolites clustered in distinct small-world modules (Models 1, 2, 3 or their
combinations). Model numbers indicate the specific modules included (for example, Model 123 integrates metabolites from Modules 1, 2 and 3).
Panel B displays the predictive values after integrates additional key covariates, including baseline age, gender, T2DM family history, body mass
index and hypertension status.
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identified various triglycerides and VLDL components of different

sizes. This observation is consistent with the mechanistic link between

elevated triglyceride levels and T2DM risk, which is rooted in obesity-

associated metabolic disturbances that promote insulin resistance via

inflammation and oxidative stress pathways.24 Triglyceride accumula-

tion impairs insulin signalling, reducing glucose uptake by cells and

consequently elevating blood glucose levels.24 Additionally, lipopro-

tein lipase, critical for triglyceride metabolism, often exhibits reduced

activity in insulin-deficient states, further contributing to elevated tri-

glycerides.25 The importance of BMI in our prediction models under-

scores its relationship with triglycerides. Recent studies have

introduced the triglyceride-glucose index and the triglyceride-HDL

cholesterol ratio as surrogate biomarkers for assessing insulin resis-

tance and predicting T2DM risk,26,27 reinforcing the essential role of

triglycerides in early prevention strategies for T2DM.

Within the metabolic landscape of M3, L-HDL-Cholesterol

emerges with pronounced eigencentrality, identifying it as a key com-

ponent in T2DM risk prevention. Its strong correlation with L-HDL-

Cholesteryl ester (correlation coefficient = 0.99) further accentuates

its critical role in lipid metabolism and T2DM risk prediction. Addition-

ally, M3 comprises various types of HDL components. HDL plays a

central role in lipid transport; cholesterol esterification within HDL

generates cholesteryl ester transfer protein, which facilitates the

exchange of esterified cholesterol and triglycerides between HDLs

and LDLs.28 HDL is ultimately reclaimed by the liver, where

triglyceride-enriched HDL is degraded by hepatic lipase to clear

excess triglycerides. Diabetic dyslipidaemia disrupts cholesterol efflux,

a hallmark of the metabolic dysregulation seen in T2DM.29 This

reverse cholesterol transportation system is endowed with vascular

protective effects, including anti-inflammatory, anti-oxidative and

anti-thrombotic actions, embodying the multifaceted benefits beyond

lipid transport.30 Evidence supports the protective role of L-HDL-

Cholesterol against T2DM.31 A longitudinal Finnish population study

of individuals aged 24–45 revealed an inverse relationship between

L-HDL-Cholesterol and T2DM risk.31 Additionally, a lower Triglycer-

ide/HDL-Cholesterol ratio has been linked to a reduced risk of insulin

resistance, highlighting the integral role of L-HDL-Cholesterol levels in

T2DM risk prevention.32 These findings collectively underscore the

significance of L-HDL-Cholesterol in the metabolic network's archi-

tecture. The evidence advocates for a deeper exploration of HDL's

role in metabolic regulation, offering insights into potential therapeu-

tic interventions.

Our analysis identified metabolites with higher closeness central-

ity as crucial T2DM risk biomarkers in prediction models. Specifically,

valine, tyrosine, leucine, and total BCAA may serve as alarm indicators

of unhealthy HbA1c. These metabolites, which exhibit a small-world

network structure unique to pre-T2DM populations and high close-

ness centrality, were prioritized in importance analyses. This observa-

tion aligns with studies linking elevated BCAAs and tyrosine levels to

both increased T2DM risk and HbA1c levels, underscoring their utility

as early markers for deteriorating glycaemic control.33 The role of

BCAAs in insulin resistance, mediated through mTOR signalling path-

way activation, further exacerbates glucose homeostasis

dysregulation.9 A prior longitudinal study demonstrated that individ-

uals with elevated BCAAs and tyrosine levels co-currently were more

likely to progress from normoglycaemia to impaired glucose tolerance

or T2DM,34 signifying the pivotal role of these M4 metabolic indica-

tors in the early detection and management of pre-T2DM.

Intriguingly, in female populations, M3 does not connect to M1

and M2 modules, indicating a disconnect between protective and risk

factors. This phenomenon might stem from the relatively weaker pro-

tective factors within M2 and M3, suggesting that risk factors in M1

do not directly impact those in M2 and M3 but may instead activate

the inflammatory system. This is corroborated by the significant asso-

ciation between the inflammatory biomarker GlycA and T2DM in

females, not in males. The node is within M1 with a high prioritized

importance in the females' prediction model and the AUC is higher

than that in males. Elevated triglyceride levels have been implicated in

the induction of systemic inflammation, serving as a mechanistic

bridge to increased GlycA levels.35 Triglycerides can exacerbate

inflammation through various pathways, including the activation of

pro-inflammatory cytokines and the enhancement of adipose tissue

inflammation.36 Elevated GlycA levels reflect an increase in the glyco-

sylation of acute-phase inflammatory proteins in serum, which are

sensitive markers of systemic inflammation.35,37 Prior studies have

delineated a robust correlation between GlycA levels, the insulin sen-

sitivity index and C-reactive protein, a marker of chronic subclinical

inflammation intimately linked with insulin resistance.37 Given these

observations, it becomes evident that understanding the underlying

distinct metabolic and inflammatory profiles in females necessitates

further research to unravel the gender-specific mechanisms.

The present study provides a topological perspective on the inter-

connected metabolites involved in the development of T2DM, pre-

senting a comprehensive approach that transcends traditional

methods typically focused on individual biomarkers. The study's

strength lies in its extensive sample size and prolonged follow-up

period, ensuring robust results. By incorporating MWAS with the

Bonferroni correction method, we have significantly reduced

the probability of false positives, bolstering the reliability of our find-

ings. Additionally, our application of detailed stratification analyses

across various population segments has yielded customized insights.

While conventional tests for insulin resistance, such as fasting blood

glucose levels, are indispensable in diabetes management, they are

prone to instability and fluctuations. The HbA1c test, commonly used

for diagnosing pre-T2DM, often implies that some degree of physio-

logical alteration has already occurred. Our study endeavours to

bridge the gap in early T2DM prevention, aiming to identify both

treatment and signalling biomarkers before more definitive signs of

disease emerge.

However, several limitations warrant consideration. First, the use

of non-fasting plasma samples may introduce misclassification bias.

Postprandial increases in serum metabolite concentrations vary

among metabolites; for instance, BCAAs typically peak 1–2 h after a

meal,38 whereas triglyceride levels may peak 3–5 h postprandially.39

Consequently, measurements taken shortly after meals could bias the

associations, potentially overestimating the risk. Second, due to

3344 LIU ET AL.
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limited baseline data on medication use and comorbidities that affect

glycaemia and lipid levels, we were unable to exclude these partici-

pants upfront. This gap may have biased our associations. We partially

addressed this limitation by adjusting for relevant covariates in our

Model 3 s. Nonetheless, future studies with more comprehensive data

could better clarify how such factors modify T2DM risk. Third, the

external validity of our findings may be constrained, as all the subjects

are only representative of the UK population. The metabolic profiling

conducted via the NMR metabolomics platform, while comprehensive,

covers only a limited array of metabolic pathways. This limitation sug-

gests that future investigations employing more sensitive metabolo-

mics techniques, such as mass spectrometry, could enhance

metabolome coverage and unearth insights into a broader spectrum

of biological processes. Furthermore, the inherent collinearity among

metabolites in relation to T2DM risk represents an unavoidable chal-

lenge, complicating the disentanglement of individual metabolites'

effects on disease risk. These limitations underscore the need for cau-

tious interpretation of the results and highlight the potential avenues

for further research to refine our understanding of T2DM's metabolic

underpinnings.

5 | CONCLUSION

This study demonstrates that total triglycerides and L-HDL-

Cholesterol constitute pivotal biomarkers for the prevention of T2DM

risk. Concurrently, total BCAA has been identified as markers indica-

tive of elevated HbA1c levels, whereas GlycA emerges as a distinct

signalling biomarker of T2DM risk, specifically within female cohorts.
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