

[image: Front cover of a scientific book titled “Preventing cardiovascular complications of type 2 diabetes, volume II,” published by Frontiers in Endocrinology, features a histological tissue section stained in pink and purple with bold modern design elements.]





FRONTIERS EBOOK COPYRIGHT STATEMENT

The copyright in the text of individual articles in this ebook is the property of their respective authors or their respective institutions or funders. The copyright in graphics and images within each article may be subject to copyright of other parties. In both cases this is subject to a license granted to Frontiers. 

The compilation of articles constituting this ebook is the property of Frontiers. 

Each article within this ebook, and the ebook itself, are published under the most recent version of the Creative Commons CC-BY licence. The version current at the date of publication of this ebook is CC-BY 4.0. If the CC-BY licence is updated, the licence granted by Frontiers is automatically updated to the new version. 

When exercising any right under the CC-BY licence, Frontiers must be attributed as the original publisher of the article or ebook, as applicable. 

Authors have the responsibility of ensuring that any graphics or other materials which are the property of others may be included in the CC-BY licence, but this should be checked before relying on the CC-BY licence to reproduce those materials. Any copyright notices relating to those materials must be complied with. 

Copyright and source acknowledgement notices may not be removed and must be displayed in any copy, derivative work or partial copy which includes the elements in question. 

All copyright, and all rights therein, are protected by national and international copyright laws. The above represents a summary only. For further information please read Frontiers’ Conditions for Website Use and Copyright Statement, and the applicable CC-BY licence.



ISSN 1664-8714
ISBN 978-2-8325-7502-4
DOI 10.3389/978-2-8325-7502-4

Generative AI statement

Any alternative text (Alt text) provided alongside figures in the articles in this ebook has been generated by Frontiers with the support of artificial intelligence and reasonable efforts have been made to ensure accuracy, including review by the authors wherever possible. If you identify any issues, please contact us.

About Frontiers

Frontiers is more than just an open access publisher of scholarly articles: it is a pioneering approach to the world of academia, radically improving the way scholarly research is managed. The grand vision of Frontiers is a world where all people have an equal opportunity to seek, share and generate knowledge. Frontiers provides immediate and permanent online open access to all its publications, but this alone is not enough to realize our grand goals.

Frontiers journal series

The Frontiers journal series is a multi-tier and interdisciplinary set of open-access, online journals, promising a paradigm shift from the current review, selection and dissemination processes in academic publishing. All Frontiers journals are driven by researchers for researchers; therefore, they constitute a service to the scholarly community. At the same time, the Frontiers journal series operates on a revolutionary invention, the tiered publishing system, initially addressing specific communities of scholars, and gradually climbing up to broader public understanding, thus serving the interests of the lay society, too.

Dedication to quality

Each Frontiers article is a landmark of the highest quality, thanks to genuinely collaborative interactions between authors and review editors, who include some of the world’s best academicians. Research must be certified by peers before entering a stream of knowledge that may eventually reach the public - and shape society; therefore, Frontiers only applies the most rigorous and unbiased reviews. Frontiers revolutionizes research publishing by freely delivering the most outstanding research, evaluated with no bias from both the academic and social point of view. By applying the most advanced information technologies, Frontiers is catapulting scholarly publishing into a new generation.

What are Frontiers Research Topics? 

Frontiers Research Topics are very popular trademarks of the Frontiers journals series: they are collections of at least ten articles, all centered on a particular subject. With their unique mix of varied contributions from Original Research to Review Articles, Frontiers Research Topics unify the most influential researchers, the latest key findings and historical advances in a hot research area.


Find out more on how to host your own Frontiers Research Topic or contribute to one as an author by contacting the Frontiers editorial office: frontiersin.org/about/contact





Preventing cardiovascular complications of type 2 diabetes, volume II

Topic editors

Caterina Pipino – University of Studies G. d’Annunzio Chieti and Pescara, Italy

Maria Pompea Antonia Baldassarre – G. d’Annunzio University of Chieti and Pescara, Italy

Kyoungmin Park – Joslin Diabetes Center, Harvard Medical School, United States

Teresa Paolucci – University of Studies G. d’Annunzio Chieti and Pescara, Italy

Topic coordinator

Nadia Di Pietrantonio – Università degli Studi G. d’Annunzio Chieti e Pescara, Italy

Citation

Pipino, C., Baldassarre, M. P. A., Park, K., Paolucci, T., Di Pietrantonio, N., eds. (2026). Preventing cardiovascular complications of type 2 diabetes, volume II. Lausanne: Frontiers Media SA. doi: 10.3389/978-2-8325-7502-4





Table of Contents




Editorial: Preventing cardiovascular complications of type 2 diabetes, volume II

Nadia Di Pietrantonio, Maria Pompea Antonia Baldassarre, Ilaria Cappellacci, Teresa Paolucci, Kyoungmin Park and Caterina Pipino

The triglyceride–glucose index is a promising predictor for the risk of cardiovascular disease in the diabetic population aged ≥60 years in the United States: a retrospective cohort study from NHANES (2007-2016)

Shu Yang and Zhenwei Wang

Evaluation of three mechanisms of action (SGLT2 inhibitors, GLP-1 receptor agonists, and sulfonylureas) in treating type 2 diabetes with heart failure: a systematic review and network meta-analysis of RCTs

Huize Gao, Qian Wei, Anqi Zou, Keying Yu, Da Song, Jian Li, Huize Han and Aidong Liu

Association between glycemia risk index and carotid intima-media thickness in type 2 diabetes

Lingyun Zhao, Hongyan Heng, Qinyuan Xie, Chenghong Liang, Sijia Guo, Ziyi Zhang and Huijuan Yuan

Establishment of a synthetic ECV model and its prognostic value in diabetes patients with acute myocardial infarction

Lei Chen, Bowen Qiu, Xinjia Du, Jiahua Liu, Yuan Lu, Wenliang Che and Wensu Chen

A decade of progress in type 2 diabetes and cardiovascular disease: advances in SGLT2 inhibitors and GLP-1 receptor agonists – a comprehensive review

David Aristizábal-Colorado, David Corredor-Rengifo, Santiago Sierra-Castillo, Carolina López-Corredor, David-Alexander Vernaza-Trujillo, Danilo Weir-Restrepo, Juan S. Izquierdo-Condoy, Esteban Ortiz-Prado, Jorge Rico-Fontalvo, Juan-Esteban Gómez-Mesa, Alin Abreu-Lomba and Wilfredo-Antonio Rivera-Martínez

Association of estimated glucose disposal rate with atrial fibrillation, heart failure and cardiovascular mortality in patients with diabetes: a prospective cohort study from the UK Biobank

Zhen Tan, Yijun Liu, Lei Liu, Shuang Li, Xinrui Xue, Xiaoping Li and Hongqiang Ren

Effectiveness and use of evidence-based cardiovascular preventive therapies in type 2 diabetes patients with established or high risk of atherosclerotic cardiovascular disease

Jian-Qing Tian, Zhi-Jun Zhang, Yi-Ting Peng, Jia-Wen Ye, Zhi-Yi Wang and Yu-Hao Lin

Association between the triglyceride-glucose index and hyperuricemia: potential role of obesity in patients with Type 2 diabetes mellitus

Dou Tang, Xi Gu, Yan Xuan, Fanfan Zhu, Ying Shen and Leiqun Lu

Association of blood urea nitrogen to serum albumin ratio with arterial stiffness in type 2 diabetes patients: a Chinese cross-sectional study

Shengqing He, Wanrui Meng, Miaoling Huang, Qingsong Fu and Jie Shen

Unveiling the anti-inflammatory potential of olive leaf phenolic extracts in diabetes-related endothelial dysfunction

Ilaria Cappellacci, Nadia Di Pietrantonio, Davide Viola, Gloria Formoso, Małgorzata Elżbieta Zujko, Beatriz Martín-García, Ana M. Gomez-Caravaca, Vito Verardo, Assunta Pandolfi and Caterina Pipino

Glycemic variability of glycated hemoglobin in patients with type 2 diabetes mellitus and the risk of cardiovascular diseases: a latest systematic review and meta-analysis

Chan Wu, Aijing Li, Qingyi Zhu, Jingyi Guo, Yincheng Li, Xin Gu, Anning Sun, Maoying Wei and Yanbing Gong

Coronary heart disease and type 2 diabetes metabolomic signatures in the Middle East

Mohamed Elshrif, Keivin Isufaj, Ayman El-Menyar, Ehsan Ullah, Alka Beotra, Mohammed Al-Maadheed, Vidya Mohamed-Ali, Mohamad Saad and Jassim Al Suwaidi

The association between residual cholesterol to high-density lipoprotein cholesterol ratio and type 2 diabetes risk in elderly populations

Jinting Zhang, Zhaoxiang Wang, Qianqian Wang, Yang Liu, Qi Shao, Ying Pan and Shao Zhong





EDITORIAL

published: 29 January 2026

doi: 10.3389/fendo.2026.1792059

[image: Frontiers: Stamp Date]


Editorial: Preventing cardiovascular complications of type 2 diabetes, volume II


Nadia Di Pietrantonio 1,2, Maria Pompea Antonia Baldassarre 2,3, Ilaria Cappellacci 1,2, Teresa Paolucci 4,5, Kyoungmin Park 6 and Caterina Pipino 1,2*


1 Department of Medical, Oral and Biotechnological Sciences, G. d’Annunzio University, Chieti, Italy, 2 Center for Advanced Studies and Technology (CAST), G. d’Annunzio University, Chieti, Italy, 3 Department of Medicine and Aging Sciences, G. d’Annunzio University, Chieti, Italy, 4 Department of Medical, Oral and Biotechnological Sciences, Center of Rehabilitation, Sports and Disability (CARES), G. d’Annunzio University, Chieti, Italy, 5 BIND Center, Physical and Rehabilitation Medicine, G. d’Annunzio University, Chieti, Italy, 6 Research Division, Joslin Diabetes Center, Department of Medicine, Harvard Medical School, Boston, MA, United States




Edited and reviewed by: 

Gaetano Santulli, Albert Einstein College of Medicine, United States

*Correspondence: 

Caterina Pipino
 caterina.pipino@unich.it


Received: 20 January 2026

Accepted: 21 January 2026

Published: 29 January 2026

Citation:
Di Pietrantonio N, Baldassarre MPA, Cappellacci I, Paolucci T, Park K and Pipino C (2026) Editorial: Preventing cardiovascular complications of type 2 diabetes, volume II. Front. Endocrinol. 17:1792059. doi: 10.3389/fendo.2026.1792059



Keywords: cardiovascular risk, glycemic variability, novel biomarkers, precision medicine, type 2 diabetes


Editorial on the Research Topic 


Preventing cardiovascular complications of type 2 diabetes, volume II


Diabetes mellitus represents a major global health challenge, with a rapidly increasing prevalence worldwide, and is associated with a markedly elevated risk of adverse health outcomes, particularly cardiovascular disease (CVD) (1). Individuals with diabetes have a substantially higher likelihood of developing vascular complications, which are classified as microvascular—such as diabetic nephropathy and retinopathy—or macrovascular, including coronary artery disease, stroke, and peripheral artery disease. Consequently, substantial efforts are required to implement innovative technologies and strategies aimed at preventing cardiovascular complications in individuals with type 2 diabetes (T2D), through both lifestyle modification and early, accurate, and effective diagnosis.




Unveiling new risk markers for cardiovascular outcomes in diabetes

The search for new strategies to prevent diabetes and its cardiovascular complications increasingly emphasizes the identification of novel biomarkers and the re-evaluation of established ones, aiming to enable earlier and more precise risk assessment (2). One such area of interest is glycemic variability.

Wu et al. conducted a systematic review and meta-analysis to determine whether fluctuations in glycated hemoglobin (HbA1c) predict cardiovascular risk in patients with T2D. While mean HbA1c remains the standard measure of long-term glycemic control, it fails to capture short-term glucose swings and can be influenced by factors such as anemia or pregnancy. Evidence indicates that glycemic variability-measured through HbA1c standard deviation, coefficient of variation, and indices like the HbA1c variability score or hemoglobin glycation index—may independently contribute to vascular outcomes. Wu et al. provide the first population-level evidence that HbA1c fluctuations themselves significantly increase cardiovascular risk, even when mean HbA1c levels are within target ranges, highlighting a new avenue for precision glycemic management.

Beyond glycemic variability, lipid-based markers are emerging as important predictors of both diabetes and cardiovascular complications. The remnant cholesterol to HDL-C ratio (RC/HDL-C) has recently gained attention as an indicator of metabolic disturbances. In a cohort of 7,655 Chinese adults aged ≥60 years, Tang et al. observed that elevated RC/HDL-C levels were independently associated with an increased risk of T2D. The results suggest that RC/HDL-C could enhance existing risk models. Zhang et al. similarly confirmed these findings, demonstrating that participants in the highest RC/HDL-C quartile had the greatest incidence of T2D, reinforcing its role as an independent risk factor in older adults and a potential tool for improving risk stratification in predictive models.

Another readily available biomarker is the Triglyceride–Glucose (TyG) index, a low-cost surrogate marker of insulin resistance. The TyG index appears to reflect aspects of dynamic glycemic instability that may contribute to vascular injury beyond chronic hyperglycemia. In a retrospective analysis of NHANES participants aged ≥60 years, S. Yang et al. found that both very low and very high TyG values were linked to elevated cardiovascular risk, highlighting the complexity of metabolic regulation in older individuals.

Collectively, these studies underscore the critical importance of dynamic metabolic markers in improving risk prediction for diabetes and its cardiovascular complications. Integrating these novel indicators with traditional measures could enable more individualized, precise strategies for early detection, prevention, and management of vascular risk in older adults with or at risk for T2D.





Integrating metabolomics to uncover cardiovascular risk diabetes

In recent years, cardiovascular phenotyping has advanced through the use of unbiased, high-throughput omics technologies capable of simultaneously analyzing genes, transcripts, proteins, and metabolites (3). These approaches have greatly expanded our understanding of disease pathways and potential biomarkers. In T2D and its cardiovascular complications, integrating multiple omics layers offers the opportunity to detect early endothelial dysfunction, clarify pathophysiological mechanisms, and identify novel predictive markers. Among these technologies, metabolomics is particularly valuable: it reflects both genetic and environmental influences such as diet, lifestyle, medication, microbiome. This makes it a promising tool for developing diagnostic, prognostic, and therapy-response biomarkers, ultimately supporting more personalized diabetes care.

Despite substantial progress, metabolomic interactions between T2D and coronary heart disease (CHD) remain poorly characterized in Middle Eastern populations, where T2D prevalence is among the highest globally. Addressing this gap, Elshrif et al. conducted the first large-scale metabolomics study of T2D and CHD in Qatar. Through univariate and multivariate analyses, pathway enrichment, machine learning, and metabolite-based risk scores, the authors identified marked metabolic differences between T2D patients with and without CHD. Metabolite risk scores showed strong predictive performance, underscoring its potential clinical practicality.

Overall, this work highlights distinct metabolic signatures associated with CHD in T2D patients and proposes candidate biomarkers for earlier detection, improved risk stratification, and future therapeutic targeting in an underrepresented population.





Natural compounds for preventing diabetic vascular dysfunction

Despite significant advances in diabetes care, lifestyle measures like healthy eating and regular exercise remain the foundation of managing T2D. However, these strategies alone are often not enough to prevent or reduce the vascular complications associated with diabetes, highlighting the need for additional therapeutic approaches. In this context, natural bioactive compounds, especially polyphenols, have attracted growing interest due to their strong anti-inflammatory, antioxidant, and heart-protective effects (4). Olive leaves, in particular, are a largely underutilized source of polyphenols, notably oleuropein, which can reduce oxidative stress, prevent blood clotting, and improve insulin sensitivity and blood sugar control.

The study by Cappellacci et al. observed that extracts from two spanish olive monocultivars, Picual and Changlot Real, reduce endothelial inflammation—a key factor in diabetes-related vascular problems. Using the in vitro model of human umbilical vein endothelial cells from women with gestational diabetes, the researchers showed that both extracts could influence the Nuclear Factor kappa-light-chain-enhancer of activated B cells (NF-κB)– Vascular cell adhesion protein 1 (VCAM-1) pathway, lowering inflammation and monocyte adhesion. These results suggest that olive leaf polyphenols may help protect against vascular complications in diabetes, highlight the potential of natural compounds, such as olive-derived polyphenols, to complement existing diabetes management strategies.





Protecting the diabetic heart: early risk to prevention

T2D significantly increases the risk of CVD by damaging the vascular endothelium and promoting processes that accelerate atherosclerosis and arterial stiffening. These changes contribute directly to the development of myocardial infarction, heart failure, and arrhythmias such as atrial fibrillation, making cardiovascular complications the leading cause of morbidity and mortality in people with diabetes. This underscores the urgent need for early detection of individuals at high cardiac risk and for strategies aimed at protecting heart health in the context of T2D.

Several recent studies have explored practical, non-invasive markers to improve early risk stratification in T2D. Zhao et al. investigated the Glycemia Risk Index (GRI) in relation to carotid intima–media thickness (CIMT), a recognized indicator of subclinical atherosclerosis. In a cohort of 450 hospitalized adults with T2D, the study demonstrated that GRI correlates with CIMT, suggesting its potential as a convenient tool for detecting early macrovascular risk and complementing continuous glucose monitoring-based assessments.

Arterial stiffness represents another early and independent predictor of cardiovascular and renal outcomes. Using brachial–ankle pulse wave velocity (baPWV), He et al. examined its association with the blood urea nitrogen–to–albumin ratio (BAR) in 510 newly diagnosed, drug-naïve T2D patients. The study found a significant positive relationship, indicating that BAR may serve as a simple biomarker to identify early vascular changes in this population.

Insulin sensitivity also plays a key role in cardiovascular risk. Tan et al. evaluated the estimated glucose disposal rate (eGDR) in over 31,000 adults with diabetes from the UK Biobank. Higher eGDR was associated with substantially lower risks of atrial fibrillation, heart failure, and cardiovascular mortality, regardless of genetic risk. These findings position eGDR as a robust and clinically meaningful marker for predicting cardiovascular outcomes in diabetes.

Finally, myocardial fibrosis following acute myocardial infarction (AMI) is a critical determinant of prognosis but is difficult to assess directly during the acute phase. Chen et al. validated a synthetic extracellular volume (ECV) measure derived from cardiac magnetic resonance imaging, which does not require blood sampling. In patients with T2D and AMI, synthetic ECV closely matched conventional ECV measurements and independently predicted major adverse cardiovascular events, demonstrating its potential as a non-invasive prognostic tool.

Taken together, these studies highlight the critical need for early cardiovascular risk detection in diabetes. By incorporating novel heart-focused biomarkers—spanning glycemic instability, arterial stiffness, insulin sensitivity, and imaging markers of myocardial fibrosis—clinicians can more accurately identify individuals at heightened cardiac risk. This enables earlier, targeted interventions aimed at preventing the progression of diabetic heart disease.





Medical advances in the management of diabetes and vascular disease

Effective clinical management, particularly adequate glycemic control, is essential for preventing cardiovascular complications in diabetes (5). In 2015 when major trials showed that Glucagon Like Peptide-1 receptor agonists (GLP-1RAs) and Sodium/Glucose Transporter 2 (SGLT2) inhibitors significantly reduce cardiovascular and renal events. Along with ACEIs/ARBs, statins, and aspirin, these agents are now strongly recommended for cardiovascular risk reduction in T2D with established or high Atherosclerotic CVD risk.

Despite guideline support, the use of these therapies remains limited. In a large population-based cohort from Xiamen Humanity Hospital (2018–2023), Tian et al. found that patients using evidence-based cardioprotective therapies had lower risk of MACE, heart failure hospitalization, and a reduction in progression to advanced kidney disease compared with non-users.

Aristizábal-Colorado et al. emphasized individualized therapy selection: SGLT2 inhibitors are particularly beneficial in patients with heart or kidney disease, while GLP-1RAs may be preferable for obese individuals or those at high cardiometabolic risk. Importantly, combining both drug classes can offer additive cardiovascular and renal protection.

H. Gao et al. analyzed 14 trials in patients with T2D and heart failure, comparing the effects of different glucose-lowering drugs. Semaglutide showed the strongest overall cardiac benefit by reducing B-type natriuretic peptide. Licogliflozin caused the greatest weight loss, glimepiride reduced glycated hemoglobin the most, and dapagliflozin most improved left ventricular ejection fraction. Safety varied across drugs, with licogliflozin and ipragliflozin showing fewer side effects. Overall, semaglutide emerged as the most comprehensive cardiometabolic option.

Together, these findings reinforce the growing evidence that targeted glucose-lowering therapies, when appropriately selected and effectively implemented, have the potential modify cardiovascular outcomes in people with T2D.





Conclusion: A wake-up call for cardiovascular protection in diabetes

In conclusion, the contributions collected in this second volume highlight the urgent need for a multidimensional and anticipatory approach to cardiovascular prevention in T2D. By integrating dynamic metabolic markers, omics-based profiling, non-invasive cardiovascular phenotyping, lifestyle and nutraceutical strategies, and evidence-based pharmacological therapies, these studies move the field toward more precise and personalized risk assessment and intervention. Together, they reinforce the concept that effective cardiovascular protection in diabetes must begin early, be tailored to individual risk profiles, and leverage both technological innovation and clinical insight to reduce the global burden of diabetic cardiovascular disease.
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Background

The predictive value of triglyceride-glucose index (TyG) for cardiovascular disease (CVD) in the US elderly diabetic patients is ambiguous. This study aimed to investigate the association between TyG index and the risk of CVD in an older US population with diabetes.





Methods

The study examined data from the 2007-2016 National Health and Nutrition Examination Survey (NHANES). Univariate and multivariate regression analysis models were obtained to explore the association between baseline TyG index and the risk of CVD. Non-linear association were investigated using restricted cubic spline (RCS) regression. Subgroup analyses and interaction tests were constructed and a sensitivity analyses was carried out. The 10 - year CVD risk were evaluated via the Framingham Risk Score (FRS). Mediation analysis explored the mediating role of glycated hemoglobin in the above relationships.





Results

A total of 2987 subjects were included (977 CVD patients and 2010 non-CVD persons). CVD patients had higher TyG values (9.01 ± 0.58 vs. 8.94 ± 0.56, P=0.003), and the prevalence of CVD increased with TyG index (P=0.015). In a multifactorial regression model with gradual adjustment for all covariates, the risk of CVD associated with TyG increased by 48.0% in the highest quartile group (OR 1.480, 95% Cl 1.171-1.871, P=0.001). The RCS curves showed a U-shaped association between TyG index and CVD risk (P for overall=0.013, P for nonlinear=0.043). Subgroup analyses showed that in the highest quartile group, individuals with body mass index (BMI) ≥24 kg/m2, an estimated glomerular filtration rate (eGFR) <90 mL/1.73m2/min, individuals without chronic kidney disease, and those with hypertension had significantly higher risks of CVD. Sensitivity analyses indicated that these associations were not associated with other significant confounders. Under different adjustment models, the TyG index exhibited significant correlations with the 10 - year risk of CVD (all P values < 0.05). Glycated hemoglobin mediated in the above relationships.





Conclusion

In a sample of US elderly diabetic patients, there is the U-shaped association of TyG index with CVD risk. This implies that TyG index can be regarded as an extremely important predictor for screening people at high risk of cardiovascular disease among elderly diabetic patients.
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Background

Cardiovascular disease (CVD) is regarded as one of the most seriously burdened health problems globally, and the latest epidemiologic reports of its prevalence are increasing every year (1, 2). It is worth noting that type 2 diabetes is prevalent among patients diagnosed with CVD and is associated with adverse outcomes (3). Therefore, early screening is of vital importance for the risk of cardiovascular death in diabetic patients to be reduced.

As a surrogate marker of insulin resistance derived from routine indicators, the triglyceride-glucose index (TyG) is more cost - effective, convenient and sensitive. It has been developed as a biochemical substitute for identifying insulin resistance in both diabetic and non - diabetic patients (4, 5). Numerous studies indicate that the TyG index serves as an independent predictor of future cardiovascular mortality and other subclinical cardiovascular diseases in the general population (6–8). Meanwhile, related research has confirmed the certain clinical value of the TyG index in relation to adverse cardiovascular events among both non - diabetic and diabetic patients (9). However, among diabetic patients of different age groups, the conclusion about using the TyG index to predict CVD risk remains controversial. Particularly in elderly diabetic patients, physical decline, co - morbidity of multiple chronic diseases, and intricate drug interactions alter their insulin - resistance patterns, blood - glucose fluctuation characteristics, as well as the structure and function of the cardiovascular system (10, 11). These result in differences in CVD pathogenesis and risk levels compared to other populations. Currently, targeted research in this regard is scarce.

Therefore, our study aimed to explore the association between the TyG index and the risk of CVD in elderly patients with diabetes, evaluate whether the TyG index has prognostic value for CVD risk in this population, and uncover the non - linear relationship between them.





Methods




Study population

National Health and Nutrition Examination Survey (NHANES) is a research program led by the National Center for Health Statistics (NCHS) of the CDC dedicated to measuring the health and nutritional status of Americans, adults, and children. Through integrated interviews and physical exams, it yields valuable insights on prevalent diseases, dietary and nutritional trends, and health-related behaviors, serving as a premier database for probing disease epidemiology and related risk factors. All participants provided written informed consent before participation in the survey. The data in this study were anonymized and de-identified before the analysis to ensure the privacy and confidentiality of the participants. In this retrospective observational study, a total of 50,588 participants were initially enrolled. Participants who did not attend, had unresolved status regarding diabetes (n=45,079), were under the age of 60 (n=2,218), or for whom the covariates were incomplete (n=236) were excluded. Participants with extreme values of the TyG index (mean ± 3 standard deviations) were also excluded (n=68). Ultimately, a total of 2987 participants with complete data were incorporated into this analysis (Figure 1).

[image: Flowchart illustrating participant selection from NHANES 2007-2016, starting with 50,588 individuals. Sequential exclusions include 45,079 for attendance or unresolved diabetes, 2,218 for age under sixty, 236 for incomplete covariates, and 68 for extreme TyG index, resulting in 2,987 participants.]
Figure 1 | Flowchart of participants’ selection. National Health and Nutrition Examination Survey (NHANES), The triglyceride-glucose index (TyG).





Assessment of covariates

Demographic data included age, gender, race, education level, and marital status. Race was categorized as Mexican American, non-Hispanic black, non-Hispanic white, other Hispanic, and other races; education level was categorized as less than high school, high school or equivalent, and college or above; and marital status was categorized as married, widowed, divorced, and never married. Questionnaire data included smoking status, alcohol consumption, and medication use (insulin, hypoglycemics, antihypertensive drugs), etc. The smoking and alcohol consumption statuses were recorded as “yes” if the subjects agreed to smoke at least 100 cigarettes in a lifetime and drink at least 12 alcoholic per year, respectively. Blood pressure and body measurements were obtained from the examination data. Blood pressure were recorded as the maximum measurement, or the final value if there was only one measurement; body mass index (BMI) was calculated as weight (kg)/height (m) squared. In laboratory data, data on fasting blood glucose (FBG), glycated hemoglobin (HbA1c%), total cholesterol (TC), triglyceride (TG), high-density lipoprotein cholesterol (HDL-C), low-density lipoprotein cholesterol (LDL-C), and albumin and uric acid were collected. For more detailed measurement data, please visit the NHANES website.





Data definitions

Diabetes mellitus was defined as satisfying any one of the following conditions: (1) FBG ≥ 7 mmol/L; (2) Random blood glucose or 2-hour oral glucose tolerance test (OGTT) ≥ 11.1 mmol/L; (3) HbA1c ≥ 6.5%; and (4) Answering “yes” to one of the following questions: “Your doctor has ever told you that you have diabetes” “You are now taking insulin” “You are now taking hypoglycemic drugs”. Subjects were considered to have CVD if they answered “yes” to the question “Have you ever suffered from congestive heart failure (CHF)/coronary heart disease (CHD)/angina/myocardial infarction/stroke” by a doctor or other health specialist. Hypertension was defined as being informed of hypertension or use of antihypertensive drugs or SBP ≥ 140 mmHg or DBP ≥ 90 mmHg. Chronic kidney disease (CKD) was determined by answering “yes” to the question, “Have you ever been told you have kidney failure?” or by calculating an estimated glomerular filtration rate (eGFR) of < 60 mL/1.73m2/min, which was proposed based on the 2021 Chronic Kidney Disease Epidemiology Collaboration (CKD-EPI) (12).





Definitions of triglyceride-glucose index

TyG index as an exposure variable was calculated by the following formula: TyG = Ln[TG (mg/dL)*FBG (mg/dL)/2]. TyG index was divided into four groups, i.e., Q1 (≤ 8.67) 752 cases, Q2 (8.67-8.96) 729 cases, Q3 (8.96-9.20) 767 cases, and Q4 (≥ 9.20) 739 cases. Both triglyceride and fasting glucose concentrations were measured through an enzymatic assay using an automatic bio-chemistry analyzer. Serum triglyceride concentration was measured using the Roche Modular P and Roche Cobas 6000 chemistry analyzers while fasting plasma glucose was assessed through the hexokinase-mediated reaction using the Roche/Hitachi Cobas C 501 chemistry analyzer.





Cardiovascular disease risk

We employed the Framingham Risk Score (FRS) to evaluate participants’ 10 - year CVD risk. This score gauges the 10 - year composite risk of coronary heart disease, stroke, peripheral arterial disease, and heart failure. The algorithm, based on age (years), sex (male/female), total and HDL cholesterol (mg/dL), SBP (mmHg), treated and untreated hypertension, smoking status (yes/no), and diabetes status (yes/no), calculates each participant’s CVD risk score per sex - specific criteria. This score is then translated into a 10 - year CVD risk, expressed as FRS%. Specific scoring details are in Tables 5 - 8 of the reference (13).





Statistical analysis

Data in NHANES were sourced from the items in multiple sections, and inevitably some values are missing. In this study, the missing data issue was tackled via multiple imputation based on random forests. Through multiple samplings and predictions, we got imputed complete datasets, better preserving info, correcting biases, and boosting statistical power. Continuous variables were reported as mean ± standard deviation (SD) using the independent samples T test when they conformed to a normal distribution, and as median (25th-75th percentile) using the Mann-Whitney U test for non-normal distribution. Categorical variables were reported as frequencies and percentages using chi-square and Fisher’s exact tests. Besides, TyG index was divided the into quartile groups to compare their baseline characteristics. One-way analysis of variance (ANOVA), Kruskal-Wallis H test, and chi-square and Fisher’s exact tests were performed.

Univariate and multivariate logistic regression models were developed to investigate the relationship between TyG index and the risk of CVD at continuous and categorical variables. Model 1 was not adjusted for covariates. Model 2 was adjusted for age and sex. Model 3 was adjusted for age, sex, race, education level, marital status, smoking status, and DBP. Model 4 was adjusted for all covariates, including age, sex, race, education level, marital status, smoking status, DBP, TC, HDL-C, LDL-C, albumin, eGFR, uric acid, Hypertension, CKD, antihypertensive drugs. For subgroup analyses, the groups were separated by sex (male/female), BMI (< 24/≥ 24 kg/m2), eGFR (< 90/≥ 90 mL/1.73m2/min), CKD (Yes/No), and Hypertension (Yes/No). Ratio ratios (ORs) of the different strata were compared by interaction testing to determine the presence of an interaction effect. Concurrently, the p-value corresponding to the interaction was computed for statistical examination to investigate the potential moderating impacts of TyG on the CVD risk. Finally, to explore whether there was a potential non-linear relationship between TyG index and the risk of CVD, several restricted cubic spline curve (RCS) regression models were constructed based on the complete adjustment model, and four knots were placed at the 5th, 35th, 65th, and 95th percentiles. In addition, though the same method, the sex-stratified curves separately were graphed to further explore whether sex differences would have an impact on the predictive value of TyG. Linear regression models were employed to assess the association between the Tyg index and the 10 - year CVD risk, as well as to adjust for potential confounding factors. Sensitivity analyses were conducted, adjusting for eGFR<30mL/1.73m2/min, to assess the stability of the results with adjustments for all variables. Mediation analyses were used to investigate whether the relevance of TyG to cardiovascular disease could be explained by glycated hemoglobin after adjusting for factors in Model 4.

The above analyses were performed using SPSS 26.0 and R 4.4.0. Two-tailed P<0.05 was considered statistically significant.






Results




Baseline characteristics of study participants

As is shown in Table 1, a total of 2987 subjects were included in this study with a mean age of 70.17 ± 6.78 years. Among them, 52.2% were male and 47.8% were female, with an overall prevalence of 32.7%. Compared with the non-CVD population, the CVD population had a higher percentage of males, smokers, hypertensive, and taking antihypertensive drugs (P < 0.05). Race, education level, and marital status were statistically significant differences (P < 0.05). In terms of laboratory indicators, CVD patients had higher levels of FBG, TG, TC, LDL-C, and uric acid, and lower levels of HDL-C, albumin, and eGFR (P < 0.05). Notably, the CVD group exhibited a significantly higher TyG index than the non-CVD group (9.01 vs 8.94, P < 0.05).

Table 1 | Baseline characteristics of the CVD and non-CVD groups.


[image: Data table comparing demographic, clinical, and laboratory variables between overall subjects, those with cardiovascular disease (CVD), and without CVD; includes sample sizes, means, percentages, and P values for statistical differences.]
Furthermore, we undertook in - depth explorations within five discrete subgroups of CVD by
implementing a uniform methodological approach. The prevalence rates were as follows: 11.4% for CHF,
14.0% for CHD, 8.1% for angina, 12.8% for myocardial infarction, and 11.1% for stroke. Notably, the TyG index in the CHD group exhibited a significantly higher value compared to that in the non - CHD group (9.05 vs 8.95, P < 0.05). Conversely, no discernible statistical differences were detected among the remaining four groups (Supplementary Tables S1-S5).

To further investigate the correlation between TyG index and CVD, the baseline table with TyG index was charted as quartile groups (Table 2). The risk of CVD prevalence increased as TyG index grew in each group (Q1: 30.2%; Q2: 30.6%; Q3: 32.9%; and Q4: 37.2%). Various factors including age, sex, race, smoking status, CKD, BMI, FBG, HbA1c%, TG, TC, HDL-C, LDL-C, uric acid, and eGFR demonstrated significant differences between the four quartiles of the TyG index (P < 0.05).

Table 2 | Baseline characteristics according to TyG index quartiles.


[image: Data table comparing demographic, clinical, and laboratory variables by quartiles of TyG index in adults, showing statistically significant differences across groups in age, sex, race, smoking status, CKD, lipid levels, hypertension, and cardiovascular disease, as indicated by P values.]




Association between TyG index and the risk of CVD

After performing univariate logistic regression analyses (Table 3), the correlation between TyG index and the risk of CVD can be found through multivariate logistic regression models. The results demonstrated that the higher the TyG index, the higher the risk of CVD in both continuous and categorical variables. In Model 1, the OR for CVD increased with TyG index (OR = 1.235, 95% Cl 1.078-1.414, P = 0.002). In Model 2, age and sex were adjusted (OR = 1.291, 95% Cl 1.124-1.484, P < 0.001), and Model 3 gradually adjusted for more covariates (OR = 1.222, 95% Cl 1.019-1.465, P = 0.030), with all results found to be significant. After adjusting for all covariates, the positive correlation between TyG index and CVD remained consistent (OR = 1.222, 95% Cl 1.016-1.469, P = 0.033), indicating that each unit increased in TyG index was associated with a 22.2% increase in the risk of developing CVD. In the perfectly adjusted model, when the TyG index was divided into quartiles, subjects in the highest quartile group had a significant 48.0% increased risk of CVD compared to the lowest one (OR = 1.480, 95% Cl 1.171-1.871, P = 0.001).

Table 3 | Logistic regression results showing association between the TyG index and CVD.


[image: Table comparing odds ratios (OR), 95 percent confidence intervals (CI), and P-values for TyG continuous and TyG category quartiles Q1 to Q4 across four statistical models with progressive adjustments. Q4 consistently shows significantly higher ORs and lower P-values than Q1, especially in Model 4. Model adjustment details are listed below the table.]




Subgroup analysis

Subgroup analyses and interaction tests were performed for the association of TyG quartile groups with CVD risk in different subgroups (Table 4). The results showed that in the BMI ≥ 24 kg/m2 subgroup (OR 1.433, 95% Cl 1.110-1.851, P = 0.006), in the eGFR < 90 mL/1.73m2/min subgroup (OR 1.543, 95% Cl 1.165-2.042, P = 0.002), and the subgroups without chronic kidney disease (OR 1.505, 95% Cl 1.111 -2.037, P = 0.008), and with hypertension (OR 1.449, 95% Cl 1.122-1.872, P = 0.004), individuals in the highest TyG quartile group presented a higher risk of CVD compared with individuals in the lowest TyG Quartile group. There was a statistically significant interaction among individuals without hypertension in groups Q2 and Q3. Interaction was presented for the BMI subgroup in group Q2 and the CKD subgroup in group Q3, and no significant interaction was found among the remaining subgroups (all P for interaction > 0.05).

Table 4 | Subgroup analysis for the association between the TyG index and the risk of CVD.


[image: Data table showing odds ratios and confidence intervals for subgroups across Q1 to Q4, including sex, BMI, eGFR, chronic kidney disease, and hypertension, with corresponding p-values and interaction p-values for each category.]




RCS analysis

Figure 2A showed a significant nonlinear relationship between the TyG index and CVD risk in the form of a U-shaped curve (with an overall P-value of 0.013, a nonlinear P-value of 0.043, and an inflection point at 8.63). To the left of the inflection point, the TyG index was uncorrelated with CVD risk but positively correlated to the right.

[image: Panel A shows a line graph depicting the nonlinear association between TyG index and odds ratio (OR) with confidence intervals, while panel B compares this association by sex, with males in red and females in blue, demonstrating increasing OR with higher TyG values, and both panels provide P values for overall and nonlinear associations.]
Figure 2 | The restricted cubic spline (RCS) analysis of the association between the TyG index and the risk of CVD. (A) RCS curve of the association between TyG index and CVD risk in the total population; (B) RCS curves of the association between TyG index and CVD risk among males and females. The association was adjusted for age, sex, race, educational level, marital status, smoking status, DBP, TC, HDL-C, LDL-C, albumin, eGFR, uric acid, Hypertension, Hypotensive drugs, Chronic kidney disease.

Figure 2B indicated that the TyG index was nonlinearly associated with CVD risk in both genders, aligning with the pattern in the total population. The inflection points of TyG levels for men and women were 8.61 (nonlinear P = 0.039) and 8.68 (nonlinear P = 0.047), respectively. There was no association to the left of these points, but a positive link existed on the right.





Sensitivity analysis

In Table 5, the stability of the aforesaid research finding were verified s via sensitivity analysis. Considering that severely impaired kidney function may influence the evaluation of the cardiovascular risk in diabetic patients, subjects with eGFR < 30 mL/1.73m2/min were excluded when adjusting confounding factors. Multivariate logistic regression analysis demonstrated that the TyG index was significantly correlated with CVD risk (P < 0.05) both as a continuous and categorical variable in Model 1 and Model 2. In Model 3, a one-unit increase in the TyG index led to a 21.0% rise in CVD risk (OR = 1.210, 95% CI 1.042 - 1.406, P = 0.012). Additionally, the CVD risk in the Q4 group was 1.279 times that of the Q1 group (OR = 1.279, 95% CI 1.010 - 1.619, P = 0.041). In the fully adjusted Model 4, a higher TyG index was still significantly associated with a higher CVD risk (continuous variable: OR = 1.222, 95% CI 1.008 - 1.480, P = 0.041; Q4 vs Q1: OR = 1.436, 95% CI 1.124 - 1.835, P = 0.004), emphasizing the high credibility and robustness of results.

Table 5 | Sensitivity analysis.


[image: Table compares odds ratios and p-values for TyG index and TyG categories across four models with increasing adjustments. Highest odds ratios and significant associations are observed for Q4 in each model. Adjustments include demographics, clinical, and laboratory variables.]




The association of the TyG index with 10 - year risk of CVD

Table 6 demonstrated the associations between the TyG index and 10 - year CVD risk via four distinct linear regression models, incrementally adjusting potential confounding factors. Remarkably, a consistently significant positive correlation emerged. Across all models, the data clearly showed that as the TyG index rose, the 10 - year CVD risk increased substantially. In the fully adjusted Model 4, the corresponding regression coefficients of TyG index were 0.228 (95%CI 0.098 - 0.357, P = 0.001) for 10 - year CVD risk.

Table 6 | Linear regression models of associations between the TyG index and 10-year risk of CVD.


[image: Table comparing four models for ten-year cardiovascular disease risk, displaying beta coefficients with ninety-five percent confidence intervals and p-values. Model one shows beta zero point two four one, confidence interval zero point zero two zero to zero point six four three, p equals zero point zero three three. Model two: beta zero point three three five, interval zero point one four eight to zero point five two one, p less than zero point zero zero one. Model three: beta zero point two eight six, interval zero point one three eight to zero point four three four, p less than zero point zero zero one. Model four: beta zero point two two eight, interval zero point zero nine eight to zero point three five seven, p equals zero point zero zero one. Model descriptions provided below the table.]




Mediation analysis of TyG with CVD risk

Mediation analysis showed that HbA1c mediated the correlation between TyG and the risk of CVD. The percentage of the indirect effect of the correlation between TyG and CVD risk mediated by HbA1c was 12.5% (Supplementary Figure S1).






Discussion

Here, the relationship between TyG index and the risk of CVD in 2987 diabetic patients aged 60 years and above was investigated based on information from the NAHANES database from the period 2007 to 2016. Excitingly, there is a significant nonlinear relationship between the TyG index and CVD, and there seemingly exists a threshold effect. This reveals that both overly high and low TyG values will elevate the CVD risk. Moreover, this study has verified that a pronounced U-shaped association between the TyG index and CVD risk prevails in both genders. The inflection points have been pinpointed as 8.61 for men and 8.68 for women. This implies that in clinical practice, the TyG index can function as a crucial predictor for gauging the CVD occurrence risk in the elderly diabetic population and facilitate the formulation of targeted CVD prevention and personalized treatment strategies.

The TyG index, a new indicator for evaluating insulin resistance, is widely applied in multiple fields, such as the screening of the general population, the management of diabetic patients, and the monitoring of cardiovascular diseases. A longitudinal cohort study showed that the TyG index could serve as a useful indicator for predicting the glycemic conversion outcome in people with prediabetes. This study demonstrated a negative, non - linear link between the TyG index and glucose status conversion from prediabetes to normoglycemia (14). Gao et al., through a cross-sectional study, were the first to discover a positive correlation between the TyG index and impaired cardiovascular fitness among 3,364 non-diabetic young people (15). The study by Zhang et al. observed a positive correlation between the TyG index and both CVD mortality and all - cause mortality in CVD patients with diabetes or pre - diabetes. Specifically, when the TyG index exceeds certain thresholds (8.5 for CVD mortality and 8.2 for all - cause mortality), the risk of death increases significantly (16). A study conducted in Italy showed that, among elderly hypertensive individuals with prediabetes, the TyG index served as a valuable reference for predicting the risks of both cognitive and physical impairments, and even frailty (17). Revealed by Zhao et al.’s research, the TyG index exhibited a positive correlation with the incidence of chest pain and was capable of predicting the all-cause mortality of patients suffering from chest pain (18). Wu et al.’s longitudinal survey of 4,710 middle-aged and elderly people aged over 45 showed that participants with a higher baseline TyG level had a higher incidence of stroke (19). As was demonstrated, the TyG index served as an important predictor and therapeutic target for heart failure (HF) as well, with a positive correlation to the risk of HF (20). In addition, it was indicated by Xue et al.’s research that high clinical value was also possessed by TyG-related parameters in identifying liver diseases closely associated with metabolic disorders, such as non-alcoholic fatty liver disease (NAFLD) and metabolic associated fatty liver disease (MAFLD) (21).

More significantly, the nonlinear association between the TyG index and CVD risk has currently been explored across various populations. A prospective cohort study involving 7,851 subjects observed a U-shaped association between the TyG index and cardiovascular mortality in the general population, with a threshold of 8.7. After exceeding this threshold, a positive correlation between the TyG index and CVD risk was only detected in male subjects (22). Mengjie Zhao et al. also identified this particular U-shaped association among middle-aged and elderly diabetic patients aged 45 and above and concluded that there was a significant correlation between TyG and CVD mortality in men at the TyG > 9 (23). Sangsang Li et al.’s retrospective analysis of 6,078 subjects aged 60 and above also suggested a nonlinear relationship between the TyG index and CVD risk. Conversely, they found that when the TyG value was greater than the threshold (9.53), TyG was a stronger risk factor for CVD in women compared to men (24). Generally, a higher TyG index indicates higher insulin resistance in the body and can trigger a series of pathophysiological reactions such as elevated blood glucose, abnormal increase in triglycerides, and enhanced inflammatory response, thus substantially increasing the risk of CVD (25–27). Meanwhile, individuals with a low TyG level may have an increased CVD risk due to reasons like sympathetic nerve stimulation caused by hypoglycemia (28, 32). However, there is no definite mechanism to explain how gender differences regulate the impact of TyG on CVD risk. Moreover, the results are inconsistent due to variations in sample size, follow-up duration, and target populations. It has been reported that it may be related to the protective effect of sex steroid hormones, especially estrogen, in women (30). Therefore, it is of significant clinical importance to explore the impact of the TyG index on CVD risk and determine its threshold, especially in the elderly diabetic population, as it can help reduce the occurrence risk of CVD to some extent.

Furthermore, according to our subgroup analysis, this study reveals the correlations of the TyG index among the populations with cardiovascular comorbidities or other pathologies, including overweight, renal impairment, and the presence or absence of CKD or hypertension. The strong associations remain even after adjusting for confounding factors, suggesting that the findings are applicable to most people. It emphasizes that the TyG index can serve as a valuable marker for assessing cardiovascular risks in diverse populations, consistent with other studies. A longitudinal study by Xin et al. with 15,056 physical examinees as samples and a 12-year follow-up found that the trajectories of participants whose TyG indices showed “moderate increasing” and “high stable” were closely related to the risk of hypertension (31). A cohort study of 6,114 Chinese aged 45 years or older by Ye Zixiang et al. showed that increased TyG index enhanced the association between diabetes and CVD in middle-aged and older adults (32). Their subgroup analysis found that subjects with concomitant hypertension had an increased CVD risk, consistent with the results of this study. Delightfully, Wanlu Su precisely confirmed this in a prospective observational study of 4,434 people with diabetes complicated by hypertension, stating that those with higher TyG index levels were more likely to have increased incidences of T2DM-HTN comorbidities (33). This may imply that the metabolic pathways of hypertension and the TyG index interact with each other and cause synergistic damage to the cardiovascular system (28, 29). Mengjie Zhao et al. noted a significant positive correlation between the TyG index and CVD risk in the subgroup with BMI ≥ 25 kg/m2, which is also concluded in this study (34). This fully demonstrates that high BMI may lead to increased insulin resistance and abnormal fat metabolism, thus affecting the TyG level. Conversely, a high TyG index indicates abnormal glucose and lipid metabolism in the body, prompting abnormal fat accumulation and resulting in high BMI. The interaction between the two significantly increases an individual’s risk of CVD. Cancan Cui et al. illustrated in a prospective cohort study of 6496 subjects, through stratified analysis, that in diabetic patients, the combination of a higher TyG index and a lower eGFR level (eGFR < 60 mL/1.73m2/min) was associated with the risk of cardiovascular disease, consistent with this study (34). Therefore, it can be speculated that renal impairment can significantly mediate the association between the TyG index and cardiovascular risk. This may be related to the renal metabolic feedback mechanism. In CKD patients, the kidney’s clearance ability for substances decreases, leading to elevated levels of triglycerides and glucose in the blood. Meanwhile, persistently high TyG index may lead to renal microangiopathy, which further impairs renal function (35). In summary, understanding the interactions between TyG and hypertension, BMI, and CKD helps to stratify patients’ risks more precisely, comprehensively assess the risks of adverse events such as cardiovascular diseases and kidney disease progression, and provide effective treatment strategies to control the conditions, thereby alleviating the progression of kidney diseases and preventing cardiovascular complications (36–39). This also means that the TyG index can be a powerful predictor of the risk of cardiovascular diseases in elderly diabetic patients.

Although most studies and ours have consistently confirmed the correlation between TyG and CVD, the mechanisms involved require further discussion. Presently, the published papers unanimously agree on the following mechanisms: (1) The body’s sensitivity to insulin is reduced, causing chronic hyperglycemia, which induces chronic fibrosis of myocardial tissue and myocardial remodeling, leading to the development of cardiovascular disease (32); (2) Hyperinsulinemia makes fat ineffectively used, causing dyslipidemia (33), exacerbating inflammatory responses and oxidative stress, producing lipotoxicity in the heart, damaging endothelial cells and vascular function (34), and even causing heart failure (34); (3) At the same time, the inflammatory response will increase platelet aggregation, promote thrombosis and hypercoagulable state of the body (35), cause atherosclerotic dyslipidemia (36), and further deterioration of cardiovascular disease; (4) Elevated insulin levels help to excite the sympathetic nervous system, resulting in increased adrenaline secretion, higher blood pressure, renal sodium storage, and increased cardiac load, leading to cardiovascular and renal damage (37, 38); (5) Furthermore, insulin resistance may promote the development and progression of cardiovascular diseases through subclinical conditions (39); (6) Favorable insulin sensitivity is conducive to the maintenance of normal glycometabolism, attenuates the adverse effects of hyperglycemia on the cardiovascular system, confers a protective function on the cardiovascular apparatus, and mitigates myocardial damage (34, 40); and (7) Potential confounding factors not included in the study may also influence the relationship between TyG and CVD risk. Individuals who follow a high-sugar and high-fat diet for a long time are prone to obesity and abnormal blood glucose and lipid levels, directly elevating the TyG index (41, 42). Regular exercise can improve insulin sensitivity, reduce the TyG index, and simultaneously enhance cardiovascular function and lower CVD risk (43). Constraints like financial difficulties can lead to inadequate preventive care and may also affect the CVD risk in the diabetic population (44).

Despite the meaningful findings of our study, some limitations remain unavoidable: (1) This is a retrospective observational study without prospective design and interventions, thus the causal association between TyG and CVD cannot be confirmed, which needs further exploration; (2) The data in this study were obtained from NHANES Epidemiological Survey, and the subjects were generally healthy community population, which was different from clinical data, and most of them may have HDL-C in normal range. Therefore, further validation of hospital cohort data is still needed before clinical application; (3) As mentioned above, NHANES, as a multiple sampling design, needs to be reweighted if it is intended to be representative of the U.S. population as a whole. However, in our study, we did not perform any data adjustments because we were analyzing in deeper subgroups and adjusting the weights could have missed some important effects, which also means that our findings may not be sustainable for the entire U.S. population; (4) Although this study included as many variables as it could and adjustment for confounders was made wherever possible in the regression analyses, potential confounders, such as genetic susceptibility, genetic variation, dietary and environmental factors and mental health and social factors, were still unavoidable; (5) Finally, the diagnoses of diabetes and CVD partly relied on NHANES participants’ recall during interviews, causing recall bias. When assessing the TyG-CVD relationship, patients may misremember onset time, treatment, or lifestyle changes, distorting the true link. Individual differences in memory and attention levels are large. High-stress individuals often recall inaccurately due to overlooking details, making the results uncertain; (6) The cross-sectional nature of NHANES data may affect the results. It is unclear whether TyG fluctuations precede or follow the latent changes of CVD, making it difficult to prove causality. Also, it is hard to capture the short-term impacts of seasons and sudden incidents. Geographically, metabolic fluctuation patterns vary among populations in regions with different climates and social rhythms. Thus, the results cannot align with the actual TyG-CVD dynamics everywhere, weakening their generalizability; and (7) The lack of external validation is a key constraint. Future studies need to replicate these findings in independent cohorts to confirm the robustness of the conclusions.





Conclusions

There is an independent correlation between TyG index and cardiovascular disease in elderly diabetic subjects. TyG index can be introduced into the routine screening and management of elderly diabetic patients for early detection, diagnosis, and treatment. In clinical practice, physicians can stratify the risk of CVD for elderly diabetic patients based on the relationship between the TyG index and CVD. For patients whose TyG index is close to or exceeds the inflection point value, the risk of CVD occurrence should be monitored more closely, and proactive intervention measures should be taken. Additionally, it is advisable to combine the TyG index with other CVD risk factors such as age, blood pressure, blood lipids, blood glucose control status, and lifestyle to construct a more accurate CVD risk prediction model. This will enhance the predictive ability for CVD occurrence in the elderly diabetic population, thereby quickly and effectively reducing the impact of the TyG index on CVD and decreasing the morbidity and mortality of CVD.
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Objective

We aimed to evaluate and compare the efficacy and safety of three antidiabetic drug classes—SGLT2 inhibitors, GLP-1 receptor agonists, and sulfonylureas—in patients with type 2 diabetes mellitus (T2DM) complicated by heart failure (HF). We focused on their differential effects on both cardiovascular outcomes (e.g., heart failure biomarkers and cardiac function) and metabolic outcomes (e.g., glycemic control and body weight), aiming to determine whether the newer agents offer superior cardiometabolic benefits. A network meta-analysis was conducted to integrate available evidence and compare all interventions simultaneously.





Methods

A comprehensive literature search was performed in PubMed, EMBASE, and the Cochrane Library. encompassing all available records up to December 10, 2024. Fourteen RCTs were included. A Bayesian network meta-analysis was utilized to integrate direct and indirect evidence, facilitating a comparative ranking of various SGLT2 inhibitors—canagliflozin (CANA), ipragliflozin (IPRA), empagliflozin (EMPA), remogliflozin (REMO), licogliflozin (LICO), and dapagliflozin (DAPA)—as well as one GLP-1 receptor agonist—semaglutide (SEMA)—and a sulfonylurea—glimepiride (GLIM)—with respect to their efficacy and safety profiles.





Results

SEMA (SMD = –0.22, 95% CI: –1.31 to 0.87) demonstrated the most favorable outcome in reducing BNP levels. LICO (SMD = –0.91, 95% CI: –1.76 to –0.06) ranked highest for body weight reduction, indicating the greatest impact. GLIM (SMD = –0.64, 95% CI: –1.12 to –0.17) showed the strongest effect on lowering HbA1c, while DAPA (SMD = 0.34, 95% CI: –0.97 to 1.65) was the top-ranked agent for improving LVEF. Safety analysis indicated that LICO and IPRA had the lowest incidence of adverse events. GLIM was associated with an increased risk of hypoglycemia, whereas DAPA was linked to a higher risk of urinary tract infections.





Conclusion

SEMA significantly improves both metabolic control and BNP levels, making it suitable for patients requiring comprehensive management of metabolic abnormalities and heart failure. LICO offers a distinct advantage in weight management, particularly benefiting individuals with obesity. DAPA demonstrates notable efficacy in optimizing HbA1c and LVEF, making it a preferred option for patients needing more intensive cardiac support. Despite its moderate efficacy, GLIM remains a viable choice for certain patients due to its favorable safety profile and cost-effectiveness. Collectively, these findings provide essential evidence-based insights to guide individualized therapeutic strategies in type 2 diabetes complicated by heart failure.





Keywords: type 2 diabetes with heart failure, SGLT2 inhibitors, GLP-1 receptor agonists, efficacy and safety, network meta-analysis




1 Introduction

Heart failure (HF) is among the most prevalent and fatal cardiovascular diseases worldwide, affecting an estimated 64.3 million individuals globally (1). The five-year mortality rate for HF patients can reach up to 50%, underscoring its significance as a primary clinical concern (2). Diabetes mellitus is a prevalent comorbidity in heart failure, affecting approximately 40% of patients with heart failure with reduced ejection fraction (HFrEF) and 45% of those with heart failure with preserved ejection fraction (HFpEF) (3). This association is largely due to hyperglycemia-induced metabolic disturbances such as oxidative stress, endothelial dysfunction, and advanced glycation end product accumulation, all of which contribute to cardiomyocyte injury and ventricular remodeling (4). Consequently, managing diabetes in patients with heart failure presents a complex and critical challenge, necessitating therapeutic agents that can simultaneously enhance both cardiac function and metabolic status. Current pharmacotherapies for heart failure include angiotensin-converting enzyme inhibitors (ACEIs), angiotensin II type 1 receptor blockers (ARBs), β-blockers, mineralocorticoid receptor antagonists (MRAs), and angiotensin receptor-neprilysin inhibitors (ARNIs) such as sacubitril/valsartan (5). However, these standard therapies present limitations for heart failure patients with concurrent diabetes. For instance, conventional hypoglycemic agents, including sulfonylureas, have been linked to an elevated risk of heart failure in certain studies (6). Therefore, there is a need to develop comprehensive therapeutic strategies with enhanced cardiovascular protective effects. Novel agents, such as sodium–glucose cotransporter-2 (SGLT2) inhibitors and glucagon-like peptide-1 (GLP-1) receptor agonists, are considered to provide potential benefits for patients with heart failure due to their unique mechanisms of action (7). SGLT2 inhibitors lower blood glucose levels and reduce blood volume by inhibiting the reabsorption of glucose and sodium in the renal tubules. Studies have demonstrated that they can significantly decrease hospitalization rates for heart failure and all-cause mortality. In addition, they improve myocardial energy metabolism, enhance diuresis and natriuresis, and exhibit anti-inflammatory and anti-fibrotic effects, collectively reducing cardiac preload and afterload (8). GLP-1 receptor agonists, including liraglutide and semaglutide, regulate blood glucose levels by enhancing insulin secretion, suppressing glucagon release, and delaying gastric emptying (9, 10). Furthermore, they provide additional cardiometabolic benefits, including reductions in body weight and improvements in blood pressure and lipid profiles. Emerging evidence also supports their antioxidative and anti-inflammatory effects on the vascular endothelium, which may contribute to attenuating atherosclerosis and improving cardiac outcomes (4).

Despite existing studies demonstrating some benefits of SGLT2 inhibitors and GLP-1 receptor agonists in patients with heart failure, most randomized controlled trials (RCTs) have been limited to comparisons of single or a few medications, lacking comprehensive evaluations across multiple drug classes.

To address this evidence gap, we performed a Bayesian network meta-analysis to compare the efficacy and safety of SGLT2 inhibitors, GLP-1 receptor agonists, and sulfonylureas in patients with T2DM and HF. This method allows for the integration of both direct and indirect comparisons across multiple therapies, and provides probabilistic rankings that are particularly valuable for clinical decision-making.

We hypothesized that SGLT2 inhibitors and GLP-1 receptor agonists would demonstrate superior cardiometabolic outcomes compared to sulfonylureas in patients with T2DM and HF.




2 Materials and methods

This network meta-analysis (NMA) was conducted in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension statement for network meta-analyses (Supplementary Table 1). Given the limited availability of direct head-to-head randomized controlled trials (RCTs) comparing different drug classes in patients with type 2 diabetes mellitus (T2DM) and heart failure (HF),a Bayesian network meta-analysis framework was adopted to integrate both direct and indirect evidence across a connected network of interventions. This method enables the estimation of relative treatment effects and treatment rankings even when direct comparisons are sparse or unavailable. Compared to conventional pairwise meta-analysis, the Bayesian approach offers greater flexibility in modeling multi-arm comparisons, incorporates prior distributions, and provides probabilistic statements regarding the likelihood of each treatment being optimal. This analytic strategy is particularly suitable for decision-making involving multiple competing treatments, such as the three drug classes under investigation. Accordingly, we applied this approach to estimate and compare the relative efficacy and safety of SGLT2 inhibitors, GLP-1 receptor agonists, and sulfonylureas. To ensure transparency, reliability, and novelty, the study protocol was registered in the Prospective Register of Systematic Reviews (CRD42025630552).



2.1 Data sources and search strategy

A systematic literature search was performed in PubMed, EMBASE, and the Cochrane Library. The search terms included “heart failure,” “cardiac failure,” “myocardial failure,” “heart decompensation,” “randomized clinical trial,” “RCT,” “type 2 diabetes mellitus,” “T2DM,” “non-insulin dependent diabetes,” “type 2 diabetes,” “maturity onset diabetes,” “noninsulin dependent diabetes mellitus,” “adult-onset diabetes mellitus,” and “ketosis-resistant diabetes mellitus.” The search period spanned from the inception of each database up to December 10, 2024. The search strategy employed a combination of free-text terms and controlled vocabulary, with no restrictions on language.




2.2 Selection criteria

Inclusion Criteria

(1)RCTs: Studies involving adult patients with a confirmed diagnosis of T2DM and concurrent HF.(2)Interventions: RCTs evaluating monotherapy or combination therapy with SGLT2 inhibitors, GLP-1 receptor agonists, or sulfonylureas.(3)Comparators: RCTs comparing the specified interventions with placebo, SOC, or other pharmacological treatments.(4)Outcome Measures: RCTs reporting at least one of the following outcomes, BNP Levels: Changes in brain natriuretic peptide (BNP) concentrations or other related biomarkers. Body Weight: Alterations in body weight or weight-related metrics. Glycated Hemoglobin (HbA1c): Changes in HbA1c levels. Left Ventricular Ejection Fraction (LVEF): Modifications in LVEF. Common Adverse Events: Incidence of mild to moderate adverse events, including but not limited to headache, nausea, diarrhea, and hypoglycemia.

Exclusion Criteria:

(1)Non-Randomized Studies: Observational studies, retrospective studies, and other non-RCT designs.(2)Multiple Phases: RCTs investigating different stages of the same patient cohort.(3)Ineligible Interventions: Studies involving medications outside the specified classes (i.e., non-SGLT2 inhibitors, non-GLP-1 receptor agonists, or non-sulfonylurea drugs).(4)Unclear Outcomes: RCTs that do not clearly define or report the specified outcome measures.(5)Non-Original Research: Reviews, case reports, and other studies that do not present original data. This structured approach ensures the inclusion of high-quality evidence relevant to the comparative efficacy and safety of SGLT2 inhibitors, GLP-1 receptor agonists, and sulfonylureas in managing patients with T2DM and HF, while excluding studies that do not meet the rigorous standards necessary for a robust network meta-analysis.




2.3 Data extraction and quality assessment

Three researchers independently extracted data from the RCTs in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines. In instances of discrepancies, a fourth author was consulted to achieve consensus. The extracted data from each study encompassed the first author’s name, sample size, year of publication, randomization method, median age in both the intervention and control groups, gender distribution within each group, and the treatment regimens administered to the intervention and control cohorts.

The quality of the included RCTs was evaluated using the Cochrane Risk of Bias Tool (Version 2.0). This instrument assesses five domains:(1)Risk of bias arising from the randomization process (2)Risk of bias due to deviations from intended interventions (3)Risk of bias from missing outcome data (4)Risk of bias in the measurement of the outcome (5)Risk of bias in the selection of the reported result.

Each RCT was assigned a risk level of low, high, or “some concerns” for each domain. This thorough quality assessment ensures the reliability and validity of the findings obtained from the network meta-analysis.




2.4 Statistical analysis

Bayesian network meta-analyses were performed using Stata 17.0. For dichotomous outcomes, odds ratios (ORs) were utilized as the effect size metric, whereas continuous outcomes were expressed as mean differences (MDs) with corresponding 95% confidence intervals (CIs). When continuous variables were assessed using different units, standardized mean differences (SMDs) were calculated to reduce heterogeneity.

In constructing the network evidence diagrams, the size of each node represented the sample size of the respective intervention, and the thickness of the connecting lines indicated the number of RCTs comparing the two interventions. For networks exhibiting an open-loop structure, a consistency model was applied. In contrast, for closed-loop structures, inconsistency tests were conducted to evaluate the coherence of outcome measures. A p-value greater than 0.05 suggested satisfactory consistency between direct and indirect evidence, thereby justifying the use of a consistency model.

Although the overall inconsistency tests yielded p ≥ 0.05, suggesting acceptable coherence, subgroup analyses and meta-regression were not feasible due to the limited number of included studies with stratified subgroups (e.g., HFrEF vs. HFpEF).

This limitation was acknowledged, and caution was taken when interpreting potential heterogeneity across treatment classes.

Subsequently, cumulative probability ranking plots were generated based on the surface under the cumulative ranking (SUCRA) values to determine the most efficacious treatment regimen. For networks with closed-loop structures, loop-specific inconsistency tests were implemented to assess the consistency within each loop. A 95% confidence interval for the inconsistency factor that included zero indicated good concordance between direct and indirect evidence.

Finally, comparison-adjusted funnel plots were employed to assess potential publication bias and the presence of small-study effects. Visual inspection and symmetry of funnel plots were used to evaluate the likelihood of reporting bias.





3 Results



3.1 Systematic review and characteristics of the included studies

The initial literature search yielded a total of 5,875 records from the databases. After screening abstracts to eliminate duplicates and irrelevant studies, 379 articles were deemed eligible for full-text review. Ultimately, 14 (11–24) studies met our inclusion criteria (Figure 1).

[image: Flowchart showing identification through inclusion of studies in a review. Starting from 9895 records, after removing duplicates and exclusions for topic, study type, and eligibility, 14 randomized controlled trials were included.]
Figure 1 | PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram for selection and inclusion of the studies via databases. Latest search date: Dec, 2024.

This analysis included 6,931 patients who were randomly assigned to receive one of the following treatment regimens: canagliflozin (CANA), ipragliflozin (IPRA), empagliflozin (EMPA), remogliflozin (REMO), licogliflozin (LICO), semaglutide (SEMA), dapagliflozin (DAPA), or standard of care (SOC). The control groups comprised glimepiride (GLIM) and other conventional treatments. Detailed information for all included studies is provided in Table 1. Quality assessment was conducted using the Cochrane Risk of Bias Tool (ROB 2.0). Among the 14 studies evaluated, 10 were assessed as having a low overall risk of bias, while 4 were categorized as having “some concerns.” Detailed quality assessment results are presented in Figure 2.

Table 1 | Baseline characteristics of studies included in the network meta-analysis.


[image: Table summarizing randomized clinical trials of diabetes treatments by first author, sample size, year, median ages, gender ratios, intervention arms, and control arms. Interventions include SGLT2 inhibitors, GLP1 agonists, and other therapies, compared against placebo or standard treatments.]
[image: Risk of bias summary table for fourteen studies and six domains: green represents low risk, yellow indicates some concerns, and red denotes high risk. Most studies show low risk; a few have some concerns or high risk in certain domains. Legend at right explains color meanings.]
Figure 2 | Detailed quality assessment results.




3.2 Network meta-analyses



3.2.1 BNP outcome

Nine studies reported changes in BNP levels, encompassing eight different treatment modalities within the network meta-analysis. The network diagram illustrating the various drug interventions for the included subjects is presented in Figure 3A. The BNP network formed a closed loop. An inconsistency test of the overall network yielded a p-value ≥ 0.05, indicating no significant inconsistency; therefore, a consistency model was utilized for the analysis. Loop-specific inconsistency tests revealed that the 95% confidence intervals included zero and that the inconsistency factors were minimal, suggesting good homogeneity. Ultimately, both direct and indirect comparisons demonstrated consistent results.

[image: Four network diagrams labeled A, B, C, and D display connections among pharmaceutical abbreviations including SOC, EMPA, CANA, DAPA, LICO, GLIM, SEMA, REMO, and IPRA. Each diagram uses blue circles and grey connecting lines of varying thickness to represent network strength and connections between these nodes.]
Figure 3 | Network diagrams illustrating different drug interventions for the included subjects: (A) BNP network diagram. (B) Body weight network diagram.(C) HbA1c network diagram.(D) LVEF network diagram.

SEMA (SMD = –0.22, 95% CI: –1.31 to 0.87) and CANA (SMD = –0.04, 95% CI: –1.20 to 1.12) showed some efficacy in improving BNP levels compared to SOC, although these differences were not statistically significant. CANA exhibited a slight advantage over SOC; however, this difference did not reach statistical significance. GLIM (SMD = 0.74, 95% CI: –0.59 to 2.07) did not demonstrate any benefit compared to SOC. Details are provided in Figures 3A, 4A.

[image: Comparative network meta-analysis chart with three labeled panels: A for weight and BNP, B for left ventricular ejection fraction (LVEF) and HbA1c, and C for adverse reaction. Each matrix displays pairwise comparisons of multiple interventions such as CANA, SOC, EMPA, DAPA, SEMA, LICO, and others, showing mean differences with confidence intervals; treatments are color-coded and ranked with dots and labeled ranks for each outcome.]
Figure 4 | Rankograms illustrating comparative efficacy and safety of different medications across various outcome measures based on Bayesian network meta-analysis. (A) SMD and 95% CI for BNP (yellow lower triangle region) and body weight (blue upper triangle region). (B) SMD and 95% CI for HbA1c and LVEF. An SMD < 0.00 indicates a better survival benefit. (C) OR and 95% CI for Adverse Drug Reactions (ADRs).Note: SMD < 0.00 signifies a more favorable outcome in terms of survival benefits. OR < 1.00 signifies a reduced risk of adverse drug reactions, indicating better safety profiles.




3.2.2 Permission to reuse and copyright

Six studies reported changes in body weight, encompassing six distinct treatment modalities within the network meta-analysis. The network diagram illustrating the various drug interventions among the included subjects is presented in Figure 3B. The body weight network formed a closed loop. An inconsistency test of the overall network yielded a p-value ≥ 0.05, indicating no significant inconsistency; therefore, a consistency model was employed for the analysis. Loop-specific inconsistency tests revealed that the 95% confidence intervals included zero and that the inconsistency factors were minimal, suggesting good homogeneity. Consequently, both direct and indirect comparisons demonstrated consistent results.

LICO (SMD = –0.91, 95% CI: –1.76 to –0.06) and SEMA (SMD = –0.52, 95% CI: –1.01 to –0.03) showed efficacy in reducing body weight compared to SOC, with LICO reaching statistical significance. CANA (SMD = 0.09, 95% CI: –0.71 to 0.89) did not demonstrate any significant advantage over SOC in terms of body weight reduction.




3.2.3 Glycated hemoglobin outcome 

Five studies reported changes in HbA1c levels, encompassing six distinct treatment modalities within the network meta-analysis. The network diagram illustrating the various drug interventions among the included subjects is presented in Figure 3C. The HbA1c network formed a closed loop. An inconsistency test of the overall network yielded a p-value ≥ 0.05, indicating no significant inconsistency; therefore, a consistency model was employed for the analysis. Loop-specific inconsistency tests revealed that the 95% confidence intervals included zero and that the inconsistency factors were minimal, suggesting good homogeneity. Consequently, both direct and indirect comparisons demonstrated consistent results.

GLIM (SMD = –0.64, 95% CI: –1.12 to –0.17) and DAPA (SMD = –0.60, 95% CI: –1.11 to –0.08) showed significant advantages in improving HbA1c levels compared to SOC. Additionally, GLIM (SMD = –0.30, 95% CI: –0.48 to –0.11) also demonstrated a significant advantage over CANA. Details are provided in Figures 3C, 4B.




3.2.4 Left ventricular ejection fraction outcome

Three studies reported changes in left ventricular ejection fraction (LVEF) levels, encompassing three distinct treatment modalities within the network meta-analysis. The network diagram illustrating the various drug interventions among the included studies is presented in Figure 3D. The LVEF network formed an open loop; therefore, a consistency model was employed.

DAPA (SMD = 0.34, 95% CI: –0.97 to 1.65) demonstrated the best performance among all treatment regimens, although the difference compared to SOC did not reach statistical significance. Furthermore, other treatment regimens did not show significant improvements in LVEF when compared with SOC or with each other, with no statistically significant differences observed. Details are provided in Figures 3D, 4B.




3.2.5 Safety and toxicity

The incidence of adverse reactions varied among the different treatment regimens, with statistically significant differences observed in the following comparisons: IPRA versus SEMA (OR = 0.26, 95% CI: 0.09–0.80), SEMA versus GLIM (OR = 0.46, 95% CI: 0.28–0.75), and GLIM versus SOC (OR = 0.67, 95% CI: 0.18–2.44). These findings indicate that IPRA is associated with a significantly lower incidence of adverse reactions compared to SEMA, while SEMA exhibits a significantly lower risk of adverse reactions compared to GLIM. Additionally, no statistically significant differences were observed between SOC and SOTA (OR = 0.49, 95% CI: 0.19–1.61) and between DAPA and EMPA (OR = 0.55, 95% CI: 0.06–5.16). No new safety concerns were identified in the included studies.

Common adverse events included hypoglycemia, urinary tract infections, gastrointestinal reactions, and hypotension (Figure 5). Details are provided in Figure 4C.

[image: Bubble chart on the left compares five drugs (GLIM, DAPA, EMPA, SOTA, LICO) against seven adverse events, with bubble size indicating event frequency. Box plot on the right displays the distribution and outliers of these adverse events, labeled on the x-axis. Both visualizations use distinct colors for comparison.]
Figure 5 | Safety profiles of various treatment regimens: Based on the results from the bubble plots and box plots, GLIM was found to be the most likely to induce hypoglycemia. DAPA and standard of therapy A (SOTA) were associated with an increased risk of urinary tract infections, whereas EMPA primarily manifested gastrointestinal reactions and a tendency towards hypotension. In contrast, LICO and IPRA exhibited relatively lower overall rates of adverse events, indicating a higher safety profile. However, the safety of DAPA and EMPA still requires further attention.





3.4 Rank analysis



3.4.1 BNP outcome

Bayesian ranking analysis (Figure 6) revealed that SEMA is most likely to achieve the highest rank in improving BNP levels, with a cumulative probability of 31.3%, thereby demonstrating superior performance among the evaluated treatments. CANA follows with a 22.9% probability of attaining the top rank, while IPRA ranks third at 17.5%. LICO exhibits lower efficacy in BNP improvement, with only a 3.2% likelihood of securing the highest position. In contrast, GLIM performs the poorest, showing a 46.1% probability of being ranked last among all treatment options, indicating the least favorable outcome in BNP.

[image: Grouped line charts display cumulative probabilities by rank for eight treatments: CANA, EMPA, GLIM, IPRA, LICO, REMO, SEMA, and SOC. Each panel shows a steadily increasing cumulative probability curve across ranks one to eight.]
Figure 6 | Bayesian rankogram illustrating the efficacy of different medications on BNP levels in patients.




3.4.2 Body weight outcome

Bayesian ranking analysis (Figure 7) revealed that LICO is most likely to achieve the highest rank in improving body weight, with a cumulative probability of 70.9%, demonstrating the most significant effect among the evaluated treatments. SEMA follows, ranking second with a 17.3% probability of attaining the top position. DAPA (7.0%), EMPA (2.7%), and CANA (2.1%) exhibit lower probabilities of securing the first rank, while SOC shows no likelihood of ranking first (0.0%).

[image: Six line graphs titled CANA, DAPA, EMPA, LICO, SEMA, and SOC compare cumulative probabilities across ranks one to six, illustrating probability trends for each treatment. X-axis represents rank, y-axis cumulative probabilities.]
Figure 7 | Bayesian rankogram illustrating the efficacy of different medications on body weight outcomes in patients.

In terms of the worst rankings, CANA performs the least favorably, with a 44.9% probability of being ranked last. In contrast, LICO and SEMA have minimal probabilities of occupying the lowest ranks, at only 0.3% and 0.6%, respectively. These findings further underscore the favorable efficacy and safety profiles of LICO and SEMA in managing body weight among patients with T2DM and HF.




3.4.3 Glycated Hemoglobin outcome

Bayesian ranking analysis (Figure 8) indicated that GLIM is most likely to achieve the highest rank in improving HbA1c levels, with a cumulative probability of 43.2%, thereby demonstrating the best performance among the evaluated treatments. DAPA closely follows, with a 36.1% probability of attaining the top rank, while LICO ranks third with a 14.5% probability. CANA and SOC were the least effective in improving HbA1c, each exhibiting a 0.0% probability of securing the first rank.

[image: Six line graphs compare cumulative probabilities versus rank for treatments labeled CANA, DAPA, EMPA, GLIM, LICO, and SOC. Most treatments increase steadily, GLIM rises quickly, while SOC remains flat until rank six.]
Figure 8 | Bayesian rankogram illustrating the efficacy of different medications on HbA1c outcomes in patients.

Regarding the worst rankings, SOC displayed the most unfavorable performance, with an 81.1% probability of being ranked last. In contrast, GLIM showed no likelihood of being the worst performer (0.0%), underscoring its consistent efficacy in improving HbA1c levels.




3.4.4 Left ventricular ejection fraction outcome

Bayesian ranking analysis (Figure 9) revealed that DAPA demonstrated the most significant improvement in LVEF, achieving the highest probability of ranking first with a cumulative probability of 68.0%. IPRA ranked second, possessing a 29.2% probability of attaining the top position. In contrast, SOC exhibited the poorest performance, with only a 2.8% probability of ranking first and a substantial 58.2% probability of being ranked last. These findings highlight SOC’s inferior efficacy in enhancing LVEF compared to the other treatment options.

[image: Three line graphs display cumulative probabilities by rank for three treatments: DAPA, IPRA, and SOC. DAPA starts highest, SOC starts lowest. All three curves increase stepwise to reach one by rank three.]
Figure 9 | Bayesian rankogram illustrating the efficacy of different medications on LVEF outcomes in patients.




3.4.5 Adverse event incidence analysis

Bayesian ranking analysis (Figure 10) demonstrated that LICO exhibited the highest efficacy in controlling adverse events, with a 69.1% probability of ranking first. This indicates an exceptionally low risk of adverse event occurrence for LICO. IPRA followed with a 20.9% probability of attaining the top rank. In contrast, DAPA (41.9%) and EMPA (51.2%) showed higher probabilities of being ranked worst, reflecting a greater incidence of adverse events. Additionally, SOC and SOTA were present in the lower rankings, with SOC at 0.4% and SOTA at 2.6%. However, their performance was relatively better compared to DAPA and EMPA.

[image: Nine line charts display cumulative probabilities (y-axis) versus rank (x-axis) for treatments CANA, DAPA, EMPA, GLIM, IPRA, LICO, SEMA, SOC, and SOTA. Each graph shows a different probability curve pattern, illustrating variation by treatment.]
Figure 10 | Bayesian rankogram illustrating the safety of different medications used in patients.




3.4.6 Publication bias

Funnel plots were generated for BNP, body weight, HbA1c, and drug safety outcomes to assess the presence of publication bias(Figure 11). The results demonstrated a symmetrical distribution of study points without any scattered outliers, indicating a minimal likelihood of publication bias in this study.

[image: Four-panel figure displaying funnel plots labeled A, B, C, and D, each showing standard error of effect size versus effect size centered at the comparison-specific pooled effect. Different colored dots represent various drug comparisons, as explained in each panel's legend. Solid vertical red and dashed black lines indicate reference axes; some panels include fitted regression lines. Plots assess publication bias across drug comparisons.]
Figure 11 | Funnel plots for patients using various medications. (A) BNP funnel plot; (B) Body weight funnel plot; (C) HbA1c funnel plot; (D) Drug safety funnel plot.






4 Discussion

This study is the first to systematically integrate three distinct classes of drugs—SGLT2 inhibitors, GLP-1 receptor agonists, and sulfonylureas—and compare their efficacy and safety in patients with T2DM and heart failure through a network meta-analysis. Unlike previous randomized controlled trials or traditional meta-analyses, our research consolidates multiple direct and indirect sources of evidence, providing a comprehensive therapeutic evaluation for this complex patient population. The results suggest that SEMA may be associated with improvements in BNP levels and body weight; however, these findings were not consistently statistically significant across comparisons, and should be interpreted as indicative trends rather than definitive effects. This suggests potential utility for patients needing both metabolic and cardiac support, but additional comparative trials are warranted to establish clinical superiority. Our findings are consistent with the meta-analysis by Barbagelata, which also confirmed the positive effects of SEMA on BNP reduction and weight improvement (25). However, this analysis included only six randomized controlled trials (RCTs), primarily comparing SEMA with placebo, and did not encompass drugs with other mechanisms of action. Additionally, Kristensen’s meta-analysis further supports that semaglutide significantly reduces BNP levels and body weight (26). However, this analysis included only six RCTs, primarily comparing SEMA with placebo, and did not encompass drugs with other mechanisms of action. Additionally, Kristensen’s meta-analysis further supports that semaglutide significantly reduces BNP levels and body weight. By incorporating additional drug classes such as SGLT2 inhibitors and sulfonylureas, our analysis extends the comparative framework and validates SEMA’s effects across a broader therapeutic landscape. It further validated the advantages of SEMA across multiple outcomes, addressing the limitations of existing research.

LICO ranked first in body weight improvement, demonstrating its unique role in metabolic control, particularly suitable for patients with T2DM and heart failure who are also obese. Our findings are consistent with Cheong’s meta-analysis, which confirmed the significant effect of LICO in weight management and highlighted the potential advantages of combined SGLT1/SGLT2 inhibition in reducing body weight (27). However, this study did not directly compare LICO with GLP-1 receptor agonists or other medications that operate through different mechanisms of action.

Furthermore, the results of this study are consistent with those of Teo’s meta-analysis, which also demonstrated a significant effect of LICO in weight management. However, Teo’s study primarily focused on comparisons with placebo or other single SGLT2 inhibitors, without including medications with different mechanisms of action (28). This limitation is addressed in our study by incorporating a broader range of medications and more comprehensive outcome measures, thereby expanding the potential application value of LICO in weight management and metabolic improvement. Finally, Zaki’s meta-analysis further confirmed the dose-dependent effect of LICO in weight management, particularly at higher doses (150 mg once daily), where weight reduction was most significant (–4.20 kg) (29). However, the current study did not encompass a comprehensive comparison of LICO with other medications that operate through different mechanisms of action. In contrast, our study provides broader clinical evidence support through a multi-drug comparative analysis.

DAPA was associated with the highest probability of improving LVEF in Bayesian ranking analysis. However, However, the credible intervals crossed the null line, indicating no statistical significance; thus, this should be interpreted as a potential trend rather than a confirmed therapeutic advantage. These findings may reflect underlying hemodynamic and metabolic effects of DAPA, although further head-to-head trials are needed to confirm its superiority. Our findings are consistent with those of Jhund, whose analysis validated the efficacy of DAPA in enhancing cardiac function and metabolic parameters (30). However, their study was limited to comparisons between DAPA and placebo, without including other SGLT2 inhibitors or medications with different mechanisms of action. Additionally, Zannad’s meta-analysis highlighted that DAPA significantly improved LVEF in patients with HFrEF and reduced the risk of heart failure hospitalization (31). Nevertheless, their research did not cover a wider range of SGLT2 inhibitors nor involve direct comparisons with GLP-1 receptor agonists or other classes of medications. By incorporating multiple drugs and analyzing a broader spectrum of outcome measures, our study not only expands the research scope but also addresses the limitations of single-trial analyses, thereby providing more comprehensive evidence to support clinical decision-making.

GLIM exhibited moderate efficacy in glycemic control, consistent with its insulin-stimulating mechanism. However, it showed a higher likelihood of hypoglycemia and lacked additional cardiovascular benefits, limiting its suitability for heart failure patients. Its lower cost may still make it a practical option under economic considerations.

Interestingly, SEMA showed significant performance in metabolic improvement, contrasting sharply with its limited effect on cardiac function. This discrepancy may suggest different regulatory mechanisms between metabolic outcomes and cardiac function improvements, warranting further investigation in future studies.

The strengths of this study lie in the inclusion of multiple SGLT2 inhibitors (such as CANA, IPRA, EMPA, REMO, LICO, and DAPA), which comprehensively reflect the overall efficacy and safety profiles of this drug class, thereby avoiding the limitations associated with single-drug studies. Additionally, this study simultaneously evaluated three classes of drugs with different mechanisms of action—SGLT2 inhibitors, GLP-1 receptor agonists, and sulfonylureas—systematically analyzing their efficacy and safety. Compared to previous studies that focused on a single mechanism or a limited range of drugs, our research offers broader coverage, providing more comprehensive evidence-based guidance for clinical practice.

Nonetheless, this study has certain limitations. First, the included RCTs predominantly involved patients from Europe, North America, and Asia, limiting the generalizability of the findings to underrepresented populations, such as those from Africa or Latin America. Future studies should aim to include more diverse patient populations. Second, the study lacked data on patient-reported quality of life outcomes, thereby preventing a comprehensive assessment of the potential impact of these medications on patients’ quality of life. Furthermore, most trials had relatively short follow-up periods, which are inadequate to fully reveal the long-term efficacy and safety of the medications. In addition, due to the limited number of trials reporting heart failure subtypes, we were unable to analyze outcomes separately for patients with preserved versus reduced ejection fraction. Given the distinct pathophysiology and treatment responses of HFrEF and HFpEF, this represents an important area for future research. Addressing these gaps will require studies with longer follow-up durations to provide a more thorough understanding of the long-term effects.




5 Conclusion

This study compared the efficacy and safety of SGLT2 inhibitors, GLP-1 receptor agonists, and sulfonylureas in managing type 2 diabetes with heart failure. SEMA demonstrated a trend toward improving metabolic control and BNP levels, LICO ranked highest in weight reduction probability, while DAPA exhibited potential in enhancing both HbA1c and LVEF, though these results did not always reach statistical significance. LICO and IPRA were associated with more favorable safety profiles, while GLIM had a higher risk of hypoglycemia.

These findings provide a comparative overview that may assist clinicians in tailoring treatment strategies according to individual patient profiles and comorbidities.

However, further studies are needed to assess long-term outcomes, especially in underrepresented populations, and to determine the consistency of treatment effects across various heart failure phenotypes.
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Objective

To investigate the association between the Glycemic Risk Index (GRI) and carotid intima-media thickness (CIMT) in type 2 diabetes mellitus (T2DM) patients and evaluate the clinical utility of GRI for early vascular risk assessment.





Methods

This retrospective study included 450 previously untreated patients with T2DM prior to hospitalization. We calculated GRI using CGM data and assessed CIMT with high-resolution ultrasound. Multiple linear and logistic regression analyses assessed the association between GRI and CIMT. Receiver operating characteristic (ROC) curve analyses evaluated GRI’s predictive performance.





Results

There was a significant positive correlation between GRI and CIMT (r = 0.42, P < 0.001). After adjusting for confounders, GRI remained an independent predictor of CIMT thickening (OR = 7.226, 95% CI: 5.597–8.856, P < 0.001). ROC analysis revealed that GRI alone predicted abnormal CIMT with an AUC of 0.869.





Conclusion

GRI is a robust marker for predicting CIMT thickening in T2DM patients, providing a novel approach for cardiovascular risk stratification. This study underscores the potential of integrating GRI into routine diabetes management to improve vascular outcomes.
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Introduction

Type 2 diabetes mellitus (T2DM) is a significant global public health challenge, with its prevalence projected to reach 12.2% by 2045, affecting approximately 783.2 million individuals worldwide (1). Cardiovascular disease (CVD) remains the leading cause of morbidity and mortality in T2DM, imposing a substantial economic burden (2). Persistent hyperglycemia-induced vascular endothelial damage is a core pathological mechanism driving diabetic vascular complications, accelerating atherosclerosis, arterial stiffness, and macrovascular dysfunction (3, 4).

Carotid intima-media thickness (CIMT) is a well-established, non-invasive marker of subclinical atherosclerosis and an independent predictor of cardiovascular events (5). Numerous longitudinal studies have validated CIMT as a robust and independent predictor of future cardiovascular events—particularly stroke and myocardial infarction—even after adjustment for conventional risk factors (6–8). In individuals with T2DM, elevated CIMT indicates subclinical atherosclerosis and is also associated with the advancement of microvascular and macrovascular complications. These findings underscore the prognostic value of CIMT and support its clinical utility as a surrogate marker for early vascular risk stratification and timely intervention in diabetic populations (9).

While optimal glycemic control is essential for mitigating vascular risk, traditional glycemic indices offer only a limited perspective on glucose dynamics. Glycated hemoglobin (HbA1c), although long considered the gold standard, reflects average glucose levels over several months and fails to capture short-term fluctuations or glycemic excursions that may trigger oxidative stress and vascular injury (10). Time-in-range (TIR), derived from continuous glucose monitoring (CGM), has gained popularity as a more dynamic indicator; however, it primarily reflects the proportion of time spent within a target glucose range and does not comprehensively quantify the burden of hypoglycemia or hyperglycemia (11).

The Glycemia Risk Index (GRI) is a novel composite metric that addresses these limitations by integrating the frequency, magnitude, and duration of hypo- and hyperglycemic episodes based on CGM data (12). Unlike HbA1c and TIR, GRI provides a continuous, risk-weighted measure of glycemic instability, capturing the full spectrum of glycemic excursions. Studies have demonstrated that GRI captures glucose variability and the associated metabolic burden more effectively than conventional indices. It has shown enhanced prognostic utility for identifying microvascular complications, such as retinopathy and albuminuria (13–15). More recently, a study by Cai et al. reported an independent association between elevated GRI and arterial stiffness, suggesting its potential relevance for macrovascular outcomes in T2DM (16). Furthermore, comparative analyses have shown that GRI outperforms traditional CGM-derived indices—such as TIR and the coefficient of variation—in identifying deleterious glycemic profiles associated with endothelial dysfunction and oxidative stress (17–19).

Despite this growing body of evidence supporting GRI as a valuable glycemic risk metric, its relationship with carotid structural alterations—particularly CIMT thickening—remains poorly characterized. Given that CIMT reflects early-stage atherosclerosis and is a robust predictor of stroke and myocardial infarction, elucidating its association with GRI may offer novel insights into the vascular consequences of glycemic instability and further refine cardiovascular risk assessment in diabetes care.

Therefore, this study aims to investigate the association between the Glycemia Risk Index (GRI) and carotid intima-media thickness (CIMT) in patients with type 2 diabetes mellitus (T2DM) to improve cardiovascular risk stratification and advance the clinical application of CGM-derived metrics in diabetes management.





Methods




Data source and study population

This study included 450 type 2 diabetes mellitus (T2DM) patients hospitalized in the Department of Endocrinology, Henan Provincial People’s Hospital, Zhengzhou University, from January 2019 to September 2021. Inclusion criteria were: (1) diagnosis of T2DM based on 1999 WHO criteria; (2) age ≥ge years; (3) no hypoglycemic drug use within 3 months before admission; (4) no history of severe cardiovascular disease, which was defined as prior myocardial infarction, or previous coronary revascularization procedures including percutaneous coronary intervention (PCI) or coronary artery bypass grafting (CABG); and (5) completion of continuous glucose monitoring (CGM) and carotid ultrasound. Exclusion criteria included: (1) type 1, special types, gestational, or unclear diabetes; (2) severe organ dysfunction, malignancy, or infection; and (3) incomplete CGM data (<3 days). The study was approved by the Ethics Committee of Henan Provincial People’s Hospital (NO. 2018048) and adhered to the 2008 Declaration of Helsinki.





Clinical and biochemical information

Demographic and clinical data, including gender, age, BMI, diabetes duration, blood pressure, and smoking status, were collected. Biochemical analyses of fasting blood samples measured total cholesterol (TC), triglycerides (TG), LDL-C, HDL-C, and HbA1c. Urine samples were analyzed for creatinine to estimate the glomerular filtration rate (eGFR).





Continuous glucose monitoring and glycemia risk index

CGM data were collected using the FreeStyle Libre-CGM system (Abbott). Sensors placed on the upper arm recorded blood glucose every 5 minutes for two weeks. Glycemic variability metrics included coefficient of variation (CV), mean amplitude of glycemic excursions (MAGE), largest amplitude of glycemic excursions (LAGE), and mean daily difference (MODD). Time below range (TBR), time above range (TAR), very-low glucose (VLow), low glucose (Low), high glucose (High), and very-high glucose (VHigh) were also recorded.

The GRI was calculated as follows (20–22):

[image: Mathematical formulae detailing the calculation of hypoglycemia and hyperglycemia components using VLow, Low, VHigh, and High, followed by the glycemic risk index (GRI) equation using these components.]	





Carotid Doppler ultrasonography

Carotid Doppler ultrasonography conducted using an ACUSON Sequoia 512 device (10 MHz probe), measured CIMT 10 mm below the bifurcation of both carotid arteries. The average CIMT was calculated from both sides, with abnormal CIMT defined as ≥1.0 mm (6, 7).





Statistical analysis methods

We divided participants into two groups based on CIMT (≥1.0 mm or <1.0 mm) and further stratified them by GRI quartiles. Continuous variables were tested for normality using the Kolmogorov-Smirnov test and reported as mean ± standard deviation or median (interquartile range). Categorical variables were summarized as frequency (percentage) and compared using t-tests, Mann-Whitney U tests, or χ2 tests, as appropriate.

Spearman correlation analysis assessed relationships between GRI, glycemic variability metrics, and CIMT. Linear regression explored the association between GRI and CIMT, adjusting for confounders across three models: Model 1 (unadjusted), Model 2 (adjusted for age and sex), and Model 3 (further adjusted for BMI, diabetes duration, smoking, SBP, TG, HDL-C, and LDL-C). Variance inflation factor (VIF) analysis confirmed no multicollinearity.

Binary logistic regression analyzed associations between GRI quartiles and CIMT thickening (≥ 1.0 mm), presenting odds ratios (OR) with 95% CI using the same three models. Subgroup analyses examined GRI-CIMT interactions by stratifying participants by sex, age (< 40, 40–50, ≥50 years), BMI (< 25, ≥25 kg/m²), and diabetes duration (≤3, >3 years), adjusting for confounders except for the stratification variable.

Receiver operating characteristic (ROC) curve analysis was used to evaluate the predictive performance of various glycemic metrics in identifying carotid intima-media thickening (CIMT ≥ 1.0 mm) (21). The area under the curve (AUC) was calculated for the glycemic risk index (GRI), HbA1c ≥ 7%, and time in range (TIR < 70%). GRI was analyzed as a continuous variable, and the optimal cutoff value was determined by maximizing Youden’s index. At this threshold, sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) were calculated. HbA1c and TIR were treated as binary variables based on clinical guideline recommendations.

We conducted all statistical analyses using R (v4.3.1), SPSS (v26), and GraphPad Prism (9.0), considering P < 0.05 statistically significant.






Results




Clinical features

The study included 450 participants, divided into two groups based on carotid intima-media thickness (CIMT): a normal CIMT group (n = 193) and an abnormal CIMT group (n = 257). Table 1 summarizes the general clinical characteristics of the two groups. The abnormal CIMT group showed significantly higher GRI and glycemic variability metrics (CV, MAGE, MODD, LAGE). Additionally, the abnormal CIMT group demonstrated older age, higher BMI, greater hospitalization costs, and a higher prevalence of hypertension. No significant differences were observed between the groups for lipid levels (total cholesterol, triglycerides, HDL-C, LDL-C) or blood pressure. These findings suggest that GRI and glycemic fluctuations may play critical roles in CIMT thickening.

Table 1 | Characteristics of study participants are analyzed according to CIMT status.


[image: Table compares characteristics between total, normal CIMT, and abnormal CIMT groups among 450 subjects, including age, BMI, blood pressure, lipid profiles, glycemic indices, and clinical histories, with significant differences highlighted by P-values.]
Then, to explore the relationship between different GRI levels and CIMT, participants were further divided into four groups (Q1–Q4) based on GRI quartiles (Table 2). Higher GRI levels were associated with significantly increased age, hospitalization costs, fasting plasma glucose (FPG), and HbA1c levels, along with elevated glycemic variability indices (CV, MAGE, MODD). However, lipid levels and other metabolic markers did not differ significantly across quartiles. Similarly, clinical features such as smoking history, alcohol consumption, family history of genetic disease, hypertension, and hyperlipidemia were not significantly different. Further analyses indicated that the prevalence of carotid intimal thickening increased progressively with GRI quartiles (P < 0.001, Supplementary Figure S1).

Table 2 | Study participants were grouped according to GRI quartile characteristics.


[image: Table comparing clinical characteristics and laboratory findings across four quartiles of GRI percentage, including data such as age, duration of disease, cost, BMI, blood pressure, cholesterol levels, glucose indices, renal function, and personal and family medical history, with statistical significance shown in the final column.]




Correlation between CIMT and GRI

Spearman correlation analysis (Supplementary Table S2) found a significant positive correlation between CIMT and GRI, in addition, CIMT was also correlated with other indicators of blood glucose fluctuation. Multiple linear regression analysis (Table 3) confirmed GRI as an independent predictor of CIMT across all models. In the fully adjusted model (Model 3), GRI showed a strong association with CIMT (β = 0.488, 95% CI: 0.413–0.563, P < 0.001). Age was also positively associated with CIMT (β = 0.022, 95% CI: 0.018–0.026, P < 0.001), while gender, BMI, diabetes duration, lipid indices, and smoking history were not significantly associated (P > 0.05). These findings underline the importance of GRI as a robust marker of CIMT thickening.

Table 3 | Multivariate linear regression analysis of the relationship between GRI and CIMT.


[image: Regression results table comparing three models, displaying variables: const, GRI, Age, Sex, and BMI. For GRI, β equals zero point four eight eight with significance p less than zero point zero zero one across all models. Age and BMI are only included in Models 2 and 3, both showing significant associations, while Sex is not significant. Footnote explains model adjustments and abbreviations.]




Logistic regression analysis

Logistic regression analysis further evaluated the relationship between GRI quartiles and CIMT thickening risk (Table 4). After adjusting for confounders (Model 3), participants in the higher GRI quartiles had significantly increased odds of CIMT thickening compared to the lowest quartile (Q2: OR = 2.631, 95% CI: 1.734–3.528, P < 0.001; Q3: OR = 4.675, 95% CI: 3.636–5.714, P < 0.001; Q4: OR = 7.226, 95% CI: 5.597–8.856, P < 0.001). Age (β = 0.136, 95% CI: 0.097–0.174, P < 0.001) and BMI (β = 0.347, 95% CI: 0.218–0.477, P < 0.001) were also significantly associated with CIMT thickening, whereas gender showed no significant association. These results highlight the relationship between GRI and CIMT risk, suggesting the potential utility of GRI in identifying at-risk populations.

Table 4 | logistic regression analysis of different GRI levels and CIMT thickening.


[image: Table comparing regression coefficients and p-values for three statistical models examining variables Q1 to Q4, age, sex, and BMI. Results are shown with 95 percent confidence intervals. Model 1 adjusts for age and sex; Model 2 adds adjustments for BMI, diabetes, smoking status, and cholesterol; Model 3 further adjusts for additional factors. Significant results for Q2, Q3, Q4, and age appear across all models, with non-significant results for sex in Models 2 and 3.]




Subgroup analysis

Since age, BMI, and disease duration are recognized as risk factors for CIMT thickening, these variables were included in the regression model as interaction terms for analysis. The results (Supplementary Table S3) indicated no significant interactions between GRI and variables such as gender, age, BMI, and disease duration in predicting CIMT thickening. However, further subgroup analysis (Figure 1) revealed significant differences in the association between GRI and CIMT thickening across various demographic and clinical subgroups.

[image: Forest plot graphic showing odds ratios and ninety-five percent confidence intervals for subgroups by sex, age, BMI, and disease duration, with all odds ratios above one and statistical significance indicated by P-values less than zero point zero zero one.]
Figure 1 | Subgroup analysis of the association between GRI and carotid intima-media thickness (CIMT) thickening. Forest plot showing odds ratios (ORs) and 95% confidence intervals (CIs) for the association between elevated glycemia risk index (GRI) and CIMT thickening (CIMT ≥ 1.0 mm) across predefined clinical subgroups. Horizontal lines represent 95% CIs. The dashed vertical line indicates the null value (OR = 1.0). Interaction p-values were calculated to assess effect modification. The association remained consistent across all subgroups without evidence of effect heterogeneity. Figure 1. Subgroup analysis of the association between GRI and carotid intima-media thickness (CIMT) thickening. Forest plot showing odds ratios (ORs) and 95% confidence intervals (CIs) for the association between elevated glycemia risk index (GRI) and CIMT thickening (CIMT ≥ 1.0 mm) across predefined clinical subgroups. Horizontal lines represent 95% CIs. The dashed vertical line indicates the null value (OR = 1.0). Interaction p-values were calculated to assess effect modification. The association remained consistent across all subgroups without evidence of effect heterogeneity.

Male patients exhibited a higher odds ratio (OR = 2.03, 95% CI: 1.60–2.47) compared to females (OR = 1.72, 95% CI: 1.16–2.28), suggesting a stronger association between GRI and CIMT thickening in men. Among age groups, the 40–50 age group showed the highest risk (OR = 2.93, 95% CI: 1.97–3.88), followed by patients aged ≥50 years (OR = 2.08, 95% CI: 1.43–2.73). For BMI, patients with BMI ≥25 kg/m² had a significantly greater risk of CIMT thickening (OR = 2.04, 95% CI: 1.56–2.51) compared to those with BMI <25 kg/m² (OR = 1.85, 95% CI: 1.34–2.36).

The influence of diabetes duration was relatively smaller, with patients having a disease duration ≤3 years showing a slightly higher odds ratio (OR = 2.03, 95% CI: 1.55–2.51) compared to those with >3 years (OR = 1.86, 95% CI: 1.36–2.37). These findings underscore the importance of gender, age, and BMI as critical stratified factors influencing the risk of CIMT abnormalities. Meanwhile, the association between GRI and CIMT thickening remains significant across different diabetes duration groups, highlighting its robust predictive value.





ROC curve analysis

To evaluate the diagnostic performance of GRI and other glycemic indices for predicting carotid intima-media thickness (CIMT ≥ 1.0 mm), receiver operating characteristic (ROC) curve analysis was conducted (Figure 2A; Supplementary Table S4). Among the individual markers, GRI demonstrated the highest discriminative ability, with an area under the curve (AUC) of 0.869, sensitivity of 0.802, and specificity of 0.788. In contrast, HbA1c ≥ 7% and TIR < 70% showed inferior performance, with AUCs of 0.495 and 0.678, respectively. While HbA1c exhibited high sensitivity (0.872), its specificity was markedly low (0.119); conversely, TIR had high specificity (0.948) but poor sensitivity (0.409), indicating imbalanced classification performance.

[image: Panel A shows a receiver operating characteristic (ROC) curve comparing the performance of GRI, HbA1c ≥ seven percent, and TIR < seventy percent in predicting an outcome, with GRI (AUC = zero point eight six nine) outperforming other metrics. Panel B displays ROC curves for GRI alone, GRI plus age, and GRI plus age and BMI, indicating increased predictive accuracy with additional variables, with GRI + Age + BMI yielding the highest AUC (zero point nine three seven). Both panels include a no skill reference line.]
Figure 2 | Receiver operating characteristic (ROC) curves for predicting CIMT thickening. (A) Comparative diagnostic performance of glycemic metrics including the Glycemia Risk Index (GRI), HbA1c ≥ 7%, and Time in Range (TIR < 70%) in identifying CIMT thickening (CIMT ≥ 1.0 mm). (B) Predictive performance of GRI alone and in combination with traditional risk factors.

To further explore the incremental value of clinical variables, we constructed combined models incorporating traditional risk factors. As shown in Figure 2B, the combination of GRI and Age increased the AUC to 0.913, and the addition of BMI further improved the AUC to 0.937. Notably, the positive predictive value (PPV) also increased from 0.834 (GRI alone) to 0.892 (GRI + Age + BMI), indicating a substantial gain in classification robustness. These results suggest that integrating GRI with conventional clinical parameters significantly enhances its predictive value for subclinical atherosclerosis in patients with type 2 diabetes.






Discussion

This study evaluated the clinical applicability of the Glycemic Risk Index (GRI) for predicting subclinical macrovascular complications in individuals with type 2 diabetes mellitus (T2DM). Although prior studies have demonstrated that GRI is significantly associated with microvascular complications such as diabetic retinopathy and proteinuria (12, 14), its role in macrovascular pathology remains insufficiently studied. Our results show that elevated GRI levels are significantly associated with increased carotid intima-media thickness (CIMT), suggesting its potential utility as a noninvasive, integrative biomarker for early cardiovascular risk assessment in patients with T2DM.

These findings align with a Japanese cohort study, which examined the association between GRI and various markers of atherosclerosis. While no significant relationship was observed between GRI and mean CIMT, the study identified strong associations between GRI and longer diabetes duration, higher HbA1c levels, elevated mean glucose concentrations, brachial-ankle pulse wave velocity (baPWV), and the gray-scale median (GSM) of the carotid artery wall—even after adjustment for conventional cardiovascular risk factors (22). The authors proposed that GRI may reflect vascular remodeling and overall atherosclerotic burden beyond arterial wall thickness alone. By focusing on CIMT as a structural indicator of subclinical atherosclerosis, our study extends the evidence base for GRI as a predictor of early macrovascular changes. This complementary relationship may reflect differences in population characteristics, disease stages, endpoint definitions, or methods of GRI calculation.In addition, another investigation found an inverse and independent association between Time in Range (TIR)—a CGM-derived glycemic variability metric—and CIMT, reinforcing the relevance of CGM-based parameters in vascular risk evaluation (23). Compared with single glycemic indices such as TIR and HbA1c, GRI integrates the burden of both hypo- and hyperglycemia, offering a more holistic measure of glycemic instability.

Previous studies have demonstrated that intermittent hyperglycemia activates the NADPH oxidase system, leading to excessive production of reactive oxygen species (ROS), which in turn reduces the bioavailability of nitric oxide (NO) and impairs endothelial vasodilation (19, 24). In parallel, ROS also triggers the NF-κB signaling cascade, resulting in the upregulation of pro-inflammatory cytokines (e.g., IL-6 and TNF-α), enhanced leukocyte adhesion, endothelial apoptosis, and foam cell formation—all hallmark processes in the development of atherosclerosis (25).As an integrated measure of overall glycemic variability, an elevated GRI may exacerbate metabolic disturbances and amplify oxidative and inflammatory responses, thereby accelerating macrovascular injury in patients with diabetes mellitus; (26).

Subgroup analyses suggested that sex, age, and body mass index (BMI) may significantly influence the relationship between GRI and CIMT. Men are more prone to insulin resistance and dyslipidemia due to the absence of estrogen-mediated vascular protection (27–29), while postmenopausal women may experience accelerated vascular aging owing to hormonal decline (30, 31);. Additionally, aging-related β-cell dysfunction and arterial stiffness further heighten the risk of atherosclerosis (32);. Obesity, a key component of metabolic syndrome, may promote CIMT progression via persistent low-grade inflammation and endothelial dysfunction (29, 33);.Because GRI dynamically captures fluctuations in both hyperglycemia and hypoglycemia, it may offer greater clinical value than traditional static glycemic measures such as HbA1c. Regular monitoring of GRI—at intervals of 3 to 6 months—could facilitate earlier cardiovascular risk stratification, particularly in high-risk individuals such as those with inadequate glycemic control, obesity, or advanced age. Persistent elevations in GRI may act as early warning signals, prompting clinicians to intensify glucose-lowering therapy, initiate statin treatment, or recommend lifestyle interventions in a timely, personalized manner.

This study has several limitations. First, as a single-center retrospective analysis, selection bias and missing data may affect the generalizability of our findings. Moreover, the GRI algorithm has not yet been standardized, and the absence of consensus thresholds for cardiovascular risk stratification may compromise inter-study comparability and reproducibility. Future multicenter, prospective, and interventional trials are essential to validate the predictive robustness of GRI and to better define its role in guiding cardiovascular risk management.Second, we did not assess lifestyle variables such as diet, physical activity, or sleep behaviors, which may confound the observed association between GRI and CIMT. Future research should integrate standardized lifestyle questionnaires or wearable technologies to better account for behavioral confounders, improve model accuracy, and support more rigorous causal inference.Third, this study did not stratify female participants based on menopausal status, potentially underestimating the effects of hormonal changes on vascular risk. Future studies should consider including sex hormone measurements and menopausal classification to improve the precision of sex-specific risk assessments.





Conclusion

This study identifies GRI as an independent predictor of CIMT thickening in type 2 diabetes. As a noninvasive, CGM-derived metric, GRI may enable early identification of high-risk patients and support timely, individualized interventions—such as optimizing glycemic control or initiating statin therapy—to slow the progression of subclinical atherosclerosis.
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Background

Extracellular volume (ECV) is an important marker of myocardial fibrosis. However, the prognostic role of ECV in diabetes patients is unknown. In addition, synthetic ECV without blood sampling has not been reported in diabetes cohorts. This study investigated the establishment and validation of synthetic ECV and its prognostic value in type 2 diabetes mellitus (T2DM) patients with acute myocardial infarction (AMI).





Methods

This single-center retrospective study included T2DM patients with AMI who completed cardiac magnetic resonance (CMR) during hospitalization. The patients were randomly divided into a derivation group and a validation group. MACE included all-cause death, recurrent MI, stroke, or heart failure. ECV in integral (Integral ECV), non-myocardial infarction region (NMI-ECV), and myocardial infarction region (MI-ECV) was obtained by CMR.





Results

The study included 157 patients, with a median time from admission to CMR of 4 days. Bland-Altman and Pearson analysis showed good consistency and correlation between conventional ECV and synthetic ECV. Cox regression showed that Integral ECV (HR=1.07; 95%CI: 1.01 ~ 1.13, p = 0.023), MI-ECV (HR=1.03; 95%CI: 1.00 ~ 1.07, p = 0.024), and NMI-ECV (HR=1.07; 95%CI: 1.00 ~ 1.14, p = 0.039) were independently associated with MACE in different models. Kaplan-Meier analysis indicated that patients with a high synthetic ECV had a significantly higher MACE risk.





Conclusions

Synthetic ECV is strongly consistent and correlated with conventional ECV in T2DM patients with AMI. Elevated synthetic ECV is an independent risk factor for MACE in T2DM patients with AMI.





Keywords: cardiac magnetic resonance, synthetic extracellular volume, diabetes, acute myocardial infarction, major adverse cardiac events





Introduction

Acute myocardial infarction (AMI) is one of the leading causes of death in the population worldwide, and type 2 diabetes mellitus (T2DM) is a major risk factor for AMI (1). Patients with diabetes have a higher risk of major adverse cardiovascular events (MACE) after AMI compared to patients without diabetes (2, 3). Although the pathophysiology of diabetes leading to cardiovascular disease is not fully understood, what can be confirmed is that myocardial fibrosis plays a key role (4). Myocardial fibrosis has been found to occur in diabetic patients in previous autopsy studies even in the absence of signs of ischemic heart disease (5, 6). Thus, myocardial fibrosis may play an important role in T2DM patients with AMI.

Histology remains the gold standard for myocardial fibrosis. However, endomyocardial biopsy is an invasive procedure that is neither reasonable nor feasible in the acute phase of AMI (7). Among the various noninvasive imaging modalities, cardiac magnetic resonance (CMR) has emerged as the most powerful tool for characterizing structural and functional changes in tissues. Extracellular volume (ECV) allows quantification of the extracellular matrix with good reproducibility and is termed “noninvasive” or “virtual biopsy” (8–10). As an alternative to myocardial fibrosis, ECV has been shown to independently predict MACE risk in a variety of diseases, including diabetes (11).

Conventional ECV measurements need to be combined with hematocrit (HCT), but HCT is highly individualized and is affected by several factors such as time of day and body position (12–14). To minimize the interference of variability, the Society for Cardiovascular Magnetic Resonance (SCMR) recommends blood collection within 24 hours of the CMR scan, which limits the routine clinical application of ECV measurement (15). In addition, conventional ECV is estimated from venous blood HCT, whereas ideally ECV calculations should be obtained from a left ventricular blood pool representing arterial blood (16). Indeed, a linear relationship between HCT and blood pool R1 (1/T1) has been extensively described (16–19). Based on this linear relationship, a method to determine synthetic ECV without blood sampling has been proposed. In these studies, good agreement was demonstrated between synthetic and conventional ECV (16, 20–22). However, the establishment and validation of synthetic ECV in diabetes patients have not been reported, and the prognostic value of different regional ECV in diabetes patients is unclear.

The main objectives of this study were as follows: First, to investigate the establishment and validation of synthetic ECV without blood sampling in T2DM patients with AMI; Second, to investigate the prognostic value of ECV from different regions in T2DM patients with AMI.





Methods




Study population

This retrospective study included T2DM patients with AMI at the Affiliated Hospital of Xuzhou Medical University from May 2019 to June 2024. Inclusion criteria: 1. Underwent CMR with T1 mapping sequences during hospitalization; 2. Underwent coronary angiography (CAG) and successful revascularization therapy (TIMI ≥ 2). Exclusion criteria: 1. Without HCT within 24 hours of the CMR examination; 2. Poor image quality; 3. History of myocardial infarction; 4. Malignancy, or inflammatory disease; 5. Severe renal insufficiency; 6.Blood disease. The Institutional Review Board (IRB) approved the study protocol (XYFY2023-KL199-01). Considering this was a retrospective study with no risk to patients, the informed consent was waived by the IRB. The patients were randomly divided into a derivation group (n = 80) and a validation group (n = 77). The clinical data, relevant laboratory indexes, and medications were obtained from the patient’s clinical records. Peak values of high-sensitivity troponin T (hs-TnT), high-sensitivity C-reactive protein (hs-CRP), and N-terminal pro-B-type natriuretic peptide (NT-proBNP) during hospitalization were collected. Infarct-related arteries (IRA) were recorded based on CAG. Considering the interference of stress glucose elevation, only patients diagnosed with T2DM before the current AMI were included in this study (Supplementary Figure 1).





Cardiac MRI protocol and cardiac MRI-related parameters

The median time to CMR completion was 4 (3.5, 6) days after hospitalization. The detailed parameters of CMR have been described in our earlier publications (23, 24). CMR assessments were conducted using 3.0 T imaging systems (Ingenia, Philips, The Netherlands). A balanced turbo field echo (BTFE) sequence was implemented. Scan parameters: slice thickness = 7 mm, no interlayer gap; echo time (TE) = 1.47 ms, repetition time (TR) = 2.94 ms; flip angle = 60°, field of view (FOV) = 300 × 300 mm, matrix = 280 × 240 mm and voxel size = 1.22 × 1.22 × 8.0 mm3. Following the administration of a gadolinium-based contrast agent (0.1 mmol/kg), short-axis images encompassing the left ventricle (LV) were obtained with 3 to 5 slices, and T1-mapping (MOLLI) was performed 10 to 15 minutes both before and after the application of the contrast medium. The CVI42 (cvi42® version 5.13.5, Circle Cardiovascular Imaging, Canada) was used for image analysis. The analysis of CMR images was carried out independently by two skilled physicians who did not know this study. End-diastolic volume (EDV), end-systolic volume (ESV), and left ventricular ejection fraction (LVEF) values were automatically derived and adjusted for body surface area (BSA). CMR feature tracking was used to measure the global longitudinal strain (GLS). Microvascular obstruction (MVO) and late gadolinium enhancement (LGE) were adjusted for the total left ventricular myocardial mass. The endocardial, epicardial, and blood pool were identified on a short-axis view to evaluate the T1 relaxation time. Average relaxation times (≥1 cm²) for two regions of interest (ROI) were recorded at both the myocardial infarction region and the non-infarction region. The limbic area and papillary muscles were meticulously avoided. The T1 value concerning the blood pool was derived from the left ventricle. Conventional ECV was computed using previously established equations: ECV = (1-HCT) × (1/Myocardial enhanced T1 -1/Myocardial native T1)/(1/Blood pool enhanced T1 -1/Blood pool native T1). ECV in integral (Integral ECV), non-myocardial infarction region (NMI-ECV), and myocardial infarction region (MI-ECV) was obtained (Supplementary Figure 2).





Calculation of synthetic ECV

Within the derivation group, an analysis was conducted on the reciprocal longitudinal relaxation time of blood (R1 = 1/T1) and HCT to explore their linear correlation, resulting in a formula for synthetic HCT. In the validation group, the synthetic ECV was then calculated by applying the synthetic HCT values. The synthetic ECV was verified by the analysis with conventional ECV in the validation group. In all patients, synthetic ECV from different regions was calculated to investigate the prognostic value in patients with AMI combined with diabetes.





Clinical outcomes and follow-up

Patients were followed up from their discharge via outpatient appointments and/or telephone communications utilizing a standardized questionnaire. In cases where the patient was unreachable, pertinent information was obtained from the patient’s family members or healthcare provider. The main follow-up endpoint was MACE, which included all-cause mortality, recurrent myocardial infarction (MI), stroke, or heart failure. The diagnosis of recurrent MI and heart failure was made following the latest guidelines from the European Society of Cardiology (ESC) (25, 26). Stroke was characterized as neurological impairment and cerebrovascular damage resulting from either cerebral ischemia or hemorrhage (27). Any patients who could not be followed up were confirmed deceased through the local official household registry.





Statistical analysis

Statistical analysis was performed using SPSS 26.0 (IBM, Chicago, USA). To evaluate the normality of the data, the Kolmogorov-Smirnov test was used. Continuous variables that followed a normal distribution were represented as mean ± standard deviation (SD), with subsequent analysis performed using Student’s t-test. Continuous variables that did not conform to normal distribution were summarized as median (Q25, Q75), and analyzed using a nonparametric test. Categorical variables were depicted in terms of frequencies and percentages, and analyzed through the chi-square test (count >5) or Fisher test (count ≤5). For the derivation group, linear regression analysis was conducted to derive the synthetic HCT formula. In the validation group, a Bland-Altman analysis was executed to evaluate the consistency between synthetic and conventional ECV. The Pearson correlation coefficient was calculated to assess relationships among continuous variable gates. To examine the association of ECV with MACE, Cox regression models were utilized. Variables associated with MACE (p < 0.1) in univariate analysis were incorporated into the multivariate model using a stepwise forward approach. To eliminate collinear interference, Integral ECV, NMI-ECV, and MI-ECV were analyzed in separate multivariate Cox regression models. Receiver operating characteristic (ROC) curve was applied to evaluate the capability of ECV in identifying MACE. Based on the cut-off values derived from the ROC analysis, all patients were stratified into two groups for Kaplan-Meier curve analysis. All P values are from two-sided tests and results were considered statistically significant at p < 0.05.






Results




Establishment of an ECV model without blood sampling

The derivation group was used to calculate the linear regression equation of synthetic HCT and ECV. There were no statistical differences in baseline characteristics between the derivation and validation groups (Supplementary Table 1). In the derivation group, R1 and conventional HCT had a linear correlation (R^2 = 0.29, p < 0.001). Through linear regression analysis, R1 was used to derive the formula to estimate synthetic HCT: HCT=697.95* (1/Blood pool T1) + 0.03207 (Supplementary Figure 3).





Validation of an ECV model without blood sampling

In the validation group, the formula was used to calculate the synthetic HCT. Then, the synthetic HCT was used to calculate synthetic ECV. In the validation group, there was no statistical difference between conventional HCT and synthetic HCT. Also, there was no statistical difference between conventional ECV and synthetic ECV from different regions (Figure 1; Table 1). Bland-Altman analysis showed good consistency between the conventional HCT and the synthetic HCT (Bias = 0.38). The synthetic ECV and conventional ECV in Integral, NMI, and MI also showed high consistency in the verification group (Bias = -0.16, -0.15, and -0.01, respectively) (Figure 2). In addition, the conventional HCT and the synthetic HCT showed a linear correlation (R^2 = 0.33, p<0.001); the synthetic ECV and conventional ECV in Integral, NMI, and MI also showed a good linear correlation (R^2 = 0.89, p<0.001; R^2 = 0.92, p<0.001; R^2 = 0.86, p<0.001; respectively) (Figure 3).

[image: Four bar graphs labeled A, B, C, and D compare Syn and Con groups with individual data points marked in blue and purple. Graph A shows HCT percentages, B displays Integral ECV percentages, C shows NMI-ECV percentages, and D presents MI-ECV percentages. For all panels, group differences are marked as not significant (ns) above the bars. Error bars are present on each bar.]
Figure 1 | Comparison between conventional ECV and synthetic ECV. (A) Comparison between conventional HCT and synthetic HCT; (B) Comparison between conventional ECV and synthetic ECV in the integral myocardium; (C) Comparison between conventional NMI-ECV and synthetic NMI-ECV in NMI; (D) Comparison between conventional ECV and synthetic ECV at MI. NMI, non-myocardial infarction regions; MI, myocardial infarction regions; ECV, extracellular volume; HCT, hematocrit.

Table 1 | Comparison of Pearson correlation coefficients of ECV.


[image: Table comparing haematocrit and extracellular volume metrics for seventy-seven validation cases using conventional and synthetic methods, showing means, standard deviations, and p-values. Abbreviations are defined below the table.]
[image: Four scatter plots labeled A, B, C, and D display Bland-Altman analyses with percent difference on the y-axis and percent average on the x-axis. Each panel shows green data points and the mean line with upper and lower limits of agreement indicated by dotted lines. Plots are titled HCT, Integral ECV, NMI-ECV, and MI-ECV, reflecting different measurements, with each demonstrating clustering of points around the zero line.]
Figure 2 | Bland-Altman analysis between conventional ECV and synthetic ECV. (A) Bland-Altman analysis between conventional HCT and synthetic HCT; (B) Bland-Altman analysis between conventional ECV and synthetic ECV in the integral myocardium; (C) Bland-Altman analysis between conventional ECV and synthetic ECV in NMI; (D) Bland-Altman analysis between conventional ECV and synthetic ECV in MI. The X-axis represents the mean value, The Y-axis represents Bias, The blue line is Bias. NMI, non-myocardial infarction regions; MI, myocardial infarction regions; ECV, extracellular volume; HCT, hematocrit.

[image: Four-panel figure showing scatter plots with linear regression lines and green data points. Panel A plots Con-HCT versus Syn-HCT with a Pearson correlation of 0.57 and R squared of 0.33. Panel B plots Con-ECV (Integral) versus Syn-ECV (Integral) with Pearson 0.95 and R squared 0.89. Panel C plots Con-ECV (NMI) versus Syn-ECV (NMI) with Pearson 0.96 and R squared 0.92. Panel D plots Con-ECV (MI) versus Syn-ECV (MI) with Pearson 0.93 and R squared 0.86. All panels report P values less than 0.001.]
Figure 3 | Pearson analysis between conventional ECV and synthetic ECV. (A) Pearson analysis between conventional HCT and synthetic HCT; (B) Pearson analysis between conventional ECV and synthetic ECV in the integral myocardium; (C) Pearson analysis between conventional ECV and synthetic ECV in NMI; (D) Pearson analysis between conventional ECV and synthetic ECV in MI. NMI, non-myocardial infarction region; MI, myocardial infarction regions; ECV, extracellular volume; HCT, hematocrit.





Baseline characteristics of patients

A total of 157 AMI patients were enrolled in this study, including 102 patients with STEMI. There were 41 (26.1%) patients with MACE after a median time of 26.6 (17.1, 38.1) months of follow-up (Supplementary Table 2). Compared with No MACE group, patients with MACE had higher age, hs-TnT, NT-proBNP, LGE%, and MVO%, lower LVEF and GLS. In addition, the MI-ECV (50.52 ± 10.49% vs. 45.37 ± 10.24%, p = 0.007), NMI-ECV (26.06 ± 5.91% vs. 23.82 ± 5.18%, p = 0.023), and Integral ECV (32.73 ± 5.85% vs. 29.42 ± 6.25%, p = 0.003) in the MACE group were significantly higher than those in the No MACE group (Table 2).

Table 2 | Patient characteristics.


[image: Table presenting clinical and laboratory variables comparing patients with and without major adverse cardiac events, including age, BMI, cholesterol, troponin levels, medications, and imaging metrics, with associated p-values demonstrating statistical significance for select variables.]




Relationship between synthetic ECV and MACE

Univariate COX regression analysis identified hs-TnT, NT-proBNP, MI-ECV, NMI-ECV, Integral ECV, GLS, LVEF, LGE%, and MVO% associated with MACE. Integral ECV, NMI-ECV, and MI-ECV were included in model 1, model 2, and model 3, respectively. After adjusting for confounding factors, it was found that hs-TnT, GLS, MVO%, Integral ECV (HR=1.07; 95%CI: 1.01 ~ 1.13, p = 0.023), and NMI-ECV (HR=1.07; 95%CI: 1.00 ~ 1.14, p = 0.039) were independently associated with MACE in model 1 and model 2. In model 3, it was found that hs-TnT, GLS, and MI-ECV (HR=1.03; 95%CI: 1.00 ~ 1.07, p = 0.024) were independently associated with MACE (Table 3, 4). GLS was moderately correlated with Integral ECV (r = -0.388, p < 0.001), weakly correlated with NMI-ECV (r = -0.266, p < 0.001) and NMI-ECV (r = -0.226, p = 0.004) (Figure 4).

Table 3 | Association of patient characteristics With MACE: univariate and multivariate analysis.


[image: Table containing variables, hazard ratios with confidence intervals, and p-values for both univariate and multivariate analyses evaluating predictors, with significant findings in bold for hs-TnT, integral ECV, LV-GLS, MVO, and LGE percent.]
Table 4 | Association of patient characteristics with MACE: multivariate analysis.


[image: Table comparing hazard ratios, confidence intervals, and p-values for various cardiac variables across two statistical models: NMI-ECV (Model 2) and MI-ECV (Model 3). Some variables are not included in both models.]
[image: Three scatter plots labeled A, B, and C display negative correlations between GLS percentage and three variables: Integral ECV, NMI-ECV, and MI-ECV. Each plot includes a trendline and corresponding Pearson correlation coefficients and p-values, showing statistically significant negative associations.]
Figure 4 | Pearson analysis between synthetic ECV and GLS. (A) Pearson analysis between GLS and synthetic ECV in the integral myocardium; (b) Pearson analysis between GLS and synthetic ECV in NMI; (C) Pearson analysis between GLS and synthetic ECV in MI. GLS, global longitudinal strain; NMI, non-myocardial infarction regions; MI, myocardial infarction regions; ECV, extracellular volume.





Value of synthetic ECV for predicting MACE

ROC was used to analyze the predictive value of synthetic ECV for MACE. The results showed that the area under the curve (AUC) of MI-ECV for MACE was 0.639 (95% CI 0.537 ~ 0.741, p = 0.008) with a cut-off value of 48.18%, the AUC of Integral ECV for MACE was 0.633 (95% CI 0.533 ~ 0.733, p = 0.011) with a cut-off value of 33.16%, and the AUC of NMI-ECV for MACE was 0.562 (95% CI 0.455 ~ 0.670, p = 0.236) with a cut-off value of 30.16% (Figure 5; Table 5). Based on the cut-off value of synthetic ECV, all patients were stratified into two groups for Kaplan-Meier curve analysis. Kaplan-Meier curve showed that compared with the AMI patients with low synthetic ECV, the patients with high synthetic ECV had a significantly higher long-term risk of MACE (both log-rank P < 0.05) (Figure 6).

[image: Six ROC curve graphs labeled A to F compare sensitivity versus 1-specificity for different cardiac biomarkers and measures, each with a dashed diagonal reference line. Subplot A shows Integral ECV with ROC=0.633, B shows NMI-ECV with ROC=0.562, C shows MI-ECV with ROC=0.639, D shows MVO% with ROC=0.637, E shows GLS with ROC=0.702, and F shows hs-TnT with ROC=0.659.]
Figure 5 | Receiver operating characteristic analysis of synthetic ECV for MACE. (A) ROC analysis of synthetic Integral ECV for MACE; (B) ROC analysis of synthetic NMI-ECV for MACE; (C) ROC analysis of synthetic MI-ECV for MACE; (D) ROC analysis of MVO for MACE; (E) ROC analysis of GLS for MACE; (F) ROC analysis of hs-TnT for MACE. GLS, global longitudinal strain; NMI, non-myocardial infarction regions; MI, myocardial infarction regions; ECV, extracellular volume; MVO, microvascular obstruction; hs-TnT, high sensitivity troponin T; MACE, major adverse cardiovascular events; ROC, receiver operating characteristic analysis.

Table 5 | ROC of parameters for MACE.


[image: Table presenting variables GLS, MVO, hs-TnT, Integral ECV, NMI-ECV, and MI-ECV with AUC, 95% confidence interval, P value, cut-off, sensitivity, and specificity for each; abbreviation definitions provided below the table.]
[image: Three Kaplan-Meier survival curves labeled A, B, and C depict the probability of survival over time in months, each comparing two groups based on extracellular volume (ECV) thresholds. Panels show significantly lower survival probability in groups with higher ECV: A compares Integral ECV at 33.16%, B compares NMI-ECV at 30.16%, and C compares MI-ECV at 48.18%, with corresponding log-rank P values all indicating statistical significance.]
Figure 6 | Kaplan-Meier curve for patients based on the cut-off values of synthetic ECV. (A) Kaplan-Meier curve of synthetic Integral ECV for MACE; (B) KaplanMeier curve of synthebtic NMI-ECV for MACE; (C) Kaplan-Meier curve of synthetic MI-ECV for MACE. ECV, extracellular volume; MACE, major adverse cardiovascular events.






Discussion

To the best of our knowledge, there are currently no relevant data in the diabetes cohort to demonstrate the consistency and correlation between synthetic and conventional ECV. The prognostic value of different regional ECV in diabetes patients is unclear. The main findings of this study are as follows. First, Synthetic ECV was strongly consistent and correlated with conventional ECV in T2DM patients with AMI. Second, Elevated synthetic ECV was an independent risk factor for MACE in T2DM patients with AMI. Third, Patients with high synthetic ECV had a significantly higher long-term risk of MACE.




ECV in T2DM patients with AMI

T2DM is a high-risk factor for MI and is associated with a high prevalence of diastolic dysfunction and congestive heart failure (28). A potential contributing factor is the accelerated accumulation of diffuse myocardial fibrosis and stiffness (29). Although biopsy remains the gold standard for assessing myocardial fibrosis, this invasive test is difficult to perform in the acute phase of AMI. ECV assessed by CMR is a marker of cardiac remodeling in the early stages of a variety of cardiac diseases and is associated with poor clinical outcomes (11, 30). Therefore, ECV may be of significant value in patients with AMI combined with diabetes. In a previous study of patients with T2DM, ECV levels were lower than in our study (27.9 ± 2.6% vs. 30.44 ± 6.5%) (11, 30). This may be because all patients included in our study combined with AMI, and acute myocardial injury may have additionally increased ECV levels.





Establishment and validation of an ECV model without blood sampling

HCT is crucial for the calculation of conventional ECV. Due to the high temporal variability of HCT, it should be as close as possible to the CMR scan time (12–15). However, this is still not an immediate HCT. It has been reported that HCT levels may even change within a few hours (12). Thus, these factors limit the applicability of ECV in routine clinical work. Recently, synthetic ECV without blood sampling has received considerable attention. The calculation of synthetic ECV is based on a linear relationship between the native R1 (1/T1) and HCT (16–19). In contrast to conventional HCT, synthetic HCT is measured during CMR scanning and is calculated from the R1 of LV blood. Thus, it somewhat avoids potential variability caused by differences in LV and peripheral venous blood or changes in body position and time that may affect conventional HCT measurements (32–34). Although some synthetic ECV models have been previously established and validated (16, 20–23), no relevant reports have been seen for diabetic patients. In this study, we established and validated the first synthetic ECV model containing only T2DM patients with AMI. Similar to previous studies, synthetic HCT was only moderately correlated with conventional HCT (16, 20, 21, 35, 36). However, the performance of synthetic ECV was favorable. The close correlation between synthetic ECV and conventional ECV may be attributed to the four additional terms (myocardial and ventricular blood R1 before and after contrast injection) that remained constant in the ECV calculations, and these constants may have partially offset the greater variability in HCT. In contrast, the differences between HCT may be related to the following reasons. First, there is high variability in HCT itself as described above. Second, blood iron outside hemoglobin has been reported to have a substantial effect on T1 relaxation time, and the R1/HCT relationship may be broken in patients with iron overload, especially those with thalassemia (37). In addition, conventional HCT is measured in peripheral venous blood, whereas synthetic HCT is derived from the T1 relaxation time of left ventricular arterial blood. Differences between arterial and venous blood may also introduce interference. In our study, we successfully established and validated a synthetic ECV model in T2DM patients with AMI. Based on the unique value of ECV for myocardial fibrosis, the role of this “pragmatic” ECV in patient prognosis is equally attractive. However, given the characteristics of HCT, the synthesis of HCT and ECV needs to be repeatedly verified in different subpopulations.





Prognostic value of synthetic ECV in T2DM patients with AMI

Elevated ECV is associated with poor prognosis in previous diabetes cohorts and animal studies (11, 38). In our study, it was found that elevated synthetic ECV was an independent risk factor for MACE in T2DM patients with AMI, patients with high synthetic ECV had a significantly higher long-term risk of MACE. Although the exact mechanism of action is unknown, myocardial fibers may be an important cause. Specifically, myocardial fibrosis is one of the core mechanisms of myocardial remodeling and poor prognosis. In diabetic patients, myocardial fibrosis can be promoted through various pathways such as inflammation and oxidative stress. ECV, as a marker of myocardial fibrosis, may account for the findings of this study (38, 39). In addition, we found that GLS was also an independent risk factor for MACE in patients with AMI, and Integral ECV, NMI-ECV, and NMI-ECV were all significantly correlated with GLS, which quantifies systolic function by measuring LV deformation and is independent of geometric factors (40, 41). Even in the presence of normal LVEF, ECV, and GLS can detect LV disease and stratify risk (40, 42). Indeed, correlations between ECV and GLS have been demonstrated in other diseases (43, 44). These may also partly explain the results of the present study. In a previous study that included 47 patients with T2DM, high HbA1c was shown to be associated with increased ECV (45). In contrast, in a larger study, the association between HbA1c and ECV was not confirmed (31), which is consistent with our findings. The different results may be related to several reasons. First, sample size limitations may have led to some bias. In addition, the study populations were different. All T2DM patients in our study were combined with AMI, and it is known that myocardial necrosis is also an important factor in myocardial fibrosis. In another cohort that includes non-diabetic patients with AMI, ECV was also proven to be a powerful predictor of heart failure and all - cause mortality (46). Given the crucial role of myocardial fibrosis, it appears that ECV is closely associated with prognosis in both diabetic and non - diabetic AMI patients.





Role of NMI-ECV in T2DM patients with AMI

In recent years, myocardial fibrosis in non-infarcted regions has received increasing attention. In the early stages of AMI, myocardial necrosis and systemic inflammatory responses can cause collagen deposition and remodeling in non-infarcted regions (47, 48). In a mouse animal model, Tsuda et al. (49) found pathological evidence of myocardial fibrosis in the non-infarcted regions in the early stages of AMI. In clinical studies, it was also found that diffuse myocardial fibrosis could occur in non-infarcted myocardium in the early stages of AMI and that elevated NMI-ECV was associated with poor LV remodeling in the chronic phase (50, 51). Consistent with these findings, we found that elevated NMI-ECV was an independent risk factor for MACE in T2DM patients with AMI. However, it is noteworthy that in the ROC analysis, the results showed no statistical significance between NMI-ECV and MACE. Indeed, the prognosis value of myocardial fibrosis in the non-infarcted regions is inadequate and controversial for the prognosis of patients. In a previous study, Marijianowski et al. (52) found that myocardial fibrosis in non-infarct regions was not associated with LV remodeling after MI in patients with end-stage heart failure. Therefore, the prognostic value of NMI-ECV in T2DM patients with AMI may be worth further investigation.





Clinical implications

One of the major advantages of synthetic ECV is that it provides CMR laboratories with the convenience of ECV measurement without the blood samples. In addition, this study emphasizes the prognostic importance of synthetic ECV (including Integral ECV, NMI-ECV, and MI-ECV) in T2DM patients with AMI. These findings increase the potential of ECV in routine clinical CMR, which could facilitate the widespread use of CMR-ECV. Certainly, there are some potential barriers to implementing synthetic ECV in routine clinical practice. For instance, differences in CMR protocols among various institutions, cost concerns, or a lack of technical expertise.





Limitations

First, the single-center, retrospective design limits generalizability. There is a potential selection bias due to exclusion of patients with poor imaging or severe comorbidities. Second, in our study, there is a lack of histopathological validation for ECV, especially considering the known heterogeneity of myocardial fibrosis in diabetic patients. Third, the sample size of this study is limited, and the follow-up time is relatively short. Longer-term data will strengthen the claims regarding prognosis. Fourth, there is high variability in HCT, so further studies after matching for age, BMI, and gender are expected. Fifth, our study included patients with AMI combined with T2DM, so some of the results may need to be replicated and validated in other diseases.






Conclusions

Synthetic ECV is strongly consistent and correlated with conventional ECV in T2DM patients with AMI. Elevated synthetic ECV is an independent risk factor for MACE in T2DM patients with AMI.
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Cardiovascular and renal complications remain leading causes of morbidity and mortality among individuals with type 2 diabetes mellitus (T2DM). Since 2015, large-scale cardiovascular outcome trials (CVOTs) have demonstrated that sodium-glucose cotransporter-2 inhibitors (SGLT2i) and glucagon-like peptide-1 receptor agonists (GLP-1 RAs) significantly reduce the risk of major adverse cardiovascular events, cardiovascular mortality, and heart failure hospitalization in patients with T2DM and established cardiovascular disease or high-risk profiles. These findings—originating from landmark trials such as EMPA-REG OUTCOME, LEADER, and SUSTAIN-6—have led to substantial revisions in international guidelines from the European Society of Cardiology, American College of Cardiology, and American Heart Association, which now recommend the use of SGLT2i or GLP-1 RAs, often in conjunction with metformin. SGLT2i have shown robust effects in reducing heart failure hospitalization and slowing the progression of chronic kidney disease, while GLP-1 RAs have demonstrated superior efficacy in reducing atherothrombotic events, particularly non-fatal stroke. Additionally, emerging data supports the complementary use of both drug classes, revealing additive benefits on cardiovascular and renal outcomes without increased toxicity. This narrative review summarizes the mechanisms of action, clinical efficacy, safety profiles, and sex-specific outcomes associated with SGLT2i and GLP-1 RAs. It also highlights key evidence supporting their combined use and underscores their critical role in optimizing long-term outcomes in patients with T2DM and cardiovascular disease.




Keywords: cardiovascular outcomes, SGLT2 inhibitors, GLP-1 agonists, combination therapy, heart failure, renal outcomes




1 Introduction

Cardiovascular disease (CVD) continues to be a significant global health concern, with ischemic stroke and acute myocardial infarction ranking as the second and third leading causes of death worldwide in 2019 (1). In 2020, an estimated 523 million people were affected by CVD, resulting in approximately 19 million deaths—an 18.7% increase compared to 2010 (2). In parallel, type 2 diabetes mellitus (T2DM) continues to rise, with 536.6 million individuals affected globally in 2021. This figure is projected to increase to 783.2 million by 2045 (3). The CALIBER UK study highlights that peripheral arterial disease (16.2%), heart failure, stable angina, non-fatal myocardial infarction, and cerebrovascular accidents are common cardiovascular complications in T2DM patients after 5.5 years of follow-up (4).

The complex interaction between diabetes mellitus (DM) and cardiovascular events complicates patient management. Individuals with T2DM frequently have multiple cardiovascular risk factors, including obesity (32.9%), hypertension (32-80%), and dyslipidemia (39%) (5–8). Moreover, factors such as oxidative stress, hypercoagulability, endothelial dysfunction, and autonomic neuropathy contribute significantly to CVD risk in T2DM patients (5).

The association between glycemic control and cardiovascular outcomes in DM patients has been long studied (9–11). However, recent evidence shows conflicting results regarding the benefits of strict glycemic control on reducing cardiovascular events. Although stringent glycemic targets (HbA1c ≤ 6.5%) may yield benefits on microvascular complications, their impact on cardiovascular mortality remains uncertain (12, 13). Moreover, pursuing overly strict control may increase the risk of hypoglycemia, weight gain, and all-cause mortality (14, 15).

To address these challenges, novel pharmacological therapies such as sodium-glucose cotransporter-2 inhibitors (SGLT-2i) and glucagon-like peptide-1 receptor agonists (GLP-1 RAs) have emerged, offering cardioprotective benefits (16, 17). These agents have been shown to reduce cardiovascular mortality, slow chronic kidney disease (CKD) progression, and decrease heart failure (HF) hospitalizations (17–19). Leading clinical guidelines now recommend the combined or monotherapy use of SGLT-2i and GLP-1 RAs in patients with T2DM and CVD or those at high cardiovascular risk (20, 21).

The aim of this review is to enhance our understanding of the role of SGLT-2i and GLP-1 RAs in managing patients with T2DM and CVD. By highlighting key findings and clinical implications, this review aims to provide valuable information for healthcare professionals involved in the care of these patients.




2 Material and methods

This narrative literature review examines the use of SGLT-2 inhibitors and GLP-1 RAs in patients with T2DM and CVD. The review included a comprehensive search of peer-reviewed articles published between January 2010 and November 2024 conducted using the PubMed and Medline databases, supplemented by the inclusion of relevant studies from earlier periods when clinically justified. Articles were primarily selected based on clinical relevance and their inclusion in current international guidelines for the management of patients with CVD and T2DM. The search strategy incorporated the following Boolean logic; (SGLT-2 inhibitors) AND (GLP-1 receptor agonists) AND (type 2 diabetes mellitus) AND (cardiovascular diseases).

The review process comprised three distinct stages:

	An exhaustive search of documentary material using PubMed and Medline databases.

	Classification and selection of the most relevant articles based on predefined evaluation criteria.

	Detailed analysis and synthesis of the extracted data.



The initial search yielded 564 articles. Inclusion criteria were studies involving adult patients (≥18 years) with T2DM and CVD; evaluation of SGLT-2 inhibitors or GLP-1 receptor agonists; and reporting of cardiovascular or renal outcomes. Eligible study designs included randomized controlled trials, observational studies (cohort or case-control), systematic reviews, and meta-analyses. Only peer-reviewed, indexed publications were considered. Data extraction and review were independently conducted by three authors (DAC, DCR, and SSC) using a standardized data collection form. A total of 407 records were excluded based on title and abstract screening, and 113 full-text articles were assessed for eligibility. The final manuscript was reviewed by experts in endocrinology, nephrology, and cardiology, who provided critical feedback and ensured comprehensive bibliographic coverage.




3 Results



3.1 Mechanism of action and clinical impact



3.1.1 Mechanism of action of SGLT2 inhibitors

Phlorizin, a botanical extract, is a non-specific inhibitor of sodium-glucose transporter proteins. Its discovery traces back over 150 years to research on glucosuria (22). Since then, various types of SGLT proteins have been identified. SGLT2i, in particular, target the sodium-glucose cotransporter 2, which is primarily located in the proximal tubular epithelium. This protein is responsible for roughly 90% of renal glucose reabsorption, and by inhibiting it, SGLT2i effectively disrupt this reabsorption process (23).

By blocking sodium-glucose cotransporter 2 in the S1 and S2 segments of the proximal tubule, SGLT2i significantly reduce glucose reabsorption, promoting urinary glucose excretion. This creates a state of “relative hypoglycemia,” which has several beneficial effects, including reductions in both systolic and diastolic blood pressure through decreased circulating volume and improved glomerular hyperfiltration control. Additionally, SGLT2i can lower HbA1c levels by 0.5-1.0% and support weight loss (24, 25). Increased natriuresis and sodium delivery to the distal nephron, induced by SGLT2 inhibition, are key in renal protection, normalizing the tubuloglomerular feedback mechanism, a principal driver of hyperfiltration (17, 19, 25).

Studies have indicated that increased expression of the sodium-hydrogen exchanger isoform 1 (NHE-1) is linked to heart failure and may contribute to the development of hypertrophy and cardiac injury during ischemia and reperfusion (26, 27). SGLT2i have been shown to reduce myocardial fibrosis, a critical factor in heart failure progression. Additionally, they may promote the use of ketone bodies as an alternative energy source for the myocardium, potentially reducing the production of reactive oxygen species (ROS) (24, 26).

Of note, long-term use of SGLT2i may lead to a reduction in glycosuric efficacy, without a corresponding decline in cardiovascular benefits. This phenomenon is thought to result from compensatory mechanisms, such as increased SGLT1 activity and upregulation of SGLT2 expression. These findings support the rationale for dual SGLT1/SGLT2 inhibition as a potential therapeutic strategy (28–30).





3.2 Complications and side effects of SGLT2 inhibitors

The most common side effect of SGLT-2 inhibitors is polyuria, resulting from osmotic diuresis. Genital tract infections, affecting approximately 10-15% of women and less frequently in men, are another potential adverse effect (31, 32). Euglycemic diabetic ketoacidosis (euDKA), a rare but serious complication, has been primarily reported in patients with type 1 diabetes and may be precipitated by acute illnesses, inappropriate insulin dose reductions, or omissions (31).

Skin infections, such as Fournier’s gangrene, have been reported; their association with SGLT-2 inhibitors requires further confirmation through large, randomized trials (31). Genital fungal infections are up to four times more common in patients using SGLT-2 inhibitors (31, 32). The results of the CANVAS study showed a possible increased risk of amputations; however, neither this result nor the increased risk of fractures has been documented in other clinical trials of canagliflozin or other SGLT2 inhibitors, so further studies are required to establish a definitive link (32–35).

SGLT2 inhibitors should be discontinued in specific clinical scenarios to mitigate potential adverse events. Severe or recurrent genital mycotic infections and urinary tract infections warrant treatment suspension if they become problematic (36, 37). Patients presenting with euglycemic diabetic ketoacidosis require immediate cessation of SGLT2i therapy (36). Furthermore, it is recommended that SGLT2 inhibitors be discontinued during the perioperative period due to the risk of euDKA. This risk increases during the physiological stress associated with surgery and preoperative fasting, which can precipitate euDKA even in the absence of significant hyperglycemia. Additionally, treatment should be halted in elderly or frail individuals experiencing severe dehydration or orthostatic hypotension (36, 38).

Canagliflozin specifically should be discontinued in patients with a heightened risk of amputations, including those with a history of amputations, severe peripheral neuropathy, severe peripheral arterial disease, or active lower-limb ulcers or infections, as well as in individuals with an increased fracture risk, particularly those with previous osteoporotic fractures (34, 36, 37, 39). Although SGLT2 inhibitors do not typically increase the risk of AKI, their use should be halted during episodes of acute renal impairment (39). Although rare, cases of Fournier’s gangrene also necessitate immediate discontinuation of SGLT2 inhibitors to prevent further complications.




3.3 Mechanism of action of GLP1 receptor agonists

GLP-1 is a hormone belonging to the incretins that is produced in the gastrointestinal tract, by L cells, in response to the intake of nutrients, especially fat and glucose (40). Its release stimulates an increase in insulin secretion when stimulated by glucose at sufficient plasma levels (40). The effects of GLP-1 are not limited to the endocrinological component; there are receptors for these at the brain, liver, and gastrointestinal tract (41). It can influence renal function by increasing diuresis and natriuresis, and it can impact cardiac function by enhancing contractility and promoting cardiomyocyte survival. Additionally, GLP-1 can improve muscle insulin sensitivity and glucose uptake (42). These effects, including hemodynamic, metabolic, and anti-inflammatory actions, contribute to the cardio and renoprotective properties of GLP-1 RAs. By reducing intraglomerular pressure, decreasing inflammation, and mitigating oxidative stress, GLP-1 RAs can help preserve renal function, independent of glycemic control (43).

GLP-1 RAs like liraglutide and semaglutide, offer a therapeutic advantage over native GLP-1 by being resistant to degradation by dipeptidyl peptidase-4 (DPP-4). This resistance allows for prolonged exposure to GLP-1, resulting in sustained physiological effects. By activating GLP-1 receptors in the hypothalamus and brainstem, these analogs promote satiety, leading to reduced food intake and weight loss (40, 44).

Studies as Network Meta-analysis and clinical trials have shown that GLP1-RA can achieve a statistically significant decrease in HbA1C compared to placebo, as well as a weight reduction ranging between 1.3 and 8.65 kg (40, 45, 46). Furthermore, these analogues have the ability to stimulate natriuresis by inhibiting sodium reabsorption by decreasing the activity of sodium-hydrogen exchanger 3 (NHE3), resulting in a reduction in blood pressure in patients with diabetes (40, 46). In animal models, a modulatory effect has also been observed at the level of the carotid sinus, suggesting that this pharmacological class may influence sympathetic tone regulation during hyperglycemic states (47).

With regard to cardioprotection, several mechanisms have been proposed. GLP-1 RAs reduce macrophage adhesion to the endothelium, thereby inhibiting the formation of atherosclerotic plaques; they also suppress platelet activity, which may further contribute to cardiovascular protection (40). Moreover, these agents enhance cardiac glucose uptake and ATP production by increasing GLUT-1 translocation (40), and they modulate antioxidant, anti-inflammatory, and anti-apoptotic pathways (48).




3.4 Complications and side effects of GLP-1 RAs

Common side effects associated with GLP-1 receptor agonists (GLP-1 RAs) include gastrointestinal symptoms such as nausea (25–60%), diarrhea, and vomiting (5–15%) (16, 46). Although these adverse effects can be bothersome, they rarely lead to treatment discontinuation. Importantly, clinical trials have not demonstrated an increased risk of hypoglycemia with GLP-1 RAs compared to placebo (16). Less frequent side effects include injection site reactions, headaches, and nasopharyngitis (16).

While some studies have suggested a possible association between GLP-1 RAs and acute kidney injury (AKI), this has not been confirmed and appears to occur primarily in patients with underlying risk factors such as dehydration or severe gastrointestinal symptoms (49). Reports of preneoplastic pancreatic ductal disease exist, but experimental findings in mice have not been consistently replicated in human clinical trials. Although a potential association between GLP-1 RAs and gastrointestinal tumors has been proposed, current evidence does not support an increased risk of colorectal neoplasia (50).

GLP-1 RA therapy should be discontinued under specific clinical conditions to minimize risk. While a definitive causal relationship has not been established, the occurrence of acute pancreatitis necessitates immediate drug withdrawal, as recommended by the American Diabetes Association and the American College of Cardiology (37, 51). These agents are contraindicated in patients with a personal or family history of medullary thyroid carcinoma or multiple endocrine neoplasia type 2, based on findings from preclinical studies (21).

Treatment cessation should also be considered in patients who develop gallbladder complications, such as acute cholecystitis. Caution and close monitoring are warranted in individuals with preexisting diabetic retinopathy, due to a higher incidence of retinopathy-related complications observed in clinical trials, particularly with semaglutide (21, 37). In rare instances, severe hypersensitivity reactions, including anaphylaxis, require immediate discontinuation of GLP-1 RA therapy (52). Additionally, although uncommon, reported cases of diabetic ketoacidosis (DKA) associated with GLP-1 RAs also warrant prompt treatment cessation (53).





4 Cardiovascular results



4.1 Evidence of SGLT2 inhibitors in patients with DM2

The management of DM requires a long-term perspective, emphasizing the importance of medication safety over time. The Food and Drug Administration (FDA) mandates that clinical trials demonstrate the cardiovascular safety of anti-diabetic medications. To assess this, randomized trials typically evaluate the primary outcome of “major adverse cardiovascular events” (MACE), which includes cardiovascular death, non-fatal stroke, and non-fatal myocardial infarction (MI). This rigorous evaluation has led to the accelerated recognition of the cardioprotective, renoprotective, and vasoprotective effects of SGLT2i (54, 55) (Figure 1).
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Figure 1 | Timeline of major studies on SGLT-2i and GLP-1. The left axis displays key cardiovascular and renal outcome trials involving SGLT2 inhibitors, including studies in patients with and without T2DM. The right axis presents pivotal trials assessing GLP-1 receptor agonists in T2DM populations. The central column highlights observational studies and meta-analyses investigating the combined use of both drug classes. Study populations, primary outcomes (e.g., MACE, CKD, HF), and sample sizes are indicated for each trial.



4.1.1 Cardiovascular outcomes in SGLT2 inhibitors: safety studies

The EMPA-REG OUTCOME trial, which included 7020 patients with T2DM, was the first to demonstrate the cardiovascular protective effects of empagliflozin (54, 56). Patients were randomized to receive empagliflozin 10 mg, 25 mg, or placebo. After 3.1 years of follow-up, the trial showed a significant 14% reduction in the relative risk (RR) of MACE. Secondary outcomes included a 38% reduction in hospitalizations for HF and a 32% reduction in all-cause mortality (56).

Subsequent trials, such as CANVAS and DECLARE-TIMI 58, have further confirmed the cardiovascular benefits of SGLT-2 inhibitors. CANVAS demonstrated a 14% reduction in MACE in patients with T2DM and a high cardiovascular risk (34). CANVAS demonstrated a 14% reduction in MACE in patients with T2DM and a high cardiovascular risk. DECLARE-TIMI 58, which included a larger population with a lower baseline risk of CVD, did not show a significant reduction in MACE overall but did demonstrate a 27% reduction in hospitalizations for HF in a subgroup of patients with a history of myocardial infarction (54, 57). The explanation for the discrepancy in the reduction of MACE in patients treated with SGLT2i in DECLARE-TIMI 58 suggests that the benefits of SGLT2i may be more pronounced in patients with a higher risk of cardiovascular disease.




4.1.2 Cardiovascular results in studies aimed at CVD

The CREDENCE clinical trial evaluated the effects of canagliflozin (100 mg daily) versus placebo in 4,401 patients with T2DM and CKD. While primarily designed to assess renal outcomes, the trial also demonstrated significant cardiovascular benefits. A 20% relative risk reduction in MACE, including myocardial infarction, stroke, and cardiovascular death and a 30% relative risk reduction in hospitalizations for HF (58).

The VERTIS trial, involving 8246 patients with T2DM, compared ertugliflozin 5 mg or 15 mg daily to placebo for 3.5 years. While ertugliflozin did not outperform placebo for MACE, it significantly reduced hospitalizations for HF by 30% (59).

The SCORED clinical study, which included 10,584 patients with T2DM and an estimated glomerular filtration rate (eGFR) of 25–60 ml/m²/1.73 m², evaluated the effects of sotagliflozin on cardiovascular death and hospitalization for HF. After 16 months, sotagliflozin demonstrated a significant reduction in the primary endpoint (HR: 0.74; 95% CI: 0.63 - 0.88; P<0.001) (60).

A meta-analysis of five double-blind placebo-controlled trials involving 46,969 patients showed that SGLT-2 inhibitors were associated with a 14% reduction in all-cause mortality and a 9% reduction in MACE. Hospitalizations for HF were also reduced by 31% compared to placebo. However, SGLT-2 inhibitors were associated with an increased risk of diabetic ketoacidosis (RR 2.59 CI95% 1.57, 4.27) and genital infections (RR 3.50 CI95% 3.09, 3.95) (17).





4.2 SGLT2i outcomes in patients with HF

The cardiovascular benefits of SGLT-2i are particularly evident in reducing the risk of hospitalization for HF, both in patients with and without T2DM. The DAPA-HF trial, which included 4744 patients with LVEF ≤40%, demonstrated a 26% reduction in the RR of hospitalization or emergency room visits for HF within 28 days of randomization (54, 61). The cardiovascular benefits of SGLT-2i are particularly evident in reducing the risk of hospitalization for HF, both in patients with and without T2DM. The DAPA-HF trial, which included 4744 patients with LVEF ≤40%, demonstrated a 26% reduction in the RR of hospitalization or emergency room visits for HF within 28 days of randomization. Furthermore, patients treated with dapagliflozin experienced a lower rate of cardiovascular death (9.6% vs. 11.5%), reflecting an 18% reduction in RR. In addition to these objective outcomes, the DAPA-HF study assessed quality of life using the Kansas City Cardiomyopathy Questionnaire (KCCQ) and found a significant improvement in the dapagliflozin-treated group compared to placebo, indicating a positive impact on patient-reported symptoms (62).

The EMPEROR-REDUCED trial, which included 3730 patients with HF and a left ventricular ejection fraction (LVEF) ≤40%, demonstrated a 25% reduction in the RR of cardiovascular death and HF hospitalization with empagliflozin 10 mg daily compared to placebo; hospitalization from IC was reduced approximately 30% (RR 0,70; IC del 95%, 0,58 a 0,85; P <0,001). While empagliflozin did not significantly reduce all-cause mortality, it improved renal outcomes, with a slower decline in GFR compared to placebo (63). Regarding renal outcomes, the decline in GFR was slower in the empagliflozin group, with an estimated –0.55 ml per minute per 1.73 m², compared with placebo, which was –2.28 ml per minute per year. This led to a reduction in the incidence of the composite renal outcome, defined as chronic dialysis, kidney transplantation, and a sustained decline in GFR (63).

Another trial that evaluated the efficacy and safety of empagliflozin was EMPEROR-Preserved; it included 5,988 patients with heart failure with preserved left ventricular ejection fraction, regardless of whether the patients had T2DM. Participants were randomly assigned to receive empagliflozin 10 mg or placebo once daily. There was a reduction in the RR in the primary outcome (cardiovascular death and hospitalization for heart failure) (RR 0.79, 95% CI 0.69-0.90). Highlighting the decrease in hospitalization for HF (0.71; 95% CI 0.60-0.83). In this study, it was unclear whether these benefits were preserved in subgroups of patients with higher left ventricular ejection fraction (>60%), as the result was not statistically significant (RR 0.87; 95% CI; 0.69-1.10) (64). It is also unclear whether this benefit was retained in patients who started treatment during the subacute phase, or in patients with an improved LVEF (54, 64).

In the DELIVER trial, in which participants were randomly assigned to receive dapagliflozin 10 mg or placebo once daily, 6263 patients with HF with LVEF >40% were enrolled. A significant reduction in RR was observed in the primary outcomes, such as cardiovascular death or worsening of HF, compared with placebo in the overall population (RR 0.82, 95% CI 0.73 to 0.92). Worsening of HF in the group of patients receiving dapagliflozin was 23% lower. These results were consistent both in patients with LVEF of 60% or more and in those <60%. In addition, the results were similar in prespecified subgroups, including patients with or without diabetes (65).

The SOLOIST-WHF trial evaluated the efficacy and safety of sotagliflozin in 1,222 patients with HF who were recently hospitalized for worsening of their baseline condition. This study demonstrated a significant risk reduction in a composite of cardiovascular death and worsening of HF (RR 0.67; 95% CI 0.52 to 0.85). Regarding hospitalizations and emergency department visits, the decrease in RR was 36%. These results were independent of LVEF (>50% or ≤50%) (66).

The DAPA-HF, EMPEROR-REDUCED, EMPEROR-Preserved, DELIVER and other trials mentioned above consistently demonstrate the efficacy of SGLT-2i in patients with HF, regardless of LVEF or the presence of diabetes. These studies establish SGLT-2i as a cornerstone therapy for HF across the disease spectrum (54, 61). Multiple meta-analyses performed on the most important studies have confirmed a significant risk reduction for a composite of cardiovascular death and hospitalization for heart failure, with the risk reduction for hospitalization being greater (67–69). In addition to the positive cardiovascular outcomes demonstrated in the studies discussed, early initiation of SGLT-2i is increasingly emphasized to reduce associated complications. This approach is supported by evidence on the results of studies such as the EMPULSE trial and the DICTATE-AHF trial (70–75).

SGLT2i have consistently demonstrated cardiovascular benefits in meta-analyses and recent studies, confirming their robust efficacy regardless of ejection fraction or the presence of diabetes. These findings support their role as a cornerstone therapy in the management of heart failure across the entire clinical spectrum (Table 1).


Table 1 | Summary of the main studies with SGLT-2i.
	Study/clinical trial
	Drug (SGLT2)
	Number of patients
	Duration (years)
	Primary outcomes
	MACE reduction (%)
	Hospitalization for HF reduction (%)
	AlL-CAuse mortality (%)



	EMPAREG
	Empagliflozin
	702
	3.1
	MACE, hospitalization for HF
	14%
	38%
	32%


	CANVAS
	Canagliflozin
	10,142
	2.4
	MACE, albuminuria reduction
	14%
	N/A
	N/A


	DECLARE-TIMI 58
	Dapagliflozin
	1,716
	4.2
	MACE, hospitalization for HF
	Not significant
	27%
	N/A


	CREDENCE
	Canagliflozin
	4,401
	2.6
	MACE, composite renal outcome
	20%
	N/A
	N/A


	VERTIS
	Ertugliflozin
	8,246
	3.5
	MACE, hospitalization for HF
	Not significant
	30%
	N/A


	SCORED
	Sotagliflozin
	10,584
	1.5
	CV death, hospitalization for HF
	26%
	N/A
	N/A


	DAPA-HF
	Dapagliflozin
	4,744
	2.1
	MACE, hospitalization for HF, CV death
	26%
	26%
	18%


	EMPA-KIDNEY
	Empagliflozin
	6,609
	2
	MACE, composite renal outcome
	N/A
	N/A
	N/A


	EMPEROR-REDUCED
	Empagliflozin
	3,730
	1.9
	Hospitalization for HF, CV death
	25%
	30%
	N/A


	EMPEROR-PRESERVED
	Empagliflozin
	2,997
	2.2
	Hospitalization
for HF, CV death
	21%
	29%
	N/A


	DAPA CKD
	Dapagliflozin
	4,304
	2.4
	Decrease in eGFR, CV or Renal deaths
	N/A
	N/A
	31%


	DELIVER
	Dapagliflozin
	6,263
	N/A
	CV death, hospitalization for HF
	23%
	N/A
	N/A


	SOLOIST-WHF
	Sotagliflozin
	1,222
	N/A
	CV death, hospitalization for HF
	36%
	N/A
	N/A





N/A, Not Available.






4.3 GLP-1 RAs in patients with DM2

Several randomized clinical trials have demonstrated the cardiovascular benefits of GLP-1 RAs in patients with T2DM. Five of these trials have shown superiority in reducing MACE compared to placebo, while all have confirmed the cardiovascular safety of GLP-1 RAs (76).



4.3.1 Cardiovascular outcomes in GLP-1 RAs studies

The ELIXA trial, which included 6068 patients, was the first to investigate the cardiovascular effects of GLP-1 RAs. While lixisenatide 20 μg once daily did not demonstrate a significant reduction in the primary outcome of four-point MACE (RR1.02; 95% CI, 0.89–1.17), it was shown to be non-inferior to placebo in terms of cardiovascular safety (77).

The first study to demonstrate superiority over placebo was the LEADER study, in which 9,340 patients were assigned to either liraglutide or placebo. There was a significant reduction in the risk of MACE of 3 points (RR 0.87; 95% CI, 0.78-0.97). Regarding the cardiovascular mortality rate in patients with liraglutide, it was lower compared to placebo (RR 0.78; 95% CI, 0.66-0.93), and when analyzed in mortality due to any cause, it was also lower in the liraglutide group with a reduction of the RR by 15%. The rate of non-fatal stroke, non-fatal MI, and hospitalization for HF did not show significant differences (78). Semaglutide injection and CV impact was evaluated using the SUSTAIN-6 trial (designed as a non-inferiority trials), which primarily showed a reduction in the rate of non-fatal stroke events (RR 0.61; 95% CI, 0.38–0.99), as well as a decrease in the rate of MACE by 26% (79).

Other contemporary studies, such as the EXSCEL and FREEDOM trials evaluated the cardiovascular effects of exenatide, a GLP-1 RA (80, 81). EXSCEL found a 9% reduction in the relative risk (RR) of three-point MACE. While there were reductions in cardiovascular death (12%) and all-cause mortality (14%), the rates of fatal myocardial infarction (MI) and hospitalization for MI were not significantly different (80). The FREEDOM trial, with a median follow-up of 1.33 years, did not demonstrate a statistically significant difference in four-point MACE (RR 1.21; 95% CI, 0.90–1.63) (81).

The REWIND trial investigated the cardiovascular benefits of dulaglutide, a GLP-1 receptor agonist, in a population of 9,901 patients with T2DM aged 50+ and either established CVD or risk factors. The primary outcome was the first occurrence of a composite endpoint of non-fatal myocardial infarction, non-fatal stroke, or cardiovascular death. Dulaglutide significantly reduced the risk of this primary composite outcome by 12% compared to placebo (p=0.026). Gastrointestinal adverse events during follow-up were statistically significant (82).

Oral semaglutide has been studied in PIONEER 6 (designed as a non-inferiority trials), with a mean follow-up of 1.3 years and positive results for the primary endpoint: the MACE rate was reduced by 21% but did not achieve statistically significant differences. Furthermore, an important reduction in the number of deaths due to stroke was observed in the semaglutide treatment group (RR 0.49; 95% CI, 0.27-0.92). Regarding non-fatal myocardial infarction, there was no statistically significant difference (RR 1.18; 95% CI, 0.73-1.90) (83). For this drug, the ongoing SOUL trial has shown promising preliminary results, indicating a 14% reduction in the risk of MACE (84). The results of this study are expected in 2025.

The AMPLITUDE-O trial, which studied Efpeglenatide versus placebo with a mean follow-up of 1.81 years, demonstrated a significant 27% reduction in MACE. It also showed a reduction in heart failure (RR 0.61; 95% CI, 0.38–0.98) and cardiovascular mortality (RR 0.72; 95% CI, 0.50–1.03) (85).

Another study evaluating cardiovascular outcomes of GLP-1RAs was the HARMONY study. Albiglutide 30 mg was administered once weekly and enrolled a total of 9463 subjects aged ≥40 years with T2DM and established CVD. The albiglutide-treated group had a 3-point lower risk of MACE (0.78; 95% CI, 0.68–0.90). There was also a positive result for the rate of nonfatal myocardial infarction events, which was lower for the albiglutide group (RR 0.75; 0.61–0.90). However, the results were not positive for cardiovascular death (RR 0.93; 95% CI, 0.73–1.19) or stroke (RR 0.86; 95% CI, 0.66–1.14). It should be noted that this study did not evaluate hospitalization for HF (86).

A comprehensive meta-analysis by Giugliano et al. (2021) evaluated the cardiovascular benefits of GLP-1 RAs in patients with T2DM. The analysis, which included several of the above-mentioned, demonstrated a 14% reduction in the relative risk (RR) of MACE with GLP-1 RAs compared to placebo (87). Another meta-analysis also demonstrated that GLP-1s have a robust effect in reducing MACE (RR 0.87; 95% CI, 0.81-0.94) and death from any cause (RR 0.89; 95% CI, 0.83-0.95) (88). Positive results have also been found on HF, where GLP-1RAs could significantly reduce the incidence of hospital admission for heart failure by 11% (89).

Recent evidence has further substantiated the cardiovascular benefits of GLP-1 RAs. The SOUL trial (2025), a large-scale, double-blind, placebo-controlled study, evaluated once-daily oral semaglutide in 9,650 patients with T2DM and established atherosclerotic cardiovascular disease, chronic kidney disease, or both. Over a median follow-up of 49.5 months, oral semaglutide reduced the risk of MACE by 14% compared to placebo (HR 0.86; 95% CI, 0.77–0.96; p = 0.006), primarily driven by reductions in non-fatal MI and major adverse limb events. Approximately 27% of participants were on background SGLT2 inhibitor therapy at baseline; however, no significant interaction was observed, suggesting complementary cardiovascular protection mechanisms (90).

GLP-1 RAs significantly reduce the risk of MACE. Systematic reviews and meta-analyses confirm their overall cardiovascular benefits, demonstrating reductions in the relative risk of MACE, all-cause mortality, and hospitalizations for heart failure.





4.4 Role of GLP-1 RAs in arrhythmias and stroke

A meta-analysis by Liu et al. (2022) suggests that GLP-1 RAs may be associated with a reduced risk of atrial arrhythmias. This analysis included five trials with a total of 31,314 patients. While the study found that semaglutide specifically reduced the risk of atrial arrhythmias and atrial fibrillation (AF), other studies have reported conflicting results regarding the arrhythmia risk associated with GLP-1 RAs (91).

GLP-1RAs have been shown to significantly reduce postprandial levels of triglycerides, apolipoprotein (Apo) B48 and ApoC-III, independently of gastric emptying. In addition, liraglutide has been shown to significantly modify lipoprotein metabolism by reducing chylomicron production. Additionally, they exert a neuroprotective effect independently of blood glucose levels (92). Some of the antiatherosclerotic effects that contribute to stroke prevention are increased plaque stability, reduced vascular smooth muscle proliferation, and increased nitric oxide, all of which translate into improved endothelial function (92). This effect has been observed in several cardiovascular outcome clinical trials. GLP-1RAs have been shown to exert a protective factor by reducing stroke (RR 0.84; 95% CI, 0.77-0.93) (93) (Table 2).


Table 2 | Summary of the main studies with GLP1-AR.
	Study
	Drug
	Number of patients
	Duration (years)
	Primary outcomes
	MACE reduction (%)
	Cardiovascular mortality reduction (%)
	Heart Failure hospitalization reduction (%)



	ELIXA
	Lixisenatide
	6,068
	N/A
	No significant effect on MACE
	Not significant
	Not significant
	Not evaluated


	LEADER
	Liraglutide
	934
	N/A
	3-point MACE reduction
	13%
	22%
	Not significant


	SUSTAIN-6
	Semaglutide
	N/A
	N/A
	Reduction of non-fatal stroke, MACE
	26%
	N/A
	Not evaluated


	EXSCEL
	Exenatide
	N/A
	3.2
	3-point MACE risk reduction
	9%
	12%
	Not significant


	REWIND
	Dulagluitde
	9,901
	 
	3-point MACE risk reduction
	12%
	Not significant
	Not significant


	PIONEER 6
	Semaglutide
	N/A
	1.3
	Significant MACE reduction
	21%
	51%
	Not evaluated


	AMPLITUDE-O
	Efpeglenatide
	N/A
	1.81
	Reduction of MACE, Heart Failure
	27%
	28%
	39%


	HARMONY
	Albiglutide
	9,463
	N/A
	3-point MACE reduction
	22%
	Not significant
	Not evaluated


	SOUL
	Oral Semaglutide
	9650
	4.1
	MACE risk reduction
	14%
	Not significant
	Not evaluated





N/A, Not Available.






4.5 Impact of SGLT-2 inhibitors and GLP-1 receptor agonists on kidney function

Multiple clinical trials have demonstrated the renoprotective effects of SGLT-2i and GLP-1 RAs in patients with T2DM and CKD. Studies such as EMPA-REG, CANVAS and DECLARE-TIMI 58, while not primarily focused on renal outcomes, have consistently shown that these medications can help preserve renal function (89, 94). In the EMPA-REG study, empagliflozin significantly reduced the risk for the composite renal outcome, which included doubling of serum creatinine, progression of macroalbuminuria, initiation of renal replacement therapy, or renal death (56). The CANVAS trial was a cardiovascular safety study; however, it suggested the presence of the renoprotective effects of canagliflozin in patients with T2DM and CKD. Canagliflozin-treated patients experienced a slower decline in GFR and an 18% reduction in the urea-albumin-creatinine ratio. Additionally, the risk of sustained doubling of serum creatinine, end-stage renal disease, and renal death was lower in the canagliflozin group (34).

Subsequent studies, such as CREDENCE, DAPA-CKD, and EMPA-KIDNEY, were specifically designed to investigate the renoprotective effects of SGLT-2i. The CREDENCE clinical trial evaluated the effects of canagliflozin 100 mg daily versus placebo in 4401 patients with T2DM and chronic kidney disease (CKD). With a mean follow-up of 2.6 years, the study demonstrated a 34% reduction in the relative risk (RR) of a composite renal outcome, including dialysis requirement, a decline in glomerular filtration rate (GFR) <15 ml/m²/1.73 m², kidney transplant requirement, doubling of creatinine, and cardiovascular or renal death (58).

The DAPA-CKD trial, which specifically evaluated the efficacy of dapagliflozin in patients with CKD, regardless of T2DM status, found a 39% reduction in the relative risk of a composite renal outcome, including a decline in GFR by at least 50%, end-stage renal disease, or renal or cardiovascular death. Dapagliflozin-treated patients had a lower incidence of these events 6.6% vs. 11.3% in the placebo group (0.61; 95% CI, 0.51 to 0.72) (95).

The results of the EMPA-KIDNEY study showed that its primary endpoint was the first occurrence of the composite outcome of kidney disease progression, defined as end-stage kidney disease, a sustained decline in eGFR to <10 mL per minute per 1.73 m², a sustained decline in eGFR of ≥40% from baseline, renal death, or cardiovascular death. The study included 6,609 patients, who were followed for 2.0 years. Emplagliflozin demonstrated a 28% reduction in the risk of the primary endpoint. In addition, it also showed a reduction in the risk of kidney disease progression by 29% (0.71; 95% CI; 0.62–0.81) (96).

Regarding GLP-1 RAs, the LEADER, SUSTAIN-6, REWIND, PIONEER 6 and AMPLITUDE-O studies have shown nephroprotective effect, especially in preventing the occurrence of macroalbuminuria. In the LEADER study, the group treated with liraglutide had a lower risk of nephropathy, with a reduction of 26% (78). In the SUSTAIN-6 trial, it was observed that semaglutide reduced the risk of nephropathy in patients treated with the drug compared to those treated with placebo (79). On the other hand, in the AMPLITUDE-O study, which included 4,076 patients, was shown that efpeglenatide significantly reduced the composite renal outcomes by 32% (a decrease in renal function or the occurrence of macroalbuminuria according to criteria defined in the study) (0.68; 95% CI, 0.57-0.79). This significant difference between the GLP-1 and placebo groups was mainly driven by a marked reduction in the incidence of macroalbuminuria (59). The REWIND trial also provided results consistent with previous studies. This study showed that the dulaglutide treated group had a lower risk of a composite renal outcome, (which includes the occurrence of macroalbuminuria, a 30% decrease in estimated glomerular filtration rate (eGFR) or the need for renal replacement therapy, (0.85, 95% CI 0 77–0.93), and the strongest statistically significant outcome was the reduction in the occurrence of macroalbuminuria (97).

The FLOW trial enrolled 3533 patients with T2DM and chronic kidney disease at high risk for kidney failure, cardiovascular events, and death. Participants were randomly assigned to receive subcutaneous semaglutide 1.0 mg weekly or placebo. The primary outcome was major kidney disease events. The semaglutide group experienced a 24% lower risk of the primary outcome compared to the placebo group (p<0.001). Additionally, the semaglutide group had an 18% lower risk of MACE (98). However, the SOUL trial, evaluating oral semaglutide, did not demonstrate a statistically significant reduction in major kidney disease events (90).

SGLT2 inhibitors have demonstrated significant renoprotective effects in patients with type 2 diabetes and CKD, reducing the risk of renal disease progression, the need for dialysis or kidney transplantation, and renal or cardiovascular mortality. GLP-1 RAs also confer renal benefits, particularly by reducing macroalbuminuria and slowing the progression of nephropathy. Together, these findings underscore the important role both drug classes play in renal protection for patients with type 2 diabetes.




4.6 Sex differences in cardiovascular outcomes

Subgroup analyses from the DAPA-HF trial revealed that women with heart failure experienced a reduction in the primary composite outcome with dapagliflozin (RR 0.79; 95% CI, 0.59–1.06), comparable to men (RR 0.73; 95% CI, 0.63–0.85), with no significant interaction by sex (62). Similar findings were reported in the CANVAS and EMPA-REG OUTCOME trials, where no significant sex-based differences were observed (34, 56). In contrast, a meta-analysis by Rivera et al. (2023) demonstrated a significant reduction in the primary composite outcome for both men (RR 0.77; 95% CI, 0.72–0.84; p < 0.00001) and women (RR 0.75; 95% CI, 0.67–0.84; p < 0.00001) receiving SGLT-2 inhibitors compared to placebo (99). Another meta-analysis evaluating three CVOTs with SGLT-2 inhibitors (N = 34,322) showed a reduction in MACE in men (RR 0.90; 95% CI, 0.83–0.97; p = 0.006), whereas in women, the risk reduction did not reach statistical significance (RR 0.88; 95% CI, 0.77–1.00; p = 0.06) (100).

Regarding safety, women experienced a higher incidence of genital infections while on SGLT-2 inhibitors, likely due to anatomical predisposition, which may impact treatment adherence (31).

For GLP-1 receptor agonists, the REWIND trial demonstrated a reduction in cardiovascular events with dulaglutide, with a trend toward greater benefit in women, although statistical significance was not achieved (RR 0.85; 95% CI, 0.71–1.02) vs. men (RR 0.90; 95% CI, 0.79–1.04; p = 0.60) (82). In the SUSTAIN-6 trial, no sex-based differences in cardiovascular outcomes were observed, indicating similar efficacy across genders (79). A meta-analysis including seven GLP-1 RA trials demonstrated significant MACE reduction in both men (RR 0.88; 95% CI, 0.82–0.93; p < 0.0001) and women (RR 0.88; 95% CI, 0.79–0.99; p = 0.03) (100).

In terms of safety, gastrointestinal adverse effects—particularly nausea—were common across both sexes, but women reported higher rates of intolerance, which may lead to treatment discontinuation (46). These observations underscore the importance of incorporating sex-specific factors when selecting GLP-1 RAs, favoring their use in women at elevated stroke risk, with potential dose adjustments to optimize adherence (8, 91).

The reduction in MACE with SGLT-2 inhibitors appears to be less consistent in women with type 2 diabetes than in men, while GLP-1 receptor agonists provide similar cardiovascular benefits across sexes.




4.7 Combined use of SGLT2i and GLP-1 RAs

Several studies have explored the combination of GLP-1 RAs and SGLT-2 inhibitors in patients with T2DM. Randomized clinical trials, such as DURATION-8, SUSTAIN-9, and AWARD-10, have documented the use of GLP-1 RAs in patients already receiving SGLT-2 inhibitors, demonstrating efficacy without adverse effects on the studied population (96, 97). Similarly, sub analyses of studies like EXSCEL, AMPLITUDE-O, HARMONY, CANVAS, DECLARE-TIMI 58, and VERTIS-CV have shown a positive impact with the concomitant use of GLP-1 RAs and SGLT-2 inhibitors, irrespective of whether the initial intervention involved GLP-1 RAs or SGLT-2 inhibitors (34, 57, 59, 80, 85, 101–105).

Among the studies evaluating GLP-1 RAs and SGLT-2 inhibitors, the study conducted by Riley et al. through the TriNetX network stands out. This study included approximately 2.2 million participants and compared cardiovascular outcomes among patients treated without GLP-1 RAs or SGLT-2 inhibitors, with one of these drug classes, or with a combination of both. After five years of follow-up in patients with T2DM, the GLP-1 RAs and SGLT-2 inhibitors groups demonstrated significant reductions in mortality, CHD, HF, AF, stroke, peripheral vascular disease, and CKD, regardless which one of the drugs or its combination were used. Notably, the simultaneous use of both pharmacological classes provided a significantly greater benefit in outcomes such as mortality, hospitalizations, heart failure, and CKD (106).

Building on the findings of the aforementioned trials, several meta-analyses have been conducted since 2019 to evaluate the safety and efficacy of combining GLP-1 RAs and SGLT-2 inhibitors. In 2019, Castellana et al. performed a meta-analysis focusing on patients with T2DM who required rescue medication for hyperglycemia and had a follow-up period of at least 24 weeks. This study demonstrated significant improvements in parameters such as HbA1c, body weight, and lipid profiles, along with a reduced need for rescue medications to control hyperglycemia (107), an effect that has been demonstrated again in other meta-analyses carried out subsequently (108). Additionally, to date it has been demonstrated to have an adequate safety profile by not increasing adverse effects with the combination of these pharmacological groups (108–111).

Among the prospective studies on this pharmacological combination, real-world evidence also plays a significant role. For instance, García-Vega et al. conducted a prospective study involving patients treated in Galicia between 2018 and 2022. The study included 15,549 patients who received either the combination therapy of GLP-1 RAs and SGLT-2 inhibitors or monotherapy with one of these drug classes. After an average follow-up of 19 months, the combination therapy did not demonstrate a reduction in coronary heart disease or ischemic stroke events compared to monotherapy. However, notable benefits were observed in other outcomes, including a 31% reduction in hospital admissions for heart failure and a 32% decrease in all-cause mortality (112).

Other high-profile studies on the use of GLP-1 RAs and SGLT-2 inhibitors combination therapy were conducted by Marfellas et al. (84, 96),. Marfellas et al. recruited patients with T2DM who had experienced acute myocardial infarction (AMI) and had been treated with one of these drug groups within the three months preceding the acute event. Patients with HbA1c >7% were initiated on the complementary drug to complete the GLP-1 RA + SGLT-2i combination therapy. The primary endpoint was a composite of cardiovascular death, recurrent acute coronary syndrome, and heart failure related to AMI after two years of follow-up. Among the 443 patients who completed the study, the combination therapy group demonstrated an ≈84% reduction in the primary endpoint (113).

Simms-Williams et al. conducted a population-based cohort study involving 15,638 patients receiving the combination therapy. Their findings revealed a ≈30% reduction in MACE compared to monotherapy. Regarding renal outcomes, the combination therapy showed a reduction in events that did not reach statistical significance when compared to SGLT-2i monotherapy. In contrast, when analyzing stroke outcomes, the effect was more pronounced with GLP-1 RAs, which provided the greatest contribution to the reduction of stroke events. However, a 57% reduction in renal events was observed compared to those receiving only GLP-1 RAs (114).

In 2024, Ahmad and Sabbour conducted a meta-analysis encompassing data from over 110,000 patients, encompassing 13 investigations that evaluated the combined use of GLP-1 RAs and SGLT-2 inhibitors. The findings demonstrated a significant reduction in all-cause mortality, with an odds ratio of 0.49 (95% CI [0.41–0.60]; p < 0.00001). Additional benefits included reductions in body mass index (BMI), blood pressure levels, HbA1c, and fasting blood glucose, observed after a minimum of six months of clinical follow-up (111).

Notably, the study by Marfellas et al. focused on a cohort of patients following a coronary event, providing insights into the cardiovascular benefits of the therapeutic combination in this high-risk population. In contrast, Simms-Williams et al. analyzed patients initially treated with GLP-1 RAs or SGLT2i, subsequently adding the second agent to evaluate the effects of combination therapy compared to monotherapy and differencing across groups (113, 114). The study by Riley et al., despite its retrospective design, represents the largest dataset to date, offering robust evidence on cardiovascular and renal outcomes associated with this therapeutic strategy (106). Lastly, the analysis by García-Vega et al. incorporated stroke outcomes, broadening the scope of evidence for this combination therapy in real-world settings (112). The meta-analyses reviewed highlight the favorable safety profile of the pharmacological therapy, alongside its efficacy in optimizing clinical parameters, particularly glycemic control and lipid profiles (Table 3).


Table 3 | Summary of the main studies with combined use of GLP1-AR and SGLT2 inhibitors.
	Study
	Methodology
	Number of patients
	Duration (months)
	Primary outcomes
	Results
	All-cause mortality (Reduction)
	Heart failure consulting (Reduction)
	CKD progression (Reduction)



	Marfellas et al.
	Prospective Cohort
	443
	24
	Composite of the incidence of all-cause mortality, hospitalization for heart failure, acute coronary syndrome
	Reduced incidence (≈84%) of cardiovascular events in patients with T2DM and AMI
	N/A
	N/A
	N/A


	Simms-Williams et al.
	Population based cohort study
	15,638
	60
	Cardio renal vascular disease with impatient consulting or mortality
	GLP-1 RAs + SGLT-2 inhibitor combination was associated with a lower risk of MACE and serious renal events compared with either drug class alone.
	29%
	43%
	57%


	Riley et al.
	Retrospective Cohort
	108,507
	60
	All-cause mortality, hospitalization, Acute myocardial infarction
	SGLT2i + GLP-1RAs combination therapy was associated with the greatest risk reduction in all-cause mortality.
	75%
	40%
	28%


	García-Vega et al.
	Non-Concurrent prospective study
	15,549
	19
	All-cause mortality, hospitalization or mortality by: coronary artery disease, heart failure, stroke
	SGLT2i + GLP1ra reduces heart failure risk and all-cause mortality
	32%
	31%
	Not evaluated


	Castellana et al.
	Meta Analysis
	1,610
	≈6
	Efficacy and safety
	The addition of GLP1 RAs to SGLT2i proved to be effective
	Not evaluated
	Not evaluated
	Not evaluated


	Ahmad and Sabbour
	Meta Analysis of observational studies
	≈110,000
	3 to 60
	Effectiveness and safety
	Lower all-cause mortality and favorable improvements in cardiovascular, renal,
and glycemic measurements.
	51%
	Not evaluated
	Not evaluated





N/A, Not Available.



With respect to the SOUL trial, oral semaglutide demonstrated a 14% reduction in MACE outcomes, independent of concurrent SGLT2 inhibitor use. The combination therapy also exhibited a favorable safety profile in this trial (115).

To date, current evidence suggests that the combination of SGLT2 inhibitors and GLP-1 receptor agonists is generally well-tolerated. The adverse events observed align with the known safety profiles of each class used individually, with no indication of synergistic toxicity. This combination represents a promising therapeutic strategy for improving cardiovascular, renal, and metabolic outcomes in patients with T2DM.





5 Conclusions

The use of SGLT-2 inhibitors and GLP-1 RAs in patients with cardiovascular risk has been well-established over the past decade. When considering the initiation of these therapies, it is important to consider patient-specific factors. Patients with existing heart or kidney disease may benefit from starting SGLT-2 inhibitors therapy, while those with a higher risk of developing these conditions, such as obese patients and those with no cardiogenic stroke, may benefit more from GLP-1 RAs. However, it is essential to note that when additional pharmacological intervention is required to control diabetes mellitus, the choice between SGLT-2 inhibitors and GLP-1 RAs should be based on the patient’s individual needs and the specific medications already being used. The combination of SGLT-2 inhibitors and GLP-1 RAs offer additive benefits in reducing cardiovascular and renal risk in patients with diabetes and should be considered.
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Background

Estimated glucose disposal rate (eGDR) was a novel non-insulin-based marker of insulin resistance (IR), which had been used in many studies to evaluate the clinical prognosis of diabetes. However, the association of eGDR with atrial fibrillation (AF), heart failure (HF) and cardiovascular mortality in patients with diabetes remains unclear.





Methods

The study utilized UK Biobank data from 31,733 participants. Kaplan-Meier curves and Log-rank tests assessed AF, HF, and cardiovascular mortality incidence. Multivariate Cox models and restricted cubic splines analyzed the associations of eGDR with these outcomes. Polygenic Risk Score (PRS) analysis evaluated the joint effects of eGDR and PRS. Boruta algorithm filtered key predictive variables. Subgroup analysis was performed using cardiovascular high-risk factors, and mediation analysis explored the relationships of eGDR with the outcomes.





Results

Subjects with higher eGDR were more likely to be female, younger, more physically active, non-smoker, and non-drinker. The cumulative incidence of AF, HF, and cardiovascular mortality in the higher quartiles of GDR were significantly lower than those in the lowest quartile (log-rank P < 0.001 for all). eGDR exhibited an independent negative linear correlation with the risk of AF (HR = 0.94, 95% CI: 0.91-0.96), HF (HR = 0.78, 95% CI: 0.74-0.82), and cardiovascular mortality (HR = 0.86, 95% CI: 0.83-0.88) risk. eGDR made the most significant contribution to the predicted outcomes. In diabetic patients with high genetic susceptibility, high eGDR could reduce the risk of AF (HR = 0.68, 95% CI: 0.51-0.90), HF (HR = 0.43, 95% CI: 0.29-0.62), and cardiovascular mortality (HR = 0.30, 95% CI: 0.22-0.42). Mediation analysis demonstrated that 10.7%, 7.9%, and 10.3% of the relationship between eGDR and AF, HF, and cardiovascular mortality among individuals with diabetes were mediated by eGFR, respectively.





Conclusions

This study demonstrated that higher eGDR levels were associated with a decreased risk of AF, HF, and cardiovascular mortality. Therefore, eGDR may serve as a valuable tool for predicting the risk of AF, HF, and cardiovascular mortality in patients with diabetes.





Keywords: estimated glucose disposal rate, cardiovascular disease, atrial fibrillation, heart failure, cardiovascular mortality, patients with diabetes, UK Biobank





Introduction

Diabetes, a chronic metabolic disorder characterized by persistently elevated blood glucose levels, has emerged as a significant global health burden, ranking among the leading causes of death and disability worldwide (1). Individuals with diabetes exhibit a markedly increased risk of cardiovascular disease (CVD), which encompasses myocardial infarction (MI), heart failure (HF), atrial fibrillation (AF), and cardiovascular mortality (2, 3). Identifying risk factors for CVD in diabetic patients is critical, prompting extensive research into various biomarkers that can assess CVD risk in both diabetic and non-diabetic populations (4–7).

The estimated glucose disposal rate (eGDR) is an index derived from waist circumference, hypertension, and glycated hemoglobin (HbA1c), used to evaluate the body’s capacity to process glucose (8). Notably, eGDR is closely linked to insulin resistance (IR), a key risk factor for CVD (9). IR not only underpins type 2 diabetes but also contributes to a cluster of metabolic abnormalities, including dyslipidemia, inflammation, and endothelial dysfunction, all of which drive the onset and progression of CVD (10). Consequently, eGDR has increasingly been utilized as a predictor of cardiovascular mortality risk (11–13). Traditional methods for assessing insulin sensitivity, such as the glucose clamp technique, are often complex, invasive, time-consuming, expensive, and require specialized equipment and trained personnel (14). In contrast, eGDR offers a simple, convenient, and cost-effective alternative, as it can be readily calculated using routinely available clinical parameters. This makes eGDR particularly suitable for routine clinical practice and large-scale epidemiological studies (15, 16).

Previous studies have demonstrated that eGDR is independently and negatively correlated with coronary artery disease severity, suggesting its potential utility in early identification and risk stratification of coronary heart disease patients, thereby improving prognosis (17). Similarly, eGDR has been shown to predict cardiovascular events and mortality in non-diabetic patients with chronic kidney disease (18). Additionally, eGDR has been associated with arterial stiffness and mortality in adults with non-alcoholic fatty liver disease (19). However, evidence regarding the association between eGDR and AF, HF, and cardiovascular mortality remains limited. Given that AF and HF represent two major cardiovascular complications of diabetes, elucidating their relationship with eGDR could provide novel insights into the pathophysiology of these conditions and inform more effective preventive and therapeutic strategies. Therefore, the aim of this study was to evaluate the association of eGDR with AF, HF, and cardiovascular mortality in patients with diabetes and to explore the underlying mechanisms.





Materials and methods




Study population

The UK Biobank (UKB) is a large-scale biomedical database and research resource and has collected an unprecedented amount of biological and medical data on 500,000 participants (229,041 males and 273,293 females) from UK. UKB has received approval from the North West Multi-centre Research Ethics Committee (MREC) as a Research Tissue Bank (RTB) approval. Therefore, researchers do not require separate ethical clearance and can operate under the RTB approval. Data from the UKB are accessible to researchers after receiving research approval from the UKB. This study was conducted under UKB licence (Application ID:106027).

This study sifted 36,126 participants who had evidence of diabetes at baseline, the inclusion criteria were as follows: (1) Hospital diagnosis records indicating diabetes. (2) HbA1c ≥ 6.5%. (3) Fasting glucose ≥ 7.0mmol/L. (4) Receipt of hypoglycemic treatment. Participants were excluded if they had missing data on waist circumference (WC), glycosylated hemoglobin (HbA1c), or a history of AF and HF. As a result, a total of 31,733 participants were included in the final analysis.





Data collection and definition

At recruitment, participants completed computerised questionnaires on lifestyle, baseline demographic, and medical history, including gender, age, race, education level, body mass index (BMI), WC, height, smoking status (never, former, and current), alcohol consumption status (never, former, and current), frequency of moderate physical activity (Never, < 3 times per day, ≥ 3 times per day), household income. Hypertension was defined as systolic blood pressure (SBP) ≥ 140 mmHg, diastolic blood pressure (DBP) ≥ 90 mmHg, a hospital diagnosis record, use of blood pressure medication, specialist diagnosis, drug reimbursement records, or self-reported information. Additional data collected included the use of aspirin, insulin, blood pressure medication, and cholesterol-lowering medication. Laboratory assessments included measurements of glycated hemoglobin (HbA1c), glucose (Glu), albumin (ALB), serum creatinine (Scr), uric acid (Ua), blood urea nitrogen (BUN), triglycerides (TG), total cholesterol (TC), high-density lipoprotein cholesterol (HDL-C), low-density lipoprotein cholesterol (LDL-C), estimated glomerular filtration rate (eGFR), and C-reactive protein (CRP).

The formula used to calculate the eGDR was as follows: eGDR=21.158 - [(0.09 × waist circumference (cm)] - [(3.407 × Hypertension (yes or no)] - [0.551 × HbA1c (%)] (15). Participants were categorized into four groups (Q1, Q2, Q3, Q4) based on eGDR level using the 25th, 50th, and 75th percentiles as cutoff points. The lowest quartile (Q1) served as the reference group.





Assessment of atrial fibrillation, heart failure and cardiovascular mortality

Hospital records linked to disease outcomes were obtained from the UK Biobank. The international statistical classification of diseases (ICD-10) was used to define the classification of diseases. The primary endpoints of this study were the diagnosis of AF (codes I48, I48.0-4, and I48.9), HF (codes I50, I13.0, I13.2, and I11.0) and cardiovascular death. Cardiovascular death was defined based on records as mortality caused by acute myocardial infarction (AMI), AF, HF, arrhythmia, cardiac surgery, or other cardiovascular-related causes. For this study, the hospital admission and death data were updated up to 19 December 2022, and thus the follow-up period was terminated on this date. The date of diagnosis was defined as the earliest day when the disease manifested. The follow-up duration was calculated as the time interval between the baseline survey date and the earliest occurrence among the disease diagnosis date, the death date, the loss-to-follow-up date, or the end of the follow-up period. During the follow-up period, cardiovascular mortality rates were computed for each quartile of eGDR.





Definition of polygenic risk score

Patients with missing Polygenic Risk Score (PRS) data were excluded from the analysis. Consequently, a total of 31,375 diabetic patients were included in the PRS analysis. Standard PRS for AF and CVD, available from the UK Biobank, has been previously published. The PRS was calculated as the weighted sum of the effect sizes of individual genetic variants multiplied by their allele dosages, using a Bayesian approach applied to meta-analyze summary statistics derived from genome-wide association study (GWAS) data (20). In this study, the PRS of AF and CVD were categorized into low genetic risk (quintile 1), intermediate genetic risk (quintile 2 to 4) and high genetic risk (quintile 5).





Statistical analysis

R software (version 4.3.0, Institute for Statistics and Mathematics, Vienna, Austria) was used for all analyses. Continuous variables were expressed as mean ± standard deviation, and if variables were normally distributed, analysis of variance (ANOVA) was performed to assess differences between groups. Otherwise, they were presented as Median or quartile M (P25, P75). Mann Whitney U test was used for comparison among quartiles. Categorical variables were expressed as frequency and percentage. Chi-square tests were conducted to compare proportions across groups. Missing values of covariates were handled using multiple imputation. The maximum proportion of missing values was 6.1%, with an average of 0.51%.

The cumulative incidence rate curves for AF, HF, and cardiovascular mortality were estimated using the Kaplan-Meier method and compared using the log-rank test across eGDR quartile groups. Three multivariate Cox proportional hazards regression models were constructed to evaluate the the association of eGDR with AF, HF and cardiovascular mortality in patients with diabetes. Model 1 was unadjusted; model 2 adjusted for age, gender, race, education level, BMI, smoking status, and alcohol consumption status. Model 3 included all variables from Model 2, and further adjusted for SBP, DBP, TG, TC, eGFR, UA, aspirin, cholesterol-lowering medication, blood pressure medication, and insulin use. Nonlinear correlations between eGDR and AF, HF and cardiovascular mortality were explored using a restricted cubic spline (RCS) curve based on Cox regression model.

To evaluate the joint effects of PRS on the association of eGDR with risk of AF, HF and cardiovascular mortality, analyses were stratified by genetic risk categories (low genetic risk, intermediate genetic risk and high genetic risk). Each genetic risk category was further divided into four groups (Q1, Q2, Q3, Q4) based on eGDR level using the 25th, 50th, and 75th percentiles as cutoff points individually. The association of eGDR with the risk of AF, HF, and cardiovascular mortality was analyzed using multivariate Cox proportional hazards regression Model 3.

Subgroup analyses were conducted for significant covariates (age, gender, BMI, education level, smoking status, and alcohol consumption status) to assess the effects of eGDR on the incidence of AF, HF, and cardiovascular mortality across several subgroups. We used the Random Forest-based Boruta`s algorithm for feature selection to filter out the variables that contribute most to prediction model by generating shadow features and comparing their importance. Mediation analysis was performed to investigate the mediating effects of eGDR on AF, HF, and cardiovascular mortality. Variables in Model 3 that exhibited substantial relationships with eGDR were selected as potential mediators. The percentage mediated was computed as indirect effect/(indirect+direct impact). A two-sided P values<0.05 indicated statistical significance.







Result




Demographic characteristics of the study participants

A total of 31,733 diabetes patients without AF and HF were included in this study from the UKB finally, and the patient selection process was shown in Figure 1. Demographic characteristics of the subjects according to the quartiles of eGDR were showed in Table 1. The average age of the subjects was 59.192 ± 7.295 years, with a majority being non-Hispanic White (88.56%). The mean value of eGDR was 5.934 ± 2.532. Subjects with higher eGDR were more likely to be female, younger, more physically active, non-smoker, and non-drinker. Additionally, subjects with atrial fibrillation, heart failure, or cardiovascular death exhibited lower eGDR levels. The group with the highest eGDR exhibited the lowest proportion of patients using blood pressure medication, cholesterol-lowering medication, aspirin, and insulin.

[image: Flowchart diagram showing participant selection, data extraction, and statistical analysis for a diabetes study. From 36,126 enrolled participants, exclusions and inclusions led to 31,733 analyzed, grouped by eGDR ranges. Kaplan-Meier curves and multivariate Cox models assessed AF, HF, and cardiovascular mortality, finding higher eGDR reduces these risks and mediating roles for eGFR.]
Figure 1 | Flow chart of study selection.


Table 1 | Demographic characteristics of the study participants.
	Characteristic
	Total
	eGDR
	P


	Q1 (<4.167)
	Q2 (4.168-5.486)
	Q3 (5.487-7.689)
	Q4 (>7.690)



	Participants
	n=31733
	n=7933
	n=7933
	n=7933
	n=7934
	 


	Age, years
	59.192±7.295
	59.035±6.949
	60.328±6.681
	59.825±7.151
	57.58±8.032
	<0.001


	Gender, male, n (%)
	18178 (57.28)
	5548 (69.94)
	5135 (64.73)
	4182 (52.72)
	3313 (41.76)
	<0.001


	BMI, kg/m2
	30.869±5.855
	36.374±5.676
	31.239±4.112
	28.889±4.653
	27.003±4.145
	<0.001


	Height, cm
	2.5±1.54
	2.234±1.468
	2.422±1.516
	2.559±1.551
	2.785±1.573
	<0.001


	WC, cm
	100.97±14.733
	116.861±11.023
	102.868±7.121
	94.987±11.647
	89.183±11.381
	<0.001


	SBP, mmHg
	145.788±18.696
	149.217±18.336
	149.184±18.431
	147.676±18.728
	137.005±16.359
	<0.001


	DBP, mmHg
	84.006±10.395
	86.904±10.886
	85.651±10.616
	84.189±10.21
	79.242±7.924
	<0.001


	HbA1c, (%)
	6.812±1.357
	7.704±1.66
	6.767±0.995
	6.51±1.193
	6.268±1.007
	<0.001


	Hypertention, n (%)
	22195 (69.94)
	22195 (69.94)
	22195 (69.94)
	22195 (69.94)
	22195 (69.94)
	<0.001


	eGDR
	5.934±2.532
	3.007±1.029
	4.839±0.375
	6.387±0.624
	9.501±1.167
	<0.001


	Education level, n (%)
	 
	 
	 
	 
	 
	<0.001


	College or above
	7798 (25.05)
	1681 (21.62)
	1720 (22.08)
	1922 (24.77)
	2475 (31.72)
	 


	others
	23330 (74.95)
	6093 (78.38)
	6071 (77.92)
	5838 (75.23)
	5328 (68.28)
	 


	Race
	 
	 
	 
	 
	 
	<0.001


	White
	27892 (88.56)
	7204 (91.42)
	6895 (87.44)
	6862 (87.30)
	6931 (88.06)
	 


	Latin
	202 (0.64)
	48 (0.61)
	48 (0.61)
	60 (0.76)
	46 (0.58)
	 


	Black
	2512 (7.98)
	425 (5.39)
	667 (8.46)
	716 (9.11)
	704 (8.94)
	 


	Asian
	890 (2.83)
	203 (2.58)
	275 (3.49)
	222 (2.82)
	190 (2.41)
	 


	Smoking status, n (%))
	 
	 
	 
	 
	 
	<0.001


	Never
	14978 (47.67)
	3309 (42.09)
	3536 (45.04)
	3916 (49.89)
	4217 (53.69)
	 


	Former
	12918 (41.12)
	3676 (46.76)
	3518 (44.81)
	3048 (38.83)
	2676 (34.07)
	 


	Now
	3521 (11.21)
	877 (11.15)
	797 (10.15)
	886 (11.29)
	961 (12.24)
	 


	Alcohol consumption status, n (%)
	 
	 
	 
	 
	 
	<0.001


	Never
	2631 (8.33)
	619 (7.84)
	646 (8.18)
	671 (8.51)
	695 (8.82)
	 


	Former
	2084 (6.60)
	675 (8.55)
	514 (6.51)
	457 (5.79)
	438 (5.56)
	 


	Now
	26854 (85.06)
	6604 (83.62)
	6741 (85.32)
	6760 (85.70)
	6749 (85.63)
	 


	Frequency of moderated physical activity, n (%)
	 
	 
	 
	 
	 
	<0.001


	Never
	5278 (18.29)
	1771 (24.85)
	1294 (18.02)
	1190 (16.43)
	1023 (14.00)
	 


	<3 times per day
	10239 (35.48)
	2494 (34.99)
	2585 (35.99)
	2525 (34.87)
	2635 (36.06)
	 


	≥3 times per day
	13342 (46.23)
	2862 (40.16)
	3303 (45.99)
	3527 (48.70)
	3650 (49.95)
	 


	Medications
	 
	 
	 
	 
	 
	 


	Cholesterol-lowering medication, n (%)
	18997 (60.17)
	5673 (71.78)
	5614 (71.04)
	4720 (59.85)
	2990 (37.94)
	<0.001


	Blood pressure medication, n (%)
	17029 (53.93)
	6280 (79.46)
	6050 (76.55)
	4454 (56.47)
	245 (3.11)
	<0.001


	Aspirin, n (%)
	12773 (40.47)
	4036 (51.13)
	3864 (48.92)
	3094 (39.22)
	1779 (22.59)
	<0.001


	Insulin, n (%)
	18997 (60.17)
	5673 (71.78)
	5614 (71.04)
	4720 (59.85)
	2990 (37.94)
	<0.001


	Laboratory assessments
	 
	 
	 
	 
	 
	 


	Scr, umol/L
	74.125±27.087
	77.247±32.252
	76.797±30.257
	73.315±26.105
	69.236±16.291
	<0.001


	eGFR, ml/min
	87.96 (76.785-98.247)
	85.306 (72.443-96.657)
	85.961 (74.577-96.143)
	87.907 (77.351-97.683)
	92.149 (82.153-101.297)
	<0.001


	Ua, umol/L
	329.089±84.511
	349.869±89.019
	345.259±81.717
	324.739±80.827
	297.131±75.625
	<0.001


	BUN, umol/L
	5.732±1.813
	5.954±2.161
	5.871±1.91
	5.695±1.68
	5.415±1.369
	<0.001


	TC, mmol/L
	4.858±1.215
	4.608±1.143
	4.68±1.146
	4.92±1.235
	5.215±1.239
	<0.001


	TG, mmol/L
	1.870 (1.294-2.69)
	2.175 (1.561-3.05)
	1.968 (1.407-2.77)
	1.772 (1.233-2.545)
	1.568 (1.071-2.312)
	<0.001


	LDL-C, mmol/L
	1.414 (1.153-1.728)
	1.34 (1.097-1.625)
	1.375 (1.132-1.656)
	1.423 (1.161-1.756)
	1.532 (1.242-1.856)
	<0.001


	HDL-C, mmol/L
	1.184 (1.001-1.422)
	1.069 (0.919-1.241)
	1.144 (0.981-1.339)
	1.234 (1.05-1.472)
	1.338 (1.105-1.62)
	<0.001


	Cys-C, mmol/L
	0.927 (0.832-1.048)
	0.984 (0.872-1.125)
	0.951 (0.854-1.071)
	0.919 (0.827-1.031)
	0.873 (0.791-0.97)
	<0.001


	GLU, mmol/L
	7.044 (5.466-8.56)
	7.678 (5.933-10.648)
	6.616 (5.366-8.206)
	6.678 (5.307-8.016)
	7.104 (5.411-8.045)
	<0.001


	ALB, g/L
	44.9±2.85
	44.331±2.884
	45.181±2.82
	45.169±2.835
	44.918±2.779
	<0.001


	CRP, g/L
	1.93 (0.92-4.02)
	2.98 (1.5-6.06)
	1.98 (0.97-3.9)
	1.66 (0.8-3.49)
	1.38 (0.66-2.91)
	<0.001


	Primary endpoints
	 
	 
	 
	 
	 
	 


	Atrial fibrillation, n (%)
	3892 (12.26)
	1489 (18.77)
	1075 (13.55)
	863 (10.88)
	465 (5.86)
	<0.001


	Heart failure, n (%)
	3045 (9.60)
	1346 (16.97)
	790 (9.96)
	627 (7.90)
	282 (3.55)
	<0.001


	Cardiovascular mortality, n (%)
	1911 (6.02)
	770 (9.71)
	532 (6.71)
	395 (4.98)
	214 (2.70)
	<0.001


	All-cause mortality, n (%)
	5788 (18.24)
	2048 (25.82)
	1543 (19.45)
	1311 (16.53)
	886 (11.17)
	<0.001





The chi-square test was used for the comparison of categorical variables; the t-test was employed to compare variates with normal distribution, and the rank-sum test was conducted for variates with skewed distribution. eGDR, estimated glucose disposal rate; BMI, body mass index; WC, waist circumference; SBP, systolic blood pressure; DBP, diastolic blood pressure; eGFR, estimated glomerular filtration rate; Ua, uric acid ; BUN, blood urea nitrogen; TC, total cholesterol; TG, HDL-C, high-density lipoprotein cholesterol; LDL-C,low-density lipoprotein cholesterol; GLU, glucose; Scr, serum creatinine; Cys-C,Cystatin C; ALB, Albumin; CRP, C-reactive protein.







Analysis of the association of eGDR with AF, HF, and cardiovascular mortality

During a median follow-up of 12.8 years, 3,892 (12.26%) subjects developed atrial fibrillation (AF), 3,045 (9.60%) subjects developed heart failure (HF), and 1,911 (6.02%) subjects experienced cardiovascular mortality. The Kaplan-Meier survival curves and Log-rank test showed that the cumulative incidence of AF, HF and cardiovascular mortality was was significantly lower in the highest eGDR quartile compared to the lowest quartile (log-rank P < 0.001 for all) (Figure 2).

[image: Three line charts show cumulative incidence rates over time for atrial fibrillation, heart failure, and cardiovascular mortality by eGDR quartiles, indicating higher event rates for lower eGDR groups with significant p-values.]
Figure 2 | The Kaplan-Meier curve for cumulative incidence of AF (A), HF (B), and cardiovascular mortality (C) was based on eGDR quartiles for diabetic participants.

We conducted three Cox regression models to investigate the associations between eGDR with the risk of AF, HF and cardiovascular mortality. The results demonstrated that eGDR was significantly associated with both AF (HR=0.84, 95% CI: 0.83-0.85 in Model 1; HR = 0.90, 95% CI: 0.88-0.92 in Model 2; HR = 0.94, 95% CI: 0.91-0.96 in Model 3), HF (HR = 0.79, 95% CI: 0.78-0.80 in Model 1; HR = 0.82, 95% CI: 0.81-0.84 in Model 2; HR = 0.78, 95% CI: 0.74-0.82 in Model 3), and cardiovascular mortality (HR = 0.81, 95% CI: 0.80-0.83 in Model 1; HR = 0.84, 95% CI: 0.82-0.86 in Model 2; HR = 0.86, 95% CI: 0.83-0.88 in Model 3) (Table 2).


Table 2 | HRs (95% CIs) for AF, HF, and cardiovascular mortality according to the eGDR quartiles.
	Variables
	Overall
	Quartiles of eGDR
	


	Q1 (<4.167)
	Q2 (4.168-5.486)
	Q3 (5.487-7.689)
	Q4 (>7.690)
	P for trend



	AF


	Number of incidence
	N=3892
	N=1489
	N=1075
	N=863
	N=465
	 


	Model 1
HR (95%CI)
P-value
	0.84 (0.83, 0.85)
<0.001
	Reference
	0.70 (0.65,0.76)
<0.001
	0.55 (0.51, 0.60)
<0.001
	0.29 (0.26, 0.32)
<0.001
	<0.001


	Model 2
HR (95%CI)
P-value
	0.90 (0.88, 0.92)
<0.001
	Reference
	0.83 (0.76, 0.90)
<0.001
	0.78 (0.70, 0.86)
<0.001
	0.53 (0.47, 0.60)
<0.001
	<0.001


	Model 3
HR (95%CI)
P-value
	0.94 (0.91, 0.96)
<0.001
	Reference
	0.86 (0.79, 0.94)
0.001
	0.86 (0.78, 0.96)
0.007
	0.70 (0.60, 0.82)
<0.001
	<0.001


	HF


	Number of incidence
	N=3045
	N=1346
	N=790
	N=627
	N=282
	 


	Model 1
HR (95%CI)
P-value
	0.79 (0.788, 0.80)
<0.001
	Ref ( 1.0)
	0.55 (0.50, 0.60)
<0.001
	0.43 (0.39, 0.47)
<0.001
	0.19 (0.16, 0.21)
<0.001
	<0.001


	Model 2
HR (95%CI)
P-value
	0.82 (0.81, 0.83)
<0.001
	Ref ( 1.0)
	0.60 (0.54, 0.66)
<0.001
	0.54 (0.48, 0.61)
<0.001
	0.30 (0.26, 0.35)
0.001
	<0.001


	Model 3
HR (95%CI)
P-value
	0.7 8 (0.74, 0.82)
<0.001
	Ref ( 1.0)
	0.66 (0.59, 0.72)
<0.001
	0.65 (0.57, 0.73)
<0.001
	0.43 (0.35, 0.51)
<0.001
	<0.001


	Cardiovascular mortality


	Number of incidence
	N=1911
	N=770
	N=532
	N=395
	N=214
	 


	Model 1
HR (95%CI)
P-value
	0.81 (0.80, 0.83)
<0.001
	Ref ( 1.0)
	0.67 (0.60, 0.75)
<0.001
	0.49 (0.43, 0.55)
<0.001
	0.26 (0.22, 0.30)
<0.001
	<0.001


	Model 2
HR (95%CI)
P-value
	0.84 (0.82, 0.86)
<0.001
	Ref ( 1.0)
	0.69 (0.61, 0.78)
<0.001
	0.59 (0.51, 0.68)
<0.001
	0.39 (0.33, 0.47)
0.001
	<0.001


	Model 3
HR (95%CI)
P-value
	0.86 (0.83, 0.88)
<0.001
	Ref ( 1.0)
	0.76 (0.67, 0.86)
<0.001
	0.69 (0.59, 0.80)
<0.001
	0.55 (0.42, 0.65)
<0.001
	<0.001





Model 1: Unadjusted.

Model 2: Adjusted for age, gender, race, education level, BMI, smoking status, and alcohol consumption status.

Model 3: Included all variables from Model 2, and further adjusted for SBP, DBP, TG, TC, eGFR, UA, aspirin, cholesterol-lowering medication, blood pressure medication, and insulin use.

Ref: reference; eGDR, estimated glucose disposal rate; AF, atrial fibrillation; HF, heart failure; BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure; TC, total cholesterol; TG, triglyceride; eGFR, estimated glomerular filtration rate; Ua, uric acid.



We performed restrictive cubic spline analysis based on the Cox proportional hazards regression model to investigate nonlinear correlations between eGDR and AF, HF and cardiovascular mortality. With eGDR as the x-axis and the hazard ratio as the y-axis, the smoothed curve fitting diagram after adjusting for confounding factors from Model 3 showed that eGDR presented a negative linear correlation with the AF (P for non-linear = 0.227) and HF (P for non-linearity = 0.067), and a non-linearity relationship with cardiovascular mortality (P for non-linearity = 0.012). Notably, despite the nonlinear pattern, an increasing level of eGDR was still associated with a decreasing trend in cardiovascular mortality (Figure 3).

[image: Three-panel figure displays hazard ratios with ninety-five percent confidence intervals for atrial fibrillation (blue, A), heart failure (green, B), and cardiovascular mortality (red, C) as functions of eGDR. Hazard ratios decrease as eGDR increases for all outcomes. Card C also shows an inflection point at four point four six, and all panels include p-values for overall and non-linear associations. Pale histograms behind each line indicate data distribution.]
Figure 3 | The restricted cubic spline curves for atrial fibrillation (A), heart failure (B), and cardiovascular mortality (C) based on eGDR for diabetic participants.





Joint association of eGDR and PRS with AF, HF and cardiovascular mortality

Compared to low genetic risk, high genetic risk was associated with increased risk of AF (HR = 2.84, 95% CI:2.54-3.17), HF (HR = 1.55, 95% CI:1.38-1.74), and cardiovascular mortality (HR = 1.65, 95% CI:1.43-1.91), respectively (Supplementary Table S1). Behavioral and genetic factors jointly contributed to the risk of AF, HF and cardiovascular mortality. Therefore, we further investigated whether appropriate eGDR levels could mitigate the risks of AF, HF, and cardiovascular mortality in individuals with genetic susceptibility. Figure 4A1 showed that no statistically significant difference between low genetic risk and eGDR for AF risk (P =0.335). However, high eGDR was associated with a 27% and 32% reduced risk of AF among intermediate (HR = 0.73, 95% CI: 0.60-0.89) and high genetic risk groups (HR = 0.68, 95% CI: 0.51-0.90), respectively. Figure 4B1 showed that high eGDR was associated with a 63%, 55% and 53% reduced risk of HF among low (HR = 0.37, 95% CI: 0.23-0.59), intermediate (HR = 0.45, 95% CI: 0.36-0.57) and high genetic risk groups (HR = 0.47, 95% CI: 0.29-0.62), respectively. Figure 4C1 showed that high eGDR was associated with a 77%, 75% and 70% reduced risk of cardiovascular mortality among low (HR = 0.23, 95% CI: 0.26-0.33), intermediate (HR = 0.25, 95% CI: 0.21-0.31) and high genetic risk groups (HR = 0.30, 95% CI: 0.22-0.42), respectively. Individuals with low eGDR and high genetic risk exhibited a increased risk of AF, HF, and cardiovascular mortality compared with those with high eGDR and low genetic risk (Figures 4A2, B2, C2; Supplementary Table S2).

[image: Three groups of panels display hazard ratios for atrial fibrillation, heart failure, and cardiovascular mortality by genetic risk and estimated glomerular filtration rate (eGDR) quartiles. Each group includes a forest plot and a bar graph comparing risk across subgroups.]
Figure 4 | Joint association of eGDR and PRS with atrial fibrillation (A1, A2), heart failure (B1, B2), and cardiovascular mortality (C1, C2).





The variables that contribute most to model predictions

The feature screening results based on Boruta`s algorithm were showed in Figure 5; Supplementary Figure S1. After 500 iterations it was determined that the 20 variables most closely associated with AF were age, eGDR, BMI, WC, eGFR, DBP, SBP, HbAc1, UA, TC, AF-PRS, TG, gender, cholesterol-lowering medication, hypertension, blood pressure medication, asprin, insulin, race, alcohol consumption status, and smoking status. The 19 variables most closely associated with HF were eGDR, BMI, WC, eGFR, HbA1C, age, DSP, SBP, UA, TC, TG, blood pressure medication, insulin, hypertension, cholesterol-lowering medication, gender, asprin, CVD-PRS, and race. And the 20 variables most closely associated with cardiovascular mortality were eGDR, BMI, WC, eGFR, HbA1C, SBP, age, DSP, TC, UA, TG, gender, insulin, hypertension, cholesterol-lowering medication, blood pressure medication, race, asprin, smoking status, CVD-PRS, and education level. The analysis demonstrated that eGDR contributes most significantly to the the prediction of HF and cardiovascular mortality outcomes. While age contributes most significantly to the prediction of AF outcomes, eGDR ranks second in importance after age.

[image: Three grouped box plot graphics illustrate variable importance for predicting atrial fibrillation, heart failure, and cardiovascular mortality. Importance scores increase left to right, with age, eGDR, BMI, and WC ranking highest for all outcomes. Each plot distinguishes confirmed variables and shadow variables using color-coded legends.]
Figure 5 | Feature selection based on the Boruta`s algorithm for AF (A), HF (B), and cardiovascular mortality (C).





Subgroup analysis

To further evaluate the effect of eGDR on outcome indicators, subgroup analyses was performed according to ages, gender, BMI, education level, smoking status, and alcohol consumption status. The subgroup analysis of AF (Figure 6) revealed that there was no significant interaction between most subgroups (gender, education level, smoking status, and alcohol consumption status) (P for interaction > 0.05). However, significant interactions were observed between eGDR and age as well as BMI subgroups. we found eGDR was strongly associated with AF incidence in the age subgroup (P for interaction = 0.002). Compared with the lowest eGDR, high eGDR was associated with a 53% reduced risk of AF incidence in subjects < 65 years (HR = 0.47, 95% CI: 0.35–0.65) and a 24% reduced risk in subjects ≥ 65 years (HR = 0.76, 95% CI: 0.64–0.92). In the BMI subgroup, an interaction was also observed between eGDR and AF incidence (P for interaction = 0.009). High eGDR was associated with a 29% reduced risk of AF incidence in subjects with BMI < 30 kg/m2 (HR = 0.71, 95% CI: 0.54-0.93) and a 43% reduced risk in subjects with BMI ≥ 30 kg/m2 (HR = 0.57, 95% CI: 0.46-0.71).

[image: Forest plot with hazard ratios and confidence intervals for atrial fibrillation, heart failure, and cardiovascular mortality by eGDR quartile, stratified by age, gender, BMI, education, smoking status, and alcohol consumption, showing statistically significant associations and p-values for each subgroup.]
Figure 6 | Subgroup and interaction analyses among the quartile Q1-Q4 and AF, HF, and cardiovascular mortality across various subgroups.

The subgroup analysis of heart failure (HF) (Figure 6) showed that there was no significant interaction between eGDR and most subgroups (gender, BMI, smoking status, and alcohol consumption status) (P for interaction > 0.05). However, a significant interaction was observed between eGDR and age (P for interaction < 0.001). High eGDR was associated with a 78% reduced risk of HF incidence in subjects < 65 years (HR = 0.22, 95% CI: 0.15-0.32) and a 47% reduced risk in subjects ≥ 65 years (HR = 0.53, 95% CI: 0.43-0.66).

The subgroup analysis of cardiovascular mortality (Figure 6) demonstrated that there was no significant interaction between eGDR and any subgroups (P for interaction > 0.05), except for the age subgroup (P for interaction = 0.017). High eGDR was associated with a 64% reduced risk of cardiovascular mortality in subjects < 65 years (HR = 0.36, 95% CI: 0.24-0.55) and a 42% reduced risk in subjects ≥ 65 years (HR = 0.58, 95% CI: 0.45-0.75).





Mediation analysis

Insulin resistance was associated with renal function, particularly in individuals with diabetes. Mediation analysis revealed that 10.7%, 7.9%, and 10.3% of the associations between eGDR and AF, HF, and cardiovascular mortality, respectively, among individuals with diabetes were mediated by eGFR. eGFR was positively correlated with a reduced risk of AF (Estimate ± SE = 0.006 ± 0.001, P < 0.001), HF (Estimate ± SE = 0.009 ± 0.001, P < 0.001), and cardiovascular mortality (Estimate ± SE = -0.010 ± 0.001, P < 0.001). Additionally, eGDR was positively correlated with eGFR (Estimate ± SE = 0.897 ± 0.047, P < 0.001) and a reduced risk of AF (Estimate ± SE = 0.043 ± 0.009, P < 0.001), HF (Estimate ± SE = 0.097 ± 0.007, P < 0.001), and cardiovascular mortality (Estimate ± SE = 0.081 ± 0.008, P < 0.001) (Figure 7).

[image: Diagram showing three mediation analysis panels labeled A, B, and C. Each panel depicts the pathway from eGDR to eGFR [CKD-EPI (Scr-CysC)] to reduced risk outcomes: A, atrial fibrillation (AF); B, heart failure (HF); and C, cardiovascular (CVD) mortality. Path coefficients, standard errors, and significance values are detailed along arrows, with each panel including the proportion of the effect mediated and its confidence interval.]
Figure 7 | Mediation analysis on associations between eGDR with AF (A), HF (B), and cardiovascular mortality (C).






Discussion

This study clearly reveals a strong correlation between eGDR and atrial AF, HF, and cardiovascular mortality, providing important insights for a deeper understanding of the pathophysiology and clinical management of CVD. The following key findings were obtained: (1) Compared with the lowest eGDR group, the highest eGDR group exhibited a 30.1%, 57.2%, and 47.8% reduction in the risk of AF, HF, and cardiovascular mortality, respectively. eGDR demonstrated a linear relationship with AF and HF; as eGDR increased, the risks of AF and HF progressively decreased. Although eGDR was non-linearly associated with cardiovascular mortality, it exhibited a negative correlation. When eGDR was ≥ 4.46, it showed a protective effect on cardiovascular mortality in diabetic patients. (2) High eGDR was associated with a 27% and 32% reduced risk of AF in intermediate and high genetic risk groups, respectively, a 63%, 55%, and 57% reduced risk of HF in low, intermediate, and high genetic risk groups, respectively, and a 77%, 75%, and 70% reduced risk of cardiovascular mortality in low, intermediate, and high genetic risk groups, respectively. High eGDR could reduce the risk of AF, HF, and cardiovascular mortality in diabetic patients with high genetic susceptibility. (3) Boruta’s algorithm demonstrated that eGDR contributes most significantly to the prediction of AF, HF, and cardiovascular mortality outcomes. (4) Mediation analysis revealed that 10.7%, 7.9%, and 10.3% of the relationships between eGDR and AF, HF, and cardiovascular mortality, respectively, among individuals with diabetes were mediated by eGFR.

The impact of IR on the cardiovascular system is multidimensional. IR reduces cellular sensitivity to insulin, rendering glucose ineffective for cellular use, and prolongs hyperglycaemic states, which may cause a range of vascular lesions. This leads to lipid deposition on vascular walls and accelerates the progression of atherosclerosis. Some reports indicate that IR represents a chronic inflammatory state (21, 22). In the pathology of IR, adipose tissue secretes various inflammatory factors such as interleukin-6 (IL-6) and tumour necrosis factor-α (TNF-α) (23, 24). These inflammatory factors activate inflammatory cells such as monocytes and T-lymphocytes, which adhere to vascular endothelial cells and migrate to the subendothelium, where they phagocytose lipids to form foam cells, an early event in atherosclerotic plaque formation (25). Additionally, inflammatory factors inhibit the synthesis of nitric oxide, an important vasodilator, and a decrease in its synthesis leads to vascular endothelial dysfunction, promoting vasoconstriction and platelet aggregation, further increasing the risk of CVD (26).

A clear correlation between IR and hypertension has been demonstrated (27). On the one hand, insulin can directly act on renal tubules to increase sodium reabsorption; on the other hand, IR activates the sympathetic nervous system, increases catecholamine secretion, stimulates the renin-angiotensin-aldosterone system (RAAS), and contributes to increased aldosterone secretion (28, 29). These changes lead to sodium and water retention, resulting in high blood pressure. Chronic high blood pressure increases cardiac afterload, leading to myocardial hypertrophy, ventricular remodelling, and an increased risk of AF, HF, and cardiovascular mortality (30, 31). In addition, IR and insulin secretion are closely associated with the pancreas and gastrointestinal system (32, 33). Previous study had demonstrated a significant link between gastrointestinal disorders and CVD, particularly AF. Despite their apparent differences as distinct pathological phenomena, they in fact share common pathogenic mechanisms, thereby establishing interconnections (34). We found that, among diabetic patients with a BMI ≥ 30 kg/m2, an increase in eGDR was associated with a decreased risk of AF. Previous studies have demonstrated that obesity, IR, and excise are associated with the occurrence of AF, and however, the interrelationship among these three factors requires further investigation (35–37).

In past clinical practice, fasting plasma glucose (FPG), triglyceride-glucose index (TyG index), metabolic score for insulin resistance (METS-IR), and homeostasis model assessment of insulin resistance (HOMA-IR) were commonly used to evaluate IR (38–41). The TyG index was positively correlated with the incidence of CVD, all-cause mortality, and cardiovascular mortality in the general population (42). Previous studies have shown that METS-IR has important predictive value for coronary heart disease, hypertension, coronary artery calcification, diabetes, and non-alcoholic fatty liver disease, and higher levels of METS-IR indicate a higher degree of IR, placing individuals at higher risk of metabolic disorders (38, 43). HOMA-IR is calculated as (fasting plasma glucose × fasting plasma insulin)/22.5, serving as a quantifiable measure of IR (44). However, the complicated calculation formula and inconvenient detection method hindered its widespread use, and risk assessment for CVD in patients with diabetes was mainly based on traditional risk factors such as age, blood pressure, lipids, and blood glucose, which often do not comprehensively reflect the patient’s cardiovascular risk status. Several previous findings indicate that eGDR impacts the prognosis of CVD (45–47). Therefore, the potential application value of eGDR deserves in-depth exploration. Xing et al. (48) found that eGDR serves as a potential biomarker for CVD risk assessment as a comprehensive indicator of glucose metabolic status. A nationwide prospective cohort study in China indicated that sustained low eGDR was associated with an increased risk of new-onset CVD (HR = 2.51, 95% CI: 2.04-3.09) in middle-aged and elderly populations (49). Besides, recent studies suggested that low eGDR was associated with an increased risk of stroke (HR = 0.77, 95% CI: 0.69-0.87) and cardiovascular mortality (HR = 0.82, 95% CI: 0.70-0.95) in individuals with type 2 diabetes (50). Li et al. (51) found that eGDR could be a potential biomarker for predicting AF recurrence after ablation, and participants with an eGDR ≥ 8 mg/kg/min had a lower risk of AF recurrence than those with an eGDR < 4 mg/kg/min (HR = 0.28, 95% CI: 0.18-0.42).

Peng et al. proved that eGDR could be a promising tool for predicting cardiovascular comorbidities and mortality, and non-diabetic chronic kidney disease (CKD) patients with high eGDR levels had lower risks of CVD events (HR = 0.641, 95% CI: 0.559-0.734) (18). Therefore, we further investigated the association of eGDR with AF, HF, and cardiovascular mortality using mediation analysis and found that eGDR influences AF, HF, and cardiovascular mortality through eGFR (10.7%, 7.9%, and 10.3%, respectively) in patients with diabetes. However, how eGDR interacts with eGFR to influence the prognosis of cardiovascular disease remains unclear. The kidney plays a critical role in maintaining water-electrolyte balance and excreting metabolic wastes from the body. Sodium and water retention increases cardiac preload, places cardiomyocytes under long-term stress, and promotes myocardial remodelling (52, 53). Electrolyte disturbances, such as abnormalities in potassium and magnesium ion concentrations, affect the electrophysiological stability of cardiomyocytes and predispose individuals to atrial fibrillation (54). Activation of the RAAS is a key component of renal dysfunction affecting the cardiovascular system (55). After RAAS activation, angiotensin II production increases, causing vasoconstriction and elevated blood pressure, which further aggravates cardiac afterload and stimulates cardiomyocytes to become hypertrophic and fibrotic, accelerating the progression of CVD (56).

The latest research has shown that eGDR is inversely associated with the incidence of myocardial infarction (MI), HF, AF, and ischemic stroke in the general population, and it is believed that eGDR serves as a more valuable predictive indicator than TyG, TyG-WC, TyG-BMI, TyG-WHtR, TG/HDL-C, and METS-IR for CVD events in clinical practice (57). Zhang et al. found (58) that eGDR may have a linear and robust association with prevalent HF (P for non-linearity = 0.313) and a potential value in reflecting the prevalence of HF in the general population (AUC = 0.873, P = 0.008). Our conclusions are consistent with those of the previous study. However, we extended our analysis to examine the relationship between eGDR and AF, HF, and cardiovascular mortality using polygenic risk scores (PRS), Boruta’s algorithm, and mediation analysis, conducting a precise and systematic evaluation of the predictive value of eGDR for these diseases. We found that high eGDR could reduce the risk of AF, HF, and cardiovascular mortality in individuals with higher genetic risk among diabetic patients. However, these associations were not significant for AF in individuals with low genetic risk. This may result from a synergistic interaction between genes and the metabolic environment, and the causal relationship between eGDR and AF requires further in-depth studies. Integration of eGDR and PRS may optimize cardiovascular risk stratification. In individuals with high PRS, early monitoring of eGDR and intervention of IR may hold significant value in the prevention of CVD. The PRS data originated from the UK Biobank (UKB), and 31,375 cases were included. Therefore, we believe that the application of eGDR in predicting the risk of AF, HF, and cardiovascular mortality in patients with diabetes has high credibility.





Strengths and limitations

There were some limitations to this study. First, although the sample size reflects the research question to some extent, it was still relatively limited and may not cover all possible clinical situations and population characteristics, potentially introducing bias into the study results. Larger multi-centre studies are needed in the future to further validate and refine our findings, improving the reliability and universality of the findings. Second, this study was a observational prospective cohort study, and although we attempted to control for confounding factors, there may still be unmeasured or incompletely corrected factors that could affect the relationship between eGDR and CVD outcomes. Additionally, the calculation of eGDR in this study was based on specific formulas and laboratory indices, and different testing methods may have certain effects on eGDR values. Finally, the participants were predominantly from European populations, limiting the consistency and comparability with other populations. Nevertheless, it retains a certain degree of reference value.





Conclusions

In conclusion, despite certain limitations in this study, the identification of the negative correlation between eGDR and the risks of AF, HF, and cardiovascular mortality among diabetic participants in the UKB holds great significance. eGDR has shown remarkable potential in predicting these critical cardiovascular outcomes in diabetic patients. In the future, it will be necessary to further investigate its underlying molecular mechanisms and conduct large-scale, multi-centre, prospective clinical studies to comprehensively explore the value of eGDR in the diagnosis, treatment, and prognosis of CVD. This will provide stronger evidence for the precise prevention and management of CVD in patients with diabetes.
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Aim

To explore the association of evidence-based cardiovascular preventive therapies with cardiovascular and renal outcomes in type 2 diabetes (T2DM) patients with established or high risk of atherosclerotic cardiovascular disease (ASCVD).





Methods

In this cohort study, we identified T2DM patients with established or high risk of ASCVD using diagnostic codes from the institutional data of Xiamen Humanity Hospital between 2018 and 2023. Cohort 1 includes participants who were visited between 2018 and 2020, with follow-up until occurrence of an endpoint or December 31, 2020. Participants who were visited between 2018 and 2023 were included in cohort 2. A total of 5,335 patients were included in cohort 1, and 17,320 patients were included in cohort 2. Primary outcomes were hazard ratios (HRs) for the composite of 3-point major adverse cardiovascular event (3-P MACE), hospitalization for heart failure (HHF), and end-stage kidney disease or doubling of serum creatinine level.





Results

Relative to patients’ non-use of evidence-based cardiovascular preventive therapies, the use of at least one evidence-based cardiovascular preventive therapy was associated with a lower risk of the 3-P MACE (HR, 0.82; 95% confidence interval [CI], 0.67 to 0.98), HHF (HR, 0.66; 95% CI, 0.47 to 0.92) and end-stage kidney disease or doubling of the serum creatinine level (HR, 0.73; 95% CI, 0.60 to 0.89) after adjustment for potential confounders. From 2018 to 2023, the use of glucagon-like peptide 1 receptor agonists increased from 2.7% to 13.7%; sodium–glucose cotransporter 2 inhibitors increased from 3.9% to 16.5%; angiotensin-converting enzyme inhibitors/angiotensin-II receptor blockers increased from 28.1% to 43.0%; moderate-intensity statins increased from 61.6% to 70.5%; and aspirin increased from 23.7% to 32.9%.





Conclusions

This study demonstrated that T2DM patients with established or high risk of ASCVD might benefit from the use of evidence-based cardiovascular preventive medications with respect to the risk of 3-P MACE, HHF, and end-stage kidney disease or doubling of the serum creatinine level. Despite a modest annual increase in the use of evidence-based cardiovascular preventive medications in T2DM individuals with established or high risk of ASCVD, multiple strategies are needed to overcome barriers to the implementation of evidence-based therapies.
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1 Introduction

Type 2 diabetes (T2DM) is a major risk factor for the development of atherosclerotic cardiovascular disease (ASCVD), which is the leading cause of death and long-term complications in T2DM (1). A systematic review demonstrated that the prevalence of ASCVD in patients with T2DM was nearly 30%, and up to two-thirds of patients with T2DM will develop ASCVD during their lifetimes (2, 3). Therefore, there is an urgent need to initiate and intensify secondary prevention strategies to mitigate the risk of recurrent cardiovascular events and cardiovascular mortality in patients with T2DM and ASCVD.

Although, the US Food and Drug Administration (FDA) conducted randomized cardiovascular outcome trials (CVOTs) for all glucose–lowering medications in 2008, the cardiovascular benefit of these medications was controversial until 2015. The glucagon-like peptide 1 receptor agonists (GLP-1 RA) and sodium–glucose cotransporter 2 inhibitors (SGLT2i) are beneficial for the secondary prevention of ASCVD (4, 5). Most importantly, large CVOTs of GLP-1 RA and SGLT2i have demonstrated that these drug classes substantially decrease the risk of cardiovascular and renal outcomes (6–12). What’s more, numerous studies have proved the beneficial effects of angiotensin-converting enzyme inhibitors (ACEIs) or angiotensin-II receptor blockers (ARBs), statins, and aspirin therapy on cardiovascular and renal outcomes (13–15). Given this accumulating evidences, the American Diabetes Association (ADA) and the Chinese Diabetes Society recommend the cardio-protective glucose-lowering drug classes (GLP-1 RA and SGLT2i), ACEI/ARB, statins, and aspirin for comprehensive cardiovascular risk reduction in adults patients with T2DM and established or high risk of ASCVD (16, 17). However, limited evidence is available for the direct comparison of those using versus not using evidence-based cardiovascular preventive therapies (including: GLP-1 RA, SGLT2i, ACEI/ARB, statins, and aspirin) in terms of cardiovascular, hospitalization for heart failure and renal outcomes. We therefore conducted a large-scale trial to compare the cardiovascular and renal benefits of use to non-use evidence-based cardiovascular preventive therapies in adults with T2DM and established or high risk of ASCVD.

Despite several guidelines recommend the GLP-1 RA, SGLT2i, ACEI/ARB, statins, and aspirin for their cardioprotective effects, a degree of therapeutic inertia in clinical practice may be observed for many reasons. Previous observational studies on patients with T2DM and ASCVD demonstrate that the administration rates of GLP-1 RA and/or SGLT2i ranged from 6.7% to 23.2%, ACEI or ARB was from 53.1% to 72.0%, and high-intensity statins were from 24.7% to 45.4% (18–21). Accurately determining the gaps in evidence-based therapy is essential for disseminating and promoting the clinical application of guidelines. Thus, we also examine the administration of GLP-1 RA and/or SGLT2i, ACEI/ARB, moderate-intensity statins, and aspirin in T2DM patients with established or high risk of ASCVD from 2018 to 2023.




2 Materials and methods



2.1 Study design and data source

This study was a population-based cohort study. The source population comprised all outpatients who visited the Xiamen Humanity Hospital, Fujian Medical University, between January 1, 2018, and December 31, 2023. Informed consent was waived because the study used anonymized patient data. The study protocol was approved by the Xiamen Humanity Hospital Ethics Committee (no. HAXM-MEC-20240 820-048-01). The study was conducted according to the ethical principles of the Declaration of Helsinki. The trial is registered with Chinese Clinical Trial Registry (ChiCTR) (registration no. ChiCTR2500101328).




2.2 Study population

The study population included adults (age ≥ 18 years) between January 1, 2018, and December 31, 2023. Data analysis was performed from January 1, 2024, to December 31, 2024. Disease information was obtained using the International Statistical Classification of Diseases, Tenth Revision (ICD-10) (Supplementary Table 1). ICD-10 diagnosis codes were utilized to identify T2DM patients at high cardiovascular risk, which include patients with concomitant ASCVD or high risk of ASCVD. Briefly, ASCVD was defined as having a history of coronary artery disease (previous prior myocardial infarction, unstable angina), peripheral arterial disease (amputation due to poor circulation), cerebrovascular disease (stroke, or transient ischemic attack), or any revascularization intervention. Patients at high risk of ASCVD were defined as those aged ≥ 55 years with two or more risk factors. Risk factors included obesity (body mass index [BMI] ≥ 28 kg/m2), hypertension, smoking, dyslipidemia, and albuminuria (22). In addition, age, height, weight, and history of smoking were obtained from an electronic medical record. History of hypertension and dyslipidemia were identified by the presence of ICD-10 diagnosis codes. Albuminuria was defined as urine albumin-to-creatinine ratio ≥ 30 mg/g. Patients < 30 years old at the time of initial insulin prescription, with end-stage kidney disease, or limited life expectancy were excluded.

This study population was divided into two cohorts. Participants who were visited between January 1, 2018, and December 31, 2020, were included in cohort 1 (Figure 1). To reduce the effects of prior treatment, we excluded those who had received medication adjustments in the three months preceding enrollment. Participants were followed from 1 day after cohort entry until occurrence of an endpoint or December 31, 2020. Participants were excluded if they discontinued the index drug, died of other causes, or were lost to follow-up. Cohort 1 was divided into group A (non-use of evidence-based cardiovascular preventive therapies) and group B (use at least one evidence-based cardiovascular preventive therapy). Participants who were visited between January 1, 2018, and December 31, 2023, were included in cohort 2 (Figure 2). Patients with longitudinal follow-up may be included in multiple years but only once annually. Within a given year, only patients with at least 1 glucose-lowering medication record were included. If a patient had multiple visits within a specific year, only the last visit was included in the analysis.

[image: Flowchart outlines participant selection for a Type Two Diabetes Mellitus (T2DM) study, showing stepwise exclusions and categorization by use or non-use of evidence-based cardiovascular preventive therapy, totaling 5,335 analyzed cases.]
Figure 1 | Flow diagram for cohort 1. T2DM, type 2 diabetes mellitus; ASCVD, atherosclerotic cardiovascular disease.

[image: Flowchart illustrating participant selection for a study on type 2 diabetes mellitus (T2DM) between 2018 and 2023. From 35,156 diagnosed participants, 5,050 were excluded based on age, kidney disease, limited life expectancy, or follow-up time. Of 30,106 T2DM participants, 8,418 had established atherosclerotic cardiovascular disease (ASCVD), 21,689 did not have ASCVD, and within this group, 8,902 had a high ASCVD risk. Ultimately, 17,320 participants were included in the analysis.]
Figure 2 | Flow diagram for cohort 2. T2DM, type 2 diabetes mellitus; ASCVD, atherosclerotic cardiovascular disease.




2.3 Study outcomes

We ascertained that the primary outcome was a composite of 3-point major adverse cardiovascular event (cardiovascular death, nonfatal myocardial infarction, or nonfatal stroke), hospitalization for heart failure and end-stage kidney disease or doubling of serum creatinine level in cohort 1. Secondary outcomes that were planned in cohort 1 and cohort 2 were specified in the following order: the difference in clinical characteristics between the use and non-use of evidence-based cardiovascular preventive therapies; the use of evidence-based cardiovascular preventive therapies in T2DM patients with established or high risk of ASCVD. The use of these medications was assessed through the day of the last dispensed prescription within a given year. The prescribed cardioprotective glucose-lowering pharmacotherapy included GLP-1 RA (e.g., semaglutide, dulaglutide, liraglutide, and lixisenatide) and SGLT2i (e.g., empagliflozin, dapagliflozin, and canagliflozin). Prescribed blood pressure-lowering pharmacotherapy included ACEI (e.g., captopril, benazepril, and so on), ARB (e.g., valsartan, irbesartan, and so on), and statins (atorvastatin, rosuvastatin, pitavastatin, simvastatin, and pravastatin).




2.4 Covariates

We examined demographic characteristics, including age and sex. Clinical characteristics included glycosylated hemoglobin (HbA1c), low-density lipoprotein cholesterol (LDL-C), and BMI. For patients with multiple measurements within a given year, only the last one was used. The comorbidities (heart failure, atrial fibrillation, hypertension, dyslipidemia, and nonalcoholic fatty liver disease) and diabetes chronic complications (retinopathy, neuropathy, and nephropathy) were identified using the ICD-10 code. Concomitant use of oral anti-diabetic, antihypertensive, and lipid-lowering medications was assessed.




2.5 Composite score for evidence-based therapy

Evidence-based therapy was defined as the use of either a GLP-1 RA and/or SGLT2i, either an ACEI or ARB, a moderate-intensity statins, and an aspirin. Although high-dose statins are important to prevent cardiovascular events, they are largely intolerable for most Chinese populations. Therefore, moderate-intensity statins are recommended as the first choice lipid-lowering drugs by the Endocrinology and Metabolism Physician Branch of the Chinese Medical Doctor Association (23). Patients in this cohort met the criteria for all four components and were assigned a composite score ranging from 0 to 4, indicating the number of evidence-based therapies prescribed.




2.6 Statistical analysis

Demographic and clinical characteristics, co-morbidities, and concomitant medications are presented as with means ± standard deviations (SDs) for continuous variables and frequency/percentages for categorical variables. The number and percentage of patients with T2DM and established or high risk of ASCVD who received GLP-1 RA and/or SGLT2i, ACEI/ARB, moderate-intensity statins, and aspirin were evaluated annually. Treatment effect was estimated using hazard ratios (HRs) from a Cox regression model. Subgroup analyses were performed by sex, the presence of ASCVD or high risk of ASCVD, the presence of heart failure, and the presence of chronic kidney disease. All data where necessary were conducted to calculate 95% confidence interval (CI). Statistical comparisons baseline characteristics between the different groups were using the independent-sample t test for continuous variables and χ2 test or Fisher’s exact test for categorical variables. Two-sided P values < 0.05 were considered statistically significant. All analyses were performed using R version 4.4.2 (R Foundation).





3 Results



3.1 Study participants

We identified 5,335 patients in cohort 1 (2,793 patients with a dual diagnosis of T2DM and ASCVD and 2,524 patients with T2DM and high risk of ASCVD) and 17,320 patients in cohort 2 (8,418 patients with a dual diagnosis of T2DM and ASCVD and 8,902 patients with T2DM and high risk of ASCVD).

Among 5,335 patients in cohort 1, a total of 2,275 patients were assigned to the group A and 2,610 were assigned to the group B. Compared with the group A, patients in the group B were younger (mean [SD]: 65.4 [10.1] years vs 66.8 [10.1] years), more likely to be male (57.5% vs 55.2%), with a lower proportion of second-generation sulfonylurea use (22.4% vs 30.3%) and more common with Urban employee medical insurance (25.8% vs 24.7%). There were differences between group A and group B in clinical characteristics (e.g., 2,275 patients in group A vs 2,610 patients in group B: initiation of SGLT-2i or GLP-1 RAs, 1.6% vs 3.1%; coronary artery disease, 71.2% vs 74.6%; cerebrovascular disease, 20.1% vs 23.3%; heart failure, 30.6% vs 35.8%; hypertension, 88.8% vs 81.3%; hyperlipidemia, 86.7% vs 75.8%; CKD stage 3, 18.7% vs 21.5%; mean [SD] Charlson Comorbidity Index score, 4.0 [2.7] vs 4.4 [2.9]) (Table 1).


Table 1 | Patient characteristics by overall evidence-based composite score (cohort 1).
	Patient characteristics
	Evidence-based therapy score, %
	(95% CI)


	0 (n=2725)
	1-4 (n=2610)



	Age, mean (SD) [95% CI], y
	66.8 (10.1) [66.7-66.9]
	65.4 (10.1) [65.3-65.5]


	Sex


	 Male
	55.2 (53.3-57.1)
	57.5 (55.6-59.5)


	 Female
	44.8 (42.9-46.8)
	42.5 (40.6-44.5)


	Lifestyle factors


	 Obesity
	46.2 (44.2-48.1)
	48.0 (46.1-49.9)


	 Smoking
	22.9 (21.2-24.5)
	23.9 (22.3-25.6)


	Diabetes-related conditions


	 Retinopathy
	7.2 (6.2-8.2)
	11.4 (10.2-12.6)


	 Neuropathy
	22.6 (21.0-24.2)
	28.6 (26.9-30.4)


	 Nephropathy
	27.5 (25.7-29.2)
	31.9 (30.1-34.8)


	Diabetes treatment


	 Initiation of SGLT-2i or GLP-1 RAs
	1.6 (1.1-2.1)
	3.1 (2.4-3.8)


	 Concurrent metformin
	63.1 (61.3-64.9)
	62.3 (60.5-64.2)


	 Concurrent second-generation sulfonylurea
	30.3 (28.6-32.0)
	22.4 (20.8-24.0)


	ASCVD (n=2793)


	 Coronary artery disease
	71.2 (69.5-72.9)
	74.6 (72.9-76.3)


	 Cerebrovascular disease
	20.1 (18.6-21.6)
	23.3 (21.7-24.9)


	 Peripheral arterial disease
	45.4 (43.5-47.3)
	48.7 (46.8-50.6)


	Comorbidities


	 Heart failure
	30.6 (28.9-32.4)
	35.8 (34.0-37.7)


	 Atrial fibrillation
	20.4 (18.9-21.9)
	19.7 (18.2-21.2)


	 Hypertension
	81.3 (79.8-82.8)
	88.8 (87.6-90.0)


	 Hyperlipidemia
	75.8 (74.2-77.4)
	86.7 (85.4-88.0)


	 CKD stage 3
	18.7 (17.2-20.2)
	21.5 (19.9-23.1)


	 Nonalcoholic fatty liver disease
	16.7 (15.3-18.1)
	17.1 (15.6-18.6)


	 Charlson Comorbidity Index score, mean (SD) [95% CI]
	4.0 (2.7) [3.9-4.1]
	4.4 (2.9) [4.3-4.5]


	Laboratory values, mean (SD)


	 HbA1c, %
	7.8 (1.9) [7.7-7.8]
	7.8 (2.1) [7.7-7.9]


	 LDL-C, mmol/L
	2.8 (1.0) [2.8-2.8]
	2.9 (0.9) [2.9-2.9]


	 HbA1c < 7%
	40.1 (38.3-42.0)
	39.7 (37.8-41.6)


	 LDL-C < 1.8
	14.4 (13.1-15.7)
	13.9 (12.6-15.2)


	 LDL-C < 1.4
	4.0 (3.3-4.7)
	4.1 (3.3-4.9)


	Insurance coverage


	 Urban Employee
	24.7 (23.1-26.3)
	25.8 (24.1-27.5)


	 Urban Resident
	56.1 (54.2-58.0)
	51.4 (49.5-53.3)


	 Self-pay
	5.1 (4.3-5.9)
	6.2 (5.3-7.1)


	 Missing
	14.1 (12.8-15.4)
	16.6 (15.2-18.0)





SGLT-2i, sodium-glucose cotransporter-2 inhibitors; GLP-1 RA, glucagon-like peptide-1 receptor agonists; ASCVD, atherosclerotic cardiovascular disease; CKD, chronic kidney disease; HbA1c, glycosylated hemoglobin; LDL-C, low-density lipoprotein cholesterol; SD, standard deviation.






3.2 Primary outcomes

A 3-point major adverse cardiovascular event occurred in 228 of 2,610 patients (8.7%) in the group B (use of at least one evidence-based cardiovascular preventive therapy) and in 237 of 2725 patients (8.7%) in the group A (non-use of evidence-based cardiovascular preventive therapies) (hazard ratio, 0.96; 95% confidence interval [CI], 0.80 to 1.16; P = 0.69). Hospitalization for heart failure occurred in 79 of 2,610 patients (3.0%) in the group B and in 103 of 2,725 patients (3.8%) in the group A (hazard ratio, 0.84; 95% CI, 0.62 to 1.12; P = 0.23). With respect to the end-stage kidney disease or doubling of the serum creatinine level, the hazard ratio (group B vs group A) was 0.90 (95% CI, 0.75 to 1.09) (Table 2). After adjustment for potential confounders, patients in the group B showed a significant decreased risk of 3-P MACE (hazard ratio, 0.82; 95% CI, 0.67 to 0.98; P = 0.036), HHF (hazard ratio, 0.66; 95% CI, 0.47 to 0.92; P<0.01), and end-stage kidney disease or doubling of the serum creatinine level (hazard ratio, 0.73; 95% CI, 0.60 to 0.89; P<0.01) compared with the group A (Table 2). Subgroup analyses did not show a difference in the risk of 3-point MACE, HHF and end-stage kidney disease or doubling of serum creatinine level between the two groups (Supplementary Table 2).


Table 2 | Treatment effect estimates for evidence-based therapies.
	Outcome
	Total No. of events (%)
	Unadjusted
	Model 1


	Group B vs Group A


	Group B (n=2610)
	Group A (n=2725)
	HR (95% CI)
	p
	HR (95% CI)
	p



	 3-P MACE
	228 (8.7)
	237 (8.7)
	0.96 (0.80-1.16)
	0.69
	0.82 (0.67-0.98)
	0.036


	 HHF
	79 (3.0)
	103 (3.8)
	0.84 (0.62-1.12)
	0.23
	0.66 (0.47-0.92)
	<0.01


	 End-stage kidney disease, doubling of serum creatinine level
	198 (7.6)
	226 (8.3)
	0.90 (0.75-1.09)
	0.29
	0.73 (0.60-0.89)
	<0.01





3-P MACE, 3-point major adverse cardiovascular event; HHF, hospitalization for heart failure; HR, hazard ratio.

Model 1: Adjusted for sex, age, smoke, BMI, HbA1c, LDL-C, history of diseases including diabetic retinopathy, diabetic nephropathy, diabetic neuropathy, hypertension, and hyperlipidemia.






3.3 Use ratios

Overall, the utilization of glucose-lowering drugs with documented cardiovascular benefits was low; however, the rate increased annually from 2018 to 2023 (GLP-1 RA: from 2.7% [73 of 2,720] to 13.7% [439 of 3,200]; SGLT2i: from 3.9% [107 of 2720] to 16.5% [529 of 3200]). Collectively, the percentage of patients with T2DM and established or high risk of ASCVD taking either agent increased from 5.7% (156 of 2,720) in 2018 to 21.0% (671 of 3200) in 2023 (Figure 3). Metformin use was essentially unchanged over this time (61.3% [1667 of 2,720] in 2018 vs 60.8% [1,945 of 3,200] in 2023). Use of noncardiovascular glucose-lowering agents exhibited a variable decline, including alpha-glucosidase inhibitors (30.1% [818 of 2,720] to 22.2% [709 of 3,200]) and dipeptidyl peptidase-4 inhibitors (DPP-4i) (25.5% [694 of 2,720] to 20.8% [665 of 3,200]), although these medications remained more commonly used than SGLT2i or GLP-1 RAs through 2023 (Supplementary Figure 1). Of the antihypertensive medications, the use of ACEI/ARB was increased from 28.1% [764 of 2,720] to 43.0% [1,377 of 3,200], while the use of calcium channel blockers was decreased (44.2% [1,202 of 2,720] to 41.8% [1,336 of 3,200]) from 2018 to 2023 (Supplementary Figure 2). The use of moderate-intensity statins (61.6% [1,676 of 2,720] to 70.5% [2,255 of 3,200]) and aspirin (23.7% [645 of 2,720] to 32.9% [1,053 of 3,200]) pharmacotherapy variably increased (Supplementary Figure 3, Figure 3). In patients with high risk of ASCVD, GLP-1 RA, SGLT2i, ACEI/ARB, moderate-intensity statins, and aspirin showed lower usage rates than patients with ASCVD (Supplementary Figure 4).

[image: Line graph shows trends in percentage medication use from 2018 to 2023 for six drug classes in diabetes management; statin use is highest and increases steadily, while SGLT-2i and GLP-1 RA usage notably rise after 2020.]
Figure 3 | Trends in evidence-based therapy use among T2DM patients with established or high risk of ASCVD. ACEI, angiotensin-converting enzyme inhibitors; ARB, angiotensin-receptor blockers; GLP-1 RA, glucagon-like peptide-1 receptor agonists; SGLT-2i, sodium-glucose cotransporter-2 inhibitors.




3.4 Evidence-based therapy

Compared with the overall cohort, patients prescribed GLP-1RA or SGLT2i were younger (mean age: GLP-1 RA: 61.1 years; SGLT2i: 63.0 years; overall: 66.3 years), had lower prevalence of heart failure (GLP-1 RA: 26.4%; SGLT2i: 21.4%; overall: 32.3%), had higher prevalence of dyslipidemia (GLP-1 RA: 87.2%; SGLT2i: 86.8%; overall: 81.5%), had fewer medical comorbidities (mean Charlson comorbidity index score: GLP-1 RA: 3.8; SGLT2i: 3.7; overall: 4.0) and had a lower percentage of patients with HbA1c < 7% (GLP-1 RA: 33.5%; SGLT2i: 36.6%; overall: 41.1%). Patients who prescribed a GLP-1 RA had higher prevalence of diabetes chronic complications (retinopathy: 16.1% vs 9.9%; neuropathy: 40.9% vs 27.6%) compared with the overall cohort (Table 3). The demographics and clinical characteristic of patients prescribed an ACEI or ARB, moderate-intensity statin and aspirin were displayed in Table 3.


Table 3 | Patient characteristics at baseline by individual evident-based therapies (cohort 2).
	Patient characteristics
	Patients, % (95% CI)


	Overall (N = 17320)
	Therapy prescription


	GLP-1 RA (N = 1321)
	SGLT-2i (N = 1814)
	ACEI/ARB (N = 6157)
	moderate-intensity statin (N = 11476)
	Aspirin (N = 4965)



	Age, mean (SD) [95% CI], y
	66.3 (10.8)
[66.2-66.3]
	61.1 (11.2)
[60.5-61.7]
	63.0 (8.4)
[62.6-63.4]
	67.0 (10.1)
[66.7-67.3]
	66.2 (10.2)
[66.0-66.4]
	65.4 (10.0)
[65.1-65.7]


	Sex


	 Male
	56.1
(55.4-56.8)
	58.9
(56.2-61.6)
	53.8
(51.5-56.1)
	56.8
(55.6-58.0)
	56.9
(56.0-57.8)
	63.3
(62.0-64.6)


	 Female
	43.9
(43.2-44.6)
	41.1
(38.4-43.8)
	46.2
(43.9-48.5)
	43.2
(42.0-44.4)
	43.1
(42.2-44.0)
	36.7
(35.4-38.0)


	Lifestyle factors


	 Obesity
	47.9
(47.2-48.6)
	51.6
(48.9-54.3)
	49.9
(47.6-52.2)
	45.8
(44.6-47.1)
	48.3
(47.4-49.2)
	48.5
(47.1-49.9)


	 Smoking
	23.0
(22.4-23.6)
	22.4
(20.2-24.6)
	20.2
(18.4-22.1)
	23.8
(22.7-24.9)
	25.9
(25.1-26.7)
	24.3
(23.1-25.5)


	Diabetes-related conditions


	 Retinopathy
	9.9
(9.5-10.3)
	16.1
(14.1-79.2)
	11.7
(10.2-13.2)
	11.2
(10.4-12.1)
	12.8
(12.2-13.4)
	13.4
(12.5-14.3)


	 Neuropathy
	27.6
(26.9-28.3)
	40.9
(38.2-43.6)
	29.9
(27.8-32.0)
	29.3
(28.2-30.4)
	29.7
(28.9-30.5)
	31.7
(30.4-33.0)


	 Nephropathy
	21.8
(21.1-22.5)
	24.4
(21.7-27.1)
	20.9
(28.6-23.2)
	23.4
(22.2-24.6)
	24.3
(23.4-25.2)
	25.6
(24.2-27.0)


	ASCVD (n=8418)


	 Coronary artery disease
	72.0
(71.3-72.7)
	68.5
(66.0-71.0)
	71.6
(69.5-73.7)
	72.2
(71.1-73.3)
	78.3
(77.5-79.1)
	73.8
(72.6-75.0)


	 Cerebrovascular disease
	21.7
(21.1-22.3)
	17.8
(15.7-19.9)
	18.1
(16.3-19.9)
	20.1
(19.1-21.1)
	25.1
(24.3-25.9)
	24.4
(23.2-25.6)


	 Peripheral arterial disease
	47.9
(47.1-48.6)
	51.5
(48.4-54.2)
	49.9
(47.6-52.2)
	50.2
(49.0-51.4)
	49.0
(48.1-49.9)
	50.3
(48.9-51.7)


	Comorbidities


	 Heart failure
	32.3
(31.6-33.0)
	26.4
(11.6-15.2)
	21.4
(7.1-9.7)
	31.2
(10.4-12.0)
	39.6
(9.1-10.1)
	38.7
(7.9-9.5)


	 Atrial fibrillation
	19.8
(19.2-20.4)
	15.6
(42.9-48.3)
	16.0
(24.0-28.0)
	20.9
(21.9-23.9)
	20.7
(22.9-24.5)
	21.7
(22.5-24.9)


	 Hypertension
	84.4
(83.9-85.0)
	85.6
(83.7-87.5)
	84.2
(82.5-85.9)
	88.1
(87.3-88.9)
	86.1
(85.5-86.7)
	87.3
(86.4-88.2)


	 Hyperlipidemia
	81.5
(80.9-82.0)
	87.2
(85.4-89.0)
	86.8
(85.2-88.4)
	84.2
(83.3-85.1)
	90.2
(89.7-90.7)
	89.5
(88.6-90.4)


	 CKD stage 3
	19.2
(18.6-19.8)
	21.4
(19.2-23.6)
	18.7
(16.9-20.5)
	21.6
(20.6-22.6)
	22.1
(21.3-22.9)
	23.2
(22.0-24.4)


	 Nonalcoholic fatty liver disease
	17.4
(16.9-18.0)
	25.6
(23.2-28.0)
	23.2
(21.3-25.1)
	19.2
(18.2-20.2)
	21.3
(20.6-22.0)
	18.5
(17.4-19.6)


	 Charlson Comorbidity Index score, mean (SD) [95% CI]
	4.0 (2.6)
[3.9-4.0]
	3.9 (2.5)
[3.8-4.0]
	3.7 (2.4)
(3.6-3.8)
	4.2 (2.7)
(4.1-4.3)
	4.4 (2.9)
(4.3-4.5)
	4.5 (2.8)
(4.4-4.6)


	Laboratory values, mean (SD)


	 HbA1c, %
	7.7 (1.8)
[7.7-7.7]
	8.2 (2.0)
[8.1-8.3]
	8.1 (1.8)
[8.0-8.2]
	7.7 (1.8)
[7.7-7.7]
	7.8 (1.8)
[7.8-7.8]
	8.0 (1.9)
[7.9-8.1]


	 LDL-C, mmol/L
	2.8 (1.0)
[2.8-2.8]
	2.6 (0.9)
[2.6-2.6]
	2.7 (0.9)
[2.7-2.7]
	2.7 (1.0)
[2.7-2.7]
	2.7 (1.0)
[2.7-2.7]
	2.7 (1.0)
[2.7-2.7]


	 HbA1c < 7%
	41.1
(40.4-41.8)
	39.5
(36.9-42.1)
	40.2
(37.9-42.5)
	41.7
(40.5-42.9)
	40.3
(39.4-41.2)
	40.8
(39.4-42.2)


	 LDL-C < 1.8
	14.6
(14.1-15.1)
	16.0
(14.0-18.0)
	15.9
(14.2-17.6)
	15.8
(14.9-16.7)
	16.4
(15.7-17.1)
	15.7
(14.7-16.7)


	 LDL-C < 1.4
	4.3
(4.0-4.6)
	4.8
(3.6-6.0)
	4.6
(3.6-5.6)
	4.7
(4.2-5.2)
	5.3
(4.9-5.7)
	4.7
(4.1-5.3)


	Insurance coverage


	 Urban Employee
	26.6
(26.0-27.3)
	31.6
(29.1-34.1)
	31.2
(29.1-33.3)
	29.7
(28.6-30.8)
	27.2
(26.4-28.0)
	27.4
(26.2-28.6)


	 Urban Resident
	51.2
(50.4-51.9)
	45.4
(42.7-48.1)
	47.2
(44.9-49.5)
	49.3
(48.1-50.5)
	49.8
(48.9-50.7)
	50.1
(48.7-51.5)


	 Self-pay
	5.9
(5.5-6.2)
	4.1
(3.0-5.2)
	4.4
(3.5-5.3)
	4.6
(4.1-5.1)
	4.5
(4.1-4.9)
	5.1
(4.5-5.7)


	 Missing
	16.4
(15.8-16.9)
	18.9
(16.8-21.0)
	17.2
(15.5-18.9)
	16.4
(15.5-17.3)
	18.5
(17.8-19.2)
	17.4
(16.3-18.5)





GLP-1 RA, glucagon-like peptide-1 receptor agonists; SGLT-2i, sodium-glucose cotransporter-2 inhibitors; ACEI, angiotensin-converting enzyme inhibitors; ARB, angiotensin-receptor blockers; ASCVD, atherosclerotic cardiovascular disease; CKD, chronic kidney disease; HbA1c, glycosylated hemoglobin; LDL-C, low-density lipoprotein cholesterol; SD, standard deviation.







4 Discussion

In our cohort of patients with T2DM and established or high risk of ASCVD, we demonstrated that the use of evidence-based cardiovascular preventive therapies was associated with a 18% lower risk of 3-point MACE, 34% lower risk of HHF and 17% lower risk of end-stage kidney disease or doubling of serum creatinine level relative to non-use.

Our study shows, in accordance with previous studies, that age, smoking, obesity, hypertension, hyperlipidemia, elevated levels of glycated hemoglobin and LDL-C are major risk factors for CVDs (24, 25). The baseline of clinical characteristics was different between those using and not using evidence-based cardiovascular preventive therapies, this might account for the failure to observe a difference in cardiovascular and renal outcomes between the two groups. The outcome of 3-point MACE, HHF and end-stage kidney disease or doubling of serum creatinine level showed significant differences between the two groups after adjustment for several potential confounders.

To our knowledge, this study was one of the few to date to compare the cardiovascular and renal effectiveness of using or not-using evidence-based cardiovascular preventive therapies. Consistent with a meta-analysis of cardiovascular outcome trials, we found that benefits of GLP-1 RA, SGLT2i, ACEI/ARB, statins, and aspirin were observed for the outcomes of 3-point MACE, HHF and end-stage kidney disease or doubling of serum creatinine level (26–30). Recently, a meta-analysis demonstrated that combination of GLP-1 RA and SGLT2i resulted in a 27% reduction in the risk of MACE and a 57% reduction in the risk of HHF compared to usual treatment in people with T2DM (31). The discrepancy of results between our study may be explained by the low use of either a GLP-1 RA or an SGLT2i. In our study, the use of either a GLP-1 RA or an SGLT2i was only 14%, which may weaken the effects of GLP-1 RA or SGLT2 on cardiovascular and kidney outcomes.

Although both GLP-1 RA, SGLT-2i, ACEI/ARB, statins and aspirin have demonstrated cardiovascular benefits, the overall utilization of evidence-based cardiovascular preventive therapies was lower than expected, particularly for GLP-1 RA and SGLT2i (32, 33). Our finding suggested that 14.0% of patients in our study were prescribed either a GLP-1 RA or SGLT2i (GLP-1 RA: 7.6%, SGLT2i: 10.5%),which is consistent with those of recent studies conducted in the US and Belgian (34–36). Fortunately, our study found that the use of both GLP-1 RA and SGLT2i increased gradually from 2018 to 2023. However, as recently as 2023, two glucose-lowering therapies without proven cardiovascular benefit, namely alpha-glucosidase inhibitors and DPP-4i, continue to be used more frequently than either GLP-1 RA or SGLT2i.

Likewise, the utilization rates of ACEI/ARB, moderate-intensity statins, and aspirin have been dismal. Our study suggested that only 35.5% of patients were prescribed ACEI/ARB, 66.3% were prescribed moderate-intensity statins, and 28.7% were prescribed aspirin between 2018 and 2023. Further, approximately half of patients received no evidence-based cardiovascular benefit medication.

Addressing these gaps in optimal pharmacotherapy is pivotal to improve patient outcomes. Reasons for continued underuse of these evidence-based therapies are likely multifactorial, and include the guidelines update, the relatively higher cost and out-of-pocket cost of new therapies, as well as clinical inertia. As we known, GLP-1 RA and SGLT2i both have demonstrated substantial benefits on major adverse cardiovascular events in those with T2DM and ASCVD (27, 37, 38). Based on these data, the ADA has recommended GLP-1 RA and SGLT2i as first-line agents for patients with T2DM and ASCVD after metformin since 2019 (39). In 2023, the ADA recommended that clinicians consider prescribing GLP-1 RA and SGLT2i prior to metformin for patients with T2DM and established or high risk of ASCVD (40). In the wake of these updates, the use of GLP-1 RA and SGLT2i both slightly increased from 2018 through 2019, followed by a more than 3-fold from 2019 to 2023.

Despite the room for improvement, our findings support cautious optimism around the uptake of these agents in clinical practice. The use of GLP-1 RA rates doubled from 2020 through 2021, when the semaglutide was covered by health insurance in China. A similar trend was observed for SGLT2i, when the empagliflozin and dapagliflozin was covered by health insurance in 2020, the usage rates of these drugs doubled from 2019 to 2020. The rate of urban employee medical insurance was higher among those using evidence-based cardiovascular preventive therapies compared with those not using.

Therapeutic inertia within the realm of CVD prevention is a well-established barrier to widespread and consistent implementation of novel pharmacotherapeutic advances (41). Herein, we observed slightly higher HbA1c levels and had a lower percentage of patients achieved HbA1c < 7% among those treated with GLP-1 RA and SGLT2i. These agents remained to be used less frequently than metformin or alpha-glucosidase inhibitors. This could imply that GLP-1 RA and SGLT2i were not considered as first-line therapeutic in T2DM individuals with high cardiovascular risk by clinicians.

There are several strengths and limitations to this study. The primary strength of this study is that it was the first to compare the cardiovascular and renal effectiveness of using or not-using evidence-based cardiovascular preventive therapies. And we further confirmed the benefits of GLP-1 RA, SGLT-2i, ACEI/ARB, statins, and aspirin on the cardiovascular and renal outcomes for patients with T2DM and established or high risk of ASCVD. Second, we identified the rates of use of the evidence-based cardiovascular preventive therapies among T2DM patients with established or high risk of ASCVD. Additionally, we explored the possible reasons for the underuse of these evidence-based therapies. However, there are some limitations in this study. Firstly, given the nature of our study, it cannot prove causality or completely rule out residual confounding. We do our utmost to adjust for any possible confounding factors that may affect the primary outcomes. Secondly, our study sample consisting almost entirely of participants of Asian ethnicity, and whether the results can be extrapolated to non-Asian populations remains uncertain. Thirdly, this is a retrospective analysis, although it was based on a large study population. A well-designed and randomized trial is needed to identify confounding factors and study a causal relationship. Finally, our findings suggest that treatment discontinuation is common. However, the reason for patients switching from cardiovascular evidence-based therapies to other noncardiovascular agents was not illuminated in this study.




5 Conclusion

In conclusion, it is particularly concerning that relative to cardiovascular evidence-based therapies (GLP-1 RA, SGLT-2i, ACEI/ARB, statins, and aspirin), was associated with a lower risk of the 3-point MACE, HHF and end-stage kidney disease or doubling of serum creatinine level outcome in T2DM patients with ASCVD or high risk of ASCVD after adjusting for covariates. Despite estimates of evidence-based therapy prescription are considerably lower than expected, the rates of cardiovascular evidence-based therapies increased annually from 2018 to 2023. To continue this momentum, creative implementation science approaches will be necessary to further increase the use of these safe and effective medications in T2DM individuals with established or high risk of ASCVD.
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Background

The triglyceride-glucose (TyG) index has recently emerged as a simple surrogate marker of insulin resistance. However, the relationships among the TyG index, obesity, and hyperuricemia in individuals with T2DM remain unclear. This study investigates the associations of the TyG index and obesity with hyperuricemia in T2DM, and the possible role of obesity in these associations.





Methods

In this cross-sectional study, 1,159 adults with T2DM were enrolled. The TyG index was calculated as ln [fasting triglyceride (mg/dl) × fasting plasma glucose (mg/dl)/2]. Participants were stratified into hyperuricemia and non-hyperuricemia groups based on serum uric acid levels. Multivariable logistic regression and subgroup analyses were performed to assess the association between the TyG index and hyperuricemia. Mediation analysis quantified BMI’s contribution to this relationship.





Results

The prevalence of hyperuricemia was 30.7%. After adjustment for age, gender, HbA1c, diabetes duration, eGFR, HDL-C, LDL-C, hypertension, hyperlipidemia, coronary heart disease, smoking status, and alcohol consumption, each unit increase in the TyG index was independently associated with a 36% elevated risk of hyperuricemia (OR = 1.36, 95% CI: 1.10-1.68). Subgroup analyses showed consistent associations across different patient subgroups. Mediation analysis indicated that BMI accounted for 20.0% of the relationship.





Conclusions

The TyG index and BMI were both associated with hyperuricemia in Chinese patients with T2DM, with BMI potentially representing an indirect link.





Keywords: the TyG index, hyperuricemia, BMI, mediation analysis, type 2 diabetes mellitus





1 Introduction

Hyperuricemia has emerged as a crucial public health challenge globally. Hyperuricemia is defined by elevated serum uric acid levels, primarily due to excessive production, impaired urinary excretion, or a combination of both (1). Recent meta-analyses have demonstrated a consistent rise in hyperuricemia prevalence across China over recent decades (2). A national survey conducted in 2018–19 found that about 14.0% of adults in China have hyperuricemia (3). Similarly, in the general U.S. population, approximately 20% had hyperuricemia according to the National Health and Nutrition Examination Survey from 1999 to 2018 (4). Numerous epidemiologic studies have shown that hyperuricemia correlates with type 2 diabetes mellitus (T2DM), insulin resistance, metabolic syndrome, renal disease, cardiovascular disease, and all-cause mortality (5–8). Notably, individuals with T2DM exhibit a significantly higher prevalence of hyperuricemia compared to the general population (9–11). Therefore, identifying modifiable risk factors for hyperuricemia is critical to enable targeted prevention and management approaches.

The TyG index is a simple, cost-effective, and reliable surrogate marker of insulin resistance (IR), avoiding the technical and financial constraints linked to the hyperinsulinemic-euglycemic clamp (HEC) or HOMA-IR in regular practice (12). Accumulating evidence underscores its strong predictive value for IR-related metabolic disturbances, with studies demonstrating significant correlations between elevated TyG index and incident T2DM, cardiovascular events, chronic kidney disease, and non-alcoholic fatty liver disease (13, 14). The TyG index, derived from fasting triglyceride and glucose levels, indicates lipid and glucose metabolism dysregulation, which is mechanistically linked to hyperuricemia pathogenesis (15, 16).

Some studies have consistently demonstrated a significant association between IR and hyperuricemia (12). In the Chinese general population, a linear positive association between the TyG index and hyperuricemia has been observed (17). In contrast, a cross-sectional study from the general population in the United States revealed a non-linear, reverse U-shaped relationship between the TyG index and hyperuricemia (4). Among hypertensive individuals, this relationship remains positively correlated (18, 19). Although insulin resistance is recognized as a central pathophysiological mechanism in T2DM, evidence investigating the specific interplay between the TyG index and hyperuricemia in diabetic populations remains limited.

BMI, an indicator of obesity, is strongly associated with hyperuricemia (20–22). Existing research also shows a positive correlation between the TyG index and BMI (23). However, the complex relationship among these three factors has not been thoroughly explored, particularly in individuals with type 2 diabetes, who represent a population characterized by high insulin resistance, high incidence of hyperuricemia, and a strong association with obesity. Therefore, this study aims to examine the association between the TyG index and hyperuricemia in individuals with T2DM and to assess the potential mediating role of obesity, measured by BMI, in this relationship.




2 Methods



2.1 Study participants

A total of 1,193 consecutive T2DM inpatients at the Department of Endocrinology, RuiJin Hospital Lu Wan Branch, from March 2020 to December 2024, were retrospectively selected as the research subjects. T2DM diagnosis was established according to the 2020 American Diabetes Association (ADA) criteria [23]. Participants were excluded based on the following criteria: missing data of uric acid (n=12), missing data of TyG index (n=32), or age < 18 years (n=1). In total, 34 individuals (2.9%) were excluded, leaving 1,159 participants in the final analysis. According to the Helsinki Declaration, the study protocol was approved by the Ethics Committee of RuiJin Hospital Lu Wan Branch, Shanghai Jiaotong University School of Medicine. All participants gave their written informed consent.




2.2 Clinical and biochemical analysis

All participants completed structured interviews by trained research staff, including sex, age, duration of diabetes mellitus, smoking status (never, former, or current), smoking (never or current), and medical history. BMI was calculated as body weight (kg)/height (m2). An electronic sphygmomanometer measured SBP and DBP after a 5-minute rest period. Blood samples were collected from subjects after an overnight fast of at least eight hours, typically in the morning, ensuring standardized fasting conditions. Fasting blood glucose (FBG), glycated hemoglobin A1c (HbA1c), triglycerides (TG), total cholesterol (TC), high-density lipoprotein cholesterol (HDL-C), low-density lipoprotein cholesterol (LDL-C), uric acid (UA), and renal function tests were measured using standard methods. The estimated glomerular filtration rate (eGFR) was calculated using the abbreviated Modification of Diet in Renal Disease (MDRD) formula (24).




2.3 Definitions of the exposure and outcome variables

The TyG index was calculated using the formula: TyG = ln [TG (mg/dL) × FBG (mg/dL) / 2] (25). Hyperuricemia was defined as a serum uric acid level ≥ 420 μmol/L in males or ≥ 360 μmol/L in females (26).




2.4 Statistical analysis

Continuous variables with normal distributions (assessed by Kolmogorov-Smirnov tests and Q-Q plots) were expressed as mean ± standard deviation, while non-normally distributed variables were reported as median (interquartile range). Categorical variables were presented as frequencies (percentages). Differences between the hyperuricemia and non-hyperuricemia groups were assessed using the Student’s t-test for normally distributed continuous variables, the Mann-Whitney U test for non-normally distributed continuous variables, and the chi-square test for categorical variables. P-values for baseline comparisons are presented for descriptive purposes only and were not adjusted for multiple comparisons.

The associations between the TyG index and hyperuricemia were assessed using univariate and multivariable logistic regression models across three different models. The results are presented as odds ratios (ORs) with corresponding 95% confidence intervals (CIs). Model 1 was unadjusted. Model 2 was adjusted for age and gender. Model 3 was additionally adjusted for HbA1c, diabetes duration, estimated glomerular filtration rate (eGFR), HDL-C, LDL-C, hypertension, hyperlipidemia, coronary heart disease, smoking status, and alcohol consumption. Covariate selection was based on clinical relevance, existing literature, or a ≥ 10% change in the effect estimate when added to the model (6). In addition, restricted cubic spline (RCS) regression was performed with 3 knots at the 10th, 50th, 90th percentiles to assess potential nonlinear relationship between the TyG index and hyperuricemia after adjusting variables in Model 3.

Stratified analyses were performed to investigate the relationship between the TyG index and hyperuricemia and their interaction in different subgroups, with adjustments for corresponding confounding factors. Mediation analysis was used to evaluate whether BMI is associated with the link between the TyG index and hyperuricemia. Three distinct statistical models were employed to evaluate the adjusted mediation effect. Mediation analysis was performed using the bootstrap method with 1,000 resamples to estimate total, direct, and indirect effects and to calculate the proportion mediated (PM). A mediation effect was considered statistically significant if the 95% CI of the β coefficient did not include zero (27). Given the cross-sectional design of this study, causal relationships inferred from the mediation analysis should be interpreted with caution. Statistical significance was defined as a two-tailed P-value <0.05. All analyses were performed using SPSS software (Version 25.0), EmpowerStats, and statistical package R (Version 4.2.0). Mediation analysis was conducted in R using the mediation package (28).





3 Results



3.1 Participants’ characteristics by hyperuricemia

The characteristics of the participants are presented in Table 1. A total of 1159 patients with T2DM (701 males and 458 females) were enrolled in the final study, among whom 356 patients (30.7%) were diagnosed with hyperuricemia. Compared to patients without hyperuricemia, those with hyperuricemia were more likely to be younger (P = 0.003). However, no significant gender difference was observed (P = 0.062). Patients with hyperuricemia exhibited higher weight, BMI, elevated triglyceride, total cholesterol levels, along with reduced high-density lipoprotein cholesterol (all P<0.001). Additionally, they had lower estimated glomerular filtration rates (eGFR), markedly elevated serum uric acid (457.76 ± 65.90 vs. 309.47 ± 57.86 μmol/L; P < 0.001), higher prevalence of hypertension and hyperlipidemia, and longer diabetes duration (all P < 0.05). The TyG index was also significantly higher in patients with hyperuricemia than in those without (9.37 ± 0.77 vs. 9.06 ± 0.75, P<0.001). However, no significant differences were found in height, systolic blood pressure, diastolic blood pressure, fasting blood glucose, HbA1c, LDL-C, coronary heart disease status, smoking status, or alcohol consumption between groups.


Table 1 | Clinical characteristics of participants by hyperuricemia.
	Variables
	Non-hyperuricemia
	Hyperuricemia
	P value


	(N = 803)
	(N = 356)



	Age, years
	59.74 ± 10.25
	57.63 ± 12.31
	0.003


	Male, n (%)
	500 (62.27%)
	201 (56.46%)
	0.062


	Height, cm
	166.42 ± 8.54
	166.80 ± 8.49
	0.479


	Weight, kg
	70.47 ± 12.88
	75.64 ± 15.64
	<0.001


	BMI, kg/m2
	25.34 ± 3.52
	27.03 ± 4.19
	<0.001


	SBP, mmHg
	127.63 ± 19.43
	128.20 ± 19.23
	0.645


	DBP, mmHg
	74.47 ± 10.88
	75.21 ± 11.28
	0.298


	FBG, mmol/L
	7.34 ± 2.44
	7.15 ± 2.29
	0.209


	HbA1C, (%)
	8.58 ± 2.12
	8.37 ± 2.07
	0.133


	Triglyceride, mmol/L
	1.45 (1.04-2.12)
	1.94 (1.43-2.82)
	<0.001


	Total Cholesterol, mmol/L
	4.93 ± 1.30
	5.28 ± 1.53
	<0.001


	HDL-C, mmol/L
	1.17 ± 0.30
	1.10 ± 0.25
	<0.001


	LDL-C, mmol/L
	3.16 ± 0.94
	3.38 ± 0.99
	<0.001


	eGFR, mL/min/1.73m²
	109.58 ± 27.90
	99.94 ± 27.60
	<0.001


	Creatinine, umol/L
	65.82 ± 17.38
	71.29 ± 19.10
	<0.001


	Uric acid, umol/L
	309.47 ± 57.86
	457.76 ± 65.90
	<0.001


	The TyG index
	9.06 ± 0.75
	9.37 ± 0.77
	<0.001


	Hypertension, n (%)
	426 (53.05%)
	215 (60.39%)
	0.02


	Hyperlipidemia, n (%)
	271 (33.75%)
	156 (43.94%)
	<0.001


	Coronary Heart Disease, n (%)
	93 (11.58%)
	47 (13.20%)
	0.435


	Diabetic duration, years
	9.73 ± 8.59
	8.45 ± 8.36
	0.018


	Smoking status, n (%)
	 
	 
	0.075


	 Never smoker
	426 (53.25%)
	215 (60.39%)
	 


	 Ex-smoker
	96 (12.00%)
	38 (10.67%)
	 


	 Current smoker
	278 (34.75%)
	103 (28.93%)
	 


	Alcohol consumption, n (%)
	78 (9.75%)
	36 (10.11%)
	0.849





Data are presented as mean ± SD, median (interquartile range), or number (%).

BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure; FBG, fasting blood glucose; HbA1C, glycosylated hemoglobin; HDL-C, high-density lipoprotein-C; LDL-C, low-density lipoprotein-C; eGFR, estimated glomerular; the TyG index, the triglyceride-glucose index.






3.2 Association between TyG and BMI with hyperuricemia

The univariate and multivariable regression models are shown in Table 2. In the unadjusted model (Model 1), each unit increase in the TyG index was associated with a 1.67-fold increase of hyperuricemia (95% CI: 1.42-1.97; P < 0.001). When the TyG index was categorized into tertiles, the odds of hyperuricemia were significantly higher in the second (OR = 2.21, 95% CI: 1.59–3.08, P < 0.001) and third tertiles (OR = 2.67, 95% CI: 1.93–3.70, P < 0.001) compared with the first tertile. The association remained significant in multivariable logistic regression models after adjusting for potential confounders. After adjusting for age, gender, HbA1c, diabetes duration, eGFR, HDL-C, LDL-C, hypertension, hyperlipidemia, coronary heart disease, smoking status, and alcohol consumption in model 3, each one-unit increase in the TyG index was associated with an OR of 1.36 (95% CI: 1.10-1.68; P = 0.005) for hyperuricemia. Similarly, the adjusted ORs were 1.64 (95% CI: 1.15–2.35; P = 0.006) for the second TyG tertile and 1.75 (95% CI: 1.19–2.56; P = 0.004) for the third tertile, compared with the first tertile (P for trend <0.01).Accordingly, the relationship between the TyG index and hyperuricemia appeared to be approximately linear in RCS (P for nonlinearity = 0.123, Supplementary Figure S1).


Table 2 | Association between the triglyceride-glucose index and BMI with hyperuricemia.
	Variables
	Model 1
	Model 2
	Model 3


	OR (95%CI)
	P value
	OR (95%CI)
	P value
	OR (95%CI)
	P value



	TyG (continuous)
	1.67 (1.42, 1.97)
	<0.001
	1.65 (1.39, 1.96)
	<0.001
	1.36 (1.10, 1.68)
	0.005


	TyG (tertile)


	T1:6.91-8.81
	Reference
	 
	Reference
	 
	Reference
	 


	T2:8.82-9.37
	2.21 (1.59, 3.08)
	<0.001
	2.20 (1.58, 3.06)
	<0.001
	1.64 (1.15, 2.35)
	0.006


	T3:9.38-12.28
	2.67 (1.93, 3.70)
	<0.001
	2.53 (1.81, 3.53)
	<0.001
	1.75 (1.19, 2.56)
	0.004


	P for trend
	<0.001
	 
	<0.001
	 
	0.006
	 


	BMI
	1.12 (1.09, 1.16)
	<0.001
	1.12 (1.08, 1.16)
	<0.001
	1.08 (1.04, 1.12)
	<0.001





OR, odds ratio; CI, confidence interval; TyG, triglyceride-glucose; BMI, body mass index.

Model 1: unadjusted.

Model 2: adjusted for age and gender.

Model 3: adjusted for the variables in Model 2 plus HbA1c, the duration of diabetes, eGFR, HDL-C, LDL-C, hypertension, hyperlipidemia, coronary heart disease, smoking status, and alcohol consumption.



The correlation between BMI and hyperuricemia was also rigorously analyzed (Table 2). In the crude model (Model 1), each one-unit increase in BMI was associated with a 12% increased risk of hyperuricemia (OR = 1.12, 95% CI: 1.09–1.16, P<0.001). After adjusting for age and gender, Model 2 confirmed similar findings (OR = 1.12, 95% CI: 1.08–1.16, P<0.001). With further adjustment for potential confounders in Model 3, the risk slightly declined but remained significant (OR = 1.08, 95% CI: 1.04–1.12, P<0.001).




3.3 Association between TyG and BMI

Table 3 presents the results of the multivariable linear regression analysis examining the association between the TyG index and BMI. In the unadjusted model (Model 1), the TyG index showed a positive association with BMI (β=1.62, 95% CI: 1.35–1.89, P < 0.001). After adjustment for age and sex in Model 2, the association remained significant (β=1.31, 95% CI: 1.03–1.58, P < 0.001). Further adjustment in model 3 for additional covariates, including HbA1c, diabetes duration, eGFR, HDL-C, LDL-C, hypertension, hyperlipidemia, coronary heart disease, smoking status, and alcohol consumption attenuated the strength of the association, but it remained statistically significant (β=0.95, 95% CI: 0.63–1.26, P < 0.001).


Table 3 | The association between the triglyceride-glucose index and BMI.
	Variables
	Model 1
	Model 2
	Model 3


	β (95%CI)
	P value
	β (95%CI)
	P value
	β (95%CI)
	P value



	TyG (continuous)
	1.62 (1.35, 1.89)
	<0.001
	1.31 (1.03, 1.58)
	<0.001
	0.95 (0.63, 1.26)
	<0.001


	TyG (tertile)


	T1:6.91-8.81
	Reference
	 
	Reference
	 
	Reference
	 


	T2:8.82-9.37
	1.68 (1.17, 2.20)
	<0.001
	1.59 (1.09, 2.09)
	<0.001
	1.05 (0.54, 1.55)
	<0.001


	T3:9.38-12.28
	2.71 (2.19, 3.22)
	<0.001
	2.19 (1.68, 2.70)
	<0.001
	1.47 (0.91, 2.02)
	<0.001


	P for trend
	<0.001
	 
	<0.001
	 
	<0.001
	 





β, regression coefficient; CI, confidence interval. TyG, triglyceride-glucose.

Model 1: unadjusted.

Model 2: adjusted for age and gender.

Model 3: adjusted for the variables in Model 2 plus HbA1c, the duration of diabetes, eGFR, HDL-C, LDL-C, hypertension, hyperlipidemia, coronary heart disease, smoking status, and alcohol consumption.



To ensure the robustness of the results, we further categorized the TyG index into tertiles. Compared with the lowest tertile, the highest tertile of the TyG index was associated with a higher BMI (β=1.47, 95% CI: 0.91–2.02, P < 0.001). Moreover, a significant dose-response relationship was observed (P for trend <0.001).




3.4 Subgroup analyses

Stratified analyses were performed to explore the robustness of the association between the TyG index and hyperuricemia, as shown in Figure 1. We found a positive association between the TyG index and hyperuricemia across subgroups defined by age, gender, hypertension status, hyperlipidemia, smoking status and alcohol consumption.
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Figure 1 | Subgroup and interaction analyses of the TyG index and hyperuricemia. Adjusted for age, gender, HbA1c, the duration of diabetes, eGFR, HDL-C, LDL-C, hypertension, hyperlipidemia, coronary heart disease, smoking status, and alcohol consumption.

Notably, we observed no significant interaction effects among these subgroups (all P for interaction > 0.05). These results support the independent and robust correlation between TyG and hyperuricemia across all subgroups.





3.5 Mediation analyses

Mediation analysis was conducted to assess the relationship of BMI with the TyG index and hyperuricemia (Table 4, Figure 2). The total effect of the TyG index on hyperuricemia was statistically significant across all three models. The indirect effect through BMI was also significant, accounting for approximately 20.0% to 27.9% of the total effect, indicating a meaningful mediation role of BMI. Even after adjusting for multiple potential confounders, including age, gender, HbA1c, diabetes duration, eGFR, HDL-C, LDL-C, hypertension, hyperlipidemia, coronary heart disease, smoking status, and alcohol consumption, both the direct and indirect effects remained statistically significant. These findings are consistent with a potential role of BMI in the relationship between the TyG index and hyperuricemia.


Table 4 | Mediation analysis of the association between the triglyceride-glucose index and hyperuricemia mediated by BMI.
	
	Model 1
	Model 2
	Model 3


	Estimate (95%CI)
	P value
	Estimate (95%CI)
	P value
	Estimate (95%CI)
	P value



	Total effect
	0.101 (0.072, 0.130)
	<0.001
	0.099 (0.068, 0.129)
	<0.001
	0.058 (0.024, 0.097)
	0.002


	Indirect effect
	0.028 (0.018, 0.041)
	<0.001
	0.023 (0.014, 0.034)
	<0.001
	0.012 (0.005, 0.019)
	<0.001


	Direct effect
	0.073 (0.042, 0.104)
	<0.001
	0.075 (0.043, 0.107)
	<0.001
	0.046 (0.013, 0.086)
	0.006


	PM, %
	27.9%
	 
	23.6%
	 
	20.0%
	 


	P value
	<0.001
	 
	<0.001
	 
	0.002
	 





OR, odds ratio; CI, confidence interval; PM, proportion mediated.

Model 1: unadjusted.

Model 2: adjusted for age and gender.

Model 3: adjusted for the variables in Model 2 plus HbA1c, the duration of diabetes, eGFR, HDL-C, LDL-C, hypertension, hyperlipidemia, coronary heart disease, smoking status, and alcohol consumption.
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Figure 2 | Mediation effect of BMI in the association between the triglyceride-glucose index and hyperuricemia. Adjusted for age, gender, HbA1c, the duration of diabetes, eGFR, HDL-C, LDL-C, hypertension, hyperlipidemia, coronary heart disease, smoking status, and alcohol consumption.





4 Discussion

This study explored the relationships between insulin resistance, obesity, and hyperuricemia in the context of T2DM. We demonstrated significant positive associations between the TyG index, BMI, and hyperuricemia in Chinese patients with T2DM. These associations remained significant after adjusting for confounding factors. Subgroup analyses further confirmed the consistent relationship between the TyG index and hyperuricemia. Notably, mediation analysis reveals that BMI accounts for 20.0% of this association, suggesting that obesity may be involved in this relationship.

A recent systematic review and meta-analysis reported a pooled hyperuricemia prevalence of 27.28% among African individuals with T2DM, with regional variations ranging from 24.72% in North Africa to 33.72% in Central Africa (10). Similar regional differences exist in China. A previous study in Southwest China revealed a prevalence rate of 21.24% in diabetic patients (11), whereas another research in Urumqi reported a notably lower prevalence of 12.6% (29). In our research, 30.7% of individuals with type 2 diabetes were found to have hyperuricemia. These variations may reflect differences in genetic profiles, dietary habits, lifestyle choices, and environmental exposures across regions. While most epidemiological studies report higher hyperuricemia prevalence in males, our findings showed no significant sex difference. This contradicts established phenomenon where premenopausal women typically exhibit lower uric acid levels due to estrogen’s protective effect. Notably, in our study, the female participants had a median age of 63 years (interquartile range [IQR]: 57-67), suggesting that the majority were likely postmenopausal and had lost the protective effect of estrogen. Consequently, their serum uric acid levels progressively elevated, approximating those observed in males (30–32).

Accumulating evidence establishes a significant association between the TyG index and hyperuricemia. Shi et al. revealed a linear relationship between TyG and hyperuricemia in the general Chinese population, with each SD increase in TyG corresponding to a 54.1% higher risk of hyperuricemia (17). Recently, Qiu et al. further demonstrated a positive, reverse U-shaped association in U.S. adults, suggesting a complex relationship that may be influenced by geographic and ethnic factors (4). Moreover, several studies have confirmed this association in hypertensive populations (18, 19). However, evidence specific to diabetic populations remains limited (12). Consistent with prior studies, our research confirmed a positive and linear association in the Chinese diabetic population. Subgroup analyses and interaction tests further demonstrated its consistency across diverse patient subgroups. So far, the role of obesity as a mediator between the TyG index and hyperuricemia has not been thoroughly investigated. A cross-sectional analysis of the National Health and Nutrition Examination Survey (NHANES) revealed that BMI mediated 46.8% of this association in the general U.S. population (33). In contrast, a study conducted among middle-aged and elderly hypertensive individuals in China found that BMI mediated only 8.9% of this association (34). Notably, our study revealed a mediation proportion of 20.0% for the association between the TyG index and hyperuricemia in patients with T2DM, a proportion intermediate between the 46.8% reported in the general U.S. population and the 8.9% observed in middle-aged and elderly Chinese hypertensive patients. These discrepancies may arise from metabolic characteristics in a specific population. Ethnic differences in susceptibility to insulin resistance may also contribute to the heterogeneity in the mediation effect of BMI across populations (35). Additionally, unmeasured confounders and methodological differences may also contribute to the observed heterogeneity. To the best of our knowledge, this is the first study to investigate the mediating effect of BMI on the association between the TyG index and hyperuricemia in a diabetic population.

The mechanisms behind this observation are not yet clearly established, but several potential biological mechanisms may account for this observation. The TyG index, derived from triglycerides and fasting blood glucose levels, reflects dysregulated lipid and glucose metabolism, both implicated in hyperuricemia pathogenesis (15, 16). Animal studies suggest IR exacerbates hyperuricemia primarily through enhancing urate reabsorption via increased expression of urate transporter 1 (URAT1) and glucose transporter 9 (GLUT9), elevating serum uric acid levels (36, 37). Obesity, as a key component of metabolic syndrome, promotes free fatty acid (FFA) release, further enhancing insulin resistance and urate transporters expression (33, 37, 38). Adipocytes secrete inflammatory factors such as TNF-α and IL-6, as well as adipokines like leptin, adiponectin, and resistin. These substances contribute to insulin resistance and induce a chronic low-grade inflammatory state, thereby damaging the kidneys (39, 40). This may ultimately impair uric acid excretion and elevate uric acid levels.

The study has several limitations. Firstly, because TyG, BMI, and SUA were measured simultaneously, temporality cannot be established and causal inference is not possible. Our mediation analysis revealed indirect associations consistent with a potential pathway from TyG through BMI to hyperuricemia, but alternative or reverse pathways, such as hyperuricemia leading to insulin resistance (41), are biologically plausible. These findings are exploratory and hypothesis-generating, and require confirmation in future longitudinal or interventional studies. Secondly, residual and unmeasured confounding may exist, including dietary intake, certain medications, and renal factors beyond eGFR, and potential bias from self-reported variables such as smoking, alcohol consumption, and medical history. Additionally, both TyG and hyperuricemia were measured from the same blood sample, introducing a shared-source bias that may inflate the observed association. Results should be interpreted with caution. Thirdly, consecutive inpatients may represent a population with more severe or poorly controlled diabetes, and as a single-center study of Chinese patients, caution is needed when generalizing these findings.




5 Conclusions

In this cross-sectional study of Chinese patients with T2DM, both the TyG index and BMI were independently associated with hyperuricemia. The observed associations were consistent with a possible indirect link through BMI, but causal mediation cannot be established due to the study design. These findings suggest that obesity may partly explain the relationship between insulin resistance reflected by the TyG index and hyperuricemia. Weight management and lifestyle interventions targeting both insulin resistance and obesity may therefore have potential clinical value in reducing hyperuricemia risk in this population. Future longitudinal studies with prospective follow-up and external validation are needed to clarify whether integrating insulin resistance and obesity into multivariable models can improve risk stratification for hyperuricemia in patients with type 2 diabetes.
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Background

Arterial stiffness is an early indicator of atherosclerosis. The blood urea nitrogen to serum albumin ratio(BAR) is associated with poor prognosis in several chronic diseases. However, the relationship between BAR and arterial stiffness in type 2 diabetes mellitus (T2DM) patients has not been extensively studied. This study aimed to examine the relationship between BAR and brachial-ankle pulse wave velocity (baPWV), an indicator of arterial stiffness in patients newly diagnosed with T2DM.





Methods

A total of 510 adult patients newly diagnosed with T2DM were enrolled between January 2021 and December 2023. BAR was calculated by blood urea nitrogen/albumin ratio. A baPWV ≥1400 cm/s was defined as arterial stiffness. A linear regression model and logistic regression model were used to assess the relationship between BAR and baPWV after adjusting for potential confounders.





Results

The average age of the patients in this study was 45.66 ± 10.18 years, and 78.8% were male. The mean baPWV was 1469.15 ± 295.82 cm/s, and 50.8% of patients exhibited arterial stiffness. The prevalence of arterial stiffness increased significantly across ascending BAR tertiles (T1: 39.3%, T2: 51.7%, T3: 61.4%; p = 0.002). Linear correlation analysis revealed a positive correlation between BAR and baPWV. According to the fully adjusted logistic regression model, each unit increase in the lnBAR was associated with a 3.452-fold greater risk of arterial stiffness[95% CI(1.586, 7.513), p = 0.002]. Compared to the lowest tertile (T1), participants in the middle (T2) and highest (T3) BAR tertiles had a significantly greater risk of arterial stiffness [T2: OR = 1.915, 95% CI (1.016, 3.609), p = 0.044; T3: OR = 2.064, 95% CI (1.051, 4.054), p = 0.035]. Stratified analyses demonstrated consistent positive correlations between BAR and baPWV across sex and BMI subgroups, as well as in individuals aged < 50 years.





Conclusion

BAR levels were independently and positively correlated with baPWV in Chinese patients with newly diagnosed T2DM.
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1 Introduction

The global diabetes epidemic poses a significant challenge to public health systems worldwide, imposing considerable economic and social burdens. According to the International Diabetes Federation (IDF) (1), 589 million adults aged 20–79 years are living with diabetes globally. This number is expected to rise to 853 million by 2050, with over 90% of cases attributed to type 2 diabetes mellitus (T2DM). China has the highest diabetes burden, affecting 12.8% of the adult population (2). Crucially, diabetes-related complications, particularly macrovascular diseases such as atherosclerosis, ischemic heart disease, and stroke, have emerged as the leading causes of mortality and disability among patients with diabetes. Importantly, these complications are increasingly prevalent among younger populations (3), underscoring the urgent need for early screening of high-risk individuals and implementation of targeted vascular protection strategies.

Arterial stiffness, characterized by diminished arterial elasticity due to structural and functional abnormalities of the arterial wall, represents an early indicator of atherosclerosis (4). Substantial evidence indicates that increased arterial stiffness is independently correlated with cardiovascular disease (CVD) and renal impairment, serving as a predictor of cardiovascular morbidity and mortality (4–6). Diabetes exacerbates arterial stiffening through various pathophysiological mechanisms, including insulin resistance, endothelial dysfunction, non-enzymatic glycation, platelet dysfunction, chronic inflammation, and increased oxidative stress (7). In patients with T2DM, early detection of arterial stiffness, in conjunction with biomarker identification, is crucial for mitigating the progression of atherosclerosis. Brachial-ankle pulse wave velocity (baPWV), a noninvasive and cost-effective clinical tool, has a strong ability to predict for cardiovascular risk and all-cause mortality in diabetic patients (8, 9). Notably, assessing baPWV in newly diagnosed with T2DM is of significant clinical importance. Many of these patients have already experienced prolonged hyperglycemia, which initiates the progression of vascular stiffness. Early detection of arterial stiffness in this population provides a critical opportunity for intervention, potentially altering the progression of CVD.

Blood urea nitrogen (BUN), a metabolic byproduct of protein catabolism, serves as a biomarker of renal function, nutritional status, and volume status. It has also been independently associated with CVD mortality risk, establishing its utility in the assessment of CVD prognosis (10, 11). Serum albumin(ALB), a key nutritional indicator, critically mediates substance transport, ligand binding, and maintenance of plasma colloid osmotic pressure. Additionally, it has antioxidant, anti-inflammatory, and endothelial stabilizing functions (12, 13). The blood urea nitrogen to serum albumin ratio (BAR) is an innovative biomarker that combines indicators of BUN and ALB, reflecting both nutritional and inflammatory factors. Studies have demonstrated that it has significant predictive value in assessing the prognosis of various diseases, including pneumonia, chronic heart failure, sepsis, and renal insufficiency (14–17). However, its association with arterial stiffness in patients with T2DM remains unknown. Therefore, this study aimed to investigate the correlation between BAR and arterial stiffness, as determined by baPWV, in individuals newly diagnosed with T2DM.




2 Methods



2.1 Data source and study population

This was a cross-sectional study. A total of 510 adults with newly diagnosed (< 3 months) with T2DM who were drug-naïve—defined as individuals who had not previously received any treatment with oral hypoglycemic agents or insulin—were enrolled. These patients were under follow-up care at the National Metabolic Management Center (MMC) of Longgang Central Hospital in Shenzhen between January 2021 and December 2023. The MMC is a platform for the standardized diagnosis, management, and follow-up of patients with metabolic diseases. All individuals who met the 1999 WHO diagnostic criteria for T2DM were included in the study. The main exclusion criteria were autoimmune diabetes, secondary diabetes, pregnancy, malignancy, chronic kidney disease (eGFR <60 ml/min), chronic liver disease, coronary artery disease, heart failure, and stroke. The study was conducted in accordance with the principles outlined in the Declaration of Helsinki, and the research protocol received approval from the Ethics Committee of Longgang Central Hospital. Informed consent was obtained from all participants.




2.2 Clinical and laboratory data

Face-to-face interviews were conducted with all patients to obtain relevant information, including age, sex, occupation, medical history, and personal habits such as smoking and drinking. The duration of T2DM was calculated from the time of the first diagnosis. Blood pressure was measured via an automated blood pressure cuff with the participant in a seated position on the upper arm. The average value was derived from three consecutive measurements. The subjects’ height and weight were measured in a fasted state on the morning of the study, and the body mass index(BMI) of each individual was calculated via the following formula: weight (kg)/height (m)². Waist circumference was measured at the midpoint between the lower edge of the lowest rib and the upper edge of the hipbone using a non-elastic flexible ruler. The average of the two measurements was calculated. Plasma was collected from the patients in a fasted state eight hours after their overnight stay, and the following indicators were measured via a fully automated biochemical analyzer: fasting blood glucose, fasting C-peptide, glycosylated hemoglobin(HbA1c), alanine aminotransferase(ALT), aspartate aminotransferase(AST), gamma-glutamyltransferase(GGT), serum albumin(ALB), serum uric acid, creatinine, blood urea nitrogen(BUN), triglyceride(TG), total cholesterol(TC), HDL cholesterol(HDL-C) and LDL cholesterol(LDL-C). The eGFR was calculated from serum creatinine using by abbreviated MDRD study equation [eGFR (mL/min/1.73 m²) = 186 × (Scr)^-1.154 × (Age)^-0.203 × (0.742 if female)] and included as a continuous variable. BAR(mmol/g) was calculated by the ratio of BUN (mmol/L) to albumin(g/L). The patients were divided into three equal groups according to their BAR level:T1, BAR <0.0874; T2, BAR between 0.0874 and 0.1161; and T3, BAR >0.1161.




2.3 Brachial-ankle pulse wave velocity measurement

BaPWV was measured via an automated atherosclerosis testing device (VP-1000; Omron Corporation, Kyoto, Japan). The participants were placed in the supine position and allowed to rest for at least five minutes. Blood pressure cuffs were then attached to the upper arms (brachial arteries) and ankles (posterior tibial arteries) bilaterally. Cardiac leads were also connected to synchronize the pulse waveforms in the cuff arteries. The conduction distance between the arm and ankle was measured, and the conduction time was defined as the interval between the initial rise in the waveforms of the brachial and posterior tibial arteries. The baPWV was calculated by the following formula: baPWV (cm/s) = conduction distance (cm)/conduction time (s). The average baPWV was calculated by averaging the baPWV readings from both sides, and baPWV ≥1400 cm/s was defined as arterial stiffness, as previously reported (18, 19). All operations were performed by technicians who had received uniform technical training, and measurements with poor waveforms were excluded.




2.4 Statistical analyses

Data that followed a normal distribution are presented as the means ± standard deviations, while data that did not follow a normal distribution are presented as medians with quartile ranges. Count data are presented as frequencies and percentages (n, %). BaPWV was analyzed as a continuous variable using its raw values (cm/s). In the binary logistic regression analysis, BAR was treated as a continuous variable and was transformed and analyzed in the form of natural logarithm because the raw data was skewed. Patients were grouped into tertiles on the basis of BAR. To evaluate trends, linear regression was applied to continuous variables, whereas chi-square trend tests were used for categorical variables. The assumption of linearity in the logit for these continuous variables in the logistic regression model was confirmed using Box-Tidwell test, while for continuous predictors in linear regression, it was confirmed using the Residuals vs. Fitted plot. Pearson or Spearman correlation coefficients were used to examine the relationships between baPWV and other indicators. The assessment of multicollinearity among the relative variables was conducted by calculating the Variance Inflation Factor (VIF), and none were found. A multivariable binary logistic regression model was used to compute odds ratios (ORs) and 95% confidence intervals (CIs) for assessing the independent effects of BAR on baPWV. The Receiver Operating Characteristic (ROC) curve analysis was employed to ascertain the optimal cut-off for the BAR in predicting increased arterial stiffness in individuals newly diagnosed with T2DM. Statistical analyses were performed using SPSS 27.0, and a bilateral p-value <0.05 was considered statistically significant.





3 Results



3.1 Baseline characteristics

The demographic and clinical characteristics of the enrolled patients are shown in Table 1. A total of 510 patients with newly diagnosed T2DM were included in this study. The average age of the patients was 45.66 ± 10.18 years. Among these patients, 402 (78.8%) were male and 98 (21.2%) were female. The mean baPWV was 1469.15 ± 295.82 cm/s, and 50.8% of patients exhibited arterial stiffness. The enrolled patients were categorized into three groups according to BAR level: T1, BAR <0.0874; T2, BAR between 0.0874 and 0.1161; and T3, BAR >0.1161. A higher BAR was associated with older age, higher blood creatinine and BUN, and lower BMI, eGFR and ALB. However, no significant differences were observed in sex, SBP, DBP, waist circumference, fasting blood glucose, HbA1c, fasting C-peptide, ALT, AST, GGT, serum uric acid, UACR, TG, TC, LDL-C or HDL-C levels. There were no statistically significant differences in smoking or alcohol consumption among the three groups. The higher BAR group had a greater baPWV. The percentage of patients with arterial stiffness in the T1, T2, and T3 subgroups were 40.6%, 52.4%, and 59.4%, respectively (p = 0.002), indicating an increase in the prevalence of arterial stiffness according to BAR subgroup.


Table 1 | Baseline characteristics of participants according to different BAR level groups.
	Variables
	ALL
	T1 (n=170)
	T2 (n=170)
	T3 (n=170)
	p-value



	Sex (men) (case, %)
	402, 78.8%
	131, 77.1%
	132, 77.6%
	139, 81.1%
	0.512


	Age (years)
	45.66 ± 10.18
	44.07 ± 10.24
	45.44 ± 9.91
	47.49 ± 10.17
	0.008


	SBP (mmHg)
	123.50 ± 10.89
	123.28 ± 10.36
	123.36 ± 9.53
	123.87 ± 12.60
	0.865


	DBP (mmHg)
	79.11 ± 7.48
	79.48 ± 7.15
	79.21 ± 6.03
	78.66 ± 8.98
	0.597


	BMI (kg/m2)
	25.82 ± 4.41
	26.60 ± 4.84
	25.47 ± 4.21
	25.38 ± 4.04
	0.018


	Waist circumference (cm)
	91.83 ± 11.07
	92.80 ± 11.64
	91.25 ± 10.94
	91.43 ± 10.59
	0.382


	Fasting glucose (mmol/L)
	10.20 ± 3.93
	9.92 ± 3.45
	10.12 ± 4.27
	10.57 ± 4.04
	0.296


	HbA1c (%)
	11.90 ± 2.49
	12.09 ± 2.50
	11.74 ± 2.37
	11.86 ± 2.58
	0.434


	Fasting C-peptide (ng/ml)
	1.68 ± 1.24
	1.67 ± 1.07
	1.52 ± 0.93
	1.84 ± 1.60
	0.060


	ALT (U/L) (median (IQR))
	20.00 (14.00-35.00)
	21.00 (14.00-39.00)
	21.00 (14.00-38.00)
	18.00 (13.00-31.00)
	0.080


	AST (U/L) (median (IQR))
	17.00 (13.00-27.00)
	18.00 (14.00-31.00)
	18.00 (13.00-28.00)
	16.00 (13.00-23.25)
	0.089


	GGT (U/L) (median (IQR))
	30.00 (19.00-54.60)
	32.50 (19.00-57.50)
	33.00 (19.25-62.00)
	29.00 (13.70-49.25)
	0.431


	ALB (g/L)
	39.98 ± 4.47
	40.34 ± 5.14
	40.51 ± 3.86
	39.09 ± 4.20
	0.006


	Uric acid (μmol/L)
	334.62 ± 113.50
	337.90 ± 120.08
	325.17 ± 100.01
	340.88 ± 119.43
	0.401


	Creatinine (μmol/L) (median (IQR))
	64.90 (55.15-73.70)
	61.90 (53.55-69.30)
	65.35 (54.95-72.93)
	70.75 (57.76-81.10)
	<0.001


	eGFR (ml/min/1.73m2) (median (IQR))
	118.47 (103.08-137.48)
	125.12 (110.96-142.81)
	119.43 (103.23-138.72)
	109.62 (93.28-130.21)
	<0.001


	BUN (mmol/L)
	4.27 ± 1.85
	2.74 ± 0.64
	4.07 ± 0.54
	5.99 ± 2.08
	<0.001


	UACR (median (IQR))
	4.84 (2.64-10.92)
	4.92 (2.48-10.91)
	4.94 (2.87-10.25)
	4.58 (2.72-12.15)
	0.855


	TG (mmol/L) (median (IQR))
	1.60 (1.08-2.58)
	1.66 (1.08-2.99)
	1.58 (1.08-2.55)
	1.59 (1.06-2.49)
	0.694


	TC (mmol/L)
	4.82 ± 1.62
	4.93 ± 1.43
	4.64 ± 1.01
	4.89 ± 2.20
	0.215


	LDL-C (mmol/L)
	3.13 ± 0.93
	3.17 ± 0.93
	3.13 ± 0.95
	3.07 ± 0.93
	0.629


	HDL-C (mmol/L)
	1.00 ± 0.28
	0.99 ± 0.29
	0.98 ± 0.27
	1.02 ± 0.28
	0.477


	BAR
	0.11 ± 0.05
	0.07 ± 0.01
	0.10 ± 0.01
	0.16 ± 0.07
	<0.001


	History of drinking
	 
	 
	 
	 
	0.447


	 Never (case, %)
	341, 66.9%
	108, 63.5%
	114, 67.1%
	119, 70.0%
	 


	 Current or ever (case, %)
	169, 33.1%
	62, 36.5%
	56, 32.9%
	51, 30.0%
	 


	History of smoking
	 
	 
	 
	 
	0.662


	 Never (case, %)
	322, 63.1%
	108, 63.5%
	103, 60.6%
	111, 65.3%
	 


	 Current or ever (case, %)
	188, 36.9%
	62, 33.0%
	67, 35.6%
	59, 31.4%
	 


	baPWV (cm/s)
	1469.15 ± 295.82
	1406.42 ± 255.04
	1462.12 ± 285.45
	1538.92 ± 328.85
	<0.001


	Arterial stiffness, (case, %)
	259, 50.8%
	69, 40.6%
	89, 52.4%
	101, 59.4%
	0.002





SBP, systolic blood pressure; DBP, diastolic blood pressure; BMI, body mass index; HbA1c, hemoglobin A1c; ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, γ-glutamyl transferase; ALB, albumin; BUN, blood urea nitrogen; UACR, urine albumin-to-creatinine ratio; TG, triglyceride; TC, total cholesterol; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; BAR, blood urea nitrogen to serum albumin ratio; baPWV, brachial-ankle pulse wave velocity






3.2 Relationships between BAR and clinical indicators in patients with newly diagnosed with T2DM

As shown in Table 2, linear correlation analysis revealed that BAR was positively correlated with age (r = 0.222, p = 0.001), fasting C-peptide (r = 0.206, p < 0.001), creatinine (r = 0.615, p < 0.001), BUN (r = 0.950, p < 0.001), UACR (r = 0.362, p < 0.001 ) and baPWV (r = 0.226, p < 0.001) and negatively correlated with BMI (r = -0.089, p = 0.045), ALT (r = -0.091, p = 0.039), AST (r = -0.090, p = 0.042), ALB (r = -0.253, p < 0.001) and eGFR(r = -0.305, p < 0.001) in the total population. Among male patients, BAR was positively associated with age (r = 0.199, p < 0.001), fasting C-peptide (r = 0.189, p < 0.001), creatinine (r = 0.701, p = 0.006), BUN (r = 0.947, p < 0.001), UACR (r = 0.376, p < 0.001), HDL-C (r = 0.122, p = 0.016) and baPWV (r = 0.210, p < 0.001). However, it was negatively correlated with ALT (r = -0.110, p = 0.027), AST (r = -0.113, p = 0.023) and eGFR(r = -0.319, p < 0.001). In female patients, BAR was positively correlated with age (r = 0.371, p < 0.001), fasting C-peptide (r = 0.286, p = 0.003), creatinine (r = 0.280, p = 0.004), BUN (r = 0.937, p < 0.001) and baPWV (r = 0.334, p < 0.001), and negatively correlated with uric acid (r = 0.190, p = -0.049) and eGFR(r = -0.230, p = 0.017). Multifactorial stepwise linear regression analysis revealed a significant positive correlation between BAR and baPWV(β = 0.187, p < 0.001) after adjusting for relevant confounders (Table 3).


Table 2 | Correlation analysis of relationship between lnBAR and characteristics in patients with type 2 diabetes.
	Variables
	Whole
	Male
	Female


	r
	p-value
	r
	p-value
	r
	p-value



	Age
	0.222
	0.001
	0.199
	<0.001
	0.371
	<0.001


	SBP
	-0.009
	0.884
	-0.019
	0.712
	0.018
	0.857


	DBP
	-0.049
	0.275
	-0.010
	0.849
	-0.180
	0.062


	BMI
	-0.089
	0.045
	-0.083
	0.097
	-0.122
	0.211


	Waist circumference
	-0.029
	0.524
	-0.088
	0.086
	0.047
	0.633


	Fasting glucose
	0.072
	0.108
	0.076
	0.130
	0.023
	0.812


	HbA1c
	-0.046
	0.316
	-0.063
	0.224
	0.018
	0.854


	Fasting C-peptide
	0.206
	<0.001
	0.189
	<0.001
	0.286
	0.003


	ALT
	-0.091
	0.039
	-0.110
	0.027
	-0.072
	0.459


	AST
	-0.090
	0.042
	-0.113
	0.023
	-0.048
	0.619


	GGT
	-0.041
	0.361
	-0.093
	0.065
	0.052
	0.597


	ALB
	-0.253
	<0.001
	-0.283
	<0.001
	-0.165
	0.088


	Uric acid
	0.036
	0.423
	0.083
	0.096
	-0.190
	0.049


	Creatinine
	0.615
	<0.001
	0.701
	<0.001
	0.280
	0.004


	eGFR
	-0.305
	<0.001
	-0.319
	<0.001
	-0.230
	0.017


	BUN
	0.950
	<0.001
	0.947
	<0.001
	0.973
	<0.001


	UACR
	0.362
	<0.001
	0.376
	<0.001
	0.153
	0.199


	TG
	-0.031
	0.489
	-0.080
	0.112
	0.093
	0.342


	TC
	-0.073
	0.103
	-0.075
	0.136
	-0.047
	0.632


	LDL-C
	-0.059
	0.189
	-0.037
	0.462
	-0.136
	0.166


	HDL-C
	0.085
	0.059
	0.122
	0.016
	0.071
	0.469


	baPWV
	0.226
	<0.001
	0.210
	<0.001
	0.334
	<0.001





SBP, systolic blood pressure; DBP, diastolic blood pressure; BMI, body mass index; HbA1c, hemoglobin A1c; ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, γ-glutamyl transferase; ALB, albumin; BUN, blood urea nitrogen; UACR, urine albumin-to-creatinine ratio; TG, triglyceride; TC, total cholesterol; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; BAR, blood urea nitrogen to serum albumin ratio; baPWV, brachial-ankle pulse wave velocity.




Table 3 | Relationships between baPWV and various covariates including BAR, according to multiple stepwise linear regression analyses.
	Variables
	Unstandardized coefficients (95% CI)
	Standardized coefficients
	p-value



	Age
	10.525 (8.109, 12.941)
	0.374
	<0.001


	SBP
	8.687 (6.498, 10.875)
	0.337
	<0.001


	HbA1c
	-18.788 (-28.691, -8.884)
	-0.163
	<0.001


	ALT
	-0.835 (-1.552,-0.119)
	-0.101
	0.022


	BAR
	958.651 (518.429, 1398.874)
	0.187
	<0.001





SBP, systolic blood pressure; HbA1c, hemoglobin A1c; UACR, urine albumin-to-creatinine ratio; BAR, blood urea nitrogen to serum albumin ratio.






3.3 Association of BAR with arterial stiffness in patients with newly diagnosed with T2DM

Arterial stiffness (baPWV ≥1400 cm/s) was assessed in relation to BAR using multivariable binary logistic regression analysis (Table 4). Three models were constructed to evaluate this association. As a continuous variable, each unit increase in the lnBAR was significantly associated with a greater risk of arterial stiffness (OR = 2.845, 95% CI: 1.745- 4.639, p < 0.001) in Model 1, with no adjustment for covariates. After adjusting for age and sex in Model 2, the lnBAR remained significantly associated with arterial stiffness (OR = 2.483, 95% CI: 1.484- 4.153, p = 0.001). After adjusting for age, sex, systolic blood pressure, diastolic blood pressure, BMI, WC, fasting glucose, fasting C-peptide, HbA1c, ALT, AST, GGT, creatinine, uric acid, TG, TC, HDL-C, and LDL-C, the associations between lnBAR and arterial stiffness remained significant (OR = 3.452, 95% CI: 1.586- 7.513, p = 0.002). When analyzed categorically, the T2 and T3 BAR groups presented a significantly greater risk of arterial stiffness than the T1 subgroup (T2: OR = 1.608, 95% CI: 1.047- 2.471, p = 0.030, T3: OR = 2.143, 95% CI: 1.390- 3.303, p = 0.001). In Model 2, the T3 subgroup had a greater risk than the T1 subgroup (OR = 1.914, 95% CI: 1.209- 3.029, p = 0.006). Following full adjustment, both the T2 (OR = 1.915, 95% CI: 1.106- 3.609, p = 0.044)) and T3 (OR = 2.064, 95% CI: 1.051- 4.054, p = 0.035) groups presented persistently elevated risks compared with the T1 group.


Table 4 | Multivariable binary logistic regression for the association between BAR with arterial stiffness.
	Variables
	Model 1 OR (95%CI), p-value
	Model 2 OR (95%CI), p-value
	Model 3 OR (95%CI), p-value



	baPWV (cm/s)


	lnBAR
	2.845 (1.745, 4.639), <0.001
	2.483 (1.484, 4.153), 0.001
	3.452 (1.586, 7.513), 0.002


	BAR


	T1
	Ref
	Ref
	Ref


	T2
	1.608 (1.047, 2.471), 0.030
	1.553 (0.987, 2.443), 0.057
	1.915 (1.016, 3.609), 0.044


	T3
	2.143 (1.390, 3.303), 0.001
	1.914 (1.209, 3.029), 0.006
	2.064 (1.051, 4.054), 0.035


	p for trend
	0.015
	<0.001
	<0.001





lnBAR, BAR levels were analyzed as naturally logarithmically transformed values.

BAR, blood urea nitrogen to serum albumin ratio; baPWV, brachial-ankle pulse wave velocity.

Model 1: unadjusted model.

Model 2: adjusted for age, sex.

Model 3: additionally adjusted for SBP, DBP, BMI, waist circumference, history of drinking, history of smoking, fasting glucose, fasting C-peptide, HbA1c, ALT, AST, GGT, Uric acid, UACR, eGFR, TG, TC, HDL-C, LDL-C.






3.4 Stratified analysis of BAR and arterial stiffness

The association between BAR and arterial stiffness was assessed by stratifying the covariates including age, sex, and BMI. The positive association between BAR and baPWV remained consistent when the data were divided into subgroups according to sex (male and female) and BMI (<25 kg/m² and ≥25 kg/m²)(p for interaction >0.05). An interaction effect for the association between BAR and baPWV was present between age groups, and the positive association between BAR and baPWV was found to be more significant in the <50 years subgroup than in the ≥50 years subgroup (Table 5).


Table 5 | Stratified analysis of the association between BAR and arterial stiffness.
	Variables
	Adjusted II OR(95%CI)
	p-value
	p for interaction



	Stratified by Gender
	 
	 
	0.362


	Female
	20.007(1.421, 281.780)
	0.026
	 


	Male
	3.002(1.386, 6.503)
	0.005
	 


	Stratified by Age
	 
	 
	0.011


	<50 years
	3.402(1.378, 8.397)
	0.008
	 


	≥50 years
	2.532(0.746, 8.598)
	0.136
	 


	Stratified by BMI
	 
	 
	0.495


	<25kg/m2
	3.729(1.177, 11.810)
	0.025
	 


	≥25kg/m2
	3.212(1.218, 8.471)
	0.018
	 





Adjusted for age, sex, SBP, DBP, BMI, waist circumference, history of drinking, history of smoking, fasting glucose, fasting C-peptide, HbA1c, ALT, AST, GGT, Uric acid, UACR, eGFR, TG, TC, HDL-C, LDL-C.






3.5 The cut-off BAR value to indicate arterial stiffness analyzed by ROC

The optimal cut-off value of BAR to predict increased arterial stiffness (defined as baPWV≥1400cm m/s) in newly diagnosed with T2DM was determined through ROC curve analysis. The value that maximized the Youden Index was selected as the optimal threshold. From our analysis of 510 patients, the optimal BAR cut-off was 0.1089, with an area under the curve (AUC) of 0.699(95% CI:0.654- 0.744), with a sensitivity of 70.3% and a specificity of 62.2% (Figure 1).

[image: ROC curve chart showing sensitivity versus one minus specificity, with a blue line representing model performance above the red diagonal reference line, indicating some predictive ability. Title reads ROC analysis.]
Figure 1 | ROC analysis of BAR for predicting arterial atiffness in newly diagnosed T2DM. ROC analysis was used to identify the optimal cut-off value of BAR to predict increased arterial stiffness in T2DM. The AUC was 0.699(95% CI: 0.654-0.744). The optimal BAR cut-off was 0.1089. Youden index was 0.325, with a sensitivity of 70.3%, and a specificity of 62.2%.





4 Discussion

In this study, we investigated the relationship between arterial stiffness, as quantified by baPWV and BAR, in patients newly diagnosed with T2DM. To our knowledge, this study is the first to identify a positive association between BAR and arterial stiffness in T2DM patients, even after adjusting for relevant potential confounders. In each subgroup, the positive association between BAR and baPWV was consistently maintained, as shown by further stratified analyses. Thus, these findings suggest that BAR may be useful in assessing early arterial stiffness in people with T2DM.

Research has consistently shown that there is a significant connection between arterial stiffness and atherosclerotic diseases, including myocardial infarction, heart failure, peripheral vascular disease, and stroke (20–22). Additionally, widespread cardiovascular risk factors such as diabetes, aging, hypertension, obesity, and chronic kidney disease can increase arterial stiffness and decrease elasticity (23). Pulse wave velocity (PWV) is an important index for assessing arterial stiffness and can be characterized by carotid-femoral PWV (cfPWV), brachial-ankle PWV (baPWV), aortic PWV (aPWV), femoral-ankle PWV (faPWV), and carotid-radial PWV (crPWV) according to the pulse wave recording area. Compared with other parameters of arterial stiffness, such as the CAI, CAVI, and CAP, PWV is the most reliable indicator of CVD and is strongly correlated with CVD events and their risk factors, such as hypertension, obesity, and diabetes (9, 24). An increase in arterial stiffness is positively correlated with an increased risk of cardiovascular events and all-cause mortality among T2DM patients (25). The baPWV is a clinically validated, simple, and cost-effective measure for evaluating arterial stiffness. Prospective clinical studies have demonstrated that arterial stiffness, quantified by baPWV, is a predictor of all-cause and cause-specific mortality in individuals with T2DM (8, 26). Research has indicated that an elevated baPWV acts as an independent predictor of adverse prognosis in individuals with ASCVD (27). A 1-SD increase in baPWV raises the likelihood of cardiovascular events by 1.41 times (27). An improvement in arterial stiffness was related to a 43% decrease in the risk of primary composite events, which included stroke, myocardial infarction, and all-cause mortality (28). Research has further indicated that arterial stiffness is an independent risk factor for heart failure. Notably, for every 359 cm/s increase in baPWV, the risk of heart failure increases by 10% over an average period of 5.53 years (20). Recent research has indicated a potential bidirectional connection between the onset of diabetes and arterial stiffness. The Chinese Kailuan Study cohort demonstrated that an increased baPWV significantly elevates the risk of developing diabetes, suggesting that arterial stiffness may act as an early pathological contributor to the development of the disease (29). Further study suggested that aortic stiffness may impair glucose metabolic homeostasis through microvascular damage to the pancreas, liver, and skeletal muscle, potentially serving as an early predictive marker of diabetes (30). Therefore, early assessment of arterial stiffness could be beneficial for predicting T2DM and diabetes-related macrovascular diseases. The identification of simple biomarkers to predict arterial stiffness in clinical settings remains a focal point of research in the field of metabolic diseases.

BUN and ALB are widely used biochemical markers that are easily accessible in routine clinical practice and offer a cost-effective means of assessment. Elevated BUN levels have been shown to be associated with a heightened risk of developing diabetes and its microvascular complications (31, 32), along with a positive, non-linear relationship with the risk of all-cause and cardiovascular mortality in individuals with T2DM (11). Elderly patients with low ALB levels are more likely to have cardiovascular disease, and even those within low-normal ALB level may also be at higher risk of CVD and mortality (33). BAR acts as an indicator of variations in BUN and ALB levels, offering insights into nutritional health, protein metabolism, and the function of the liver and kidney. It serves as an independent predictor of adverse prognosis and short-term mortality in various critical illnesses including pneumonia, sepsis, renal insufficiency, and CVD (14–17, 34–36). Recent studies have identified BAR as a significant prognostic marker of chronic diseases. In a cohort of healthy individuals undergoing physical examinations, a significant positive correlation was identified between BAR and cerebral small vessel disease, including all its subtypes, in a dose-response relationship (37). Moreover, a recent study has identified a significant positive correlation between elevated BAR and increased risks of CVD (OR 1.09), cardiovascular mortality (OR 1.13), and all-cause mortality (OR 1.12) in patients with diabetes (38). In our study, 510 patients with newly diagnosed T2DM were stratified according to BAR tertiles. The group in the highest BAR group presented increased age, blood creatinine and BUN levels. Additionally, the highest BAR group had a greater proportion of patients with arterial stiffness than the other groups. Regardless of whether it was treated as a continuous or categorical variable, BAR was positively correlated with elevated baPWV after adjusting for relevant factors. These findings are consistent with the hypothesis that BAR may interact with various metabolic factors influencing cardiovascular disease and could be a useful marker for the early differentiation of patients with newly diagnosed T2DM with or without arterial stiffness. The stratified analyses indicated that the independent association between the BAR and elevated baPWV in different groups divided by sex and BMI remained consistent. Nevertheless, the limited sample size of the female group may result in imprecise estimated values. These results should be validated in larger, adequately powered studies. Stratified analysis also revealed that the association between BAR and baPWV was more significant in younger patients newly diagnosed with T2DM who were <50 years old. This finding suggests that BAR may be a more prominent correlation factor of arterial stiffness in younger patients with T2DM. Previous studies has been demonstrated that arterial stiffness is more readily improved in young individuals when a healthy lifestyle is adopted (28). In contrast, arterial stiffness in older patients may be influenced by aging, multiple concurrent diseases, and other factors beyond liver and kidney function, thereby potentially explaining the observed attenuation of the association between BAR and baPWV in this subgroup.

The pathophysiological mechanisms connecting BAR and arterial stiffness in individuals with T2DM remain incompletely understood. Previous research has demonstrated a significant association between BAR and type 2 diabetic retinopathy, nephropathy, and macrovascular diseases (17, 38, 39). It was hypothesized that this association was attributable to the effects of the two principal components that constitute BAR. In the hyperglycemic state of T2DM, the body experiences hemodynamic abnormalities, renal function impairment, inflammation, oxidative stress, and endothelial dysfunction. These conditions lead to changes in BUN and ALB levels, promote arterial stiffness, and increase cardiovascular risk and adverse prognosis in patients with diabetes. First, BUN is a critical parameter for evaluating renal function. Elevated BUN levels signify increased protein catabolism and impaired renal function (40). Arterial stiffness and chronic kidney disease may share common pathological pathways that facilitate their co-occurrence and progression (23). The Framingham study established a significant correlation between PWV and the onset of proteinuria (41). Early vascular dysfunction, indicated by a baPWV exceeding the 90th percentile, was significantly associated with proteinuria alone, impaired renal function alone, and the combined risk of proteinuria and renal dysfunction (42). Second, existing research has demonstrated that inflammation is an important factor in the development of diabetes and its related complications (39). Elevated BUN levels have been linked to inflammation, oxidative stress, and compromised endothelial function (43, 44). Urea can induce endoplasmic reticulum stress by inactivating the anti-atherogenic enzyme PGI2 synthase, thereby impairing endothelial function by inhibiting of cell proliferation and inducing endothelial-mesenchymal transition (45, 46). Additionally, urea induces the production of oxygen free radicals from endothelial progenitor cells (EPCs), leading to impaired EPCs function and the development of cardiovascular disease (47). Plasma ALB fulfills several physiological functions, including reducing inflammation, preventing oxidative stress, preservation of vascular endothelial integrity. Research indicates that ALB can attenuate the expression of VCAM-1 induced by TNF-α, thereby inhibiting the onset of vascular inflammation (48). Furthermore, ALB acts as a scavenger of oxygen-free radicals, inhibits the activity of angiotensin-converting enzymes, reduces the sensitivity of blood vessels to nitric oxide, and reduces apoptosis in endothelial cells (49, 50). Finally, elevated BUN levels may serve as indirect markers of a hypercoagulable state, thereby facilitating the onset of diabetic complications. Serum albumin also contributes to the stability of the circulatory system through its anticoagulant, antithrombotic, and antiplatelet aggregation properties (51).

This study encountered various limitations. Firstly, the cross-sectional design of the study precludes the establishment of causal relationships between BAR and baPWV, and the possibility of reverse causality cannot be dismissed. Secondly, despite adjustments for multiple confounding variables, residual confounding, such as that related to lifestyle factors or unmeasured inflammatory markers, may persist. Thirdly, the single-center design and the homogeneous Chinese cohort limit the generalizability of the findings to other populations. Fourthly, the inclusion of only newly diagnosed T2DM patients may restrict the applicability of the results to individuals with a longer disease duration or those undergoing treatment. Finally, the absence of longitudinal data precludes the assessment of BAR’s predictive value for the progression of arterial stiffness. Consequently, it is essential to conduct more prospective randomized controlled trials to substantiate the conclusions of this study.




5 Conclusions

In conclusion, our findings indicate that BAR is positively and independently associated with arterial stiffness, as determined by baPWV, in Chinese patients with newly diagnosed T2DM. These results imply that BAR levels could play a role in improving the management of cardiovascular complications in patients with newly diagnosed T2DM, particularly those younger than 50 years.
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Introduction

Diabetes mellitus is a severe metabolic disorder strongly linked to vascular complications driven by endothelial dysfunction, chronic inflammation, and oxidative stress. Novel strategies to mitigate endothelial activation are urgently needed. In this context, phenolic compounds derived from olive leaves, a byproduct of olive oil production, have shown promising potential in counteracting diabetes- associated endothelial inflammation. This study investigates the potential anti-inflammatory effect of polyphenol-rich extracts derived from two olive leaves Spanish monocultivars, Picual and Changlot Real, in human umbilical vein endothelial cells from healthy pregnancies (C-HUVEC) and gestational diabetes (GD-HUVEC), which serve as a relevant in vitro model of hyperglycemia-induced endothelial dysfunction.





Methods

Olive leaf extracts were characterized by HPLC-ESI-TOF-MS. C-HUVEC and GD-HUVEC were treated with the extracts, and pro-inflammatory markers expression (NF-kB p65, MCP-1, and VCAM-1), NF-kB p65 phosphorylation, and monocyte adhesion were assessed under basal and TNFα-stimulated conditions using RT-PCR, flow cytometry, and adhesion assays.





Results

Both Picual and Changlot Real extracts showed no cytotoxicity at concentrations up to 50 mg/mL. Treatment with 10 mg/mL of both extracts significantly reduced NF-kB p65 and MCP-1 gene expression, as well as NF-kB p65 phosphorylation, particularly in GD-HUVEC. VCAM-1 protein expression and TNFα-induced monocyte adhesion were also significantly decreased following extract treatment. Notably, Changlot Real exhibited a broader anti-inflammatory effect across both cell types, while Picual exerted a more selective effect in GD-HUVEC.





Discussion

These findings support the anti-inflammatory activity of olive leaf polyphenols and highlight the potential of Changlot Real and Picual extracts in mitigating endothelial dysfunction associated with diabetes. By modulating the NF-kB–VCAM-1 axis, these compounds may attenuate endothelial activation, warranting further investigation into their possible role in the prevention or mitigation of diabetes-related vascular complications.





Keywords: endothelial inflammation, olive leaf polyphenols, diabetes mellitus, NF-κB signaling pathway, VCAM-1 expression, monocyte adhesion





Introduction

Diabetes Mellitus is a major global health challenge primarily characterized by chronic hyperglycemia and associated with a significantly increased risk of cardiovascular disease (CVD). Individuals with diabetes face a significantly higher probability of vascular complications, categorized as either microvascular, such as diabetic nephropathy and retinopathy, or macrovascular, including coronary artery disease, stroke, and peripheral artery disease (1–4).

A fundamental contributing factor to these complications is endothelial dysfunction which represents an early and critical step in diabetes-associated vascular disease progression. The dysregulation of endothelial function arises from an intricated interplay of metabolic disturbances including hyperglycemia, dyslipidemia and insulin resistance, all of which foster vascular inflammation, oxidative stress, arterial stiffness, and impaired blood flow regulation (5, 6).

Chronic inflammation and oxidative stress play a key role in this pathological process by activating the transcription factor nuclear factor kappa B (NF-κB), which in turn promotes the expression of pro-inflammatory cytokines and adhesion molecules, such as Vascular Cell Adhesion Molecule-1 (VCAM-1), Intercellular Adhesion Molecule-1 (ICAM-1), E-selectin, Interleukin-6 (IL-6), and Monocyte Chemoattractant Protein-1 (MCP-1). These mediators enhance monocyte adhesion to the endothelium, thereby contributing to atherosclerosis development (7, 8).

Despite significant progress in diabetes control, lifestyle modifications, including diet and exercise, remain the first-line interventions for type 2 diabetes (4). However, while such interventions have proven advantages in managing blood glucose levels, the strategies available at the moment to prevent and manage diabetes-related vascular complications remain insufficient. This highlights the need for additional complementary therapeutic approaches that could help reduce the vascular burden of diabetes. In this context, bioactive polyphenols derived from natural sources, especially from olive tree (Olea europaea L.), have gained substantial attention due to their potent anti-inflammatory, antioxidant, and cardioprotective effects. Olive tree-derived compounds have shown promise in modulating the inflammatory and oxidative processes that drive endothelial dysfunction, suggesting their potential important role in diabetes management (9–11).

The olive tree (Olea europaea L.), a cornerstone of the Mediterranean diet, is rich in polyphenolic compounds that are well-documented for their beneficial effects on human health (12). While much research on olive products has focused on the health benefits of extra virgin olive oil (EVOO), olive leaves, typically discarded as agricultural byproducts, represent an untapped resource of powerful bioactive compounds (13–15). Olive leaf extract (OLE), rich in polyphenols such as oleuropein, hydroxytyrosol, luteolin, and apigenin, has demonstrated strong antioxidant, anti-inflammatory, cardioprotective, and neuroprotective properties. Among these compounds, oleuropein stands out for its ability to modulate oxidative stress, inhibit platelet aggregation, and improve glucose homeostasis by enhancing insulin sensitivity and glycemic control (16–20).

Preclinical studies have demonstrated that OLE supplementation may counteract oxidative damage induced by diabetes by ameliorating antioxidant enzyme activity and reducing levels of inflammatory markers. In diabetic animal models, OLE has been shown to improve glycemic control, preserve pancreatic islet integrity, and mitigate metabolic disturbances (11, 21–23). Furthermore, OLE’s neuroprotective effects may help alleviate cognitive impairment associated with diabetes reducing oxidative stress in brain tissue (24). These findings underscore OLE potential as an adjunctive therapy in diabetes management offering new perspectives for addressing the disease’s systemic complications.

This study investigates the potential of olive leaf polyphenols to mitigate endothelial inflammation associated with diabetes. It focuses on the effects of polyphenol-rich extracts from two Spanish olive tree monocultivars, Picual and Changlot Real, on human umbilical vein endothelial cells (HUVEC) derived from healthy pregnancies (C-HUVEC) and from pregnant women with gestational diabetes (GD-HUVEC). The GD-HUVEC model, characterized by a stable proinflammatory phenotype due to epigenetic alterations induced by hyperglycemia during pregnancy (25–27) offers a relevant in vitro system for studying diabetes-related vascular dysfunction. By examining how these specific phenolic extracts modulate endothelial activation and inflammatory pathways, the study aims to explore their possible role as natural agents that might contribute to managing vascular complications in diabetes.





Methods




Olive leaf samples

Olive leaves samples from cultivar Changlot Real and Picual were provided by “IFAPA, Centro Alameda del Obispo” in Córdoba, Spain (37°51′36.5″ N 4°47′53.7″W). Both samples were grown under the same agronomic and environmental conditions in the same olive orchards, and the leaves were collected in July.





Extraction of phenolic compounds and their analysis by HPLC-ESI-TOF-MS

According to Talhaoui et al. (28), 0.5 g of dried leaf were extracted with methanol/water 80/20 v/v. The extracts were reconstituted with methanol/water 50/50 v/v and they were analyzed by HPLC-TOF-MS. The determination of targeted compounds was done using an Agilent 1200 HPLC system coupled to a QTOF Agilent 6520 B mass spectrometer using the column and chromatographic condition reported by Talhoui et al. (28).





Clinical characteristics of cords donors and newborns

Umbilical cords were obtained from randomly recruited healthy Caucasian mothers (Control, C) and women affected by Gestational Diabetes (GD) in the third trimester of pregnancy and followed by ‘Diabetes and Pregnancy Clinic’ until delivery at the Hospital Santo Spirito of Pescara (Italy).

GD women were treated with diet only and women with pre‐gestational diabetes were excluded. All procedures agreed with the Declaration of Helsinki principles and with the ethical standards of the Institutional Committee on Human Experimentation. After approval of the protocol by the Institutional Review Board, signed informed consent was obtained from each participating subject. The characteristics of donors’ Control (n = 4) and GD (n = 4) women together with the newborns are described in Table 1. Women matched by age and body mass index (BMI) were divided into two groups, one normoglycemic/healthy controls (basal glycaemia < 5.1 mmol/L, oral glucose tolerance test (OGTT) 1 h < 10 mmol/L and OGTT 2 h < 8.5 mmol/L, n = 4) and the other diagnosed with gestational diabetes (basal glycaemia ≥ 5.1 mmol/L, OGTT 1 h ≥ 10 mmol/L, and OGTT 2 h ≥ 8.5 mmol/L, GD, n = 4) according to the criteria of the American Diabetes Association (29).


Table 1 | Anthropometric and biochemical characteristics of control women, women with gestational diabetes and newborns.
	Pregnant women
	Control
	GD
	p



	women (n)
	4
	4
	 


	age (years)
	35 ± 2
	35 ± 6
	0.9


	OGTT (gestational week)
	26 ± 2
	26 ± 1
	0.6


	basal glycaemia (mmol/L)
	4.4 ± 0.4
	5.1 ± 0.2
	0.01


	1 h glycaemia (mmol/L)
	5.8 ± 1
	10.4 ± 0.9
	0.001


	2 h glycaemia (mmol/L)
	4.4 ± 0.7
	9 ± 1
	0.001


	height (cm)
	162 ± 8
	161 ± 6
	0.8


	pre-gestational weight (kg)
	60 ± 7
	67 ± 17
	0.4


	post-gestational weight (kg)
	71 ± 8
	76 ± 15
	0.5


	gestational weight gain (kg)
	11 ± 3
	9 ± 3
	0.3


	pre-gestational BMI (kg/m2)
	23 ± 1
	26 ± 5
	0.3


	post-gestational BMI (kg/m2)
	27 ± 2
	29 ± 4
	0.4


	SBP (mmHg)
	112 ± 13
	112 ± 5
	1


	DBP (mmHg)
	72 ± 12
	65 ± 4
	0.3


	GA at delivery
	40 ± 0.5
	38 ± 1
	0.1


	Newborns
	Control
	GD
	p


	Newborns (n)
	4
	4
	 


	Sex (female/male)
	3/1
	2/2
	 


	Birth Height (cm)
	51 ± 1.5
	50 ± 0.5
	0.2


	Birth Weight (kg)
	3.4 ± 0.4
	3 ± 0.2
	0.2





Data are expressed as mean ± SD; GD, gestational diabetes; BMI, body mass index; OGTT, oral glucose tolerance test; SBP, systolic blood pressure; DBP, diastolic blood pressure; GA, gestational age.







HUVEC isolation and culture

Primary human umbilical vein endothelial cells (HUVEC) were isolated from umbilical cords of newborns delivered between the 37th and 40th gestational weeks at the hospitals of Chieti and Pescara (Italy). Donors were randomly selected Caucasian mothers, either diagnosed with gestational diabetes (GD) or serving as healthy controls (C), following previously established protocols (7, 8).

Briefly, umbilical cords were collected immediately after delivery, and the veins were cannulated and enzymatically digested with 1 mg/mL collagenase 1A at 37 °C. The resulting HUVEC were isolated and cultured in a basal medium consisting of DMEM/M199 (1:1), supplemented with 1% L-glutamine, 1% penicillin/streptomycin, and 20% fetal bovine serum (FBS) (ThermoFisher; Waltham, MA, USA). After centrifugation at 1,200 rpm for 10 minutes, the cell pellet was resuspended in the same medium and plated onto 1.5% gelatin-coated culture flasks (Sigma-Aldrich, Germany).

Phenotypic characterization of HUVEC was confirmed by expression of endothelial markers such as von Willebrand factor, CD31, and CD34, along with inducible expression of adhesion molecules (ICAM-1, VCAM-1, and E-selectin) and cytokines (IL-6 and IL-8) upon pro-inflammatory stimulation (7, 8, 15, 30). Functional validation showed their ability to form capillary-like structures on Matrigel. Notably, GD-HUVEC formed less interconnected tubes with fewer segments, meshes, junctions, and nodes compared to controls, confirming impaired angiogenic capacity (30, 31).

Furthermore, GD-HUVEC showed a stable pro-inflammatory phenotype caused by epigenetic modifications acquired during in vivo hyperglycemia exposure (26). Accordingly, in this study GD-HUVEC demonstrated a significant upregulation of NF-kB p65 gene expression and VCAM-1 protein expression compared to control cells (Supplementary Figure 1). Cells used for experiments were cultured between passages 3 and 5, with passage 5 never exceeded. For assays, HUVEC were maintained on 1.5% gelatin-coated plates in complete endothelial growth medium composed of low-glucose (1 g/L) DMEM and M199 (1:1), supplemented with 10 mg/mL heparin, 50 mg/mL endothelial cell growth factor (ECGF), 20% FBS, 1% penicillin/streptomycin, and 1% L-glutamine (all from Sigma-Aldrich, Germany).

All experiments were performed in technical triplicates using HUVECs from at least three independent donors per group (control and GD, n = 3). TNFα exposure times were chosen to reflect the temporal dynamics of the NF-κB cascade: 1h to capture rapid p65 phosphorylation, 6h to monitor transcriptional activation, and 16h to assess late functional effects such as VCAM-1 surface expression and leukocyte adhesion (8, 26, 32) (Figure 1).

[image: Flowchart shows phenolic compound extraction from Picual and Changlot Real monocultivar olives, treatment of control and gestational diabetes (GD) HUVEC cells, TNF-alpha stimulation, and subsequent analysis of NF-kBp65, MCP-1 mRNA, VCAM-1 protein, and monocyte adhesion at specified time points.]
Figure 1 | Experimental plan. Briefly, C- and GD-HUVEC were pre-treated with Changlot Real and Picual phenolic extracts for 24h (10 μg/mL) and then, cells were stimulated with TNFα (10 ng/mL) at different timing (1h, 6h and 24h) according to the experiment performed.





MTT assay

Experiments were conducted on HUVEC isolated from control women and those diagnosed with gestational diabetes, following a previously established protocol (26). To determine the effect of polyphenol extract Picual and Changlot Real on C- and GD-HUVEC viability, the 3-(4,5-dimethylthiazolyl-2)-2, 5-diphenyltetrazolium bromide (MTT) assay (cat # M2128, Sigma‐Aldrich, Germany) was carried out. HUVEC were seeded in 96-well plates at a density of 5.600 cells/cm2. After 24 hours treatment with increasing concentration of extracts (0.1-100 μg/mL), cells were incubated for 3 hours at 37 °C with 5 mg/mL of MTT dissolved in PBS. Thereafter, MTT crystals were dissolved by DMSO addition (200 μL per well) and gentle shaking for 30 minutes. Finally, the absorbance of each sample was recorded at 540 nm using a microplate spectrophotometer system (Multimode Microplate Reader, BioTek Synergy H1, Agilent).





RNA extraction and real-time quantitative PCR

The total RNA was isolated and extracted from HUVEC, treated with Picual and Changlot Real polyphenol extracts 10µg/mL, using the TRIzol reagent (Sigma-Aldrich, Germany) protocol. Quantification of recovered RNA was assessed using NanoDrop 2000 spectrophotometer (Thermo Scientific; Waltham, MA, USA). The High-Capacity cDNA Reverse Transcription Kit was employed to synthesize cDNA. The TaqMan Universal Master Mix II and TaqMan Gene Expression Assay probes for human NF-κB p65 (Hs01042014_m1), MCP-1 (Hs00234140_m1) and RPLP0 (Hs00420895_gH) were used according to the manufacturer’s instructions. All samples were analyzed in technical duplicate. The relative expression of the target genes was calculated using the 2-ΔCt method using RPLP0 as housekeeping (Applied Biosystems QuantStudio 7 Pro Real-Time PCR System, Thermo Fisher Scientific).





Immunofluorescence analysis

HUVEC were fixed with 3% formaldehyde for 20 min at RT. Formaldehyde was then removed and cells were washed with PBS for 5 min twice, and permeabilized with 0.1% Triton X-100 (Sigma-Aldrich, Germany) in PBS for 10 min. Cells were blocked with 1% bovine serum (cat # A4503, Sigma-Aldrich, Germany) in PBS for 1 h at RT. Subsequently, cells were incubated 1 hour with primary antibody NF-κB p65 (cat # C22B4, Cell Signaling Technology, 1:50). After washing with PBS, cells were incubated with Alexa Fluor 488-conjugated secondary antibody (cat #A-11034, Thermo Fisher Scientific, 1:50) and Phalloidin (cat #A12379, Thermo Fisher Scientific, Karlsruhe, Germany) at RT for 1 h. Nuclei were stained DAPI mounting medium (4′6′-diamidino-2-phenylindole; Thermo Fisher Scientific, Karlsruhe, Germany). Finally, cells were washed with PBS and mounted with Fluorescence Mounting Medium (cat # S3023, Agilent Dako, USA). For the acquisition of the immunofluorescence signals, slides were observed under a confocal microscope (Zeiss LSM-800; Carl Zeiss Meditec AG, Oberkochen, Germany).





Flow cytometry analysis

Flow cytometry analysis was performed using BD FACS Canto II flow cytometer. Specifically, 1×104 events for each sample were analyzed using FACSDiva v 6.1.3, IDEAS software (BD Biosciences). Cells were pretreated with polyphenolic extracts for 24 hours and, subsequently, incubated with or without TNFα (10 ng/mL) for 16 hours to assess VCAM-1 protein expression, and for 1 hour to evaluate NF-κB p65 and its phosphorylated form phospho-NF-κB p65 S536. To determine protein expression, cells were permeabilized using the Intrasure kit (cat # 641778, BD Biosciences, Sweden), processed, and incubated with primary antibodies: anti-VCAM-1 PE conjugate (cat # 12-1069-42, Invitrogen, 1:100), anti-NF-κB p65 (cat # C22B4, Cell Signaling Technology, 1:100), and anti-phospho-NF-κB p65 S536 (cat #3033, Cell Signaling Technology, 1:750) for 30 minutes at 4 °C. A subsequent incubation with Alexa Fluor 488-conjugated secondary antibody (cat #A-11034, Thermo Fisher Scientific, 1:100) was performed for 30 minutes at 4 °C to assess NF-κB p65 and phospho-NF-κB p65 expression. All results are expressed as the Mean Fluorescence Intensity (M.F.I.) Ratio, calculated by dividing the M.F.I. of positive events by the M.F.I. of negative events (M.F.I. of the secondary antibody).





Monocyte adhesion assay

Control- and GD-HUVEC were pretreated for 24 hours with polyphenol extracts Picual and Changlot Real at 10 μg/mL concentration in six-well tissue culture plates, starved for 2 hours with 0.1% FBS, and treated with or without TNFα (10ng/mL for 16 h) as inflammatory stimulus. Briefly, 1×106 U937 cells [European Collection of Authenticated Cell Cultures (ECACC)], grown in RPMI 1640, were co-cultured with HUVEC under rotating conditions at RT. After 20 min, non-adhering cells were removed with PBS, and monolayers were fixed with 1% paraformaldehyde. Images were obtained from high power fields taken at half-radius distance from the center of the wells using an inverted optical microscope PAULA cell imager (Leica, Wetzlar, Germany). The number of adherent cells in four individual experiments was determined with ImageJ software.





Statistical analysis

All experimental data are expressed as mean ± Standard Deviation (SD). Each experiment was conducted in technical triplicates using at least 3 independent donors of C- and GD-HUVEC. The normal distribution of quantitative data was assessed by the Shapiro–Wilk test. One-way ANOVA test followed by Tukey’s test was used for multiple comparisons. Probability values were calculated considering a 95% compatibility interval. All analyses were performed with GraphPad Prism (version 9, GraphPad Software).






Results




Determination of phenolic compounds in olive leaf extracts

Phenolic content of the two studied samples is reported in Table 2. A total of 36 phenolic compounds from secoiridoids, flavonoids, simple phenols, oleosides and elenolic acids were identified and quantified by HPLC-ESI-TOF-MS in both olive leaf extracts. Changlot Real showed higher content of phenolic compounds than Picual. As expected, secoiridoids was the main phenolic class in both cultivar (65.7-79.5%), being oleuropein the first compounds accounting from more than 53.5% of the phenolic content. Flavonoids ranged from 6 to 12% of total phenolic compounds in Changlot Real and Picual, respectively. Simple phenols (tyrosol and hydroxytyrosol derivatives) represented less than 1.6% in both cultivars. Oleosides were from 10 to 15% and, finally, elenolic acids ranged from 3.5 to 6% of total phenolic compounds. These data are consistent with the previous ones of Talhoui et al. (28).


Table 2 | Phenolic compounds in Changlot Real and Picual extracts quantified by HPLC-ESI-TOF-MS presented as percentage (%) and as concentration (mg/g).
	N.
	Name
	Changlot Real (%)
	Changlot Real (mg/g)
	Picual (%)
	Picual (mg/g)



	1
	Hydroxytyrosol-hexose isomer a
	0,01
	0.001 ± 0.0002
	0,01
	0.001 ± 0.0001


	2
	Oleoside
	1,16
	0.17 ± 0.2
	0,82
	0.07 ± 0.1


	3
	Hydroxytyrosol-hexose isomer b
	0,66
	0.10 ± 0.1
	1,03
	0.09 ± 0.05


	4
	Hydroxytyrosol
	0,11
	0.02 ± 0.001
	0,36
	0.03 ± 0.001


	5
	Secologanoside isomer a
	7,96
	1.17 ± 0.2
	7,55
	0.66 ± 0.1


	6
	Tyrosol glucoside
	0,35
	0.05 ± 0.002
	0,07
	0.01 ± 0.002


	7
	Caffeoyl glucoside
	0,26
	0.04 ± 0.003
	0,06
	0.01 ± 0.001


	8
	Tyrosol
	0,04
	0.01 ± 0.001
	0,06
	0.01 ± 0.001


	9
	Elenolic acid glucoside isomer a
	0,10
	0.01 ± 0.001
	0,22
	0.02 ± 0.001


	10
	Secologanoside isomer b
	1,16
	0.17 ± 0.1
	6,93
	0.60 ± 0.005


	11
	Elenolic acid glucoside isomer b
	1,31
	0.19 ± 0.2
	2,59
	0.23 ± 0.1


	12
	Oleuropein aglycon
	2,55
	0.37 ± 0.1
	4,00
	0.35 ± 0.2


	13
	Elenolic acid glucoside isomer c
	1,96
	0.29 ± 0.2
	2,82
	0.25 ± 0.1


	14
	Luteolin diglucoside
	0,05
	0.01 ± 0.002
	0,16
	0.01 ± 0.002


	15
	Elenolic acid glucoside isomer d
	0,15
	0.02 ± 0.001
	0,38
	0.03 ± 0.001


	16
	Demethyloleuropein
	0,37
	0.05 ± 0.002
	1,66
	0.14 ± 0.1


	17
	Hydroxyoleuropein isomer a
	0,36
	0.05 ± 0.002
	1,08
	0.09 ± 0.001


	18
	Rutin
	0,43
	0.06 ± 0.002
	0,58
	0.05 ± 0.002


	19
	Luteolin rutinoside
	0,05
	0.01 ± 0.001
	0,18
	0.02 ± 0.001


	20
	Luteolin glucoside isomer a
	2,84
	0.42 ± 0.2
	4,90
	0.43 ± 0.1


	21
	Verbascoside
	0,04
	0.01 ± 0.001
	0,03
	0.003 ± 0.001


	22
	Hydroxyoleuropein isomer b
	0,27
	0.04 ± 0.001
	0,27
	0.02 ± 0.001


	23
	Apigenin rutinoside
	0,08
	0.01 ± 0.001
	0,13
	0.01 ± 0.001


	24
	Oleuropein diglucoside isomer a
	0,07
	0.01 ± 0.001
	0,10
	0.01 ± 0.001


	25
	Apigenin-7-glucoside
	0,59
	0.09 ± 0.002
	0,40
	0.03 ± 0.001


	26
	Oleuropein diglucoside isomer b
	0,07
	0.01 ± 0.001
	0,12
	0.01 ± 0.001


	27
	Luteolin glucoside isomer b
	1,34
	0.20 ± 0.01
	3,17
	0.28 ± 0.02


	28
	Oleuropein diglucoside isomer c
	0,29
	0.04 ± 0.003
	0,17
	0.01 ± 0.001


	29
	Chrysoeriol-7-O-glucoside
	0,45
	0.07 ± 0.002
	1,00
	0.09 ± 0.003


	30
	Luteolin glucoside isomer c
	0,24
	0.04 ± 0.001
	0,90
	0.08 ± 0.001


	31
	Oleuropein isomer a
	67,35
	9.90 ± 0.13
	52,55
	4.57 ± 0.19


	32
	Oleuropein isomer b
	1,63
	0.24 ± 0.03
	1,10
	0.10 ± 0.01


	33
	Oleuropein/Oleuroside2
	4,29
	0.63 ± 0.04
	2,76
	0.24 ± 0.01


	34
	Ligstroside aglycone
	0,29
	0.04 ± 0.003
	1,21
	0.11 ± 0.01


	35
	Ligstroside
	1,96
	0.29 ± 0.03
	0,66
	0.06 ± 0.003


	36
	Luteolin
	0,02
	0.003 ± 0.001
	0,16
	0.01 ± 0.001











Effects of phenolic extracts Picual and Changlot Real on cell viability

To assess the possible cytotoxicity, polyphenol extracts derived from both Picual and Changlot Real olive leaves, two monocultivars widely spread throughout the Mediterranean basin, were tested using the MTT assay on both GD-HUVEC and C-HUVEC (Figures 2A, B). Cells were treated for 24 hours with four different concentrations of extracts (0.1, 1, 10, and 100 μg/mL) prepared in DMSO and added to the culture medium at a final DMSO concentration of 0.05%. Vehicle-matched controls were included in all experiments. The results showed no significant changes in cell viability at any concentration, indicating that both extracts are well tolerated and non-cytotoxic under the tested conditions.

[image: Bar graph with two panels labeled A and B comparing absorbance at 540 nanometers for C-HUVEC and GD-HUVEC cell lines. Each panel shows bars for basal, DMSO, Picual, and Changlot Real treatments at concentrations from zero to one hundred micrograms per milliliter, with error bars indicating variability. There are no substantial differences among treatments in either panel.]
Figure 2 | Changlot Real and Picual phenolic extracts treatment do not alter cell viability. Cell viability of C- (A) and GD-HUVEC (B) after 24 hours treatment with Changlot Real and Picual phenolic extracts at different concentrations (0.1–100 μg/mL) analyzed by MTT assay. Data are expressed as mean ± SD (n = 3).





Effects of phenolic extracts Picual and Changlot Real on NF-κB p65 and MCP-1 mRNA Level

To evaluate and compare the possible anti-inflammatory effect of Picual and Changlot Real polyphenol extracts, the expression levels of the proinflammatory genes NF-κB p65 and MCP-1 were detected in HUVEC under different conditions (Figure 3). As expected, NF-κB p65 and MCP-1 basal expression was slightly higher in GD-HUVEC compared to controls. Following the selection of the optimal concentration by using a vehicle-matched controls (Supplementary Figure 2), cells were pre-treated with Picual and Changlot Real polyphenol extracts at 10 µg/mL. The results showed that both extracts led to a reduction in NF-κB p65 and MCP-1 gene expression, with a more pronounced effect in GD-HUVEC. In GD-HUVEC, a decrease, though not statistically significant, was also observed in the absence of a pro-inflammatory stimulus. (Figures 3B-D). Stimulation with TNFα (10 ng/mL) for 6 hours significantly upregulated NF-κB p65 and MCP-1 in both C-HUVEC and GD-HUVEC, indicating a robust inflammatory response. However, treatment with Changlot Real polyphenol extract effectively counteracted this effect, significantly reducing the expression of both genes in both cell types (Figures 3A-D). Similarly, Picual treatment also downregulated NF-κB p65 and MCP-1 expression; however, its effect was more pronounced and reached statistical significance in GD-HUVEC (Figures 3B, D). These findings indicate that both phenolic extracts may exert anti-inflammatory effects, with Changlot Real showing a broader impact across the tested cell conditions, whereas Picual appeared to have a marked effect primarily in GD-HUVEC.

[image: Four bar graphs display gene expression levels of NF-κB p65 and MCP-1 in C-HUVEC and GD-HUVEC under six different conditions, with significant differences indicated by asterisks for each group comparison.]
Figure 3 | Changlot Real and Picual phenolic extracts treatment reduce NF-κB p65 and MCP-1 gene expression, with a more pronounced effect in GD-HUVEC. Relative mRNA expression of the inflammatory markers NF-κB p65 (A, B) and MCP-1 (C, D) in C- and GD-HUVEC following 24-hour treatment with Changlot Real and Picual phenolic extracts (10 μg/mL), with or without a 6-hour stimulation with TNFα (10 ng/mL) analyzed by RT-PCR. Data are expressed as mean ± SD (n = 3). Asterisks point out statistically significant differences between the selected conditions (*p<0.05; **p<0.01; ***p<0.001).





Effects of phenolic extracts Picual and Changlot Real on NF-κB p65 phosphorylation

To further investigate the anti-inflammatory role of Picual and Changlot Real phenolic extracts, NF-κB p65 phosphorylation on Ser536 was evaluated in C- and GD-HUVEC (Figure 4). Under basal conditions, NF-κB p65 phosphorylation appeared modestly elevated in GD-HUVEC relative to control cells, though this difference was not statistically significant. Upon TNFα stimulation, a significant increase in NF-κB p65 phosphorylation was detected in both cell types. Pre-treatment with the Picual phenolic extract led to a marked reduction trend in NF-κB p65 phosphorylation in TNFα-stimulated C-HUVEC and GD-HUVEC. Similarly, pre-treatment with the Changlot Real polyphenol extract effectively counteracted TNFα-induced NF-κB p65 phosphorylation in both cell types, with a more pronounced and statistically significant effect in GD-HUVEC (Figures 4A, B). These findings align with NF-κB p65 nuclear translocation (Figure 4C) and previous data, suggesting that the anti-inflammatory effect of both phenolic extracts may be mediated through NF-κB pathway downregulation.

[image: Bar graphs labeled A and B compare phospho-NF-κB p65/NF-κB p65 protein expression ratios across treatment groups for C-HUVEC and GD-HUVEC, showing significant TNFα-induced increases reduced by Picual and Changlot Real. Fluorescent microscopy panels below show F-actin, NF-κBp65, and DAPI staining, along with merged images for each treatment group, with visible differences in NF-κBp65 staining intensity between conditions.]
Figure 4 | Changlot Real and Picual phenolic extract treatment reduces NF-κB p65 phosphorylation and nuclear translocation. Phosphorylated NF-κB p65 (Ser536) to total NF-κB p65 ratio in C- (A) and GD-HUVEC (B). NF-κB p65 nuclear translocation representative figures in C- and GD-HUVEC (C). Cells were treated for 24-hours with Changlot Real and Picual phenolic extracts (10 μg/mL), with or without 1-hour stimulation with TNFα (10 ng/mL). Histograms data are presented as mean ± SD (n = 3). Asterisks point out statistically significant differences between the selected conditions (*p<0.05). Scale bar 20 µm.





Effects of phenolic extracts Picual and Changlot Real on VCAM-1 protein expression

To further study the NF-κB p65 mediated pathway, VCAM-1 protein expression, a main downstream molecule that strongly modulates endothelial inflammation, was investigated in C- and GD-HUVEC treated with Picual and Changlot Real phenolic extracts with or without TNFα stimulation (Figure 5). GD-HUVEC exhibited a significantly increased basal VCAM-1 protein expression compared to control cells confirming their pro-inflammatory phenotype. Interestingly, treatment with Picual and Changlot Real extracts resulted in reduced VCAM-1 expression in GD-HUVEC; however, this reduction did not reach statistical significance. As expected, TNFα stimulation significantly increased VCAM-1 expression in both cell types, with a more pronounced effect in GD-HUVEC. Furthermore, the pre-treatment with both Picual and Changlot Real phenolic extracts caused a significant decrease in VCAM-1 expression induced by TNFα in both C- and GD-HUVEC, mostly in the latter one. These findings provide additional evidence of the possible capacity of Picual and Changlot Real extracts in modulating endothelial inflammation.

[image: Bar graphs compare VCAM-1 protein expression in C-HUVEC (panel A) and GD-HUVEC (panel B) under conditions Basal, Picual, Changlot Real, TNFα, TNFα+Picual, and TNFα+Changlot Real. Significant differences are marked with asterisks above select bars.]
Figure 5 | Changlot Real and Picual phenolic extracts treatment decreases VCAM-1 protein expression in TNFα-stimulated HUVEC. VCAM-1 protein expression in C- (A) and GD-HUVEC (B) following 24-hour treatment with Changlot Real and Picual phenolic extracts (10 μg/mL) with or without a 16-hour stimulation with TNFα (10ng/mL) analyzed by flow cytometry. Results are presented as mean ± SD (n=4). Asterisks point out statistically significant differences between the selected conditions (*p<0.05;**p<0.01;***p<0.001).





Effects of phenolic extracts Picual and Changlot Real on U937 monocyte–HUVEC interaction

To assess the in vitro potential anti-inflammatory role of the phenolic extracts Picual and Changlot Real in a functionally relevant context, a monocyte adhesion assay was performed. This assay closely mimics the early stages of vascular inflammation observed in pathological conditions such as atherosclerosis. As shown in Figure 6, pre-treatment with the Changlot Real phenolic extract for 24 hours significantly reduced TNFα-stimulated monocyte adhesion to both C-HUVEC and GD-HUVEC, strongly supporting its anti-inflammatory effect on the endothelium. Pre-treatment with the Picual phenolic extract for 24 hours led to a decrease in TNFα-stimulated monocyte adhesion in C-HUVEC, although this reduction was only statistically significant in GD-HUVEC, supporting its selective effect in the diabetic-like endothelial model.

[image: Panel A shows phase-contrast images and a bar graph for C-HUVEC cells under Basal, Picual, and Changlot Real conditions with or without TNFα, indicating higher monocyte adhesion in TNFα-treated groups. Panel B presents matching data for GD-HUVEC cells, demonstrating a similar increase in monocyte adhesion with TNFα, with statistical significance denoted by asterisks.]
Figure 6 | Changlot Real and Picual phenolic extracts treatment decreases monocytes adhesion in both cell types, with a more pronounced effect on Changlot Real pre-treated GD-HUVEC stimulated with TNFα. HUVEC–monocyte adhesion assay and relative quantification of adherent monocytes to C- (A) and GD-HUVEC (B) after 24-hour treatment with Changlot Real and Picual phenolic extracts (10 μg/mL), with or without 16-hour stimulation with TNFα (10 ng/mL). Data are expressed as mean ± SD (n = 4). Asterisks point out statistically significant differences between the selected conditions (*p<0.05; ***p<0.001). Scale bar 100 µm.






Discussion

This study demonstrates the anti-inflammatory potential of phenolic extracts derived from Picual and Changlot Real monocultivar olive leaves, focusing on their effects on an in vitro model of endothelial cells derived from umbilical cords of neonates born to mothers with gestational diabetes and therefore exposed to hyperglycemia in vivo (26). The extracts were thoroughly characterized by HPLC-ESI-TOF-MS, revealing a rich and various phenolic composition. In particular, Changlot Real exhibited a higher total phenolic content than Picual, particularly in secoiridoids, known for their strong bioactivity. These results are consistent with previous reports, such as Talhoui and collaborators, confirming the prevalence of oleuropein as the major constituent (28).

The gestational diabetes-derived endothelial cell (GD-HUVEC) model represents a valuable in vitro system for studying the effects of chronic hyperglycemia on endothelial function. Having developed in a hyperglycemic intrauterine environment, these cells exhibit molecular and functional alterations that mirror diabetes-associated vascular dysfunction, including changes driven by epigenetic modifications (7, 26, 33). This makes GD-HUVEC a relevant model to investigate mechanisms underlying endothelial impairment, such as inflammation resulting from prolonged high glucose exposure. Consistent with our previous findings (26), we confirmed baseline differences between GD-HUVECs and control endothelial cells (C-HUVEC) in both NF-κB p65 gene expression and VCAM-1 protein levels, key regulators of endothelial inflammatory pathways.

Our data indicate that both Picual and Changlot extracts are non-toxic to endothelial cells across a wide range of concentrations (0.1–50 μg/mL). The cell viability of both control (C-HUVEC) and gestational diabetes-derived endothelial cells (GD-HUVEC) remained stable upon treatment, demonstrating that these extracts do not compromise cell integrity. This finding is crucial for potential therapeutic applications, as it confirms that the tested polyphenols can be used at these concentrations without adverse effects on endothelial cell viability.

At the molecular level, olive leaf extracts anti-inflammatory effects were evidenced by a consistent downregulation of key inflammatory markers. Specifically, pre-treatment with both Picual and Changlot Real significantly reduced NF-κB p65 and MCP-1 gene expression in both basal and TNFα-stimulated conditions. Interestingly, while Changlot Real showed a broader inhibitory effect across both control and GD-HUVEC, Picual exerted a more pronounced action exclusively in GD-HUVEC, which we have previously shown to exhibit an inflammatory phenotype due to epigenetic alterations induced by the diabetic environment (26). This suggests potential differences in the bioactive compound profiles or bioavailability between the two monocultivars, possibly linked to the higher phenolic content in Changlot Real.

Interestingly, both extracts attenuated NF-κB p65 phosphorylation at Ser536, a key activation step in the NF-κB signaling cascade, especially under TNFα stimulation. This inhibitory effect was more significant in GD-HUVEC, reinforcing the notion that these cells are particularly responsive to polyphenol treatment and that the extracts may be especially effective in pathological conditions associated with endothelial dysfunction.

Downstream NF-κB, VCAM-1, a critical adhesion molecule involved in monocyte recruitment during vascular inflammation, was also downregulated following treatment with both extracts. Again, Changlot Real and Picual reduced VCAM-1 expression more effectively in GD-HUVEC, even under basal conditions, indicating a preventive anti-inflammatory effect beyond the response to external stimuli. Similar results have been recently reported using olive leaf extract and its phenolics, oleuropein and hydroxytyrosol, to suppress LPS-induced VCAM-1 expression and monocyte adhesion in human coronary and umbilical endothelial cells (34, 35).

Functionally, this molecular modulation translated into reduced monocyte adhesion to the endothelium, an early crucial step in atherogenesis. Changlot Real significantly decreased TNFα-induced monocyte adhesion in both control and GD-HUVEC, while Picual exerted a comparable effect exclusively in GD-HUVEC. Collectively, these results confirm the anti-inflammatory activity of both extracts and suggest a potential disease-modifying effect under diabetic-like conditions, characterized by sustained oxidative stress and low-grade inflammation.

Taking together, these data indicate that Picual and Changlot Real olive leaf extracts exert their anti-inflammatory effects via the NF-κB pathway, reducing both transcriptional and post-translational activation steps, and ultimately limiting monocyte recruitment. The stronger and broader effect observed with Changlot Real may be attributed to its higher content of phenolic compounds, particularly secoiridoids, which are known to modulate oxidative and inflammatory pathways. Supporting this, studies on extra virgin olive oil and related supplements consistently report dose-dependent reductions in inflammatory cytokines and soluble adhesion molecules in humans, reinforcing the relevance of our in vitro findings (36). Further corroborating these results, our recent work demonstrated that oleanolic acid, a bioactive triterpenoid abundant in olive leaves and oil, lowers expression of key inflammatory adhesion molecules (VCAM1, ICAM1, SELE), reduces monocyte adhesion, and restores angiogenic function and migration in endothelial cells derived from gestational diabetic pregnancies, highlighting its potential to counteract hyperglycemia-induced endothelial dysfunction via epigenetic mechanisms (15). In addition, our in vitro findings align with previous in vivo studies demonstrating the beneficial effects of olive leaf extract (OLE) in ameliorating systemic inflammation and vascular dysfunction. For instance, OLE supplementation in aged rats improved endothelial function and metabolic parameters, including reductions in pro-inflammatory markers such as TNF-α and IL-6, together with enhanced antioxidant gene expression, highlighting its protective role against age-related vascular decline (15, 37, 38). Moreover, in a model of high-fat diet-induced obesity, OLE not only improved glycemic control and lipid profiles but also reduced systemic and adipose tissue inflammation, restored gut microbiota composition, and reversed endothelial dysfunction, indicating its multifaceted therapeutic potential in cardiometabolic diseases (15, 37, 38). These in vivo data strongly support our current observations and further underscore the translational relevance of OLE, particularly in pathological settings characterized by chronic inflammation and endothelial impairment. In addition, recognizing the importance of pharmacokinetics, bioavailability, and safety for therapeutic applications, previous toxicological studies have confirmed the safety of Olea europaea leaf extracts (39). Investigations into the bioavailability and metabolism of key polyphenols such as oleuropein and hydroxytyrosol provide evidence of their systemic activity in humans (40–42). Clinical trials have also reported improved insulin sensitivity following OLE supplementation (43), and herb-drug interaction studies suggest its safe use alongside antihypertensive medications (44).

In summary, our pilot in vitro study indicates that Picual and Changlot Real olive leaf polyphenols may modulate the NF-κB–VCAM-1 axis and reduce endothelial inflammation and monocyte adhesion. The observed stronger effect of Changlot Real suggests that monocultivar extracts with higher phenolic content could have potential relevance for further investigation in the prevention or mitigation of diabetic vascular complications.

The results of this study align with previous findings and suggest that monocultivar olive leaf polyphenols, particularly those from Changlot Real, may offer a promising natural and non-toxic approach to reducing endothelial inflammation, especially in the context of diabetes-related vascular complications. Nonetheless, a notable limitation of our work is the inability to evaluate the potential influence of sex on offspring outcomes, since several studies have suggested that sex differences can affect metabolic responses and long-term health during gestational diabetes (45–47). This aspect warrants further investigation. It should also be considered that our evidence is currently limited to in vitro observations, and that detailed phytochemical profiling of the individual bioactive constituents was beyond the scope of this study. Future research will focus on comprehensive chemical characterization and dose–response analyses to better define the active constituents and elucidate their mechanisms of action. Additionally, further investigations involving larger sample sizes, in vivo models, clinical trials, and appropriate positive pharmacological controls will be essential to confirm these preliminary findings and clarify the molecular pathways involved.
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Objective

Glycated hemoglobin (HbA1c) variability is a crucial indicator for evaluating the stability of long-term glycemic control in patients with diabetes mellitus. This study aimed to clarify the association between HbA1c variability and the risk of incident cardiovascular disease (CVD) and mortality in patients with type 2 diabetes mellitus (T2DM) through a systematic review, thereby providing evidence-based support for the early prevention of adverse cardiovascular events in T2DM patients.





Methods

We systematically searched the PubMed, Web of Science, The Cochrane Library, and Embase databases for studies on the association between HbA1c variability and cardiovascular outcomes in patients with T2DM, published from the establishment of each database up to August 5, 2025. Cardiovascular outcomes included the incidence of CVD and CVD-related mortality. Two researchers independently conducted literature screening, data extraction, and risk of bias assessment. Meta-analysis was performed using Review Manager 5.3 software, with hazard ratio (HR) or odds ratio (OR) as the effect size.





Results

A total of 31 cohort studies were included, covering 545,956 participants from 13 countries and regions. The results of the meta-analysis showed that a higher coefficient of variation (CV) of HbA1c was significantly associated with an increased risk of cardiovascular events (HR = 1.32, 95% CI: 1.18–1.49, P < 0.00001; OR = 1.39, 95% CI: 1.22–1.57, P < 0.00001), and also significantly elevated the risk of mortality (HR = 1.35, 95% CI: 1.16–1.57, P < 0.00001). The standard deviation (SD) of HbA1c was also significantly correlated with a higher risk of cardiovascular events (HR = 1.27, 95% CI: 1.17–1.38, P < 0.00001; OR = 1.30, 95% CI: 1.07–1.57, P = 0.008) and a significant increase in mortality risk (HR = 1.27, 95% CI: 1.17–1.37, P<0.00001). The hemoglobin glycation index (HGI) was significantly associated with the risk of cardiovascular events in terms of HR (HR = 1.36, 95% CI: 1.14–1.62, P = 0.0006), but no statistical significance was observed in terms of OR (OR = 1.47, 95% CI: 0.98–2.20, P = 0.06). In contrast, the HbA1c variability score (HVS) showed no significant association with either the risk of cardiovascular events (HR = 1.31, 95% CI: 0.97–1.78, P = 0.08) or mortality risk (HR = 1.00, 95% CI: 0.76–1.31, P = 1.00).





Conclusions

HbA1c variability is positively associated with the risk of adverse cardiovascular events in patients with T2DM. Among the indicators of HbA1c variability, the coefficient of variation (CV), standard deviation (SD), and hemoglobin glycation index (HGI) can serve as significant predictors for the risk of cardiovascular disease (CVD) occurrence and mortality. However, the HbA1c variability score (HVS) did not show significant predictive value in this study.
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1 Introduction

The global prevalence of diabetes is increasing. Statistics show that there are currently 537 million adults living with diabetes worldwide, with the majority residing in low- and middle-income countries (1). As the cost of disease treatment rises, the burden on healthcare systems will further escalate—this is particularly true when patients in the middle and late stages of diabetes develop diabetes-related complications (2). Cardiovascular disease (CVD) remains the leading cause of mortality and disability among patients with type 2 diabetes mellitus (T2DM), posing a significant public health challenge and imposing a heavy economic burden on countries across all levels of socioeconomic development (3).

There is a complex pathophysiological link between diabetes and cardiovascular complications, and this mechanism has driven extensive research focused on the development of risk prediction models and the optimization of early intervention strategies (4). Although a causal relationship between glycemic control and vascular complications has been clearly established, traditional biochemical markers such as glycated hemoglobin (HbA1c)—which serves as an indicator of peripheral insulin resistance and reflects the average blood glucose concentration over the past 2 to 3 months—are widely used biomarkers for diabetes monitoring and prognosis in clinical practice. However, HbA1c is prone to errors due to factors such as pregnancy and anemia; studies have reported that HbA1c levels are only associated with chronic hyperglycemia (5). In contrast, HbA1c is not correlated with glycemic variability parameters, and thus has certain limitations in reflecting the dynamic characteristics of blood glucose fluctuations and their impact on diabetes-related vascular outcomes.

Recent studies have shown that glycemic variability, especially indicators of HbA1c variability such as standard deviation (SD), coefficient of variation (CV), HbA1c variability score (HVS), and hemoglobin glycation index (HGI), can independently predict cardiovascular-related outcomes and serve as additional predictive indicators for diabetes complications (6). Among these, the standard deviation (SD) and coefficient of variation (CV) of HbA1c are the most commonly used measurement indicators. HVS can more comprehensively reflect the pathophysiological process of vascular complications through multiple mechanisms, including blood glucose dynamic fluctuations induced by it, hypoglycemia-related oxidative stress responses, and persistent chronic inflammatory states (7–9). Therefore, high HVS is closely associated with an increased risk of cardiovascular diseases in patients with diabetes. In addition, for critical adverse events in cardiovascular diseases—such as blood glucose fluctuations caused by acute stress responses during myocardial infarction—the prognostic value of HbA1c decreases significantly (10). In such cases, the hemoglobin glycation index (HGI), by quantifying the difference between measured HbA1c and predicted HbA1c, can more comprehensively assess blood glucose status and timely reflect individual blood glucose fluctuation (11). Although the SD and CV are widely used to assess HbA1c variability, the evidence for HVS and HGI remains fragmentary and inconsistent (12–14). For example, two cohort studies in East Asia reported opposite findings for HVS (15). A Korean study reported that higher HVS was significantly associated with increased Major Adverse Cardiovascular Events (MACE) risk, whereas a contemporary Scottish cohort found no significant link between HVS and CVD events. Similarly, the association between HGI and CVD differs between Western and Korean populations (16, 17). Large, multicenter cohorts in Europe and North America consistently show a linear, positive correlation between HGI and MACE. In contrast, Korean data reveal a U-shaped curve, indicating that both extremely high and extremely low HGI levels are associated with elevated MACE risk. Another source of inconsistency in existing studies lies in the variation of statistical measures used to quantify the association between HbA1c variability indicators and CVD outcomes. Some studies used relative risk (RR) as the measure of association (18, 19), which does not account for the time factor. In contrast, the hazard ratio (HR) incorporates time information and can handle censored data, making it more accurate for evaluating the long-term impact of HbA1c variability on cardiovascular outcomes. In addition, multicenter cohorts published after 2023 have not yet been included in any published synthesis. Therefore, an updated synthesis comparing the consistency and robustness of different indicators is urgently needed.

The relationship between HbA1c variability indicators and the risk of cardiovascular events in patients with T2DM remains not fully understood, especially in diverse populations with different diabetes durations and treatment regimens, which requires more in-depth research (20). Although the variability of glycated hemoglobin has potential clinical significance, current diabetes management guidelines mainly focus on average glycemic control rather than glycemic variability. This study systematically conducts literature search, quality assessment, and quantitative synthesize of prospective/retrospective cohort studies published up to August 2025. Using a random-effects meta-analysis approach, it aims to clarify the independent predictive value of four HbA1c variability indicators (SD, CV, HVS, HGI) for incident cardiovascular events and cardiovascular mortality in patients with type 2 diabetes mellitus.




2 Research design and methods



2.1 Protocol and registration

This study protocol was prospectively registered in the International Prospective Register of Systematic Reviews (PROSPERO; registration number: CRD420251132972) in advance. This meta-analysis was conducted in strict accordance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) statement guidelines (21). Since the included studies were cohort studies (observational studies), the Meta-Analysis of Observational Studies in Epidemiology (MOOSE) guidelines (22) were also followed.




2.2 Search strategy

A comprehensive search was conducted using PubMed, Embase, Web of Science, and the Cochrane Library, with no language restrictions applied. The search covered the period from the inception of each database up to August 5, 2025. For the search strategy, we combined Medical Subject Headings (MeSH) terms (23) with text words related to HbA1c variability and cardiovascular disease progression, integrating both controlled terms and free-text terms. The search terms included: ① Glycated Hemoglobin, Glycated Hemoglobin A1c, HbA1c, HbA(1c) variability, HbA(1c) variation; ②Disease, Cardiovascular, Cardiac Events, Adverse Cardiac Event, Major Adverse Cardiac Events, Cardiovascular Diseases; ③ Diabetes Mellitus, Diabetes Insipidus, Diet, Diabetic, Prediabetic State, Scleredema Adultorum, Glucose Intolerance, Gastroparesis, Glycation End Products. Two reviewers (C.W. and A.J.L.) independently screened all titles and abstracts, and selected full texts of potentially relevant articles. Disagreements were resolved through debate, discussion, or consultation with a third investigator (Q.Y.Z.). Meanwhile, EndNote X20 was used for literature analysis and management.




2.3 Selection of studies (PICOS)

P: Inclusion Criteria:

	Studies investigating HbA1c variability indicators (including SD, CV, HVS, and HGI).

	Adult patients (aged ≥18 years) with a confirmed diagnosis of type 2 diabetes.

	Studies that included patients without a history of cardiovascular-related events at baseline. To avoid reverse causation, where acute events drive HbA1c fluctuations through stress-induced hyperglycemia, we restricted the analysis to a primary prevention population, ensuring that any observed association reflects the prospective direction of interest.

	Studies from which hazard ratios (HRs), relative risks (RRs), or odds ratios (ORs) and their corresponding 95% confidence intervals (CIs) could be extracted.



Full texts of potentially relevant studies were downloaded and reviewed for inclusion.

Exclusion Criteria:

	Studies involving patients with type 1 diabetes, gestational diabetes, a history of major cardiovascular events (e.g., myocardial infarction, stroke) at baseline, an expected lifespan shorter than the follow-up period, or an insufficient number of HbA1c measurements during the follow-up period.

	Reviews, case reports, practice guidelines, commentaries, in vitro or animal studies, post-hoc analyses of randomized controlled trials, or analyses unrelated to the topic of this study.

	Non-English articles. Following the practice of previous systematic reviews (24, 25), this study extracted data only from full-text articles published in English to ensure consistency in data extraction and interpretation. To assess the potential impact of this limitation, we sensitivity-checked the abstracts of non-English studies and found no directional change, which indicates the exclusion of these articles is unlikely to alter our conclusions.

	Duplicate articles; if identical literature was identified, only one article was included.

	Articles for which the full text was unavailable, relevant valid data could not be extracted, or there were obvious errors in the data.



I: High levels of glycated hemoglobin (HbA1c) variability: Standard Deviation (SD) and adjusted Standard Deviation (Adj-SD); Coefficient of Variation (CV = SD/Mean); HVS: HbA1c variability score; HGI: hemoglobin glycation index.

C: The control group consisted of a patient population with low HbA1c variability. Studies typically compared the risk differences between the highest quartile group and the lowest quartile group. Comparison condition: Logistic or Cox regression analysis was used for outcome risk prediction.

O: Cardiovascular events:

Primary outcomes: CVD (events of myocardial infarction, ischemic heart disease, heart failure, nonfatal ischemic stroke, or peripheral vascular disease).

Secondary outcomes: Cardiovascular mortality.

S: Prospective Cohort Study or Retrospective Cohort Study.




2.4 Quality assessment

The risk of bias was also independently assessed by C.W. and A.J.L. For cohort studies and post-hoc analyses, in accordance with the recommendations of the Cochrane Collaboration, the Newcastle-Ottawa Scale (NOS) (26) was selected to evaluate study quality, with details available at http://www.ohri.ca/programs/clinical_epidemiology/oxford.asp. In this context, a 9-star rating system (maximum score of 9 stars) was used, which is divided into three domains: selection of participants (0–4 stars), comparability of study groups (0–2 stars), and determination of outcomes (0–3 stars). Studies with a score of ≥ 8 stars were classified as low risk of bias, those with 6–7 stars as moderate risk, and those with 5 stars as high risk.




2.5 Data analysis and synthesis

The meta-analysis was conducted using Review Manager (RevMan) Version 5.3. Stratified analyses were performed based on the variations in data regarding HbA1c variability indicators and types of effect sizes among the included studies, with subgroup analysis results and pooled values presented separately. Given the methodological differences between HR and OR, independent analyses were conducted for each. A random-effects model was used for data pooling.

The results were visualized as a forest plot using the inverse variance method. Data were entered into RevMan 5.3 in the form of the natural logarithm of risk estimates (HR or OR) and their standard errors. When necessary, the standard error was derived from the confidence interval (CI) using the formula: (ln upper CI - ln lower CI)/(2×1.96). A random-effects model was used to calculate the I² statistic for assessing heterogeneity, with the following judgment criteria: 0%-25% indicates very low heterogeneity, 25%-50% indicates low heterogeneity, 50%-75% indicates moderate heterogeneity, and >75% indicates high heterogeneity (27). Subgroup analyses were performed based on dimensions such as HbA1c variability indicators, sample size, region, study design, follow-up duration of HbA1c variability, and comparison levels of HbA1c variability to identify the sources of heterogeneity. Sensitivity analyses were conducted to evaluate the robustness of the results by excluding low-quality studies, removing studies that only reported relative risk (RR), excluding studies with short or unclear average follow-up duration, and re-analyzing using a fixed-effects model instead. Publication bias was assessed using Egger’s test and funnel plots. If publication bias existed, the trim-and-fill method was used to estimate the impact of missing studies. A P-value < 0.05 was set as the threshold for statistical significance in all analyses. Subgroup analyses, Egger’s test, Trim-and-Fill adjustment results, and sensitivity analyses have been provided in Appendix A (Supplementary Tables S1–S6) to ensure transparency and reprehensibility of the findings.




2.6 Clinical definitions

SD was calculated as Σk=1n(xi−x¯
)2
n−1




 and adjusted SD was calculated as SD/nn−1



·CV
 was calculated as SD/X¯

 and adjusted CV was calculated as CV/nn−1




, where n = total number of HbA1c measurements, Xi=
 serially measured HbA1c, and X¯
= 
 mean of HbA1c (27). HVS was the number of HbA1c changes >0.5% over the total number of HbA1c measurements (17). HGI was calculated as measured HbA1c minus predicted HbA1c from fasting blood glucose (FBG) levels (28).

The diagnostic criteria for T2DM were as follows: (1) FBG ≥7.0 mmol/L; (2) 2-h oral glucose tolerance test or casual plasma glucose level ≥11.1 mmol/L; (3) HbA1c ≥ 6.5%; or (4) prior diagnosis of T2DM.





3 Results



3.1 Characteristics of included studies

Through the search method described above, a total of 5,369 articles were retrieved. After removing 891 duplicate articles, 4,386 articles that did not match the research topic were excluded after a preliminary review of titles and abstracts, resulting in 105 articles after initial screening. Subsequently, 65 articles were excluded after a detailed full-text review, including non-cohort studies, studies involving non-type 2 diabetes patients, studies without relevant results, conference abstracts, non-English studies, and systematic reviews, leaving 40 articles. Finally, articles that could not be downloaded and had incomplete data were excluded, resulting in 31 articles. The search process is shown in Figure 1.

[image: Flowchart illustrating a systematic review study selection process, starting from four databases with 5,389 total records, showing duplicate removal, sequential exclusions, and screening steps, ultimately including thirty-one studies for final review.]
Figure 1 | PRISMA flow diagram outlining the selection process that was undertaken for the systematic review and meta-analysis.

All 31 included articles were cohort studies, covering 545,956 participants from 13 countries and regions. The basic characteristics of the included articles are shown in Table 1. Six studies (29, 38, 45–47, 49) reported adjusted HRs or ORs for high SD versus low SD, involving a total of 140,260 participants, with the sample size ranging from 689 to 101,533. These studies were conducted in multiple countries including China, the United States, Brazil, Japan, and Thailand, with an average follow-up period ranging from 3 years to 15.9 years. Among the included studies, 20 reported (19, 29–33, 35–38, 41, 42, 45–49, 52–54) SD values, and 3 (30, 32, 47) provided adjusted SD values. The average glycated hemoglobin (HbA1c) level ranged from 6.8% to 8.69%. Sixteen studies (19, 29, 30, 32, 33, 35–37, 41, 42, 45, 47, 49, 52–54) explored the relationship between SD and the incidence of diabetes-related adverse cardiovascular events, while seven studies (31, 36, 38, 41, 46, 48, 54) investigated the relationship between SD and mortality from diabetes-related cardiovascular events; details can be found in Table 1.


Table 1 | Characteristics of the studies considered in the meta-analysis.
	Study(Author, year)
	Design(Type of study)
	Number(male%)
	Age at enrolment
	Area (follow-up time, years)
	Inclusion criteria
	HbA1c variability and follow-up time
	Mean HbA1c(%)
	Outcome
	Variable adjustment
	NOS score



	Bouchi R et al. (2012) (29)
	observational cohort study
	689(57.18%)
	65±11
	Japan(3.3(1.0-6.3))
	patients with T2DM without CVD
	SD:0.6±0.42,
CV:8.0±4.6, ≥12months
	7.8±1.2
	Incidence of CVD
	Adjusted for age, sex, duration of diabetes, the presence of proliferative diabetic retinopathy, smoking status, the use of insulin, renin–angiotensin system inhibitors, antiplatelet agents, and statins, hemoglobin, uric acid, eGFR, urinary ACR at baseline, BMI, SBP and DBP, triglycerides, HDL-C and LDL-C levels
	7


	Luk AO et al. (2013) (30)
	prospective cohort study
	8439(47.0%)
	57.6±13.2
	Hong Kong, CHINA(median follow-up period of 7.2 years)
	patients with T2DM
	Adjusted SD:NA,
median number of HbA1c measurements was 10(IQR: 5–17)
	NA
	CVD (events of myocardial infarction , ischemic heart disease, heart failure, nonfatal ischemic stroke or peripheral vascular disease)
	Adjusted for age, gender, smoking history, diabetes duration, BMI, waist circumference, SBP/DBP,
LDL-C, HDL-C, log triglyceride, log urine ACR, eGFR, haemoglobin and baseline medication use including the use of ACE inhibitors/ARB, antihypertensive drugs, lipid-lowering drugs, oral hypoglycaemic drugs and insulin.
	7


	Takao T et al. (2014) (31)
	observational cohort study
	754(81.83%)
	54.4±10.0
	Japan(15.9(10.3-16.6))
	patients with T2DM
	SD:NA,
CV:NA,
≥24months
	8.0±1.7
	Mortality of CVD
	Adjusted for age, sex, mean HbA1c, the number of HbA1c measurements, duration of diabetes, mean BMI, mean SBP, mean TC/HDL-C, and current smoker.
	8


	Yang HK et al. (2015) (32)
	observational cohort study
	595(58.32%)
	64.88
	Korea(9.63±9.04)
	patients with T2DM without history of CVD
	Adjusted-SD: 0.48(0.45, 0.51),
CV:6.98 (6.64, 7.33),
973 days
	8.69±2.30
	Incidence of CACS
	Adjusted for age, sex, duration of diabetes, HbA1c-MEAN, HbA1c-SD groups, total cholesterol level, use of insulin and statin.
	9


	Bonke FC et al. (2016) (33)
	observational cohort study
	13777(54.70%)
	67.4±11.1
	Bavaria(9.0±6.7)
	patients with T2DM without CVD
	SD:NA,
≥5years
	8.2±1.4
	Incidence of CVD
	Adjusted for age, sex, smoking status, absolute HbA1c value at baseline, diabetes history of
more than 8 years (i.e. the median duration at baseline), peripheral artery disease, the presence of diabetic complications (retinopathy, neuropathy or nephropathy) and a record of previous myocardial infarction, stroke or diabetes-related emergency admission
	8


	Ahn CH et al. (2017) (34)
	prospective cohort study
	1248(59.54%)
	55.3±11.3
	Korea(1.07(1.05-1.09))
	patients with T2DM
	HGI:0.05± 0.98,
NA
	7.0±1.7
	Incidence of CVD
	Adjusted for age, sex,BMI, smoking, hypertension, dyslipidemia, family history of CVD, HDL-C, LDL-C, and hsCRP level.
	8


	Lee MY et al. (2017) (35)
	longitudinal cohort study
	8259(52%)
	62.0±11.9
	Taiwan, China(6.3±1.3)
	patients with T2DM
	SD:0.84±0.58,
mean follow-up of 6.3 years
	7.5±1.2
	Incidence of CVD
	Adjusted for age, gender, a history of hypertension, retinopathy and neuropathy, SD of HbA1C, mean HbA1C, triglyceride, HDL-cholesterol, eGFR, and medications use, including ACEI and/or ARB, aspirin, statin and/or fibrate, and insulin.
	7


	Cardoso CRL et al. (2018) (36)
	prospective cohort study
	654(38.1%)
	60.1(9.6)
	Rio de Janeiro, Brazil(9.3(5.2-10.8))
	patients with T2DM
	SD:NA,
CV:NA,
NA
	8.1(1.9)
	Incidence and mortality of CVD
	Adjusted for age, sex number of HbA1c or FG measurements, diabetes duration, BMI, smoking status, physical inactivity, arterial hypertension, number of anti-hypertensive drugs in use, ambulatory 24-h SBP, presence of micro- and macrovascular complications at baseline, serum mean HDL-C and LDL-C, use of insulin, statins and aspirin, mean fasting glycemia and HbA1c.
	8


	Gu J et al. (2018) (37)
	retrospective cohort study
	201(NA)
	65.2±7.5
	China(7.3±0.5)
	patients with T2DM
	SD:NA,
CV:NA,
median follow-up of 7.3 years
	7.1±0.5
	Incidence of CVD
	Adjusted for age, gender, SBP, DBP, HbA1c-mean, HbA1c-SD, eGFR, BMI, duration of T2DM and hypertension, atrial fibrillation, medical treatment, LAD, LVMI, E/E′, and LVEF.
	7


	Kim MK et al. (2018) (17)
	prospective cohort study
	1302(41.94%)
	55.5±10.9
	Korea(6.5±6.6)
	patients with T2DM
	HGI:−0.01 ± 1.34,
median follow-up of 11.1 years
	8.4 ± 1.8
	Incidence and mortality of CVD
	Adjusted for age, sex, duration of diabetes, presence of hypertension, BMI, eGFR, albuminuria, smoking, insulin treatment, and use of sulfonylurea and aspirin.
	8


	Kaze AD et al. (2020) (38)
	prospective cohort study
	3560(37.9%)
	58.4(6.7)
	U.S.A.(median follow-up period of 6.8 years (IQR 6.0-7.4))
	patients with T2DM
	SD:NA,
≥36months
	7.0(1.0)
	Mortality of CVD
	Adjusted for age, sex, race/ethnicity, randomization arm, BMI, current smoking, alcohol drinking, use of antihypertensive medications, TC/HDL-C, eGFR, duration of diabetes, average SBP and average HbA1c.
	8


	Li S et al. (2020)-1 (39)
	retrospective cohort study
	21352(54.6%)
	63.3±11.1
	Scotland(6.8(4.6-11.2))
	patients with T2DM
	HVS:NA,
NA
	7.7±2.0
	Incidence of CVD
	Adjusted for sex, index age, calendar year, Scottish Index of Multiple Deprivation quintiles, ever smoking, hypertension at baseline, BMI at baseline, HDL-C at baseline, eGFR at baseline, antiplatelet therapy at baseline, and CCI (≥1 vs. 0).
	6


	Li S et al. (2020)-2 (40)
	prospective cohort study
	396(50.50%)
	46.30±10.9
	China(2.3(1.8-3.1))
	patients with T2DM
	CV:16.73±7.87,
NA
	6.7±1.4
	Incidence of CVD(coronary artery plaque progression)
	Adjusted for age, sex, BMI, diabetes duration, smoking, alcohol consumption, hypertension, hypoglycemia rate, triglyceride, LDL-C, HDL-C, FPG, 2h-FBG, HbA1c, eGFR, UA, HOMA-IR, UACR, and medications.
	8


	Wan EYF et al. (2020) (41)
	prospective cohort study
	147811(46.0%)
	64.2(10.0)
	Hong Kong, China(median follow-up period of 7.4 years)
	patients with T2DM without CVD
	SD:0.8(0.7),
≥12months
	7.5(0.9)
	Incidence and mortality of CVD
	Adjusted for gender, age, smoking status, duration of diabetes, BMI, SBP and DBP, LDL-C, eGFR, Charlson's comorbidity index, and use of anti-hypertensive drugs, oral antidiabetic drugs, including metformin, sulphonylureas and other oral diabetes drugs, insulin, and lipid-lowering agents.
	9


	Akselrod D et al. (2021) (42)
	retrospective cohort study
	2866(43.3%)
	58.6
	southern region of Israel(NA)
	patients with T2DM and having a normal kidney function
	SD:1.2,
11 years
	7.8
	Incidence of IHD
	Adjusted for insulin use, gender, age, ischemic heart disease, BMI ≥ 30, smoking.
	7


	Moosaie F et al. (2021) (43)
	cohort study
	1500(54.8%)
	62.12(8.66)
61.21(9.18)
62.58(11.06)
58.16(10.06)
	Iran(median follow‐up period of 10 years)
	patients with T2DM
	CV:0.165±0.012,
median follow‐up of 10 years
	7.834(0.932)
7.862(1.102)
7.903(1.291)
7.817(1.546)
	Incidence of CVD
	Adjusted for age, gender, duration of diabetes, lipid lowering drugs, antidiabetic drugs.
	7


	Sato M et al. (2021) (44)
	prospective cohort study
	4532(47.51%)
	65.1±9.5
64.5±10.0
63.5±10.0
61.9± 0.9
60.2±11.5
	Japan(median follow‐up period of 3.17 years)
	patients with T2DM
	CV:Q1:0.59–3.95,
Q2:3.95–5.56,
Q3:5.56–7.32,
Q4:7.32–10.07,
Q5:10.07–45.42,
median follow‐up of 38 months
	7.0±0.8
7.3±0.9
7.5±0.9
7.7±1.1
8.1±1.2
	Incidence of CVD
	Adjusted for sex, age, smoking habits, duration of diabetes, BMI, group of statin therapy, hypertension, diabetic nephropathy, diabetic neuropathy, eGFR at baseline, the number of HbA1c measurements and mean‐HbA1c.
	8


	Shen Y et al. (2021) (45)
	retrospective cohort study
	29,260(45.9%)
	66.0±11.6
	Louisiana, U.S.A.(mean follow-up period of 4.18 years)
	patients with T2DM
	CV:NA,
SD:NA,
NA
	6.3±0.7
6.7±0.8
7.5±1.1
8.6±1.5
	Incidence of CVD
	Adjusted for age, race, sex, smoking, BMI, SBP, non-HDL/HDL ratio, eGFR, insurance type, hypoglycaemic events, glucose-lowering medications, antihypertensive medications, lipid-lowering medications, and antiplatelet and anticoagulant medications by category differences, as well as the updated mean value of HbA1c.
	7


	Ceriello A et al. (2022) (46)
	retrospective cohort study
	101,533(55.63%)
	64(52-72)
68.0(61.0–74.0)
66.0(58.0–72.0)
63.0(55.0–71.0)
60.0(52.0–68.0)
	Swedish(mean follow-up period of 4.4 years)
	patients with T2DM
	SD:NA,
NA
	NA
	Mortality of CVD
	Adjusted for age, gender, duration of diabetes, body weight, smoking, values of HbA1c, SBP/DBP, TC, HDL, LDL, triglycerides, albuminuria, eGFR, retinopathy, treatment for diabetes, hypertension, dyslipidemia, and aspirin.
	8


	Ma C et al. (2022) (47)
	prospective cohort study
	2161(38.45%)
	NA
	China(NA)
	patients with T2DM
	SD:NA,
CV:NA,
NA
	NA
	Cardiovascular events
	Adjusted for gender, age, duration of type 2 diabetes, BMI, smoking, baseline concomitant disease, triglycerides, LDL-C, blood pressure, anti-hyperglycemic therapy, and ACEI or ARB treatment,average HbA1c.
	7


	Wu TE et al. (2022) (48)
	prospective cohort study
	1869(50.4%)
	63.2±12.7
	Taiwan, China(median follow-up period of 9.5 years)
	patients with T2DM
	SD:0.728±0.528%,
5 years(10-42)
	8.0±1.77
	Mortality due to CVD
	Adjusted for HbA1c-mean or HbA1c-SD, age, sex, diabetes duration, blood pressure, BMI, TC, HDL-C, triglyceride, and smoking status.
	7


	Hsu JC et al. (2023) (8)
	retrospective cohort study
	45,436(48.36%)
	>50
	Taiwan, China(median follow‐up period of 5.38 years)
	patients with T2DM
	HVS:NA,
NA
	6.34(0.74)
6.87(0.99)
7.48(1.38)
8.05(1.78)
	Mortality of CVD
	Adjusted for age, sex, baseline BMI, hypertension, coronary artery disease, average of fasting glucose, average HbA1c, baseline eGFR, model 2 plus medications (metformin, SGLT2i, DDP4i , GLP‐1 agonist).
	7


	Kim H et al. (2023) (15)
	retrospective cohrot study
	4817(51.5%)
	59.9±9.8
	Korea(9)
	patients with T2DM
	HVS:31.2 ± 22.8,
NA
	7.2±1.4
	Incidence of CVD
	Adjusted by age, sex, BMI.
	7


	Manosroi W et al. (2023) (49)
	prospective cohort study
	3057(45.67%)
	64.7±9.2
	Thailand(median follow‐up period of 4.51 years)
	patients with prediabetes and T2DM
	SD:NA,
NA
	7.3±1.5
	Incidence of CVD(MACE)
	Adjusted for age, educational level, sex, BMI, established atherosclerotic cardiovascular disease status, SBP, smoking status, mean glycated hemoglobin, lipid profiles, creatinine level number of glycated hemoglobin measurements,plus antihypertensive medications, diabetes medications, lipid‐lowering agents, and antiplatelet and/or anti‐coagulant.
	8


	Zhang F et al. (2023) (50)
	retrospective cohort study
	820(51.7%)
	56.9±14.6
	China(median follow‐up period of 3.67 (1-16.5) [IQR: 2.25,5.83]
years)
	peritoneal dialysis patients with T2DM and over 18 years old
	HVS:NA,
NA
	7.0±2.3
	Incidence of MACE
	Adjusted for time-weighted average ­HbA1c, age, sex, cardiovascular disease history, BMI, hemoglobin, albumin and C-reactive protein.
	8


	Cardoso CRL et al. (2024) (16)
	prospective cohort study
	687(38.4%)
	60.1±9.5
	Rio de Janeiro, Brazil(10.6(6.3,13.2))
	patients with T2DM
	HGI:0±1.6,
NA
	8.0±1.9
	Incidence of CVD
	Adjusted for age sex, BMI, physical activity, smoking status, diabetes duration, pre-existent macrovascular and microvascular complications, SBP, serum LDL-C, use of insulin, aspirin and statins, number of antihypertensive drugs in use, HGI and HbA1c parameters.
	7


	Lin CC et al,(2024) (51)
	retrospective cohort study
	3628(53.25%)
	66.23±10.94
	China(≥0.25 years)
	patients with T2DM
	CV:8.89 ± 7.85,
NA
	7.70±1.56
	Mortality of CVD
	Adjusted for baseline sociodemographic factors, lifestyle behavior, diabetes-related variables, HbA1c, complications, medication, and glycemic variation.
	6


	Liu X et al. (2024) (19)
	retrospective cohort study
	147(58.86%)
	62.07±8.86
63.80±9.95
66.49±12.22
	China(NA)
	patients with T2DM
	SD:NA,
CV:NA,
NA
	NA
	Incidence of CVD
	Adjusted for sex, age, duration, SBP, DBP, LDL, use of insulin using and HbA1c.
	6


	Maajani K et al. (2025) (52)
	retrospective cohort study
	2078(44.8%)
	64.7(10.6)
	Iran(median follow‐up period of 2.67 years)
	patients with T2DM
	SD:0.23±0.06,
CV:3.5±0.9,
NA
	6.8±0.82
	Incidence of CVD
	Adjusted for BMI, SBP and DBP, HbA1c, FBS and TC, HDL-C, LDL-C and Triglyceride, SGL-2, other oral medications, GLP-1, insulin, antihypertensive drugs, lipid-lowering drugs, anti-platelet drugs, age, sex, duration of disease, the baseline and lagged value of time-varying covariates.
	7


	Teh XR et al. (2025) (53)
	retrospective cohort study
	40,662(38.3%)
	57.2(13.9)
	Thailand(10)
	patients with T2DM
	SD:0.67(0.87),
CV:0.07(0.08),
3–6 months
	7.7(2.0)
	Incidence of CVD
	Adjusted for age, gender, insurance scheme, BMI, TC, LDL, HDL, triglyceride, haemoglobin, SBP/DBP, hypertension, dyslipidemia, presence of T2D complications (CVD, DR, or CKD) prior to the outcome of interest, medication use in terms of drug classes (biguanides, sulphonylurea, insulin, alpha- glucosidase inhibitors, DPP-4i, GLP1-RA, TZD, SGLT2i, meglitinides, statins) and the number of antihypertensive drugs.
	8





Studies are presented in chronological order of publication.

HbA1c, glycated hemoglobin A1C; T2DM, Type 2 Diabetes Mellitus; NOS, Newcastle-Ottawa Scale; CVD, cardiovascular disease; BMI, mean body mass index; SD, standard deviation; CV, coefficient of variation; eGFR, estimated glomerular filtration rate; ACR, albumin-creatinine ratio; SBP, systolic blood pressure; DBP, diastolic blood pressure; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; NA, not available; IQR, interquartile range; ACE, angiotensin-converting enzyme; ARB, angiotensin II receptor blocker; TC, total cholesterol; CACS, Coronary Artery Calcium Score; HGI, hemoglobin glycation index; hsCRP, high-sensitivity C-reactive protein; FG, fasting glucose; LAD, left atrium diameter; LVMI, left ventricular mass index; E/E’, E wave to e' wave ratio; LVEF, left ventricular ejection fraction, HVS, HbA1c variability score; CCI, Charlson Comorbidity Index; FPG, fasting plasma glucose; 2h-FBG, 2-hour fasting blood glucose; UA, uric acid; HOMA-IR, Homeostatic Model Assessment of Insulin Resistance; UACR, urine albumin-to-creatinine ratio; IHD, ischemic heart disease; HDL, high-density lipoprotein; LDL, low-density lipoprotein; SGLT2i, sodium-glucose cotrans-porter-2 inhibitors; DPP-4i, dipeptidyl peptidase-4 inhibitors; GLP-1, Glucagon-Like Peptide-1 agonist; MACE, major adverse cardiovascular events; DR, diabetic retinopathy; CKD, chronic kidney disease; GLP1-RA, glucagon-like peptide-1 agonists; TZD, thiazolidinedione.



Four studies (29, 31, 45, 47) reported HRs or ORs for the high versus low coefficient of variation (CV) groups, involving a total of 33,610 participants, with the sample size ranging from 689 to 29,260. These studies were conducted in Mainland China, the United States, Japan, and Iran, with a follow-up period ranging from 3.3 to 10.0 years. Among the included studies, fourteen (19, 29, 31, 32, 36, 37, 40, 43–45, 47, 51, 53, 54) reported CV values, and the average HbA1c level ranged from 6.7% to 8.69%. Twelve studies (19, 29, 32, 36, 37, 40, 43–45, 47, 53, 54) explored the relationship between CV and the incidence of diabetes-related adverse cardiovascular events, while four studies (31, 36, 51, 54) investigated the relationship between CV and mortality from diabetes-related adverse cardiovascular events.

Regarding the HVS, four studies (8, 15, 39, 50) reported adjusted HRs or ORs, involving a total of 72,425 participants, with the sample size ranging from 820 to 45,436. These studies were conducted in Mainland China, Taiwan (China), the Democratic People’s Republic of Korea, and Scotland. The average follow-up period was 3 to 9 years, and the average HbA1c level ranged from 7.0% to 8.05%. Three of the studies (15, 39, 50) explored the relationship between HVS and the incidence of cardiovascular events, while one study (8) investigated the relationship between HVS and the mortality of cardiovascular events. Three studies (16, 17, 34) were included in the meta-analysis of the HGI, involving a total of 3,237 participants, with the studies conducted in South Korea and Brazil. The average HbA1c level ranged from 7.0% to 8.4%.

Meanwhile, the Newcastle-Ottawa Scale (NOS) was used to evaluate the quality of all included cohort studies. Among the 31 articles, 3 scored 6 points (19, 39, 51), 13 scored 7 points (8, 15, 16, 29, 30, 35, 37, 42, 43, 45, 47, 48, 52), 13 scored 8 points (17, 31, 33, 34, 36, 38, 40, 44, 46, 49, 50, 53, 54), and 2 scored 9 points (32, 41); all were articles with low to moderate risk of bias. The detailed NOS scores of the included articles are shown in Table 1.




3.2 HbA1c variability and incidence of CVD outcomes



3.2.1 HbA1c-SD and the incidence of cardiovascular disease

When the effect size was HR, 13 studies (29, 30, 33, 35–37, 41, 45, 47, 49, 52–54) with a total of 26 sub-studies explored the relationship between HbA1c-SD and the incidence of cardiovascular disease. There was heterogeneity among the studies (I²=90%, P<0.00001), so a random-effects model was used for analysis. The meta-analysis results showed that compared with type 2 diabetes patients with lower HbA1c-SD, the incidence of cardiovascular disease in type 2 diabetes patients with higher HbA1c-SD increased by 27% (HR = 1.27, 95%CI 1.17-1.38, P<0.00001). When the effect size was OR, 3 studies (19, 32, 42) with a total of 4 sub-studies explored the relationship between HbA1c-SD and the incidence of cardiovascular disease. There was no heterogeneity among the studies (I²=27%, P = 0.25), so a fixed-effects model was used for analysis. The meta-analysis results showed that higher HbA1c-CV was a risk factor for cardiovascular disease in type 2 diabetes patients (HR = 1.30, 95%CI 1.07-1.57, P = 0.008), as shown in Figure 2.

[image: Panel A shows a forest plot meta-analysis of hazard ratios across multiple studies, indicating an overall hazard ratio of 1.27 with a 95 percent confidence interval of 1.17 to 1.38, favoring the experimental group. Panel B displays a meta-analysis of odds ratios, showing an overall odds ratio of 1.30 with a 95 percent confidence interval of 1.07 to 1.57, also favoring the experimental group. Both plots present study weights, confidence intervals, and summary diamonds at the bottom.]
Figure 2 | Forest plot showing the association between HbA1c variability (HbA1c-SD) and cardiovascular disease incidence in patients with T2DM, including (A) Hazard Ratio (HR) and (B) Odds Ratio (OR).




3.2.2 HbA1c-CV and the incidence of cardiovascular disease

When the effect size was HR, 8 studies (29, 36, 37, 43, 45, 47, 53, 54) with a total of 19 sub-studies explored the relationship between HbA1c-CV and the incidence of cardiovascular disease. There was heterogeneity among the studies (I²=93%, P<0.00001), so a random-effects model was used for analysis. The meta-analysis results showed that compared with type 2 diabetes patients with lower HbA1c-CV, the incidence of cardiovascular disease in type 2 diabetes patients with higher HbA1c-CV increased by 32% (HR = 1.32, 95%CI 1.18-1.49, P<0.00001). When the effect size was OR, 4 studies (19, 32, 40, 44) with a total of 8 sub-studies explored the relationship between HbA1c-CV and the incidence of cardiovascular disease. There was no heterogeneity among the studies (I²=0%, P = 0.46), so a fixed-effects model was used for analysis. The meta-analysis results showed that higher HbA1c-CV was a risk factor for cardiovascular disease in type 2 diabetes patients (OR = 1.39, 95%CI 1.22-1.57, P<0.00001), as shown in Figure 3.

[image: Figure contains two forest plots labeled A and B displaying meta-analysis results for hazard ratios and odds ratios, respectively, from multiple studies. Both plots list contributing studies, summary statistics, weights, and confidence intervals. Each plot shows individual study estimates as squares with horizontal lines for confidence intervals and summarizes overall effect with a diamond. Plot A shows a pooled hazard ratio of 1.32 with 95% CI of 1.18 to 1.49, and plot B shows a pooled odds ratio of 1.39 with 95% CI of 1.22 to 1.57. Both analyses indicate significant overall effects.]
Figure 3 | Forest plot showing the association between HbA1c variability (HbA1c-CV) and cardiovascular disease incidence in patients with T2DM, including (A) Hazard Ratio (HR) and (B) Odds Ratio (OR).




3.2.3 HbA1c-HGI and the incidence of cardiovascular disease

When the effect size was HR, one study (16) explored the relationship between HbA1c-HGI and the incidence of cardiovascular disease. The results showed that compared with type 2 diabetes patients with lower HbA1c-HGI, the incidence of cardiovascular disease in type 2 diabetes patients with higher HbA1c-HGI increased by 36% (HR = 1.36, 95%CI 1.14-1.62, P = 0.0006). When the effect size was OR, 2 studies (17, 34) with a total of 5 sub-studies explored the relationship between HbA1c-HGI and the incidence of cardiovascular disease. There was heterogeneity among the studies (I²=69%, P = 0.01), so a random-effects model was used for analysis. The results showed a positive trend that higher HbA1c-HGI might increase the risk of cardiovascular disease (P = 0.06 > 0.05), with no statistically significant difference, as shown in Figure 4.

[image: Panel A presents a forest plot for hazard ratios with one study showing a pooled hazard ratio of 1.36 and confidence interval 1.14 to 1.62 favoring control. Panel B shows a forest plot for odds ratios from five substudies, with a pooled odds ratio of 1.47 and confidence interval 0.98 to 2.20, indicating heterogeneity among studies.]
Figure 4 | Forest plot showing the association between HbA1c variability (HbA1c-HGI) and cardiovascular disease incidence in patients with T2DM, including (A) Hazard Ratio (HR) and (B) Odds Ratio (OR).




3.2.4 HbA1c-HVS and the incidence of cardiovascular disease

Three studies (15, 39, 50) with a total of 6 sub-studies used HR as the effect size to explore the relationship between HbA1c-HVS and the incidence of cardiovascular disease. There was heterogeneity among the studies (I²=84%, P<0.00001), so a random-effects model was used for analysis. The results showed a positive trend that higher HbA1c-HVS might increase the risk of cardiovascular disease (P = 0.08 > 0.05), but there was no statistically significant difference. Details are shown in Figure 5.

[image: Forest plot showing hazard ratios and confidence intervals for six studies or subgroups. Three studies favor the control, three favor the experimental group, with a pooled hazard ratio of 1.31.]
Figure 5 | Forest plot of cardiovascular incidence data: HRs for HbA1c-HVS based on published reports of T2DM.





3.3 HbA1c variability and mortality of CVD outcomes



3.3.1 HbA1c-SD and cardiovascular disease mortality

Seven studies (31, 36, 38, 41, 46, 48, 54) with a total of 14 sub-studies explored the relationship between HbA1c-SD and cardiovascular disease mortality. There was heterogeneity among the studies (I²=78%, P<0.00001), so a random-effects model was used for analysis. The meta-analysis results showed that compared with type 2 diabetes patients with lower HbA1c-SD, the cardiovascular disease mortality of type 2 diabetes patients with higher HbA1c-SD increased by 27% (HR = 1.27, 95%CI 1.17-1.37, P<0.00001), as shown in Figure 6A.

[image: Forest plot graphic with three panels labeled A, B, and C, each showing meta-analysis results for hazard ratios across multiple substudies. Study names, log hazard ratios, standard errors, weights, and confidence intervals are listed in tables on the left, with corresponding graphical representations and summary diamonds on the right. Panel A has a summary hazard ratio of 1.27 with increased heterogeneity, panel B shows a higher summary hazard ratio of 1.35, and panel C presents a lower and non-significant summary hazard ratio of 1.00.]
Figure 6 | Forest plot of cardiovascular mortality in patients with type 2 diabetes mellitus from published reports, presenting Hazard Ratios (HRs) for (A) HbA1c-SD, (B) HbA1c-CV, and (C) HbA1c-HVS.




3.3.2 HbA1c-CV and cardiovascular disease mortality

Four studies (31, 36, 51, 54) with a total of 9 sub-studies explored the relationship between HbA1c-CV and cardiovascular disease mortality. There was heterogeneity among the studies (I²=90%, P<0.00001), so a random-effects model was used for analysis. The meta-analysis results showed that compared with type 2 diabetes patients with lower HbA1c-CV, the cardiovascular disease mortality of type 2 diabetes patients with higher HbA1c-CV increased by 35% (HR = 1.35, 95%CI 1.16-1.57, P<0.00001), as shown in Figure 6B.




3.3.3 HbA1c-HVS and cardiovascular disease mortality

One study (8) with a total of 3 sub-studies explored the relationship between HbA1c-HVS and cardiovascular disease mortality. There was heterogeneity among the studies (I²=94%, P<0.00001), so a random-effects model was used for analysis. The meta-analysis results showed that HbA1c-HVS had no effect on cardiovascular disease mortality in patients with type 2 diabetes (HR = 1.00, 95%CI 0.76-1.31, P<0.00001), as shown in Figure 6C.





3.4 Subgroup analyses

Subgroup analyses consistently showed a positive association between HbA1c variability and CVD risk, but the robustness of the indices differed. As presented in Appendix Table S1, the pooled effects for SD-HR and CV-HR were highly consistent (1.27 and 1.32, respectively) and remained directionally stable across all subgroups. In contrast, HVS-HR (1.31, 95% CI 0.97–1.78) and HGI-OR (1.47, 95% CI 0.98–2.20) did not reach conventional statistical significance; nevertheless, their effect directions were consistent, suggesting a potential association rather than a “true null”. Notably, in studies with < 1000 participants the ORs for both HVS and HGI were statistically significant, implying that insufficient statistical power may be the main reason for the lack of significance in the overall analysis. When stratified by sample size, the SD-HR was 1.16 (95%CI: 1.13-1.18) in studies with a sample size of ≥1000, compared with 1.31 (95%CI: 1.07-1.61) in studies with a sample size of <1000. Subgroup analysis by region revealed that the association was strongest in non-Chinese Asian regions (SD-HR=1.77, 95%CI: 1.49-2.10), followed by 1.15 (95%CI: 1.13-1.18) in China and 1.13 (95%CI: 1.09-1.17) in other countries. In terms of study design, the SD-HR was 1.38 (95%CI: 1.16-1.64) for prospective studies and 1.23 (95%CI: 1.11-1.35) for retrospective studies. Studies with a follow-up duration of ≥5 years showed a higher hazard ratio (SD-HR=1.10, 95%CI: 1.08-1.13). Additionally, subgroup analysis by glycemic variability quartiles indicated that the risk of CVD in the highest quartile (Q4) was significantly higher compared with the lowest quartile (Q1) (SD-HR=1.52, 95%CI: 1.03-2.25). In summary, the associations for SD and CV are the most robust, whereas the “non-significance” observed for HVS and HGI is more likely attributable to insufficient statistical power rather than to a genuine biological null effect.

Subgroup analyses stratified by region (China vs. Other Asian vs. Other countries), study design (prospective vs. retrospective) and sample size (<1000 vs. ≥1000) reduced I² from the overall 90%–93% to 26%, 0% and 36%–52%, respectively, indicating that geographic setting and design features are the main sources of heterogeneity. Similarly, for HVS and HGI, restricting to follow-up<5 years or to small-sample studies lowered I² to 0%–25%, showing that time span and statistical power are also key moderators. For example, the pooled CV-HR had I² = 93%, yet every subgroup showed a consistent direction (HR > 1), and the pooled HR fluctuated only between 1.29 and 1.35 after sequential exclusion, implying that heterogeneity reflects magnitude rather than direction. Full details are given in Appendix A Table S1–S2.




3.5 Sensitivity analysis

The results of the sensitivity analysis showed that the association between glycemic variability (SD, CV) and cardiovascular disease risk was generally robust. After excluding specific studies or changing the statistical model, there was no substantial change in the direction or significance of the pooled effect size. After excluding studies with short follow-up durations, the effect sizes of SD-HR and CV-HR changed slightly; however, their 95% confidence intervals (CIs) did not include 1, still maintaining statistical significance, and the heterogeneity remained at a high level. When re-analyzed using a fixed-effects model, the pooled results of SD-HR and CV-HR were basically consistent with those of the random-effects model, which further confirmed the stability of the results.

Sensitivity analysis for different outcome indicators showed that after excluding studies reporting only specific endpoints such as heart failure with preserved ejection fraction (HFpEF) or ischemic heart disease (IHD), there was no significant deviation in the effect size. Similar patterns were observed in the analysis of HVS-HR and HGI-OR: excluding low-quality studies or studies of specific types did not alter the original conclusions. In summary, the sensitivity analysis supports the reliability of the conclusion regarding the association between glycemic variability and CVD risk. Details are shown in Appendix A Table S3-S4.




3.6 Publication bias

In this study, funnel plot analysis and Egger’s test were used to assess the presence of publication bias, and the trim-and-fill method was applied to correct for publication bias. The analysis showed that there was publication bias in the CV-HR for CVD incidence (Egger’s test, p=0.002). After imputing 2 potentially missing studies, the effect size decreased slightly from 0.280 to 0.246 (95%CI: 0.112-0.380). Although the effect was slightly weakened, it remained statistically significant. The p-value remained significant, and heterogeneity was not reported. These results indicate the presence of mild publication bias, which did not alter the statistical significance of the original conclusion. No significant publication bias was detected for other indicators. Details are shown in Appendix A Table S5-S6.





4 Discussion

Based on a systematic review and meta-analysis of 31 prospective/retrospective cohorts comprising >540000 patients with type 2 diabetes, we found that HbA1c variability (SD and CV) is independently associated with incident cardiovascular events and mortality, with pooled hazard ratios consistently between 1.27 and 1.35. In contrast, HVS and HGI showed the same directional trend but did not reach statistical significance, indicating that SD and CV are more robust predictors. SD/CV can be calculated easily without extra laboratory costs and can be integrated instantly into existing electronic medical-record systems to help identify “hidden high-risk” patients, whereas HVS/HGI require standardized algorithms and validation in larger samples before they can be considered as novel clinical predictors. Unlike most previous studies that primarily focused on mean HbA1c, this study provides the first population-level evidence that HbA1c fluctuations per se significantly increase cardiovascular risk even when average glycemic control has reached the target level, offering a new precision-glycaemia management target beyond conventional mean HbA1c.

Assessment of glucose homeostasis based solely on fasting blood glucose cannot capture post-prandial hyperglycemia, and short-term monitoring such as random blood glucose is insufficient to evaluate the progression risk of diabetic chronic complications. HbA1c, on the other hand, reflects overall exposure to both fasting and post-prandial glucose and therefore provides a more comprehensive picture of total glycemic control. Consequently, we selected HbA1c variability as the primary focus of this investigation.

Although methods for quantifying HbA1c variability are increasingly diverse, there is currently no unified “gold standard”. The most commonly used and simplest methods are calculating the SD and its derived CV. Numerous studies have reported a significant association between SD/CV and the deterioration of cardiovascular outcomes in patients with T2DM. A meta-analysis including 23 studies found that HbA1c variability, as assessed by SD or CV, was significantly associated with the risk of macrovascular complications (13). Another meta-analysis, which included 40 studies and 4,102,589 participants, showed that each increase in a variability indicator (HbA1c SD or CV) was associated with a 20%-26% increase in cardiovascular risk (55). Similar conclusions have also been drawn from multiple large-scale multicenter observational studies both domestically and internationally (52, 56). Consistent with previous studies, the present study also found that both SD and CV were positively correlated with the progression of cardiovascular disease.

HVS and HGI have also emerged as novel indicators, providing deeper insights into glucose metabolism. HVS is a specific indicator used to quantify long-term blood glucose fluctuations. Unlike the simple calculation of SD or CV, the calculation method of HVS is designed to reduce the impact of the number of measurements and measurement time intervals on results, and focuses more on evaluating fluctuations in HbA1c values that exceed specific thresholds. Hsu H et al. conducted a longitudinal cohort study, which retrospectively reviewed the incidence of MACE in patients with T2DM. The study concluded that early management of HbA1c using HVS is crucial for reducing the risk of adverse cardiovascular events in patients. HGI serves as an important individualized risk marker (57). Different from indicators such as SD, CV, and HVS that directly measure the magnitude of blood glucose fluctuations, HGI predicts the risk of diabetic cardiovascular complications from the perspective of an individual’s glycation susceptibility to blood glucose. Previous studies have shown that HGI is closely associated with various cardiovascular events. A large-scale multicenter cohort study, which included 9,791 participants, found that there was a U-shaped association between HGI values and 5-year MACE risk—both low and high HGI values were associated with an increased risk of MACE (58). Even when the average blood glucose level was similar, patients with high HGI still had a significantly increased risk of complications.

This is the first study to integrate three observational cohorts evaluating HVS and four cohorts addressing HGI. It was found that there was no significant association between increased HVS and the progression of cardiovascular events. Although multiple previous studies have suggested that glycemic variability is a potential predictor of cardiovascular risk in patients with T2DM, this study did not confirm this association. The possible reasons for this include the following aspects: First, in the included observational studies, confounding factors such as smoking status, hypoxic environment, and inflammatory levels were fully adjusted for. To a certain extent, this may have weakened the apparent association between HVS and cardiovascular outcomes (59). Second, there may be a U-shaped curvilinear relationship between HVS and cardiovascular risk—meaning the risk increases significantly only at extreme levels of variability, while a general increase does not independently elevate the risk of events (60). Furthermore, although HVS, as an indicator for measuring glycemic variability, has advantages such as being unaffected by the number of measurements and time intervals, and having strong clinical interpretability (it can reflect the frequency characteristics of HbA1c variability), its neglect of the magnitude of variability may limit its ability to predict long-term cardiovascular risk. Meanwhile, at the genetic level, Mendelian randomization analyses based on the HGI strategy also found no significant association between hemoglobin-related genetic variations and cardiovascular risk (61). This result further supports the aforementioned conclusion. The possible reasons for this include insufficient power of instrumental variables, failure of hemoglobin changes driven by genetic variations to capture specific biological processes related to disease pathways, or the presence of pleiotropic effects that interfere with causal inference. Overall, the null findings for HVS and HGI are more plausibly attributed to technical factors (few studies, heterogeneous definitions, population-specific effect patterns) than to a true absence of association. Future individual-patient-data meta-analyses with harmonized algorithms are warranted.

Meanwhile, this study estimated the OR of HbA1c variability using datasets, and a significant overall effect was observed. When evaluating HbA1c-related risks, there were obvious differences between the results presented by the OR and the HR. OR is used to measure the strength of the association between an intervention and an outcome. Although it can comprehensively reflect the overall effect, it often tends to overestimate the actual risk; in addition, this indicator has static characteristics and is difficult to capture information on the dynamic changes in event incidence over time (62). In contrast, HR focuses on the temporal differences in event occurrence and can more intuitively reflect the impact of an intervention on the timing of specific events. HR is usually estimated using the Cox proportional hazards model, which is suitable for analyzing the effect of covariates on the “time to first event,” thereby describing the dynamic process of risk changes over time and can be regarded as a measure of instantaneous risk intensity (63). It is particularly important to note that compared with HR, OR often shows an overestimation of risk, and a similar phenomenon was observed in this study—this was particularly evident in the correlation analysis between HbA1c SD/CV and cardiovascular outcomes in patients with T2DM.

Currently, there is no consensus on the optimal follow-up duration for HbA1c monitoring. This study innovatively explored the impact of different follow-up durations on cardiovascular incidence and mortality. Subgroup analysis in this study used a median follow-up period of 5 years as the cutoff, suggesting that 5 years may be a more effective follow-up indicator. In addition, SD, HGI, and HVS showed an upward trend in risk from the lowest quartile to the highest quartile, while CV did not exhibit a similar trend.

The key point is that each index captures a distinct glycemic signature: SD/CV reflects the amplitude of oscillations, HVS captures the frequency of clinically relevant jumps, while HGI quantifies individual glycation susceptibility. This meta-analysis shows that amplitude (SD/CV) carries the strongest and most consistent signal for CVD, an observation that aligns with in-vitro data demonstrating that larger glucose excursions generate more superoxide than chronic hyperglycemia of the same mean (64). For HVS, although the pooled estimate did not reach statistical significance, the upper confidence limit still extended to a 78% excess risk. Mechanistic studies indicate that every >0.5% HbA1c swing activates the NLRP3 inflammasome and leaves a persistent epigenetic footprint (H3K9me3)—the so-called “metabolic memory” (65). On the other hand, HGI may link to cardiovascular injury independently of ambient glucose: a high HGI signifies rapid hemoglobin glycation, paralleling band-3 protein glycation on the red-cell membrane, which reduces erythrocyte deformability and predisposes to micro-vascular sludging (66). Thus, HGI operates via a “blood-rheology” axis rather than the classic glucose-toxicity axis, explaining why its association with CVD remains positive yet weaker than that of SD/CV.

This study is the first meta-analysis to explore the association between multiple HbA1c variability indicators (SD, CV, HVS, HGI) and cardiovascular disease-related risk from multiple perspectives. A total of 31 cohort studies were included, with Newcastle-Ottawa Scale (NOS) quality scores ranging from 6 to 9. This indicates that the included studies have an overall high methodological quality, which enhances the credibility of the results. The results of extensive subgroup analyses and sensitivity analyses are consistent, further supporting the robustness of the main conclusions.

However, this study still has several limitations. First, there are differences in the detection frequency, time intervals, measurement equipment, and methods of HbA1c among the original studies, which may introduce heterogeneity. Second, some potential confounding factors have not been fully adjusted for, which may interfere with the estimation of effect sizes. Furthermore, this study aims to synthesize evidence from observational studies to address questions concerning HbA1c variability in real-world settings. The controlled environment of an RCT, including fixed follow-up schedules and strict intervention protocols, inherently influences the pattern of HbA1c variability, making it less generalizable to the fluctuations that occur in routine clinical practice. Therefore, while RCTs are superior for establishing causality, their applicability to our research objective is limited and post-hoc analyses of RCTs were excluded. Finally, this study focused on cardiovascular outcomes and did not involve other typical diabetic microvascular and macrovascular complications such as retinopathy, neuropathy, and kidney disease; therefore, caution should be exercised when extrapolating the conclusions.

In conclusion, this study indicates that HbA1c variability is positively correlated with the progression of incidence and mortality of cardiovascular disease-related events in patients with T2DM. Individualized treatment based on HbA1c variability may be a key component of precision medicine for T2DM.




5 Conclusion

This study confirmed through meta-analysis that there is a significant positive correlation between HbA1c variability and cardiovascular complications as well as all-cause mortality in patients with T2DM. This result suggests that HbA1c variability should be regarded as an important and independent predictive risk factor for T2DM patients. In particular, CV, SD, and HGI can serve as significant indicators for predicting the risk of CVD occurrence and mortality, and thus deserve greater attention in clinical practice and risk stratification.
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Background

The growing field of metabolomics has opened new venues for identifying biomarkers of type 2 diabetes (T2D) and predicting its consequences, such as coronary heart disease (CHD). Despite their large size, Middle Eastern populations are underrepresented in omics research. In this study, we aim at investigating metabolomics profiles of T2D stratified by the CHD comorbidity for Middle Eastern population, such as Qatari population.





Methods

In this cross-sectional study, we used a total of 641 metabolites from a large cohort of 3,679 Qatari adults from the Qatar BioBank (QBB; 272 T2D and 2,438 non-T2D individuals) and Qatar Cardiovascular Biorepository (QCBio; all CHD patients; 488 T2D and 481 non-T2D individuals). Univariate and pathway enrichment analyses were performed to identify metabolites associated with T2D in the absence or presence of CHD. Machine learning (ML) models, and metabolite risk scores were developed to assess the predictive power of the different combinations of T2D and CHD.





Results

Many metabolites were significantly associated with T2D in both the QBB and QCBio cohorts. Among these, we observed 1,5-anhydroglucitol (1,5-AG) (P = 1.33 × 10−68 [-5.20, -4.16] in QBB vs 9.82 × 10−33 [-2.51, -1.80] in QCBio), glucose (P = 7.14 ×10−57 [4.09, 5.23] in QBB vs. 3.26 × 10−29 [1.41, 2.00] in QCBio), and mannose (P = 2.61 × 10−54 [2.68, 3.45] in QBB vs. 1.01 × 10−27 [1.45, 2.09] in QCBio). Other metabolites were significantly associated with T2D only in one cohort, e.g., gamma-glutamylglutamine (P = 1.79 × 10−20 and β = -2.61 in QBB vs. P = 5.12 × 10−1 and β = 0.10 in QCBio). The enriched pathways (FDR P< 0.05), common to both cohorts, included galactose metabolism and valine leucine, and isoleucine biosynthesis and degradation. Few pathways were significantly associated with T2D in only one cohort: fructose and mannose, and Pantothenate and CoA biosynthesis metabolisms were significant in the QCBio cohort, whereas Arginine biosynthesis, and Alanine, aspartate and glutamate metabolisms were significant in the QBB cohort. ML models performed well in predicting T2D with high accuracy (>80% in both QBB and QCBio). The metabolite risk score (MRS) developed in the QCBio and tested in the QBB while adjusting for hemoglobin A1C yielded an odds ratio (OR) of 21.18 for the top quintile vs. the remaining quintiles.





Conclusions

Metabolomic profiling has the potential for the early detection of metabolic alterations that precede clinical symptoms of T2D and CHD in the presence of T2D. Risk scores showed great performance in predicting T2D and CHD, but longitudinal data are required to provide evidence for disease risk. Early detection allows timely interventions and improved management strategies for both T2D and CHD patients.





Keywords: type 2 diabetes, coronary heart disease, metabolomics, Middle Eastern populations, supervised learning, predictive modeling, pathway enrichment analysis, metabolite risk score




1 Introduction

The number of people, who live with diabetes is quickly increasing globally, driven by many factors including ageing, urbanization, and the growing prevalence of obesity (1–3). Diabetes is estimated to affect more than 500 million people worldwide, with severe impacts on health and the economy (4). The prevalence of diabetes is continuously increasing worldwide, and it is expected that the number of patients with diabetes will approach 550 million by 2030 and 700 million by 2045 (5–7). However, the burden of Type 2 Diabetes (T2D) is not shared equally between different ethnic groups globally. Non-White ethnic populations are three-to-five times higher prevalence of T2D than people of White-European background (8). In the US several recent studies discussed disparities in the prevalence of diabetes (9–12). For example, Cheng et al. (10), showed that the Hispanic American adults having the highest prevalence with 22.1% followed by non-Hispanic Black with 20.4%, and non-Hispanic Asian American with 19.1% compared with the non-Hispanic White American adult population with 12.1%. South Asians ethnic populations develop T2D five-to-ten years earlier and possess higher risk of developing T2D compared to White European population (two-to six-fold) (13). Similarly, 9% of White European population are diagnosed with T2D under the age of 40 years compared with the Black African-Caribbean populations of 23% (14). The Middle East, North Africa, and especially the Gulf region show a high prevalence of diabetes, exceeding 17% in some countries, such as Qatar (4, 15). In addition, the incidence of young-onset diabetes is rapidly increasing in Gulf countries (all countries that have coasts in the Arabic Gulf, which includes Kuwait, Saudi Arabia, Bahrain, Qatar, Emirates, and Oman). These populations have high rates of metabolic syndrome at a young age, with a prevalence 10-15% higher than that in most developed countries (16). The etiology of type 2 diabetes (T2D) is complex and is associated with diverse complications (17–20). Individuals with T2D have greater cardiovascular morbidity and mortality, and the risk of cardiovascular disease (CVD) and CVD-related death is two to four times greater among T2D patients (21–23). A recent study showed that two-thirds of deaths in patients with T2D are caused by CVD (24). Furthermore, the risk of developing coronary heart disease (CHD) and heart failure (HF) in T2D patients increased two-to-four fold and two-to-eight fold, respectively (25–27). Prevention and early detection of T2D are crucial for improving treatment to avoid/delay major complications (28–31). T2D and CHD are partly caused by complex interactions between genetic and metabolic profiles (32–34). Metabolic alteration is the leading hallmark of diabetes, as it was assumed that T2D individuals’ metabolic pathways are affected and play an important role in their total metabolomic dysfunction (35, 36). For example, in one study Chen et al. (36), impaired glucose metabolic homeostasis led to hyperglycemia, which is a hallmark of diabetes mellitus. Numerous studies have investigated the associations between metabolites and T2D (30, 37, 38) and between metabolites and CHD (39–41). Stratification of metabolomics signatures of T2D patients with respect to CHD is important to shed light on the biological mechanisms of these two diseases. The relationship at the metabolomics level for T2D and CHD was studied previously (42), but to the best of our knowledge, this has rarely been examined for Middle Eastern populations. Hence, this is the first large-scale metabolomics study of T2D and CHD in a Qatari population, providing insights from an underrepresented region. The identification of differential metabolic profiles of T2D patients who have CHD vs. T2D patients who do not develop CHD may lead to therapeutic approaches to reduce the occurrence of CHD in T2D patients. In this study, we assessed the differences between the metabolomics profiles of T2D patients stratified by the absence or presence of CHD in a Middle Eastern (Qatari) dataset using univariate and multivariate analyses, pathways enrichment analysis, machine learning, and metabolite risk score analysis. Metabolomic data were generated by Metabolon for two cohorts collected by the Qatar BioBank [QBB, 2,710 samples, (43)] and Qatar Cardiovascular Biorepository (QCBio, 969 samples, (40, 44, 45).




2 Materials and methods



2.1 Study cohort

Our cross-sectional study included two cohorts: (1) the QBB cohort, which comprised 2,710 participants (272 T2D patients and 2,438 non-T2D controls), none with CHD based on the survey completed by participants, and (2) the QCBio cohort, which comprised 969 CHD patients (481 T2D patients and 488 non-T2D patients) (Supplementary Figure 1). CHD patients were identified from the Cardiac Catheterization Laboratory, Coronary Care Unit, and Heart Hospital Clinics at Hamad Medical Corporation (HMC), Doha, Qatar. Patients with a history of acute coronary syndrome or stable angina were included in the study (44). For patients with CHD and T2D, T2D occurs first. The study was approved by the Institutional Review Boards of HMC and QBB. Written informed consent was obtained from all patients before their participation. The cohorts’ characteristics are shown in Table 1. The diagnostic criteria used for identifying T2D and CHD were as follows: T2D status in QCBio cohort was defined as fasting blood glucose ≥ 126 mg/dL, random glucose ≥ 200 mg/dL, hemoglobin A1C ≥ 6.5%, or a prior diagnosis with oral hypoglycemic or insulin therapy. Within QBB cohort, patients with hemoglobin A1C ≥ 6.5% were considered to have T2D. The age at onset of both T2D and CHD was not available in our dataset, which prevented the analysis accounting for age at onset.


Table 1 | Cohorts characteristics.
	Cohort
Name
	Diabetes Status
	Gender
	Participants
N (%)
	Age, Mean
(SD) years
	P value
(Gender ∼ Age)
	BMI, Mean
(SD) kg.m−2
	P value
(Gender ∼ BMI)
	Hypertension



	QCBio
	T2D+
	Females
Males
All
	179 (37.21)
302 (62.79)
481 (100)
	59.07 (10.05)
58.96 (11.29)
59.01 (10.84)
	9.13E-01
	34.08 (6.38)
30.05 (5.11)
31.55 (5.93)
	1.63E-11
	148
243
391


	 
	T2D-
	Females
Males
	191 (39.14)
297 (60.86)
	44.57 (15.21)
47.64 (15.09)
	2.96E-02
	29.56 (5.04)
29.51 (4.86)
	9.12E-01
	41 (10 NA)
100 (12 NA)


	 
	 
	All
	488 (100)
	46.45 (15.20)
	 
	29.53 (4.93)
	 
	141 (22 NA)


	QBB
	T2D+
	Females
Males
All
	137 (50.37)
135 (49.63)
272 (100)
	53.59 (8.98)
48.81 (10.84)
51.22 (10.20)
	1.66E-04
	33.24 (6.24)
29.93 (5.52)
31.60 (6.12)
	2.05E-05
	NA


	 
	T2D-
	Females
Males
	1191 (48.85)
1247 (51.15)
	38.34 (11.88)
37.92 (10.65)
	3.51E-01
	28.82 (6.20)
28.40 (5.40)
	7.43E-02
	 


	 
	 
	All
	2438 (100)
	38.13 (11.57)
	 
	28.60 (5.81)
	 
	 





T2D status in the QCBio dataset was defined as fasting blood glucose ≥126 mg/dL, random glucose ≥ 200 mg/dL, hemoglobin A1C ≥ 6.5%, or a prior diagnosis with oral hypoglycemic or insulin therapy. Within controls, hemoglobin A1C ≥ 6.5% was used to define T2D patients. T2D+: T2D patient; T2D-: non-T2D patient. * is part of the metabolite name↑ increased, ↓decreased.



As indicated in Table 1, for QCBio cohort, the number of T2D patients was almost matched with non-T2D individuals and the females represent 38%, whereas the males represent 62%. For T2D patients, the age and BMI were statistically different between males vs females with P = 0.91 and P = 1.63 × 10−11, respectively. The number of hypertension individuals was 391 patients. For non-T2D individuals, the age and BMI were statistically different between males vs females with P = 0.03 and P = 0.91, respectively. The number of hypertension individuals was 141 patients. For QBB cohort, the number of T2D patients was 272, whereas the non-T2D individuals was 2,438. The gender distribution was equal between females and males. The age and BMI were statistically different between T2D for females vs males with P = 1.66 × 10−4 and P = 2.05 × 10−5, respectively, whereas P = 0.35 and P = 0.07, respectively for non-T2D individuals. None of the QBB cohort individuals has hypertension.




2.2 Metabolomics profiling and data quality control

Serum metabolites for the QCBio and QBB cohorts were jointly quantified by untargeted, ultrahigh-performance liquid chromatography-tandem mass spectrometry (UPLC-MS/MS) and curated by Metabolon Inc. We used the HD4 platform, which exactly mimics and is accredited by Metabolon Inc. More specifically, we used 96-well plates, with 40 samples per plate, each with 5 internal QCs, 3 blanks and 1 pooled sample prepared from the 144 samples, to check for any drift between plates (46, 47). The obtained data were normalized across batches to generate batch-normalized data and to correct for minor instrument technical variation that could occur from one batch to another. Each compound was corrected in instrument batch blocks by registering the medians of each batch to equal one and normalizing each data point proportionally. A total of 641 out of the 1,159 metabolites were analyzed from both cohorts in our study after standard quality control steps were performed by Ullah and his colleagues (40). Figure 1 shows the details of the selection process in both cohorts. Briefly, 296 metabolites and seven samples with > 20% missing data were discarded. Principal component analysis (PCA) was used to detect and remove 40 outliers from our dataset, with a criterion based on the first five principal component values falling outside the range of [µ ± 5 SD]. To mitigate the influence of extreme values in the metabolite data, metabolites were winsorized using 80% winsorization: values for a metabolite below the 10th percentile were set to the 10th percentile, and values above the 90th percentile were set to the 10th percentile. For more details, see Supplementary Material.

[image: Flowchart depicting data filtering for metabolomics: starting with 4,000 samples, cases, controls, and metabolites are sequentially filtered by unknown metabolites, missingness greater than 20 percent, outliers, and unknown T2D status, ultimately resulting in 3,679 samples, 969 cases, 2,710 controls, and 641 metabolites.]
Figure 1 | Study cohorts and quality control: workflow diagram indicates the selection process of individuals in both cohorts.




2.3 Statistical analysis

Statistical and machine learning analyses were performed with R software (version 4.1.2) and Python software (version 3.11.13) for both cohorts. The packages’ versions are detailed in Supplemental Material.



2.3.1 Univariate analysis

The first analysis was conducted to compare T2D vs non-T2D patients in the QCBio cohort, where 136 all individuals had CHD. The same analysis was performed in the QBB cohort as a replication stage for the QCBio results. The analysis was separately performed in each cohort using logistic regression, adjusting for age, sex, and body mass index (BMI) as covariates. The threshold chosen for the Bonferroni correction was< 7.8 × 10−5 (0.05/641). The effect size was used to identify the direction of the changes in the metabolite concentrations with respect to disease status. A metabolite has a positive effect size if its concentration was greater in T2D patients than in controls. Metabolites that were significantly associated with T2D in the QCBio cohort (CHD patients) but not in the QBB cohort were investigated to evaluate the interplay between T2D and CHD, and to explore the underlying biological mechanisms involved. The most significant metabolites were tested with several cardiometabolic traits: Glucose, HbA1C, and lipid traits (LDL, HDL, Triglycerides, and Total Cholesterol). This analysis was performed only in the QBB cohort because the tested traits were not available in the QCBio cohort. Alongside Bonferroni correction, we applied the Benjamini–Hochberg False Discovery Rate (FDR) procedure at a threshold of 0.05. This method calculates an adjusted value qifor each metabolite, representing the expected proportion of false positives among discoveries up to the ith ranked test. Unlike the conservative Bonferroni threshold (0.05/641 ∼ 7.8 × 10−5), which controls family-wise error, FDR is more flexible and allows greater power to detect true associations while still limiting false positives (48).





2.4 Machine learning-based predictive modeling

Machine learning (ML) models were used to predict the occurrence of T2D. Random Forest (RF), support vector machine (SVM), extreme gradient boosting (XGBoost), and linear discriminant analysis (LDA) methods were used. Details on the selection criteria for the ML models and the rationale behind the chosen settings can be found in the Supplementary Material. For both cohorts, the prediction was based on four settings (Figure 2):

[image: Flowchart illustrating a data modeling workflow, showing training and test datasets split into covariate and metabolite subsets, use of ElasticNet for feature selection, and creation of models using all, top, or only covariates and metabolites.]
Figure 2 | General overview of dataset splitting and different settings of models’ prediction.

	Covariates only: The model included only age, sex, and BMI.

	Metabolites only: The model included only the 641 metabolites.

	Metabolites + covariates: The model included both covariates and metabolites.

	Top metabolites + covariates: The model included the 20 most significant metabolites plus the covariates.



For all ML experiments, the samples were divided randomly into a training set (75%) and a testing set (25%). Ten-fold cross-validation was used in all ML models where all individuals in the training set were randomly splitted into ten equal-sized groups. Each group was treated separately as a test set, and the analysis was repeated ten times. The final predictive power was evaluated based on the average accuracy and the area under the curve (AUC) for all ten predictive models. For the potential implementation of these ML models in healthcare, selecting fewer metabolites in an ML model with good predictive power is more practical and cost efficient. Hence, a feature selection technique was applied to select the most important metabolites while preserving the performance of the ML model. ElasticNet (49), which is a combination of two regularization techniques, L2 regularization (used in ridge regression) and L1 regularization (used in LASSO), has been shown to outperform LASSO when the data are highly correlated. We followed the Zou and Hastie (49) procedure for feature selection using 10-fold cross-validation. The most important metabolites were used in the ML model, and the performance was assessed (top metabolites + covariates). In this process, we avoid overfitting by running ElasticNet method on the training dataset for all 641 metabolites and extracted the most important metabolites related to T2D. Then, the performance of this model was evaluated using these important metabolites in the testing dataset. Furthermore, to avoid bias due to imbalanced classes (e.g., the number of T2D patients was much smaller than that of non-T2D individuals), especially in the QBB cohort, we performed additional analyses by reducing the sample size of non-T2D individuals (100 random selections) and assessed the performance of the ML models using the average accuracy across 100 runs. In addition, we compared models trained with Synthetic Minority Over-sampling Technique (SMOTE) (50) to those trained without SMOTE (i.e., using the 100 random downsampling runs) on the QBB cohort. In general, SMOTE is a technique used to address severe class imbalance by generating synthetic minority samples. This allowed us to evaluate whether synthetic oversampling improved predictive performance or introduced potential overfitting due to the large class imbalance. The details of how we tackled the imbalanced dataset can be found in the Supplementary Material.




2.5 Metabolite correlation and pathway enrichment analysis

Pearson’s correlation (R) was utilized to measure the strength of correlation between the most significant metabolites. Pathway enrichment analysis was performed using MetaboAnalyst 6.0 (51) (https://www.metaboanalyst.ca/) to determine the biological pathways that are highly enriched in a metabolite list than would be anticipated in random setting. For compound matching purposes, we utilized the MetaboAnalyst 6.0 software to match the Human Metabolome Database IDs with the provided compounds. Three analyses were performed, selecting the significant metabolites after Bonferroni correction in 1) the QCBio dataset, 2) the QBB dataset, and 3) the metabolites that were associated with T2D in both cohorts. Metabolite pathways with False Discovery Rate (FDR) and P< 0.05 were selected.




2.6 Metabolite risk score analysis

We calculated the metabolite risk scores (MRSs) using the top 20 most important metabolites derived from ElasticNet algorithm. The ElasticNet approach will use the 641 metabolites and rank them based on their importance to predict T2D. MRS is calculated as an aggregated average of metabolite values and their pre-defined effect sizes. The effect sizes are estimated using ElasticNet in the training dataset, and evaluation of MRS performance is assessed in the testing dataset. AUC, OR per 1 SD increase, and OR for top decile/quintile vs the remaining deciles/quintiles are used as performance metrics. In addition, we developed two MRS scores. One in QCBio cohort and tested in the QBB cohort and the other one developed in QBB and evaluated in QCBio.





2.7 Code availability

The analysis was performed in R and Python, and the code is available upon request.





3 Results



3.1 Univariate analysis

In the QCBio cohort, 42 out of 641 metabolites were significantly different between T2D patients and non-T2D patients at P < 10−8
 (Table 2). These metabolites included 20 lipids, 10 amino acids, 8 carbohydrates, 2 peptides, and 2 xenobiotics. Twenty-seven metabolites (64.3%) were increased in T2D, and 15 metabolites (35.7%) were decreased. Thirty-six metabolites were replicated in the QBB cohort using the Bonferroni threshold (same effect size direction and P < 7.8 × 10−5
) (Table 2). When applying the FDR threshold of 0.05, 40 metabolites were replicated, leaving only glucuronate and N6-carboxymethyllysine as nonsignificant. This demonstrates that while the strict Bonferroni criterion identifies a robust subset of associations, the FDR procedure, by accounting for correlation structure among metabolites, recovers additional biologically consistent signals. Among the replicated metabolites in QBB, 1,5-anhydroglucitol (1,5-AG) (P = 1.33 × 10−68
 [-5.20, -4.16] in QBB), glucose (P = 7.14 × 10−57
 [4.09, 5.23] in QBB), mannose (P = 2.61 × 10−54
 [2.68, 3.45] in QBB), methylsuccinoylcarnitine (P = 1.2 × 10−45
 [1.22, 1.61] in QBB), and fructosyllysine (P = 1.38 × 10−35
 [1.80, 2.46] in QBB) were detected (Table 2). The 6 non-replicated metabolites were N6-carboxymethyllysine (P = 0.38 [-0.09, 0.33]), glucuronate (P = 0.16 and β = 0.17 [-0.06, 0.41]), 2-aminoheptanoate (P = 0.015 [0.06, 0.64]), phenylacetylglutamine (P = 7.2 × 10−3
 [0.04, 0.33]), prolylglycine (P = 1.72 × 10−3
 [0.11, 0.42]), and ribulonate/xylulonate/lyxonate* (P = 4.14 × 10−4
 [0.19, 0.69]) (Tables 2, 3).


Table 2 | The significant metabolite in the QCBio cohort with P< 10−8 and their corresponding results in the QBB cohort.
	Biochemical
	QCBio
	QBB
	QBB-Lipids


	β
	P
	FDR qi
	95% CI
	β
	P
	FDR qi
	95% CI
	β
	P



	Amino Acids
	methylsuccinoylcarnitine (↑)
	0.74
	1.09E-18
	3.12E-04
	[0.58 – 0.90]
	1.44
	1.20E-45
	4.68E-04
	[1.22 – 1.61]
	1.41
	3.53E-43


	fructosyllysine (↑)
	1.28
	1.29E-16
	4.68E-04
	[0.98 – 1.59]
	2.12
	1.38E-35
	6.24E-04
	[1.80 –.2.46]
	2.04
	7.03E-33


	1-carboxyethylphenylalanine (↑)
	0.48
	2.40E-14
	6.24E-04
	[0.36 – 0.60]
	0.76
	1.71E-19
	1.56E-03
	[0.59 – 0.91]
	0.72
	2.84E-17


	N,N,N-trimethyl-5-aminovalerate (↑)
	0.96
	1.09E-13.
	7.02E-04
	[0.71 – 1.22]
	1.24
	4.26E-15
	3.20E-03
	[0.89 – 1.50]
	1.22
	1.48E-14


	2-hydroxybutyrate/2-hydroxyisobutyrate(↑)
	0.71
	5.51E-13.
	8.58E-04
	[0.53 – 0.91]
	0.98
	1.20E-26
	7.80E-04
	[0.79 – 1.15]
	0.95
	5.40E-25


	3-methyl-2-oxovalerate (↑)
	1.17
	5.20E-11
	1.33E-03
	[0.79 – 1.47]
	1.85
	3.87E-19
	1.64E-03
	[1.27 – 1.99]
	1.78
	2.69E-17


	1-carboxyethylvaline (↑)
	0.45
	1.54E-10
	1.48E-03
	[0.32 – 0.59]
	0.79
	2.59E-18
	1.79E-03
	[0.62 – 0.96]
	0.76
	8.57E-17


	6 bromotryptophan (↓)
	-1.43
	5.39E-10
	1.87E-03
	[-1.90 – -0.99]
	-2.73
	4.76E-22
	1.09E-03
	[-3.25 – -2.15]
	-2.78
	2.49E-22


	3-methyl-2-oxobutyrate (↑)
	1.36
	3.84E-09
	2.34E-03
	[0.91 – 1.80]
	2.52
	1.27E-20
	1.33E-03
	[1.89 – 2.89]
	2.46
	3.26E-19


	4-methyl-2-oxopentanoate (↑)
	0.95
	2.15E-08
	2.81E-03
	[0.61 – 1.25]
	1.51
	2.50E-15
	2.89E-03
	[1.02 – 1.70]
	1.47
	3.71E-14


	Carbohydrates
	1,5-anhydroglucitol (1,5-AG) (↓)
	-2.15
	9.82E-33
	7.80E-05
	[-2.51 – -1.80]
	-4.64
	1.33E-68
	7.80E-05
	[-5.20 – -4.16]
	-4.68
	4.40E-67


	glucose (↑)
	1.7
	3.26E-29
	1.56E-04
	[1.41 – 2.00]
	4.68
	7.14E-57
	1.56E-04
	[4.09 – 5.23]
	4.64
	2.99E-55


	mannose (↑)
	1.76
	1.01E-27
	2.34E-04
	[1.45 – 2.09]
	3.05
	2.61E-54
	3.12E-04
	[2.68 – 3.45]
	2.97
	7.85E-52


	erythronate* (↑)
	1.07
	2.24E-11
	1.09E-03
	[0.77 – 1.40]
	1.7
	7.68E-14
	3.82E-03
	[1.28 – 2.17]
	1.68
	1.63E-13


	fructose (↑)
	0.81
	3.38E-11
	1.17E-03
	[0.57 – 1.05]
	3.15
	2.25E-55
	2.34E-04
	[2.77 – 3.56]
	3.13
	9.74E-54


	ribulonate/xylulonate/lyxonate* (↑)
	0.72
	6.62E-10
	1.95E-03
	[0.49 – 0.94]
	0.46
	4.14E-04
	1.61E-02
	[0.19 – 0.69]
	0.46
	4.41E-04


	glucuronate (↑)
	0.62
	2.57E-09
	2.18E-03
	[0.42 – 0.83]
	0.17
	1.63E-01
	3.17E-02
	[-0.06 – 0.41]
	0.18
	1.39E-01


	N6-carboxymethyllysine (↑)
	0.37
	2.24E-08
	2.89E-03
	[0.25 – 0.51]
	0.1
	3.80E-01
	3.87E-02
	[-0.09 – 0.33]
	0.07
	4.77E-01


	Lipids
	sphingomyelin (d18:2/24:2)* (↓)
	-1.74
	1.12E-13
	7.80E-04
	[-2.04 – -1.18]
	-2.59
	1.88E-21
	1.17E-03
	[-2.93 – -1.92]
	-2.48
	9.00E-20


	sphingomyelin (d18:1/20:1, d18:2/20:0)* (↓)
	-2.11
	1.56E-11
	9.36E-04
	[-2.56 – -1.40]
	-2.57
	3.17E-15
	3.12E-03
	[-3.10 – -1.88]
	-2.42
	8.91E-14


	3-hydroxyoctanoate (↑)
	0.51
	2.23E-11
	1.01E-03
	[0.37 – 0.67]
	0.5
	1.43E-09
	6.86E-03
	[0.34 – 0.66]
	0.48
	6.38E-09


	1-(1-enyl-palmitoyl)-GPC (P-16:0)* (↓)
	-1.26
	3.57E-11
	1.25E-03
	[-1.62 – -0.89]
	-1.94
	6.30E-15
	3.28E-03
	[-2.45 – -1.48]
	-1.79
	8.23E-13


	sphingomyelin (d18:2/24:1, d18:1/24:2)* (↓)
	-1.73
	8.17E-11
	1.40E-03
	[-2.17 – -1.17]
	-2.9
	1.29E-19
	1.48E-03
	[-3.43 – -2.22]
	-2.78
	2.97E-18


	sphingomyelin (d18:2/14:0, d18:1/14:1)* (↓)
	-1.35
	3.73E-10
	1.64E-03
	[-1.60 – -0.82]
	-1.84
	7.89E-15
	3.35E-03
	[-2.04 – -1.21]
	-1.79
	2.88E-14


	lactosyl-N-palmitoyl-sphingosine (d18:1/16:0) (↓)
	-1.58
	3.74E-10
	1.72E-03
	[-2.08 – -1.10]
	-1.7
	5.78E-10
	6.55E-03
	[-2.27 – -1.19]
	-1.67
	1.43E-09


	sphingomyelin (d18:1/22:2, d18:2/22:1, d16:1/24:2)* (↓)
	-1.54
	5.35E-10
	1.79E-03
	[-1.90 – -0.98]
	-2.29
	1.68E-16
	2.34E-03
	[-2.65 – -1.64]
	-2.2
	1.93E-15


	deoxycholic acid 12-sulfate* (↑)
	0.27
	1.49E-09
	2.03E-03
	[0.18 – 0.36]
	0.29
	5.25E-16
	2.57E-03
	[0.22 – 0.36]
	0.28
	9.63E-15


	3-hydroxydecanoate (↑)
	0.39
	2.53E-09
	2.11E-03
	[0.26 – 0.52]
	0.66
	2.90E-12
	4.84E-03
	[0.47 – 0.83]
	0.64
	1.44E-11


	1-(1-enyl-palmitoyl)-2-palmitoleoyl-GPC (P-16:0/16:1)* (↓)
	-0.99
	3.02E-09
	2.26E-03
	[-1.32 – -0.67]
	-1.47
	8.21E-16
	2.65E-03
	[-1.84 – -1.13]
	-1.43
	1.54E-14


	1-stearoyl-2-arachidonoyl-GPE (18:0/20:4) (↑)
	0.66
	4.93E-09
	2.42E-03
	[0.43 – 0.87]
	1.02
	8.36E-17
	2.26E-03
	[0.72 – 1.19]
	0.92
	1.18E-12


	sphingomyelin (d18:2/23:1)* (↓)
	-1.22
	5.44E-09
	2.50E-03
	[-1.56 – -0.78]
	-1.69
	3.17E-13
	4.13E-03
	[-2.03 – -1.18]
	-1.65
	6.99E-13


	1-palmitoyl-2-arachidonoyl-GPE (16:0/20:4)* (↑)
	0.52
	5.49E-09
	2.57E-03
	[0.33 – 0.68]
	0.96
	1.31E-23
	9.36E-04
	[0.72 – 1.09]
	0.89
	1.10E-18


	sphingomyelin (d18:2/18:1)* (↓)
	-1.42
	5.94E-09
	2.65E-03
	[-1.80 – -0.89]
	-1.82
	1.23E-12
	4.52E-03
	[-2.25 – -1.29]
	-1.75
	6.22E-12


	2-aminoheptanoate (↑)
	0.73
	1.30E-08
	2.73E-03
	[0.48 – 0.98]
	0.35
	1.53E-02
	2.29E-02
	[0.06 – 0.64]
	0.36
	1.48E-02


	sphingomyelin (d18:1/20:2, d18:2/20:1, d16:1/22:2)* (↓)
	-0.91
	2.72E-08
	2.96E-03
	[-1.17 – -0.56]
	-1.38
	1.47E-15
	2.81E-03
	[-1.62 – -0.98]
	-1.36
	7.68E-15


	1-(1-enyl-palmitoyl)-2-linoleoyl-GPC (P-16:0/18:2)* (↓)
	-1.23
	3.95E-08
	3.04E-03
	[-1.67 – -0.80]
	-1.38
	1.44E-09
	6.94E-03
	[-1.85 – -0.95]
	-1.24
	5.77E-08


	1-palmitoyl-2-docosahexaenoyl-GPE (16:0/22:6)* (↑)
	0.39
	5.95E-08
	3.20E-03
	[0.24 – 0.52]
	0.51
	8.32E-12
	5.07E-03
	[0.34 – 0.62]
	0.45
	6.13E-09


	1-(1-enyl-palmitoyl)-2-oleoyl-GPC (P-16:0/18:1)* (↓)
	-1.15
	5.99E-08
	3.28E-03
	[-1.57 – -0.75]
	-1.69
	1.19E-13
	4.06E-03
	[-2.16 – -1.27]
	-1.56
	1.73E-11


	Peptides
	phenylacetylglutamine (↑)
	0.36
	2.74E-10
	1.56E-03
	[0.26 – 0.48]
	0.2
	7.20E-03
	2.10E-02
	[0.04 – 0.33]
	0.21
	4.80E-03


	prolylglycine (↑)
	0.39
	4.52E-08
	3.12E-03
	[0.26 – 0.54]
	0.25
	1.72E-03
	1.84E-02
	[0.11 – 0.42]
	0.23
	4.05E-03


	Xenobiotics
	mannonate* (↑)
	0.99
	3.06E-17
	3.90E-04
	[0.77 – 1.23]
	2.34
	2.11E-47
	3.90E-04
	[2.04 – 2.67]
	2.29
	6.88E-45


	gluconate (↑)
	0.92
	2.02E-15
	5.46E-04
	[0.69 – 1.14]
	1.9
	2.07E-41
	5.46E-04
	[1.58 – 2.13]
	1.88
	4.03E-40





The β and P values come from the regression models (effect sizes and P-values); QBB-Lipids is the analysis that includes LDL, HDL, Total cholesterol, and Triglycerides as covariates. Underlined metabolites are not associated with Bonferroni significance threshold. * is part of the metabolite name.




Table 3 | The list of metabolites that were exclusively significant with T2D in only one cohort. .
	Biochemical
	QCBio
	
	QBB
	HbA1C
	Glucose
	
	LDL
	
	HDL
	Triglyceride
	Total cholesterol


	β
	P
	β
	P
	β
	P
	β
	P
	β
	P
	β
	P
	β
	P
	β
	P



	Significant in QBB but not in QCBio


	gamma-glutamylglutamine
	0.10
	5.12E-01
	-2.61
	1.79E-20
	-0.43
	4.07E-02
	-0.22
	4.03E-19
	-0.16
	4.19E-02
	0.04
	1.35E-01
	-0.48
	1.87E-18
	-0.33
	1.01E-07


	gamma-glutamylthreonine
	-0.16
	4.02E-01
	-2.66
	1.47E-17
	-0.29
	1.73E-01
	-0.13
	2.30E-07
	-0.16
	4.97E-03
	-0.04
	1.20E-01
	-0.15
	8.97E-03
	-0.26
	5.70E-05


	glutamine
	0.30
	2.68E-01
	-4.87
	1.43E-18
	-1.15
	7.03E-03
	-0.32
	4.30E-10
	-0.06
	6.02E-01
	-0.11
	2.68E-02
	-0.52
	2.57E-06
	-0.39
	1.79E-03


	pseudouridine
	0.26
	1.37E-01
	-3.27
	3.81E-18
	-0.25
	3.82E-01
	-0.23
	5.60E-11
	-0.02
	8.07E-01
	-0.08
	2.71E-02
	0.29
	1.34E-04
	0.029
	7.55E-01


	3-(3-amino-3-carboxypropyl)uridine*
	0.17
	1.22E-01
	-1.96
	2.18E-17
	-0.30
	1.04E-01
	-0.12
	2.30E-07
	0.03
	5.78E-01
	-0.14
	2.70E-11
	0.28
	5.63E-09
	0.005
	9.23E-01


	N,N,N-trimethyl-alanylproline betaine (TMAP)
	0.26
	6.88E-02
	-2.49
	3.09E-15
	0.29
	1.12E-01
	-0.024
	2.80E-01
	0.24
	2.47E-06
	-0.29
	9.92E-42
	0.28
	3.43E-09
	0.07
	1.92E-01


	3-methoxytyrosine
	-0.37
	3.17E-02
	-3.38
	4.19E-25
	-0.49
	1.93E-02
	-0.17
	6.60.E-12
	-0.12
	4.32E-02
	0.04
	1.31E-01
	-0.33
	1.56E-09
	-0.21
	7.55E-04


	gamma-glutamylcitrulline*
	-0.28
	1.53E-02
	-1.98
	4.18E-22
	-0.34
	2.24E-02
	-0.11
	4.20E-10
	-0.008
	8.46E-01
	0.10
	6.98E-09
	-0.25
	1.77E-10
	-0.015
	7.30E-01


	choline phosphate
	0.61
	1.41E-02
	2.99
	6.55E-17
	1.76
	1.67E-08
	0.43
	1.40E-30
	0.45
	1.87E-07
	0.05
	1.82E-01
	0.61
	6.88E-14
	0.78
	7.76E-17


	pyruvate
	0.43
	1.43E-03
	2.87
	4.92E-28
	1.32
	2.26E-08
	0.61
	1.40E-107
	0.11
	1.05E-01
	-0.25
	1.19E-19
	1.04
	8.72E-66
	0.30
	2.31E-05


	methyl glucopyranoside (alpha + beta)
	-0.12
	1.04E-03
	-0.74
	2.62E-15
	-0.02
	6.97E-01
	-0.022
	2.50E-09
	-0.009
	2.33E-01
	0.003
	3.99E-01
	0.001
	8.56E-01
	-0.008
	3.49E-01


	1-palmitoyl-GPE (16:0)
	0.48
	8.12E-05
	1.01
	1.00E-15
	0.51
	1.92E-05
	0.16
	5.20E-28
	0.19
	9.53E-09
	0.004
	7.90E-01
	0.79
	6.22E-156
	0.53
	6.10E-51


	Significant in QCBio but not in QBB


	N6-carboxymethyllysine
	0.37
	2.24E-08
	0.10
	3.80E-01
	0.32
	7.17E-04
	0.023
	4.60E-02
	0.04
	9.22E-02
	-0.02
	3.56E-02
	0.06
	2.53E-02
	0.04
	1.47E-01


	glucuronate
	0.62
	2.57E-09
	0.17
	1.63E-01
	0.33
	4.10E-03
	0.16
	1.80E-32
	-0.02
	5.89E-01
	-0.03
	3.88E-02
	0.22
	2.75E-13
	0.05
	1.33E-01


	2-aminoheptanoate
	0.73
	1.30E-08
	0.35
	1.53E-02
	0.10
	4.46E-01
	0.087
	8.80E-08
	-0.22
	3.79E-09
	-0.05
	1.29E-03
	0.005
	8.93E-01
	-0.26
	1.31E-10


	phenylacetylglutamine
	0.36
	2.74E-10
	0.20
	7.20E-03
	0.25
	1.06E-03
	0.041
	1.30E-05
	-0.04
	7.53E-02
	0.03
	1.95E-03
	-0.02
	3.02E-01
	-0.02
	5.00E-01


	prolylglycine
	0.39
	4.52E-08
	0.25
	1.72E-03
	0.09
	2.24E-01
	0.061
	1.60E-10
	-0.06
	5.25E-03
	-0.07
	6.37E-15
	0.25
	1.22E-34
	-0.03
	2.67E-01


	ribulonate/xylulonate/lyxonate*
	0.72
	6.62E-10
	0.46
	4.14E-04
	0.19
	1.06E-01
	0.18
	2.20E-34
	-0.12
	5.99E-04
	0.001
	9.31E-01
	0.09
	3.25E-03
	-0.08
	3.90E-02





The columns of HbA1C, Glucose, LDL, HDL, Triglycerides, and Total Cholesterol show the results of association between the listed metabolites and these cardiometabolic traits in the QBB cohort only. Underlined metabolites are not associated with Bonferroni significance threshold.



Additionally, to assess the robustness of the observed metabolites with respect to lipid profiles, we performed a univariate analysis in the QBB cohort and adjusted for LDL, HDL, Triglycerides, and Total cholesterol. The results remained largely unchanged (Table 2). The significance of the top 42 metabolites in the QBB cohort ranged between 1.33 × 10−68
 and 6.3 × 10−15
 (Supplementary Table 1). The 5 most significant metabolites were 1,5-anhydroglucitol (1,5-AG), glucose, fructose, mannose, andmannonate* (Supplementary Table 1). These 5 metabolites were all significant in the QCBio cohort, all having P < 3.38 × 10−11
 and the same effect size direction (Supplementary Table 1). Twelve out of 42 metabolites did not pass the Bonferronithreshold (P < 7.8 × 10−5
), and 6 were not nominally significant in the QCBio data (P < 0.05): N,N,N-trimethyl-alanylproline betaine (TMAP), 3-(3-amino-3-carboxypropyl)uridine*, pseudouridine, glutamine, gamma-glutamylthreonine, and gamma-glutamylglutamine (Table 3). All 6 metabolites showed opposite effect sizes in QBB vs QCBio (negative in the QBB cohort and positive in the QCBio cohort; Table 3), except for gamma-glutamylthreonine (negative effect size in both datasets).




3.2 Association between top metabolites and cardiometabolic traits

We tested the association between the most significant metabolites obtained in the QCBio cohort with several cardiometabolic traits: Glucose, HbA1C, LDL, HDL, Triglycerides, and total cholesterol (Table 3 and Online Supplementary Table 1). Glucose was associated with 40 of the 42 metabolites after Bonferroni correction (Online Supplementary Table 1). The highest evidence of association was expectedly observed for carbohydrates (e.g., fructose and mannose both with P< 10−300, Online Supplementary Table 1). HbA1C was associated with 20 of the 42 metabolites, with all amino acid metabolites being significant except 6-bromotryptophan, which was nominally significant (P = 6.28 × 10−4; Online Supplementary Table 1). Only 4 out of 20 lipid metabolites were associated with HbA1C using Bonferroni significance. On the other hand, for LDL and total cholesterol, 23 and 22 metabolites were significant, respectively (Online Supplementary Table 1). All carbohydrates did not show significant associations for both traits (Online Supplementary Table 1). Only two lipid metabolites were not significantly associated with LDL and total cholesterol (deoxycholic acid 12-sulfate* and 3-hydroxydecanoate; Online Supplementary Table 1). LDL and total cholesterol were not associated with the 4 peptide and xenobiotics metabolites (Online Supplementary Table 1). Triglyceride levels were associated with 33 of the 42 metabolites across the 4 classes of metabolites (Online Supplementary Table 1). Interestingly for N6-carboxymethyllysine, which was associated with T2D only in the cohort with CHD patients, no significant association was observed with any of the considered cardiometabolic traits (Online Supplementary Table 1).




3.3 Metabolite correlation and pathway enrichment analysis

Pearson’s correlation was calculated between the top 42 metabolites separately in QCBio and QBB cohorts (Figure 3). In both datasets, two main groups of metabolites with positive correlations were observed. These groups contained the same set of metabolites in both datasets (Figure 3). The largest group of correlated metabolites contained the 8 sphingomyelin metabolites (Figure 3). Mannose, glucose, and fructose were negatively correlated with 1,5-anhydroglucitol (1,5-AG) (Figure 3). This is concordant with the opposite direction effect sizes with T2D (e.g., increase of glucose was associated with an increased risk of T2D whereas increase of 1,5-anhydroglucitol (1,5-AG) was associated with a decreased risk of T2D) (Online Supplementary Table 1). Mannose, glucose, fructose, methylsuccinoylcarnitine, gluconate, mannonate*, and eryhtronate* expectedly formed a group of positively correlated metabolites.

[image: Heatmaps compare metabolite correlation matrices in two cohorts, labeled as (A) QCBio and (B) QBB. Each matrix displays hierarchical clustering dendrograms and colored squares representing correlation strengths; darker red indicates higher correlation, blue indicates negative correlation. Metabolite names are listed along both axes.]
Figure 3 | A heat map representation of Pearson’s correlation matrix of top-42 metabolites in (A) QCBio and (B) QBB cohorts. Correlations among metabolites were obtained by deriving a Pearson’s correlation coefficient between each pair of metabolites. The color scheme corresponds to correlation direction (red: positive and blue: negative).

Five pathways were obtained in the QCBio dataset Table 4). The most significant pathway was Valine, leucine and isoleucine biosynthesis (FDR P = 1.69 × 10−4). Galactose metabolism, Valine, leucine and isoleucine degradation, Fructose and mannose metabolism, and Pantothenate and CoA biosynthesis were also significant with FDR P< 0.05. The results from the QCBio and QBB common metabolites yielded 3 significant pathways, which were also present in the QCBio analysis (Valine, leucine and isoleucine degradation and biosynthesis, and galactose metabolism; Table 4). In the QBB dataset, only Valine, leucine and isoleucine biosynthesis was common with previous analysis (Table 4). Arginine biosynthesis, Alanine, aspartate and glutamate metabolism, Glyoxylate and dicarboxylate metabolism, and Glycerophospholipid metabolism were the remaining significant pathways (FDR P< 0.05; Table 4).


Table 4 | Pathway enrichment analysis using MetaboAnalyst 6.0.
	Metabolite Set
	Total
	Hits
	FDR P



	QCBio


	Valine, leucine and isoleucine biosynthesis
	8
	4
	1.69E-04


	Galactose metabolism
	27
	4
	0.0178


	Valine, leucine and isoleucine degradation
	39
	4
	0.0395


	Fructose and mannose metabolism
	20
	3
	0.0395


	Pantothenate and CoA biosynthesis
	20
	3
	0.0395


	QBB


	Valine, leucine and isoleucine biosynthesis
	8
	5
	3.91E-05


	Arginine biosynthesis
	14
	6
	3.91E-05


	Alanine, aspartate and glutamate metabolism
	28
	6
	0.00242


	Glyoxylate and dicarboxylate metabolism
	31
	5
	0.0296


	Glycerophospholipid metabolism
	36
	5
	0.0472


	QCBio + QBB


	Valine, leucine and isoleucine biosynthesis
	8
	4
	2.36E-05


	Valine, leucine and isoleucine degradation
	39
	4
	0.0118


	Galactose metabolism
	27
	3
	0.0411





Total: the number of metabolites in the set; Hits: the number of metabolites intersecting with our top metabolites and the metabolite set; FDR P: the FDR corrected P value; QCBio + QBB signifies the analysis that included metabolites observed in both cohorts; Colors shows the common results between analyses.






3.4 Sensitivity analysis and robustness

Although age was added as a covariate to mitigate the age difference between T2D patients and controls in the QBB cohort, we ran further analysis by selecting an age matched non-T2D set from the QBB cohort. Forty-one of the top 42 metabolites identified in the full data analysis remained significant (Supplementary Table 1). Additionally, to further address the large sample size difference between the T2D and non-T2D groups in the QBB cohort, we randomly selected 272 non-T2D individuals from the QBB cohort and ran the analysis (with covariates) 100 times. We found that 41 metabolites were always significantly different according to the Bonferroni threshold across the 100 runs (Supplementary Table 1).

Furthermore, we performed another analysis on the QBB cohort that considered AGEs. Since AGEs play an important role in the pathogenesis of chronic complications of diabetes and are closely related to blood lipids, we performed univariate analysis between AGEs and LDL, HDL, and total cholesterol in the QBB cohort. Our results did not show significant differences between AGEs and lipids (Supplementary Table 2).




3.5 Machine learning-based predictive modeling



3.5.1 Binary classification of T2D

In the QCBio cohort, SVM showed the highest performance based on the AUC for all ML models except for the top metabolites + covariates model, where it was outperformed by LDA (AUC = 0.904 for LDA vs 0.878 for SVM; Figure 4A). The RF and SVM performances were similar, which made them the preferred predictive ML models. For SVM, the metabolites only, metabolites + covariates, and top metabolites + covariates models yielded similar AUCs (0.885, 0.886, and 0.878, respectively; Figure 4A). In the QBB cohort, similar trends were observed in both analyses (balanced and imbalanced data): adding covariates did not significantly improve the performance, choosing the top 20 metabolites showed comparable performance to the full model with a slight decrease in performance, and RF and SVM showed the highest performances (AUCs > 0.93; Figure 4B).

[image: Bar chart comparing four machine learning algorithms (RF, SVM, XGBoost, LDA) using four input types (covariates only, metabolites only, metabolites plus covariates, top metabolites plus covariates) for two datasets: (A) QCBio and (B) QBB, with AUC values labeled on each bar.]
Figure 4 | AUC of various ML models to predict T2D for 4 different settings. The ML models, RF, SVM, XGboost, and LDA are presented on the X-axis. Y-axis is the AUC. The numbers on top of each bar are the actual AUC values (in %). The bars from left to right of each model, colored as ice blue represent the Covariates only setting; light blue represent Metabolites only setting; cyan represent Metabolites and covariates setting; and dark blue represent Top 20 metabolites + covariates setting. (A) The AUC was computed in the QCBio cohort; and (B) The AUC was computed in the QBB cohort.

The performance of XGBoost and LDA was much lower than that of SVM and RF for most models, and the AUC difference with the best model exceeded 0.2 (i.e., LDA vs SVM in the QCBio cohort for the Metabolites + covariates model; Figure 4A). In terms of accuracy, SVM and RF for the metabolites + covariates and top metabolites + covariates models showed accuracies greater than 80% in the QCBio cohort and greater than 87% in the QBB cohort (Supplementary Figure 2).

In the QBB cohort, we contrasted our baseline no-SMOTE approach with models trained with SMOTE (Supplementary Material Figure 3). Across all four feature sets, SMOTE did not produce a systematic improvement in AUC. Without SMOTE, the leading algorithms were LDA (covariates only), SVM (metabolites only), SVM (metabolites + covariates), and RF (top metabolites + covariates). With SMOTE, the best methods shifted slightly to LDA, RF, RF, and SVM, respectively, but their AUCs were very close to those of the corresponding no-SMOTE leaders. These results indicate that our undersampling-with replication strategy provides equal or better predictive accuracy than SMOTE while limiting the risk of overfitting.

Among the top 20 metabolites selected by the ElasticNet algorithm for both QCBio and QBB, five metabolites were common in both cohorts: 1,5-anhydroglucitol (1,5-AG), mannose, glucose, acisoga, and N,N,N-trimethyl-5-aminovalerate (Figure 5). Eight and nine metabolites had negative effect sizes in QCBio and QBB, respectively (Figure 5). The effect sizes were relatively larger in the QBB cohort (e.g., the effect size of 1,5-anhydroglucitol (1,5-AG) was -0.92 in QCBio vs -1.76 in QBB; 0.32 for glucose in QCBio and 1.63 in QBB). The use of ElasticNet to select the 20 most important metabolites did not decrease the accuracy of the ML models in predicting T2D in either cohort. We compared all ML algorithms quantitatively using the DeLong test to compare AUCs. For both cohorts, the AUCs of XGBoost were significantly different from those of other ML algorithms, whereas the AUCs of RF, SVM, and LDA were not significantly different (Supplementary Table 3).

[image: Bar chart visualization showing metabolite coefficients for two datasets labeled (A) QCBio and (B) QBB. Each panel lists metabolites on the y-axis and their corresponding coefficients on the x-axis with blue and white bars. Numbers in parentheses indicate sample counts or references per metabolite.]
Figure 5 | The effect size of the 20 most important metabolites for each cohort. The effect size is presented in the X-axis. Metabolite names are presented in the Y-axis. The dark blue bars represent a positive effect, while the light blue ones represent a negative effect. The numbers in the right Y-axis represent the rank of the metabolite in the other cohort. (A) Metabolite effect size on QCBio cohort; and (B) Metabolite effect size on QBB cohort.





3.6 Metabolite risk score to predict T2D

In each cohort, one model was developed in the training dataset and evaluated in the testing dataset. Both models performed well in discriminating T2D patients. The odds ratios (ORs) were 2.153 (P = 1.2 × 10−15
) and 2.32 (P = 2.91 × 10−20
) for QCBio and QBB, respectively (Figures 6A, B). The AUC was greater in QBB (0.958 for QBB vs 0.872 for QCBio; Figures 6A, B). We also developed an MRS in one cohort and evaluated its performance in the other cohort. The MRSdeveloped in QCBio and tested in QBB (MRSqcbio
) performed much better than the MRS developed in QBB and tested in QCBio (MRSqbb
) (Figures 6C, D). The OR for MRSqcbio
 was 10.52 (AUC = 0.934, P = 2.27 × 10−85
; Figure fFig: MRS C). The OR for MRSqbb
 was 6.285 (AUC = 0.863, P = 1.1 × 10−53
; Figure 6D). To evaluate the robustness of the MRSqcbio
 results with respect to the lower number of T2D+ |CHD- individuals (N = 272) compared to that of T2D- |CHD- individuals (N = 2,438), we selected 272 individuals from the T2D- |CHD- group and tested MRSqcbio
. The performance improved, and the OR was 19.334 [11.921 - 31.357] (Supplementary Figure 4). The OR of the top quintile vs remaining quintiles of MRSqbb
 tested in the QCBio data was 24.77 (P = 4.58 × 10−54
) (Supplementary Table 4). Adjusting the model for HbA1C decreased the OR to 21.18 (Supplementary Table 4). Removing the 3 metabolites with the highest coefficients (i.e., 1,5-anhydroglucitol (1,5-AG), mannose, and glucose) led to ORs of 5.96 and 9.26 when accounting for HbA1C vs not accounting for HbA1C, respectively (Supplementary Table 4). After splitting by deciles, the ORs were expectedly greater than those after splitting by quintiles (OR = 31.87 for the decile model vs 24.77 for the quintile model) (Supplementary Table 4). The list of metabolites that were used for MRSqcbio
 and MRSqbb
 and their effect sizes are shown in Table 5. Furthermore, we ran an extra analysis to test the association between risk scores and HbA1C in non-diabetic individuals. The aim of this analysis was to determine whether these risk scores could be valuable for predicting the latent variable that is commonly used to define T2D. Hence, we used the QBB dataset after removing T2D patients (2,438 individuals). Then, we ran regression analysis between MRS and HbA1C in non-T2D patients including covariates (sex, age, and BMI). The analysis revealed a significant association (P = 3.09 × 10−7
) and a positive correlation between HbA1C and risk scores (data 345 not shown).

[image: Four-panel figure showing density plots comparing two groups in each panel: CHD+ | T2D− shaded in light blue and CHD+ | T2D+ in white. Each panel displays odds ratios, AUC, and P values. Panel A compares QC Bio data; Panel B compares QBB data; Panel C shows QC Bio model on QBB data with covariates; Panel D shows QBB model on QC Bio data with covariates. Each panel includes a legend referencing group sizes and key statistical results.]
Figure 6 | Distribution of the metabolite risk scores (MRS) for each of the reported classes. In top-right we report the OR value, AUC (0–1 scale), and the P value. For (C, D) the model is trained in one of the cohorts and tested in the other. Covariates (Gender, BMI, Age) are included in the model. (A) The MRS was computed in the QCBio dataset and tested in the QCBio dataset. Light blue represents the patients with both diseases (CHD+T2D+) and dark blue represents the CHD patients (CHD+T2D-); and (B) The MRS was computed in the QBB dataset and tested in the QBB dataset. Light blue represents the T2D patients (CHD-T2D+) and dark blue represents the healthy individuals (CHD-T2D-). (C) The MRS was computed in the QCBio dataset and tested in the QBB dataset. Light blue represents the T2D patients (CHD-T2D+) and dark blue represents the healthy individuals (CHD-T2D-); and (D) The MRS was computed in the QBB dataset and tested in the QCBio dataset. Light blue represents the patients with both diseases (CHD+T2D+) and dark blue represents the CHD patients (CHD+T2D-).


Table 5 | The list of top 20 metabolites in the metabolite risk score developed in QCBio and QBB.
	MRSqcbio
	MRSqbb


	Metabolite name
	Effect size
	Metabolite name
	Effect size



	1,5-anhydroglucitol (1,5-AG)
	-0.920
	1,5-anhydroglucitol (1,5-AG)
	-1.758


	lactosyl-N-palmitoyl-sphingosine(d18:1/16:0)
	-0.332
	3-methoxytyrosine
	-0.967


	N6,N6,N6-trimethyllysine
	-0.156
	6-bromotryptophan
	-0.373


	1-stearoyl-GPC (18:0)
	-0.155
	N6-acetyllysine
	-0.348


	sphingomyelin (d18:2/18:1)*
	-0.120
	3-aminoisobutyrate
	-0.265


	1-(1-enyl-oleoyl)-GPE (P-18:1)*
	-0.064
	1-(1-enyl-palmitoyl)-2-palmitoleoyl-GPC (P-16:0/16:1)*
	-0.249


	androstenediol (3alpha, 17alpha) monosulfate (2)
	-0.038
	N-acetylserine
	-0.191


	taurine
	-0.032
	1-stearoyl-2-linoleoyl-GPI (18:0/18:2)
	-0.178


	isoursodeoxycholate
	0.027
	gamma-glutamylcitrulline*
	-0.177


	indoleacetylglutamine
	0.028
	1-palmitoyl-2-arachidonoyl-GPE (16:0/20:4)*
	0.254


	N6-carboxymethyllysine
	0.045
	3-hydroxydecanoate
	0.255


	phenylacetylglutamine
	0.046
	N-acetylputrescine
	0.257


	1-carboxyethylphenylalanine
	0.053
	acisoga
	0.264


	hexadecanedioate (C16-DC)
	0.056
	mannose
	0.284


	N,N,N-trimethyl-5-aminovalerate
	0.080
	N,N,N-trimethyl-5-aminovalerate
	0.412


	acisoga
	0.127
	fructosyllysine
	0.412


	2-aminoheptanoate
	0.167
	mannonate*
	0.435


	3-hydroxyoctanoate
	0.182
	fructose
	0.632


	glucose
	0.324
	phosphate
	0.964


	mannose
	0.345
	glucose
	1.628





* is part of the metabolite name.







4 Discussion

We studied the metabolomic signatures of T2D patients stratified by the presence or absence of CHD in a Middle Eastern cohorts from the Qatar BioBank and Qatar Cardiovascular Biorepository. Univariate analysis was performed to identify metabolites that were differentially expressed between T2D patients who had CHD and T2D patients without CHD. In addition, matching and resampling methods were used to tackle the cohorts class imbalance problem. Pathway enrichment analysis was utilized to observe the significant metabolic alterations on a pathway level related to T2D, in the presence and absence of CHD. ML modeling was used to predict T2D in the presence and absence of CHD. Metabolite risk scores were developed and showed great discriminative power for T2D, especially in the CHD cohort. This study is important for dissecting the metabolomics signatures of two metabolic diseases that are biologically interlinked. This study sheds light on metabolites that behave differently between T2D patients and non T2D patients with respect to CHD status. Delaying or preventing CHD in T2D patients can have a major clinical impact.

In our study, we compared several ML models that included all metabolites and covariates, and we also developed a model that only included the top metabolites. The aim of this model was to assess the performance of using a smaller set of metabolites as a practical and cost-effective choice in clinical practice. Our results provide strong evidence that many metabolites are altered in T2D patients with CHD. Therefore, this small panel of metabolites can be used as a diagnostic/predictive tool after further clinical validation. The discovered metabolites could be further investigated for therapeutic interventions to reduce the incidence of CHD in T2D patients.

Our study identified several previously reported metabolites that are associated with T2D. These metabolites were replicated in both the QCBio and QBB cohorts. 1,5-anhydroglucitol (1,5-AG) was the most significant metabolite in both cohorts. This metabolite has been identified as a marker for glycemic control (38, 52, 53). The metabolite was decreased in T2D patients, but the decrease in the cohort without CHD was two-fold lower than that in the cohort with CHD. Other known carbohydrates, including glucose, mannose, and fructose, were associated with T2D in both cohorts.

We investigated metabolites that were associated with T2D in QCBio (CHD cohort) but not in QBB. Since the size of the QCBio dataset is much smaller (one-third) than the QBB dataset (Supplementary Figure 1), the identification of such metabolites is unlikely because of the lower statistical power of QCBio. One of these metabolites is N6-carboxymethyllysine (CML), which is a type of advanced glycation end product (AGE) that is commonly used as a marker for analyzing AGEs in food (54, 55). AGEs are a group of bioactive molecules that result from nonenzymatic glycation of proteins, lipids, and nucleic acids and are associated with the progression of degenerative diseases such as diabetes and atherosclerosis (56, 57). AGEs may also contribute to vascular complications in T2D patients (58). In patients with CHD, elevated serum AGEs have been reported even without any comorbidities, such as T2D (59). Increased CML levels are known to be associated with arterial stiffness (60). In the present study, CML levels were found to be significantly associated with CHD in individuals with T2D, while mean CML levels were similar between CHD patients and non-CHD patients without T2D. Moreover, the levels of CML increased significantly in patients with both CHD and T2D (Supplementary Figure 5).

Phenylacetylglutamine (PAGln) was also significant in the QCBio cohort but not in the QBB cohort. Recently, PAGln was identified as a novel metabolic biomarker for ischemic stroke (61). PAGln is a gut microbiota-derived metabolite that may induce cardiovascular events by activating platelets and increasing the risk of thrombosis (62). The PAGln level appeared to be significantly increased in T2D patients in recent studies (63, 64). In our study, the levels of PAGln were increased in both the QCBio and QBB cohorts for T2D patients, but the highest levels were observed in T2D patients who had CHD (Supplementary Figure 5). These findings are consistent with the results of Nemet et al. (63), who indicated that elevated levels of PAGln can predict the occurrence of adverse cardiac events such as heart attack and stroke in patients with T2D.

Another metabolite that showed statistical significance in the CHD cohort but not in the QBB cohort was glutamine. Glutamine is an amino acid that plays a significant role in the biosynthesis of proteins. Glutamine deficiency is associated with many conditions, including type 2 diabetes (65, 66) and insulin resistance (67, 68), which are considered risk factors for CVD (69). In our study, glutamine levels were reduced in T2D patients compared with non-T2D patients in the QCBio cohort, in accordance with previous findings (66, 70–72). Glutamine serves as an L-arginine precursor for the production of nitric oxide and mitigates risk factors for CVD (73). A recent research proposal aimed at investigating the hypothesis that targeting glutamine-dependent pathways in monocytes/macrophages may limit the inflammatory phenotype and cardiovascular events in diabetic patients (https://anr.fr/Project-ANR-19-CE17-0030). Since gamma-glutamylthreonine and gamma-glutamylglutamine are associated with pathways involving glutamine as a substrate, their levels expectedly showed similar trends in our data.

Our study showed results consistent with those of metabolomics studies of T2D in other regions of the world. For example, our analysis showed that the 1,5-anhydroglucitol carbohydrate content was significantly decreased in T2D patients, regardless of CHD status, which is consistent with the findings of Suhre et al. (37), who studied the German population. Similar observations were observed for increased levels of glucose, mannose, 3-methyl-2-oxovalerate, and erythronate in T2D patients. An identical trend was observed in a Chinese cohort for the glucose metabolite, where its level was increased in T2D patients who also had CHD (74). Another study (75) confirmed previous observations and showed a significant increase in glucose metabolite levels in T2D patients with CHD in a Chinese population. A study (76) of a Malaysian cohort showed that N6-carboxymethyllysine metabolite levels were significantly increased in diabetic and ischemic heart disease (IHD) patients compared with those in T2D patients but not in IHD patients, which matches our findings, where these metabolite levels increased in diabetic CHD patients compared with those in T2D patients without CHD.

Furthermore, we investigated the CHD-specific metabolites, where we compared the metabolites from non-T2D patients in QBB and non-T2D CHD patients in QCBio. CHD-related metabolites were identified and were consistent with the literature including ornithine, 3-amino-2-piperidone, Sphingosine-1-phosphate (S1P), aspartate (see Online Table 2). For instance, Virak et al. (77), indicated that the citrulline-to-ornithine ratio is a critical risk factor for HF and CHD. Similar findings have been observed in other studies (78, 79). As a consequence, any disturbance in the ornithine cycle causes increase of the 3-amino-2-piperidone levels, which damages cardiovascular system (80). Previous study showed that the Sphingosine-1-phosphate plays an important role in the occurrence and development of many cardiovascular diseases (81–84). Numerous studies investigated the association between aspartate metabolite and CVD diseases (85–87). They revealed that elevated aspartate level may indicate an increased CVD risk (85–87).

Pathway enrichment analysis showed that the galactose metabolism was, as expected, significantly associated with T2D in both cohorts. This has been observed in previous studies (38, 88, 89). Leucine, isoleucine, and valine, which are branched-chain amino acids (BCAAs), also showed significant association with T2D in both cohorts (Table 4). There has been consensus that this class of amino acids is among the strongest biomarkers of T2D as well as other pathogenesis metabolic disturbances in obesity and cardiovascular diseases (90–92). Also, Starch and sucrose metabolism was among the top significant metabolisms in both cohorts (Table 4), which is in accordance with many previous studies (93–95). For instance, Sun et al. (95) performed metabolic pathway analysis with the MetPA tool, and they found that starch and sucrose metabolism was one of the potential biomarkers for T2D. Furthermore, Arginine biosynthesis was found associated with T2D in the QBB cohort only. Arginine is a precursor for nitric oxide, and was shown to be reduced in patients with T2D due to a decreased conversion of arginine to nitric oxide (96). Moreover, the long-term oral L-Arginine administration showed an improvement of hepatic insulin in patients with T2D (97). This validates our findings and adds evidence to the importance of Arginine in the pathophysiology of T2D. The non-significance of Arginine biosynthesis pathway in our CHD cohort might be due to a reduced sample size, or due to the disruption of Arginine metabolite with the CHD cohort as shown on the same data previously (40).

ML models were applied to predict T2D in the presence and absence of CHD using metabolites and demographic data. These models account for nonlinear relationships between metabolites and might yield better predictions. The F1 scores for predicting T2D in the QBB (non-CHD) cohort were greater than those in the QCBio cohort. The scores were > 74% for both the RF and SVM models for all classes. The accuracy values were relatively high and reached 80%. In the present study, we accounted for class imbalance to mitigate the potential of bias in ML results by selecting subsets of each class to make them balanced. So, we (i) established an age-matched non-T2D control group from the QBB cohort, which validated 41 of the 42 metabolites found in the complete analysis and (ii) downsized the non-T2D group (n=272) 100 times, redoing the analysis with covariates each time. In all 100 resampled datasets, 41 metabolites continued to be significant following the Bonferroni correction. These outcomes show that our results are resilient to both age disparity and class disparity and are not influenced by the unequal case-control ratios across groups (Supplementary Material). For binary classification, which we used to predict T2D vs non-T2D within each cohort, selecting 20 metabolites instead of the 641 tested metabolites led to similar performance (similar AUC and similar accuracy). The RF and SVM models exhibited similar performances and outperformed the XGBoost and LDA models. The RF model in the QBB showed an AUC of 0.96 for the top metabolites + covariates model, which was greater than the AUC in QCBio (0.89). Since CHD is a cardiometabolic disorder, metabolism is disrupted and might overlap with T2D metabolism disruption, which makes the prediction of T2D in CHD patients slightly more difficult.

Metabolite risk scores were also developed to predict T2D using the QCBio and QBB cohorts. MRS assumes linear relationships between metabolites and can be easily integrated in clinical practice. It is calculated as a weighted sum of metabolites and prespecified coefficients. Similar MRSs were developed previously in 4 Finnish cohorts using 3 metabolites (98). In the Finnish study, the top 20% of individuals with respect to their MRS had a ten-fold increased risk of developing T2D, and the OR per 1 standard deviation (SD) increase was 1.76. Our MRS comprised 20 metabolites, which is 17 more metabolites than in the Finnish study. In our study, the OR per 1 SD increase was 10.52 in MRSqcbio, which was developed in the CHD cohort (QCBio). Individuals in the top MRSqcbioquintile had a 24.77-fold increased risk of developing T2D. Adjusting for HbA1C reduced the performance to an OR of 21.18. Removing the most important metabolites from MRSqcbio, such as glucose and mannose, and adjusting for HbA1C led to an OR of 13.19 for the top quintile. MRSqcbioperformed better than MRSqbbin predicting T2D, potentially because T2D patients are better defined in the QCBio cohort, and they are older. MRS−seqcan eventually be used in clinical practice with other types of risk scores for better interventions and treatments of individuals at high risk of developing T2D. However, these MRSs need validation in a new independent cohort to replicate our findings. Metabolic risk scores are dynamic and modifiable, unlike genetic risk scores. They complement existing genetic and clinical risk scores and can be an alternative in the absence of the other scores. They are particularly helpful for preclinical disease stages and hold promise for early detection. Genetic risk scores are fixed over time, and do not reflect recent changes in the biological process. Implementation of MRS, and other types of risk scores, is crucial for personalized prevention and treatment plans, but face difficulties. All scores need to be well-validated, ultimately across ancestral groups. Moreover, healthcare systems should be equipped with state-of-art techniques that generate the various omics data that is required to build all these scores.

Our study has a few limitations. First, there was an imbalance of the different disease combinations, where the number of T2D patients was relatively smaller in the QBB cohort. A cohort of well-defined T2D patients is needed to confirm our results and increase the sample size. A longitudinal design would be preferable to a retrospective design. T2D patients could be followed up over time to assess CHD incidence and link it to metabolomics data, which should be generated at multiple time points. This optimal study design raises challenges about the cost of generating multiple metabolomics datasets, also the reproducibility and accuracy of metabolomics data generation, which might vary because of data generation artifacts. There have been proposed approaches to deal with systematic differences across metabolomics datasets, which can be used to improve reproducibility of our results (99). The results from this study might also be affected by the statistical power and low sample size of some disease groups. Therefore, the validation and reproducibility of our results should be explored in future studies from the same population, ideally with larger sample size. A well-designed study with well-defined T2D and CHD cases is likely to yield more robust results, even with smaller sample sizes and therefore lower cost.

Second, although QBB and QCBio cohorts were different in terms of age, we tried to mitigate for the age difference impact on the resulting metabolites by adding age as covariate in all regression models. Ideally, both cohorts should be matched on sex and age, but because of small sample size, especially for T2D patients in QBB, this was difficult to achieve in our study. Age at onset is another important variable that could be checked with respect to obtained metabolites, but this variable was absent in our data. Furthermore, while Age, BMI and Gender, were already included as covariates, we did not consider cultural, dietary or genetic factors, which could bring new important insights to our study.

Third, all carried analysis has been done on datasets that belong to the same Qatari population. This limits our generalizability claims. Hence, we are in the process of generating new independent metabolomics data, which will be used to validate these scores, however that will take some time. In addition, our plan is to include other datasets from the Gulf region like Saudi Arabia for generalizability purposes.




5 Conclusion

In this study, focusing on circulating metabolites in Middle Eastern cohorts from the QCBio and QBB, we identified and replicated metabolites that are associated with T2D. Several metabolites associated with T2D were identified only by stratifying for CHD status. Pathway enrichment analysis was utilized to observe the significant metabolic pathways that were associated with T2D in the presence and absence of CHD. ML models were applied and showed good predictive power to predict T2D in the presence and absence of CHD. RF and SVM were the best models in our study. A metabolite risk score for the prediction of T2D was developed and showed great performance, especially the score developed from the QCBio cohort.
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Purpose

The remnant cholesterol to high-density lipoprotein cholesterol ratio (RC/HDL-C) is a novel biomarker of metabolic disturbances. Prior studies have indicated a close association between elevated RC/HDL-C and the occurrence and progression of cardiovascular, cerebrovascular, and metabolic diseases. However, longitudinal data on the relationship between RC/HDL-C and type 2 diabetes (T2D) risk remain limited, particularly among high-risk elderly populations. This study aims to clarify the association between RC/HDL-C and incident T2D in Chinese adults, offering evidence for early prevention and detection of T2D.





Patients and methods

A follow-up study was conducted in Kunshan, China, from January 2018 to July 2021, involving 7655 participants aged 60 years or older. Cox proportional hazards models were used to evaluate the independent effect of the RC/HDL-C level on the risk of T2D. The relationship between RC/HDL-C and T2D risk was visually demonstrated using the Kaplan-Meier method and restricted cubic splines (RCS).





Results

During a median follow-up of 3.87 years, 783 participants (10.23%) developed T2D. A fully adjusted Cox proportional hazards model showed a positive and independent association between RC/HDL-C and T2D risk (HR = 1.12, 95% CI: 1.06-1.17, P < 0.001). The highest RC/HDL-C quartile (Q4) had the highest cumulative incidence of T2D (Log-rank test, P < 0.001). Furthermore, RCS analysis revealed a non-linear relationship between RC/HDL-C and T2D risk. Receiver operating characteristic (ROC) curve analysis revealed that the RC/HDL-C ratio exhibited the largest area under the curve (AUC = 0.601, 95% CI: 0.580–0.623), indicating modest but statistically significant predictive ability. Subgroup analysis further validated the robustness of these results.





Conclusion

We found that older adults with elevated RC/HDL-C levels have a higher risk of incident T2D. RC/HDL-C is an independent predictor of incident T2D in the elderly and may serve as a valuable adjunct to enhance risk stratification within existing prediction models.





Keywords: RC/HDL-C, T2D, cohort study, elderly population, incident T2D




1 Introduction

With global socioeconomic development, lifestyle changes, and rising obesity, the incidence of type 2 diabetes (T2D) is increasing in parallel worldwide (1). The disease arises from multifactorial mechanisms driven by complex interactions among genetic, metabolic, and lifestyle factors. Obesity-related anthropometric measures remain simple and effective tools for screening dysglycemia, complemented by hypertension and physical activity levels (2–4). Moreover, lipid parameters, notably high-density lipoprotein cholesterol (HDL-C) and low-density lipoprotein cholesterol (LDL-C), continue to constitute foundational components for metabolic risk assessment and have been incorporated into diabetes risk prediction models (5). Abnormal glucose metabolism—including prediabetes and overt diabetes—is now a major public health concern. Notably, projections from 2017 estimate that more than 600 million individuals will develop prediabetes by 2045, with a similar number progressing to T2D (6). The prevalence of T2D is increasing most rapidly among the elderly population across all age groups. In China, studies indicate that elderly T2D patients face disproportionately higher complication rates, imposing significant clinical, familial, and societal burdens. Early diagnosis and intervention for T2D significantly improve cost-effectiveness and health outcomes (7, 8). Consequently, there is an urgent need for novel, easily measurable biomarkers to facilitate early screening and improve management of at-risk populations.

Previous research has confirmed that dyslipidemia is a risk factor for both macrovascular diseases and T2D. The limited effectiveness of statins in adequately managing diabetic dyslipidemia has shifted research interest from conventional lipid profiles to triglyceride-rich lipoproteins (TRLs) (9). Remnant cholesterol (RC), a novel non-traditional lipid parameter introduced recently, reflects cholesterol within TRLs that may more directly promote insulin resistance (IR) than triglycerides (TG), including remnants from very low-density lipoprotein (VLDL), intermediate-density lipoprotein (IDL), and chylomicrons (10). A large-scale Chinese cohort study showed that RC is more strongly associated with diabetes than LDL-C, possibly mediated through IR and proinflammatory pathways (11). HDL-C has antioxidant properties and an enhanced capacity for cholesterol efflux, whereas its relationship with T2D involves complex interactions among lipid metabolism, inflammation, and oxidative stress. Clinical data indicate an inverse relationship between HDL-C levels and the risk of T2D (12, 13). Reduced HDL-C levels are a key factor in the pathogenesis and etiology of T2D and prediabetes, and are consistently associated with increased atherosclerosis risk in both T2D patients and experimental models (14–16). Emerging evidence indicates that lipid or lipoprotein ratios have greater predictive value than individual lipid measures for T2D risk, as they more effectively capture interactions among lipid components (17–22). Although a high RC/HDL-C ratio is strongly linked to cardiovascular, cerebrovascular, and metabolic disorders, studies investigating its association with incident diabetes risk are limited, especially among elderly populations.

Given the positive association between RC and disease development, contrasted with the inverse correlation of HDL-C, this study examines the relationship between the RC/HDL-C ratio and incident T2D in Chinese adults, aiming to provide evidence for early prevention and detection to enhance health outcomes.




2 Methods



2.1 Study population and design

This population-based cohort study utilized electronic health records (EHRs) derived from the Kunshan Elderly Cohort. The cohort collected residents’ health records, annual physical examination data, and follow-up information on chronic diseases via the medical information management system of the regional healthcare consortium. Personal identifiers were anonymized, and data were processed to ensure participant confidentiality. Detailed specifications of the cohort design have been previously documented (23–25). All participants provided written informed consent for the use of their comprehensive EHR data. This study was conducted in accordance with the Declaration of Helsinki, and the study’s protocol was reviewed and approved by the Ethics Committee of the Kunshan First People’s Hospital (Grant No: 2023-03-014-H01-K01).

We enrolled older adult residents who underwent community health screenings in Kunshan between January 2018 and July 2021. Participants meeting any of the following criteria were excluded: (i) insufficient baseline data (RC and HDL-C), (ii) baseline age <60 years, (iii) diagnosis of type 1 diabetes or other specific diabetes types. The final analysis included 7,655 non-diabetic participants.





2.2 Exposure and outcome definitions

RC was calculated as total cholesterol (TC) minus HDL-C minus LDL-C (26). The RC/HDL-C ratio was derived by dividing RC by HDL-C (27). The primary endpoint was incident T2D during follow-up, defined by either ICD-10 codes (E11-E14) or fasting plasma glucose (FPG) ≥7.0 mmol/L (24). The time to T2D onset was calculated as the interval between baseline assessment and diabetes diagnosis. For participants without a T2D diagnosis during follow-up, follow-up duration was determined from baseline assessment to the final investigation date.




2.3 Covariate definitions

Comprehensive clinical characteristics were extracted from the EHR health screening database, encompassing demographic data, annual lifestyle questionnaires (smoking status, alcohol consumption), and anthropometric measurements (height, weight, waist circumference, blood pressure). Annual laboratory tests for elderly participants included: aspartate aminotransferase (AST), alanine aminotransferase (ALT), blood urea nitrogen (BUN), serum creatinine (Scr), serum uric acid (SUA), TC, TG, and FPG (28). Body mass index (BMI) was calculated as weight in kilograms divided by height in meters squared. According to Chinese BMI classification criteria, weight status categories were defined as: 18.5–23.9 kg/m² (normal weight), 24.0–27.9 kg/m² (overweight), and ≥28 kg/m² (obesity) (29). Estimated glomerular filtration rate (eGFR) was computed using the Chronic Kidney Disease Epidemiology Collaboration equation (30). Hypertension diagnosis criteria included ICD-10 codes (I10-I15), mean systolic blood pressure (SBP) ≥140 mmHg, and/or mean diastolic blood pressure (DBP) ≥90 mmHg (31). Cardiovascular disease (CVD) diagnoses encompassed coronary artery disease (ICD-10: I20-I25) and cerebrovascular disease (ICD-10: I60-I64), documented in the EHR database (28). The chronic disease registry and follow-up database systematically recorded disease incidence, management protocols, and clinical outcomes. Additionally, outpatient prescription data and biochemical measurements improved the accuracy of T2D outcome assessment.




2.4 Statistical analyses

Baseline characteristics are summarized as means ± standard deviations (SD) for continuous variables and as counts (n, %) for categorical variables. Participants were grouped based on the presence of T2D or quartiles of the RC/HDL-C ratio. Differences between groups were evaluated using Student’s t-test, analysis of variance, or the chi-square test. Cox proportional hazards models were employed to examine the association between baseline RC/HDL-C levels (as both continuous and categorical variables) and the risk of developing T2D. Variables with clinical or prognostic relevance were included in the models. Model 1 was unadjusted; Model 2 was adjusted for age and sex; and Model 3 further adjusted for BMI, systolic and DBP, FPG, ALT, AST, BUN, Scr, SUA, eGFR, smoking status, alcohol consumption, hypertension, and CVD. The cumulative incidence of T2D events in the RC/HDL-C quartile groups was estimated using the Kaplan-Meier method, and differences between groups were tested with the log-rank test. The dose-response relationship between baseline RC/HDL-C levels and T2D risk was analyzed using restricted cubic splines (RCS) with four knots. Additionally, receiver operating characteristic (ROC) curves were constructed to evaluate the predictive ability of RC/HDL-C and other conventional indicators for incident diabetes. Subgroup analyses were performed stratified by sex (male/female), age (<75/≥75 years), BMI (<24, 24-28, ≥28 kg/m²), CVD (yes/no), hypertension (yes/no), and eGFR (<60, 60-90, ≥90 mL/min/1.73 m²) to assess the stability of the findings. All statistical analyses were conducted using R version 4.2.2 and EmpowerStats software (http://www.empowerstats.com). A two-sided P value < 0.05 was considered statistically significant.





3 Results



3.1 Baseline characteristics

A total of 7,655 participants without T2D at baseline were enrolled, with a mean age of 66.96 ± 4.49 years; among them, 3,689 were males (48.19%) (Table 1). Over a median follow-up duration of 3.87 years, 783 participants (10.23%) developed incident T2D.


Table 1 | Baseline characteristics of the study population.
	Characteristics
	Total (N=7,655)
	Non-diabetes group (N=6,872)
	Diabetes group (N=783)
	P value



	Age, years
	66.96 ± 4.49
	66.84 ± 4.38
	68.07 ± 5.25
	<0.001


	Sex, men
	3689 (48.19%)
	3358 (48.86%)
	331 (42.27%)
	<0.001


	BMI, kg/m2
	24.51 ± 3.23
	24.35 ± 3.19
	25.87 ± 3.29
	<0.001


	Smoking
	 
	 
	 
	0.161


	 Never
	5751 (75.95%)
	5146 (75.74%)
	605 (77.76%)
	 


	 Former
	282 (3.72%)
	262 (3.86%)
	20 (2.57%)
	 


	 Current
	1539 (20.32%)
	1386 (20.40%)
	153 (19.67%)
	 


	Drinking
	 
	 
	 
	0.019


	 None
	6032 (79.66%)
	5379 (79.17%)
	653 (83.93%)
	 


	 Light
	495 (6.54%)
	456 (6.71%)
	39 (5.01%)
	 


	 Moderate
	146 (1.93%)
	135 (1.99%)
	11 (1.41%)
	 


	 Heavy
	899 (11.87%)
	824 (12.13%)
	75 (9.64%)
	 


	SBP, mmHg
	139.06 ± 19.19
	138.67 ± 19.25
	142.50 ± 18.33
	<0.001


	DBP, mmHg
	81.44 ± 10.66
	81.35 ± 10.74
	82.22 ± 9.97
	0.019


	ALT, U/L
	19.87 ± 12.81
	19.44 ± 12.52
	23.60 ± 14.56
	<0.001


	AST, U/L
	22.53 ± 10.54
	22.31 ± 10.20
	24.38 ± 12.98
	0.001


	BUN, mmol/L
	5.67 ± 3.88
	5.65 ± 4.06
	5.82 ± 1.57
	<0.001


	Scr, µmol/L
	72.57 ± 22.03
	72.48 ± 22.43
	73.39 ± 18.21
	0.146


	SUA, mg/dL
	324.89 ± 83.97
	322.64 ± 83.14
	344.66 ± 88.62
	<0.001


	eGFR, ml/min/1.73 m2
	84.47 ± 12.98
	84.77 ± 12.81
	81.80 ± 14.06
	<0.001


	FPG, mmol/L
	5.45 ± 0.66
	5.38 ± 0.63
	6.06 ± 0.58
	<0.001


	TC, mg/dL
	184.70 ± 35.90
	184.86 ± 35.64
	183.26 ± 38.09
	0.133


	TG, mg/dL
	145.89 ± 107.39
	142.12 ± 102.80
	179.04 ± 137.09
	<0.001


	Hypertension
	3776 (49.33%)
	3310 (48.17%)
	466 (59.51%)
	<0.001


	Cardiovascular disease
	324 (4.23%)
	239 (3.48%)
	85 (10.86%)
	<0.001


	RC/HDL-C
	0.60 ± 0.66
	0.58 ± 0.61
	0.79 ± 0.95
	<0.001


	RC
	0.71 ± 0.48
	0.69 ± 0.46
	0.85 ± 0.59
	<0.001





Continuous variables are shown as mean±SD, and categorical variables are presented as n (%) numbers.

RC was calculated as TC minus HDL-C minus LDL-C.

BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure; ALT, alanine transaminase; AST, aspartate transaminase; BUN, blood urea nitrogen; Scr, serum creatinine; SUA, serum uric acid; eGFR, estimated glomerular filtration rate; FPG, fasting plasma glucose; TC, total cholesterol; TG, triglyceride; RC/HDL-C, Residual Cholesterol to High-Density Lipoprotein Cholesterol Ratio.



Baseline characteristics stratified by RC/HDL-C quartiles are summarized in Table 2: Q1 (0.037–0.292), Q2 (0.294–0.437), Q3 (0.444–0.692), and Q4 (0.692–20.50). Participants in the highest RC/HDL-C quartile exhibited significantly higher BMI, systolic and DBP, ALT, SUA, and FPG levels compared to those in the lowest quartile, with a higher prevalence of hypertension (P < 0.001). Conversely, the same group showed lower eGFR levels (P < 0.001). Additionally, levels of BUN and alcohol consumption varied significantly across the quartiles of RC/HDL-C (P < 0.05). There was no statistically significant association between RC/HDL-C quartiles and smoking prevalence. The highest RC/HDL-C quartile had a higher proportion of females compared to the lowest quartile (P < 0.001), while the proportion of males was lower in the highest quartile than in the lowest (P < 0.001) (Table 3).


Table 2 | ROC curve of different indicators for predicting the risk of new-onset T2D in the elderly.
	Test
	AUROC
	95% CI
	Best threshold
	Specificity
	Sensitivity



	RC/HDL-C
	0.601
	0.580-0.623
	0.455
	0.523
	0.636


	RC
	0.596
	0.575-0.617
	0.600
	0.558
	0.586


	LDL-C
	0.542
	0.520-0.565
	90.875
	0.673
	0.414


	HDL-C
	0.427
	0.405-0.448
	9.668
	0.001
	1.000


	TC
	0.484
	0.462-0.506
	241.688
	0.946
	0.073





AUROC, area under the receiver operating curve; RC/HDL-C, Residual Cholesterol to High-Density Lipoprotein Cholesterol Ratio; RC, remnant cholesterol; LDL-C, low density lipoprotein cholesterol; HDL-C, high-density lipoprotein cholesterol; TC, total cholesterol.




Table 3 | Baseline characteristics of the study population according to RC/HDL-C quartiles.
	RC/HDL-C
	Quartile 1 (0.037-0.292)
	Quartile 2 (0.294-0.437)
	Quartile 3 (0.444-0.692)
	Quartile 4 (0.692-20.50)
	P value



	N
	1913
	1903
	1916
	1923
	 


	Age, years
	67.03 ± 4.55
	67.04 ± 4.57
	66.89 ± 4.56
	66.90 ± 4.29
	0.620


	Sex, men
	1045 (54.63%)
	892 (46.87%)
	906 (47.29%)
	846 (43.99%)
	<0.001


	BMI, kg/m2
	23.17 ± 3.23
	24.23 ± 3.06
	24.97 ± 3.13
	25.65 ± 2.98
	<0.001


	Smoking
	 
	 
	 
	 
	0.315


	 Never
	1393 (74.06%)
	1447 (76.89%)
	1461 (76.89%)
	1450 (75.96%)
	 


	 Former
	68 (3.62%)
	73 (3.88%)
	69 (3.63%)
	72 (3.77%)
	 


	 Current
	420 (22.33%)
	362 (19.23%)
	370 (19.47%)
	387 (20.27%)
	 


	Drinking
	 
	 
	 
	 
	0.035


	 None
	1453 (77.25%)
	1481 (78.69%)
	1543 (81.21%)
	1555 (81.46%)
	 


	 Light
	125 (6.65%)
	130 (6.91%)
	120 (6.32%)
	120 (6.29%)
	 


	 Moderate
	43 (2.29%)
	36 (1.91%)
	37 (1.95%)
	30 (1.57%)
	 


	 Heavy
	260 (13.82%)
	235 (12.49%)
	200 (10.53%)
	204 (10.69%)
	 


	SBP, mmHg
	136.41 ± 18.85
	138.71 ± 18.62
	139.57 ± 19.49
	141.54 ± 19.46
	<0.001


	DBP, mmHg
	79.88 ± 10.69
	81.30 ± 10.54
	81.63 ± 10.71
	82.93 ± 10.49
	<0.001


	ALT, U/L
	18.40 ± 9.96
	19.27 ± 14.66
	20.16 ± 13.29
	21.63 ± 12.65
	<0.001


	AST, U/L
	22.72 ± 10.26
	22.22 ± 11.29
	22.50 ± 11.18
	22.67 ± 9.32
	0.457


	BUN, mmol/L
	5.90 ± 2.22
	5.64 ± 1.45
	5.68 + 7.13
	5.46 ± 1.45
	0.005


	Scr, µmol/L
	72.98 ± 32.22
	71.91 ± 17.02
	72.40 ± 17.72
	73.00 ± 17.32
	0.354


	SUA, mg/dl
	302.73 ± 79.88
	315.97 ± 79.03
	330.24 ± 83.29
	350.39 ± 85.99
	<0.001


	eGFR, ml/min/1.73 m2
	85.87 ± 13.45
	84.55 ± 12.68
	84.30 ± 12.53
	83.15 ± 13.08
	<0.001


	FPG, mmol/L
	5.39 ± 0.63
	5.41 ± 0.65
	5.44 ± 0.67
	5.55 ± 0.68
	<0.001


	Hypertension
	841 (43.96%)
	924 (48.55%)
	970 (50.63%)
	1041 (54.13%)
	<0.001


	Cardiovascular disease
	68 (3.55%)
	89 (4.68%)
	83 (4.33%)
	84 (4.37%)
	0.358


	T2D incidence
	126 (6.59%)
	157 (8.25%)
	200 (10.44%)
	300 (15.60%)
	<0.001





Continuous variables are shown as mean±SD, and categorical variables are presented as n (%) numbers.

BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure; ALT, alanine transaminase; AST, aspartate transaminase; BUN, blood urea nitrogen; Scr, serum creatinine; SUA, serum uric acid; eGFR, estimated glomerular filtration rate; FPG, fasting plasma glucose; RC/HDL-C, Residual Cholesterol to High-Density Lipoprotein Cholesterol Ratio.






3.2 Relationship between RC/HDL-C and T2D incidence

Cox proportional hazards regression models were used to assess the independent association between RC/HDL-C and incident T2D. RC/HDL-C was identified as a significant risk factor across unadjusted, partially adjusted, and fully adjusted models (all P < 0.001). In the fully adjusted model (Table 4), each 1-unit increase in RC/HDL-C correlated with a 12% higher risk of T2D (HR = 1.12; 95% CI: 1.06–1.17; P < 0.001). When analyzed by quartiles, the multivariable-adjusted HR for incident T2D were 1.37 (95% CI: 1.09–1.73) in Q3 (P < 0.05) and 1.78 (95% CI: 1.43–2.22) in Q4 (P < 0.001).


Table 4 | The association between RC/HDL-C and the incidence of T2D during follow-up.
	Type 2 diabetes, HR 95%CI, P value


	RC/HDL-C
	Model 1
	Model 2
	Model 3



	Continuous
	1.19 (1.14, 1.24), <0.001
	1.20 (1.14, 1.25), <0.001
	1.12 (1.06, 1.17), <0.001


	RC/HDL-C quartile


	Q1
	Reference
	Reference
	Reference


	Q2
	1.36 (1.08, 1.72), 0.0098
	1.33 (1.05, 1.69), 0.0165
	1.20 (0.95, 1.53), 0.1332


	Q3
	1.77 (1.42, 2.22), <0.001
	1.76 (1.41, 2.20), <0.001
	1.37 (1.09, 1.73), 0.0073


	Q4
	2.63 (2.14, 3.24), <0.001
	2.58 (2.10, 3.18), <0.001
	1.78 (1.43, 2.22), <0.001


	P for trend
	<0.001
	<0.001
	<0.001





HR, hazards ratio.

95% CI: 95% confidence interval.

Model 1: no covariates were adjusted.

Model 2: adjusted for age and gender.

Model 3: adjusted for age, gender, smoking status, drinking status, hypertension, cardiovascular disease, BMI, SBP, DBP, FPG, ALT, AST, BUN, Scr, SUA, and eGFR.



As shown in Figure 1, the Kaplan–Meier curves indicated that participants in the highest quartile (Q4) of RC/HDL-C exhibited a significantly greater cumulative incidence of T2D during follow-up (log-rank test, P < 0.001). Moreover, as shown in Figure 2, RCS analysis revealed a significant non-linear association between the RC/HDL-C ratio and the risk of T2D (P_non-linear < 0.001). A positive association was observed between higher RC/HDL-C levels and increased T2D risk up to a threshold of 0.934 (overall P < 0.001). Overall, the risk of T2D increased non-linearly with increasing RC/HDL-C levels.
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Figure 1 | Kaplan-Meier curves for the cumulative incidence of type 2 diabetes (T2D) stratified by quartiles of the residual cholesterol to high-density lipoprotein cholesterol ratio (RC/HDL-C) in the study population (N = 7,655). Participants were categorized into quartiles based on their baseline RC/HDL-C ratio: Q1 (0.037-0.292), Q2 (0.294-0.437), Q3 (0.444–0.692), and Q4 (0.692-20.50). Differences between the curves were assessed using the log-rank test (P < 0.001).

[image: Forest plot graphic displaying hazard ratios with 95 percent confidence intervals for age, BMI, eGFR, gender, hypertension, and cardiovascular disease. Notable interaction is observed for BMI subgroups with a p-value of 0.002.]
Figure 2 | Dose-response relationship between the RC/HDL-C and the risk of incident T2D analyzed using restricted cubic splines (RCS) in a Cox proportional hazards model. The solid line represents the hazard ratio (HR), and the shaded area represents the 95% confidence interval. The reference value (HR = 1) was set at an RC/HDL-C ratio of 0.3. The model was adjusted for age, sex, body mass index (BMI), systolic blood pressure (SBP), diastolic blood pressure (DBP), fasting plasma glucose (FPG), alanine aminotransferase (ALT), aspartate aminotransferase (AST), blood urea nitrogen (BUN), serum creatinine (Scr), serum uric acid (SUA), estimated glomerular filtration rate (eGFR), smoking status, alcohol consumption, hypertension, and cardiovascular disease. The P value for the overall association and for non-linearity are presented. P-overall<0.05 indicates a significant association between RC/HDL-C and T2D risk. P-nonlinear <0.05 indicated a significant nonlinear relationship between RC/HDL-C and T2D risk.

Table 2 presents the area under the receiver operating characteristic curve (AUROC) for RC/HDL-C and other conventional lipid parameters in predicting incident diabetes among older adults. Compared to RC, TC, HDL-C, and LDL-C, RC/HDL-C demonstrated the highest AUROC (0.601), with a sensitivity of 63.60%, a specificity of 52.28%, and an optimal cutoff value of 0.455 (Figure 3), indicating modest but statistically significant predictive ability.
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Figure 3 | Receiver operating characteristic (ROC) curves comparing the predictive performance of the RC/HDL-C, remnant cholesterol (RC), low-density lipoprotein cholesterol (LDL-C), high-density lipoprotein cholesterol (HDL-C), and total cholesterol (TC) for incident T2D. The area under the ROC curve (AUROC) for each indicator is provided in Table 2.




3.3 Subgroup analysis

Stratified analyses were performed to evaluate the association between RC/HDL-C and T2D risk across subgroups defined by sex (male/female), age (<75 vs. ≥75 years), BMI (<24, 24–28, or ≥28 kg/m²), CVD status (yes/no), hypertension (yes/no), and eGFR (<60/60-90/≥90 ml/min/1.73 m²). As shown in Figure 4, the positive association between RC/HDL-C and T2D risk remained consistent across all subgroups, indicating the robustness of the findings.
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Figure 4 | Subgroup analyses of the association between the RC/HDL-C ratio and incident T2D risk (N=7,655). Hazard ratios (squares) with 95% CIs (horizontal lines) are shown for each subgroup. P values for interaction are indicated.





4 Discussion

In this large-scale retrospective cohort study, participants with elevated RC/HDL-C ratios at baseline exhibited a higher incidence of T2D. To our knowledge, this is the first study to examine the association between RC/HDL-C and T2D risk in an older adult cohort. This novel and straightforward biomarker can serve as a non-invasive and easily accessible diagnostic indicator for T2D, and it is expected to supplement established risk factors (such as age and BMI) in comprehensive risk prediction models.

Previous studies have demonstrated that dyslipidemia induces inflammation, endoplasmic reticulum stress, and lipotoxicity, ultimately contributing to IR (32, 33). This relationship may be mediated by excessive cholesterol accumulation in β-cells, leading to dysfunction, impaired glucose tolerance, and reduced insulin secretion. Elevated RC levels have been associated with increased risks of diabetic complications, hypertension, and non-alcoholic fatty liver disease (NAFLD) (34–37). Women exposed to elevated RC levels exhibit increased susceptibility to diabetes, which may be associated with distinct dietary patterns, estrogen status, and cholesterol metabolism. Estrogen deficiency in females promotes atherosclerotic dyslipidemia, visceral adiposity, and IR, collectively elevating the risk of diabetes and cardiometabolic disorders (38, 39). Consistent with these findings, our observations showed that females predominated in the highest RC/HDL-C quartile (P < 0.001), whereas males were underrepresented in this quartile relative to lower quartiles (P < 0.001). Further mechanistic studies are needed to elucidate the pathophysiological roles of these parameters in the progression of diabetes in the elderly. In summary, the interaction between RC and T2D involves complex mechanisms, including metabolic dysregulation, inflammatory cascades, and vascular pathology.

HDL-C, a multifunctional structural lipoprotein with anti-inflammatory, antioxidant, and cholesterol efflux properties, is widely recognized as “good cholesterol” in cardiovascular pathophysiology (40). HDL-C facilitates reverse cholesterol transport by extracting cholesterol from atherosclerotic vessel walls and delivering it to the liver for metabolic elimination. Reduced HDL-C levels impair glucose homeostasis through mechanisms such as decreased insulin secretion, reduced insulin sensitivity, and downregulation of AMP-activated protein kinase (AMPK) activity (41).

Current longitudinal evidence on the association between the RC/HDL-C ratio and T2D risk remains limited, especially in high-risk elderly populations. Our study identified a positive association between the RC/HDL-C ratio and incident T2D, which remained significant after adjusting for multiple confounders (see Statistical analyses section for details). These confounders included BMI, systolic and DBP, FPG, ALT, AST, BUN, Scr, SUA, eGFR, TC, smoking status, alcohol intake, hypertension, and CVD. Sensitivity analyses confirmed that neither the RC/HDL-C ratio nor T2D risk estimates were substantially affected by these covariates, supporting the robustness of the findings.

The mechanisms underpinning the relationship between the RC/HDL-C ratio and T2D pathogenesis remain poorly elucidated and likely involve multiple pathways. (1) RC transports cholesterol species that are toxic to pancreatic β-cells (PBCs), inducing apoptosis and impairing insulin biosynthesis and secretion. HDL facilitates reverse transport of RC, with elevated HDL levels potentially reflecting both increased clearance and promoting efficient removal of RC — a vital process, given the atherogenic and proinflammatory effects of accumulated RC particles (42). (2) The TG/HDL-C ratio has been established as a robust surrogate marker for IR with strong predictive capacity (43). However, conventional enzymatic assays for TG measure both lipoprotein-bound TG and free glycerol, which limits the ability to directly substitute TG for RC, possibly conferring an analytical advantage to the RC/HDL-C ratio. (3) Sexual dimorphism: Estrogenic activity may dysregulate glucose homeostasis in cerebral and pancreatic tissues, promoting peripheral insulin desensitization (44). Elevated estrogen levels can also drive atherogenic dyslipidemia, visceral adiposity, and IR progression, thereby increasing hepatopathic and cardiometabolic risks (38, 45). These proposed mechanisms require rigorous validation through dedicated experimental studies.

Our findings indicate an independent association between higher RC/HDL-C ratios and increased T2D risk in elderly individuals. This association can be interpreted as a reflection of an imbalance between RC-driven atherogenic/proinflammatory pathways and the protective functions of HDL-C. Specifically, elevated RC may promote IR and β-cell dysfunction through lipid accumulation, inflammatory activation, and oxidative stress, whereas HDL-C supports insulin sensitivity via anti-inflammatory, antioxidant, and cholesterol efflux mechanisms. In our study, restricted cubic spline analysis reveals a nonlinear relationship between RC/HDL-C and T2D risk, with a inflection point at 0.934. This threshold may mark a critical level at which RC–mediated atherogenic and proinflammatory effects accelerate IR and β-cell dysfunction. Values below the threshold suggest that HDL-C can sufficiently counteract the deleterious effects of residual cholesterol through reverse cholesterol transport, whereas values above the threshold imply insufficient counterregulation by HDL-C against the rising RC burden. This pathophysiological framework helps explain the observed nonlinear risk relationship and moderate yet significant predictive value in our elderly cohort. Previous studies reporting nonlinear associations—thresholds for Diabetic retinopathy (DR) and NAFLD at RC/HDL-C of 0.460 and 0.619, respectively—point to threshold effects, beyond which compensatory mechanisms are overwhelmed (46). Prospective cohort studies are required to validate these thresholds for risk stratification and preventive applications, and to assess generalizability across populations. In clinical practice, RC/HDL-C > 0.934 may serve as a practical biomarker to identify high-risk elderly individuals, informing preventive strategies and the frequency of glucose metabolism assessments. For those with RC/HDL-C > 0.934, intensified lifestyle guidance and closer monitoring should be considered, with potential for earlier interventions in high-risk patients. Given our study population of older adults, age-related HDL dysfunction and accumulation of RC may amplify the clinical significance of RC/HDL-C imbalance.

As noted, our study focused on adults aged 60 years and older. The pathophysiological mechanisms linking dyslipidemia to T2D are widely considered to be universal throughout adulthood. Several studies focusing on middle-aged and general adult populations have also reported significant associations between non-traditional lipid markers and T2D (47). This suggests that the biological pathways underpinning our findings are not exclusive to the elderly. However, the RC/HDL-C ratio might hold particular clinical relevance for risk stratification in the elderly due to several age-specific factors: 1)Competing Risks: In the elderly, competing risks of mortality from other conditions (e.g., CVD) can dilute observed associations with T2D. Despite this, we detected a robust independent association, which underscores the potency of this biomarker in this age group. 2)Shift in Pathophysiology: The capacity for βoraci self-replication declines with age, suggesting younger individuals may possess greater regenerative potential (48). Previous studies indicate that younger prediabetic patients are more likely to achieve normoglycemia (49). T2D in the elderly often manifests with more pronounced β-cell function decline rather than pure IR. Future research would be valuable to explore whether RC/HDL-C is more strongly linked to β-cell dysfunction in the context of aging. 3)Polypharmacy and Comorbidities: Our elderly cohort had a high prevalence of hypertension, CVD, and likely concomitant medication use (e.g., statins). Our fully adjusted model demonstrated that the association of RC/HDL-C with T2D was independent of these factors, a finding critical for its potential application in older adults with complex clinical presentations. Conversely, compared to the elderly, younger individuals often adopt unhealthy dietary habits and sedentary lifestyles, which significantly impact IR (50). Future studies directly comparing the predictive value of RC/HDL-C across different age strata are necessary to elucidate potential age-specific effects.

This study’s strengths include its longitudinal assessment of the association between the RC/HDL-C ratio and incident T2D, with significant clinical implications. The investigation was further supported by a median follow-up of 8.2 years, a low attrition rate (<5%), and stable cohort characteristics. Comprehensive sensitivity analyses using multiple models reinforced the robustness of our findings.

Although the RC/HDL-C ratio demonstrated the strongest predictive value among lipid parameters, its AUROC of 0.601 indicates only modest discrimination when used as a standalone biomarker—an expected feature for single biomarkers. The potential advantage lies in its complementarity within established risk-prediction models that integrate multiple factors. This study has not developed or validated an integrated T2D risk prediction model, which represents one of its limitations. The growing role of artificial intelligence (AI) in medicine offers a promising avenue to enhance diabetes screening and risk stratification (51). AI models excel at integrating multifaceted data to improve predictive accuracy, a trend evident across diabetology, cardiology, and musculoskeletal medicine (52–54). In this context, easily measurable and low-cost biomarkers, such as the RC/HDL-C ratio identified in this study, are attractive inputs for scalable screening tools. Future work should explore AI-driven prediction models that integrate RC/HDL-C with additional clinical and anthropometric variables to achieve higher precision in identifying high-risk elderly individuals. Additionally, several other limitations warrant consideration: First, as a retrospective study based on EHRs, key variables such as family history of diabetes, educational attainment, dietary habits, and physical activity levels were not available. This omission may lead to residual confounding, although we adjusted for a comprehensive set of clinically relevant covariates. Future prospective studies that incorporate these important lifestyle and genetic factors are needed to confirm our findings. Second, our study population was exclusively derived from a single center in Eastern China, which may limit the generalizability of our findings to other ethnic or regional groups. Although we identified a significant association between RC/HDL-C and T2D risk, external validation in independent cohorts is necessary to confirm its predictive value before it can be considered for broader clinical application. Future studies should aim to validate our findings in other populations, including international cohorts. Third, the underlying mechanisms linking the RC/HDL-C ratio to diabetic complications require further mechanistic research.




5 Conclusion

Elevated RC/HDL-C ratio was significantly associated with a higher risk of incident T2D during longitudinal follow-up in elderly populations. RC/HDL-C shows promise as a research tool for understanding T2D risk, but validation in larger and more diverse populations is needed before consideration of clinical implementation. Future prospective studies should focus on integrating the RC/HDL-C ratio with other established risk factors to develop and validate a robust multivariable diabetes risk prediction model tailored for older adults.
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Variable Overall Cv CV P value
N(%) 2987 977(32.7) 2010(67.3)
Age, years 70.17(6.78) 71.69(6.70) 69.43(6.70) <0.001
Sex, n(%) <0.001

Male 1560(52.2) 560(57.3) 1000(49.8)

Female 1427(47.8) 417(42.7) 1010(50.2)
Race, n(%) <0.001

Mexican American 505(16.9) 129(13.2) 376(18.7)

Non-Hispanic Black 699(23.4) 204(20.9) 495(24.6)

Non-Hispanic White 1185(39.7) 482(49.3) 703(35.0)

Other Hispanic 349(11.7) 98(10.0) 251(12.5)

Other Race 249(8.3) 64(6.6) 185(9.2)
Educational level, n(%) 0.018

Less than high school 672(22.5) 206(21.1) 466(23.2)

High school or equivalent 1206(40.4) 430(44.0) 776(38.6)

Some college or above 1109(37.1) 341(34.9) 768(38.2)
Marital status, n(%) 0.003

Married 1633(54.7) 501(51.3) 1132(56.3)

Widowed 687(23.0) 260(26.6) 427(21.2)

Divorced 361(12.1) 127(13.0) 234(11.6)

Never married 306(10.2) 89(9.1) 217(10.8)
Smoking status, n(%) 1566(35.4) 580(42.0) 986(32.3) <0.001
Alcohol consumption, n(%) 1703(57.0) 575(58.9) 1128(56.1) 0.214
Hypertension, n(%) <0.001

Yes 2346(78.5) 820(83.9) 1526(75.9)

No 641(21.5) 157(16.1) 484(24.1)
Antihypertensive drugs, n(%) <0.001

Yes 2134(71.4) 761(77.9) 1373(68.3)

No 853(28.6) 216(22.1) 637(31.7)
CKD, n(%) <0.001

Yes 909(30.4) 399(40.8) 510(25.4)

No 2078(69.6) 578(59.2) 1500(74.6)
SBP, mmHg 133.97(32.12) 132.55(33.94) 134.66(31.18) 0.102
DBP, mmHg 65.78(18.35) 63.68(19.00) 66.80(17.94) <0.001
BMLI, kg/m* 30.18(8.15) 30.30(9.03) 30.11(7.69) 0.575
FBG, mmol/L 7.15(2.43) 7.30(2.51) 7.08(2.39) 0.022
HbAlc, % 6.99(1.51) 7.06(1.53) 6.96(1.49) 0.102
TG, mmol/L 7.36(5.50,8.94) 7.50(5.65,9.18) 7.28(5.40,8.89) 0.019
TC, mmol/L 4.65(1.11) 4.40(1.14) 4.77(1.08) <0.001
HDL-C, mmol/L 1.28(0.39) 1.22(0.37) 1.31(0.39) <0.001
LDL-C, mmol/L 2.71(0.69) 2.60(0.72) 2.76(0.67) <0.001
Albumin, g/L 41.37(3.53) 40.88(3.39) 41.61(3.31) <0.001
Uric acid, gmol/L 354.02(94.63) 371.17(105.06) 345.69(87.95) <0.001
eGFR, mL/1.73m*/min 76.28(56.74,99.52) 68.08(48.73,92.86) 80.10(60.90,102.27) <0.001
TyG 8.96(0.57) 9.01(0.58) 8.94(0.56) 0.003
TyG group 0.015

Q1(<8.67) 752(25.2) 227(23.2) 525(26.1)

Q2(8.67-8.96) 729(24.4) 223(22.8) 506(25.2)

Q3(8.96-9.20) 767(25.7) 252(25.8) 515(25.6)

Q4(>9.20) 739(24.7) 275(28.1) 464(23.1)

Values are number (percentage), or median (25th-75th percentile).
CKD, chronic kidney disease; SBP, systolic blood pressure; DBP, diastolic blood pressure; BMI, body mass index; FBG, fasting blood glucose; HbA 1, glucated hemoglobin; TG, triglyceride; TC,

total cholesterol; HDL-C, high density lipoprotein cholesterol; LDL-C, low density lipoprotein cholesterol; eGFR, estimated-glomerular filtration rate.
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Subgroups Q1 (ey] Q3 Q4

OR (95%Cl) OR (95%Cl) OR (95%Cl) OR (95%Cl)
Sex
Male Ref. 1.288 (0.919-1.803) 0.142 1.151 (0.832-1.592) 0.396 1.538 (1.108-2.135) 0.010
Female 0.905 (0.644-1.272) 0.565 1.164 (0.818-1.656) 0.399 1.409 (0.998-1.988) 0.051
P interaction 0.790 0.804 0.897
BMLI, kg/m*
<24 Ref. 1441 (0.807-2.573) 0.216 1.056 (0.535-2.084) 0.876 1.500 (0.770-2.924) 0.234
>24 1.009 (0.776-1.312) 0.946 1.129 (0.875-1.458) 0.350 1.433 (1.110-1.851) 0.006
P interaction 0.035 0.086 0.166
eGFR, mL/
1.73m?/min Ref. 1.158 (0.879-1.525) 0.299 1.160 (0.878-1.531) 0.296 1.543 (1.165-2.042) 0.002
<90 0.863 (0.535-1.391) 0.545 1.090 (0.691-1.718) 0.711 1.372 (0.979-2.146) 0.165
290 0.076 0.588 0.778

P interaction

CKD
Yes Ref. 0.908 (0.622-1.328) 0.620 1.036 (0.704-1.525) 0.856 1.407 (0.957-2.069) 0.082
No 1.181 (0.868-1.607) 0.289 1.219 (0.900-1.652) 0.201 1.505 (1.111-2.037) 0.008
P interaction 0.700 0.014 0.733
Hypertension
Yes Ref. 0.891 (0.686-1.158) 0.389 1.035 (0.800-1.339) 0.791 1.449 (1.122-1.872) 0.004
No 2.464 (1.350-4.498) 0.003 1.972 (1.055-3.688) 0.033 1.853 (0.978-3.510) 0.058
P interaction 0.848 0.875 0.812

Each subgroup analysis was adjusted for age, sex, race, educational level, marital status, smoking status, DBP, TC, HDL-C, LDL-C, albumin, eGFR, uric acid, Hypertension, Hypotensive drugs,
Chronic kidney disease.
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Model 1 Model 2 Model 3 Model 4

OR (95%ClI) B OR (95%Cl) B OR (95%ClI) B OR (95%Cl)

TyG continuous 1.209 (1.050-1.392) 0.008 1.258 (1.088-1.455) 0.002 1.210 (1.042-1.406) 0.012 1.222 (1.008-1.480) 0.041

TyG categories

Q1 Ref. Ref. Ref. Ref.

Q 0955 (0.758-1.203) 0696 0994 (0.786-1.257) 0959 0970 (0.764-1.232) 0.806 1011 (0.789-1.295) 0932
(o5} 1.087 (0.869-1.361) e 1.094 (0.870-1.376) | oan 1.061 (0.839-1.340) 0622 109 (0.861-1.404) 0.448
Q4 1315 (1.052-1.645) 0016 1377 (1.095-1.730) 0.006 1.279 (1.010-1.619) 0041 1.436 (1.124-1.835) 0.004

Excluded subjects with eGFR < 30 mL/1.73m*/min.

Model 1: Unadjusted.

Model 2: Adjusted for age, sex.

Model 3: Adjusted for age, sex, race, educational level, marital status, smoking status, DBP.

Model 4: Adjusted for age, sex, race, educational level, marital status, smoking status, DBP, TC, HDL-C, LDL-C, albumin, eGER, uric acid, Hypertension, Hypotensive drugs, Chronic
kidney disease.
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Quartiles of TyG index

Q1(<8.67) Q2(8.67-8.96) Q3(8.96-9.20) Q4(>9.20)
N(%) 752(25.2) 729(24.4) 767(25.7) 739(24.7)
Age, years 70.91(6.87) 70.16(6.79) 69.90(6.62) 69.71(6.79) 0.003
Sex, n(%)
Male 354(47.1) 343(47.1) 460(60.0) 403(54.5) <0.001
Female 398(52.9) 386(52.9) 307(40.0) 336(45.5)
Race, n(%) | <0.001
Mexican American 101(13.4) 125(17.1) 135(17.6) 144(19.5)
Non-Hispanic Black 262(34.8) 177(24.3) 151(19.7) 109(14.7)
Non-Hispanic White 251(334) 267(36.6) 327(42.6) 340(46.0)
Other Hispanic 83(11.0) 85(11.7) 86(11.2) 95(12.9)
Other Race 55(7.3) 75(10.3) 68(8.9) 51(6.9)

Educational level, n(%)

Less than high school 159(21.1) 168(23.0) 169(22.0) 176(23.8)

High school or equivalent 312(41.5) 274(37.6) 305(39.8) 315(42.6) 0256

Some college or above 281(37.4) 287(39.4) 293(38.2) 248(33.6)
Marital status, n(%) 0.071

Married 393(52.3) 372(51.0) 450(58.7) 418(56.6)

Widowed 186(24.7) 193(26.5) 151(19.7) 157(21.2)

Divorced 91(12.1) 91(12.5) 87(11.3) 92(12.4)

Never married 82(10.9) 73(10.0) 79(10.3) 72(9.7)
Smoking status, n(%) 365(31.7) 379(35.1) 406(35.8) 416(39.2) <0.001
Alcohol consumption, n(%) 432(57.4) 408(56.0) 450(58.7) 413(55.9) 0.465
Hypertension, n(%) 0.207

Yes 608(80.9) 557(76.4) 605(78.9) 576(77.9)

No 144(19.1) 172(23.6) 162(21.1) 163(22.1)
Hypotensive drugs, n(%) 04

Yes 552(73.4) 506(69.4) 550(71.7) 526(71.2)

No 200(26.6) 223(30.6) 217(28.3) 213(28.8)
CKD, n(%) 0.016

Yes 261(34.7) 224(30.7) 214(27.9) 210(28.4)

No 491(65.3) 505(69.3) 553(72.1) 529(71.6)
SBP, mmHg 134.13(34.65) 134.01(31.71) 132.17(30.13) 135.65(31.82) 0218
DBP, mmHg 65.34(19.44) 65.68(18.86) 65.79(17.54) 66.31(17.70) 0.782
BMI, kg/m* 29.39(8.02) 29.92(8.22) 30.99(7.95) 30.39(8.35) 0.001
FBG, mmol/L 6.16(1.10) 6.54(1.33) 6.68(1.24) 9.25(3.66) <0.001
HbAIc, % 6.60(1.21) 6.91(1.34) 7.03(1.41) 7.44(1.87) <0.001
TG, mmol/L 4.49(3.56,5.24) 6.83(6.20,7.36) 8.42(8.00,9.02) 10.28(8.89,12.78) <0.001
TC, mmol/L 4.55(1.04) 4.60(1.09) 4.56(1.07) 4.88(1.22) <0.001
HDL-C, mmol/L 1.63(0.44) 1.32(0.22) 1.10(0.26) 1.08(0.31) <0.001
LDL-C, mmol/L 2.56(0.67) 2.72(0.59) 2.79(0.48) 2.77(0.93) <0.001
Albumin, g/L 41.21(3.49) 41.40(3.32) 41.44(3.33) 41.43(3.27) 0.499
Uric acid, pmol/L 342.37(92.85) 352.38(93.61) 362.22(92.86) 358.98(98.13) <0.001
eGFR, mL/1.73m*/min 72.63(51.89,94.19) 75.38(56.04,98.35) 78.17(59.27,101.02) 79.96(58.82,103.19) <0.001
Cardiovascular disease, n(%) 0.015

Yes 227(30.2) 223(30.6) 252(32.9) 275(37.2)

No 525(69.8) 506(69.4) 515(67.1) 464(62.8)

Values are number (percentage), or median (25th-75th percentile).
CKD, chronic kidney disease; SBP, systolic blood pressure; DBP, diastolic blood pressure; BMI, body mass index; FBG, fasting blood glucose; HbAL, glucated hemoglobin; TG, triglyceride; TC,
total cholesterol; HDL-C, high density lipoprotein cholesterol; LDL-C, low density lipoprotein cholesterol; eGFR, estimated-glomerular filtration rate.
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Model 1 Model 2 Model 3 Model 4

OR (95%Cl) OR (95%Cl) OR (95%Cl) P OR (95%Cl)

TyG continuous 1.235 (1.078-1.414) 0.002 1.291 (1.124-1.484) <0.001 1.222 (1.019-1.465) 0.030 1.222 (1.016-1.469) 0033

TyG categories

Q1 Ref. Ref. Ref. Ref.

Q2 1.019 (0.817-1.272) 0.866 1.063 (0.848-1.331) 0.597 1.047 (0.831-1.318) 0.698 1.046 (0.827-1.323) 0.705
Q3 1.132 (0.911-1.405) 0.263 1.157 (0.927-1.443) 0.197 1.171 (0.934-1.469) 0.172 1.126 (0.893-1.420) 0317
Q1 1.371 (1.105-1.701) 0.004 1.445 (1.160-1.801) 0.001 1.540 (1.225-1.937) <0.001 1.480 (1.171-1.871) 0.001

Model 1: Unadjusted.

Model 2: Adjusted for age, sex.

Model 3: Adjusted for age, sex, race, educational level, marital status, smoking status, DBP.

Model 4: Adjusted for age, sex, race, educational level, marital status, smoking status, DBP, TC, HDL-C, LDL-C, albumin, eGFR, uric acid, Hypertension, Hypotensive drugs, Chronic

kidney disease.
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Indirect effect: 0.012 (0.005, 0.019), P <0.0001

BMI

Total effect: 0.058 (0.024, 0.097), P =0.002

Proportion of mediation = 20.0%

the TyG index hyperuricemia

Direct effect: 0.046 (0.013, 0.086), P = 0.006
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Kim H et al.{2023) suhstudy -0121 01588
Kim H et al.(2023) substudy2 -0.0419 01584
Kim H et al.(2023) substudy3 -0.0598 0.1486
Li 5 etal.{2020-1 0.8671 0.1994
Zhang F et al.(2023) substudyl 0.3646 01152
Zhang F et al.{2023) substudy2 06471 01371

Total (95% CI)

Hazard Ratio

Weight IV, Random, 95% CI

16.9%
16.5%
16.9%
15.0%
17.8%
17.3%

100.0%

Heterogeneity: Tau®= 0.12; Chi®= 32.08, df= 5 (P = 0.00001); F= 34%

Test for overall effect: Z=1.74 (P =0.08)

0.89 [0.65, 1.21]
0.9 [0.70,1.31]
0.94 [0.70, 1.26]
2,38 [1.61, 3.57]
1.44[1.14,1.87]
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1.31[0.97, 1.78]

Hazard Ratio
IV, Random, 95% CI

0z 0.4 1 2
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A

Hazard Ratio Hazard Ratio
Study or Subgrou log[Hazard Ratio SE Weight IV, Random, 95% CI IV, Random, 95% CI
Cardozso CRL et al.{(2018) substudyl 0.2151 012483 6.3% 1.24[0.87,1.54 —
Cardoso CRL et al.{2018) substudy2 02311 0123 6.4% 1.26[0.99, 1.60 ™
Ceriello A et al.(2022) substudyl 01133 00328 13.8% 1.121[1.051.14 =
Ceriello A et al.(2022) substudy2 0.207 00388 134% 1.23[1.14,1.33 -
Ceriello A et al.(2022) substudy3 027 00405 13.2% 1.31[1.21,1.42 e
Kaze AD et al.{2020) substudyl 0.0488 01649 4. 4% 1.05[0.76,1.45 T
Kaze AD et al.{2020) substudy2 0.0198 01707 4.2% 1.02[0.73,1.43 —f
Kaze AD et al.(2020) substudy3 0.01 01944 3.4% 1.01 [0.69, 1.48 -1
Takao T et al.{2014) substudyl 0.8977 0.4657 0.7% 24510099 6.11
Takao T et al.{2014) suhstudy2 1.8335 0.49498 0.6% 6.26 [2.35, 16.66
Takao T et al.{2014) substudy3 1.9088 05288 0.6% B.74[2.39,15.02
Wan EY et al.{2016) 0.2453 0.0394 13.3% 1.281[1.18,1.38 e
Wan EYF et al.{2020) 03221 00188 147% 1.381[1.33,1.43 -
W TE et al.(2022) 0.3584 01583 4.9% 1.43[1.06,1.93] =
Total (95% CI) 100.0% 1.27 [1.17, 1.37] L]
ity 2= “Chif= = CR= T e e e B
Heterogeneity: Tau®= 0.01; Chi®*=60.23, df=13 (P = 0.00001); F=78% 005 02 T : o1

Testfor overall effect Z=5.79 (P = 0.00001)

B

Study or Subgrou|

log[Hazard Ratio

Hazard Ratio

SE Weight IV, Random, 95% CI

Favours [experimental]

Hazard Ratio
IV, Random, 95% CI

Favours [contral]

Cardoso CRL et al.{2018) suhstudyl 0,207 01086 1289% 1.23[1.00,1.51

Cardoso CRL et al.{2018) substudy2 021581 01047 13.0% 1.24 [1.01,1.52 ™

Lin CC et al.{2024) substudyl 0.3365 01277 116% 1.40([1.08,1.80 .

Lin CC et al.{2024) substudy2 03436 01313 11.4% 1.41[1.09,1.82 -

Lin CC et al.{2024) substudy3 06523 01027 131% 1.92[1.57,2.35 -

Takao T et al.{2014) substudy 08854 04589 24% 2.42[0.99 596

Takao T et al.(2014) substudy2 1.5332 04753 2.2% 4.63[1.83,11.76

Takao T et al.{2014) substudy3 01476 0.0389 16.4% 116[1.07,1.25 -

Wan EY et al.(2016) 00208 0003 171% 1.02[1.02,1.03 »

Total (95% Cl) 100.0% 1.35[1.16, 1.57] L J

Heterogeneity: Tau®= 0.03; Chi*= 80.36, df= 8 (P = 0.00001); F= 90% _n'ns—u'z—'—é—fn_

Testfor overall effiect Z=3.94 (F < 0.0001) Favours [experimental] Favours [control]
Hazard Ratio Hazard Ratio

loglHazard Ratio SE Weight IV, Random, 95% CI
-0.2357 00617 33.3% 0.79[0.70,0.89)
-0.0202 00607  33.3% 098 [0.87,1.10]
0.2469 0.0591 33.4% 1.28[1.14,1.44]

IV, Random, 95% CI

Hsu JC et al.(2023) substudyl
Hsu JC et al.{2023) substudy?2
Hzu JC et al.{2023) substudy3

Total (95% CI) 100.0%
Heterogeneity: Tau®= 0.06; Chi®= 3214, df= 2 (P = 0.00001); F=94%
Test for overall effect: £=0.02 (F=0.99)

1.00 [0.76, 1.31]

0.7 0.85 1 1.2 1.5
Favours [experimental] Favours [control]
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Hazard Ratio
Study or Subgrou log[Hazard Ratio SE Weight IV, Random, 95% CI
Bonke FC et al.(2016) substudyl -0.1054 0.0292 6.0% 0.90[0.85,0.95
Bonke FC et al.{2016) substudy2 -0.2357 0.0691 5.3% 0.79[0.69, 0.90
Bouchi R et al.{2012) substudyl 0.392 04692 0.7% 1.481[0.59, 3.71
Bouchi R et al.{2012) substudy2 08416 0.4449 0.8% 2.321[0.87 5585
Bouchi R et al.{2012) substudy3 1.2179 0.5868 0.5% 3.38[1.07,10.68
Cardoso CRL et al.(2018) substudy1 01044 01014 4.5% 1.11[0.81,1.35
Cardoso CRL et al.{2018) substudy2 01823  0.093 47% 1.201[1.00,1.44
GuJetal.{(2018) 05619 0.2852 1.6% 1.75[1.00, 3.07
Lee My et al.{2017) substudyl 0.2546 0.1258 4.0% 1.29101.01,1.65
Lee MY et al.{2017) substudy2 0013 0118 41% 1.01 [0.80,1.28
Luk AD et al.{2013) 0.239 0.0506 5.6% 1.27[1.15,1.40
Ma C et al.{2022) substudy 01133 0327 1.3% 1.121[059 213
Ma C et al.{2022) substudy2 -0.2231 0.3537 1.2% 0.801[0.40,1.60
Ma C et al.{2022) substudy3 -0.2231 0.37498 1.0% 0.801[0.38,1.68
Maajani K et al.(2025) substudyl 06419 01344 3.8% 1.90[1.46, 2.47
Maajani K et al.{2025) substudy2 0.3221 0.0671 5.3% 1.381[1.21,1.87
Manosroi W et al. (2023 substudyl 0.27 01693 3I1% 1.31[0.84,1.83
Manosroi W et al.(2023) substudy2 06259 0.1587 33% 1.87[1.37,2.85
Manosroi W et al. (2023 substudy3 0.7129 01535 34% 2.04[1.51, 276
ShenY et al.{2021) substudy 0.27 0.0577 5.5% 131117, 1.47
Shen et al.{2021) suhstudy2 0.4055 0.0538 5.6% 1.801[1.35,1.67
ShenY et al.{2021) suhstudy3 0.5878 0.0665 5.3% 1.801[1.58, 2.04
Shen et al.{2021) suhstudyd 0.2624 0.0408 5.8% 1.30101.20,1.41
Teh ¥R etal.(2025) 01258 0.0359 5.9% 1.13[1.06,1.22
Wan EY et al.{2018) 0.0944 0.0492 a.7% 1.101[1.00,1.21
Wan EYF et al.{2020) 01398 0.0135 B.1% 1180112, 118
Total (95% CI) 100.0% 1.27 [1.17, 1.38]

Heterogeneity: Tau®=0.03; Chi*= 24615, df= 25 (P = 0.00001}; F=90%
Test for overall effect: £= 567 (P = 0.00001)

Hazard Ratio
IV, Random, 95% CI
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—_—
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Favours [experimental] Favours [control]

B
Odds Ratio Odds Ratio
Study or Subaroup log[Odds Ratio] SE Weight IV, Fixed, 95% CI IV, Fixed, 95% CI
Akselrod D et al.(2021) 02295 01075 827% 1.26[1.02 1.55]
Bonke FC et al.{2016) substudyl 0.8299 04857 41% 2.29[0.89, 5.94]
Bonke FC et al.{2016) substudy2 -0.0513 0.3336 8.6% 0.95[0.49 1.83]
Liux etal (2024) 0.8671 04527 4. 7% 2.38[0.98 578
Total (95% CI) 100.0% 1.30 [1.07, 1.57] <>

Heterogeneity: Chi*= 413, df= 3 (P=0.28), F=27%
Testfor overall effect: £= 2.65 (F=0.008)

0.z 0.4 1 2
Favours [experimentall] Favours [control]
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Hazard Ratio Hazard Ratio
Study or Subgrou log[Hazard Ratio SE Weight IV, Random, 95% CI IV, Random, 95% CI
Bouchi R et al.{2012) substudyl 0.8416 0.6651 0.7% 2.32[0.63 854
Bouchi R et al.{2012) substudy2 11787 0.6384 0.8% 3.25[0.83,11.36
Bouchi R et al.{2012) substudy3 1.4061 06417 0.8% 408[1.16,14.35
Cardozo CRL et al.(2018) substudy1 0.0953 0.0857 8.3% 1.10[0.83,1.30 ™
Cardoso CRL et al.{2018) substudy2 01587 0.0852 8.3% 1.17[0.89,1.38 ™
GuJetal.{2018) 04725 0.2094 4.5% 1.60[1.06, 2.42 =
Ma C et al {2022 substudy 0.0488 03117 27% 1.05[0.57,1.93 —F
Ma C et al.{2022) substudy2 -0.478 0.3704 2.0% 0.62[0.30,1.28
Ma et al.{2022) substudy3 -0.0726 0.3482 2.3% 0.93[0.47 1.84 —a
Moosaie F et al.{2021) substudyl 0.3646 0.51 1.2% 1.44[0.53, 3.91
Moosaie F et al.{2021) substudy2 0.0862 0.1452 B.3% 1.09[0.82,1.45 T
Moosaie F et al.{2021) substudy3 0.3436 0.1267 6.9% 1.41[1.10,1.81 =
Moosaie F et al.{2021) substudy4 0.3853 01387 6.5% 1.47[1.12,1.93 Sl
Shen et al.{2021) substudy 02776 0.0572 91% 1.32[1.18,1.48 ks
Shen etal.{2021) suhstudy2 0.4383 0.0556 9.2% 1.6851[1.39,1.73 -
Shen et al.{2021) substudy3 0.5539 0.0656 8.9% 1.74[1.53,1.98 e
ShenY et al.{2021) suhstudyd 01823 00217 98% 1.20[1.15,1.25 *
Teh ¥R et al.(2025) 1.466 0.378 2.0% 4.33[2.07,9.049
Wan EY et al.{2016) 0008 00036 10.0% 1.01 [1.00,1.02 1
Total (95% CI) 100.0% 1.32[1.18, 1.49] 4
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Liuxetaliz024) 02776 01463 18.9% 1.32[0.99 1.76]
Sato M et al.(2021) substudy -0.0305 0.2713 5.5% 0.97[0.47, 1.65]
Sato M et al.(2021) substudy2 0.2311 0.2647 8.8% 1.26[0.75, 212
Sato M et al.(2021) substudy3 0.6881 0.2496 B.5% 1.99[1.22 3.29] &
Sato M et al (2021) substudy4 0.5481 0.2646 5.8% 1.73[1.03, 2.91]
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Ahn CH et al.{2017) substudy 05653 02834 18.8% 1.76 [1.01, 3.07]
Ahn CH et al. {2017 substudy2 1.0367 0.2924 18.4% 2.82[1.59, 5.00]
Kim MK et al.{2018) substudyl -0.0202 02254 21.7% 0.98 [0.63,1.52]
Kim MK et al.{2018) substudy2 -0.10584 02513 20.4% 0.90[0.55,1.47]
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Enrolled 36126 diabetic participants from UKB
database
participants Inclusion:
selection Exclusion: 1. According to information from the hospital

1. Missing data on WC and diagnosis record. 2. HbA1c>=6.5%. 3. Fasting
HbAlc.2. History of AF and HF. glucose>=7.0mmol/L. 4. Hypoglycemic treatment.

A total of 31733 participants were included
in this study
I

Data GDR(5.487-7.689) GDR(>7.69)
. : € g = € >/,
extraction N=7933 N=7934

Statistivsl Kaplan-Meier curve and Log-rank test, Multivariate Cox
Al proportional hazards models, restricted cubic splines, PRS anlysis,
antysis Boruta algorithm, Subgroup analysis, and Mediation analysis.

!

1. High eGDR level was associated with a decreased risk of AF, HF, and cardiovascular
mortality. 2. High eGDR could reduce the risk of AF, HF, and cardiovascular mortality in
diabetic patients with high genetic susceptibility. 3. eGDR contributes most significantly
to the predicted ending for AF, HF and cardiovascular mortality. 4. 10.7%, 7.9%, and
10.3% of the relationship between eGDR and AF, HF, and cardiovascular mortality among
individuals with diabetes were mediated by eGFR.

¢GDR(<4.167)
N=7933

eGDR(4.168-5.486)
N=7933
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NMI-ECV (Model 2) MI-ECV (Model 3)

Variables
HR (95%Cl) HR (95%Cl)
hs-TnT, ng/L 157 (1.14 ~ 2.15) 0.006 1.56 (1.13 ~ 2.15) 0.007
NT-proBNP, pg/mL
Integral ECV, % Not in model Not in model
NMI-ECV, % ‘ 1.07 (100 ~ 1.14) 0039 Not in model
MI-ECV, % ‘ Not in model 1.03 (100 ~ 1.07) 0024
GLS% 0.88 (0.80 ~ 0.97) 0.009 0.86 (0.78 ~ 0.94) 0.001
LVEE, %
MVO% 1.07 (1.01 ~ 1.12) 0.013
LGE%

ECV, extracellular volume; LVEF, left ventricular ejection fraction; GLS, global longitudinal strain; LGE, late gadolinium enhanced; MVO, microvascular obstruction; hs-TnT, high sensitivity
troponin T; NT-proBNP, N-terminal pro-B-type natriuretic peptide; MI, myocardial infarction; NMI, non-myocardial infarction.
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GLS
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hs-TnT
Integral ECV
NMI-ECV

MI-ECV
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0.659

0.633

0.562

0.639

95%Cl

0.604 ~ 0.801

0530 ~ 0.744

0.565 ~ 0.753

0533 ~ 0.733

0455 ~ 0.670

0537 ~ 0.741

<0.001

0.009

0.002

0.011

0.236

0.008

1.91

2450.5

33.16

30.16

48.18

0.585

0.780

0.439

0.244

0.610

0.716

0.707

0.509

0.793

0.966
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GLS, global longitudinal strain; MVO, microvascular obstruction; hs-TnT, high sensitivity troponin T; MI, myocardial infarction; NMI, non-myocardial myocardial infarction.
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Variables

Age, years 56.84 + 11.26 61.41 + 11.54 0.028
Female, n (%) 22 (19.0) 5(122) 0323
BMI, kg/m2 25.96 + 3.38 255+ 271 0.426
Smoker, n (%) 54 (46.6) 18 (43.9) 0.770
Hypertension, n (%) 53 (45.7) 16 (39.0) 0.460
Stroke, n (%) 17 (14.7) 7 (17.1) 0.712
STEML, n (%) 72 (62.1) 30 (73.2) 0.200
SBP, mmHg 130.8 £ 19.71 125.68 + 16.88 0.141
DBP, mmHg 79.8 +13.39 79.15 + 13.85 0.790
Heart rate, bpm 80.39 + 14.19 79.71 £ 16.12 0.799
Total cholesterol,
mmol/L 4.27 £ 1.08 4.52 +0.82 0.183
) 194 +1.55 184+ 124 0713
mmol/L
HDL cholesterol,
mmol/L 0.96 + 0.24 094+ 0.2 0.666
LDL cholesterol,
sl 2.63 £0.94 291 +0.83 0.091
HbAlc, % 6.58 + 1.25 6.68 + 0.84 0.630
FBG, mmol/L 8.85 + 3.49 9.09 + 3.08 0.698
eGFR, mL/min/
173 m? 109.81 + 16.69 106.31 + 16.65 0.249
hs-CRP, mg/L 13.75 (4.23, 47) 17.4 (7.25,5325) | 0342
hs-TnT, ng/L 2392.5 (773.4, 5072.8) (248(‘)1.95‘,128;)88.5) 0.002
NT-proBNP, pg/mL 950.0 (545.0, 1932.3) (784?51,535;;0.5) 0.003
Antiplatelet, n (%) 115 (99.1) 41 (100.0) 1.000
Statins, n (%) 112 (96.6) 38 (92.7) 0.326
Dapagliflozin, n (%) 84 (72.4) 31 (75.6) 0.691
Insulin, n (%) 42 (36.2) 18 (43.9) 0383
ACEI/ARB, n (%) 76 (65.5) 25 (61.0) 0.602
B-Blockers, n (%) 101 (87.1) 34 (82.9) 0.511
Spironolactone, 12 (10.3) 6 (14.6) 0.469
n (%)
Killip class, n (%) 0.768
I 106 (91.4) 36 (87.8)
11 6 (5.2) 3(7.3)
o 1(0.9) 0 (0.0)
v 3 (2.6) 2 (49)
IRA, n (%)
LCX 26 (22.4) 10 (24.4) 0.796
LAD 51 (44.0) 14 (34.1) 0.273
RCA 38 (32.8) 15 (36.6) 0.656
Others 1(0.9) 2 (4.9) 0.167
Integral ECV, % 2942 + 6.25 32.73:+ 5.85 0.003
NMI-ECV, % 23.82 +5.18 26.06 + 591 0.023
MI-ECV, % 45.37 + 10.24 50.52 + 10.49 0.007
GLS, % 13.79 £ 4.22 10.97 + 4.27 <0.001
LVEF, % 46.71 £ 10.56 42.04 £ 11.01 0.017 7
LV-EDVi, mL/m* 7749 + 17.83 78.27 + 24.24 0.827
LV-ESVi, mL/m? 43.73 £ 15.97 48.18 + 20.53 0.158
MVO, n (%) 62 (53.4) 27 (65.9) 0.168
MVO% 021 (0, 3.19) 2.82 (0, 9.70) 0.007
LGE% 22.20 (15.25, 30.77) 3134 0.013
(18.50, 42.20)

BMI, body mass index; STEMI, ST-segment elevation myocardial infarction; GFR, glomerular
filtration rate; ECV, extracellular volume; LVEF, left ventricular ejection fraction; GLS, global
longitudinal strain; LV, left ventricular; EDVi, end-diastolic volume index; LGE, late
gadolinium enhanced; MVO, microvascular obstruction; ESVi, end-systolic volume index;
SBP, systolic blood pressure; DBP, diastolic blood pressure; LAD, left atrial diameter; LCX, left
circumflex artery; RCA, right coronary artery; ACEL angiotensin-converting-enzyme
inhibitor; IRA, infarct-related artery; ARB, angiotensin II receptor blocker; HDL-C, high-
density leptin cholesterol; LDL-C, low-density leptin cholesterol; Others, left main coronary

artery and intermediate branch; hs-CRP, high sensitivity C-reactive protein; hs-Tn'T, high
sensitivity troponin T; NT-proBNP, N-terminal pro-B-type natriuretic peptide; MI,

myocardial infarction; NMI, non-myocardial infarction.
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Variables

HR (95%Cl)

Univariate

Multivariate

Integral ECV (Model 1)

HR (95%Cl)

P

Age, years 1.02 (0.99 ~ 1.05) 0.173

Female, n (%) 0.65 (025 ~ 1.65) 0.360

BMI, kg/m* 0.97 (0.88 ~ 1.07) 0.524

Current smoker, n (%) 0.86 (0.46 ~ 1.62) 0.644

Hypertension, n (%) 076 (0.41 ~ 1.44) 0.405

Stroke, n (%) 0.49 (0.15 ~ 1.59) 0235

STEML, n (%) 1.67 (0.76 ~ 3.66) 0.203

SBP, mmHg 099 (0.97 ~ 1.00) 0.172

DBP, mmHg 1.00 (0.97 ~ 1.02) 0714

Heart rate, bpm 1.00 (0.98 ~ 1.02) 0.764

Total cholesterol, mmol/L 1.18 (0.87 ~ 1.61) 0.294

Triglycerides, mmol/L 1.00 (0.78 ~ 1.27) 0.983

HDL cholesterol, mmol/L 061 (0.15 ~ 2.42) 0478

LDL cholesterol, mmol/L 1.26 (0.90 ~ 1.78) 0.179

HbAlc, % 1.04 (0.83 ~ 1.32) 0.726

FBG, mmol/L 1.02 (0.93 ~ 1.11) 0.699

eGFR, mL/min/1.73 m* 099 (0.98 ~ 1.01) 0.524

hs-CRP, mg/L 1.00 (0.99 ~ 1.01) 0.989

hs-TnT, ng/L 1.62 (118 ~ 2.23) 0.003 1.57 (114 ~ 2.16) 0.006
NT-proBNP, pg/mL 141 (1.04 ~ 1.91) 0.028

Statins, n (%) 0.62 (0.19 ~ 2.01) 0427

Dapagliflozin, n (%) 1.07 (0.52 ~ 2.20) 0.846

Insulin, n (%) 1.38 (0.67 ~ 2.84) 0.384

ACEI/ARB, n (%) 092 (048 ~ 1.75) 0.800

B-Blockers, n (%) 098 (041 ~ 2.33) 0.959

Spironolactone, n (%) 1.37 (0.58 ~ 3.27) 0474

Killip >2, n (%) 1.47 (0.47 ~ 4.60) 0.505

IRA-LCX, n (%) 095 (045 ~ 2.00) 0.898

IRA-LAD, n (%) 0.73 (038 ~ 1.41) 0351

IRA-RCA, n (%) 1.23 (0.65 ~ 2.34) 0525

Integral ECV, % 111 (105 ~ 1.18) <0.001 1.07 (1.01 ~ 1.13) 0.023
NMI-ECV, % 1.10 (1.03 ~ 1.18) 0.007 Not in model

MI-ECV, % 1.04 (1.02 ~ 1.07) 0.002 Not in model

GLS, % 0.84 (0.77 ~ 0.92) <0.001 090 (0.81 ~ 0.99) 0.033
LVEF, % 0.97 (0.94 ~ 0.99) 0.025

LV-EDVi, mL/m* 1.00 (0.99 ~ 1.02) 0.662

LV-ESVi, mL/m* ‘ 1.01 (1.00 ~ 1.03) 0.137

MVO, n (%) ‘ 1.33 (0.69 ~ 2.55) 0.390

MVO% ‘ 1.08 (1.03 ~ 1.13) 0.002 1.06 (1.01 ~ 1.11) 0.023
LGE% \ 1.02 (1.01 ~ 1.04) 0.024

BMI, body mass index; GFR, glomerular filtration rate; STEMI, ST-segment elevation myocardial infarction; ECV, extracellular volume; LVEF, left ventricular ejection fraction; GLS, global
longitudinal strain; LV, left ventricular; EDVi, end-diastolic volume index; LGE, late gadolinium enhanced; MVO, microvascular obstruction; ESVi, end-systolic volume index; SBP, systolic blood
pressure; DBP, diastolic blood pressure; LAD, left atrial diameter; LCX, left circumflex artery; RCA, right coronary artery; ACEI, angiotensin-converting-enzyme inhibitor; IRA, infarct-related
artery; ARB, angiotensin II receptor blocker; HDL-C, high-density leptin cholesterol; LDL-C, low-density leptin cholesterol; Others, left main coronary artery and intermediate branch; hs-CRP,
high sensitivity C-reactive protein; hs-TnT, high sensitivity troponin T; NT-proBNP, N-terminal pro-B-type natriuretic peptide; MI, myocardial infarction; NMI, non-myocardial infarction.
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Heart failure

Cases/Total no.(%)

760113713 (5.54)
394/3620 (10.88)
165/2958 (5.58)
143/3116 (4.59)
58/4019 (1.44)
2285/18020 (12.68)
952/4313 (22.07)
625/4975 (12.56)
484/4817 (10.05)
22413915 (5.72)

2068/18178 (11.38)
997/5548 (17.97)
540/5135 (10.52)
37114182 (8.87)
160/3313 (4.83)
977/13555 (7.21)
349/2385 (14.63)
25012798 (8.93)
256/3751 (6.82)
12214621 (2.64)

1082/15631 (6.92)
113/810 (13.95)
34213335 (10.25)
420/5322 (7.89)
207/6164 (3.36)
1927115955 (12.08)
1212/7055 (17.18)
44114570 (9.65)
204/2585 (7.89)
7011745 (4.01)

525/7798 (6.73)
2451681 (14.57)
12611720 (7.33)
96/1922 (4.99)
58/2475 (2.34)
2445/23330 (10.48)
1073/6093 (17.61)
643/6071 (10.59)
512/5838 (8.77)
217/5328 (4.07)

1105/14978 (7.38)
459/3309 (13.87)
283/3536 (8.00)
246/3916 (6.28)
1714217 (2.77)
1910/16439 (11.62)
875/4553 (19.22)
495/4315 (11.47)
377/3934 (9.58)
163/3637 (4.48)

27412631 (10.41)
115/619 (18.58)
711646 (10.99)
60/671 (8.94)
28/695 (4.03)
2751/28938 (9.51)
1224/7279 (16.82)
71217255 (9.81)
56217217 (7.79)
2537187 (3.52)

HR (95% CI)

0.78 (0.74 0 0.82)
1.00 (reference)

0.58 (0.47t0 0.71)
0.55 (0.43 to 0.69)
0.22(0.15100.32)
0.87 (0.8510 0.90)
1.00 (reference)

0.68 (0.61100.77)
067 (0.5910 0.78)
0.53 (0.4310 0.66)

0.85 (0.83100.87)
1.00 (reference)

063 (0.55t00.71)
062 (0.53t00.71)
044 (0.36 10 0.56)
0.85 (0.81100.89)
1.00 (reference)

0.72(0.60t0 0.87)
0.71(0.58 0 0.89)
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0,65 (0.52t0 0.81)
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0.80 (0.78 0 0.83)
1.00 (reference)
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0.58 (0.49 10 0.69)
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0.80 (0.75 0 0.85)
1.00 (reference)

0.55 (0.43 10 0.70)
047 (0.3510 0.63)
0.35(0.23100.53)
0.86 (0.84 10 0.88)
1.00 (reference)

067 (0.60100.75)
0,69 (0.60 10 0.79)
0.45 (0.37 10 0.56)

0.82(0.7910 0.86)
1.00 (reference)

0,65 (0.5510 0.77)
0,63 (0.52100.77)
0.41(0.30t0 0.55)
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1.00 (reference)
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045 (0.35 10 0.56)

0.79(0.7210 0.86)
1.00 (reference)

0.71(0.5210 0.99)
0,64 (0.43100.94)
0.31(0.18100.55)
0.85 (0.83100.88)
1.00 (reference)
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064 (0.57t00.73)
045 (0.37t0 0.54)

b1

—

—T—T— T

01

03 05 07 09111
HR (95% CI)

P value

<0.001

<0.001
<0.001
<0.001
<0.001

<0.001
<0.001
<0.001

<0.001

<0.001
<0.001
<0.001
<0.001

<0.001
0.002
<0.001

<0.001

0.001

<0.001
<0.001
<0.001

<0.001
<0.001
<0.001

<0.001

<0.001
<0.001
<0.001
<0.001

<0.001
<0.001
<0.001

<0.001

<0.001
<0.001
<0.001
<0.001

<0.001
<0.001
<0.001

<0.001

0.043
0.022
<0.001
<0.001

<0.001
<0.001
<0.001

P interaction
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Cardiovascular mortality

Cases/Total no.(%)

491/13713 (3.58)
234/3620 (6.46)
11012958 (3.72)
96/3116 (3.08)
51/4019 (1.27)
1420/18020 (7.88)
536/4313 (12.43)
42214975 (8.48)
299/4817 (6.21)
163/3915 (4.16)

1412118178 (7.77)
631/5548 (11.37)
39715135 (7.73)
253/4182 (6.05)
131/3313 (3.95)
499/13555 (3.68)
139/2385 (5.83)
135/2798 (4.82)
142/3751 (3.79)
83/4621 (1.80)

761115631 (4.87)
75/810 (9.26)
24413335 (7.32)
281/5322 (5.28)
161/6164 (2.61)
1120115955 (7.02)
677/7055 (9.60)
281/4570 (6.15)
113/2585 (4.37)
49/1745 (2.81)

35417798 (4.54)
125/1681 (7.44)
102/1720 (5.93)
8201922 (4.27)
4512475 (1.82)
1510123330 (6.47)
627/6093 (10.29)
417/6071 (6.87)
302/5838 (5.17)
164/5328 (3.08)

673/14978 (4.49)
26213309 (7.92)
186/3536 (5.26)
14413916 (3.68)
81/4217 (1.92)
1216/16439 (7.40)
492/4553 (10.81)
346/4315 (8.02)
250/3934 (6.35)
128/3637 (3.52)

15012631 (5.70)
55/619 (8.89)
40/646 (6.19)
33/671 (4.92)
22/695 (3.17)
1746/28938 (6.03)
70717279 (9.71)
49017255 (6.75)
36017217 (4.99)
189/7187 (2.63)

HR (95% Cl)

0.82(0.77100.87)
1.00 (reference)

068 (0.53 0 0.87)
064 (0.48100.86)
036 (0.24 10 0.55)
0.87 (0.84 t0 0.90)
1.00 (reference)

0.79 (0.68 t0 0.91)
0.68 (0.57 10 0.81)
0.58 (0.4500.75)

086 (0.83100.89)
1.00 (reference)

0.70 (0.60 t0 0.81)
060 (0.50t00.72)
049 (0.38 10 0.64)
088 (0.83 10 0.94)
1.00 (reference)

0.99 (0.76 t0 1.29)
099 (0.73101.35)
0.72(0.47 t0 1.10)

0.90 (0.86 t0 0.94)
1.00 (reference)

0.78 (0.60 to 1.02)
0.72(0.55 10 0.95)
053 (0.38 10 0.74)
0.82(0.7900.86)
1.00 (reference)
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049 (0.35 0 0.68)
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1.00 (reference)
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1.00 (reference)

0.74(0.64 10 0.85)
067 (0.56 10 0.79)
0.55 (04310 0.70)

0.82(0.77 10 0.86)
1.00 (reference)

0.76 (0.62 10 0.95)
0.65 (0.50 t0 0.84)
047 (0.33100.68)
088 (0.85100.92)
1.00 (reference)

0.78 (0.67 10 0.92)
0.72(0.59 10 0.87)
0.55 (04210 0.73)

0.83(0.73100.93)
1.00 (reference)
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0.86 (0.50 to 1.47)
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0.86 (0.84 10 0.89)
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Total (n=450)

Age, years 47(39, 54) 42 (34-51) 50 (45-56) <0.001*
Duration of disease, years 3(1-5) 3(1-5) 3(1-5) 0.641
13437.00 (10544.25
- 17800.50)
BMLI, kg/m* 2525 (23.72 - 27.04) 2525 (23.14,26.58) 25.25 (24.34,27.43) 0.003*
Systolic blood pressure, mmHg 130.00 (120.00 - 141.75) 130.00 (119.00-141.00) 130.00 (120.00-142.00) 0334
Diastolic blood pressure, mmHg 80.00 (73.25 - 87.00) 80.00 (72.00-87.00) 80.00 (74.00-86.00) 0.722
Pulse rate 80.00 (75.00 - 85.00) 80.00 (74.00-85.00) 80.00 (75.00-84.00) 0.834
Total cholesterol, mmol/L 4.48 (3.79 - 5.20) 4.50 (3.78-5.29) 4.48 (3.83-5.14) 0.197
Triglycerides, mmol/L 1.69 (1.22 - 2.64) 1.69 (1.36-2.75) 1.69 (1.16-2.52) 0.034*
HDL cholesterol, mmol/L 1.05 (0.94 - 1.21) 1.05 (0.94-1.21) 1.05 (0.94-1.20) 0.94
LDL cholesterol, mmol/L 242 (192 - 3.02) 242 (1.90-3.15) 242 (1.93-2.93) 0.197
FPG, mmol/L 7.58 (5.99 - 9.48) 7.58 (5.96-9.17) 7.58 (6.00-9.66) 0.483
HbAlc (%) 8.10 (7.40 - 9.20) 8.10 (7.00-8.70) 8.10 (7.80-9.40) 0.001*
CV, % 31 (27-35) 28 (25-31) 33(29-37) <0.001*
MAGE, mmol/L 5.25 (4.38 - 6.32) 471 (3.87-5.54) 5.84 (4.81-6.85) <0.001*
MODD, mmol/L 0.63 (0.48 - 0.78) 0.73 (0.61-0.89) 0.56 (0.42-0.71) <0.001*
LAGE, mmol/L 13.05 (10.60 - 15.80) 11.70 (9.40-13.80) 14.40 (12.00-16.60) <0.001*
TIR (3.9-10 mmol/L), % 81 (70 - 89) 90 (82-93) 74 (63-82) <0.001*
TBR (<3.9 mmol/L), % 1(0-4) 1(0-3) 2 (0-6) <0.001*
TAR (>10 mmol/L), % 15 (6 - 27) 8 (4-16) 22 (11-33) <0.001*
GRI, % 12 (8-20) 32 (22-45) <0.001*
Scr, umol/L 58.00 (51.00-68.00) 58.00 (51.00-69.00) 58.00 (51.00-66.00) 0.554
Uric acid, umol/L 312.00 (256.00 - 364.75) 312.00 (269.00-372.00) 312.00 (247.00-354.00) 0.096
Urea to creatinine ratio 0.09 (0.09 - 0.11) 0.09 (0.08-0.10) 0.09 (0.09-0.11) 0.06
EGFR, mL/min 14.00 (14.00 - 14.00) 14.00 (14.00-14.00) 14.00 (14.00-14.00) 0.899
Male, n(%)
Female 148 (32.89%) 126 (65.28%) 176 (68.48%) 0.48
Male 302 (67.11%) 67 (34.72%) 81 (31.52%)
Current smoking, n (%)
No 288 (64.00%) 74 (38.34%) 88 (34.24%) 0.374
YES 162 (36.00%) 119 (61.66%) 169 (65.76%)
Alcohol consumption, n (%)
No 293 (65.11%) 63 (32.64%) 94 (36.58%) 0424
YES 157 (34.89%) 130 (67.36%) 163 (63.42%)
Family history of genetic diseases,
n (%)
No 289 (64.22%) 68 (35.23%) 93 (36.19%) 0.843
YES 161 (35.78%) 125 (64.77%) 164 (63.81%)
Hypertension ,n (%)
No 235 (52.22%) 90 (46.63%) 125 (48.64%) 0.703
YES 215 (47.78%) 103 (53.37%) 132 (51.36%)
Hyperlipidemia history, n (%)
No 358 (79.56%) 49 (25.39%) 43 (16.73%) 0.025*
YES 92 (20.44%) 144 (74.61%) 214 (83.27%)

Data for continuous variables were expressed as median (quartile distance), data for categorical variables as numerical (percentage) CIMT, carotid intima-media thickening; BMI, body mass
index; HDL, high-density lipoprotein; LDL, low-density lipoprotein; FPG, fasting blood glucose; HbALc, glycosylated hemoglobin; CV, coefficient of variation; MAGE, the average amplitude of
blood sugar fluctuations; MODD: average daily difference; TIR, range of time; TAR, out-of-range time; GRI, glycemia risk index; TBR, time below range; LAGE, the maximum value of blood
sugar fluctuations.
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GRI,%

Ql(n=113) Q2(n=112) Q3(n=112) Q4(n=113)
(0.0081,0.7947) (0.81, 12.58) (12.58, 22.52) (22.52, 34.84)
Age, years 46.26 + 10.36 45.68 + 11.19 4544 + 10.75 50.01 +9.41 0.003*
Duration of disease, years 3(1-5) 3(1-5) 3(1-5) 3(1-5) 0914
Cost, RMB 12616.00 (8747.00 13437.00 (10929.75 12795.50 15711.00 <0.001*
- 16564.00) - 16726.00) (10370.75 -17499.75) (12420.00 -20107.00)
BMI, kg/ml 25.25 (25.56, 27.25) 25.25 (24.43, 27.70) 25.25 (24.13, 26.30) 25.25 (23.08, 26.42) 0.355
Systolic blood pressure, mmHg 130.00 (120.00 - 141.00) 129.00 (120.00 - 140.25) 130.00 (120.00 - 140.00) 131.00 (122.00 - 146.00) <0.001*
Diastolic blood pressure, mmHg 80.00 (73.00 - 90.00) 80.00 (74.00 - 88.00) 79.00 (72.00 - 85.00) 80.00 (74.00 - 86.00) <0.001*
Pulse rate 80.00 (76.00 - 85.00) 80.00 (74.00 - 84.25) 80.00 (75.00 - 84.00) 80.00 (75.00 - 86.00) <0.001*
Total cholesterol, mmol/L 448 (3.69 - 5.29) 4.62 (3.93 - 5.21) 448 (3.77 - 5.13) 448 (391 - 5.10) <0.001*
Triglycerides, mmol/L 1.72 (136 - 2.86) 173 (142 - 2.73) 1.58 (1.16 - 2.42) 1.69 (1.06 - 2.07) <0.001*
HDL cholesterol, mmol/L 1.05 (0.92 - 1.22) 1.05 (0.96 - 1.16) 1.04 (0.92 - 1.21) 1.06 (0.95 - 1.26) <0.001*
LDL cholesterol, mmol/L 242 (1.80 - 3.18) 242 (1.98 - 3.08) 242 (1.93 - 2.94) 242 (191 - 2.97) <0.001*
CIMT, mm 0.90 (0.80 - 0.90) 0.90 (0.80 - 1.10) 1.10 (0.90 - 1.10) 1.20 (1.10 - 1.20) <0.001*
FPG, mmol/L 747 (5.70 - 8.20) 7.58 (6.37 - 10.24) 7.58 (6.04 - 8.99) 7.58 (6.24 - 10.50) <0.001*
HbAlc, % 7.90 (6.50 - 8.10) 8.10 (7.47 - 9.20) 8.10 (7.80 - 9.12) 8.10 (8.10 - 9.90) <0.001*
CV, % 26 (22 - 29) 30 (27 - 33) 3 (30 - 36) 36 (31 - 40) <0.001*
MAGE, mmol/L 4.13 (3.54 - 4.82) 5.15 (4.59 - 5.95) 5.83 (4.80 - 6.55) 6.43 (5.49 - 7.78) <0.001*
MODD, mmol/L 0.82 (0.72 - 0.96) 0.65 (0.55 - 0.74) 0.59 (0.47 - 0.71) 043 (0.35 - 0.59) <0.001*
LAGE, mmol/L 10.00 (8.70 - 12.20) 13.10 (11.03 - 14.62) 13.85 (12.40 - 15.80) 16.20 (13.10 - 18.50) <0.001*
TIR (3.9-10 mmol/L), % 93 (90 - 96) 84 (80 - 88) 75 (71 - 82) 61 (52 - 67) <0.001*
TBR (<3.9 mmol/L), % 1(0-2) 1(0-3) 2(0-6) 3(1-9) <0.001*
TAR (>10 mmol/L), % 6(3-9) 15 (9 - 20) 23 (11 - 28) 36 (22 - 45) <0.001*
Scr, umol/L 58.00 (51.00 - 66.00) 58.00 (50.75 - 68.00) 57.00 (48.00 - 65.00) 59.00 (52.00 - 72.00) <0.001*
Uric acid, umol/L 312.00 (281.00 - 376.00) 312.00 (260.50 - 358.75) 312.00 (243.75 - 350.25) 311.00 (242.00 - 369.00) <0.001*
Urea to creatinine ratio 0.09 (0.08 - 0.10) 0.09 (0.09 - 0.11) 0.09 (0.09 - 0.11) 0.09 (0.09 - 0.10) <0.001*
EGFR, mL/min 14.00 (14.00 - 14.00) 14.00 (14.00 - 14.00) 14.00 (14.00 - 14.00) 14.00 (14.00 - 14.00) <0.001*
Sex, n(%)
Female 7 (32.74%) 36 (32.14%) 40 (35.71%) 35 (30.97%) 0.891
Male 76 (67.26%) 76 (67.86%) 72 (64.29%) 78 (69.03%) 0.891
Current smoking, n(%)
No 72 (63.72%) 68 (60.71%) 75 (66.96%) 73 (64.60%) 0.808
YES 41 (36.28%) 44 (39.29%) 37 (33.04%) 40 (35.40%) 0.808
Alcohol consumption, n (%)
No 66 (58.41%) 77 (68.75%) 76 (67.86%) 74 (65.49%) 0.352
YES 47 (41.59%) 35 (31.25%) 6 (32.14%) 39 (34.51%) 0.352
| Family history of genetic diseases,
n (%)
No 72 (63.72%) 73 (65.18%) 72 (64.29%) 72 (63.72%) 0.995
YES 41 (36.28%) 39 (34.82%) 40 (35.71%) 41 (36.28%) 0.995
Hypertension, n (%)
No 64 (56.64%) 57 (50.89%) 9 (52.68%) 55 (48.67%) 0.673
YES 49 (43.36%) 55 (49.11%) 3 (47.32%) 58 (51.33%) 0.673
Hyperlipidemia history, n (%)
No 87 (76.99%) 89 (79.46%) 89 (79.46%) 93 (82.30%) 0.806
YES 26 (23.01%) 23 (20.54%) 3 (20.54%) 20 (17.70%) 0.806
(0.81, 12.58) (12.58, 22.52) (22.52, 34.84) (34.84, 79.47)

Data for continuous variables are expressed as median (interquartile distance), age is expressed as mean SD categorical variables are expressed as numerical (percentage) CIMT, carotid intima-
media thickening; BMI, body mass index; HDL, high-density lipoprotein; LDL, low-density lipoprotein; FPG, fasting blood glucose; HbA1c, glycosylated hemoglobin; CV, coefficient of variation;
MAGE, the average amplitude of blood sugar fluctuations; MODD: average daily difference; TIR, range of time; TAR, out-of-range time; GR, blood glucose risk index; TBR, time below range;
LAGE, the maximum value of blood sugar fluctuations.
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Subgroup Number of Participants Case (%) OR (95% CI) P for interaction

]
]
]

Sex (Famele) 148 81 (54.7) : —e— 1.72 (1.16, 2.28) <0. 001
:
]

Sex (Mele) 302 176 (58.3) : —e— 2.03 (1.60, 2.47) <0. 001
:
]

Age (<40) 129 40 (31.0) : —— 2.11 (1.28, 2.93) <0. 001
:
]
]

Age (40-50) 156 104 (66.7) ' —e— 2.93 (1.97, 3.88) <0. 001
]
;
]

Age (=50) 165 113 (68.5) : —— 2.08 (1.43, 2.73) <{0. 001
:
]

BMI (<25) 169 83 (49.1) : —e— 1.85 (1.34, 2.36) <0. 001
:
]

BMI (=25) 281 174 (61.9) : —e— 2.04 (1.56, 2.51) <0. 001
:
]

Disease duration(=3) 258 147 (57.0) N e 2.03 (1.55, 2.51) <0. 001
:
]

Disease duration (>3) 192 110 (57.3) : —e— 1.86 (1.36, 2.37) <{0. 001
]
]
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Median age Median age  Male/Famale  Male/Famale

Sample Intervention

First Author Size Year Randomization = (Experimental (Control (Experimental (Control A Control Arm
Group) Group) Group) Group)
Kazuki Shiina 13120 2020 11 683298 689104 78135 84136 Canagliflozin Glimepiride
Kenya Kusunose 13/120 201 11 929 699 88125 86/34 Canagliflozin Glimepiride
‘Shunsuke Tamaki 3029 2021 11 80 82 1812 1811 Empagliflozin U’;:::::;Lﬁ:;”
Shantanu Sengupta 125125 2024 11 Remogliflozine Empagliflozine
Ueda T 2140 2021 11 765 759 2814 213 Canagliflozin Standard Diabetic Therapy
Rudolf A. de Boer 30/30/33 2024 11 6 685 2812 2406 Licoglilozin Empagliflozin
11 71 2607 Placcbo
Mikhail N Kosiborod 310/306 202 L1 6 6 195/115 186120 Semaglutide Placebo
M. Kosiborod 310/306 2024 11 © 70 1287182 145/161 semaglutide Placcbo
Dapagliflozin, Insulin for blood glucose
Tbrahim A 50/50 2020 L1 6202588 606499 w22 2624 fmemiean [t | ond e o
convent-ional anti- other conventional anti-
HF treatments. HF treatments
Mark C. Petrie 573572 2024 11 70 72 192192 215/163 Semaglutide Placebo
Fu 30730 2023 11 707 704 9121 822 Dapaglilozin Placebo
Daisaku Nakatani 1097117 2023 11 686 6.1 85/24 ss/32 Canagliflozin Glimepiride

Singh 28/28 2020 11 67.1 67.1 19/9 1919 Dapagliflozin Placebo
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Validation (n=77) Conventional = Synthetic P

HCT, % 42.02 £ 4.20 42.66 £ 3.32 0.294
Integral ECV, % 29.52 + 6.10 29.21 + 5.67 0.743
NMI-ECV, % 24.42 + 593 2411 £ 5.24 0.731
MI-ECV, % 45.28 £ 10.70 45.05 £ 10.36 0.893

HCT, haematocrit; ECV, extracellular volume; NMI, non-myocardial myocardial infarction;
MI, myocardial infarction.
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Model 1 Model 2 Model 3

Variable
B (95% CI) P-value B (95% CI) P-value B (95% CI)

const 2,040 (-2.618, -1462) <0001* | -8.890 (-10.907, -6.873) <0.001* | -18.451 (-23.205, -13.698) <0.001*
Q1 <0001 <0001 <0.001*

@ 1897 (1210, 2.584) <0001* | 2483 (1.677, 3.288) <0.001* | 2631 (1.734, 3.528) <0.001%
Q@ 3.092 (2376, 3.808) <0001* | 4.175 (3257, 5.094) <0.001* | 4675 (3.636, 5714) <0.001*
Q4 5345 (4.192, 6.498) <0.001* | 6090 (4790, 7.390) <0.001* | 7.226 (5.597, 8.856) <0.001*
Age | o130 (0.096, 0.165) <0.001* | 0136 (0.097, 0.174) <0.001*
Sex 0.343 (-0.254, 0.939) 0260 | 0279 (-0.518, 1.077) 0.493
BMI 0.347 (0.218, 0.477) <0.001*

The data were expressed as regression coefficient (95% CI) Model 1 adjusted for sex and age Model 2 further adjusted for BMI diabetes course current smoking status triglyceride HDL cholesterol
and LDL cholesterol CIMT, carotid indium-media thickened; GRI, blood glucose risk index; HDL, high-density lipoprotein; LDL, low-density lipoprotein; BMI, body mass index.
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Variable Model 1 Model 2 Model 3

B (95% CI) P-value B (95% CI) P-value B (95% Cl) P-value

const -0.006 (-0.149, 0.137) 0.936 ‘ -0.006 (-0.149, 0.137) 0.936 | -0.006 (-0.149, 0.137) ‘ 0.936

GRI 0.488 (0.413, 0.563) <0.001* | 0.488 (0.413, 0.563) <0.001* = 0.488 (0.413, 0.563) ‘ <0.001*

Age ‘ 0.006 (0.005, 0.007) <0.001* | 0.006 (0.005, 0.007) ‘ <0.001*
|

Sex ‘ 0.025 (-0.008, 0.059) 0.135 | 0.025 (-0.008, 0.059) ‘ 0.135

BMI ‘ 0.022 (0.018, 0.026) ‘ <0.001*

The data were expressed as regression coefficient (95% CI) Model 1 adjusted for sex and age Model 2 further adjusted for BMI diabetes course current smoking status triglyceride HDL cholesterol
and LDL cholesterol CIMT, carotid indium-media thickened; GRI, blood glucose risk index; HDL, high-density lipoprotein; LDL, low-density lipoprotein; BMI, body mass index.





