

[image: Front cover of an academic publication from Frontiers in Nutrition featuring the title "Dietary patterns and oxidative stress: implications for obesity, T2D, and cancer management." A partial photo shows a sliced avocado with pomegranate seeds, assorted nuts, and blurred fruit in the background.]





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 978-2-8325-7421-8
DOI 10.3389/978-2-8325-7421-8

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





Dietary patterns and oxidative stress: implications for obesity, T2D, and cancer management

Topic editors

Qingyu Wang – Capital Medical University, China

Dongxian Guan – Boston Children’s Hospital, Harvard Medical School, United States

Yixuan Li – China Agricultural University, China

Citation

Wang, Q., Guan, D., Li, Y., eds. (2026). Dietary patterns and oxidative stress: implications for obesity, T2D, and cancer management. Lausanne: Frontiers Media SA. doi: 10.3389/978-2-8325-7421-8





Table of Contents




Editorial: Dietary patterns and oxidative stress: implications for obesity, T2D, and cancer management

Qingyu Wang, Yixuan Li and Dongxian Guan

Diverse associations between pancreatic intra-, inter-lobular fat and the development of type 2 diabetes in overweight or obese patients

Lihui Wang, Yinghao Li, Renfeng Li, Jinwen Luan, Kaiming Cao, Tiancheng Liu, Haiyang Hu, Shanshan Chen, Le Bu, Longhua Liu, Hongzhi Wang and Qing Lu

Heat-killed Bifidobacterium longum BBMN68 and inulin protect against high-fat diet-induced obesity by modulating gut microbiota

Siyuan Sun, Qi Zhang, Dongdong Li, Hongliang Li, Hairan Ma, Xiuying Wu, Yixuan Li, Pengjie Wang, Rong Liu, Haihong Feng, Yongxiang Zhang, Yue Sang, Bing Fang and Ran Wang

Effect of synbiotic supplementation on obesity and gut microbiota in obese adults: a double-blind randomized controlled trial

Xiaokang Niu, Qi Zhang, Julong Liu, Yuyang Zhao, Nan Shang, Shusen Li, Yinghua Liu, Wei Xiong, Erna Sun, Yong Zhang, Hongfeng Zhao, Yixuan Li, Pengjie Wang, Bing Fang, Liang Zhao, Juan Chen, Fuqing Wang, Guofang Pang, Chenyuan Wang, Jingjing He and Ran Wang

Association of oxidative balance score with all-cause and cardiovascular mortality in overweight and obese

Shuxin Ying, Hongyan Ding, Yanjin Chen and Su Zheng

The energy model of insulin resistance: A unifying theory linking seed oils to metabolic disease and cancer

Catherine Shanahan

Systematic analysis of the burden of chronic kidney disease due to type 2 diabetes attributable to dietary risks based on the global burden of disease study 2021

Yanli Hou, Lingzhi Qin, Xuting Jin, Jiajia Ren, Jiamei Li, Xiaoling Zhang, Jingjing Zhang, Ruohan Li, Ya Gao, Xiaochuang Wang and Gang Wang

Frailty and GLIM-defined malnutrition contribute to poor clinical outcomes in older adult inpatients in the general surgery department

Chengyu Liu, Liru Chen, Peng Liu, Lei Li, Bo Cheng, Jingyong Xu, Hongyuan Cui and Mingwei Zhu

Association of dietary inflammatory index and oxidative balance score with all-cause and cardiovascular mortality in US non-diabetic adults

YuNan Han, Lin Li, YongXiang Wang and Wen Fan

Utilizing nutrition-related biomarkers to develop a nutrition-related aging clock for the chinese demographic

Ya-Qing Ma, Ya-Min Dang, Lv-Tao Zeng, Xin Gao, Si-Jia Li, Li-Qun Zhang, Jin Li, Xiao-Yang Zhou, Shan-Shan Ren, Hong-Lei Liu, Ruo-Mei Qi, Jing Pang, Ju Cui, Tie-Mei Zhang and Jian-Ping Cai

Iron status and dietary iron intake in relation to overweight/obesity in U.S. adults: a nationwide population-based study

Yuanyuan Lin, Yexin Chen, Jiangteng Liu, Minghao Li, Ying Tang, Jinxi Zhao and Yaofu Zhang

Low expression of SOD and PRX4 as indicators of poor prognosis and systemic inflammation in colorectal cancer

Sanghyun An, Hye Youn Kwon, Kwangmin Kim, Soo-Ki Kim, Cheol Su Kim, Bora Kim, Hyejin Do and Youngwan Kim












	
	EDITORIAL
published: 12 January 2026
doi: 10.3389/fnut.2025.1758019






[image: image2]

Editorial: Dietary patterns and oxidative stress: implications for obesity, T2D, and cancer management

Qingyu Wang1*, Yixuan Li2 and Dongxian Guan3


1Medical Research Center, Beijing Chaoyang Hospital, Capital Medical University, Beijing, China

2Key Laboratory of Functional Dairy, Department of Nutrition and Health, China Agricultural University, Beijing, China

3Institute of Modern Biology, Nanjing University, Nanjing, China

Edited and reviewed by
Barbara R. Cardoso, Monash University, Australia

*Correspondence
 Qingyu Wang, daisyqingyu@outlook.com

Received 01 December 2025
 Revised 10 December 2025
 Accepted 16 December 2025
 Published 12 January 2026

Citation
 Wang Q, Li Y and Guan D (2026) Editorial: Dietary patterns and oxidative stress: implications for obesity, T2D, and cancer management. Front. Nutr. 12:1758019. doi: 10.3389/fnut.2025.1758019



Keywords
calorie restriction, cancer, high calorie, metabolic disease, ROS



Editorial on the Research Topic
 Dietary patterns and oxidative stress: implications for obesity, T2D, and cancer management




Understanding how dietary patterns modulate internal oxidative stress is becoming increasingly important for explaining the rising global burden of metabolic diseases, including obesity, type 2 diabetes (T2D), and cancer. Excessive caloric intake has been shown to promote the generation of reactive oxygen species (ROS), which in turn drive chronic inflammation, metabolic dysfunction, and oxidative cellular injury. Thus, high-calorie dietary patterns and the oxidative stress they induce contribute to numerous pathological processes, including tumor initiation and progression (1, 2), insulin resistance (3), β-cell dysfunction (4), and obesity-related tissue impairment (5). However, evidence regarding which specific dietary components and molecular pathways exacerbate or alleviate oxidative injury remains limited (6). To address this gap, this Research Topic presents studies that elucidate the mechanistic links between dietary exposures, oxidative stress, inflammation, and chronic disease risk, while also highlighting emerging biomarkers and potential intervention strategies.

Calorie excess, nutrient imbalance, and Western dietary habits elevate the production of ROS. Two complementary studies by Han et al. and Ying et al. examine the impact of diet-derived inflammatory and oxidative indices on mortality risk. Han et al. demonstrate that higher Dietary Inflammatory Index scores are significantly associated with increased all-cause and cardiovascular mortality in non-diabetic adults, whereas higher Dietary Oxidative Balance Scores are associated with lower mortality risk. Ying et al. extend these insights to overweight and obese populations and report that elevated oxidative balance scores correlate with reduced all-cause and cardiovascular mortality in these groups. A global perspective is provided by Hou et al., who quantify the burden of T2D-related chronic kidney disease (CKD) attributable to dietary risks using data from the Global Burden of Disease (GBD) 2021 study. Their analysis shows that diets low in fruits, whole grains, and vegetables and diets high in processed meats are major contributors to the burden of T2D-related CKD. Taken together, these findings highlight the value of dietary indices that capture inflammatory and oxidative potential as tools for predicting chronic disease risk.

It has become increasingly clear that our diets influence far more than caloric intake. The interplay between micronutrients and metabolic homeostasis is highlighted by Lin et al., who report that the risks of overweight and obesity are inversely associated with serum iron levels, transferrin saturation, and dietary iron intake. Their findings suggest that iron status may shape energy metabolism, adipocyte function, and inflammatory processes. Dietary intake also modulates gut microbiome composition, and both probiotics and prebiotics have attracted considerable attention. Niu et al. demonstrate that a pre-screened synbiotic combination containing Bifidobacterium animalis subsp. lactis MN-Gup, galacto-oligosaccharides, and xylo-oligosaccharides reduce body fat, LDL cholesterol, and waist circumference, while promoting beneficial gut bacteria and bile acid profiles. Sun et al. show that heat-killed B. longum BBMN68 combined with inulin improves lipid metabolism and increases short-chain fatty acids in high-fat diet–induced obese rats, supporting a post-biotic approach to oxidative and metabolic regulation. Collectively, these interventions emphasize that microbiota-directed therapies might modulate oxidative stress indirectly through intestinal metabolites, bile acid signaling, and the maintenance of gut barrier integrity.

High oxidative status has long been recognized as a contributing factor in cancer progression. An et al. demonstrate that low tumor expression of key antioxidant enzymes in colorectal cancer, particularly SOD and PRX4, is associated with distant metastasis, systemic inflammation, poor differentiation, and reduced survival. These findings reinforce the concept that diminished endogenous antioxidant capacity may accelerate tumor progression. This work also highlights the potential value of tissue-based antioxidant markers as prognostic tools that could complement existing clinical assessments.

Overall, the studies in this Research Topic advance our understanding of how dietary patterns, micronutrient status, gut microbiota, and inflammatory burden intersect with oxidative stress to influence the development and progression of obesity, T2D, and cancer. They also strengthen the evidence that oxidative stress is not just a downstream consequence of poor metabolic health but also an important mediator linking dietary exposures with chronic disease outcomes.
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Pancreatic fat is associated with obesity and type 2 diabetes mellitus (T2DM); however, the relationship between different types of pancreatic fat and diabetes status remains unclear. Therefore, we aimed to determine the potential of different types of pancreatic fat accumulation as a risk factor for T2DM in overweight or obese patients. In total, 104 overweight or obese patients were recruited from January 2020 to December 2022. The patients were divided into three groups: normal glucose tolerance (NGT), impaired fasting glucose or glucose tolerance (IFG/IGT), and T2DM. mDixon magnetic resonance imaging (MRI) was used to detect pancreatic fat in all three groups of patients. The pancreatic head fat (PHF), body fat (PBF), and tail fat (PTF) in the IFG/IGT group were 21, 20, and 31% more than those in the NGT group, respectively. PHF, PBF, and PTF were positively associated with glucose metabolic dysfunction markers in the NGT group, and inter-lobular fat volume (IFV) was positively associated with these markers in the IFG/IGT group. The areas under the receiver operating characteristic curves for PHF, PBF, and PTF (used to evaluate their diagnostic potential for glucose metabolic dysfunction) were 0.73, 0.73, and 0.78, respectively, while those for total pancreatic volume (TPV), pancreatic parenchymal volume, IFV, and IFV/TPV were 0.67, 0.67, 0.66, and 0.66, respectively. These results indicate that intra-lobular pancreatic fat, including PHF, PTF, and PBF, may be a potential independent risk factor for the development of T2DM. Additionally, IFV exacerbates glucose metabolic dysfunction. Intra-lobular pancreatic fat indices were better than IFV for the diagnosis of glucose metabolic dysfunction.

Keywords
 obesity; T2DM; mDixon MRI; pancreas fat quantification; intra-lobular fat; inter-lobular fat


1 Introduction

Worldwide, over 1.9 billion adults are overweight, of which more than 650 million are obese, based on data from the World Health Organization. Obesity, characterized by excessive fat accumulation, is a strong risk factor for many metabolic diseases such as type 2 diabetes mellitus (T2DM), hypertension, and cardiovascular diseases (1, 2). Both hyperplasia (adipogenesis) and hypertrophy contribute to excessive fat accumulation in adipose tissue (3). As a key nutrition-responsive metabolic tissue, adipose tissue stores lipids and secretes different adipokines to regulate whole-body lipid and glucose metabolism, which are strongly associated with metabolic diseases (4–6). Healthy or functional adipose tissue helps to protect from metabolic dysfunctions, while dysfunctional adipose tissue may exacerbate it by different mechanism such as lipotoxicity and secreted proinflammatory adipokines (7).

Adipose tissue is mainly divided into white adipose tissue (WAT) and brown adipose tissue (BAT). WAT can be located in different regions, including subcutaneous white adipose tissue (sWAT), visceral white adipose tissue (vWAT) and other locations including the bone marrow, underline the skin and surrounding the heart (7). Compared with sWAT, the fat mass of vWAT has a stronger positive correlation with the occurrence of metabolic diseases, including T2DM (8, 9). During overweight and obesity, WAT could be highly remodeled including increased adipocyte size, changed secret pattern, cell composition and induced hypoxia and inflammation within adipose tissue (7, 10). Hypoxia within the adipose tissue induced by decreasing adipose tissue blood flow and vascular rarefaction might result in adipocyte death and further macrophage infiltration as well as endothelial dysfunction (10). In addition to enlarged adipose tissue, ectopic fat can also infiltrate other metabolic organs, such as the liver and pancreas, resulting in fatty liver and pancreas disease, respectively (11). Fatty liver disease is strongly associated with insulin resistance and T2DM (12). Lifestyle interventions or certain drug treatments for T2DM, such as thiazolidinediones, can also alleviate fatty liver disease, and vice versa (13). Hypercaloric diets, with high saturated fat and glucose levels, can gradually overburden adipocytes with excessive lipolysis, resulting in an elevated flow of free fatty acids and triglyceride synthesis in the liver (13, 14). Lipid intermediates, such as diacylglycerols, could inhibit insulin signaling pathways by impairing insulin receptor substrate 2 (IRS2) phosphorylation as well as elevating the PKC pathway in the liver resulting in insulin resistance (15). Although the role of fatty liver disease in T2DM has been well studied, the potential relationship between fatty pancreas disease and glucose metabolism has not, despite growing interest.

The pancreas contains two distinct components: the exocrine pancreas, including acinar and ductal cells; and the endocrine pancreas, including islets of Langerhans (16). The exocrine pancreas plays a critical role in digesting carbohydrates, fats, and proteins by secreting digestive enzymes, such as amylases, lipases, and proteinases; while the endocrine pancreas regulates glucose homeostasis by secreting insulin (β cells), glucagon (λ cells), etc. (17, 18). Insulin plays a central role in the downregulation of blood glucose, whereas glucagon upregulates blood glucose. Pancreatic fat has been shown to associations with many different factors such as metabolic syndromes, metabolic dysfunction-associated steatotic liver disease (MASLD) and age etc. (18). Ectopic fat accumulation in the pancreas is associated with obesity and related metabolic diseases such as T2DM (19). Increased body mass index (BMI) and obesity are positively associated with fatty pancreas independent of sex and age, and pancreatic fat is negatively associated with insulin secretion (20). Ectopic fat can be deposited in different parts of the pancreas, including the islets of Langerhans, acinar cells, and inter-lobular stroma (21). Intra-lobular fat in endocrine cells (such as β cells) and acinar cells was shown to contribute to the occurrence of T2DM; hence, decreased intra-lobular fat may help alleviate T2DM (22–24). Inter-lobular fat is usually present during acute pancreatitis; however, it may also be involved in the development of T2DM by stimulating inflammation (25). Both oxidative cell stress and proinflammatory adipokines (such as leptin, adipsin, and resistin) can stimulate local inflammation and further insulin resistance, T2DM and related atherosclerosis (6, 26–28). However, it remains to be determined whether there are similar or different associations between pancreatic intra-, inter-lobular fat and the development of T2DM.

Many methods have been developed to detect fat accumulation in the pancreas, such as: histology, ultrasonography, computed tomography (CT), and magnetic resonance imaging (MRI) (18). While histology is not practical in routine hospital investigations, due to its invasiveness, non-invasive methods are important for pancreatic fat quantification. Ultrasonography is relatively cheap and widely available; however, it has limited use due to unestablished objective standards and unsatisfactory sensitivity and specificity due to investigator bias (29). CT is relatively expensive, requires the intravenous injection of radioactive tracers, and involves radioactive exposure, making it unsuitable for longitudinal fat quantification studies (30). Hence, MRI is commonly used for fat quantification because it does not involve the risk of ionizing radiation and has the advantages of high soft tissue resolution, multiparameter and multisequence scanning, and high repeatability. Multi-echo Dixon (mDixon MRI), a novel MRI technology that enables reliable and highly reproducible pancreatic fat quantification, is widely used (31). Similar to regular magnetic resonance spectroscopy (MRS) and histology, the measurement of proton density fat fraction (PDFF) using mDixon MRI is very accurate and reproducible and is also considered the gold standard (32). Its overall correlation coefficient was 0.999 for repeated scans at different locations, field strengths, and vendors (32). Using advanced mDixon MRI, some studies have documented that elevated BMI, age, and metabolic syndrome are positively associated with pancreatic fat accumulation (18). However, whether pancreatic fat accumulation is an independent risk factor for the development of T2DM has not been comprehensively studied. Therefore, in this study we aimed to determine the potential of different types of pancreatic fat accumulation as a risk factor for T2DM in overweight or obese patients.



2 Methods


2.1 Participants

A total of 265 hospitalized overweight or obese patients who underwent MRI using the mDixon technique were initially recruited for this cross-sectional study. All participants were enrolled in three individual cohort studies conducted at our hospital from January 2020 to December 2022 (Figure 1). The inclusion criteria were: age between 18 and 69 years, a BMI of 24 kg/m2 or more, complete medical history and laboratory examination, and no contraindications for MRI. The exclusion criteria were: any form of pancreatic disease, including inflammation, tumor, or autoimmune disease; other endocrine and metabolic diseases, such as type 1 diabetes, hypothyroidism, Cushing’s syndrome, and pituitary dysfunction; incomplete images or image artifacts; and absence of a complete laboratory examination. Based on these criteria, 104 patients were included in the study (Figure 1).
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FIGURE 1
 Flow chart of participant selection for this study. A total of 265 hospitalized overweight or obese patients who underwent MRI using the mDixon technique were initially recruited for this study. Sixty eight patients are with incomplete images or image artifacts, 84 patients are without complete laboratory examination, six patients are hypothyroidism or thyroidectomy, two patients are hypercortisolemia and one is under 18 years old. Finally, 104 patients were included in this study and divided into three groups: NGT (n = 48), IFG/IGT (n = 28), T2DM (n = 28).




2.2 Anthropometry and metabolite assays

The heights and weights of all participants were measured and recorded using standardized and calibrated scales and stadiometers. BMI was calculated as body weight (kg) divided by height squared (m2). Waist circumference (WC) was measured midway between the lowest rib and iliac crest in the horizontal plane. Hip circumference (HC) was measured at the level of maximum hip extension. The waist-hip circumference ratio (WHR) was calculated as WC divided by HC.



2.3 Biochemical examination

All participants underwent routine biochemical tests after fasting overnight for at least 10 h. These tests included: liver function tests [alanine transaminase (ALT), aspartate transaminase (AST), and gamma glutamyl-transferase (GGT)], lipid panel tests [total cholesterol (TC), triglyceride (TG), high-density lipoprotein cholesterol (HDL-c), low-density lipoprotein cholesterol (LDL-c), lipoprotein a (LPa), apolipoprotein E (ApoE), apolipoprotein B (ApoB), apolipoprotein A (ApoA), and free fatty acid (FFA)], inflammatory factors and amylase [white blood count (WBC), C-reactive protein (CRP), pancreatic amylase, interleukin (IL)-1β, IL-6, IL-8, IL-10, and tissue necrosis factor (TNF)-α], thyroid function tests [thyroid-stimulating hormone (TSH), free T3 (FT3), and free T4 (FT4)], and adrenocortical function and uric acid (UA) (cortisol, UA).



2.4 Oral glucose tolerance test and calculations

All participants underwent a 75 g oral glucose tolerance test (OGTT) after overnight fasting. Venous blood samples were drawn at 0, 30, 60, and 120 min to measure the plasma glucose, serum insulin, and C-peptide concentrations. Fasting blood glucose (FBG) levels were measured using the glucose oxidase method, and serum insulin and C-peptide levels were estimated using the chemiluminescence method. Hemoglobin A1c (HbA1c) levels were measured using high-performance liquid chromatography.

The calculation formulas for clinical assessment of insulin sensitivity and β-cell function were as follows: homeostasis model assessment of insulin resistance (HOMA-IR) = FBG [mg/dL] × fasting insulin (FINS) [μIU/mL]/22.5; Matsuda index = 10,000/(FBG [mg/dL] × FINS [μIU/mL] × mean glucose [mg/dL] × mean insulin [μIU/mL])1/2; homeostasis model assessment of beta-cell function (HOMA-β) = 20 × FINS [μIU/mL]/(FBG-3.5) [mg/dL]; insulinogenic index (IGI) = Δ insulin (INS)0–30/Δ glucose (GLU) 0–30 = (INS30 - INS0) [μIU/mL]/ (GLU30 - GLU0) [mg/dL], where INSx and GLUx represent insulin and glucose values at time x min during the OGTT, respectively; Area under the curve of plasma insulin (AUCINS) 0 ~ 120 [min*μIU/mL]/area under the curve of plasma glucose (AUCGLU) 0 ~ 120 [min*mg/dL], wherein AUCGLU 0 ~ 120 and AUCINS 0 ~ 120, which were calculated using the trapezoid rule, represented the areas under the curve of plasma glucose and insulin secretion rates during the OGTT from 0 to 120 min, respectively; and oral Disposition Index (oDI) = IGI/FINS.



2.5 Separation and quantification of pancreatic fat, vWAT, and sWAT

A 3.0 T MRI system (Ingenia, Philips Healthcare, Best, Netherlands) was used for the MRI examinations. Abdominal MRI examinations for all participants were performed after at least 10 h of fasting in the supine position. The modified Dixon (mDixon MRI) Quant sequence was applied for the quantitative assessment of visceral fat disposition in all three groups of patients: normal glucose tolerance (NGT), impaired fasting glucose or glucose tolerance (IFG/IGT), and T2DM. This modified 6- echoes Dixon sequence included a repetition time of 15 ms, 6 echoes time = TE1/ΔTE 1.15 ms/1.15 ms, flip angle of 3°, matrix size of 188 × 155, field of view of 320 mm, and slice thickness of 3 mm (33). Three-dimensional axial images were captured from the diaphragmatic dome to the pelvic floor during a single breath-hold. After the acquisition, multislice two-dimensional axial images were reconstructed, and five maps, including water, fat, fat fraction, R2*, and T2*, were automatically generated. Using a post-processing workstation (Philips Intellispace; Philips Healthcare, Best, The Netherlands), pancreatic PDFF was measured in the pancreatic intralobular fat by manually placing an approximate ROI of 1 cm2 within the head, body, and tail of the pancreas (34). The ROI sizes were selected according to the total extent of the organ or tissue of interest (34). All ROIs were placed to avoid major vessels, ducts, collection systems, and imaging artifacts (35). The pancreatic head, body, and tail diameters were determined as previously described (36). The cross-sectional area of sWAT and vWAT were quantified using the generated fat maps mentioned above. The two-dimensional fat area was multiplied by the slice thickness, followed by all slice levels added to calculate the volumes of sWAT and vWAT.

The inter-lobular fat in the pancreatic region was quantified using mDixon method and U-Net deep learning network model based on previously established methods (37–39). Generally, a grade-connected U-Net deep learning network model was used for pancreatic fat segmentation (38). The U-Net network is constructed based on Fully Convolutional Network with encoder-decoder structure (39). The encoder part is sampled by several convolution-pooling processes of the input image, while the decoder section uses dehumination and feature stitching to achieve a more feature layer of the field of vision, improves the network’s attention to edge features, and improves the segmentation performance of the model. This study uses the grade-connected nnU-Net network with automated image pre-processing and training parameters. In the image pre-processing stage, it automatically sets up cutting, re-sampling, rotation and other standardized processes according to sample information. In the training, we use learning rate attenuation to improve the network learning ability. During the post-processing process, keep the maximum connected domain to generate dividing images based on prior knowledge. In fat-fraction images, inter-lobular fat showed a high-signal-intensity area in the pancreas, comparable to subcutaneous fat. After preprocessing with denoising, enhancement, and image calibration, the image was divided into two areas using a threshold method: fat and non-fat areas. During the postprocessing stage, isolated noise points, filled holes, and connected broken areas were used to obtain more accurate segmentation results. Segmentation of pancreatic inter-lobular fat was performed using a threshold of 60% signal intensity (36). Representative images show the whole pancreas, the inter-lobular fat, and also dissect the pancreatic intra-lobular fat, including three different parts (head, body, and tail) as: total pancreatic volume (TPV), pancreatic parenchymal volume (PPV), inter-lobular fat volume (IFV), the ratio of inter-lobular fat volume to total pancreatic volume (IFV/TPV), pancreatic head fat (PHF), pancreatic body fat (PBF), and pancreatic tail fat (PTF) (Figure 2A).

[image: Panel A features three MRI scans of the pancreas for NGT, IFG/IGT, and T2DM subjects, plus a 3D pancreas model showing head, body, and tail segments. Panels B-H display violin plots comparing total pancreatic volume, partial pancreatic volume, intrapancreatic fat volume, and ratios or percentages for head, body, and tail fat across these subject groups.]

FIGURE 2
 More pancreatic fat in IFG/IGT than NGT patients. (A) Representative images of intra-lobular fat, including pancreas head, body, and tail dissection and inter-lobular fat in participants with different glucose metabolic statuses. Pancreatic parenchyma including intra-lobular fat is shown in green, inter-lobular pancreatic fat is shown in red. (B–H) Violin plots for (B) total pancreas volume (TPV), (C) pancreatic parenchymal volume (PPV), (D) inter-lobular fat volume (IFV), (E) the ratio of inter-lobular fat volume to total pancreatic volume (IFV/TPV), (F) pancreatic head fat (PHF), (G) pancreatic body fat (PBF), and (H) pancreatic tail fat (PTF). NGT, normal glucose tolerance; IFG/IGT, impaired fasting glucose or glucose tolerance; T2DM, type 2 diabetes mellitus. *p < 0.05, one way ANOVA.




2.6 Statistical analysis

SPSS version 25.0 (SPSS Inc., Chicago, IL, United States) was used for all statistical analyses. Normal distribution of data was tested using the Kolmogorov–Smirnov test. For the analysis of seven different pancreatic indexes in three groups (NGT, IFG/IGT, T2DM), data are presented as means ± standard deviations, and significant analysis was based on the one-way ANOVA. Correlation studies in all three models (unadjusted, Model 1, and Model 2) were performed using Spearman’s correlation coefficients. To avoid the confounding effects of age, BMI, and WHR, adjusted Model 1 was applied to study the correlation of pancreatic indices with glucose metabolism, inflammation, and liver function indices in the three groups. Furthermore, to avoid masking by liver dysfunction, Model 2 was adjusted for age, BMI, WHR, ALT, AST, and GGT.




3 Results


3.1 Clinical characteristics of the patient groups

To investigate the potential roles of pancreatic fat in T2DM, 104 overweight/obese patients were divided into three groups: 48 patients in the NGT group, 28 in the IFG/IGT group, and 28 in the T2DM group based on the WHO-recommended criteria (40). There were no significant differences in age, BMI, WHR, sWAT, or vWAT among the three groups (Table 1). Regarding the glucose metabolism index, oDI, IGI, and HOMA-β were gradually decreased during the developing of diabetes; while HbA1c, GA, PBG at 0.5, 1, 2, and 3 h were significantly increased for both IFG/IGT and T2DM groups compared with the NGT group. However, the insulin levels at the 2, and 3 h time points were higher in the IFG/IGT group than in the NGT group, but much lower in the T2DM group than in the NGT group at 0.5 h and 1 h time points. Regarding inflammation status, no significant differences existed among the groups for IL-10, IL-8, IL6, IL-1β, TNF-α, and CRP. Furthermore, no significant changes in lipid metabolism were observed for TG, TC, LDL-c, HDL-c, ApoA, ApoB, or ApoE among the groups. However, the LPa was lower in the T2DM group than in the NGT group. Liver dysfunction worsened during the course of diabetes, as indicated by GGT, AST, and ALT levels. There were no significant differences in ACTH, UA, TSH, FT3, and FT4 levels among the three groups (Table 1).



TABLE 1 Clinical characteristics for NGT, IFG/IGT, and T2DM patients.
[image: Table summarizing clinical and metabolic parameters for total participants, normal glucose tolerance, impaired fasting glucose or glucose tolerance, and type two diabetes groups, including variables like age, BMI, glucose metabolism indices, inflammatory markers, lipid profile, liver function, and endocrine measures with corresponding means, standard deviations, and significance values.]



3.2 More pancreatic fat in patients with IFG/IGT than NGT

There were no significant differences in TPV (Figure 2B), PPV (Figure 2C), IFV (Figure 2D), and IFV/TPV (Figure 2E) among all three groups of patients. Interestingly, the PHF in the IFG/IGT group was 21% higher than that in the NGT group, whereas the PHF in the T2DM group was comparable to that in the NGT group (Figure 2F). Similarly, PBF and PTF in the IFG/IGT group were 20 and 31% more than those in the NGT group, respectively; whereas there were no significant differences between the NGT and T2DM group (Figures 2G,H).



3.3 Distinct correlation between pancreatic fat and metabolic indexes

To study which parts of pancreatic fat are severe risk factors for T2DM, all seven pancreatic indices including TPV, PPV, IFV, IFV/TPV, PHF, PBF, and PTF were correlated with the anthropometric, glucose metabolism, inflammation, and liver function indexes in the three groups (Figure 3). We found that age was positively associated with IFV/TPV in the IFG/IGT group; however, there was no significant association with other pancreatic indices. BMI and vWAT were strongly and positively correlated with all pancreatic indices in most combinations, particularly in the NGT and IFG/IGT groups. For the glucose metabolism index, both TPV and PPV were positively associated with glucose metabolic dysfunction markers such as HOMA-β, HOMA-IR, AUCCP/AUCGLU, AUCCP.0–120, and C-peptide estimation (CPE) (0 h) in the NGT and IFG/IGT groups, but not in the T2DM group. Intriguingly, there was a positive association between IFV and glucose metabolic dysfunction markers such as HOMA-IR, HbA1C, CPE4 (2 h), FINS, and 2 h FINS in the IFG/IGT group, but not in the NGT or T2DM groups. In contrast, PHF, PBF, and PTF were significantly positively associated with glucose metabolic dysfunction markers, including HbA1c, CPE4 (1 h), and 1 h PINS in the NGT group but not in the IFG/IGT or T2DM groups (Figure 3). Furthermore, PHF, PBF, and PTF were positively associated with inflammation marker such as IL-6 and CRP in the IFG/IGT group (Figure 3). It is worth noting that TPV, PPV, and IFV were positively associated with liver dysfunction markers including GGT and ALT especially in the NGT group, which may cofound these associations.

[image: Heatmap displaying correlations between body fat parameters and metabolic indicators for subgroups including normal glucose tolerance, impaired fasting glucose or glucose tolerance, and type 2 diabetes. Color gradient ranges from red (positive correlation) to blue (negative correlation), with asterisks indicating statistical significance. Rows represent clinical and biochemical variables, and columns represent different adiposity measures.]

FIGURE 3
 Correlation map between all seven pancreatic indexes with clinical indexes in the three groups. The seven pancreatic indexes are including TPV, PPV, IFV, IFV/TPV, PHF, PBF, and PTF. The clinical indexes are including Age, BMI, WHR, sWAT, vWAT, oDI, IGI, Matsuda. Index, HOMA-beta, HOMA-IR, AUCCP/AUCGLU, AUCINS/AUCGLU, AUCCP.0–120, AUCINS 0–120, AUCGLU0-120, HbA1C, GA, CPE (0 h), CPE2 (0.5 h), CPE3 (1 h), CPE4 (2 h), CPE5 (3 h), FINS, 0.5 h FINS, 1 h FINS, 2 h FINS, 3 h FINS, FBG, 0.5 h FBG, 1 h FBG, 2 h FBG, 3 h FBG, IL-10, IL-8, IL-6, IL-1beta, TNF-alpha, CRP, GGT, AST, ALT. These three groups are NGT, IFG/IGT, T2DM. *p < 0.05, **p < 0.01, ***p < 0.001, t-test.




3.4 Inter-lobular fat exacerbated glucose metabolic dysfunction

To avoid the confounding effects of age, BMI, and WHR, an adjusted Model 1 applied to study the correlation of pancreatic indices with glucose metabolism, inflammation, and liver function indices in the three groups independent of age, BMI and WHR (Figure 4). It shows that PHF, PBF, and PTF were negatively associated with sWAT, but significantly positively associated with vWAT in the NGT group. In addition, IFV and IFV/IPV were positively correlated with glucose metabolic dysfunction markers but negatively associated with the Matsuda index in the IFG/IGT group, which was consistent with the unadjusted model. Similar to the unadjusted model, PHF, PBF, and PTF were positively associated with glucose metabolic dysfunction markers including HbA1c and 1 h PINS in the NGT group; however, no significant association between PFs (PHF, PBF, and PTF) and glucose metabolic dysfunction was observed in both the IFG/IGT and T2DM groups. Both IFV and IFV/IPV were positively associated with the IL-6 and CRP levels in the NGT group. PHF and PTF were also positively correlated with the inflammatory marker CRP in the IFG/IGT and T2DM groups, indicating that inflammatory markers may be risk factors for the development of diabetes (Figure 4). Meanwhile, the liver dysfunction markers GGT, AST, and ALT were significantly positively associated with IFV in the IFG/IGT group, but not in the NGT or T2DM groups, which may indicate a correlation between IFV and glucose metabolic dysfunction markers.

[image: Heatmap graphic displaying correlation coefficients between seven fat distribution measurements (TPV, PPV, IFV, IFV/TPV, PHF, PBF, PTF) and multiple metabolic and inflammatory variables in four glycemic groups (NGT, IFG/IGT, T2DM). Color gradient ranges from red (positive correlation) to blue (negative correlation), with significance levels indicated by asterisks.]

FIGURE 4
 Correlation map between all seven pancreatic indexes with clinical indexes in the three groups after adjusting with age, BMI, WHR. These pancreatic indexes, clinical indexes and groups are the same as in Figure 3. BMI, body mass index; WHR, waist-hip ratio. *p < 0.05, **p < 0.01, ***p < 0.001, t-test.




3.5 PHF and PBF were glucose metabolism dysfunction markers independent of liver dysfunction

To avoid masking by liver dysfunction, Model 2 was adjusted for age, BMI, WHR, ALT, AST, and GGT. Consistent with the unadjusted or adjusted Model 1, PHF, PBF, and PTF were positively associated with glucose metabolic dysfunction markers in the NGT group, whereas PHF and PBF were positively associated with glucose metabolic dysfunction markers in the IFG/IGT group. Consistent with the unadjusted model and Model 1, IFV was also positively associated with glucose metabolic dysfunction markers in the IFG/IGT group in adjusted Model 2. Furthermore, PHF and PTF were negatively associated with oDI and IGI but positively correlated with 3 h PBG in the T2DM group. Interestingly, in Model 2, both PHF and PBF were positively associated with the glucose metabolic dysfunction index including HOMA-β and AUCINS/AUCGLU in IFG/IGT group, which indicated that PHF and PBF accumulation may be independent risk factors for insulin resistance (Figure 5).

[image: Heatmap displaying correlation coefficients between various metabolic parameters (rows) and fat-related metrics (columns) for three groups: NGT, IFG/IGT, and T2DM. Color intensity represents correlation strength and direction, with red for positive and blue for negative correlations. Statistical significance is indicated with asterisks next to values. A legend explains the correlation scale and significance thresholds.]

FIGURE 5
 Correlation map between all seven pancreatic indexes with clinical indexes in the three groups after adjusting with age, BMI, WHR, GGT, AST, and ALT. These pancreatic indexes, clinical indexes and groups are the same as in Figure 3. BMI, body mass index; WHR, waist-hip circumference ratio; GGT, gamma glutamyl transpeptidase; AST, aspartate aminotransferase; ALT, alanine aminotransferase. *p < 0.05, **p < 0.01, ***p < 0.001, t-test.




3.6 Pancreatic intra-lobular fat was a better index than inter-lobular fat for glucose metabolic dysfunction

To study whether pancreatic indices could be applied for the early diagnosis of glucose metabolic dysfunction, both the NGT and IFG/IGT groups were used logistic regression study and evaluated by using receiver operating characteristic (ROC) curves. The area under the ROC curve (AUC) for the combination of age, BMI, and WHR was 0.64 (p = 0.0429) (Figure 6A), and for the combination of age, BMI, WHR, ALT, AST, and GGT was 0.66 (p = 0.0189) (Figure 6B), indicating that it was not sufficient to diagnose glucose metabolic dysfunction if only indices including age, BMI, WHR, ALT, AST, and GGT were included. Each of the seven pancreatic indices was combined with age, BMI, WHR, ALT, AST, and GGT to test their potential for the early diagnosis of glucose metabolic dysfunction. TPV, PPV, IFV, and IFV/TPV did not significantly improve the AUC, with values of 0.67 (p = 0.0168), 0.67 (p = 0.0168), 0.66 (p = 0.0175), and 0.66 (p = 0.0175), respectively (Figures 6C–F). In contrast, pancreatic intra-lobular fat, including PHF, PBF, and PTF, significantly improved the early diagnosis of glucose metabolic dysfunction, with AUCs of 0.73 (p = 0.0011), 0.73 (p = 0.0007), and 0.78 (p < 0.0001, respectively) (Figures 6G–I). These data indicate that pancreatic intra-lobular fat, including PHF, PBF, and PTF, is a better index for the diagnosis of glucose metabolic dysfunction than inter-lobular fat.

[image: Nine-panel figure displaying receiver operating characteristic (ROC) curve line graphs, each labeled A to I, with sensitivity on the y-axis and one minus specificity on the x-axis. Each panel reports an area under the curve (AUC) value with a 95 percent confidence interval. AUC values range from zero point sixty-four to zero point seventy-eight, with the highest value in panel I and lowest in panel A. Each ROC graph includes a red diagonal reference line.]

FIGURE 6
 ROC curves for the diagnosis of glucose metabolic dysfunction in overweight or obese patients. (A) ROC curve for the combination of age, BMI, and WHR. (B) ROC curve for the combination of age, BMI, WHR, ALT, AST, and GGT. (C) ROC curve for the combination of TPV, age, BMI, WHR, ALT, AST, and GGT. (D) ROC curve for the combination of PPV, age, BMI, WHR, ALT, AST, and GGT. (E) ROC curve for the combination of IFV, age, BMI, WHR, ALT, AST, and GGT. (F) ROC curve for the combination of IFV/TPV, age, BMI, WHR, ALT, AST, and GGT. (G) ROC curve for the combination of PHF, age, BMI, WHR, ALT, AST, and GGT. (H) ROC curve for the combination of PBF, age, BMI, WHR, ALT, AST, and GGT. (I) ROC curve for the combination of PTF, age, BMI, WHR, ALT, AST, and GGT. ROC, receiver operating characteristic; BMI, body mass index; WHR, waist-hip circumference ratio; GGT, gamma glutamyl transpeptidase; AST, aspartate aminotransferase; ALT, alanine aminotransferase; TPV, total pancreas volume; PPV, pancreatic parenchymal volume; IFV, inter-lobular fat volume; IFV/TPV, the ratio of inter-lobular fat volume to total pancreatic volume; PHF, pancreatic head fat; PBF, pancreatic body fat; PTF, pancreatic tail fat.





4 Discussion

In this study, 104 overweight or obese patients were recruited to investigate the roles of different types of the pancreatic fat in the development of T2DM using mDixon MRI. Glucose metabolism indices could distinguish between the NGT, IFG/IGT, and T2DM groups. PHF, PBF, and PTF levels were significantly higher in the IFG/IGT group than in the NGT group. Furthermore, regarding the correlation between pancreatic fat and the glucose metabolic index, PHF, PBF, and PTF were positively associated with glucose metabolic dysfunction markers in the NGT group in all three correlation models; whereas IFV showed a strong positive correlation with glucose metabolic dysfunction markers in the IFG/IGT group, but not in the NGT group. After adjusting for age, BMI, WHR, and ALT, AST, and GGT levels, both PHF and PBF levels were positively associated with glucose metabolic dysfunction in the NGT and IFG/IGT groups. These results strongly indicate that PHF and PBF may be independent risk factors for early stage T2DM, and that IFV exacerbates glucose metabolic dysfunction. Furthermore, the ROC showed that PHF, PBF, and PTF were better indices than inter-lobular fat in the diagnosis of glucose metabolic dysfunction. To the best of our knowledge, this is the first study to distinguish the distinct roles of PHF, PBF, PTF, and IFV in different stages of T2DM in overweight and obese Asian patients.

mDixon MRI is suitable for quantifying different parts of pancreatic fat in overweight or obese patients. As a noninvasive method for detecting pancreatic fat, ultrasonography is not suitable for distinguishing the different parts of pancreatic fat, including PHF, PBF, PTF, and IFV, especially in overweight or obese patients. Due to ectopic fat, it is difficult to get satisfactory images using ultrasonography (29). Although CT is much more sensitive than ultrasonography, ionizing radiation limits its widespread use for pancreatic fat quantification (41). Recently, mDixon MRI has become widely used for quantifying pancreatic fat because of its reliable reproducibility and safety. Dixon images are highly correlated with CT images in pancreatic fat quantification (41, 42). In this cross-sectional study, mDixon MRI was used to measure different parts of pancreatic fat in overweight and obese patients, saving them from the ionizing radiation of CT scanning, but with similar sensitivity. To maintain the randomness of this study, radiologists were blinded to all other clinical indices of the patients and used mDixon MRI to measure the different parts of the pancreatic fat using a well-established protocol (34). All data were analyzed by two different researchers and the results were no significant difference between two different researchers using paired-t test.

Both inter- and intra-lobular fat accumulation in the pancreas disturb normal pancreatic function, including glucose metabolism. The endocrine pancreas plays a critical role in regulating glucose homeostasis mainly by secreting insulin (β cells) and glucagon (λ cells) (17, 18). Ectopic fat accumulation may result in the secretion of proinflammatory adipokines to stimulate inflammation, which exacerbates insulin resistance and related metabolic diseases (6, 43). In this study, PHF was positively associated with glucose metabolic dysfunction markers in the IFG/IGT group, as well as strongly positively correlated with the inflammatory marker CRP. Both IFV and IFV/TPV were positively associated with the inflammation markers IL-6 and CRP in the NGT group (Figure 5).

Being overweight or obese is usually strongly associated with fatty liver disease. Liver dysfunction, especially insulin resistance, is one of the key characteristics of T2DM (44, 45). Although both fatty liver and pancreas are associated with the incidence of T2DM, a study showed that fatty pancreas was an independent risk factor for diabetes in a 10-year prospective cohort study (46). Another study showed that the hazard ratio for T2DM was 3.38 for pancreatic fat in 146 patients with T2DM over 6 years of follow-up. It also showed that pancreatic fat was negatively associated with insulin secretion in participants with prediabetes but not with a metabolomic pattern (47). And another study recruited 132 T2DM patients and investigated the potential association between pancreatic fat with T2DM using CT which found that pancreatic fat was a potential predictor of beta cell dysfunction as well as T2DM (48). However, these previous studies did not distinguish the potential heterogeneous roles of different parts of pancreatic fat in glucose metabolic dysfunction. After adjusting for the liver dysfunction markers ALT, AST, and GGT in Model 2, PHF, PBF, and PTF were still positively associated with glucose metabolic dysfunction, especially in the NGT and IFG/IGT groups; whereas IFV was significantly associated with glucose metabolic dysfunction mainly in the IFG/IGT group, but not in the NGT group (Figure 5).

Inflammation played roles in the development of obesity related T2DM. Previous cross-sectional and prospective studies have indicated that CRP, IL6, IL8, IL1β, and TNFα are predictive biomarkers for T2DM (49, 50). During obese, the enlarge adipose tissue and liver could release pro-inflammation cytokines such as IL6, TNFα, and CRP to blood (49). Excessive glucose and lipids could stress pancreatic β cells and insulin responsive tissues including liver, adipose tissue and muscle which lead to overproduce cytokines. The NF-κB and JNK pathway was involved in inflammation induced insulin resistance and T2DM development (51, 52). Here, we found that Both IFV and IFV/TPV were positively associated with the inflammation markers IL-6 and CRP in the NGT group, and CRP was also positively associated with PHF in both IFG/IGT and T2DM group (Figure 5).

This study had certain limitation due to the limited ethnic origin of the participants. All the participants were from China, which may limit the generalizability of our findings. Future studies should involve patients with diverse ethnic backgrounds to validate if our findings are generalizable.

In conclusion, this study dissected the potential role of different types of pancreatic fat in overweight or obese patients with distinct diabetic status using mDixon MRI. Pancreatic fat, including PHF, PBF, and PTF, was shown to be a potential independent risk factor for the progression of diabetes, whereas IFV exacerbated glucose metabolic dysfunction. Pancreatic intra-lobular fat, including PHF, PBF, and PTF, may be a better index for the diagnosis of glucose metabolic dysfunction than inter-lobular fat. Hence, the detection of fat in different parts of the pancreas, including PHF, PBF, PTF, and IFV, may facilitate the early diagnosis of metabolic dysfunction, allow early intervention, and enable the evaluation of certain treatments on glucose metabolic dysfunction. Future studies should evaluate the roles of different types of pancreatic fat in other populations.
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Introduction: Obesity, a pervasive global epidemic, has heightened susceptibility to chronic ailments and diminished the overall life expectancy on a global scale. Probiotics and inulin (IN) have been documented to mitigate obesity by exerting an influence on the composition of the gut microbiota. Whether heat-killed Bifidobacterium longum BBMN68 (MN68) and IN have an anti-obesity effect remains to be investigated.
Methods: In this study, Wistar rats were fed a high-fat diet (HFD), and orally administered heat-killed MN68 (2 × 1011 CFU/kg) and/or inulin (0.25 kg/kg) for 12 weeks. Histological analysis, serology analysis and 16S rRNA gene sequencing were performed.
Results: Heat-killed MN68 + IN treatment showed an enhanced effect on preventing weight gain, diminishing fat accumulation, and regulating lipid metabolism, compared to either heat-killed MN68 treatment or inulin treatment. Gut microbiota results showed that heat-killed MN68 + IN treatment significantly increased the relative abundance of Bacteroidota, Oscillospira, Intestinimonas, Christensenella, and Candidatus_Stoquefichus, and reduced the relative abundance of Enterococcus. Furthermore, heat-killed MN68 + IN significantly increased the SCFA levels, which were correlated with changes in the gut microbiota.
Discussion: This research provides support for the application of heat-killed MN68 and IN in the treatment of obesity, and highlights the combination of heat-killed BBMN68 and IN as functional food ingredients.
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1 Introduction

The prevalence of obesity has become a serious health concern globally. Obesity, specifically excess lipid accumulation, substantially increases the risk of several diseases like type 2 diabetes, cardiovascular disease, and cancers (1). Fat reduction surgery, physical exercises, and drugs are commonly used to prevent obesity. However, all of these treatment have their inherent drawbacks: fat reduction surgeries are expensive and carry risks such as infection, bleeding, and regaining weight; physical exercises seems challengeable due to time constraints and lack of time effectiveness; drugs have several side effects, including drug dependence, abdominal pain, and abdominal distension (2). In recent decades, it has been established that gut microbiota dysbiosis is causally linked to the onset of obesity. Studies have shown that the gut microbiota participates in the decomposition and synthesis of fat through different mechanisms (3). Hence, there is an imminent requirement to discern safe and efficacious natural products for averting obesity through the modulation of gut microbiota.

Postbiotics are suitable candidates for preventing chronic disease, which is currently a very interesting topic (4). Compared with living bacteria, postbiotics possess no risk of bacteria translocation and are easy to standardize (5). Moreover, recent studies have shown that heat-killed or fragmented lactobacillus strains (such as CP1563, Lr263, and HK L-137) can ameliorate obesity-induced metabolic abnormalities or adipose tissue inflammation (6–8). Postbiotics contribute to obesity prevention through several mechanisms, including the enhancement of intestinal permeability, modulation of the gut microbiota and its metabolites (such as short-chain fatty acids, SCFAs) (8), and the regulation of hormone levels in the intestine to exert control over energy metabolism (9). Consequently, leveraging postbiotics stands as a promising strategy in the prevention of obesity.

Inulin is widely regarded as one of the most effective and frequently employed prebiotics for the modulation of gut microbiota (10). Studies have shown that inulin treatment leads to gut microbiota remodeling and the SCFAs increase in obese mice, which enhances the expression of angiopoietin-like protein 4 (ANGPTL4) and regulates lipid metabolism (11). Similar research revealed that inulin protects against obesity by nourishing gut microbiota to restore IL-22-mediated enterocyte function in mice going on a high-fat diet (HFD) (11, 12). In a placebo-controlled randomized trial, researchers found that oligofructose-enriched inulin selectively altered the gut microbiota and significantly reduced weight z score, body fat percentage, and serum IL-6 levels in overweight or obese children (13). It has also been shown that the incorporation of Lactobacillus acidophilus and inulin can improve lipid metabolism and biochemical parameters in mice with HFD (14). Nevertheless, the impact of combining inulin with heat-killed probiotics for the prevention of obesity remains unexplored.

Bifidobacterium longum BBMN68 (MN68) was isolated from the centenarian feces in Bama, China. It exerts beneficial effects like improving immunity and maintaining the integrity of the gut barrier (15). Previous studies have also explored the bile tolerance and adhesion mechanism of BBMN68, which indicates that MN68 could be used as probiotics for improving body immunity, reducing allergic responses, and enhancing the intestinal digestion function (16, 17). In this study, an HFD-induced obese rat model was established to determine if heat-killed MN68 and inulin could prevent obesity, and 16S rRNA gene sequencing method was used to analyze the gut microbiota. We aim to provide a theoretical basis for the combined use of heat-killed MN68 and inulin as natural food ingredients for preventing obesity.



2 Materials and methods


2.1 Animals and diets

Specific pathogen-free (SPF) male Wistar rats (4–5 weeks old) were obtained from Vital River Laboratory Animal Technology Co Ltd., Beijing, China. Sterilized water and standard rodent chow (Beijing University Health Science Center, Beijing, China) were provided ad libitum throughout the experiment. All procedures involving animals were conducted by the Guidelines in the Care and Use of Animals. The study was reviewed and approved by the Animal Studies Committee of the Health Science Center, Institute of Medicinal Plant Development, Chinese Academy of Medical Sciences, Beijing, China (Approval number: PONY-2021-FL-58).

The rats were maintained in a temperature-controlled environment (22°C ± 2°C) with a light–dark cycle alternating between 12 h of light and 12 h of darkness. For establishing the obesity prevention model, 36 rats were equally divided into six groups. After acclimatizing the rats with the basal diet for 1 week in individual cages, the rats were fed test diets for 12 weeks. The control group (two groups of rats) received physiological saline, where one control group was fed the normal diet (3.85 gm%), and the second control group was fed the high-fat diet (4.73 gm%, Table 1). The remaining four groups fed on the fat-rich diet received pasteurized yogurt alone, inulin and heat-killed BBMN68 supplements alone, and a combination of inulin and heat-killed BBMN68 supplements, respectively. All components were administered via oral gavage (1 mL/rat) every day for 12 weeks, and the experimental outline was shown in Figure 1A. The body fat rate and lean meat percentage were measured by small animal magnetic resonance imaging (MRI) system-permanent magnet MRI NM21-060H-I (Suzhou Niumag Analytical Instrument Co., Ltd., China), and the fecal samples were collected before the rats were euthanized and stored at −80°C for further use.



TABLE 1 Composition of normal diet and high-fat diet for rats.
[image: Table comparing high-fat diet (Batch SYHF45) and normal diet (Batch SYC50H) formulations, displaying protein, carbohydrate, fat, and energy values as percentages and ingredient quantities in grams and kilocalories for each diet.]

[image: Panel A presents a timeline detailing six dietary intervention groups of five-week-old Wistar rats from week minus one to week twelve. Panel B is a bar graph comparing percentage weight gain across groups, with significant differences indicated by asterisks. Panel C shows fat and lean mass percentages as body weight for each group, highlighting statistically significant differences. Panel D displays epididymal and perirenal adipose tissue weights, indicating significant group differences. Panel E presents a line graph comparing weekly food intake among groups, with statistical significance marked at specific time points. Data markers and significance notations are included throughout.]

FIGURE 1
 Heat-killed MN68 and inulin reduce body weight and fat accumulation in HFD-induced obesity rats. Experimental workflow in rats (A). Body weight gain after 12 weeks (B). Fat mass and lean mass percentage of body weight (C). Total white fat weight from different organs (D). Food intake (E). Rats were divided into six groups (per group n = 6): ND, normal diet; HFD, high-fat diet; PY, pasteurized yogurt treatment; IN, pasteurized yogurt with inulin treatment; MN68, pasteurized yogurt with BBMN68 treatment; MN68 + IN, pasteurized yogurt with both inulin and BBMN68 treatment. Data were presented as the means (M) ± standard deviation (SD). p values were determined by a one-way ANOVA with LSD test. *p < 0.05; **p < 0.01, ***p < 0.001.




2.2 Preparation of the test samples

BBMN68 was cultured in De Man, Rogosa, and Sharpe (MRS) broth supplemented with 2% maltose for 24 h. After repeated culturing, BBMN68 was centrifuged at 5000 rpm for 10 min. The pellet was then dissolved in phosphate buffered solution (PBS), and BBMN68 was autoclaved at 121°C for 15 min. After BBMN68 was heat-killed and inactivated, they were powdered and mixed with pasteurized yogurt. The pasteurized yogurt was an excipient for probiotic samples. To prevent the influence of pasteurized yogurt, a pasteurized yogurt control (PY) group was also established. In the IN group, inulin supplements were added to make the final concentration of 0.25 g/mL and in the MN68 group, 2 × 108 CFU/mL heat-inactivated BBMN68 was used. In the MN68 + IN group, the same concentrations of inulin and heat-killed BBMN68 were used.



2.3 Analysis of biochemical parameters in serum

After 12 weeks, blood samples were collected from the abdominal aorta after rats were fasted overnight, and then centrifuged at 1000 × g for 15 min to isolate the serum, which were stored at −80°C for further use. Lipid metabolism indexes in serum including fasting plasma glucose (FPG), fasting insulin (FINS), total cholesterol (TC), triglyceride (TG), high-density lipoprotein-cholesterol (HDL-C), and low-density lipoprotein-cholesterol (LDL-C) were determined by HITACHI Automatic Analyzer 3100. The concentrations of leptin, adiponectin, lipopolysaccharide (LPS), interleukin (IL)-10, IL-1β, IL-6, IL-4, IL-10, tumor necrosis factor-α (TNF-α), and interferon-γ (IFN-γ) were measured by using commercially available enzyme-linked immunosorbent assay (ELISA) kits [Multisciences (Lianke) Biotech, Co., Ltd., Hangzhou, China].



2.4 Histological analysis

The epididymal adipose tissues were fixed in 4% paraformaldehyde and embedded in paraffin. The paraffin-embedded sections were stained using hematoxylin and eosin (H&E). The histopathology of liver tissues and epididymal adipocyte was visualized using an optical microscope (Leica DM6 B). The number and the area of the adipocytes were calculated using ImageJ 1.52v software (Wayne Rasband, National Institutes of Health, USA).



2.5 SCFAs analysis

Acetate, propionate, and butyrate concentrations were measured as described previously (18). Briefly, 25 mg of fecal sample was mixed with 500 μL of purified water containing 0.5% phosphoric acid, and the samples were ground at freezing temperature. The samples were placed in centrifuge tubes and treated with ultrasonic sound for 10 min at an ultrasonic power of 1,000 watts, followed by centrifugation at 13,000 × g for 15 min. Next, 200 μL of n-butanol (10 μg/mL 2-ethylbutyric acid as the internal standard) was added to the 200 μL supernatant for extraction and vortexed for 10 s. The samples were then treated using ultrasonic sound at 4°C for 10 min and centrifuged at 13000 × g for 5 min. The supernatant was collected and filtered through a 0.22 μm membrane. The concentration of SCFAs was measured using a gas chromatographic-mass spectrometer 8890B-7000D (GC–MS, Agilent J&W Scientific, Folsom, CA, USA) equipped with the HP-FFAP column (30 m × 0.25 mm × 0.25 μm, Agilent Technologies, Inc., Santa Clara, CA, USA). The temperature of the splitless injector was 250°C, the injection volume was 1 μL, and the carrier gas used was nitrogen. The temperature program of the GC oven was set as follows: starting at 80°C for 5 min, increased by 20°C/min to 120°C for 2 min, increased by 5°C/min to 160°C for 8 min, and maintained at 220°C for 3 min. The temperature of the electron impact ion source was 230°C, and the electron energy was 70 eV. The MassHunter software v10.0.707.0 (Agilent, USA) was used to analyze and calculate the final concentrations of different SCFAs.



2.6 16S rRNA sequencing and gut microbiota analysis

DNA extracted from the fecal samples of mice was amplified, and 16S rDNA sequencing was performed. The primers were designed for the variable V3–V4 regions and a PCR instrument (ABI GeneAmp® 9700 type) was performed to amplify DNA fragments of samples. Each experiment was carried out in triplicate. The amplified PCR products were mixed and resolved on 2% agarose gel. The AxyPrepDNA gel extraction kit (AXYGEN company) was used to extract PCR products, diluted with Tris–HCl, and the PCR products were quantified using QuantiFluor™ -ST blue fluorescence quantification system (Promega, Wisconsin, United States). The Miseq library was built using TruSeq™ DNA Sample Prep Kit (Illumina), and PCR products were sequenced using the Illumina platform. The sequencing data is accessible at the link http://www.ncbi.nlm.nih.gov/bioproject/911911 with BioProject ID: PRJNA911911.

For downstream analysis, quality control of paired-end raw sequencing reads was performed using Fastp (version 0.19.6). Merging of the reads was conducted using Flash (version 1.2.11) as follows: (1) Bases with quality scores below 20 were trimmed from the end of reads using a sliding window of 50 bp, discarding reads shorter than 50 bp and those containing ambiguous bases (N); (2) Paired-end reads were merged based on overlap, with a minimum overlap length of 10 bp; (3) The maximum allowable mismatch ratio in the overlap region was set to 0.2, with non-conforming sequences being filtered out; and (4) Sequences were demultiplexed and reoriented according to barcodes and primers, with no mismatches allowed in barcodes and up to two mismatches allowed in primers. Normalization was achieved by rarefying all sample sequences to the same reads for subsequent analyses. For taxonomic profiling, the RDP classifier1 was used to align sequences against the Silva 16S rRNA gene database (v138) with a confidence threshold of 70%. All reads were clustered into the operational taxonomic units (OTUs) using Usearch (version 7.1), which are defined by a 97% identity threshold of the 16S rRNA sequences. For the bioinformatics analysis, Majorbio Cloud (Majorbio Bio-Pharm Technology Co., Ltd., Shanghai, China), a web-based free platform, was used to perform the Wilcoxon rank-sum test and to construct Spearman Correlation Heatmap and the Linear discriminant analysis effect size (LEfSe) plot.



2.7 Statistical analysis

All data are represented as mean (M) ± standard deviation (SD). The data on body weight, fat accumulation, and serum levels were analyzed using one-way ANOVA with LSD test. SPSS statistics 26 was used for statistical analysis, and p < 0.05 was considered statistically significant.




3 Results


3.1 MN68 + IN treatment effectively reduces obesity-related parameters in obese rats

After 12 weeks of administering supplements via oral gavage, a significant reduction in the body weight of rats in the MN68 and IN group was observed compared to the HFD and IN group; the weight gain in rats from MN68, IN, and MN68 + IN group was all significantly less compared to the HFD group (p < 0.05) (Figures 1A,B). Regarding body composition, the body fat mass in the MN68 + IN group was significantly less (p < 0.05) than those in both the HFD and PY groups. No significant difference in the percentage of lean mass was found between the MN68 + IN group and the HFD group (Figure 1C). Significant reductions in both epididymal and perirenal adipose weight were observed in the IN and MN68 + IN groups compared to the HFD and PY groups (Figure 1D). There were no significant differences in the food intake among the HFD groups (Figure 1E). The rats in the IN and MN68 groups showed less obesity extent compared to the rats in the HFD group. Therefore, the combination of heat-killed MN68 and inulin showed a favorable delayed process of obesity induced by a high-fat diet.



3.2 MN68 + IN treatment changes liver and adipose histology and regulates the lipid metabolism indexes

The histopathological changes in both epididymal adipose tissues and liver tissues were observed under the microscope (Figures 2A,B). The H&E staining morphological analysis revealed that the liver and adipose tissue cells in the ND group were normal and orderly. Compared to the ND group, the liver tissue of the HFD group showed slight hepatocyte degeneration and lipid droplet infiltration. The liver lesions of IN, MN68, and MN68 + IN groups were reduced, and the number of lipid vacuoles was reduced. The outline of adipose tissue cells in the HFD group was larger than that in the ND group, and the arrangement was looser. The volume of adipocytes in IN, MN68, and MN68 + IN groups was smaller and the cell arrangement was tighter compared with the HFD group. The size of the adipocytes was measured, and the results showed that the size of adipocytes in the MN68, IN, and MN68 + IN group was significantly less (p < 0.05) compared to the HFD group (Figures 2C,D).

[image: Panel A presents six histological images of epididymal fat under different treatment groups labeled ND, HFD, PY, IN, MN68, and MN68+IN, showing variations in adipocyte size and number. Panel B shows six liver tissue sections under the same groups, highlighting differences in tissue morphology. Panels C, D, E, and F display bar graphs quantifying adipocyte number, adipocyte area, HDL-C and LDL-C serum levels, and TC and TG serum levels among the groups, with statistical significance annotated and group color keys provided.]

FIGURE 2
 Heat-killed MN68 and inulin improve serum lipid metabolism indexes, and liver and adipose tissue morphology in HFD-induced obesity rats. H&E staining of epididymal fat tissue (A) and liver tissue (B). Epididymal adipose cell measurement indexes include adipocyte number (C) and adipocyte area (D). Lipid metabolism indexes in serum include TC (total cholesterol), TG (triglyceride), HDL-C (high-density lipoprotein-cholesterol), and LDL-C (low-density lipoprotein-cholesterol) (E,F). Rats were divided into six groups (per group n = 6): ND, normal diet; HFD, high-fat diet; PY, pasteurized yogurt treatment; IN, pasteurized yogurt with inulin treatment; MN68, pasteurized yogurt with BBMN68 treatment; MN68 + IN, pasteurized yogurt with both inulin and BBMN68 treatment. Data were presented as the means (M) ± standard deviation (SD). p values were determined by a one-way ANOVA with LSD test. *p < 0.05; **p < 0.01, ***p < 0.001.


Serum lipid metabolism indexes including TC, TG, HDL-C, and LDL-C were detected in the six experimental groups. Compared to the ND group, HFD treatment significantly increased the serum TC, TG, and LDL-C levels, and significantly decreased the HDL-C level (p < 0.05, Figures 2E,F). There were no obvious differences in the serum levels of the four lipid metabolism indexes among the HFD group and the PY group. After MN68 treatment for 12 weeks, the serum TC and LDL-C were significantly decreased (p < 0.05), and there was no significant change in the TG levels between the HFD and MN68 groups (p > 0.05). Compared to the HFD group, a significant decrease (p < 0.05) in TC, TG, and LDL-C concentrations was observed in the IN, and MN68 + IN groups, with the MN68 + IN group having the most significant effect. Thus, these results demonstrate that Heat-killed MN68 and inulin improve serum lipid metabolism indexes, and liver and adipose tissue morphology in HFD-induced obesity rats, and their combination has a better effect.

To analyze the influence of heat-killed MN68 and inulin on serum biochemical parameters in HFD-induced obesity rats, serum leptin, adiponectin, LPS, and inflammatory factors levels were detected among the six groups. As shown in Table 2, rats in the HFD group were significantly changed compared to the ND group. Heat-killed MN68 + IN had significantly effect on reducing the LPS, IL-1β, and IFN-γ levels, and lifting the IL-4 and IL-10 levels. Nevertheless, heat-killed MN68 and inulin had no significant effect on the serum leptin, adiponectin, IL-6, and TNF-α levels. Moreover, serum FPG, FINS, and HOMA-IR levels were compared to explore the effect of heat-killed MN68 and inulin on insulin resistance in HFD-induced obesity rats. Compared to the ND group, a significant increase in FPG and FINS concentrations were observed in the HFD group (p < 0.05). MN68 + IN treatment significantly decreased the FPG and HOMA-IR levels, but there was no significant difference in the FINS level compared to the HFD group.



TABLE 2 Heat-killed MN68 and inulin regulate serum biochemical parameters and insulin resistance in HFD-induced obesity rats.
[image: Data table comparing serum biochemical parameters including leptin, adiponectin, LPS, various interleukins, TNF-α, IFN-γ, FPG, FINS, and HOMA-IR across six experimental groups: ND, HFD, PY, MN68, IN, and MN68 + IN, each displaying mean values with standard deviations and significance notations.]



3.3 MN68 + IN treatment regulates the gut microbiota composition


3.3.1 Diversity of gut microbiota

16S rDNA sequencing was performed to explore the microbial diversity in the fecal samples of rats in different groups after 12 weeks of oral gavage. The abundance of α-diversity, including Sobs, and Shannon indexes of the microbiota of rats in the ND group, was significantly higher compared to the other groups (Figures 3A,B). However, no significant differences in the abundance of α-diversity were observed in other groups. Principal coordinate analysis revealed a significant difference (p = 0.001) in the composition of the gut microbiota in all groups (Figure 3C). The dots of the ND group were departed from other groups while the dots of the MN68 + IN groups were departed from the HFD group (Figure 3D). Venn diagrams show that the OTU number of the ND group was much more than other groups (Figure 3E).

[image: Bar graphs labeled A and B display the sobs and Shannon index of OTU levels for six groups, with ND showing significantly higher diversity. Principal coordinate analysis plots C and D show clustering patterns for microbial communities by group. Venn diagram E represents OTU overlap across groups, with a central overlap of 357 OTUs.]

FIGURE 3
 Heat-killed MN68 and inulin alter the gut microbiota diversity in HFD-induced obesity rats. Sobs (A) and Shannon (B) indexes of α-diversity. PCoA plot of β-diversity based on the OTU among groups (C,D). Venn diagram with the overlapping area showing the shared OTUs among groups (E). Rats were divided into six groups (per group n = 6): ND, normal diet; HFD, high-fat diet; PY, pasteurized yogurt treatment; IN, pasteurized yogurt with inulin treatment; MN68, pasteurized yogurt with BBMN68 treatment; MN68 + IN, pasteurized yogurt with both inulin and BBMN68 treatment. Data were presented as the means (M) ± standard deviation (SD). p values were determined by a one-way ANOVA with the Kruskal-Wallis test. *p < 0.05; **p < 0.01; ***p < 0.001.




3.3.2 The composition of the microbial community at the phylum and genus level

As for the phyla microbiota, Bacteroidota and Firmicutes were the two main phyla among the six groups (Figures 4A,B). The abundance of Bacteroidota in the MN68 + IN group was significantly higher (p < 0.05) than those in the HFD and PY groups with the abundance of Firmicutes showing the opposite trend. Relative abundances at the genus level were shown in Figure 4C, and different abundances were found among the six groups. Excluding the genera categorized as “no-rank” and “unclassified,” the 10 genera exhibiting the highest relative abundance include Blautia, Colidextribacter, Ruminococcus_torques_group, Bacteroides, Lachnoclostridium, Lachnospiraceae_UCG-010, Ruminococcus_gauvreauii_group, Lachnospiraceae_NK4A136_group, Flavonifractor, Marvinbryantia, and Lactobacillus (Figure 4C). The LEfSe analysis showed that Blautia, and Faecalitalea were significantly enriched in the MN68 group, and Akkermansia, Bifidobacterium, and Lactococcus were enriched in the IN group (Figure 4D). As for the MN68 + IN group, the genera Oscillospira, Intestinimonas, Christensenella, and Candidatus_Stoquefichus were significantly enriched.

[image: Panel A shows a circular chord diagram depicting microbial taxa connections and abundances across different groups. Panel B presents a dot and bar plot of relative abundance percentages for Firmicutes and Bacteroidota across six groups. Panel C displays a stacked bar graph representing community abundance at the genus level for each group, with a color-coded genus legend. Panel D provides a horizontal bar chart of the LEfSe analysis, showing linear discriminant analysis scores for the top taxa differentiating each group, color-coded accordingly.]

FIGURE 4
 Heat-killed MN68 and inulin change the gut microbiota composition on phylum and genus levels in HFD-induced obesity rats. (A) Circos graph of the phyla microbiota among the six groups. (B) Relative abundance of Bacteroidota and Firmicutes. (C) Microbiota composition at the genus level. (D) LEfSe analysis among the six groups. Rats were divided into six groups (per group n = 6): ND, normal diet; HFD, high-fat diet; PY, pasteurized yogurt treatment; IN, pasteurized yogurt with inulin treatment; MN68, pasteurized yogurt with BBMN68 treatment; MN68 + IN, pasteurized yogurt with both inulin and BBMN68 treatment. Data were presented as the means (M) ± standard deviation (SD). p values were determined by a one-way ANOVA with Kruskal-Wallis test and Wilcoxon rank-sum test. *p < 0.05; **p < 0.01, ***p < 0.001.




3.3.3 MN68 + IN treatment modulates SCFA-related gut microbiota and increases SCFA production

Spearman correlation analysis was performed to study the correlation of the SCFA and the distribution of genera in fecal microbiota in all mice, and the results are shown in Figure 5A. The genera Ruminococcus, Roseburia, Lactobacillus, and Bacteroides were found to have a positive correlation with all acetate, propionate, and butyrate concentration. The concentrations of acetate, propionate, and butyrate were measured (Figure 5B). The results showed a significant increase (p < 0.05) in the levels of acetate, propionate, and butyrate in rats in the MN68 + IN group compared to the rats supplemented heat-killed MN68 or inulin alone, which tended to recover the original concentrations of SCFAs in the gut of rats in the ND group.

[image: Spearman correlation heatmap displays relationships between gut bacterial genera and short-chain fatty acids (acetate, propionate, butyrate), with color scale indicating correlation strength from negative (blue) to positive (red); significant correlations are marked by asterisks. Bar plot below compares SCFA levels across six experimental groups, each represented by distinct colored dots, with statistical significance denoted by asterisks and “ns” for non-significant comparisons.]

FIGURE 5
 Heat-killed MN68 and inulin increase the SCFA level by regulating gut microbiota composition in HFD-induced obesity rats and regulating the relative expression of obesity-related genes. (A) Spearman correlation heatmap between gut microbiota and SCFA level. Red indicates a positive correlation coefficient, while blue indicates a negative correlation coefficient. (B) SCFA level among the six groups. Rats were divided into six groups (per group n = 6): ND, normal diet; HFD, high-fat diet; PY, pasteurized yogurt treatment; IN, pasteurized yogurt with inulin treatment; MN68, pasteurized yogurt with BBMN68 treatment; MN68 + IN, pasteurized yogurt with both inulin and BBMN68 treatment. Data were presented as the means (M) ± standard deviation (SD). p values were determined by a one-way ANOVA with LSD test and Wilcoxon rank-sum test. *p < 0.05; **p < 0.01, ***p < 0.001.






4 Discussion

The prevalence of obesity is high globally, so there is an urgent need to explore new effective methods to prevent and treat obesity. Mounting evidence has demonstrated that gut microbiota plays a key role in obesity development (19), and novel therapeutic approaches, such as the use of probiotics, prebiotics, and postbiotics, could aid in preventing obesity (20). Previous studies have shown that Bifidobacterium longum BBMN68 improves intestinal functions and immunity (15, 21). However, the potential of heat-killed BBMN68 as a postbiotic is yet to be explored. Moreover, yogurt is redefined as a carrier for probiotic food and could benefit individuals who are obese by regulating their appetite and improving intestinal barrier function as well as lipid profiles (22). However, the function of pasteurized yogurt, an ideal matrix for delivering nonviable bacteria, is still unknown. Therefore, in this study, we have determined the effect of oral administration of pasteurized yogurt containing heat-killed BBMN68 and inulin on obesity prevention using the HFD-induced Wistar rat model.

For the successful establishment of the HFD-induced obesity model, the average weight of animals in the HFD group should be 20% higher compared to the ND group (23). In our study, the average weights of rats in the ND and HFD groups were 422.12 g and 568.68 g, respectively, thus indicating that the obesity model was successfully established. HFD increases lipids in the body, which are then deposited on the white adipose tissues like epididymal adipose tissue (18). We analyzed the weight gain in rats in different groups, and the results demonstrated that the weight gain in the rats in the MN68 + IN group was significantly less, and the rats were relatively slimmer compared to the HFD and PY groups. Furthermore, a significant reduction in weight gain, fat body rate, epididymal fat weight, and adipocyte size was observed in the rats in the MN68 + IN group compared to the IN group and the MN68 group. This indicates that MN68 + IN could effectively alleviate and prevent obesity. Together, these results show that heat-killed BBMN68 and inulin have an enhanced effect on preventing obesity.

Leptin and adiponectin are the key adipokines secreted by the adipocytes. Leptin resistance is characterized by high levels of leptin in serum, typically observed in patients with nutritional obesity (24). Furthermore, the diet of these patients is rich in glucose and fat, thereby increasing the level of adiponectin in serum (25). Our results revealed an increased level of leptin and a decreased level of adiponectin in the rats in the HFD group, but there was no significant difference among the treatment groups. The same trend can also be found in the plasma glucose and insulin concentrations, indicating that the lipid-related hormone level is moderately altered in treatment groups.

In most cases, obesity can trigger a series of inflammatory reactions. IFN-γ is a pro-inflammatory cytokine, and the reduction in IFN-γ levels improves metabolic outcomes in obesity (26). IL-10 is an anti-inflammatory cytokine that could prevent diet-induced obesity and suppress inflammatory responses (27). LPS is derived from gram-negative bacteria and can induce inflammatory responses in the host. An increase in LPS levels is directly associated with increased intestinal permeability (28). Our findings indicate a reduction in levels of LPS, IL-1β, and IFN-γ in groups administrated by pasteurized yogurt, coupled with an increase in IL-4 and IL-10 levels. This suggests that pasteurized yogurt has the potential to mitigate inflammation and contribute to the preservation of the gut barrier integrity in the host.

We performed 16S rDNA sequencing to determine the composition of gut microbiota in rats. The heat-killed BBMN68 and inulin could not significantly reverse the richness of the gut microbiota of HFD-fed rats. LEfSe analysis revealed that the SCFA-producing genera, Roseburia (29), Romboutsia (30), and Eubacterium xylanophilum (31) were enriched in the ND group. Furthermore, in the IN group, the genera enriched were negatively related to obesity like Akkermansia (32) and Flavonifractor (33) while in the MN68 + IN group, SCFA-producing genera Intestinimonas (34), Oscillospira (35) were also enriched. Overall, the combination of heat-killed BBMN68 and inulin increases the abundance of SCFA-producing bacteria in the gut microbiota, which increases the level of SCFAs in the body.

A study has shown that Roseburia cocultured with Akkermansia uses mucin to produce SCFAs (36), which enhances MUC2 expression in intestinal epithelial cells and increases mucus production (37). In addition, Blautia produces bacteriocins to inhibit pathogenic bacteria from colonizing the intestine (38). Our results revealed that beneficial bacteria like Blautia were enriched in the MN68 group. The proportion of SCFA-producing bacteria Intestinimonas and Oscillospira as well as negatively obese-associated genera Christensenella (39) were higher in the MN68 + IN groups compared to all HFD-induced groups. Candidatus_Stoquefichus, which is more abundant in THE MN68 + IN group, has shown to be negatively related to gut inflammation (40). These results suggested that the combination of heat-killed BBMN68 and inulin could modulate the gut microbiota and promote the growth of SCFA-producing bacteria.

Acetate and propionate can inhibit fat accumulation in adipose tissue via G protein-coupled receptor 43/free fatty acid receptor 2 (GPR43/FFAR2) (41). Cpt1 is a rate-limiting enzyme for the mitochondrial fatty acid β-oxidation. The dietary SCFA supplementation increases the expression of Cpt1 in adipose tissue, which is associated with GPR43 signaling (42). A study has shown that the inactivated Lactobacillus acidophilus and mixed prebiotics increase the concentration of acetate and propionate in feces (43). Our results showed that the concentration of SCFA was significantly higher in the MN68 + IN group compared to the HFD group. Researchers have documented the anti-inflammatory properties of SCFAs, which encompass the suppression of pro-inflammatory cytokine synthesis and the mitigation of oxidative stress within the organism (44, 45). In congruence with these findings, our results reveal that groups exhibiting elevated SCFA levels, such as the MN68 + IN group, have decreased levels of pro-inflammatory cytokines (LPS, IL-1β, and IFN-γ) and heightened levels of anti-inflammatory cytokines (IL-4 and IL-10). These outcomes suggest that MN68 + IN treatment holds potential for ameliorating oxidative stress. Collectively, our findings indicate that heat-killed BBMN68 and inulin may augment SCFA synthesis and inhibit adipose tissue lipid deposition, thereby contributing to the prevention of obesity.

Recently, more advanced sequencing techniques have emerged. For example, ASV (Amplicon Sequence Variant) analysis offers improved resolution, error detection, and data utilization in identifying species (46) compared to OTU analysis. As a result, such method can be utilized in future studies to achieve more precise taxonomical analysis. A multi-omics integrated analysis can also be employed to identify specific pathways that are pivotal in the suppression of obesity.



5 Conclusion

The co-administration of heat-killed BBMN68 and inulin demonstrates efficacy in mitigating obesity development in Wistar rats. The treatment not only attenuates weight gain but also reduces the body fat rate and the size of adipocytes. Furthermore, the co-administration of heat-killed BBMN68 and inulin promotes the enrichment of SCFA-producing bacteria, such as the genera Intestinimonas and Oscillospira. The heightened abundance of these bacteria contributes to an increased concentration of SCFAs, mitigating inflammation and preventing weight gain. Our study provides an alternative approach to obesity prevention and highlights the potential of utilizing the combination of heat-killed BBMN68 and inulin as functional food ingredients, showing promise in improving obesity. Future studies can focus on exploring more physiological functions of heat-killed BBMN68 in different models or clinical cases.



Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found at: https://www.ncbi.nlm.nih.gov/, PRJNA911911.



Ethics statement

The animal study was approved by the Ethics Committee of Pony Testing Group Co., Ltd. The study was conducted in accordance with the local legislation and institutional requirements.



Author contributions

SS: Conceptualization, Project administration, Writing – original draft. QZ: Conceptualization, Project administration, Writing – original draft. DL: Conceptualization, Project administration, Writing – original draft. HL: Methodology, Writing – original draft. HM: Methodology, Writing – original draft. XW: Project administration, Writing – original draft. YL: Supervision, Writing – original draft. PW: Supervision, Writing – original draft. RL: Supervision, Writing – original draft. HF: Project administration, Writing – original draft. YZ: Validation, Writing – original draft. YS: Validation, Writing – original draft. BF: Supervision, Writing – original draft. RW: Writing – review & editing.



Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This research was financially supported by the National Key R&D Program of China (grant number 2021YFD1600204).



Acknowledgments

The spelling, grammar, sentence structure, and terminology of our manuscript were edited by Bullet Edits Limited.



Conflict of interest

DL and HL were employed by Inner Mongolia Mengniu Dairy (Group) Co., Ltd., China. HL, HM and XW were employed by Mengniu Hi-Tech Dairy (Beijing) Co., Ltd., China.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnut.2024.1406070/full#supplementary-material



Footnotes

1   http://rdp.cme.msu.edu/, version 2.13.



References
	 1. Bluher, M. Obesity: global epidemiology and pathogenesis. Nat Rev Endocrinol. (2019) 15:288–98. doi: 10.1038/s41574-019-0176-8
	 2. Franz, MJ, Van Wormer, JJ, Crain, AL, Boucher, JL, Histon, T, Caplan, W , et al. Weight-loss outcomes: a systematic review and meta-analysis of weight-loss clinical trials with a minimum 1-year follow-up. J Am Diet Assoc. (2007) 107:1755–67. doi: 10.1016/j.jada.2007.07.017 
	 3. Sun, L, Ma, L, Ma, Y, Zhang, F, Zhao, C, and Nie, Y. Insights into the role of gut microbiota in obesity: pathogenesis, mechanisms, and therapeutic perspectives. Protein Cell. (2018) 9:397–403. doi: 10.1007/s13238-018-0546-3 
	 4. Salminen, S, Collado, MC, Endo, A, Hill, C, Lebeer, S, Quigley, EMM , et al. The International Scientific Association of Probiotics and Prebiotics (ISAPP) consensus statement on the definition and scope of postbiotics. Nat Rev Gastroenterol Hepatol. (2021) 18:649–67. doi: 10.1038/s41575-021-00440-6 
	 5. Homayouni Rad, A, Aghebati Maleki, L, Samadi Kafil, H, Fathi Zavoshti, H, and Abbasi, A. Postbiotics as novel health-promoting ingredients in functional foods. Health Promot Perspect. (2020) 10:3–4. doi: 10.15171/hpp.2020.02
	 6. Nakamura, F, Ishida, Y, Sawada, D, Ashida, N, Sugawara, T, Sakai, M , et al. Fragmented lactic acid bacterial cells activate peroxisome proliferator-activated receptors and ameliorate dyslipidemia in obese mice. J Agric Food Chem. (2016) 64:2549–59. doi: 10.1021/acs.jafc.5b05827
	 7. Hsieh, FC, Lan, CC, Huang, TY, Chen, KW, Chai, CY, Chen, WT , et al. Heat-killed and live Lactobacillus reuteri GMNL-263 exhibit similar effects on improving metabolic functions in high-fat diet-induced obese rats. Food Funct. (2016) 7:2374–88. doi: 10.1039/C5FO01396H
	 8. Yoshitake, R, Hirose, Y, Murosaki, S, and Matsuzaki, G. Heat-killed Lactobacillus plantarum L-137 attenuates obesity and associated metabolic abnormalities in C57BL/6 J mice on a high-fat diet. Biosci Microbiota Food Health. (2021) 40:84–91. doi: 10.12938/bmfh.2020-040 
	 9. Chambers, ES, Viardot, A, Psichas, A, Morrison, DJ, Murphy, KG, Zac-Varghese, SE , et al. Effects of targeted delivery of propionate to the human colon on appetite regulation, body weight maintenance and adiposity in overweight adults. Gut. (2015) 64:1744–54. doi: 10.1136/gutjnl-2014-307913 
	 10. Li, T, Zhang, Y, Song, J, Chen, L, Du, M, and Mao, X. Yogurt enriched with inulin ameliorated reproductive functions and regulated gut microbiota in dehydroepiandrosterone-induced polycystic ovary syndrome mice. Nutrients. (2022) 14:279. doi: 10.3390/nu14020279
	 11. Zou, J, Chassaing, B, Singh, V, Pellizzon, M, Ricci, M, Fythe, MD , et al. Fiber-mediated nourishment of gut microbiota protects against diet-induced obesity by restoring IL-22-mediated colonic health. Cell Host Microbe. (2018) 23:41–53.e4. doi: 10.1016/j.chom.2017.11.003 
	 12. Guo, J, Zhang, M, Wang, H, Li, N, Lu, Z, Li, L , et al. Gut microbiota and short chain fatty acids partially mediate the beneficial effects of inulin on metabolic disorders in obese ob/ob mice. J Food Biochem. (2022) 46:e14063. doi: 10.1111/jfbc.14063 
	 13. Nicolucci, AC, Hume, MP, Martinez, I, Mayengbam, S, Walter, J, and Reimer, RA. Prebiotics reduce body fat and alter intestinal microbiota in children who are overweight or with obesity. Gastroenterology. (2017) 153:711–22. doi: 10.1053/j.gastro.2017.05.055
	 14. Rangel-Torres, BE, Garcia-Montoya, IA, Rodriguez-Tadeo, A, and Jimenez-Vega, F. The symbiosis between Lactobacillus acidophilus and inulin: metabolic benefits in an obese murine model. Probiotics Antimicrob Proteins. (2022) 16:26–34. doi: 10.1007/s12602-022-10012-y
	 15. Yang, H, Liu, A, Zhang, M, Ibrahim, SA, Pang, Z, Leng, X , et al. Oral administration of live Bifidobacterium substrains isolated from centenarians enhances intestinal function in mice. Curr Microbiol. (2009) 59:439–45. doi: 10.1007/s00284-009-9457-0 
	 16. Xiong, Y, Zhai, Z, Lei, Y, Xiao, B, and Hao, Y. A novel major pilin subunit protein fimM is involved in adhesion of bifidobacterium longum BBMN68 to intestinal epithelial cells. Front Microbiol. (2020) 11:590435. doi: 10.3389/fmicb.2020.590435 
	 17. Xu, Q, Zhai, Z, An, H, Yang, Y, Yin, J, Wang, G , et al. The MarR family regulator BmrR is involved in bile tolerance of Bifidobacterium longum BBMN68 via controlling the expression of an ABC transporter. Appl Environ Microbiol. (2019) 85:e02453-18. doi: 10.1128/AEM.02453-18 
	 18. Cao, Q, Liu, L, Hu, Y, Jiang, N, Wang, Y, Chen, J , et al. Irradiation of carotid baroreceptor with low-intensity pulsed ultrasound exerts different metabolic protection in perirenal, epididymal white adipose tissue and interscapular brown adipose tissue of obese rats. FASEB J. (2020) 34:15431–47. doi: 10.1096/fj.202001550R 
	 19. Gomes, AC, Hoffmann, C, and Mota, JF. The human gut microbiota: metabolism and perspective in obesity. Gut Microbes. (2018) 9:308–25. doi: 10.1080/19490976.2018.1465157 
	 20. Cuevas-Sierra, A, Ramos-Lopez, O, Riezu-Boj, JI, Milagro, FI, and Martinez, JA. Diet, gut microbiota, and obesity: links with host genetics and epigenetics and potential applications. Adv Nutr. (2019) 10:S17–30. doi: 10.1093/advances/nmy078
	 21. Yang, HY, Liu, SL, Ibrahim, SA, Zhao, L, Jiang, JL, Sun, WF , et al. Oral administration of live Bifidobacterium substrains isolated from healthy centenarians enhanced immune function in BALB/c mice. Nutr Res. (2009) 29:281–9. doi: 10.1016/j.nutres.2009.03.010 
	 22. Hill, C, Guarner, F, Reid, G, Gibson, GR, Merenstein, DJ, Pot, B , et al. Expert consensus document. The International Scientific Association for Probiotics and Prebiotics consensus statement on the scope and appropriate use of the term probiotic. Nat Rev Gastroenterol Hepatol. (2014) 11:506–14. doi: 10.1038/nrgastro.2014.66 
	 23. Hariri, N, and Thibault, L. High-fat diet-induced obesity in animal models. Nutr Res Rev. (2010) 23:270–99. doi: 10.1017/S0954422410000168
	 24. Pan, H, Guo, J, and Su, Z. Advances in understanding the interrelations between leptin resistance and obesity. Physiol Behav. (2014) 130:157–69. doi: 10.1016/j.physbeh.2014.04.003 
	 25. Moreno-Fernandez, S, Garces-Rimon, M, Vera, G, Astier, J, Landrier, JF, and Miguel, M. High fat/high glucose diet induces metabolic syndrome in an experimental rat model. Nutrients. (2018) 10:1502. doi: 10.3390/nu10101502 
	 26. Strissel, KJ, DeFuria, J, Shaul, ME, Bennett, G, Greenberg, AS, and Obin, MS. T-cell recruitment and Th1 polarization in adipose tissue during diet-induced obesity in C57BL/6 mice. Obesity (Silver Spring). (2010) 18:1918–25. doi: 10.1038/oby.2010.1 
	 27. Hong, EG, Ko, HJ, Cho, YR, Kim, HJ, Ma, Z, Yu, TY , et al. Interleukin-10 prevents diet-induced insulin resistance by attenuating macrophage and cytokine response in skeletal muscle. Diabetes. (2009) 58:2525–35. doi: 10.2337/db08-1261 
	 28. Saad, MJ, Santos, A, and Prada, PO. Linking gut microbiota and inflammation to obesity and insulin resistance. Physiology. (2016) 31:283–93. doi: 10.1152/physiol.00041.2015 
	 29. Reichardt, N, Duncan, SH, Young, P, Belenguer, A, McWilliam Leitch, C, Scott, KP , et al. Phylogenetic distribution of three pathways for propionate production within the human gut microbiota. ISME J. (2014) 8:1323–35. doi: 10.1038/ismej.2014.14 
	 30. Ye, X, Liu, Y, Hu, J, Gao, Y, Ma, Y, and Wen, D. Chlorogenic acid-induced gut microbiota improves metabolic endotoxemia. Front Endocrinol. (2021) 12:762691. doi: 10.3389/fendo.2021.762691 
	 31. Wei, J, Zhao, Y, Zhou, C, Zhao, Q, Zhong, H, Zhu, X , et al. Dietary polysaccharide from Enteromorpha clathrata attenuates obesity and increases the intestinal abundance of butyrate-producing bacterium, eubacterium xylanophilum, in mice fed a high-fat diet. Polymers. (2021) 13:3286. doi: 10.3390/polym13193286
	 32. Cani, PD, and de Vos, WM. Next-generation beneficial microbes: the case of Akkermansia muciniphila. Front Microbiol. (2017) 8:1765. doi: 10.3389/fmicb.2017.01765 
	 33. Manca, C, Lacroix, S, Perusse, F, Flamand, N, Chagnon, Y, Drapeau, V , et al. Oral capsaicinoid administration alters the plasma endocannabinoidome and fecal microbiota of reproductive-aged women living with overweight and obesity. Biomedicines. (2021) 9:1246. doi: 10.3390/biomedicines9091246 
	 34. Klaring, K, Hanske, L, Bui, N, Charrier, C, Blaut, M, Haller, D , et al. Intestinimonas butyriciproducens gen. nov., sp. nov., a butyrate-producing bacterium from the mouse intestine. Int J Syst Evol Microbiol. (2013) 63:4606–12. doi: 10.1099/ijs.0.051441-0
	 35. Hu, Y, Xu, J, Sheng, Y, Liu, J, Li, H, Guo, M , et al. Pleurotus ostreatus ameliorates obesity by modulating the gut microbiota in obese mice induced by high-fat diet. Nutrients. (2022) 14:1868. doi: 10.3390/nu14091868
	 36. Pichler, MJ, Yamada, C, Shuoker, B, Alvarez-Silva, C, Gotoh, A, Leth, ML , et al. Butyrate producing colonic Clostridiales metabolise human milk oligosaccharides and cross feed on mucin via conserved pathways. Nat Commun. (2020) 11:3285. doi: 10.1038/s41467-020-17075-x 
	 37. Paone, P, and Cani, PD. Mucus barrier, mucins and gut microbiota: the expected slimy partners? Gut. (2020) 69:2232–43. doi: 10.1136/gutjnl-2020-322260 
	 38. Liu, X, Mao, B, Gu, J, Wu, J, Cui, S, Wang, G , et al. Blautia-a new functional genus with potential probiotic properties? Gut Microbes. (2021) 13:1–23. doi: 10.1080/19490976.2021.1903826 
	 39. Singh, TP, and Natraj, BH. Next-generation probiotics: a promising approach towards designing personalized medicine. Crit Rev Microbiol. (2021) 47:479–98. doi: 10.1080/1040841X.2021.1902940
	 40. Yang, X, He, Z, Hu, R, Yan, J, Zhang, Q, Li, B , et al. Dietary beta-carotene on postpartum uterine recovery in mice: crosstalk between gut microbiota and inflammation. Front Immunol. (2021) 12:744425. doi: 10.3389/fimmu.2021.744425 
	 41. Kimura, I, Ozawa, K, Inoue, D, Imamura, T, Kimura, K, Maeda, T , et al. The gut microbiota suppresses insulin-mediated fat accumulation via the short-chain fatty acid receptor GPR43. Nat Commun. (2013) 4:1829. doi: 10.1038/ncomms2852
	 42. Lu, Y, Fan, C, Li, P, Lu, Y, Chang, X, and Qi, K. Short chain fatty acids prevent high-fat-diet-induced obesity in mice by regulating G protein-coupled receptors and gut microbiota. Sci Rep. (2016) 6:37589. doi: 10.1038/srep37589 
	 43. Panasevich, MR, Daristotle, L, Quesnell, R, Reinhart, GA, and Frantz, NZ. Altered fecal microbiota, IgA, and fermentative end-products in adult dogs fed prebiotics and a nonviable Lactobacillus acidophilus. J Anim Sci. (2021) 99:skab347. doi: 10.1093/jas/skab347 
	 44. Lucas, S, Omata, Y, Hofmann, J, Bottcher, M, Iljazovic, A, Sarter, K , et al. Short-chain fatty acids regulate systemic bone mass and protect from pathological bone loss. Nat Commun. (2018) 9:55. doi: 10.1038/s41467-017-02490-4 
	 45. Medawar, E, Beyer, F, Thieleking, R, Haange, SB, Rolle-Kampczyk, U, Reinicke, M , et al. Prebiotic diet changes neural correlates of food decision-making in overweight adults: a randomised controlled within-subject cross-over trial. Gut. (2024) 73:298–310. doi: 10.1136/gutjnl-2023-330365 
	 46. Jeske, JT, and Gallert, C. Microbiome analysis via OTU and ASV-based pipelines-a comparative interpretation of ecological data in WWTP systems. Bioengineering. (2022) 9:146. doi: 10.3390/bioengineering9040146


Copyright
 © 2024 Sun, Zhang, Li, Li, Ma, Wu, Li, Wang, Liu, Feng, Zhang, Sang, Fang and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.







 


	
	
CLINICAL TRIAL
published: 27 November 2024
doi: 10.3389/fnut.2024.1510318








[image: image2]

Effect of synbiotic supplementation on obesity and gut microbiota in obese adults: a double-blind randomized controlled trial
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Background: Synbiotics, combining specific probiotics and selected prebiotics, may benefit health issues like obesity, but evidence remains inconsistent.
Objective: This study aimed to verify the effect of a pre-screened synbiotics combination [containing Bifidobacterium animalis subsp. lactis MN-Gup (MN-Gup), galacto-oligosaccharides (GOS) and xylo-oligosaccharides (XOS)] on obesity in the population.
Methods: In a randomized, double-blind, placebo-controlled trial, 80 individuals with obesity consumed daily synbiotics (containing MN-Gup 1 × 1011 CFU/day, GOS 0.7 g/day, and XOS 0.7 g/day) or placebo for 12 weeks. Body composition, blood lipids, serum hormone, bile acids, and gut microbiota were measured pre-and post-intervention.
Results: Synbiotics supplementation significantly decreased body fat percentage, waist, and serum low-density lipoprotein cholesterol (LDL-C), increased peptide YY, cholecystokinin, oxyntomodulin, GSH (glutathione peroxidase) in individuals with obesity. Additionally, synbiotic supplementation led to an enrichment of beneficial bacteria and bile acids chenodeoxycholic acid (CDCA). Bifidobacterium and Romboutsia were significantly positively correlated with CDCA. A more favorable effect was observed in individuals with obesity and abnormal LDL-C compared to those without dyslipidemia.
Conclusion: Twelve-week synbiotics intervention reduced body fat percentage, waist, and serum LDL-C, especially in individuals with obesity and abnormal LDL-C. The possible mechanisms may be related to changes in gut microbiota, bile acids and gut hormones.
Clinical trial registration: Chictr.org.cn, identifier ChiCTR2200064156.
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1 Introduction

Obesity represents a serious global public health challenge, with its prevalence escalating rapidly over the past five decades, affecting approximately 700 million adults worldwide (1). Due to excessive fat accumulation, obesity is strongly associated with dyslipidemia, hypertension and cardiovascular diseases (2). There are currently various ways to alleviate obesity, such as drug intervention, surgical intervention, etc., but these methods have their own limitations, such as high side effects and high risks. Therefore, safe and effective ways to alleviate obesity are of great significance and need to be found.

Probiotics have garnered significant attention in the application of relieving obesity due to their potential in regulating gut microbiota and its metabolites (3–7). Research has shown that certain beneficial bacteria can modify bile acid composition (8). Additionally, secondary bile acids have been shown to active Takeda G protein-coupled receptor 5 (TGR5), thereby promoting the proliferation of intestinal epithelial cells (9), which subsequently secrete hormones such as peptide YY (PYY), cholecystokinin (CCK), oxyntomodulin (OXM), and human angiopoietin-like protein 4 (ANGPTL4) (10–12), all of which have been supported to possess the potential of inhibiting fat synthesis (13–15).

Prebiotics are organic substances that are not digested and absorbed by the host, but can selectively promote the proliferation of some bacteria in human gut, thereby improving the health of the host (16, 17). Besides, they can also increase the survival rate of probiotics in the gastrointestinal tract (18). The synergistic combinations of probiotics and prebiotics, known as synbiotics, are hypothesized to exert a more potent impact compared to individual probiotics and prebiotics (19). Prebiotics such as inulin, fructo-oligosaccharides (FOS), galacto-oligosaccharides (GOS), xylo-oligosaccharides (XOS), and polydextrose are commonly combined with probiotics to form synbiotics, aiming to enhance their effects (20–23). However, the efficacy of different synbiotics in improving obesity varies. For instance, a combination of Lactobacillus acidophilus, Bifidobacterium lactis, Bifidobacterium longum, and Bifidobacterium bifidum and GOS was found to regulate gut microbiota and reduce weight in individuals with obesity (24). Synbiotics containing Bifidobacterium lactis UBBLa-70 and FOS not only improved body composition but also regulated glucose and lipid metabolism (25). Conversely, another study showed that the synbiotics comprising Lactobacillus acidophilus, Bifidobacterium lactis, Bifidobacterium longum, and Bifidobacterium bifidum and GOS did not exhibit statistically significant differences in body composition (24).

Given that the primary objective of incorporating prebiotics in synbiotics is to selectively enhance the proliferation of probiotics, the formulation combining probiotics and prebiotics holds significant importance. The variability observed in the effect of synbiotics on ameliorating obesity could potentially be attributed to whether a pre-screening process for the combination of probiotics and prebiotics was conducted. Our previous in vitro pre-screening experiments have demonstrated that GOS and XOS exhibit significant potential in promoting the proliferation of Bifidobacterium animalis subsp. lactis MN-Gup (MN-Gup, which is from BaMa longevity village, Guangxi, China, CGMCC No. 15578), rendering them suitable for synergistic combining to form synbiotics combination (26). Furthermore, our subsequent animal experiments have revealed that MN-Gup-based synbiotics possessed promising capabilities in significantly alleviating obesity in mice (26). This study aimed to investigate the effect of synbiotics (MN-Gup-GOS-XOS, containing MN-Gup, GOS and XOS) on improving obesity-related indicators and gut microbiota through a randomized controlled trial involving individuals with obesity.



2 Methods


2.1 Study design

A randomized, double-blind, placebo-controlled trial was designed to investigate the effects of synbiotics on alleviating obesity in individuals with obesity in Beijing, China, and was performed between November 2022 and February 2023. The study was approved by the Institutional Review Board of China Agricultural University Ethics Committee (CAUHR-20220903, registered on September 23, 2022). Written informed permission was acquired from each individual.



2.2 Inclusion and exclusion criteria

Inclusion criteria: (1) aged 18–45 years; and (2) body mass index (BMI) ≥28 kg/m2 or body fat percentage for males >25%, females >30%.

Exclusion criteria: (1) secondary obesity caused by diseases (e.g., hypothalamic obesity, pituitary obesity, thyroid obesity, adrenal obesity, or pancreatic obesity); or (2) in pregnancy or lactation; or (3) suffering from severe gastrointestinal diseases (i.e., ulcers, bleeding, obstruction, tumors, etc.); or (4) with a history of other serious disorders (i.e., diseases of heart, liver, kidney, brain, hematopoietic system, mental, tumors, etc.); or (5) taking weight-loss pills, antibiotics, proton pump inhibitors, H2 receptor antagonists, laxatives, antidiarrheal drugs, antibacterial agents, and hormones within 4 weeks; or (6) had taken probiotics within 1 month before the study; (7) participated in other clinical trials within 3 months.



2.3 Randomization and blinding

The randomization process was conducted by a research assistant who was not involved in the study. Randomization was performed using the Pocock and Simon minimization dynamic randomization method, incorporating baseline data (age, gender, BMI, and body fat percentage) to ensure balanced allocation across intervention groups at baseline participants were randomly assigned (1:1) to the synbiotic group and placebo group. Researchers and participants were blinded to intervention assignments until the study was completed.



2.4 Intervention and procedures

Prior to the study, participants were recruited via the internet and were subjected to age, gender, body composition, disease status, and drug use for screening. This study included a 2-week run-in period and a 12-week intervention period (Supplementary Figure S1). Throughout the run-in period, the participants were strictly prohibited from consuming foods containing probiotics (such as probiotic powder, probiotic yogurt, etc.). During the intervention period, everyone was instructed to consume a sachet of synbiotics (containing MN-Gup 1 × 1011 CFU/day, GOS 0.7 g/day, and XOS 0.7 g/day) or a sachet of placebo (maltodextrin powder without probiotics and prebiotic) once daily after either lunch or dinner for a duration of 12 weeks. The synbiotics and placebo utilized in this study were provided by Mengniu Hi-Tech Dairy Product Beijing Co., Ltd. Participants were requested to maintain their regular diet and exercise routine and were instructed to refrain from taking any other probiotics or probiotic-containing dietary supplements. Any adverse events or discomfort experienced by the participants were to be noted down in their diaries. Blood and fecal samples were collected and body composition were detected before and after intervention, respectively.



2.5 Primary outcomes

Primary outcomes are BMI and body fat percentage (body fat mass/weight), which were measured using the Inbody 770 body composition tester (Biospace Shanghai Co., Ltd., China).



2.6 Exploratory outcomes


2.6.1 Body composition measurement

Soft lean mass of subjects was measured using the Inbody 770 body composition tester (Biospace Shanghai Co., Ltd., China). Waist circumference and hip circumference (cm) were measured using a flexible tape.



2.6.2 Blood sample collection and blood index measurement

Blood samples were collected via venipuncture following an overnight fasting period both before and after the intervention. Subsequently, serum was collected by centrifugation to quantify blood lipids, serum hormones, bile acids, as well as markers of liver and kidney function.

Total cholesterol (TC), triglycerides (TG), low-density lipoprotein cholesterol (LDL-C), and high-density lipoprotein cholesterol (HDL-C) were measured using Elabscience ELISA kits (Elabscience Biotechnology Co., Ltd., China). Hormone indicators including peptide YY (PYY), cholecystokinin (CCK), oxyntomodulin (OXM), angiopoietin like protein 4 (ANGPTL4), GSH (glutathione peroxidase), T-AOC (total antioxidant capacity) of serum were measured using Meimian ELISA kits (Jiangsu Meimian industrial Co., Ltd., China), according to the manufacturer’s instructions. Serum uric acid (UA), creatinine (CR), urea (UR), aspartate aminotransferase (AST), and alanine aminotransferase (ALT), as the safety indicators, were measured using COIBO ELISA kits (Shanghai COIBO Biotechnology Co., Ltd., China).




2.7 Dietary information measurement

A dietary questionnaire was employed to assess the individuals’ dietary information for three consecutive days, both before and after the intervention. Subjects were given written and verbal instructions on how to maintain a complete food record with sufficient detail for analysis. If information was incomplete, the staff contacted the individual to confirm details of the foods consumed. Energy, carbohydrate, fat, and protein intake were computed using the food exchange method (27).



2.8 Serum bile acid measurement

Fasting plasma samples were obtained via venipuncture and serum was collected by centrifugation. Serum bile acids were measured refers to the previous research method using Agilent ultra-high-performance liquid chromatography-mass spectrometry (UHPLC-MS) [Agilent Technologies (China) Co., Ltd., China], and is modified (28). The specific steps are as follows: 50 μL serum and 200 μL internal standard solution [consisting of lithocholic acid (LCA)-D4, DCA-D4, and glycochenodeoxycholic acid (GCDCA)-D4 in methanol] were added to a 1.5 mL centrifuge tube. After vortex oscillation (Haimen Kylin-Bell Lab Instruments Co., Ltd., China) and centrifugation [Eppendorf (Shanghai) International Trade Co., Ltd., China] at 4°C for 30 s, 200 μL supernatant was transferred to a new 1.5 mL centrifuge tube. Then 200 μL ultrapure water was added for freeze drying using Sihuan freeze dryer (Beijing Sihuan Qihang Technology Co., Ltd., Beijing) and the residue is redissolved in 160 μL ultra-pure water. The dissolved sample was centrifuged at 12,000 r/min for 5 min, and the supernatant was transferred to a liquid injection bottle for HPLC analysis. The chromatographic column is the ZORBAX RRHD C18 column of the Agilent 1290LC system (50 mm × 2.1 mm, 1.8 μm) [Agilent Technologies (China) Co., Ltd., China]. The mobile phase elution procedure was as follows: 0–3 min: 35–50% methanol, 3–7.5 min: 50–75% methanol, 7.5–12 min: 75–100% methanol, 12–14 min: 100% methanol. The injection volume, flow rate, and the column temperature were 2 μL, 0.4 mL/min, and 30°C, respectively. Mass spectrum conditions: spray voltage: 4,500 V, nitrogen temperature: 350°C, flow rate: 11 L/min, capillary voltage: 4,000 V in positive ion mode and 3,500 V in negative ion mode.



2.9 Gut microbiota measurement

Fresh fecal samples were collected at baseline and after 12 weeks of intervention, and were collected and stored in sterile retention bottles. The samples were promptly placed on ice, transported to the laboratory within 1 h, and then frozen at −80°C for future use. Gut microbiota analysis of fresh feces was completed by Shanghai Majorbio Bio-pharm Technology Co., Ltd. (Shanghai, China). Fecal samples were taken out from-80°C for thawing until they restored to room temperature. Fecal DNA were extracted according to the requirements of the kit [E.Z.N.A.® SoilDNA, Annoron (Beijing) Biotechnology Co., Ltd., China]. Nanodrop micro spectrophotometer [Thermo Fisher Scientific (China) Co., Ltd., China] was used for DNA quality inspection. The hypervariable region V3–V4 of the bacterial 16S rRNA gene was amplified with primer pairs 338F (5′-ACTCCTACGGGAGGCAGCAG-3′) and 806R (5′-GGACTACHVGGGTWTCTAAT-3′). Sequencing was performed using the Miseq PE 300/NovaSeq PE 250 platform (Illumina, United States). Pathway information was obtained according to the KEGG database while the abundance of each functional category was calculated according to OTU abundance (29).



2.10 Statistical analysis

The sample size was estimated according to Stenman et al. (23) with the results of the change of body fat percentage and 39 subjects per group were needed with an α-error of 0.05 and β-error of 0.20. Considering the dropout rate, 40 individuals were planned to be recruited into each group.

Intent to treatment set (ITT) was used for analysis in this study. In the ITT set, missing values were imputed based on the last observation carried forward method. Continuous variables with normal or approximate normal distribution are described by mean ± standard deviation, whereas continuous variables with skewed distribution are described by median and interquartile range. Paired sample t-test and paired sample rank sum test were used for intra-group comparisons. Independent t-test and Mann–Whitney test were used for inter-group comparisons, and chi square test for counting data.

In the analysis of gut microbiota, the UPARSE algorithm was utilized for performing operational taxonomic unit (OTU) clustering analysis, while the RDP classifier algorithm was applied for taxonomic analysis. A principal coordinates analysis (PCoA) was conducted using unweighted-UniFrac distances of the OTUs to analyze β diversity. Differential abundance analysis of taxa was executed using linear discriminant analysis effect size (LEfSe). Correlation analysis was conducted using Spearman correlation analysis.

Due to LDL-C being a risk factor for multiple cardiovascular diseases, we conducted subgroup analysis on individuals with baseline LDL-C abnormalities and those without dyslipidemia. (Subgroup1: obese individuals with abnormal LDL-C; subgroup2: obese individuals without dyslipidemia) as the exploratory analysis (30).

p < 0.05 indicates a statistically significant difference. SAS 9.4 was used for statistical analysis.




3 Results


3.1 Characteristics of participants

This randomized, double-blind, placebo-controlled study was performed between November 2022 and February 2023. A total of 113 subjects were recruited for screening, out of which 80 subjects were included based on the inclusion criteria (Supplementary Figure S2). The subjects were randomly divided into a synbiotic or placebo group, with 40 subjects in each group. Thirteen subjects discontinued the intervention, leaving 67 subjects finally finishing the trial. At baseline, there were no statistically significant differences (p > 0.05) in age, sex, BMI, body fat percentage, waist circumference, hip circumference, soft lean mass between the two groups (Table 1). The final ITT analysis incorporated all 80 individuals who were randomized.



TABLE 1 Subject characteristics at baseline.
[image: Comparison table presents age, sex percentage, BMI, body fat percentage, waist, hip measurement, and soft lean mass for placebo and synbiotics groups, each with 40 participants, including p-values indicating group differences.]



3.2 Effect of synbiotics intervention on body composition and serum indicators of individuals with obesity

As demonstrated in Table 2, the synbiotic group exhibited a significant decrease in BMI (p = 0.01), body fat percentage (p = 0.001), waist (p = 0.0001), and serum LDL-C level (p = 0.005) after the intervention, while no significant changes were observed in the placebo group. Moreover, the decrease in body fat percentage (−0.36% vs. −1.26%) and waist (−0.40 cm vs. −2.28 cm) in the synbiotic group was significantly greater than that in the placebo group. Besides, there was a significant inter-group difference regarding the changes of LDL-C (−0.19 mmol/L vs. 0.00 mmol/L, p = 0.03). Both groups exhibited remarkable increase in serum PYY (p < 0.01) and OXM (p < 0.001) levels. However, the synbiotic group showed significantly higher levels of PYY (p = 0.006) and OXM (p = 0.0002) compared to the placebo group after intervention, with a particularly notable inter-group difference in the change of OXM (p = 0.02). Substantial increases in serum CCK (p = 0.0006) and ANGPTL4 (p = 0.04) was observed in the synbiotic group, but not the placebo group, with a significantly higher serum CCK compared to the placebo group following the synbiotic intervention (p = 0.03). As for antioxidant indexes, after intervention, the serum GSH levels of both groups significantly increased (p < 0.01), but the GSH levels in the synbiotics group were significantly higher than those in the placebo group after intervention (p = 0.0001), and the increase value was significantly greater than that in the placebo group (p = 0.005). There was no significant change in T-AOC between the two groups before and after intervention.



TABLE 2 Effect of synbiotics intervention on body composition of individuals with obesity.
[image: Data table comparing placebo and synbiotic groups across multiple health markers, including BMI, body fat percentage, waist and hip circumferences, soft lean mass, lipid profiles, hormones, and antioxidant indexes, with columns for pre- and post-intervention values, changes, and statistical significance.]

Table 3 shows the results of subgroup analysis, respectively, in obese individuals with abnormal LDL-C and those without dyslipidemia. In the obese individuals with abnormal LDL-C, significant reductions in body fat percentage (p = 0.02), hip circumference (p = 0.006), TG (p = 0.05) and LDL-C (p = 0.05) levels were observed in the synbiotic group while not in the placebo group. Moreover, the synbiotic group showed significantly lower post-intervention-LDL-C levels compared to the placebo group (p = 0.05), with a greater reduction in LDL-C (p = 0.04). However, in the obese individuals without dyslipidemia, except for reducing waist, the synbiotic intervention did not demonstrate any discernible superior effect compared to the placebo group, as evidenced by similar changes observed in various parameters following the intervention in both groups.



TABLE 3 Effect of synbiotics intervention on body composition of individuals of different subgroups.
[image: Table comparing changes in metabolic and anthropometric parameters between placebo and synbiotic groups, divided into two subgroups. Values include means and standard deviations for BMI, body fat percentage, waist, hip, soft lean mass, triglycerides, total cholesterol, LDL-C, and HDL-C, along with corresponding p-values for intra- and inter-group differences.]



3.3 Safety of synbiotics intervention on individuals with obesity

No adverse events were reported throughout the intervention. Following the intervention, there were no significant changes observed in liver (AST, ALT) and renal (UA, CR, UR) function indexes within both the placebo group and synbiotic group compared to baseline. Additionally, no obvious difference was found between the groups after the intervention, which indicates good safety of the synbiotics MN-Gup-GOS-XOS (Supplementary Table S1).



3.4 Dietary information of individuals with obesity

According to the dietary survey data, there were no significant differences in total energy, carbohydrate, fat, and protein intakes between the placebo and synbiotic group at baseline. After the intervention, dietary intakes did not change in both groups compared to baseline, and no significant difference was found between the two groups at post-intervention (Supplementary Table S2).



3.5 Effect of synbiotics intervention on gut microbiota of individuals with obesity

As shown in Supplementary Figures S3A–D, 16S rDNA gene sequencing of feces in subjects were performed to explore the changes in gut microbiota. There was no significant difference in alpha diversity indicated by the Shannon, Simpson, Sobs and ACE index between the placebo and synbiotic groups at baseline and post-intervention. Beta diversity based on PCoA showed that the cluster of placebo group did not clearly separate from the cluster of the synbiotic group at baseline and post-intervention (Supplementary Figures S3E,F). At the level of phylum, the dominant microbes could be classified as four phyla, including Firmicutes, Bacteroidetes, Actinobacteriota, and Proteobacteria (Figure 1A). At the level of genus, the dominant bacterial including Bacteroides, Faecalibacterium, Blautia, Agathobacter, and so on (Figure 1B). LEfSe analysis revealed that Eubacterium_nodatum_group and Holdemanella were significantly enriched in the placebo group after intervention, while the synbiotic group enriched Bifidobacterium, Abiotrophia, Escherichia-Shigella, Romboutsia, Solobacterium, TM7x, Veillonella, and Actinomyces at the level of genus (Figure 1C). KEGG pathway analysis showed that the top three pathways of feces were carbohydrate metabolism, membrane transport, and amino acid metabolism (Supplementary Figure S3G).

[image: Multi-panel scientific figure showing bar graphs (A, B, D), a horizontal bar plot (C), and scatter plots (E, G, H, J) comparing gut microbiota composition, genus abundance, bile acid levels, and correlations among Placebo and Synbiotic groups at two time points. Data are color-coded with legends and labeled axes.]

FIGURE 1
 Effects of MN-Gup-GOS-XOS on gut microbiota and bile acids of individuals with obesity. V0: baseline, V1: post-intervention. (A,B) The average relative abundance of bacteria at the phylum and the genus level. (C) LEfSe analysis of gut microbiota at post-intervention. The length of the bar represents the log10 transformed LDA score. The threshold on the logarithmic LDA score for discriminative features was set to 2.0. (D) Bile acids in individuals at baseline and post-intervention. TUDCA, tauroursodeoxycholic acid; TCA, taurocholate acid; GUDCA, glycoursodeoxycholic acid; GCA, glycocholic acid; TCDCA, taurochenodeoxycholic acid; TDCA, taurodeoxycholic acid; GCDCA, glycochenodeoxycholic acid; GDCA, glycoursodeoxycholic acid; CA, cholic acid; HDCA, hyodeoxycholic acid; UDCA, ursodeoxycholic acid; TLCA, taurolithocholic acid; GLCA, glycolithocholic acid; CDCA, chenodeoxycholic acid; DCA, deoxycholic acid; LCA, lithocholic acid. (E–J) Pearson correlation heatmap of bile acids and gut microbiota.




3.6 Effect of synbiotics intervention on serum bile acids of individuals with obesity

The regulation of bile acid metabolism by MN-Gup-GOS-XOS is demonstrated in Figure 1D. Notably, the synbiotic group exhibited a significantly higher level of CDCA compared to the placebo group after intervention (p < 0.05). Additionally, a significant increase in DCA was observed in the synbiotic group compared to the baseline (p < 0.05). There were no significant changes or differences in other bile acid parameters within or between groups.



3.7 Correlation heatmap of bile acids and gut microbiota

The Person’s correlation analysis revealed a significant positive association between Bifidobacterium and Romboutsia with CDCA (Figures 1E,F), whereas Anaerostipes exhibited a significant negative correlation with CDCA (Figure 1G). Additionally, Subdoligranulum, Dorea, and Eubacterium_hallii_group demonstrated a significant positive correlation with DCA (Figures 1H–J).



3.8 Gut microbiota analysis in subgroups stratified by baseline serum lipid levels

The results of gut microbiota analysis in subgroups stratified by baseline serum lipid levels are shown in the Figure 2.

[image: Bar charts display microbial composition differences and linear discriminant analysis scores among groups with obesity, abnormal LDL-C, and dyslipidemia, highlighting taxa such as Bifidobacterium and Clostridium in red and blue with different group labels.]

FIGURE 2
 Gut microbiota of subgroup analysis. (A) Differences in gut microbiota (genus level) between obese individuals with abnormal LDL-C and obese individuals without dyslipidemia at baseline. (B) LEfSe analysis of gut microbiota in obese individuals with abnormal LDL-C at post-intervention. (C) LEfSe analysis of gut microbiota in obese individuals without dyslipidemia at post-intervention. PD, placebo group in obese individuals with abnormal LDL-C; SD, synbiotic group in obese individuals with abnormal LDL-C; PO, placebo group in obese individuals without dyslipidemia; SO, synbiotic group in obese individuals without dyslipidemia.


At baseline, among the top 15% of genus abundance, significantly higher levels of norank_f__norank_o__Clostridia_UCG-014 and Lachnospiraceae_ND3007_group were observed in obese individuals with abnormal LDL-C compared to those without dyslipidemia. Conversely, obese individuals without dyslipidemia showed a significant enrichment of Bifidobacterium, Turicibacter, Clostridium_innocuum_group, and Lachnospiraceae_UCG-008 within their gut microbiota (Figure 2A).

After intervention, individuals with obesity and abnormal LDL-C exhibied significant enrichment of Bifidobacterium, Escherichia-Shigella, Streptococcus, Veillonella, Solobacterium, TM7x, Clostridium_innocuum_group, Actinomyces, and Granulicatel following synbiotics supplementation, while the placebo group enriched in Paraprevotella and Barnesiella (Figure 2B). In obese individuals without dyslipidemia, the placebo group exhibited a significant enrichment of Fusobacterium, whereas the synbiotic group demonstrated remarkable enrichment of Atopobium and Actinomyces (Figure 2C).




4 Discussion

This randomized, double-blind clinical trial showed that daily supplementation of the synbiotics MN-Gup-GOS-XOS for 12 weeks reduced body fat percentage, waist, serum LDL-C, and increased PYY, CCK, OXM, GSH in individuals with obesity. Additionally, the administration of MN-Gup-GOS-XOS resulted in an enhancement of certain gut microbiota and a significant increase in serum CDCA level in obese individuals. Correlation analysis revealed a significant association between certain gut microbiota and CDCA. Subgroup analysis demonstrated that MN-Gup-GOS-XOS had a more pronounced effect on obesity in individuals with abnormal LDL-C. Further analysis indicated that MN-Gup-GOS-XOS primarily improved the gut microbiota of obese individuals with abnormal LDL-C.

Improving obesity entails the crucial objective of reducing body fat and blood lipids. In this study, it was found that MN-Gup-GOS-XOS intervention could significantly reduce body fat percentage and waist, thereby indicating the potential of MN-Gup-GOS-XOS in enhancing body composition. Our study also demonstrated a significant reduction in serum LDL-C levels. Studies have shown that elevated serum LDL-C level is an important risk factor for cardiometabolic diseases in obese people (31). Therefore, it can be seen that MN-Gup-GOS-XOS in this study has the potential to reduce the risk of cardiometabolic disease in obese people. These results are consistent with the findings of other intervention studies, which demonstrated that synbiotic supplementation significantly reduced LDL-C levels in obese children or adults with overweight or obesity (32, 33). Besides, obesity usually leads to oxidative stress, and GSH helps to reduce the level of oxidative stress in the body (34). Our study indicates that after intervention with synbiotics, the serum GSH content of individuals significantly increased, suggesting that synbiotics can reduce oxidative stress levels in obese patients.

Studies have found that hormones play an important role in the regulation of lipid metabolism. For instance, PYY, CCK, OXM, and ANGPTL4 have been demonstrated to exert inhibitory effects on adipogenesis (15, 35–37). In this study, supplementation of MN-Gup-GOS-XOS increased the levels of PYY, CCK, and OXM in individuals with obesity, which provided a possible explanation for the mechanism of MN-Gup-GOS-XOS reducing LDL-C. Moreover, the metabolites such as bile acids related to the gut microbiota may exert a regulatory role on the aforementioned gastrointestinal hormones (38). Previous researches reported that DCA promotes PYY release in the colon and oral CDCA promoted the increase of OXM in human blood (11, 39). In this study, MN-Gup-GOS-XOS intervention increased the levels of CDCA, which may be the potential promoter of hormone release.

Furthermore, the efficacy of probiotics is inherently intertwined with the regulation of gut microbiota, which serves as the fundamental basis for metabolite production (40, 41). In this study, the relative abundance of Bifidobacterium in the synbiotic group was significantly higher compared to the placebo group at post-intervention, indicating that GOS and XOS facilitated the proliferation of Bifidobacterium. Furthermore, the synbiotic group exhibited enrichment in several bacteria such as Escherichia-Shigella, Romboutsia. Solobacteriumm, and Actinomyces, which have been proven to be beneficial for weight loss in previous animal and human studies (42–46). Additionally, Person’s correlation analysis revealed a significant positive association between Bifidobacterium and Romboutsia with CDCA, suggesting that MN-Gup-GOS-XOS may contribute to bile acid metabolism by promoting the proliferation of Bifidobacterium and Romboutsia.

Considering the observed beneficial impact of MN-Gup-GOS-XOS on LDL-C levels in individuals, we stratified the population into two subgroups: obese individuals with abnormal LDL-C and obese individuals without dyslipidemia. The intestine contains a large number of microorganisms that interact with the host (47). In this context, we observed that the MN-Gup-GOS-XOS supplement exerted a more favorable effect on serum LDL-C in obese individuals with abnormal LDL-C. In order to gain a more comprehensive understanding of this disparity in effects, we conducted an analysis of differential microbial communities. The relative abundances of Bifidobacterium, Turicibacter, Clostridium_innocuum_group, and Lachnospiraceae_UCG-008 were significantly higher in obese individuals without dyslipidemia compared to those with abnormal LDL-C at baseline. The abundance of Bifidobacterium has been found to have a negative correlation with LDL-C (48). Furthermore, Turicibacter was found to increase with weight loss in overweight men (49). Additionally, Clostridium_innocuum_group has been identified as a beneficial bacterium associated with lipid metabolism (50). However, gut microbiota of obese individuals with abnormal LDL-C exhibited an enrichment of Lachnospiraceae_ND3007_group, which has been previously identified as a biomarker for various diseases in scientific literatures (51, 52). These findings implied, unsurprisingly, that dyslipidemia-free obese individuals harbored a gut microbiota profile indicative of relatively favorable health status. After 12 weeks of synbiotic consumption, the abundance of Bifidobacterium and Clostridium_innocuum_group in obese individuals with abnormal LDL-C levels exhibited a significantly higher increase compared to the placebo group. These findings suggest that MN-Gup-GOS-XOS can significantly promote the proliferation of beneficial bacteria.

The strengths of this study lie in the inclusion of a novel probiotic strain, MN-Gup, and its synbiotics. Additionally, our findings demonstrate that synbiotics exhibit superior efficacy in ameliorating obesity and lipid metabolism abnormalities among individuals with elevated LDL-C levels. The study also presents certain limitations. Firstly, the direct correlation between gut microbiota and bile acids remains unclarified, while the precise mechanism underlying the impact of MN-Gup-GOS-XOS has not been fully elucidated. Secondly, the examination of beneficial bacteria promotion on CDCA was not conducted, leaving room for future verification through microbiota transplantation. Thirdly, this study only detected bile acids in serum, and future research can further explore the relationship between bile acids and obesity by detecting bile acids in feces. Fourthly, it is important to note that the findings of this study are limited in their applicability to individuals with obesity. Therefore, further recruitment of subjects with different types of obesity is recommended to explore the effects of synbiotics.

In conclusion, a 12-week supplementation of MN-Gup-GOS-XOS demonstrated significant reduction in body fat percentage, waist, and serum LDL-C among obese individuals, accompanied by alterations in gut microbiota (Bifidobacterium and Romboutsia), bile acid (CDCA), hormones (PYY, CCK, and OXM), and GSH. Furthermore, MN-Gup-GOS-XOS seemed to have a more favorable impact on individuals with abnormal LDL-C levels, which was further supported by the modifications seen in gut microbiota. However, the exact mechanism requires further validation through subsequent studies.
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Background: The oxidative balance score (OBS) combines diverse dietary components with lifestyle factors to comprehensively evaluate oxidative stress. The investigation focuses on the link between the OBS and mortality outcomes, including cardiovascular and all-cause deaths, in overweight and obese individuals.
Methods: The analysis utilized data from the National Health and Nutrition Examination Survey (NHANES), covering the period from 1999 to 2018. Mortality information, categorized into all-cause and cardiovascular deaths, was gathered from the National Death Index (NDI). Kaplan–Meier survival analysis, along with multivariate Cox regression and restricted cubic spline (RCS) modeling, were utilized to explore the link between OBS and mortality risks. Subgroup analysis and sensitivity analysis were used to assess the robustness of the results and possible effect modifiers. Mediation analysis identifies pathways through which the independent variable affects the dependent variable.
Results: In this study, 26,219 participants with overweight or obesity were enrolled, with an average age of 49.8 ± 17.4 years. During a median follow-up duration of 115 months, 2,239 participants (8.5%) died, including 837 (3.2%) from cardiovascular disease. According to Kaplan–Meier analysis, mortality was highest among participants in the lowest OBS quartile (Q1) and lowest among those in the highest quartile (Q4). Participants in the fourth OBS quartile experienced a 21.7% decrease in the risk of mortality from all causes and a 29.5% decrease in cardiovascular mortality risk, according to fully adjusted results, compared to those in the first quartile. These results were validated through subgroup analyses. The analysis of RCS revealed a notable inverse association between OBS and mortality outcomes. Mediation analysis indicates that white blood cell count (WBC) and gamma-glutamyl transferase (GGT) serve as significant mediators in the association between OBS and mortality risk.
Conclusion: Elevated levels of OBS were strongly linked to reduced potential for both cardiovascular and all-cause mortality among individuals who are overweight or obese.
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1 Introduction

The accumulation of excessive or ectopic fat, characteristic of being overweight or obese, greatly raises the likelihood of various metabolic disorders. According to WHO, the percentage of obese adults increased from 7% in 1990 to 16% by 2022. In that year, 43% of adults were categorized as overweight (1, 2). Body Mass Index (BMI) values have also steadily increased, with the average BMI in the United States having reached 27.8 by 2014 (3).

Overweight and obesity are key factors to non-infectious diseases, such as cardiovascular diseases, endocrine diseases, chronic respiratory diseases, and digestive system diseases (4–7). Beyond these health impacts, elevated BMI imposes a significant economic burden. By 2030, global costs associated with overweight and obesity are projected to reach $3 trillion annually, potentially exceeding $18 trillion by 2060 (1). Between 1990 and 2017, high BMI was responsible for a more than twofold rise in deaths and disability-adjusted life years (DALYs) (8).

Oxidative stress, a common pathophysiological condition in obese individuals, is a significant driver of chronic disease development. It arises from a disequilibrium between antioxidant defenses and reactive oxygen species (ROS), where redundant ROS production leads to cellular damage, inflammatory responses, and oxidative injuries, ultimately elevating disease risk (9). The oxidative balance score (OBS) evaluates the balance between the body’s oxidative and antioxidative processes, providing a semi-quantitative measure of oxidative stress. Comprising 15 antioxidants and 5 pro-oxidants, this score is derived from 4 lifestyle components and 16 dietary nutrients, with higher scores suggesting greater antioxidant extent and reduced risk of oxidative stress (10–13).

OBS is increasingly utilized in epidemiological research and has been linked to reduced abdominal obesity (14). Furthermore, levels of OBS have shown a negative correlation with depression (15), non-alcoholic fatty liver disease (NAFLD) (10), cardiovascular disease (16), and diabetes mellitus (17).

As far as we know, earlier research has not delved into the relationship between OBS and mortality risk among overweight or obese individuals. Therefore, the objective of this study is to investigate the link between OBS and mortality from all causes and cardiovascular diseases in overweight and obese, based on data sourced from the National Health and Nutrition Examination Survey (NHANES).



2 Methods


2.1 Study design and population

The Centers for Disease Control and Prevention (CDC) oversees NHANES, a long-term, nationwide project. It is designed to comprehensively evaluate the physical health and nutritional profiles of individuals in the U.S. and the associated influencing factors. NHANES utilizes an intricate, multistage probabilistic sampling approach to gather data in biennial cycles, comprising five core components: demographic data, dietary information, physical examination data, laboratory test results, and questionnaire. All participants are required to sign written informed consent forms, following detailed scrutiny and authorization from the NCHS Research Ethics Board.

This study included overweight and obese adult subjects with complete OBS-related information derived from 10 continuous NHANES cycles conducted between 1999 and 2018 (1999–2000, 2001–2002, 2003–2004, 2005–2006, 2007–2008, 2009–2010, 2011–2012, 2013–2014, 2015–2016, and 2017–2018). The specifics of the inclusion and exclusion criteria are illustrated in Figure 1. Initially, 101,316 participants were recruited; however, 42,054 were excluded for being under 18 or over 80 years of age. Additional exclusions include pregnant women (n = 1,722), individuals with incomplete OBS data (n = 19,765), unavailable mortality data (n = 139), and those with a BMI <25 (n = 11,417). Ultimately, 26,219 participants remained for analysis (Figure 1).

[image: Flowchart showing participant selection from the NHANES database 1999 to 2018, starting with 101,316 individuals and excluding those by age, pregnancy, missing data, and BMI under 25, ending with 26,219 participants.]

FIGURE 1
 Flowchart of patient enrollment. NHANES, National Health and Nutrition Examination Survey; OBS, oxidative balance score; BMI, body mass index.




2.2 Calculation of OBSs

Due to differences in data across years, dietary data from 1999 to 2002 were based on total nutrient intakes, while dietary data from 2003 to 2018 were derived from the first day’s total nutrient intakes. OBS incorporates 16 dietary components, such as niacin, riboflavin, total folate, vitamin E, vitamin B6, vitamin B12, vitamin C, carotenoids, and dietary fiber. It also includes minerals like selenium, calcium, magnesium, zinc, and copper, as well as iron and total fat. In addition to these dietary factors, four lifestyle factors are considered: smoking behavior, alcohol intake, BMI, and physical activity. Out of these, five elements—BMI, total fat, iron, smoking habits, and alcohol consumption—are recognized as pro-oxidants, whereas the other elements are categorized as antioxidants (13). For the antioxidant components, scores are assigned based on tertiles: 0 for the first tertile, 1 for the second, and 2 for the third. On the other hand, for pro-oxidant components, the scoring is reversed, with the first tertile receiving a score of 2 and the third tertile being assigned a score of 0 (18).

The physical activity (PA) levels were determined using the NHANES Physical Activity Questionnaire (PAQ), and the calculation relied on the formula: the metabolic equivalent of task (MET) score * duration * weekly frequency. Due to variations in the PAQ across different cycles, PA calculations were adjusted according to the corresponding survey years. From 1999 to 2006, PA was categorized into walking or bicycling, home or yard tasks, muscle-strengthening activities, and screen time (e.g., watching TV or using a computer). From 2007 to 2018, the classification of PA included two primary categories: work-related activities, which were divided into tasks of moderate and vigorous intensity, and leisure-time activities, which consisted of walking, cycling, as well as vigorous and moderate-intensity recreational activities (19). Cotinine, which is the primary byproduct of nicotine metabolism, was utilized to assess exposure to smoking by measuring cotinine concentrations in plasma samples (20). Alcohol intake was divided into three categories: individuals classified as heavy drinkers (with a daily intake of ≥15 g for women and ≥30 g for men), moderate drinkers (those consuming between 0 and 15 g per day for women and 0–30 g per day for men), and abstainers (<12 drinkers/year), scored as 2, 1, and 0, correspondingly (13). Detailed scoring criteria for each OBS component are provided in Supplementary Table Sl.



2.3 Evaluation of overweight/obesity

Overweight and obesity were assessed based on the BMI, which is calculated as weight (kg)/height (m)2. The CDC classifies BMI into specific categories: underweight (<18.5 kg/m2), normal weight (18.5–24.9 kg/m2), overweight (25–29.9 kg/m2), and obesity (≥30 kg/m2) (21).



2.4 Covariates

The analysis accounted for various covariates, including demographic and socioeconomic factors such as age, gender, and educational attainment (categorized as Less Than 9th Grade, 9–11th Grade, High School Graduate/GED or equivalent, Some College or Associate’s Degree, and College Graduate or higher). Ethnicity/race classifications included Mexican American, Other Hispanic, Non-Hispanic White, Non-Hispanic Black, and others. Marital status was grouped as married, single, or cohabiting. Economic status was assessed using the poverty income ratio, which was classified into low, medium, and high tiers. Smoking history referred to individuals who had smoked 100 cigarettes in their lives at least, while alcohol intake was defined as consuming a minimum of 12 beverages per annum. Medical history included prior diagnoses of hypertension and diabetes. In addition, total energy intake was included as a covariate in the analysis to account for dietary influences.



2.5 Ascertainment of mortality

This research examined two primary outcomes: mortality from all causes and mortality specifically attributed to cardiovascular disease (CVD). Information on mortality was obtained from the National Death Index (NDI) database. Cardiovascular disease (CVD) mortality was determined using diagnostic categories outlined in the 10th Revision of the International Classification of Diseases (ICD-10). The relevant codes include I00–I09, I11, I13, I20–I51, and I60–I69. NHANES baseline data (1999–2018) were matched longitudinally with the NDI database to access mortality information, with follow-up available until December 1, 2019. The NCHS provided the “2019 Public-Use Linked Mortality Files.”



2.6 Statistical analysis

All data analysis and graphical representation for this research were carried out utilizing R software (V4.4.1), IBM SPSS Statistics (V25), and GraphPad Prism (V9). Baseline characteristics were grouped according to OBS quartiles. The continuous variables were described using the mean and standard deviation (SD), while categorical variables were represented by frequencies and percentages. Differences in continuous variables between groups were examined using one-way analysis of variance (ANOVA), while Pearson’s chi-square test was employed for categorical variable analysis. Initially, the survival rates between different groups were compared using Kaplan–Meier (K–M) survival analysis, and the Log-rank test was employed to evaluate statistical significance. Subsequently, to evaluate the influence of various factors on the outcomes, Cox proportional hazard regression models were utilized, calculating hazard ratios (HRs) with 95% confidence intervals (CIs). To control for possible confounding variables, three distinct analytical models were constructed: Model 1 did not include any adjustments, while Model 2 controlled for age, race, and gender. In Model 3, further adjustments were made for age, gender, race, level of education, marital status, poverty-to-income ratio (PIR), alcohol use, smoking habits, as well as past medical history of hypertension and diabetes. To address potential non-linear relationships, Restricted Cubic Splines (RCS) were used to segment continuous variables, enabling a more refined characterization of their relationship with outcomes. Furthermore, subgroup analyses examine if the relationship between variables and outcomes varies across populations with differing characteristics. Subgroup analyses, along with sensitivity analysis, were conducted to verify the stability and generalizability of our results. In addition, we conducted a mediation analysis to investigate whether OBS could influence mortality risk in overweight/obese individuals through white blood cell count (WBC) and gamma-glutamyl transferase (GGT) (22, 23). We computed the average causal mediation effect (ACME), average direct effect (ADE), and proportion mediated through 500 simulations (sim). A p-value less than 0.05 indicates statistical significance.




3 Results


3.1 Baseline characteristics

Stratified by OBS quartiles, Table 1 displays the baseline characteristics. 26,219 overweight or obese participants were incorporated in the study. The participants’ average age in this study was 49.83 years, with a standard deviation of ±17.42 years, predominantly comprising non-Hispanic White individuals. Participants in the fourth quartile (Q4) of OBS were more inclined to be male, younger, married, and engage in alcohol consumption, while less likely to smoke or identify as non-Hispanic Black, in contrast to those in the first quartile (Q1). Those in the higher quartiles of OBS were more likely to possess higher educational qualifications, experience greater household earnings, and have a reduced rate of hypertension and diabetes.



TABLE 1 Baseline characteristics according to OBS quartiles in OV/OB patients.
[image: Table showing demographic and clinical characteristics for four quartiles (Q1–Q4) with variables including age, gender, race or ethnicity, education, income ratio, marital status, smoking, drinking, hypertension, diabetes, and overweight or obesity. Percentages and p-values indicate group differences.]



3.2 The relationship between OBS and mortality

Figure 2 presents KM curves, illustrating statistical significance in all-cause and cardiovascular mortality across OBS levels (p < 0.001). Mortality was highest within the first OBS quartile (Q1) and lowest within the fourth quartile (Q4). With a follow-up duration averaging 115 months, among 26,219 overweight or obese participants, 2,239 (8.5%) deaths occurred, of which 837 (3.2%) were attributable to cardiovascular disease.

[image: Kaplan-Meier survival curves compare survival probability over time for all-cause death (panel A) and cardiovascular death (panel B) by OBS quartile (Q1–Q4), showing higher quartiles have improved survival. Below each panel, tables list the number of individuals at risk at different time points for each quartile. P-values are less than 0.0001 in both panels, indicating significant group differences.]

FIGURE 2
 (A,B) K–M analyses for mortality among the four groups. Q1–Q4: quartiles 1–4. (A) All-cause mortality. (B) Cardiovascular mortality.


Table 2 shows the findings from the Cox regression. In the initial unadjusted model (Model 1), the risk of all-cause mortality reduced as OBS increased (HR 0.977, 95% CI 0.972–0.982, p < 0.001). When comparing the highest OBS quartile (Q4) to the lowest quartile (Q1), the former had a 35.0% lower risk of mortality (HR 0.650, 95% CI 0.591–0.714, p < 0.001). In Model 2, which controlled for age, sex, and race, individuals in the highest OBS quartile had a 35.4% reduction in mortality risk (HR 0.646, 95% CI 0.585–0.713, p < 0.001). In the fully adjusted model (Model 3), the risk of all-cause mortality was 21.7% lower for participants in Q4 compared to Q1 (HR 0.783, 95% CI 0.704–0.870, p < 0.001).



TABLE 2 Multivariable Cox regression models assessed the association between OBS and mortality in OV/OB.
[image: Data table compares hazard ratios (confidence intervals) and P-values for all-cause and cardiovascular death by OBS quartiles in Models 1, 2, and 3, with increasing adjustment for confounders. Q1 is reference; Q2 to Q4 show progressively lower hazard ratios, especially for higher quartiles, across all models for both outcomes. Notes describe model adjustments for demographic and health factors.]

The Cox regression analysis of OBS and cardiovascular mortality is shown in Table 2. In the unadjusted model (Model 1), the risk of cardiovascular mortality reduced as OBS increased (HR 0.973, 95% CI 0.966–0.980, p < 0.001). Participants in Q4 demonstrated a 43.2% lower cardiovascular mortality risk compared to those in Q1 (HR 0.568, 95% CI 0.486–0.663, p < 0.001). In Model 2, individuals in the Q4 group still showed a 43.0% reduction in cardiovascular mortality risk (HR 0.570, 95% CI 0.484–0.670, p < 0.001). In the fully adjusted Model 3, an inverse relationship between OBS and cardiovascular mortality persisted (HR 0.983, 95% CI 0.974–0.992, p < 0.001). Participants categorized in Q4 exhibited a 29.5% lower risk of cardiovascular mortality compared to those in Q1 (HR 0.705, 95% CI 0.592–0.839, p < 0.001).

Based on model 3, we added total energy intake as a covariate for sensitivity analysis (Supplementary Table S2). The results indicate that the association between OBS and both all-cause mortality and cardiovascular mortality remains statistically significant. In Supplementary Table S3, we provide a more detailed breakdown of the differential contributions of OBS categories to mortality outcomes. In the fully adjusted model, both dietary OBS (HR 0.989, 95% CI 0.983–0.994, p < 0.001) and lifestyle OBS (HR 0.911, 95% CI 0.887–0.936, p < 0.001) were negatively associated with all-cause mortality, and the results were statistically significant. After full adjustment, the risk of cardiovascular mortality decreased with the increase in both dietary OBS (HR 0.983, 95% CI 0.974–0.992, p < 0.001) and lifestyle OBS (HR 0.898, 95% CI 0.860–0.938, p < 0.001).

We further optimized the RCS analysis based on the completely adjusted model. The findings suggested a linear inverse relationship between OBS and both all-cause and cardiovascular mortality, with non-linearity p-values of 0.1816 and 0.0798, respectively (Figure 3).

[image: Two line graphs compare log relative risk (RR) for all-cause death (A) and cardiovascular death (B) against OBS values, showing decreasing risk with increasing OBS. Both graphs include blue trend lines with shaded confidence intervals and a horizontal dashed line at log RR of one.]

FIGURE 3
 The association of OBS with all-cause (A) and cardiovascular mortality (B) among overweight and obese visualized by restricted cubic spline.




3.3 Subgroup analysis

To evaluate the robustness of the relationship between OBS and mortality, the dataset was divided into subcategories according to variables such as age, gender, ethnicity, educational attainment, marital status, income level, smoking and drinking behaviors, as well as histories of hypertension, diabetes, and overweight/obesity (Table 3). The findings demonstrated that the inverse relationship between OBS and mortality remained broadly uniform across various subgroups. Our analysis revealed that the impact of OBS on all-cause mortality was significantly altered by overweight/obesity within this population subgroup (p for interaction = 0.002). Age, level of education, and overweight/obesity were recognized as significant modifiers affecting the link between OBS and cardiovascular mortality among overweight or obese individuals (p for interaction = 0.039, 0.014, and 0.017, correspondingly). In addition, although the interaction p-value for the diabetes subgroup analysis was not statistically significant, the observed risk differences suggest a potential trend. Specifically, individuals with diabetes (HR 0.993, 95% CI 0.982–1.004, p = 0.205) seem to derive less benefit from higher OBS compared to those with normal glucose metabolism (HR 0.984, 95% CI 0.978–0.990, p < 0.001). Therefore, we conducted a subgroup analysis between the impaired glucose metabolism group (pre-diabetes + diabetes group) and the non-diabetic group. The results suggest that impaired glucose metabolism is an important factor influencing the association between OBS and cardiovascular mortality in overweight or obese individuals (p for interaction < 0.001) (Supplementary Table S4).



TABLE 3 Stratified analysis of the relationship between OBS and mortality in overweight and obesity.
[image: Data table showing hazard ratios, confidence intervals, and p-values for all-cause and cardiovascular mortality stratified by age, gender, race, education, marital status, poverty to income ratio, smoking, drinking, hypertension, diabetes, and overweight or obesity, including interaction p-values for each subgroup.]



3.4 Mediation analyses

The WBC and GGT mediated the relationship between OBS and all-cause mortality, with mediation proportions of 1.53 and 1.95% (p < 0.001), respectively. Similarly, WBC and GGT also mediated the relationship between OBS and cardiovascular mortality, with mediation proportions of 0.87 and 1.34% (p < 0.05), respectively (Figure 4).

[image: Four mediation models display relationships among OBS, WBC or GGT, and death outcomes. Panels A and B show WBC and GGT partially mediate the effect of OBS on all-cause death, while panels C and D show WBC and GGT partially mediate OBS's effect on cardiovascular death, with reported indirect effects, proportions mediated, and total effects, all statistically significant.]

FIGURE 4
 Estimated proportion of the association between OBS and All-cause death mediated by WBC (A) and GGT (B). Estimated proportion of the association between OBS and Cardiovascular death mediated by WBC (C) and GGT (D). WBC, white blood cell; GGT, gamma-glutamyl transferase.





4 Discussion

As far as we are aware, this investigation represents the first attempt to explore the relationship between OBS and survival outcomes among overweight and obese individuals, utilizing data derived from the NHANES database. In a cohort of 26,219 overweight or obese individuals throughout 10 NHANES cycles (1999–2018), we found an inverse association between OBS and the risks associated with all-cause as well as cardiovascular mortality, with consistent and stable results across subgroup analyses. These findings suggest that antioxidant-rich diets and lifestyle patterns may confer a protective effect on the survival outcomes of overweight and obese individuals.

Reactive oxygen species are by-products of metabolic pathways in the body, strongly associated with the advancement of overweight, obesity, and related metabolic complications. The generation of ROS predominantly occurs in the mitochondria within cells (24). Overweight and obese increase the mechanical load on the body and myocardial metabolism, thereby leading to increased oxygen consumption. Additionally, inflammatory mediators and bioactive substances, such as TNF-α, interleukins (IL), and angiotensin II, are secreted by adipose tissue and play a pivotal role in stimulating immune cells and activating NADPH oxidase (NOS), which consequently leads to the generation of ROS (25–27). Similarly, ROS production promotes the secretion of inflammatory factors and pro-inflammatory transcription mediators, such as nuclear factor activator protein-1 (AP-1) and kappa B (NF-κB) (28). Furthermore, ROS plays a critical role in adipogenesis by triggering the differentiation of mesenchymal stem/stromal cells into adipocytes and activating adipogenic signaling networks via second messengers (25, 29). Increased ROS in tissues leads to the inactivation of components and enzymes in the respiratory chain, resulting in mitochondrial dysfunction. These processes ultimately contribute to multiple metabolic diseases, such as obesity, type 2 diabetes, aging, and may even increase mortality (30).

Several large-scale cohort studies have shown that the risk of mortality is elevated in overweight and obese populations (31). Our results demonstrate that increased OBS levels are linked to a lower likelihood of both all-cause and cardiovascular mortality in individuals with overweight or obesity, consistent with previous research. Cheng et al. (32) conducted an analysis using seven NHANES cycles and discovered that the link between OBS and the risk of cardiovascular disease was more pronounced among individuals exhibiting greater metabolic abnormalities. Wang et al. (33), utilizing a cross-sectional approach, identified an inverse relationship between OBS and both abdominal adiposity and visceral fat mass. High-quality diets may reduce the risks of cardiovascular and all-cause mortality associated with inflammation, with this effect being particularly pronounced in obese populations (34). High-quality diets are typically distinguished by the intake of abundant fruits, nuts, legumes, and vegetables, which are abundant in antioxidants, unsaturated fatty acids, various vitamins, and dietary fiber (35, 36). Obese individuals with mild to moderate inflammation can significantly reduce their all-cause mortality risk by strictly adhering to a healthy diet, though this effect is not significant in those with severe inflammation. This suggests that early intervention in systemic inflammation in overweight and obese individuals could reduce mortality risk (37). Nevertheless, several studies have reported a lack of a significant association between specific dietary factors and the risk of mortality (38). This discrepancy may stem from interactions between dietary nutrients or the impact of food production and processing stages (39, 40). While there are limited studies specifically examining the effect of OBS on mortality in overweight and obese individuals, various prospective cohort researches have analyzed the association between individual or select OBS components, such as iron, vitamin C, and β-carotene, and mortality. These studies indicate that elevated levels of antioxidants are linked to a lower incidence of mortality (41, 42). A cohort study including 29,836 obese adults found that moderate to intense exercise effectively reduced the probability of microvascular issues, heart-related diseases, and death from any cause in obese individuals (43). Lai et al. (22), after analyzing 10 cycles of NHANES data, found that WBC and GGT played a potential mediating role between OBS and mortality risk in individuals with cardiometabolic risk factors. OBS provides a comprehensive and objective assessment of antioxidant-rich diets and lifestyles. Previous studies have analyzed the association among OBS and mortality risk, with findings suggesting an inverse association between OBS and mortality rates (17, 38, 44, 45). Romacho et al. (46) carried out a non-randomized controlled study, finding that lifestyle interventions improved systemic inflammation and reduced cardiovascular disease risk in obese patients. Kc et al. (47) discovered that educational level was linked to mortality risk, and we identified a potential interaction between education level and OBS concerning cardiovascular mortality risk in overweight/obese populations.

This study possesses several strengths. First, Multi-stage probability sampling design was utilized in the NHANES data collection to ensure that the sample and data are nationally representative. Second, OBS is a composite index that, compared to individual indicators, provides a more comprehensive analysis of the correlation between oxidative stress and mortality in overweight and obese populations. Thirdly, the data spanning from 1999 to 2018, with a large sample size and extended follow-up period, enhances the credibility as well as the stability of the outcomes. Finally, our study controlled for several potential confounding factors, including demographic characteristics, history of hypertension, smoking, and alcohol consumption.

However, there are several limitations to this study. First, although OBS includes 20 factors, it does not encompass all oxidative stress-related factors, leaving room for further adjustment. Second, dietary data were based solely on the first dietary interview, and may not accurately reflect participants’ typical diets, potentially introducing bias into the results. Third, self-reported data from participants may be subject to reporting bias, particularly regarding dietary and lifestyle factors. Fourth, the findings may not be fully applicable to non-U.S. populations or individuals outside the overweight and obese categories. Therefore, caution should be exercised when applying these results to non-U.S. populations or individuals within the normal weight range. Further research in more diverse and broader populations is needed in the future. Fifth, a potential limitation of this study is the reliance on National Death Index (NDI) data to ascertain mortality outcomes. Due to inherent limitations in coding practices and classification systems, misclassification of causes of death may still occur. Finally, while this study utilized large-scale longitudinal data from the NHANES, there is an inherent risk of selection bias due to incomplete data. Some participants were excluded from the analysis because of missing data or other reasons, and as a result, selection bias to some extent is unavoidable.



5 Conclusion

Our study, encompassing 26,219 participants spanning 10 NHANES cycles, demonstrates a negative association between OBS and both all-cause and cardiovascular mortality in overweight and obese populations. A higher OBS score indicates higher exposure to antioxidant factors in diet and lifestyle and correlates with a reduced risk of both all-cause and cardiovascular mortality. The study emphasizes the status of maintaining an antioxidant-enriched diet, along with a healthy lifestyle, as part of management strategies for overweight and obesity.
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The problem of insulin resistance has exploded in recent decades, from practically nonexistent in 1950, to nearly ubiquitous today. Despite this, the dietary origins of insulin resistance remain elusive. Many have identified the Western Diet, focusing on saturated fat. However, population-scale consumption data shows that our consumption of saturated fat has remained unchanged, while our consumption of polyunsaturated fats has increased by more than 300%. This paper discusses the primary source of those polyunsaturated fatty acids (PUFA), a collection of eight chemically similar refined, bleached, and deodorized (RBD) seed oils, i.e., soy and canola, that now, together, represent the number one source of calories in the United States today, or approximately 30 percent of the average person’s daily intake. The Energy Model of Insulin Resistance hypothesizes that RBD seed oil consumption can promote cellular oxidative stress, forcing cells to change their fueling strategy to reduce oxidative stress. This is accomplished by increasing aerobic glycolysis to minimize fat oxidation. Observed in both cancerous and insulin resistance cells, aerobic glycolysis is also known as the Warburg Effect. While beneficial to individual cells, at the whole-organism level, it disrupts intravascular glucose homeostasis, ultimately elevating insulin and counter-regulatory hormones (CRH) simultaneously. CRH oppose the insulin signal, leading to the phenotype of insulin resistance. In summary, the Energy Model of Insulin Resistance provides a framework for understanding that the primary metabolic deficit in people with insulin resistance may not be abnormal insulin signaling, but rather an abnormally increased metabolic demand for sugar. If correct, this would elucidate the mitochondrial origins of the Warburg Effect and suggest that avoiding RBD oils represents an important and understudied dietary strategy for addressing insulin resistance and cancer.
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Introduction: the unexplained rise of insulin resistance

Metabolic health is at an all-time low, hovering just under 7% of US Adults (1). According to the latest NHANES dataset, fewer than 25% of adolescents have an ideal HOMA-IR score of 1 or less (2). IR often progresses to type 2 diabetes. But it is also associated with many disabling and fatal conditions even before this progression has occurred. In spite of its prevalence and devastating consequences, the dietary root cause and cellular mechanism of insulin resistance remain unclear.

Various models have been proposed, each with it is own shortcomings from failing to be fully supported by epidemiological or mechanistic considerations. I will highlight the most important models here.

Perhaps the most enduring model of insulin resistance proposes that obesity itself drives insulin resistance. But this fails to explain the increasing prevalence of insulin resistance in normal weight individuals (3). Lack of exercise has also been put forth as a driver of insulin resistance, but this does not explain how athletes become insulin resistant (4). It is notable that both obesity and lack of exercise are thought to cause insulin resistance by some combination of inflammation and oxidative stress (5).

The Western Diet has also been identified as a causative agent, again linked to oxidative stress (6, 7). In terms of macronutrients (as opposed to minor constituents such as pesticide residue and artificial coloring agents), the focus is generally on fat and sugar. However more attention is generally paid to fat, especially saturated fat, than sugar, and this is reflected in the dietary guidelines for Americans, which place caps on total fat and saturated fat intakes that must be adhered to in order for any institution to qualify for federal funding. No similar sugar intake cap exists (8). Additionally, articles on the Western diet such as those cited in the above two review articles more frequently discuss animal experiments where insulin resistance was induced by high fat feeding than by high sugar feeding.

In contrast to those focusing on fat as the driver of the oxidative stress inducing insulin resistance, proponents of the newer carbohydrate model of insulin resistance focus on carbohydrate-driven oxidative stress. They hypothesize that refined sugar and carbohydrates may elevate insulin too often, such that they “wear out” the body’s ability to respond to insulin (9). In this case, oxidative stress is provoked by elevated serum glucose (10). However, by definition blood glucose levels do not exceed 200 mg/dL for any significant period of time until insulin resistance has already progressed to type 2 diabetes, calling this mechanism to question.


RBD seed oils: an overlooked component of the western diet

The controversy over carbohydrate versus fat as a causative agent may exist in part because the characterization of the Western Diet is fundamentally flawed. Clemente-Suárez et al., write in 2023 that the Western Diet is “…a modern dietary pattern that is characterized by high intakes of processed and refined foods, red and processed meats, added sugars, and saturated and trans fats [emphasis mine]….” (6) Other authors make similar inaccurate remarks about saturated fat and trans fat (7, 11). While trans-fats had increased in the US diet during the 20th century, since 2000 they have declined as a result of the trans-fat ban, and by 2018 were largely eliminated (12). Secondly, and more pertinent, our saturated fat consumption is not increased compared to what it was before the incidence of metabolic disease began its precipitous rise in the middle of the 20th century. According to Figure 20, of the USDA publication Nutrient Content of the US Food Supply, 1909–2000 (13), our saturated fat consumption has remained remarkably stable in that time period, hovering between 50 and 58gm per day per person. However the same figure shows that our consumption of polyunsaturated fats increased nearly 300% between 1909 and 2000. The primary source of these polyunsaturated fats is the collection of eight refined, bleached, deodorized (RBD) seed oils that are the focus of this article and that remain critically under examined as a source of the oxidative stress (and inflammation) that many authors agree drives insulin resistance.



Oxidative stress: the crucial common theme?

From a mechanistic standpoint, many existing models of insulin resistance share the common theme of oxidative stress, as I briefly outlined above. These authors typically invoke inflammation as well as oxidation, as if the two processes are unrelated and must be examined independently. Others have made the same kinds of statements, and it seems to be a prevailing assumption that the two processes are independent (14–16). However this is not quite accurate.

It is important to recognize that inflammation generally begins with oxidative insults to the cell, particularly cell membrane phospholipids, whose oxidation initiates the activation of eicosanoids that drive the inflammatory cascade (17–19). If inflammation is only a secondary response to a primary insult, as appears may be the case in many if not all scenarios, then it may be unnecessary to invoke inflammation as a separate root cause driver of insulin resistance, and more logical to focus on oxidative process.

Indeed, Denham Harmon identified free radicals and their resultant oxidative insults as the root cause of cellular damage and aging in 1954 (20). The theory has been modified over the years, but the general thrust is the same: oxidative damage drives disease, inflammation, and aging (21). Thus, it is highly relevant that RBD seed oils are uniquely susceptible to free radical damage.




RBD seed oil, a novel food for humans


What is RBD seed oil?

The majority of edible oils in our food supply undergo refining, bleaching, and deodorizing after extraction. The edible oil industry refers to these as RBD oils. The term seed oil does not have an industry definition. For the purposes of this article, the term “RBD seed oil” will refer to the collection of eight vegetable seed oils with the highest concentrations of easily oxidized polyunsaturated fatty acids: corn, canola, cottonseed, soy, sunflower, safflower, rice bran, and grapeseed. Palm, coconut, peanut, olive and avocado can also be RBD but are lower in PUFAs and thus less of a concern.

These eight oils collectively comprise up to 80 percent of the average American’s fat calories and nearly one-third of their total caloric intake (22). Any food constituting such a large portion of the daily caloric intake demands scrutiny, particularly a novel food that has no precedent of safe use by human prior to it is widespread introduction into the food supply during the 20th century.

Notably, over the last century we can appreciate a striking similarity between the rise of RBD oil consumption and the rise of metabolic disease, as illustrated in Figure 1. The similarity is greater than that of sugar, which has more often been implicated as a root cause of metabolic disease.

[image: Line graph showing trends from 1909 to 2020 for seed oil and saturated fat intake, carbohydrate and red meat consumption, and type 2 diabetes prevalence in the United States. Seed oil consumption and diabetes rates rise sharply after 1970, while saturated fat, carbohydrates, and red meat remain relatively stable or decline.]

FIGURE 1
 Associations between major dietary components and rates of advanced insulin resistance in the US population from 1909 to 2020.




Recommendations to consume RBD oils

During the 20th century, the prevailing public health advice was to reduce saturated fatty acid and increase polyunsaturated fatty acids (PUFA). This emerged from the assumption that, because saturated fat consumption elevates cholesterol, that necessarily means it also causes heart attacks. Notably, the American Heart Association recommended these oils starting in 1961, but preliminary data from the first human trial to test this idea was not even collected until 1963, and not published until 1966 (23, 24). This is remarkable, and worthy of more attention that it has received, given the AHA’s claims that it is an evidence based organization.

Since the AHA first made its recommendation, multiple reviews have found no evidence of increased cardiac mortality from saturated fat (25–29) and the same holds for elevated cholesterol (30–32). Although this evidence significantly undermines the saturated-fat-cholesterol theory, the Dietary Guidelines (DGA) are based on low quality evidence and expert opinion (33, 34). Although calls have been made for the DGA to use higher quality evidence, the experts involved assert that there is enough evidence that saturated fat does increase cardiac mortality (35). As a result, the Dietary Guidelines for Americans continue to make the same recommendation to consume more polyunsaturated oils, as they have since first published in 1980. And without a cap on their consumption, our dietary intakes of RBD seed oils have trended upwards for decades (see Figure 1). Today, the average American gets the majority—approximately 80 percent—of their fat calories from these eight RBD seed oils.

It is also remarkable that these oils were initially manufactured for purposes other than human consumption and never tested on any scale before being released into the food supply (36). Given their widespread consumption and the lack of long term safety data, it is critically important to understand that their chemical makeup is unique among food ingredients in several key aspects that must be considered together to understand their impact on human metabolic health.



RBD seed oil’s novel chemistry

RBD seed oils are chemically distinct from fats and oils humanity has typically consumed in several aspects that pertain to their potential health effects. Unfortunately, dietitians and other nutrition experts often lump all “plant based” oils together, sending the strong message that if a consumer cannot afford more expensive extra virgin olive oil, they can simply purchase an RBD seed oil and get equivalent nutrition and expect the same health outcomes. This is erroneous. Four differentiators that pertain to their potential to promote significant redox imbalance will be highlighted here, and summarized in Figure 2.

[image: Infographic describing the refining process for eight commonly refined seed oils—corn, canola, cottonseed, rice bran, soy, sunflower, safflower, and grapeseed—detailing each step from crude oil to refined oil, with a photograph of crude soy oil and explanations of nutrient losses and formation of toxic byproducts during the process.]

FIGURE 2
 RBD seed oils are uniquely non-nutritive and easily oxidize into aldehydes and other toxins.



Higher PUFA content

When compared to traditional fats, these new oils have less saturated fat and more easily oxidizable polyunsaturated fat, primarily linoleic acid. This reflects the fatty acid profile of the seeds from which they are derived. The eight seed oils mentioned above contain from 25 to 75 percent PUFA fatty acids. The predominant PUFA is the 18 carbon omega-6 linoleic acid, although canola also contains approximately 10 percent omega-3 linolenic. Soy oil is the dominant RBD seed oil in the US food supply representing 80 to 90 percent of all RBD seed oils consumed (37). It contains approximately 55 percent polyunsaturated fatty acids. Butter, tallow, lard, chicken fat, coconut, and olive were previously the dominant fats in the American food supply. Their PUFA content ranges from a low of 4 percent for tallow, and a high of 20 percent for chicken fat.



Inedible when first extracted

In contrast to the first press of other culinary oils like olive, sesame, and coconut, the crude oil that is extracted during the industrial processing of the eight aforementioned oilseeds is initially unsuitable for human consumption due to “process contaminants” such as free fatty acids, waxes, soaps, and oxidized lipids. Thus crude seed oils must be refined to remove those unwanted elements (38). Unfortunately, refining also removes important nutrients that impact human health significantly.



Lower antioxidant and vitamin content

The second differentiator is an unintended but unavoidable byproduct of the processing that the vast majority of RBD seed oils consumed undergo, which reduces their nutrient content significantly. Unlike other oils, which reflect the nutritional profile of the seeds from which they are derived, RBD seed oils do not. Nutrients lost to oil refining vary by type but include a 25–35% reduction in soybean oil tocopherols (39, 40), a 60% reduction in Canola oil polyphenols (41), 99.8 percent loss of soybean oil phospholipids (39, 40). 90.7 percent loss of iron (39), and significant losses of copper, iron, magnesium, and calcium (40). Some of these nutrients function to protect the oil from oxidation, and their removal during refining makes the PUFA more susceptible to oxidation, with important consequences to their toxicity, discussed next.



Lipid oxidation products

PUFA oxidize more readily than saturated and monounsaturated fatty acids, and the resultant products are broadly called “lipid oxidation products.” As a result, bottles leaving the factory contain a variety of partly oxidized PUFA that often have toxic properties (42). The concentration of toxins increases over time due to the removal of stabilizing factors, the small amount of oxygen and the fact that many lipid oxidation products (LOPs) are themselves more susceptible to oxidation than the native linoleic and linolenic molecules (43, 44).

Lipid oxidation products can be quite toxic. Two of the most well studied LOPs are 4HHE and 4HNE. 4HHE is derived from oxidation of the omega-3 alpha-linolenic acid, and 4HNE is derived from oxidation of the omega-6 linoleic acid (45, 46). Alpha-beta unsaturated aldehydes represent another important class of LOPs present in RBD seed oils. Martin Grootveld and his associates measured the concentration of alpha-beta unsaturated aldehydes that form during shallow pan frying for 30 min as well as in fast food deep fryers subject to continuous heating for several days and found levels of both exposures to be similarly high. They detected crotonaldehyde at levels of 1.8–5.7 mg, and n-hexanal at levels of 2.5–9.5 mg. To help readers conceptualize the potential health hazard, he explained that these levels are “not dissimilar” to the alpha-beta unsaturated aldehyde exposure from “smoking of a (daily) allocation of 25 tobacco cigarettes” (47, 48).

With these considerations in mind, let us now return to the hypothesis.





The energy model of insulin resistance

The Energy Model of Insulin Resistance is a multi-disciplinary hypothesis that draws connections between the recent changes to our food supply that have produced alterations in human adipose fat, and their likely impacts upon cellular redox homeostasis that could lead to altered whole-body glucose homeostasis and ultimately insulin resistance (see Figure 3 for a visual guide through the process.). The model posits that RBD seed oil consumption contributes to significantly altered adipose composition such that cells metabolizing body fat are likely to experience more oxidative stress than cells metabolizing historically normed adipose fat. Oxidative stress, in turn, induces aerobic glycolysis, also known as The Warburg Effect. Increased glucose utilization at the cell level potentially disrupts whole body glucose homeostasis and culminates in insulin resistance, as will be discussed. Cellular oxidative stress can simultaneously promote inflammatory disease, developmental disease, infertility, and cancer, and represent a unifying mechanism we can invoke to explain the observed links between metabolic disease and the other chronic diseases that are increasing in prevalence in tandem with the obesity epidemic.

[image: Panel A depicts a mitochondrion exposed to PUFA, leading to oxidative stress and cellular hypoxia, triggering HIF gene activation and resulting in increased glucose transporter expression and aerobic glycolysis, known as the Warburg effect. Panel B shows the brain and pancreas detecting hypoglycemia and hyperglycemia, respectively, with the liver responding by regulating counter-regulatory hormones and insulin, illustrating the development of insulin resistance.]

FIGURE 3
 The energy model of insulin resistance: (A) The intracellular level. Mitochondrial PUFA oxidation harms cell structures, causing a shift to glucose oxidation as a protective measure. High-PUFA oils build high-PUFA body fat, and their mobilization between meals likely increases intracellular PUFA concentrations above historical norms. Mitochondrial PUFA oxidation promotes more oxidative stress than does oxidation of more saturated fatty acids. Oxidative stress, in turn, can promote periods of hypoxia that, among other effects, activate hypoxia inducible factor (HIF) genes. HIF genes increase GLUT-1 production, increasing mitochondrial glucose oxidation. (B) The tissue level. Due to the excessive glucose utilization by cells throughout the body, blood glucose levels start to decline, causing subclinical hypoglycemia. Hypoglycemia triggers counter regulatory “stress” hormone release and glucose elevations that can stimulate pancreatic insulin release. However, the presence of stress hormones blunts insulin’s ability to tell the liver to stop elevating glucose, thus the liver “resists” insulin signal. As insulin resistance progresses, the brain “defends” higher levels of glucose, and hyperglycemia predominates.


Glucose oxidation in the presence of oxygen is called aerobic glycolysis, and is also known as The Warburg Effect. This metabolic state has long been associated with cancer but more recently recognized in insulin resistance. The Energy Model hypothesizes that, when many cells simultaneously transport more glucose into the cell than normal, this can lead to episodes of subclinical hypoglycemia, discussed in Figure 1B.


The energy model of insulin resistance: a four component hypothesis

This section outlines the four-components of the hypothesis that a shift in our food supply, from traditional fat to novel seed oils, is the primary driver of a shift in our metabolic health from that of normoglycemia to insulin resistance. The four components, described herein, have long been observed and discussed. However, they have not yet been considered together as components of an important story—the story of the rise of metabolic disease during the past 120 years.

The four components are:

	I. Replacing animal fats with RBD seed oil promotes cellular oxidative stress.
	II. High seed oil diets produce high PUFA body fat and harm mitochondria.
	III. Mitochondrial adaptation to increased oxidative stress may involve increased aerobic glycolysis.
	IV. Increased aerobic glycolysis profoundly disrupts glucose homeostasis, leading to insulin resistance.

The four components are inter-related and partly sequential. Components I and II likely represent the initial insults that lead to the development of Components III and IV, the latter representing physiologic adaptations to the initial insults.

Components I and II initiate the cascading sequence of events that lead to insulin resistance by depleting antioxidant capacity, according to the evidence presented below in the sections covering these components. Depleted antioxidant capacity likely has numerous consequences and the one this paper discusses is the possibility that mitochondria become more susceptible to oxidative stress. In the section covering Component III, I will discuss the evidence that oxidative stress leads to increases in aerobic glycolysis, also known as The Warburg Effect. The final component, Component IV, discusses the consequences of supra-normal cellular glucose consumption. Drawing higher than typical levels of glucose from circulation could lead to repeated episodes of subclinical hypoglycemia. This has consequences to multiple tissues that must be considered together in order to comprehend their true impact.

The Energy Model provides a framework for understanding that the important initial defect in insulin resistance is an increased metabolic demand for sugar rather than a decreased sensitivity to insulin. This increased metabolic demand for sugar does not abate as insulin resistance progresses to prediabetes and type 2 diabetes; indeed it appears to accelerate.

Some aspects of the theory are more well supported by direct experimental data than others, and those aspects that have only indirect support will be discussed in additional detail in the next section. Additionally, since saturated fat is more often highlighted as the driver of metabolic disease than is polyunsaturated fat, this topic will also be discussed.



Component I: Replacing animal fats with RBD seed oils promotes cellular oxidative stress

It is a fundamental principle of chemistry that double bonds are more susceptible to oxidation than single bonds, and that the 1, 4 diene structure of polyunsaturated fatty acids’ double bonds renders them particularly susceptible to oxidative attack compared to monounsaturated and saturated fatty acids (49). To protect those fragile fatty acids from oxygen attacks, biological systems embed membranes with vitamin E. Those membrane structures with higher PUFA concentrations require greater vitamin E concentrations to protect them (50). However, Buettner, G. R., makes it clear in his 1993 publication “The Pecking Order of Free Radicals and Antioxidants” that to protect cell membrane PUFA, antioxidants must work in teams. Vitamin E passes off its radical to vitamin C, which passes off its radical to Glultathione, which must be “recharged” by the enzyme glutathione reductase (51). If any one of the nutrients involved is in short supply, the membrane protection system fails.

Animal experiments support the related idea that as you increase the PUFA content of an animal’s diet without also increasing antioxidants, the tissue levels of antioxidants are likely to decline or become depleted, with increases in oxidative stress. Raederstorff et al. cite experiments showing that as dietary linoleic acid content increases, vitamin E levels in tissues such as liver or plasma drop unless intake is adjusted upward (50). Bazinet and Layne note that in brain tissue, GSH levels often drop acutely under high PUFA conditions due to this oxidative burden (52). These authors also note that chronic PUFA exposure might upregulate GSH synthesis as an adaptation—via pathways like Nrf2 activation—if precursors (e.g., cysteine) are not limiting. Chronic PUFA exposure might ramp up GSH production if the system adapts, but if not—like in nutrient deficiency or disease—depletion of just one of the many nutrients involved in any given enzyme system could lead to failure of the entire system. The implication is that a high PUFA diet demands a specific set of nutrients to sustain without which the organisms will suffer harms related to oxidative stress.

A variety of investigators have shown experimentally that high linoleic acid diets induce oxidative stress in humans and experimental animals (53–55). Additionally, human observational studies have linked linoleic acid consumption to inflammatory disorders, obesity, immune disorders, infertility, ALS, psychological disorders (56–58). These authors propose the effects are mediated by oxidative stress.

In 2001, Kanner and Lapidot performed a series of experiments that considered an additional variable of stomach acid. They fed animals soy oil (55–58% PUFA) with meats and found the iron catalyzed Fenton reactions, leading to rapid lipid peroxidation with resultant hydroperoxide and reactive aldehyde production (59). This suggests that not only are fried foods going to increase our exposure to harmful LOPs like hydroperoxides and reactive aldehydes, certain food combinations will do so, too (53, 54, 60).

Having established that seed oils can, at least under certain circumstances, deplete antioxidant capacity in ways that would disrupt redox homeostasis, let us next discuss another consequence of seed oil consumption.



Component II: High seed oil diets produce high PUFA body fat and harm mitochondria


Changes to human adipose PUFA content during the past half century

Numerous animal studies have shown that dietary PUFA concentrates in adipose tissue in proportion to dietary consumption. Scant human studies have been done, but those that have have shown similar results. Guyenet (61) compiled data from studies published between 1955 and 2006 that evaluated the linoleic acid content of human adipose. (Linoleic acid is the predominant PUFA in RBD seed oil.) The data shows that in 1955 year the average linoleic content in adipose tissue ranged from 5 to10%, and by 2008 it rose to over 20%. Hodson et al. found that omega-3 fatty acids, alpha-linolenic, EPA, and DHA represent 0.7–1.0% of total fatty acids, and arachidonic acid accounts for another 0.5–1.0% (62). Current per capita RBD seed oil consumption is likely significantly greater than it was in 2006, due to the replacement of hydrogenated oils by liquid seed oils, thus our adipose total PUFA concentration is likely significantly higher than 20%.

Lipolysis of this adipose between meals releases PUFA into the circulation as free fatty acids to be taken up by cells where it may be utilized as substrates for mitochondrial beta-oxidation, with potentially detrimental effects to mitochondrial function.



Evidence that mitochondrial PUFA oxidation induces mitochondrial oxidative stress, apoptosis and ferroptosis

In 2002, researchers from the Institute for Neurosciences in Padua, Italy, demonstrated that just a few minutes of exposure to omega-6 linoleic acid depleted mitochondrial antioxidant capacity, after which time mitochondrial energy production plummeted to less than 50 percent of normal, and apoptosis ensued (63). The effects were more pronounced with omega-3 alpha-linolenic acid. In 2010, Shamato-Nagai et al. similarly demonstrated that PUFAs induce oxidative stress and cell death (64).

In 2012, Dixon SJ et al. identified a form of cell death called ferroptosis. They identified the peroxidation of polyunsaturated fatty acids as a key driver of the oxidative damage to cellular membranes leading to cell death. In 2019, Gao et al. demonstrated that mitochondria play a pivotal role in a subtype of ferroptosis induced by cysteine-deprivation (65). 2018, Picou et al. showed that omega-3 fish oils induced mitochondrial damage and ferroptosis in human derived leukemia cells (66). In 2023, Watts et al. showed that omega-6 and omega-3 fatty acids increase ferroptosis sensitivity in C elegans (67). In 2023, Petan et al. observed that when fat droplets that normally aggregate in cells release polyunsaturated fatty acids too rapidly, that process initiates ferroptosis and, subsequently, results in cell death (68). Also in 2023 Mortensen et al. compiled a review of multiple articles showing that, relative to PUFA, dietary monounsaturated fatty acids reduced susceptibility to ferroptosis (69).

When mitochondrial antioxidant capacity is overwhelmed, oxidative damage accumulates, leading to dysfunction that impacts the entire cell (70, 71). Thus it is incumbent upon the cell to support mitochondrial health, and this may involve changing fueling strategies. This will be discussed next.




Component III: Aerobic glycolysis and the Warburg effect

In the 1930s, Otto Warburg had observed tumors taking up enormous amounts of glucose compared to the surrounding cells, and suspected it was related to dysfunctional mitochondria. In subsequent decades other investigators noted that cancer cells tended to up regulate glycolysis in aerobic conditions rather than solely in anaerobic conditions. Eventually, the term The Warburg Effect because synonymous with aerobic glycolysis.

In 1977, Sidney Weinhouse, speculated that “The Warburg Effect might protect cells from oxidative damage by limiting mitochondrial respiration under conditions of high metabolic demand.” Although his perspective was that glycolysis was an attempt by the cell to minimize oxidative stress, not a result of it. Later investigators, with better instrumentation, were able to flip the script, showing that reactive oxygen species did indeed drive the Warburg Effect (72). Thus, oxidative stress can provoke aerobic glycolysis and if PUFA induce oxidative stress, they can likely induce aerobic glycolysis.

Meanwhile, others were linking PUFA to cancer. Efraim Racker, PhD, a pioneer in mitochondrial research, made an early link between dysfunctional mitochondria and polyunsaturated fatty acids, specifically having observed that polyunsaturates were mitochondrial uncouplers. In a 1963 editorial, he expressed concern that their long term use would likely “give rise to toxic reactions” and potentially cause cancer (73). He was gravely concerned that American Heart Association’s recommendation to swap out saturated fats for high-PUFA oils might prove unsound. In the same editorial, he cautioned that “More extensive studies on the toxicity of unsaturated fatty acids may be in order before their indiscriminate use in foods or drugs is condoned.”


Is glycolysis a survival strategy for cells chronically exposed to oxidative stress?

While a thorough investigation of this possibility is beyond the scope of this article, I want to raise the point because, as discussed, RBD oils are changing the chemistry of human body fat and potentially inducing a chronic state of increased oxidative stress. Reverting to glycolysis may be an atavistic survival strategy that many cells adopt in order to limit their exposure to damaging oxidative stress (69, 74). It benefits the individual cell, but ultimately harms the body.

Several lines of evidence have since converged around the notion that PUFAs induce not only oxidative stress but also glycolysis. Cellular oxidative stress induces a response that shifts fuel substrate from fatty acid to glucose. This is mediated by hypoxia-inducible factor (HIF)-1α nuclear accumulation, which activates glycolysis, while suppressing mitochondrial oxidative phosphorylation and fat oxidation (75–80). We have fairly ample evidence that oxidative stress can induce hypoxia inducible factor (HIF) gene expression (81–83). What is more, while the Warburg Effect has long been linked to cancer, newer evidence also links the Warburg effect to insulin resistance (84–86). And finally, patients with type 2 diabetes have increased activity of glycolysis and lactate production (87, 88). All of this taken together should serve to bolster the notion that seed oil consumption can shift cellular fueling strategy in ways that lead to increased blood glucose consumption.

The downstream effects of this will be discussed next.




Component IV: Increased cellular glucose consumption disrupts glucose homeostasis, leading to insulin resistance

It is self-evident that increased glucose consumption occurring between meals and overnight could potentially promote at least a mild form of hypoglycemia. In the postabsorptive (aka fasted) state, the supply of blood sugar is limited to a teaspoon’s worth of glucose at any given time, roughly16 calories. The circulatory system is simply not capable of distributing these scant calories over thousands of miles of capillaries with perfect efficiency. Ordinarily, mobilized free fatty acids provide cells with energy between meals, preventing blood glucose from dropping below the body’s normal set points. But, the shift from fat oxidation to glycolysis will increase body-wide glucose utilization, potentially causing blood sugar to dip.

The key to understanding the full impact of repeated episodes of subclinical hypoglycemia involves examining how the body’s various organs response to it. The brain vigorously defends against hypoglycemia by releasing counter regulatory hormones (CRH), frequently referred to as “stress hormones,” and the net effect is often slightly elevated glucose (89), leading to the subsequent pancreatic release of insulin. Thus, we have insulin and counter regulatory hormones present simultaneously. CRH, by definition, resist insulin’s signaling—thus leading to the phenotype of insulin resistance: high blood sugar and high insulin occurring simultaneously, and continuously.

Counter regulatory hormones (CRH) fiercely defend blood glucose. Mild drops in blood glucose, to 65–70 mg/dL, can trigger CRH release well before symptoms of more severe hypoglycemia (<50 mg/dL) appear (90, 91). Thus, if enough cells shift to aerobic glycolysis, it could lower glucose enough to stimulate release of CRH, although evidence for this is indirect (see below). Elevated levels of CHR, in turn, can induce mild hyperglycemia even in the presence of insulin. Simultaneously elevated insulin and CRH actions at the level of the hepatocyte produce the early stage phenotype of insulin resistance.

Indeed, chronic emotional stress is thought to induce insulin resistance by way of cortisol and catecholamines. In 1993, Surwit et al. (92) proposed that “The effects of stress on glucose metabolism are mediated by a variety of ‘counter-regulatory’ hormones that are released in response to stress and that result in elevated blood glucose levels and decreased insulin action.” Similarly in 2022, Sharma et al. (93) hypothesized that “The release of catecholamines and a rise in serum glucocorticoid concentrations caused by psychological stress enhance the requirement for insulin and insulin resistance.”

Interestingly, hypoglycemia can cause hunger and concentration problems. Over the past few decades, the number of people snacking between meals has increased, and one of the most commonly cited reasons for snacking between meals is inability to concentrate. According to an industry report published by Mintel called “Snacking Motivations and Attitudes U.S. 2015,” 39 percent of millennials report snacking to “stay focused” throughout the day (94). Thus, along with the epidemic of insulin resistance, we may also be in the midst of an unrecognized epidemic of subclinical hypoglycemia.


Human experiments showing dietary PUFA promotes hypoglycemia

A number of investigations suggest that PUFA increases the body’s reliance on blood glucose for energy between meals. In 1988, Jones et al. (95) placed participants on either a high- or low-PUFA diet for 1 week. They then measured the participants’ glucose versus fat utilization after an overnight fast. Individuals on a high-PUFA diet burned 23% more glucose and 25% less fat compared to those on a low-PUFA diet. In 2004, Manco et al. (96) wrote that PUFAs lower glucose by increasing GLUT4 transport. In 2013, Gadgil et al. (97) found that increasing PUFA from 8 to 10% of calories for 1 week reduced fasting glucoses.

Although these studies both support the notion that dietary PUFA can increase cellular glucose dependence, this effect was interpreted as a benefit. Thus, both studies have been used incorrectly (in this author’s view) as evidence that PUFA improves insulin resistance.

To resolve this apparent discrepancy, it is important to consider the following shortcomings of their perspective. First, it overlooks the broader metabolic consequences of relying on glucose, rather than fat, for energy, especially between meals when blood glucose is limited. Secondly, neither author discussed the possibility that increasing cellular glucose utilization may disrupt whole body glucose homeostasis leading to excessive counter regulatory hormone release. Third, neither author pointed out that their short term studies are incapable of determining longer term impacts. These failings are a predictable outgrowth of the ideology that PUFA are universally beneficial, which has, for many decades, prevented authors from interpreting their results objectively and has prevented others from determining the root cause of metabolic disease.





Additional evidence linking RBD seed oils to insulin resistance


Animal studies linking seed oils to insulin resistance

Prolonged elevations of free fatty acids (FFA) have long been observed to impair glucose-stimulated insulin secretion (GSIS), but until 2002, no one had investigated the different effects of differing types of fatty acids. In 2002, Dobbins et al. studied rats fed a diet high in saturated and monounsaturated fats (lard) versus high in PUFA (soy oil). After 4 weeks on the different diets, they tested GSIS and found the insulin sensitivity of “rats consuming Lard diets consistently exceeded that of the soy oil group,” indicating that soy oil in the animals’ diets promoted insulin resistance more powerfully than lard (98).

In 2012, Masi et al. evaluated the effects of two types of high fat diets on C57BL/6 mice, which develop obesity, insulin resistance (IR), diabetes mellitus, advanced fatty liver, and fatty pancreatic diseases when submitted to a high-fat diet. Both groups got a standard high fat diet mainly enriched with saturated fatty acids, but one group was subjected to oral savage with sunflower oil at 2gm/kg twice a week for the duration of the 12 week study. Mice were sacrificed after 12 weeks, and their soleus muscles were subjected to a variety of insulin sensitivity tests. The sunflower oil group had significantly less response to infused insulin, in spite of the fact that the mice subjected to the gavage gained less weight (99).

In 2015, Frances Sladek at the University of California, Riverside, provided important experimental evidence linking dietary soy oil to insulin resistance. Her work in this area began with the observation that soybean oil consumption in the U.S. has dramatically increased over the past century, and that saturated fat intake had not increased significantly, as is commonly stated. She subsequently designed a study that would directly test whether dietary saturated fat or polyunsaturated fat (from RBD soybean oil) promoted more insulin resistance. In a 2015 study, her team demonstrated that mice fed a diet similar in its total PUFA content to that of the average US consumer exhibited greater insulin resistance, weight gain, adiposity, and fatty liver compared to those fed a diet high in saturated fats from coconut oil. This provides direct experimental evidence that the unsaturated fats in soybean oil might be driving insulin resistance (100). Sladek highlighted the role of oxidative stress in driving the liver and mitochondrial damage associated with insulin resistance.

In 2017 Sladek designed a similar study this time with a genetically modified (GM) soybean oil (Plenish®), engineered to have lower linoleic acid levels, resembling olive oil’s fatty acid profile. While this GM oil caused less obesity and insulin resistance than conventional soybean oil, it still induced diabetes and fatty liver to a similar degree, indicating that reducing linoleic acid alone does not fully mitigate the oil’s negative effects, suggesting that some of the harms from consuming RBD seed oils emerge from removing nutrients (101).



Adiposopathy

Adiposopathy, colloquially known as “sick fat” or “inflammatory fat,” is a condition that occurs when adipose cells fail to develop or function normally. Affected fat cells are typically larger than healthy fat cells due to impaired adipogenesis, produce less leptin, fewer adipokines, and “spill” fatty acids into the bloodstream inappropriately (102–104). The link between “sick fat” and excess visceral fat is so strong that some consider the presence of excess visceral fat a surrogate maker for gauging adiposopathy. People with “sick fat” also have more ectopic fat, visceral fat, higher rates of insulin resistance, and greater risk of cardiovascular diseases, cancer, dementia, and complex or fatal infections, including covid-19 (105). Obesity medicine experts have pointed out that adiposopathy is effectively “pathological adipose tissue dysfunction,” suggesting it might warrant reframing as a form of organ failure (106, 107).

A variety of human and animal studies suggest a link between greater RBD seed oil consumption and a variety of hallmarks of adiposopathy. Sladek et al. showed that an RBD oil diet promotes more visceral and ectopic fat formation than coconut oil, which is virtually PUFA-free (100). Human studies detect higher levels of partially oxidized PUFAs in individuals with adiposopathy than in those without (108–110). These compounds also trigger cytokine release, attracting white blood cells to fat tissue and contributing to the hyper coagulable state (111).




Additional considerations: the elevated glucose “set point”


The role of the brain in the metabolic tug-of-war

When other cells consume more glucose than usual, the brain may experience relative hypoglycemia, triggering CRH activation even while peripheral blood glucose levels are well are within the normal range. Indeed, people with obesity or type 2 diabetes have otherwise inexplicably lower brain glucose blood levels than peripheral, and this is not the case in lean individuals (112–115). These observations are consistent with a model in which whole body utilization of glucose exceeds the ability of the bloodstream to deliver adequate glucose to the brain under conditions of normoglycemia, and, in response, the brain raises the defended blood glucose level “set point.”

As insulin resistance worsens, blood sugar continues to rise. Initially, blood glucose may only rise slightly, but over time, it increases to the point where physicians diagnose prediabetes. As blood sugar rises, the lows do not dip as sharply, but individuals continue to feel symptoms of low blood sugar during these dips. Eventually, individuals feel hypoglycemic while their glucose levels are technically normal.



The progression to type 2 diabetes

The final stage involves gradual adjustment of the blood sugar “set point” to progressively higher fasting levels. There is little examination of the concept of blood sugar set point in the literature. This model hypothesizes that downstream consequences of persistent oxidative stress and chronic hepatic gluconeogenesis certainly play important roles. Suffice it to say this last step of the process is complex and poorly understood.

Thus, paradoxically, insulin resistant individuals may feel hypoglycemic even when their blood sugar is high enough to trigger insulin release. This phenomenon is not discussed in the literature, however it is commonly observed among people with type 2 diabetes, as any practicing clinician can attest to. In professional but non-peer review articles, authors invoke a notion of altered set point (116).

Unchecked insulin resistance pushes blood glucose into the range characteristic of full-blown type 2 diabetes. In advanced cases, individuals only feel “normal” when their blood sugar is high, as their baseline glucose rises progressively. As diabetes progresses, both peak and baseline blood sugar levels rise higher and higher. In severe cases, some individuals may go years without achieving normoglycemia even for short time periods.




Discussion

The Energy First Model has many implications. It directly conflicts with the large majority of literature suggesting saturated fat is the cause of oxidative stress and metabolic diseases. One possible explanation for this apparent shortcoming is that the ideology of saturated fat being a cause of heart disease is actually incorrect. Indeed, several authors have pointed out that the idea was ensconced in government guidelines and taught at universities in spite of the fact that the evidentiary quality is poor (33, 34, 117, 118). Furthermore, evidence from the largest and most well controlled randomized human clinical trial showed that RBD seed oil increased cancer and overall mortality (119). Yet Harvard’s Walter Willet claimed this finding was “an interesting historical footnote that has no relevance to current dietary recommendations” (120). As a result, the unsupported dietary guidelines continue to influence nutrition education and research. If correct, The Energy First Model paints a clear path toward dietary reversal of insulin resistance and other oxidative stress-related diseases.


The energy model explains a variety of otherwise unexplained phenomena

The framework provided is that insulin resistance stems from oxidative stress that increases the metabolic demand for sugar and gradually shifts the “set point” upward. This framework helps to explain a number of otherwise unexplained or incompletely explained observations. This section will briefly illustrate how several such enigmas fit into the framework.


Hypercortisolism

Higher cortisol levels correlate with the severity of insulin resistance as well as its complications (121, 122). This phenomenon is not well explained by current theories of insulin resistance. Component Three of The Energy Model explains how this occurs.



The low carb flu

During the first few days to weeks of carbohydrate restriction, many people experience symptoms of fatigue, brain fog, extreme hunger, weakness, and more. These symptoms have been dubbed “the low carb flu” or “keto flu.” Since they often go away, few people have bothered to investigate their origins. It is striking that all these symptoms are also consistent with hypoglycemia and the resultant stress hormone response. When symptoms do go away, it is likely due to a chronic up regulation of gluconeogenesis that may result from the stress hormones thus released. This adaptation would be expected to come at the expense of increased muscle catabolism. Interestingly, Hall et al. noted increased muscle loss during a highly controlled low carb experiment (123).



Reduced fat oxidation in type 2 diabetes

Investigators coined the term “metabolic flexibility” to describe the loss of ability to change fuel substrate from carbohydrate to fat. This is a common finding in people with insulin resistance and type two diabetes, as measured by respiratory quotient (124, 125). This finding has been attributed to elevated insulin, which reduces the release of free fatty acids into the circulation (126). But this overlooks the fact people with diabetes and insulin resistance have chronically elevated free fatty acid levels (127). The energy model proposes that increasing glycolysis and reducing fat oxidation are simultaneous adaptive responses the occur frequently in the setting of the modern, oxidative stress inducing diet.



The assumption that obese people already have high serum free fatty acids before they develop insulin resistance

People with obesity who do not have type 2 diabetes often have elevated free fatty acid levels (128). This consistent finding has led many authors to assume free fatty acids play a causal role in promoting insulin resistance (127). However this hinges on how insulin resistance is defined. While this article proposes a threshold of greater than 1.0, most authors use values significantly higher than 1.0, which could confuse the understanding of whether insulin resistance develops before or after elevated free fatty acid levels. Furthermore, reduced fat oxidation would be expected to contribute to free fatty acid elevations in the serum.





Conclusion

The energy model of insulin resistance offers a new framework to understand metabolic disease. Insulin resistance is both nearly ubiquitous in the population and linked to innumerable disease states, thus likely sharing a root cause. The model capitalizes on the large body of evidence identifying oxidative stress as a player in insulin resistance, cancer, and virtually all chronic diseases, and springboards from the assumption that oxidative stress is not incidental but rather a driver of these conditions. By identifying RBD oils as an underappreciated source of excessive dietary PUFA, the model also provides mechanistic rationale that explains the observed near perfect parallel between RBD oil intake and rates of prediabetes and diabetes in the United States. Future researchers should take into account the fact that today’s PUFA intake is out of step with our genetics, and likely to increase our cellular oxidative stress. Because past research has likely suffered from confirmation bias due to the widely accepted notion that RBD oils are “heart healthy,” future researchers should consider setting such notions aside and examining the existing global data at face value.
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Background: Dietary factors play a crucial role in the development of chronic kidney disease due to diabetes mellitus type 2 (T2D-related CKD). However, comprehensive data on the global burden of T2D-related CKD attributable to dietary risks remain limited.
Methods: This study conducted a secondary analysis of the Global Burden of Diseases, Injuries, and Risk Factors Study 2021. Mortality and disability-adjusted life years (DALYs) of T2D-related CKD attributable to dietary risks, stratified by sex, age and sociodemographic index (SDI) quantiles, were analyzed in global, 21 regions, and 204 countries and territories from 1990 to 2021.
Results: In 2021, 79,990 (95% confidence interval [CI]: 32,730–128,880) death and 1,999,210 (95% CI: 856,190–3,167,220) DALYs of T2D-related CKD were attributable to dietary risk factors, approximately 2.5 times as many as those in 1990. The age-standardized mortality rate (ASMR) and age-standardized DALY rate (ASDR) grew with an estimated annual percentage change (EAPC) of 0.76% (95%CI: 0.69–0.83%) and 0.47% (95%CI: 0.41–0.53%). The low SDI regions experienced the highest burden of T2D-related CKD attributable to dietary risks, with ASMR of 1.16 (95% CI: 0.44–2.02) per 100,000 persons and the ASDR of 27.41 (95% CI: 11.32–46.78) per 100,000 persons. Males and the elderly over 70 years demonstrated a higher burden of T2D-related CKD influenced by dietary risks. Diet low in fruits, whole grains, and vegetables, as well as diet high in red and processed meat serve as the main dietary risks contributed to the burden of T2D-related CKD.
Conclusion: Dietary factors play a significant role in the development of T2D-related CKD. Further strategies should focus on men, the elderly, low-SDI regions and specific dietary components to mitigate dietary risks associated with T2D-related CKD.
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1 Introduction

In recent decades, Type 2 diabetes mellitus (T2DM) has emerged as the tenth leading cause of death globally, with a significant enhance in disability burden since 1990 (1). The disease burden in individuals with T2DM predominantly stems from diabetes-induced organ dysfunction and failure, including kidneys, eyes, and nerves (2), and within the spectrum of complications, chronic kidney disease due to type 2 diabetes (T2D-related CKD) is identified as the primary driver of elevated death rates and disability-adjusted life years (DALYs) among T2DM patients with diabetic comorbidities (3, 4). From 1990 to 2021, there was a significantly increase on T2D-related CKD cases, moving from the 49th to the 25th leading cause of death and from the 103rd to the 55th leading cause of DALYs (5). The burden of T2D-related CKD approximately doubled by 2021 compared to 1990, accounting for 477,000 deaths and 11.3 million DALYs (6). Although the overall burden of T2D-related CKD continued to rise, the trend across different countries and regions exhibited notable variations, which have suggested gaps in the current status of CKD prevention and management capabilities over the world (7). Therefore, accurately assessing global trends and risk factors in T2D-related CKD is crucially essential. This will facilitate evidence-based resource allocation for effective prevention and intervention measures worldwide (8, 9).

Monitoring and managing modifiable risk factors, such as unhealthy lifestyle habits, can be a cost-effective approach for the prevention and intervention of T2D-related CKD (10). Dietary risks, defined as the consumption of food and nutrient, are recognized as potential risk factors for T2D-related CKD and offer opportunities for targeted intervention (3). Previous researches indicated that high sodium intake remained an important dietary risk factor for the global CKD burden, particularly in males, the elderly, and the population in the middle sociodemographic index (SDI) regions (11–13), which have contributed to the ongoing global increase in the burden of CKD. Targeting dietary factors in prevention and intervention efforts could effectively reduce the burden of CKD (14). Furthermore, substantial evidence exists regarding the impact of high red and processed meat consumption and inadequate whole grain, fruit, and vegetable intake on T2D-related CKD progression (15–20). However, it lacks comprehensive researches to definitively establish the relationship between dietary risks and T2D-related CKD. Moreover, focusing solely on specific dietary risks does not adequately capture the global spatiotemporal patterns of dietary influences on the T2D-related CKD burden (21–23). Further investigation is necessary to completely evaluate the impact of dietary risk factors on the T2D-related CKD burden.

In this context, we conducted a comprehensive analysis of the impact of dietary risks on T2D-related CKD by considering seven dietary risk factors across 21 Global Burden of Disease (GBD) regions, 5 SDI regions, and 204 countries and territories. The objective was aimed to present a detailed report of the global landscape of T2D-related CKD attributable to seven dietary risk factors, enhancing a deeper understanding of the role of dietary risks in terms of mortality and disability.



2 Methods


2.1 Data source and measures of burden

Data on the burden of T2D-related CKD attributable to dietary risks utilized in this study were obtained from the Global Burden of Diseases, Injuries, and Risk Factors Study 2021 (GBD 2021) (24). The GBD 2021 study provides a comprehensive and up-to-date estimation of the epidemiology of diseases, injuries and risk factors across different sexes and age groups. It covers 204 countries and territories, including 371 diseases and injuries across 21 regions, and leverages 328,938 data sources from 1990 to 2021. Details about the study design and methods of GBD studies have been extensively described in existing GBD literature (1, 11). Data from the GBD studies are publicly accessible and can be analyzed using the Global Health Data Exchange query tool.



2.2 T2D-related CKD

According to the GBD Study 2021 guidelines, diabetes is defined as a fasting blood glucose concentration of ≥126 mg/dL (7 mmol/L) or diabetes treatment reported (25). T2D-related CKD is defined as chronic kidney disease resulting from T2DM, characterized by a progressive decline in kidney function over a period of 3 months or more. It is primarily identified by an urinary albumin-to-creatinine ratio of ≥30 mg/g and/or an estimated glomerular filtration rate (eGFR) of <60 mL/min per 1.73 m2 (26).



2.3 Dietary risk factors

In GBD 2021, risk factors were categorized as behavioral, environmental and occupational, and metabolic. Dietary risks belong to behavioral risks. For the burden of T2D-related CKD, data on seven specific dietary risk factors were gathered: a diet low in fruits, vegetables, whole grains, and high in red meat, processed meat, sodium, and sugar-sweetened beverages. To address specific biases in data sources for estimating nutrient intake, GBD 2021 employed a network meta-regression (MR-BRT) approach to adjust data from various methods, aligning them with those from gold standard methods (27). Data for dietary risk factors were obtained from a 24-h dietary recall survey, which reported food and nutrient consumption in grams per individual per day (14). The exposure estimates for each dietary risk, representing the average intake in grams per person per day for each nutrient, were modeled by age, sex, year, and location using a spatiotemporal Gaussian process regression (ST-GPR) frame work (28, 29). Detailed methodological specifications regarding MR-BRT and ST-GPR are provided in Supplementary material 1.



2.4 Socio-demographic index

SDI is regarded as a composite indicator of background social and economic conditions that influence health outcomes in each location, and a higher SDI indicates a better socioeconomic condition, which was calculated from the indices of total fertility rate for women under 25 years, average years of schooling for individuals aged 15 and older, and lag-distributed income per capita. The 204 countries and regions were categorized into five super-regions (high, high-middle, middle, low-middle, and low levels) (30, 31) based on the SDI. Furthermore, the world was further categorized into 21 geographic regions.



2.5 Statistical analyses

To evaluate the burden of T2D-related CKD associated with dietary risk factors, we utilized variables such as the number of deaths, DALYs, and their age-standardized rates (ASRs) to analyze among different groups by sex, age, year, location. Temporal changes in age-standardized mortality and DALY rates of T2D-related CKD attributable to dietary factors from 1990 to 2021 were analyzed using estimated annual percentage changes (EAPC). It was assumed that the natural logarithm of ASR follows a linear trend over time. Therefore, the EAPC was calculated using the formula: ASR = α + β × year + ε. The EAPC and its 95% confidence interval (CI) were derived from the formula: 100 × (exp(β) − 1). A linear regression analysis was conducted to explore the relationship between ASR, EAPC in ASR and SDI values, which were evaluated using Spearman’s rank correlation tests and visualized with Locally Weighted Scatterplot Smoothing (LOWESS) curves. All statistical analyses were performed using R software (version 4.0.3). A p value of less than 0.05 was regarded as statistically significant.




3 Results


3.1 Global trend in T2D-related CKD burden attributable to dietary risk factors

From 1990 to 2021, ASMR and ASDR of T2D-related CKD attributable to dietary risk factors in global have increased by more than 2.5 times, exhibiting fluctuations but showing an overall upward trend (Figures 1A,B). In 2021, the global number of death and DALYs in T2D-related CKD attributable to dietary risks were estimated at 79,990 (95% CI: 32,730–128,880) and 1,999,210 (95% CI: 856,190–3,167,220) (Tables 1, 2). Global ASMR attributed to dietary risk factors in T2D-related CKD increased from 0.78 (95% CI: 0.31–1.23) per 100,000 persons in 1990 to 0.96 (95% CI: 0.40–1.54) per 100,000 persons in 2021 (Table 1), while the ASDR rose from 20.55 (95% CI: 8.42–32.26) per 100,000 persons in 1990 to 23.21 (95% CI: 9.95–36.61) per 100,000 persons in 2021 (Table 2). Furthermore, the overall burden of T2D-related CKD was on the rise. From 1990 to 2021, the EAPC of global ASMR and ASDR in T2D-related CKD attributed to dietary risk factors showed a gradual increase, with EAPCs of 0.76% (95% CI: 0.69–0.83%) and 0.47% (95% CI: 0.41–0.53%) for ASMR and ASDR, respectively (Tables 1, 2). Similar trends were observed across genders.

[image: Panel A presents a line chart of age-standardized death rates by gender for both, female, and male groups from 1990 to 2021, showing consistently higher rates in males. Panel B displays a line chart of age-standardized disability-adjusted life year (DALY) rates by gender over the same period, also indicating higher rates for males compared to females and both genders combined. Both panels demonstrate a general upward trend with males consistently at the highest levels.]

FIGURE 1
 Burden of chronic kidney disease due to type 2 diabetes attributable to dietary risks by sex from 1990 to 2021. Age-standardized deaths (A) and DALYs (B) rate of chronic kidney disease due to type 2 diabetes attributable to dietary risks. DALYs, disability-adjusted life years.




TABLE 1 Deaths and ASMR of T2D-related CKD burden attributable to dietary risk factors in 1990 and 2021 and the temporal trends from 1990 to 2021.
[image: Data table comparing global, sex, socio-demographic index (SDI) groups, and Global Burden of Disease (GBD) regions for death cases, age-standardized mortality rates (ASMR) per 100,000 people, and estimated annual percentage change (EAPC) of ASMR for T2D-related CKD in 1990 and 2021, including confidence intervals.]



TABLE 2 DALYs and ASDR of T2D-related CKD burden attributable to dietary risk factors in 1990 and 2021 and the temporal trends from 1990 to 2021.
[image: Table comparing the global burden of T2D-related chronic kidney disease in 1990 and 2021, displaying disability-adjusted life years (DALY) cases, age-standardized DALY rate (ASDR), and estimated annual percentage change (EAPC) by sex, socio-demographic index, and global regions.]



3.2 The burden of T2D-related CKD attributable to dietary risk factors by SDI levels

At different SDI regional levels, high-middle SDI regions exhibited the lowest ASMR and ASDR for T2D-related CKD attributable to dietary risks, whereas low SDI regions had the highest ASMR and ASDR from 1990 to 2021. In 2021, the ASMR in high-middle SDI regions was 0.59 (95% CI: 0.24–0.97) per 100,000 persons, compared to 1.16 (95% CI: 0.44–2.02) per 100,000 persons in low SDI regions (Figure 2A; Table 1). The ASDR was 14.70 (95% CI: 5.96–23.77) per 100,000 persons in the high-middle SDI regions and 27.41 (95% CI: 11.32–46.78) per 100,000 persons in the low SDI regions (Figure 2B; Table 2). From 1990 to 2021, the ASMR of T2D-related CKD attributable to dietary risks generally showed an increasing trend across different SDI regions, with a highest EAPC in high SDI regions of 1.45% (95% CI: 1.36–1.54%) (Figure 2B; Table 1). Notably, the high SDI regions also experienced maximal increase in the ASDR, with an EAPC of 1.05% (95% CI: 0.97–1.13%), while the trend of high-middle and low SDI regions decreased (Figures 2A,B; Tables 1, 2). Detailed data on ASMR, ASDR and the EAPCs for T2D-related CKD attributable to dietary risks in various regions in 1990 and 2021, are presented in Figure 2 and Tables 1, 2.

[image: Two side-by-side line graphs display trends from 1990 to 2021 for age-standardized mortality rate (A) and Disability-Adjusted Life Year (DALY) rate (B) per 100,000 population across six global and socio-demographic index (SDI) groups, with each group represented by a distinct color. Both graphs show that high-middle SDI regions consistently have the lowest rates, while low SDI regions exhibit the highest. Middle and low-middle SDI regions experience noticeable increases after 2000, particularly in low SDI. Global rates reside between the extremes, with gradual increases over time. X-axes represent years; y-axes represent respective rates.]

FIGURE 2
 Burden of chronic kidney disease due to type 2 diabetes attributable to dietary risks with different SDI levels from 1990 to 2021. AMSR (A) and age-standardized DALYs rate (B) of T2D-related CKD attributable to dietary risks. SDI, Socio-demographic Index; ASMR, age-standardized mortality rate; DALYs, disability-adjusted life years; T2D-related CKD, chronic kidney disease due to type 2 diabetes.




3.3 Location burden in T2D-related CKD attributable to dietary risks

At the regional and national levels, the burden of T2D-related CKD attributable to dietary factors exhibited substantial heterogeneity. In 2021, the East Asia region reported the highest burden of T2D-related CKD, with deaths of 16,120 (95% CI: 5,180–28,750) per 100,000 persons and DALYs of 396,710 (95%CI: 123,410–701,900) (Tables 1, 2). The top three regions with the highest ASMR in 2021 were Andean Latin America (2.01, 95%CI: 0.73–3.63 per 100,000 persons), Eastern Sub-Saharan Africa (1.99, 95%CI: 0.81–3.37 per 100,000 persons), and High-income North America (1.90, 95% CI: 0.71–2.91 per 100,000 persons) (Figure 3A; Table 1). And the regions with the highest ASDR in 2021 were High-income North America (47.82, 95% CI: 17.94–73.13 per 100,000 persons), Central Latin America (44.94, 95% CI: 20.14–71.41 per 100,000 persons), and Andean Latin America (43.69, 95% CI: 16.77–76.52 per 100,000 persons) (Figure 3B; Table 2). Among all countries, American Samoa bear the heaviest burden of T2D-related CKD attributable to dietary factors (Supplementary Figure 1). In 2021, the ASMR and ASDR were 6.66 (95% CI: 2.00–12.21) per 100,000 persons and 140.02 (95% CI: 43.91–257.50) per 100,000 persons, respectively (Supplementary Tables 1, 2).

[image: Four scatter plots labeled A, B, C, and D show relationships between socio-demographic index and health outcomes by country and world region, using color-coded dots, a trend line with confidence band, correlation coefficients, and labeled outlier countries.]

FIGURE 3
 Location burden of chronic kidney disease due to type 2 diabetes attributable to dietary risks with different SDI levels. Correlation between ASMR (A) or ASDR (B) and countries of T2D-related CKD attributable to dietary risks in 2021. Correlation between EAPC of ASMR (C) or ASDR (D) and countries of T2D-related CKD attributable to dietary risks attributable to dietary risks from 1990 to 2021. Every dot represented a country or territory and its color implied the region that the country or territory located. SDI, Socio-demographic Index; ASMR, age-standardized mortality rate; ASDR, age-standardized DALYs rate; DALYs, disability-adjusted life years; T2D-related CKD, chronic kidney disease due to type 2 diabetes; EAPC, estimated annual percentage change; ASDR, age-standardized disability-adjusted life years rate.


From 1990 to 2021, the region with the most pronounced increase in the burden of T2D-related CKD attributable to dietary risks was High-income North America, with an EAPCs of 3.18% (95% CI: 2.91–3.46%) and 2.53% (95% CI: 2.30–2.77%) in ASMR and ASDR, respectively. In contrast, the region with the largest decrease was High-income Asia Pacific, with EAPCs of −1.54% (95% CI: −1.65% to −1.43%) and −1.37% (95% CI: −1.51% to −1.23%) in ASMR and ASDR, respectively (Figures 3A,B; Tables 1, 2). Among individual countries, Ukraine exhibited the highest increase in ASMR, with an EAPC of 12.82% (95% CI: 10.80–14.87%) (Figure 3C; Supplementary Table 1), while American Samoa had the highest growth trend in the ASDR, with an EAPC of 3.46% (95% CI: 3.20–3.73%) (Figure 3D; Supplementary Table 2). Detailed data on EAPCs for ASMR and ASDR are presented in Figure 3 and Tables 1, 2.

We analyzed the correlation between the burdens of T2D-related CKD attributable to dietary risks and SDI levels. In 2021, ASMR and ASDR were negatively correlated with SDI, with coefficients of R = −0.34 (p < 0.05) and R = −0.36 (p < 0.05), respectively (Figures 3A,B). From 1990 to 2021, the EAPC of ASMR across countries and regions was positively correlated with SDI, yielding a coefficient of 0.18 (p = 0.009). Whereas the EAPC of ASDR did not show significant correlation with SDI level (R = 0.028, p = 0.69) (Figure 3D).



3.4 Burden of T2D-related CKD attributable to dietary risk in different sexes and age groups

From 1990 to 2021, both sexes exhibited upward trends consistent with the overall population. However, the burden of T2D-related CKD remained consistently higher in males compared to females. ASMR for males increased from 0.87 (95% CI: 0.35–1.42) per 100,000 persons in 1990 to 1.07 (95% CI: 0.44–1.75) per 100,000 persons in 2021, and for females, it rose from 0.71 (95% CI: 0.29–1.14) per 100,000 persons to 0.87 (95% CI: 0.36–1.39) per 100,000 persons over the same period (Table 1; Figure 1A). ASDR for males increased from 22.45 (95% CI: 9.26–36.27) to 25.49 (95% CI: 10.72–40.90) per 100,000 persons, and for females, from 19.06 (95% CI: 7.76–30.00) in 1990 to 21.24 (95% CI: 9.13–33.47) per 100,000 persons in 2021, respectively, resulting in a male-to-female ratio of approximately 1.2 (Figure 1B; Table 2). The EAPC for ASMR was 0.77% (95% CI: 0.72–0.82%) for males and 0.70% (95% CI: 0.60–0.79%) for females, and the EAPC for DALY was 0.53% (95% CI: 0.48–0.58%) and 0.37% (95% CI: 0.30–0.45%), respectively (Tables 1, 2). Male mortality and DALY rates in T2D-related CKD attributable to dietary risks were consistently higher across all age groups compared to females (Supplementary Figure 3). In 2021, the mortality and DALY rates in T2D-related CKD attributable to dietary risks peaked among males and females aged >80 years (Figures 4A,B), particularly concentrated in the age group >70 years, showing a sharp upward trend.

[image: Bar charts comparing deaths rate (A) and DALY rate (B) per 100,000 by age group for females (red) and males (blue), showing increasing rates with age, with males generally higher in older ages.]

FIGURE 4
 Chronic kidney disease due to type 2 diabetes attributable to dietary risk in different age groups in 2021. Mortality (A) and DALY (B) rates of chronic kidney disease due to diabetes mellitus. DALY, disability-adjusted life year.




3.5 Detailed dietary risk factors contributed to the burden of T2D-related CKD

Globally, the top four dietary risk factors contributed to ASMR and ASDR related to T2D-related CKD were as follows: diet low in whole fruits, diet low in whole grains, diet high in processed meat, and diet high in red meat (Figures 4A,B; Table 3). Thereinto, diet low in fruits demonstrated the highest contribution, with an ASMR of 0.26 (95% CI: 0.09–0.48) per 100,000 persons and an ASDR of 6.54 (95% CI: 2.42–11.73) per 100,000 persons in 2021. From 1990 to 2021, the burden of all detailed dietary factors exhibited a significant upward trend and diet high in sugar-sweetened beverages had the highest growth rate, with an EAPC of 3.78% (95% CI: 3.66–3.89%) for ASMR and 3.25% (95% CI: 3.15–3.35%) for the ASDR (Table 3). The ASMR and ASDR of diet-induced T2D-related CKD attributable to these four dietary factors collectively exceed 80% (Supplementary Figure 2). Regardless of the specific detailed dietary factors, ASMR and ASDR were consistently higher in males than females (Figures 4A,B). At the SDI level, the attribution of ASMR and ASDR to detailed dietary factors showed a general similarity, yet high SDI regions exhibited a greater attribution to diet high in processed meat (Figure 5). Conversely, in low-middle and low SDI regions, the leading specific dietary risk factors that contributed to T2D-related CKD ranked as follows: diet low in whole fruits, diet low in vegetables, diet low in whole grains, and diet high in processed meat and red meat, emphasizing insufficient intake of healthy foods as a primary dietary risk (Figure 5). Globally, from 1990 to 2021, there was a consistent slow upward trend observed in both ASMR and ASDR. Diet low in whole fruits, diet low in whole grains, and diet high in processed meat and red meat consistently remained the predominant specific dietary risk factors contributing to T2D-related CKD (Supplementary Figure 2).



TABLE 3 Detailed dietary factors burden of T2D-related CKD attributable to dietary risks in 1990 and 2021, and the estimated annual percentage changes of death and DALY from 1990 to 2021.
[image: Table comparing age-standardized death and disability-adjusted life year (DALY) rates per one hundred thousand people in 1990 and 2021 for various dietary risks, with estimated annual percentage change (EAPC) from 1990 to 2021, showing increases across all listed dietary risks.]

[image: Two grouped bar chart panels labeled A and B compare various risk factors across six subgroups: Global, High SDI, High-middle SDI, Middle SDI, Low-middle SDI, and Low SDI. For each subgroup, bars represent current, female, and male data in blue and pink, across risk factors like dietary risks and diet high in sugar-sweetened beverages. X-axes measure age-standardized death rate or disability-adjusted life years; y-axes list risk factors.]

FIGURE 5
 The detailed dietary risks burden for chronic kidney disease due to type 2 diabetes by sex with different SDI levels in 2021. ASMR (A) and ASDR (B) of detailed dietary risks factor of T2D-related CKD. SDI, Socio-demographic Index; ASMR, age-standardized mortality rate; DALY, disability-adjusted life years; T2D-related CKD, chronic kidney disease due to type 2 diabetes; ASDR, age-standardized disability-adjusted life years rate.





4 Discussion

Our analysis, for the first time, has provided a comprehensive overview of the global burden of T2D-related CKD attributable to detailed dietary risks in different sex, age and location groups from 1990 to 2021. Based on GBD 2021, this study revealed a consistent increase in the burden of T2D-related CKD over the past 30 years, with a notable contribution from dietary risk factors such as low fruit and whole grains intake, and high consumption of red and processed meats, particularly in males, the elderly, and the population in the low SDI regions. Our systematic analysis of T2D-related CKD attributable to dietary risks revealed a significant lack of awareness regarding the potential dangers of unhealthy dietary components in most countries. These findings provide valuable insights for the development of future food policies and programs that are flexible, integrated, and tailored to specific genders, age and geographic regions.

Over the past three decades, mortality and DALYs associated with T2D-related CKD attributable to dietary risks have increased significantly. Among these dietary risks, high sugar-sweetened beverage (SSBs) has the steepest increase in attributable burden globally from 1990 to 2021, which have been implicated in stimulating reward signals and contributing to ‘food addiction’, due to their rapid absorption and delivery of simple carbohydrates to the central nervous system (32). This rapid growth likely stems from widespread urbanization and economic development, which has increased the availability of SSBs, ultimately driving a global rise in sugar-sweetened beverage consumption (33). In addition, diet low in fruits, vegetables, and whole grains, alongside diet high in red and processed meats were also increased in attributable T2D-related CKD burden globally from 1990 to 2021. Despite the proposal of various dietary intervention measures, including mass media campaigns, food and menu labeling, food pricing strategies (subsidies and taxes), school procurement policies, and workplace wellness programs (34, 35), the efficacy of most of these interventions falls to achieve the levels required for optimal global diets (36–38). It is important that inexpensive, unhealthy ultra-processed foods face little taxation, while even when nutrition labels are understood, individuals have little incentive to opt for healthier alternatives (39, 40). Hence, our findings substantively align with the urgent imperatives outlined in Sustainable Development Goal 2 (41), emphasizing dietary risks are indeed crucial considerations in the management of future disease burden. Notably, American Samoa in Oceania shows the highest ASMR and age-standardized DALY rates attributable to dietary risks. This could be attributed to the higher prevalence of type 2 diabetes and kidney damage associated with filariasis in this region (42, 43). However, it does not directly indicate a correlation between diet and the high burden of T2D-related CKD in the region, and further research is needed to clarify this association in the aspect of cultural dietary norms, health access, or genetic susceptibility.

Different SDI regions exhibit divergent epidemiological patterns in dietary contributors to T2D-related CKD, with the most significantly increase observed in high SDI regions from 1990 to 2021. With sound medical systems, adequate medical resources and aging populations, T2D-related CKD patients are more likely to be reported in high SDI regions. Meanwhile, this can be explained by high excessive consumption of red and processed meat, leading to significant renal damage due to high concentrations of preservatives and other additives (44). Additionally, processed meat served as a primary source of dietary sodium (45), which has been proven to be significantly detrimental to T2D-related CKD, along with associations with the elevated blood pressure, proteinuria, obesity, insulin resistance, and metabolic syndrome (36). Our study has also revealed that low SDI regions consistently experience the highest disease burden due to dietary risks, as evidenced by the highest ASMR and ASDR from 1990 to 2021. In these regions, diets low in whole grains, vegetables, and fruits are identified as top three dietary risk factors, but high sugar-sweetened beverage has the lowest impact for T2D-related CKD. Other contributing factors included food security, unavailability of affordable whole grains, and insufficient public awareness on healthy dietary. The accessibility of cheap, ultra-processed foods, and unhealthy fats, coupled with the high cost of fresh fruits and vegetables, jointly contribute to the diet-related disease burden in low-SDI regions (46–49). Future intervention measures for reducing T2D-related CKD need to take into account the differences in dietary structure among regions.

Our study also found that from 1990 to 2021, the burden of T2D-related CKD attributable to dietary risks remained consistently higher in males compared to females across all age groups. Previous evidence indicated that hyperpalatable foods characterized by high salt content exhibited stronger addictive properties in male consumers, whereas females demonstrate greater dietary adherence to fruits and vegetables (50, 51). Our results also observed high greater red meat or sodium intake and lower fruits or grains among men globally. In addition, diagnostic criteria may also contribute to the imbalance of T2D-related CKD burden in between sexes. Clinical practice often employs a fixed body surface area (BSA) for GFR estimation, assuming equal kidney size between males and females (52). However, male kidneys tend to have larger volumes than female kidneys in reality (53). Even formulas like the CKD-EPI equation that incorporate gender as a variable tend to underestimated, GFR in males tends to be overestimated (54). This discrepancy suggests that the true burden of T2D-related CKD may be more severe in males compared to females.

From 1990 to 2021, the burden of T2D-related CKD was predominantly concentrated in individuals aged 70 and above. We observed an increasing trend in the burden of T2D-related CKD attributable to dietary risks with advancing age, especially in females. Given the longer life expectancy of females, consideration should be given to the natural decline in renal function among elderly women (55), which may have implications for their health outcomes. Moreover, it is believed that the protective effects of endogenous estrogen on renal function and structure contribute to the differences in T2D-related CKD prevalence between pre-menopausal and post-menopausal age groups (56). However, the average age of menopause is considered to be around 50 years (57), which does not align with the burden of T2D-related CKD being predominantly concentrated in individuals aged 70 and above in this study. This discrepancy may be explained by the slow progression of CKD (58).

This study still has certain limitations. The research data is derived from the GBD database, where the epidemiological evidence of causal relationships between dietary risks and disease endpoints largely comes from observational studies, which typically have weaker evidence strength compared to randomized controlled trials. Furthermore, data on various dietary risk factors originate from different sources and may not necessarily adhere to uniform assessment standards, which contribute to statistical uncertainties in our estimates of dietary risk exposure. Additionally, when estimating the dietary burden of T2D-related CKD, dietary factors are assumed to be independently distributed across each analytic unit. However, processed meat consumption often correlates with low fruit intake, which may oversimplify real-world dietary patterns. Finally, CKD staging significantly impacts the analysis of T2D-related CKD burden attributable to dietary risk factors, but there is a paucity of such data in the GBD database. These will require us to conduct newer, region-specific cohort studies or dietary assessments with sensitivity analysis or co-linearity in the future to verify current findings.

In conclusion, our study found an increasing global burden of T2D-related CKD attributable to dietary risks underscores the urgent need for targeted public health interventions focused on enhancing dietary quality. Our analysis offers a comprehensive, multidimensional assessment of the impact of dietary risks on T2D-related CKD. Researches and policy initiatives addressing specific dietary components, as well as focusing on men, the elderly, and low-SDI regions, could be highly effective to reduce the burden. For the aim of SDGs, collaborative efforts across sectors and stakeholders, including ministries of heath, agriculture, education and commerce will be essential to addressing the complex challenges posed by T2D-related CKD.



Data availability statement

Publicly available datasets were analyzed in this study. This data can be found at: https://vizhub.healthdata.org/gbd-results/.



Ethics statement

Ethical approval was not required for the study involving humans in accordance with the local legislation and institutional requirements. Written informed consent to participate in this study was not required from the participants or the participants’ legal guardians/next of kin in accordance with the national legislation and the institutional requirements.



Author contributions

YH: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Project administration, Software, Supervision, Writing – review & editing, Writing – original draft. LQ: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Project administration, Software, Supervision, Writing – original draft, Writing – review & editing. XJ: Data curation, Methodology, Software, Writing – original draft. JR: Data curation, Methodology, Writing – original draft, Formal analysis. JL: Formal analysis, Supervision, Writing – review & editing. XZ: Formal analysis, Supervision, Writing – original draft. JZ: Formal analysis, Supervision, Investigation, Methodology, Writing – review & editing. RL: Investigation, Methodology, Writing – review & editing, Data curation. YG: Investigation, Conceptualization, Project administration, Writing – original draft. XW: Conceptualization, Investigation, Supervision, Writing – review & editing. GW: Conceptualization, Investigation, Supervision, Writing – review & editing, Data curation, Formal analysis, Funding acquisition, Methodology, Project administration, Software.



Funding

The author(s) declare that financial support was received for the research and/or publication of this article. This study was supported by National Natural Science Foundation of China [81770057], and the Top Young Talents Project of the “Special Support Program for High-Level Talents” in Shaanxi, China.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Generative AI statement

The authors declare that no Gen AI was used in the creation of this manuscript.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnut.2025.1572610/full#supplementary-material



References
	 1. Liu, W, Zhang, D, Wang, R, Chen, J, Zhang, J, Tao, D , et al. Global trends in the burden of chronic kidney disease attributable to type 2 diabetes: an age-period-cohort analysis. Diabetes Obes Metab. (2024) 26:602–10. doi: 10.1111/dom.15349 
	 2. Goodall, R, Alazawi, A, Hughes, W, Bravis, V, Salciccioli, JD, Marshall, DC , et al. Trends in type 2 diabetes mellitus disease burden in European Union countries between 1990 and 2019. Sci Rep. (2021) 11:15356. doi: 10.1038/s41598-021-94807-z 
	 3. Deng, Y, Li, N, Wu, Y, Wang, M, Yang, S, Zheng, Y , et al. Global, regional, and national burden of diabetes-related chronic kidney disease from 1990 to 2019. Front Endocrinol. (2021) 12:672350. doi: 10.3389/fendo.2021.672350 
	 4. Cheng, AYY, Gomes, MB, Kalra, S, Kengne, AP, Mathieu, C, and Shaw, JE. Applying the WHO global targets for diabetes mellitus. Nat Rev Endocrinol. (2023) 19:194–200. doi: 10.1038/s41574-022-00793-1 
	 5. GBD 2021 Diabetes Collaborators. Global, regional, and national burden of diabetes from 1990 to 2021, with projections of prevalence to 2050: a systematic analysis for the global burden of disease study 2021. Lancet (London, England). (2023) 402:203–34. doi: 10.1016/s0140-6736(23)01301-6 
	 6. Cundiff, DK, and Wu, C. The EAT-lancet commission's planetary health diet compared with the institute for health metrics and evaluation global burden of disease ecological data analysis. Cureus. (2023) 15:e40061. doi: 10.7759/cureus.40061 
	 7. Bowe, B, Xie, Y, Li, T, Mokdad, AH, Xian, H, Yan, Y , et al. Changes in the US burden of chronic kidney disease from 2002 to 2016: an analysis of the global burden of disease study. JAMA Netw Open. (2018) 1:e184412. doi: 10.1001/jamanetworkopen.2018.4412 
	 8. Fraser, SDS, and Roderick, PJ. Kidney disease in the global burden of disease study 2017. Nat Rev Nephrol. (2019) 15:193–4. doi: 10.1038/s41581-019-0120-0 
	 9. Xie, D, Ma, T, Cui, H, Li, J, Zhang, A, Sheng, Z , et al. Global burden and influencing factors of chronic kidney disease due to type 2 diabetes in adults aged 20-59 years, 1990-2019. Sci Rep. (2023) 13:20234. doi: 10.1038/s41598-023-47091-y 
	 10. Ueki, K, Sasako, T, Okazaki, Y, Miyake, K, Nangaku, M, Ohashi, Y , et al. Multifactorial intervention has a significant effect on diabetic kidney disease in patients with type 2 diabetes. Kidney Int. (2021) 99:256–66. doi: 10.1016/j.kint.2020.08.012 
	 11. Liu, W, Zhou, L, Yin, W, Wang, J, and Zuo, X. Global, regional, and national burden of chronic kidney disease attributable to high sodium intake from 1990 to 2019. Front Nutr. (2023) 10:1078371. doi: 10.3389/fnut.2023.1078371 
	 12. McMahon, EJ, Campbell, KL, Bauer, JD, Mudge, DW, and Kelly, JT. Altered dietary salt intake for people with chronic kidney disease. Cochrane Database Syst Rev. (2021) 2021:CD010070. doi: 10.1002/14651858.CD010070.pub3 
	 13. Stuart, KV, Biradar, MI, Luben, RN, Dhaun, N, Wagner, SK, Warwick, AN , et al. The association of urinary sodium excretion with glaucoma and related traits in a large United Kingdom population. Ophthalmol Glaucoma. (2024) 7:499–511. doi: 10.1016/j.ogla.2024.04.010 
	 14. GBD Chronic Kidney Disease Collaboration. Global, regional, and national burden of chronic kidney disease, 1990-2017: a systematic analysis for the global burden of disease study 2017. Lancet (London, England). (2020) 395:709–33. doi: 10.1016/s0140-6736(20)30045-3 
	 15. Cao, L, Yu, P, Zhang, L, Yao, Q, Zhou, F, Li, X , et al. Association between dietary patterns and chronic kidney disease in elderly patients with type 2 diabetes: a community-based cross-sectional study. Nutr J. (2025) 24:1. doi: 10.1186/s12937-024-01070-9 
	 16. Saglimbene, VM, Wong, G, Ruospo, M, Palmer, SC, Garcia-Larsen, V, Natale, P , et al. Fruit and vegetable intake and mortality in adults undergoing maintenance hemodialysis. Clin J Am Soc Nephrol. (2019) 14:250–60. doi: 10.2215/cjn.08580718 
	 17. Schwarz, A, Hernandez, L, Arefin, S, Sartirana, E, Witasp, A, Wernerson, A , et al. Sweet, bloody consumption - what we eat and how it affects vascular ageing, the BBB and kidney health in CKD. Gut Microbes. (2024) 16:2341449. doi: 10.1080/19490976.2024.2341449 
	 18. Kelly, JT, Palmer, SC, Wai, SN, Ruospo, M, Carrero, JJ, Campbell, KL , et al. Healthy dietary patterns and risk of mortality and ESRD in CKD: a meta-analysis of cohort studies. Clin J Am Soc Nephrol. (2017) 12:272–9. doi: 10.2215/cjn.06190616 
	 19. Winkelman, D, Smith-Gagen, J, Rebholz, CM, Gutierrez, OM, and St-Jules, DE. Association of intake of whole grains with health outcomes in the chronic renal insufficiency cohort study. Clin J Am Soc Nephrol. (2024) 19:1435–43. doi: 10.2215/cjn.0000000000000538 
	 20. Luo, W, Gong, L, Chen, X, Gao, R, Peng, B, Wang, Y , et al. Lifestyle and chronic kidney disease: a machine learning modeling study. Front Nutr. (2022) 9:918576. doi: 10.3389/fnut.2022.918576 
	 21. Rossing, P, Caramori, ML, Chan, JCN, Heerspink, HJL, Hurst, C, Khunti, K , et al. Executive summary of the KDIGO 2022 clinical practice guideline for diabetes management in chronic kidney disease: an update based on rapidly emerging new evidence. Kidney Int. (2022) 102:990–9. doi: 10.1016/j.kint.2022.06.013 
	 22. Zannad, F. Heart failure and kidney disease in type 2 diabetes: 2 sides of the same coin. J Am Coll Cardiol. (2022) 80:1732–4. doi: 10.1016/j.jacc.2022.08.773 
	 23. Guo, J, Wei, M, Zhang, W, Jiang, Y, Li, A, Wang, C , et al. Clinical efficacy and safety of sodium-glucose cotransporter protein-2 (SGLT-2) inhibitor, glucagon-like peptide-1 (GLP-1) receptor agonist, and Finerenone in type 2 diabetes mellitus with non-dialysis chronic kidney disease: a network meta-analysis of randomized clinical trials. Front Pharmacol. (2025) 16:1517272. doi: 10.3389/fphar.2025.1517272 
	 24. Dai, H, Alsalhe, TA, Chalghaf, N, Riccò, M, Bragazzi, NL, and Wu, J. The global burden of disease attributable to high body mass index in 195 countries and territories, 1990-2017: an analysis of the global burden of disease study. PLoS Med. (2020) 17:e1003198. doi: 10.1371/journal.pmed.1003198 
	 25. Xie, J, Wang, M, Long, Z, Ning, H, Li, J, Cao, Y , et al. Global burden of type 2 diabetes in adolescents and young adults, 1990-2019: systematic analysis of the global burden of disease study 2019. BMJ (Clin Res Ed). (2022) 379:e072385. doi: 10.1136/bmj-2022-072385 
	 26. Mottl, AK, and Nicholas, SB. KDOQI commentary on the KDIGO 2022 update to the clinical practice guideline for diabetes management in CKD. Am J Kidney Dis. (2024) 83:277–87. doi: 10.1053/j.ajkd.2023.09.003 
	 27. GBD 2019 Risk Factors Collaborators. Global burden of 87 risk factors in 204 countries and territories, 1990-2019: a systematic analysis for the global burden of disease study 2019. Lancet (London, England). (2020) 396:1223–49. doi: 10.1016/s0140-6736(20)30752-2 
	 28. Liu, Y, Ying, X, Li, Y, Zhu, X, Jing, W, Wang, X , et al. Age at first sexual intercourse, age at menarche, and age at menopause: a Mendelian randomization study on lung cancer risk. Transl Lung Cancer Res. (2024) 13:1718–26. doi: 10.21037/tlcr-24-480 
	 29. Tannor, EK, Sarfo, FS, Mobula, LM, Sarfo-Kantanka, O, Adu-Gyamfi, R, and Plange-Rhule, J. Prevalence and predictors of chronic kidney disease among Ghanaian patients with hypertension and diabetes mellitus: a multicenter cross-sectional study. J Clin Hypertens (Greenwich). (2019) 21:1542–50. doi: 10.1111/jch.13672 
	 30. Ilic, I, and Ilic, M. The burden of type 2 diabetes mellitus in Latin America, 1990-2019: findings from the global burden of disease study. Public Health. (2024) 233:74–82. doi: 10.1016/j.puhe.2024.05.009 
	 31. Yi, M, Li, A, Zhou, L, Chu, Q, Song, Y, and Wu, K. The global burden and attributable risk factor analysis of acute myeloid leukemia in 195 countries and territories from 1990 to 2017: estimates based on the global burden of disease study 2017. J Hematol Oncol. (2020) 13:72. doi: 10.1186/s13045-020-00908-z 
	 32. Malik, VS, and Hu, FB. The role of sugar-sweetened beverages in the global epidemics of obesity and chronic diseases. Nat Rev Endocrinol. (2022) 18:205–18. doi: 10.1038/s41574-021-00627-6 
	 33. Malik, VS, Willett, WC, and Hu, FB. Global obesity: trends, risk factors and policy implications. Nat Rev Endocrinol. (2013) 9:13–27. doi: 10.1038/nrendo.2012.199 
	 34. Afshin, A, Penalvo, J, del Gobbo, L, Kashaf, M, Micha, R, Morrish, K , et al. CVD prevention through policy: a review of mass media, food/menu labeling, taxation/subsidies, built environment, school procurement, worksite wellness, and marketing standards to improve diet. Curr Cardiol Rep. (2015) 17:98. doi: 10.1007/s11886-015-0658-9 
	 35. Mozaffarian, D, Afshin, A, Benowitz, NL, Bittner, V, Daniels, SR, Franch, HA , et al. Population approaches to improve diet, physical activity, and smoking habits: a scientific statement from the American Heart Association. Circulation. (2012) 126:1514–63. doi: 10.1161/CIR.0b013e318260a20b 
	 36. Lu, TY, Zhang, WS, Zhu, T, Jiang, CQ, Zhu, F, Jin, YL , et al. Associations of meat, fish and seafood consumption with kidney function in middle-aged to older Chinese: a cross-sectional study based on the Guangzhou biobank cohort study. BMJ Open. (2023) 13:e073738. doi: 10.1136/bmjopen-2023-073738 
	 37. Mafra, D, Borges, NA, LFMF, C, Anjos, JS, Black, AP, Moraes, C , et al. Red meat intake in chronic kidney disease patients: two sides of the coin. Nutrition (Burbank, Los Angeles County, Calif). (2018) 46:26–32. doi: 10.1016/j.nut.2017.08.015
	 38. Xu, ZH, Qiu, CS, Qi, J, Tang, XL, Li, HM, Zhang, LW , et al. Association between whole grain intake and chronic kidney disease. J Nutr. (2024) 154:1262–70. doi: 10.1016/j.tjnut.2024.02.013 
	 39. Piccoli, GB, Moio, MR, Fois, A, Sofronie, A, Gendrot, L, Cabiddu, G , et al. The diet and haemodialysis dyad: three eras, four open questions and four paradoxes. A narrative review, towards a personalized, patient-centered approach. Nutrients. (2017) 9:372. doi: 10.3390/nu9040372 
	 40. Clase, CM, Carrero, JJ, Ellison, DH, Grams, ME, Hemmelgarn, BR, Jardine, MJ , et al. Potassium homeostasis and management of dyskalemia in kidney diseases: conclusions from a kidney disease: improving global outcomes (KDIGO) controversies conference. Kidney Int. (2020) 97:42–61. doi: 10.1016/j.kint.2019.09.018 
	 41. Gil, JDB, Reidsma, P, Giller, K, Todman, L, Whitmore, A, and van Ittersum, M. Sustainable development goal 2: improved targets and indicators for agriculture and food security. Ambio. (2019) 48:685–98. doi: 10.1007/s13280-018-1101-4 
	 42. McLure, A, Graves, PM, Lau, C, Shaw, C, and Glass, K. Modelling lymphatic filariasis elimination in American Samoa: GEOFIL predicts need for new targets and six rounds of mass drug administration. Epidemics. (2022) 40:100591. doi: 10.1016/j.epidem.2022.100591 
	 43. Xiang, J, Morgenstern, H, Li, Y, Steffick, D, Bragg-Gresham, J, Panapasa, S , et al. Incidence of ESKD among native Hawaiians and Pacific islanders living in the 50 US states and Pacific Island territories. Am J Kidney Dis. (2020) 76:340–349.e1. doi: 10.1053/j.ajkd.2020.01.008 
	 44. Micha, R, Michas, G, and Mozaffarian, D. Unprocessed red and processed meats and risk of coronary artery disease and type 2 diabetes--an updated review of the evidence. Curr Atheroscler Rep. (2012) 14:515–24. doi: 10.1007/s11883-012-0282-8 
	 45. Delgado, J, Ansorena, D, van Hecke, T, Astiasarán, I, de Smet, S, and Estévez, M. Meat lipids, NaCl and carnitine: do they unveil the conundrum of the association between red and processed meat intake and cardiovascular diseases?_Invited review. Meat Sci. (2021) 171:108278. doi: 10.1016/j.meatsci.2020.108278 
	 46. Parajára, MC, Colombet, Z, Machado, ÍE, Menezes, MC, Verly-Jr, E, O'Flaherty, M , et al. Mortality attributable to diets low in fruits, vegetables, and whole grains in Brazil in 2019: evidencing regional health inequalities. Public Health. (2023) 224:123–30. doi: 10.1016/j.puhe.2023.08.028 
	 47. GBD 2021 Adult BMI Collaborators. Global, regional, and national prevalence of adult overweight and obesity, 1990-2021, with forecasts to 2050: a forecasting study for the global burden of disease study 2021. Lancet (London, England). (2025) 405:813–38. doi: 10.1016/s0140-6736(25)00355-1 
	 48. Abraham, S, Breeze, P, Sutton, A, and Lambie-Mumford, H. Household food insecurity and child health outcomes: a rapid review of mechanisms and associations. Lancet (London, England). (2023) 402:S16. doi: 10.1016/s0140-6736(23)02139-6
	 49. Chokshi, DA. Income, poverty, and health inequality. JAMA. (2018) 319:1312–3. doi: 10.1001/jama.2018.2521 
	 50. Barrea, L, Verde, L, Suárez, R, Frias-Toral, E, Vásquez, CA, Colao, A , et al. Sex-differences in Mediterranean diet: a key piece to explain sex-related cardiovascular risk in obesity? A cross-sectional study. J Transl Med. (2024) 22:44. doi: 10.1186/s12967-023-04814-z 
	 51. Gearhardt, AN, Grilo, CM, DiLeone, RJ, Brownell, KD, and Potenza, MN. Can food be addictive? Public health and policy implications. Addiction. (2011) 106:1208–12. doi: 10.1111/j.1360-0443.2010.03301.x 
	 52. Neugarten, J, Kasiske, B, Silbiger, SR, and Nyengaard, JR. Effects of sex on renal structure. Nephron. (2002) 90:139–44. doi: 10.1159/000049033
	 53. Inker, LA, Shafi, T, Okparavero, A, Tighiouart, H, Eckfeldt, JH, Katz, R , et al. Effects of race and sex on measured GFR: the multi-ethnic study of atherosclerosis. Am J Kidney Dis. (2016) 68:743–51. doi: 10.1053/j.ajkd.2016.06.021 
	 54. Inker, LA, Levey, AS, Tighiouart, H, Shafi, T, Eckfeldt, JH, Johnson, C , et al. Performance of glomerular filtration rate estimating equations in a community-based sample of blacks and whites: the multiethnic study of atherosclerosis. Nephrol Dial Transpl. (2018) 33:417–25. doi: 10.1093/ndt/gfx042 
	 55. Partridge, L, Deelen, J, and Slagboom, PE. Facing up to the global challenges of ageing. Nature. (2018) 561:45–56. doi: 10.1038/s41586-018-0457-8 
	 56. Lapi, F, Azoulay, L, Niazi, MT, Yin, H, Benayoun, S, and Suissa, S. Androgen deprivation therapy and risk of acute kidney injury in patients with prostate cancer. JAMA. (2013) 310:289–96. doi: 10.1001/jama.2013.8638 
	 57. Liu, G, Li, CM, Xie, F, Li, QL, Liao, LY, Jiang, WJ , et al. Colorectal cancer's burden attributable to a diet high in processed meat in the belt and road initiative countries. World J Gastrointest Oncol. (2024) 16:182–96. doi: 10.4251/wjgo.v16.i1.182 
	 58. Carriazo, S, and Ortiz, A. European east-west divide in kidney disease: the need to understand the drivers of chronic kidney disease outcomes. Clin Kidney J. (2021) 14:1–4. doi: 10.1093/ckj/sfaa217 


Copyright
 © 2025 Hou, Qin, Jin, Ren, Li, Zhang, Zhang, Li, Gao, Wang and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.







 


	
	
ORIGINAL RESEARCH
published: 30 June 2025
doi: 10.3389/fnut.2025.1435429








[image: image2]

Frailty and GLIM-defined malnutrition contribute to poor clinical outcomes in older adult inpatients in the general surgery department

Chengyu Liu1†, Liru Chen2†, Peng Liu1, Lei Li1, Bo Cheng2, Jingyong Xu1, Hongyuan Cui1 and Mingwei Zhu1*


1Department of General Surgery, Department of Hepato-bilio-pancreatic Surgery, Beijing Hospital, National Center of Gerontology, Institute of Geriatric Medicine, Chinese Academy of Medical Sciences, Beijing, China

2Department of Nutrition, Beijing Hospital, National Center of Gerontology, Institute of Geriatric Medicine, Chinese Academy of Medical Sciences, Beijing, China

Edited by
 Dongxian Guan, Boston Children’s Hospital and Harvard Medical School, United States

Reviewed by
 Zhen Feng, Wenzhou Medical University, China
 Anna Paradowska-Stolarz, Wroclaw Medical University, Poland
 Jingjing He, China Agricultural University, China

*Correspondence
 Mingwei Zhu, zhumw2013@163.com 

†These authors have contributed equally to this work

Received 20 May 2024
 Accepted 06 June 2025
 Published 30 June 2025

Citation
 Liu C, Chen L, Liu P, Li L, Cheng B, Xu J, Cui H and Zhu M (2025) Frailty and GLIM-defined malnutrition contribute to poor clinical outcomes in older adult inpatients in the general surgery department. Front. Nutr. 12:1435429. doi: 10.3389/fnut.2025.1435429
 




Background and aims: Frailty and malnutrition are prevalent among older adult inpatients. Our study aimed to analyze the correlation between frailty and malnutrition and determine their effects on the clinical outcomes in older adult surgical inpatients.
Methods: This cross-sectional observational study included older adult inpatients (≥ 65 years old) undergoing scheduled surgery. Anthropometric measurements and hematological examination results were collected at the time of admission. Frailty and malnutrition were assessed using the frailty phenotype and the Global Leadership Initiative on Malnutrition (GLIM) criteria. Nutritional support during hospitalization and clinical outcomes, such as the occurrence of postoperative complications, in-hospital death, length of hospital stays, and hospital costs, were recorded. The chi-squared and rank-sum tests were used for comparison. Univariate and multivariate logistic regression analyses were used to calculate the odds ratios (OR) and 95% confidence intervals (CI) for frailty, malnutrition, and postoperative complications.
Results: In 394 patients, the frailty prevalence was 17.3% (68/394), and 146 inpatients (37.1%) were malnourished. The overlapping prevalence rate of frailty and malnutrition was 12.2% (48/394). Frailty and malnutrition were correlated (r = 0.464, p < 0.001). Multivariate analysis revealed that frailty significantly increased the risk of postoperative complications (OR: 2.937, 95% CI: 1.475–5.850, p = 0.002). There were significant differences in the length of hospital stays and hospital costs among the four groups of patients with frailty and malnutrition, frailty and no malnutrition, malnutrition and no frailty, and no frailty and malnutrition (p < 0.001; p < 0.001).
Conclusion: A significant positive correlation was observed between frailty and malnutrition. Frailty and malnutrition are significantly associated with adverse clinical outcomes. Therefore, it is necessary to manage frailty and malnutrition to improve the prognosis.
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1 Background

Frailty is an age-related clinical syndrome characterized by a decline in the physiological capabilities of multiple organ systems, resulting in increased vulnerability to stressful events (1). Malnutrition is a state of altered body composition (loss of fat mass) and decreased body cell mass due to insufficient intake or absorption of nutrients, leading to decreased physical and mental function and impaired clinical outcomes of disease (2). Malnutrition is caused by diseases, hunger, improper diet, poor physical function, poor appetite, and psychological problems (3, 4). The Global Leadership Initiative on Malnutrition (GLIM) proposed a global consensus on the diagnosis of malnutrition in adults in clinical settings in 2019 (3). The first step involves identifying “at risk” individuals to use validated screening tools, and the second step involves assessing the diagnosis and severity of malnutrition, with one phenotypic and one etiologic criterion to diagnose malnutrition (3). Frailty and malnutrition are widespread among older hospitalized patients and are common problems in geriatric surgical patients (5, 6). With the rapid increase in population aging, the prevalence of frailty in older adult patients has increased, which puts greater pressure on global healthcare systems (1).

These recent cross-sectional studies reveal that frailty and malnutrition are closely related (7, 8). A meta-analysis that pooled 10 studies (2,427 patients) shows that there is considerable overlap (49.7%) between physical (pre-)frailty and (risk of) malnutrition in hospitalized older adults (5). Evidence-based studies have demonstrated that frailty and malnutrition, even independently, can sufficiently contribute to adverse clinical outcomes. Frailty is associated with a higher risk of death, functional dependence, longer length of hospital stays (LOS), and impaired quality of life (9–11). In addition, malnutrition is associated with poor clinical outcomes, including increased incidence of complications, mortality, longer LOS, and higher hospital costs (12, 13). There is a lack of analysis combining the Global Leadership Initiative on Malnutrition (GLIM) criteria with other acceptable diagnostic methods of frailty in older adult surgical patients to analyze their impact on clinical outcomes (14).

The purpose of our study was to investigate the prevalence of frailty and malnutrition among older adult inpatients in the Department of General Surgery, analyze the correlation between frailty and malnutrition, and determine their impact on clinical outcomes, including the incidence of postoperative complications.



2 Methods


2.1 Study design and subjects

This is a single-center cross-sectional observational study conducted from 1 January 2021 to 1 July 2022. Older adult inpatients undergoing scheduled surgery were recruited from the Department of General Surgery of Beijing Hospital. Three investigators conducted the study and received centralized training on research methods before the study began. A case report form was filled out at the time of admission. Baseline surveys, frailty assessments, and nutritional assessments were conducted, and outcome information was collected after discharge. All collected data were then entered into an Excel spreadsheet.

Prior to the investigation, the study was approved by the Ethics Committee of Beijing Hospital (approval number: 2020BJYYEC-265-01) and registered in the Chinese Clinical Trial Registry (registration number: ChiCTR2000040512) on 1 December 2020. Informed consent was obtained from all patients.

The inclusion criteria for the participants were as follows: (1) age 65 years or older; (2) undergoing general surgical treatment; (3) being conscious; and (4) being willing to accept assessment and provide signed informed consent. The exclusion criteria for the participants were as follows: (1) inability to cooperate with the evaluation procedure (such as severe cognitive impairment, communication difficulties, and critical illness); (2) refusal to sign the informed consent form; (3) withdrawal of informed consent; and (4) refusal to undergo evaluation.



2.2 Data collection

Demographic information such as gender, age, and marital status was recorded. Anthropometric measurements were taken after admission to record the height, weight, right upper arm circumference, right calf circumference, and right handgrip strength. Hematological examination, including lymphocyte count, serum albumin, and serum total protein, was conducted after admission. Serum albumin levels can serve as a supportive proxy measure of inflammation, and a concentration of < 35 g/L was defined as hypoalbuminemia (15, 16). Diagnoses of malignant tumors, biliary calculi, and other diseases were collected from the home pages of inpatients and discharge medical records. Comorbidities such as diabetes mellitus, hypertension, coronary heart disease, and a history of cerebral infarction were recorded. Nutritional support was defined as follows: parenteral nutrition (PN) was defined as the infusion of intravenous macronutrients to provide energy of 10 kcal/kg/day for at least 3 days; enteral nutrition (EN) was defined as the continuous use of oral nutritional supplements (> 500 kcal/day) or gavage (> 10 kcal/kg/day) for at least 3 days; and PN + EN was defined as the use of both parenteral and enteral nutrition, with an energy supply of not less than 80% of the target intake. Otherwise, the patients were considered as not receiving any nutritional support (17).

The primary outcome was postoperative complications, defined according to the Clavien–Dindo classification system grades II-V (18). Secondary outcomes included all-cause in-hospital death, LOS, and total hospital costs. The length of stay (LOS) was defined as the cumulative number of days from admission to discharge. Hospital costs refer to the medical expenses incurred by hospitalization due to illness, which are determined according to the collection vouchers of medical expenses and hospitalization expenses issued by medical institutions, combined with medical records, diagnosis reports, and other relevant evidence.



2.3 Fried frailty phenotype

The frailty phenotype method is recommended for frailty assessment according to the Frailty Guidelines of the International Conference of Frailty and Sarcopenia Research (19).

The frailty phenotype identifies five characteristics of frailty, namely, weight loss, slow walking speed, decreased handgrip strength, low physical activity, and fatigue. Those with three or more indicators were diagnosed as frail, those with one or two indicators as pre-frail, and those without the above five indicators as robust (20). Pre-frail and robust patients were collectively referred to as non-frail patients.



2.4 Nutritional screening and assessment

The prevalence of nutritional risk and malnutrition was prospectively defined using the Nutritional Risk Screening 2002 (NRS-2002) and the GLIM criteria. The NRS-2002 included three aspects: impaired nutritional status, disease severity, and age ≥ 70 years. A total score of 3 or higher indicates that a patient is at nutritional risk (21). Patients identified as being at nutritional risk were further assessed for malnutrition diagnosis and severity using the GLIM criteria. The GLIM criteria include three phenotypic components (non-volitional weight loss, low BMI, and reduced muscle mass) and two etiologic components (reduced food intake or assimilation, and disease burden or inflammation). A diagnosis of malnutrition requires the presence of at least one phenotypic criterion and one etiological criterion (3).

In the phenotypic criteria, weight loss > 5% within the past 6 months or >10% beyond 6 months was considered to be non-volitional weight loss; we evaluated low BMI using Asian BMI data (18.5 kg/m2 and 20 kg/m2 for patients aged < 70 years and ≥ 70 years, respectively). Appendicular skeletal muscle was measured using direct segmental multi-frequency bioelectrical impedance analysis with InBody 720 device. Reduced muscle mass was defined by the appendicular skeletal muscle index (ASMI), with cutoff values of < 7 kg/m2 for men or < 5 kg/m2 for women. For the etiologic criteria, reduced food intake or assimilation was defined as energy intake of less than 50% of the required amount over a period of 1 week, or any decrease in energy intake sustained over 2 weeks. Disease burden or inflammation was considered present in patients with either an acute illness or injury (e.g., a serious infection) or a chronic disease (e.g., a malignant disease). Severe malnutrition was diagnosed when either of the following conditions was met: (i) weight loss > 10% within the past 6 months or > 20% beyond 6 months; (ii) BMI < 17.0 kg/m2 for individuals < 70 years or < 17.8 kg/m2 for those aged 70 years or older. Moderate malnutrition was defined as the diagnosis of malnutrition without meeting severe malnutrition conditions.



2.5 Sample size

This study used a cross-sectional observational design. The exposure group was the frail group, and the control group was the non-frail group. The incidence of postoperative complications was the observed outcome indicator. According to a previous meta-analysis (22), the incidence of frailty was expected to be 20%, so the sample size ratio between the exposed and control groups was prespecified as 1:4. The incidence of complications was predicted to be 24% in the experimental group and 5% in the control group (22). With a two-sided α = 0.05 and a power of 80%, PASS 15 software was used to calculate the sample size of the exposure group. The minimum sample size of the exposure group was 50 and that of the control group was 200. Accounting for an estimated 10% of participants potentially lost to follow-up or refusing follow-up, a total sample size of more than 278 participants was determined for inclusion.



2.6 Statistical analysis

SPSS software (Version 25.0. Armonk, NY: IBM Corp.) was used for data analysis. The Shapiro–Wilk test was used to determine the distribution type of the quantitative variables, and the homogeneity of variance was evaluated using the F-test. Normally distributed variables were expressed as means (standard deviation), non-normally distributed variables were expressed as medians (interquartile range), and categorical variables were expressed as numbers (percentages). The chi-squared test was used for differences in the distribution of categorical variables between the groups. For continuous variables, analysis of variance (ANOVA), the Mann–Whitney rank-sum test, or the Kruskal–Wallis rank-sum test were used for comparison between different groups. Spearman’s correlation was used to analyze the correlation between frailty and malnutrition, and the chi-squared test was used to analyze the correlation between five indicators of the frailty phenotype diagnosis and malnutrition. Logistic regression analysis was conducted to explore independent risk factors for postoperative complications. A univariate logistic regression (input) analysis was conducted to examine the correlation between risk factors and postoperative complications, and for categorical variables that are statistically significant in the univariate logistic regression analysis, along with identified confounding factors such as age and gender, a multivariate logistic regression analysis using the forward: likelihood ratio was conducted. An interaction analysis between frailty and malnutrition was performed using an ANOVA test for LOS and hospital costs. A two-tailed p-value of <0.05 was considered as statistically significant.




3 Results


3.1 Patient characteristics

Among the 394 older adult inpatients enrolled, with a median age of 71 (interquartile range of 8) years, 134 (34.0%) had biliary calculi, 74 (18.8%) had colorectal cancer, 28 (7.1%) had gastric cancer, 60 (15.2%) had other gastrointestinal malignancies, and 98 (24.9%) had other diseases. There were 199 (50.5%) men and 195 (49.5%) women. The baseline characteristics of the enrolled inpatients are shown in Table 1.


TABLE 1 Demographic and clinical characteristics of older adult inpatients with frailty and malnutrition in the Department of General Surgery.


	Characteristics
	Frailty
	Nutritional status



	Frailty (n = 68)
	Without frailty (n = 326)
	p-value
	Malnutrition (n = 146)
	Without malnutrition (n = 248)
	p-value

 

 	Age (years) 	74.5 (13.0) 	70.0 (7.0) 	<0.001 	72.0 (10.0) 	70.0 (7.0) 	<0.001


 	Sex, female (%) 	32 (47.1%) 	163 (50.0%) 	0.659 	68 (46.6%) 	127 (51.2%) 	0.374


 	Height (cm) 	163.4 (12.7) 	163.3 (12.4) 	0.773 	163.3 (13.1) 	163.3 (11.5) 	0. 768


 	Weight (kg) 	62.0 (12.9) 	65.0 (12.7) 	0.026 	61.0 (12.4) 	66.1 (13.4) 	<0.001


 	BMI (kg/m2) 	22.9 (4.4) 	24.2 (3.9) 	0.010 	22.8 (3.7) 	24.6 (4.4) 	<0.001


 	CC (cm) 	33.5 (4.4) 	34.3 (4.5) 	0.026 	33.5 (4.5) 	34.5 (4.5) 	0.003


 	Upper arm circumference (cm) 	26.1 (4.2) 	26.8 (4.0) 	0.215 	26.0 (3.7) 	27.0 (3.5) 	< 0.001


 	Handgrip strength (kg) 	19.35 (10.3) 	25.15 (11.7) 	<0.001 	22.1 (10.7) 	25.4 (12.3) 	0.001


 	TLC (109/ L) 	1.77 (0.95) 	1.80 (0.92) 	0.956 	1.79 (1.10) 	1.79 (0.90) 	0.572


 	Serum albumin (g/dL) 	3.65 (0.70) 	3.90 (0.40) 	<0.001 	3.70 (0.60) 	3.90 (0.30) 	0.015


 	Serum total protein (g/dL) 	6.45 (0.60) 	6.50 (0.70) 	0.036 	6.40 (0.80) 	6.50 (0.60) 	0.073


 	Appendicular skeletal muscle (kg) 	16.76 (4.39) 	16.56 (4.85) 	0.720 	16.55 (4.78) 	16.82 (6.49) 	0.216


 	Skeletal muscle (kg) 	22.65 (4.70) 	22.65 (5.20) 	0.258 	22.65 (5.03) 	22.90 (5.10) 	0.160


 	Body fat (kg) 	17.70 (10.73) 	19.7 (9.45) 	0.142 	18.35 (10.17) 	19.90 (9.27) 	0.017


 	Fat-free mass (kg) 	42.60 (8.48) 	42.35 (9.68) 	0.482 	42.10 (9.20) 	42.95 (10.45) 	0.497





All values are expressed as median (IQR) or n (%). CC, calf circumference; TLC, total lymphocyte count; IQR, interquartile range.
 



3.2 Correlation analysis between frailty and malnutrition

In total, 68 inpatients (17.3%) were frail, 201 (51.0%) were pre-frail, and 125 (31.7%) were robust.

The incidence of nutritional risk was 48.2% (190/394). A total of 146 inpatients (37.1%) had malnutrition, including 88 (22.3%) with moderate malnutrition and 58 (14.7%) with severe malnutrition.

The overlap between frailty and malnutrition was 12.2% (48/394), and the overlap between pre-frailty and malnutrition was 21.8% (86/394). A total of 20 patients (5.1%) had frailty but no malnutrition, 98 (24.9%) had malnutrition but no frailty, and 228 patients (57.9%) had neither frailty nor malnutrition.

Frailty was positively correlated with malnutrition, and the Spearman correlation coefficient r for frailty and malnutrition was 0.464 (p < 0. 001) (Table 2). All five diagnostic indicators of the frailty phenotype were significantly associated with the occurrence of malnutrition (all p < 0.05) (Table 3).


TABLE 2 Overlapping prevalence of frailty and malnutrition [n (%)].


	Frailty phenotype
	GLIM criteria



	Without malnutrition
	Moderate malnutrition
	Severe malnutrition

 

 	Robust 	113 (28.7%) 	11 (2.8%) 	1 (0.3%)


 	Pre-frailty 	115 (29.2%) 	58 (14.7%) 	28 (7.1%)


 	Frailty 	20 (5.1%) 	19 (4.8%) 	29 (7.4%)




 


TABLE 3 Correlation between diagnostic indicators of the frailty phenotype and malnutrition in older adult inpatients in the Department of General Surgery [n (%)].


	Frailty phenotype indicators
	With malnutrition (n = 146)
	Without malnutrition (n = 248)
	
χ
2

	p-value

 

 	Weight loss 	 	 	172.984 	< 0.001


 	Yes 	105 (71.9%) 	20 (8.1%) 	 	


 	No 	41 (28.1%) 	228 (91.9%) 	 	


 	Slow gait speed Slowness 	 	 	20.032 	< 0.001


 	Yes 	46 (31.5%) 	32 (12.9%) 	 	


 	No 	100 (68.5%) 	216 (87.1%) 	 	


 	Weakness 	 	 	17.452 	< 0.001


 	Yes 	77 (52.7%) 	78 (31.5%) 	 	


 	No 	69 (47.3%) 	170 (68.5%) 	 	


 	Low physical activity 	 	 	6.120 	0.013


 	Yes 	51 (34.9%) 	58 (23.4%) 	 	


 	No 	95 (65.1%) 	190 (76.6%) 	 	


 	Exhaustion 	 	 	4.303 	0.038


 	Yes 	26 (17.8%) 	26 (10.5%) 	 	


 	No 	120 (82.2%) 	222 (89.5%) 	 	




 



3.3 Univariate and multivariate analyses of postoperative complications

The overall postoperative complication rate was 13.5% (53/394). Frailty (p = 0.001), nutritional risk (p < 0.001), malnutrition (p < 0.001), age (p = 0.018), hypoalbuminemia (p = 0.022), coronary heart disease (p = 0.001), malignant tumor (p < 0.001), PN (p < 0.001), and PN + EN (p = 0.003) were significantly associated with the incidence of postoperative complications. However, sex (p = 0.068), marital status (p = 0.379), medical expenses type (p = 0.270), education level (p = 0.406), BMI (p = 0.054), diabetes mellitus (p = 0.538), hypertension (p = 0.703), a history of cerebral infarction (p = 0.659), and EN (p = 0.069) were not significantly associated with the incidence of postoperative complications (Table 4).


TABLE 4 Univariate and multivariate regression analyses of postoperative complications.


	Characteristics
	Category
	OR
	Univariate regression analysis
	OR
	Multivariate regression analysis



	95% CI
	p-value
	95% CI
	p-value

 

 	Sex 	Female 	0.575 	0.317–1.042 	0.068 	 	 	0.203


 	Male 	Reference 	 	 	 	 	


 	Agea 	 	1.058 	1.010–1.109 	0.018 	 	 	0. 443


 	Marital status 	Married 	1.342 	0.697–2.584 	0.379 	 	 	


 	Widowed or other 	Reference 	 	 	 	 	


 	Medical expenses type 	Other 	1.583 	0.809–3.100 	0.180 	 	 	


 	Medical insurance 	Reference 	 	 	 	 	


 	Education level 	College or above 	0.768 	0.399–1.477 	0.428 	 	 	


 	Middle school 	1.667 	0.754–3.682 	0.207 	 	 	


 	Primary school and below 	Reference 	 	 	 	 	


 	BMIa 	 	0.922 	0.848-1.001 	0.054 	 	 	


 	Hypoalbuminemia 	Yes 	2.275 	1.125–4.601 	0.022 	 	 	0.250


 	No 	Reference 	 	 	 	 	


 	Diabetes mellitus 	Yes 	1.231 	0.635–2.384 	0.538 	 	 	


 	No 	Reference 	 	 	 	 	


 	Hypertension 	Yes 	0.893 	0.500–1.597 	0.703 	 	 	


 	No 	Reference 	 	 	 	 	


 	Coronary heart disease 	Yes 	3.148 	1.585–6.252 	0.001 	2.615 	1.255–5.449 	0.010


 	No 	Reference 	 	 	 	 	


 	Malignant tumor 	Yes 	4.804 	2.392–9.649 	<0.001 	4.713 	2.307–5.850 	<0.001


 	No 	Reference 	 	 	 	 	


 	History of cerebral infarction 	Yes 	1.317 	0.481–3.604 	0.592 	 	 	


 	No 	Reference 	 	 	 	 	


 	Frailty 	Yes 	2.993 	1.574–5.692 	0.001 	2.937 	1.475–5.850 	0.002


 	No 	Reference 	 	 	 	 	


 	Nutritional risk 	Yes 	4.403 	2.235–8.672 	<0.001 	 	 	


 	No 	Reference 	 	 	 	 	


 	Malnutrition 	Yes 	3.034 	1.674–5.499 	<0.001 	 	 	0.093


 	No 	Reference 	 	 	 	 	


 	Frailty × Malnutrition 	Yes 	2.841 	1.387–5.819 	0.004 	 	 	0.709


 	No 	Reference 	 	 	 	 	


 	Nutritional support 	PN 	0.038 	0.016–0.090 	<0.001 	 	 	


 	EN 	0.431 	0.174–1.067 	0. 069 	 	 	


 	PN + EN 	0.246 	0.097–0.627 	0.003 	 	 	


 	No 	Reference 	 	 	 	 	





a Indicated as quantitative variables.
 

After excluding the confounding factors such as gender, age, hypoalbuminemia, coronary heart disease, and malignant tumor, frailty was an independent risk factor for postoperative complications [odds ratio (OR): 2.937, 95% confidence intervals (CI): 1.475–5.850, p = 0.002]. In addition, there was no multiplicative interaction between frailty and malnutrition (p = 0.709) (Table 4).



3.4 Effects of frailty and malnutrition on LOS and hospital costs

Significant differences in the LOS were observed among the four groups of patients with frailty and malnutrition, frailty and no malnutrition, malnutrition and no frailty, and no frailty and malnutrition, with mean (SD) values of 15 (12), 9 (12), 15 (15), 9 (10) days, respectively (p < 0.001). The interaction of frailty and malnutrition between the two factors had no significant effect on the LOS (F = 0.279, p = 0.757).

Significant differences in hospital costs were observed among the four groups, with mean (SD) values of 8.08 (12.54), 2.69 (3.39), 10.79 (11.63), 2.65 (7.56) thousand US dollars, respectively (p < 0.001). However, the interaction between the two factors did not have a significant effect on hospital costs (F = 0.655, p = 0.520).



3.5 Nutritional support during hospitalization

The total proportion of inpatients who received nutritional support was 33.5% (132/394), including 8.9% (35/394) receiving PN, 10.9% (43/394) receiving EN, and 13.7% (54/394) receiving PN + EN.

Among inpatients with malnutrition, 50% (73/146) received nutritional support, while 23.8% (59/248) of inpatients without malnutrition received nutritional support. There was a significant difference in nutritional support between the two groups (χ2 = 28.337, p < 0.001).




4 Discussion

This study found a significant positive correlation between frailty and malnutrition. Frailty is an independent risk factor for postoperative complications, and patients with both frailty and malnutrition tend to have poor clinical outcomes. The association between frailty and malnutrition is reflected by the fact that they share common pathophysiological pathways, including body tissue loss and chronic inflammation. Symptoms such as weight loss, slow gait speed, decreased handgrip strength, and fatigue are characteristic of both malnutrition and frailty (23–26). Additionally, frailty and malnutrition are associated with decreased intrinsic capacity and share common sociodemographic, physical, and cognitive risk factors (27). Low intake of energy, protein, and vitamin D is associated with the onset and progression of frailty and malnutrition. Patients with frailty often have insufficient food intake, making it difficult to meet their nutritional requirements, including energy and protein. Patients in the pre-frailty stage or frailty stage typically exhibit poor nutritional status (28). Malnutrition and frailty are intricately connected in their pathogenesis, influencing each other in a complex and synergistic manner (29).

Screening assessment tools for frailty and malnutrition also have overlapping factors such as weight loss and impaired physical function (3, 6, 20). One factor of the frailty phenotype is decreased handgrip strength, which is a manifestation of reduced muscle mass in the diagnosis of malnutrition, and low physical activity is consistent with mobility in the subjective global assessment for malnutrition (3, 30). This is supported by our finding that all five of the frailty phenotypes were associated with the diagnosis of malnutrition. A prospective study by Khajoueinejad et al. (31) found that, in combination with preoperative nutritional indicators, the frailty assessment tool risk analysis index can be used to identify patients with abdominal malignancies who may benefit from additional preoperative risk stratification and increased postoperative evaluation. Emerging approaches that combine nutritional assessment and frailty diagnosis can objectively identify patients at risk during the perioperative period and guide perioperative treatment (6).

Active aging and regular physical activity can significantly improve older adults’ physical function, cognitive ability, and mental health, thereby delaying the progression of frailty and enhancing quality of life (32, 33). However, age-related physiological changes may exacerbate frailty risk, while sedentary behavior and insufficient physical activity can further accelerate this process (34). Cocnurrently, malnutrition is a key contributing factor to frailty, with relevant mechanisms including insufficient nutrient intake, increased metabolic demands, and reduced nutrient bioavailability (35, 36). These findings underscore the need for comprehensive interventions targeting both physical activity and nutritional status to mitigate frailty and its adverse outcomes.

In our study, the multivariate analysis revealed that frailty was an independent risk factor for the occurrence of postoperative complications, whereas malnutrition had no significant effect, and there was no multiplicative interaction between them. Possible reasons include the following: the frailty assessment already encompasses comprehensive risks such as nutritional deficiencies, thereby diminishing the independent contribution of malnutrition; the regression analysis included only 53 complication cases, potentially resulting in insufficient statistical power; and the mechanisms of postoperative complications are complex—while malnutrition may exert indirect effects (e.g., delaying recovery), frailty has a more direct and significant impact on physiological reserve. However, large-scale studies support the association between frailty, malnutrition, and adverse clinical outcomes, suggesting that they may have additive rather than synergistic effects. Tjeertes et al. (37) included 56 studies with a total of 1, 106, 653 patients in a meta-analysis and found that frailty significantly increased the risk of 30-day mortality in older adult patients undergoing non-cardiac surgery. Specifically, frailty was associated with a higher risk of 30-day mortality (31 studies, 673,387 patients; relative risk: 3.71, 95% CI: 2.89–4.77) and 30-day complications (37 studies, 627,991 patients; relative risk: 2.39, 95% CI: 2.02–2.83), and the risk of 1-year mortality was increased by a factor of 3 (6 studies, 341,769 patients; relative risk: 3.40, 95% CI: 2.42–4.77). A recent meta-analysis by Matsui et al. (38) found that malnutrition may worsen overall survival (hazard ratio: 1.56; 95% CI: 1.38–1.75) and increase the risk of postoperative complications (relative risk: 1.82; 95% CI: 1.28–2.60). Chew et al. (39) found that, the more severe the frailty, the more likely the patients were to expereince geriatric syndromes such as cognitive impairment, falls, and malnutrition. Frail patients with geriatric syndromes also had longer LOS and increased 30-day readmission rates. Stretton et al. (40) conducted a large multicenter cohort study involving 21,976 surgical patients, which showed that, after controlling for confounding factors, malnutrition, and socioeconomic status, the average LOS for patients at high risk of frailty was 3.46 times longer (mean ratio: 3.46; 95% CI: 3.20–3.73). In addition, poor nutritional status was significantly associated with worse clinical outcomes (40).

Frailty clinical practice guidelines strongly recommend multicomponent exercise programs, including resistance training, for the management of frailty. Protein and calorie supplementation is also recommended when weight loss or malnutrition occurs (19). Recent trials support that nutritional supplementation combined with exercise training may be more effective in frailty interventions (41). A systematic review found that frailty is associated with a low intake of micronutrients and protein, while a high dietary antioxidant capacity is associated with a lower risk of developing frailty (28). A longitudinal study by Rabassa et al. (42) found that habitual antioxidant diet in older adults was associated with a lower risk of frailty syndrome, suggesting that antioxidant dietary interventions could help manage frailty.

Frailty and malnutrition are significantly associated with adverse clinical outcomes. The principles of individualized medicine should guide in the management of malnutrition and frailty in older adult surgical patients, and the benefits of interventions should not outweigh the potential harm to patients (19). Malnourished or frail older adult surgical patients are more likely to undergo unnecessary tests and treatments, which may expose them to unnecessary burdens and risks. These findings support the use of GLIM criteria and frailty phenotypes to assess malnutrition and frailty in older adult general surgical inpatients for the intervention and improvement of clinical outcomes and may help general surgeons select appropriate preoperative risk stratification assessment tools to help determine the best treatment strategy. Future clinical studies could explore the benefits of personalized interventions in frail and malnourished older adult patients undergoing surgery.

Our study has two strengths. The frailty phenotype and GLIM criteria, which are globally recognized as standard diagnostic methods, were used to investigate the prevalence of frailty and malnutrition among older adult general surgery inpatients. In addition, we comprehensively analyzed the impact of frailty and malnutrition on clinical outcomes, such as postoperative complications, in-hospital death, LOS, and hospital costs.

Our study has some limitations. First, it was a single-center, small-sample, cross-sectional observational study; future studies should involve several research institutions and a large sample size. Second, surgery-related risk factors, such as preoperative American Society of Anesthesiologists classification, operation time, and intraoperative blood loss, were not examined, and subgroup analyses based on surgical methods were not performed owing to the small sample size and the insufficient effective sample size for regression analysis. Third, frailty and nutritional status are dynamic and may vary significantly depending on the frailty and nutritional status of patients with different disease states and treatment stages. Future studies should dynamically investigate frailty and malnutrition during admission and discharge.

In conclusion, there was a significant positive correlation between frailty and malnutrition among older adult inpatients in the General Surgery department. Frailty and malnutrition are significantly associated with adverse clinical outcomes.
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Background: Inflammation and oxidative stress (OS) are critical factors in the pathogenesis of chronic diseases (CDs), with dietary factors being a central modifiable determinant. This study aimed to assess the association of the Dietary Inflammation Index (DII) and Dietary Oxidative Balance Score (DOBS) with all-cause and cardiovascular (CV) mortality in non-diabetic adults.
Methods: Data on non-diabetic adults were extracted from the National Health and Nutrition Examination Survey (NHANES) (2009–2018). Dietary information was collected via 24-h recalls, and DII and DOBS were calculated. Multivariate weighted Cox proportional hazards models, Kaplan–Meier (KM) survival analysis, and restricted cubic spline (RCS) analyses were conducted to assess mortality associations. Subgroup analyses were performed based on gender, age, BMI, smoking status, hypertension, and hyperlipidemia.
Results: After applying multivariable–weighted Cox proportional hazards regression, participants with the highest DII quartile exhibited elevated risks of all-cause mortality [Q4: HR = 1.554 (1.258, 1.934)] and CV mortality [Q4: HR = 2.100 (1.307, 3.375)]. In contrast, the highest DOBS quartile was linked to reduced all-cause mortality [Q4: HR = 0.724 (0.553, 0.946)], with no significant association observed for CV mortality. RCS analyses confirmed a positive dose–response between DII and both mortality outcomes, as well as an inverse relationship for DOBS. Subgroup analyses revealed that high DOBS (Q4) scores were negatively associated with all-cause and CV mortality in women, individuals aged ≥60 years, current smokers, hypertensive individuals, and those without dyslipidemia. High DII (Q4) scores were positively associated with all-cause mortality across all sexes, individuals aged ≥60 years, smokers, and those with hypertension or dyslipidemia. Additionally, high DII scores were associated with CV mortality among women, both smokers and non-smokers, and individuals without hypertension or dyslipidemia.
Conclusion: Higher DOBS levels are associated with lower all-cause mortality, while higher DII levels are linked to increased all-cause and CV mortality. Dietary interventions targeting inflammation may reduce mortality risks, thereby informing public health strategies.
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1 Introduction

Inflammation and oxidative stress (OS) are identified as physiological responses to external stimuli and endogenous damage. Moreover, they play essential roles in maintaining immune homeostasis and the repair process (1). However, chronic inflammation and OS at elevated levels not only disrupt organismal homeostasis but are also considered primary drivers of various chronic diseases, including cardiovascular diseases (CVDs), cancer, and neurodegenerative disorders (2, 3). Numerous studies have shown that biological markers of inflammation and OS (such as C-reactive protein [CRP] and redox imbalance) are closely associated with disease progression and risk of death (4, 5). Therefore, to prevent chronic diseases, it is now crucial to identify the key factors regulating inflammation and OS levels.

The dietary inflammatory index (DII) and the dietary oxidative balance score (DOBS) are two key indicators to quantify the effects of diets on inflammation and OS, respectively. These two indicators are used to evaluate the pro-inflammatory/anti-inflammatory potential and the pro-oxidative/antioxidant capacity of diets (6, 7). DOBS and DII have been shown to be associated with the mortality and incidence of CVDs in patients with diabetes and prediabetes. Each unit increase in DOBS was associated with a 1.8% reduction in all-cause mortality and a 4% reduction in cardiovascular mortality among patients with diabetes and prediabetes (8). DOBS is also inversely associated with the incidence of chronic kidney disease (9), hypertension (10), depression (11), and other conditions. Meanwhile, in patients with diabetes and prediabetes, a high DII is more strongly associated with the risk of CVDs (12). Additionally, a prospective cohort study revealed that DOBS and DII were significantly associated with all-cause, CVDs, and cancer mortality (13). Thus, it is evident that existing research primarily focuses on individuals with diabetes or metabolic disorders, as well as the general population. However, patients with diabetes often exhibit metabolic disturbances such as insulin resistance, hyperglycemia, and dyslipidemia. These factors, by promoting chronic inflammation and OS, complicate the mechanistic pathways through which dietary factors exert their effects (14). Notably, although natural antioxidants (e.g., polyphenols) can effectively scavenge reactive oxygen species (ROS), the chronic inflammatory milieu in diabetes persistently suppresses the activity of antioxidant enzymes (such as superoxide dismutase [SOD] and glutathione peroxidase [GPx]), thereby significantly diminishing the efficacy of exogenous antioxidants. For example, quercetin exerts potent effects in healthy models but typically requires higher doses to achieve comparable efficacy in diabetic models. This inflammatory microenvironment suppresses the Nrf2 pathway, diminishes endogenous antioxidant defenses, and elevates the threshold at which dietary antioxidants can exert their protective effects [39674630]. Moreover, these metabolic abnormalities not only drive diabetes progression but may also interfere with nutrient metabolism and utilization (15), thereby modulating the independent effects of dietary factors on disease progression and mortality risk. In other words, among individuals with metabolic dysfunction, it is difficult to discern whether the observed increase in mortality risk is attributable to intrinsic metabolic derangements or dietary intake patterns. Conversely, the specific metabolic disorders mentioned above were not observed in non-diabetic patients. Within this group, the levels of inflammation and OS are more likely to be directly influenced by dietary variables and less likely to be confused by metabolic disorders associated with diabetes. To better elucidate the causal relationship between diet and health outcomes, the independent associations of DII and DOBS with the risk of death should be assessed in a non-diabetic population.

However, the association of DOBS and DII with the risk of death in non-diabetic patients has not been previously examined. To address this research gap, the present study utilized data from the National Health and Nutrition Examination Survey (NHANES) to investigate the association of DOBS and DII with both all-cause mortality and cardiovascular mortality in non-diabetic patients. We hypothesized that, in non-diabetic individuals, a higher DII is associated with increased all-cause and cardiovascular mortality, whereas a higher DOBS is associated with decreased all-cause and cardiovascular mortality.



2 Data and methods


2.1 Study participants

The NHANES is an ongoing survey performed in the United States by the CDC using a stratified, multi-stage sampling design. When linked with follow-up mortality data, it functions as a widely utilized, nationally representative prospective cohort study (16). Data from 2009 to 2018 were used in this research, involving individuals aged 18 years or older. Diabetes was defined as a self-reported physician diagnosis of fasting blood glucose (FBG) ≥ 7 mmol/L, glycosylated hemoglobin (HbA1c) ≥ 6.5%, or current use of hypoglycemic medications (17). We excluded participants who met the definition of diabetes (N = 3,123), those with missing covariate data (hyperlipidemia: N = 1,952, hypertension: N = 13, poverty: N = 1,480, educational level: N = 591, ethnicity: N = 2,079, smoking history: N = 7, annual family income: N = 18, body mass index (BMI): N = 107), and those with missing death data (N = 45). After excluding the aforementioned individuals, a total of 13,408 patients were included in the final research (Figure 1).

[image: Flowchart depicting participant selection from the National Health and Examination Survey 2009-2018. Starting with 34,006 participants, 3,063 diabetic individuals are excluded, followed by the removal of 11,288 with missing survival data. After further exclusion based on various factors including hyperlipidemia, hypertension, and incomplete demographic information, 13,408 participants remain included in the final analysis.]

FIGURE 1
 Flowchart of the selection strategy.


The NHANES obtained approval from the National Center for Health Statistics Research Ethics Review Board and was performed in accordance with the ethical standards as laid down in the 1964 Declaration of Helsinki and its later amendments or comparable ethical standards. Each participant gave a written informed consent agreement when they were enrolled in the NHANES, and the National Center for Health Statistics’ ethics review board approved the study.



2.2 Dietary data

The assessment of daily dietary intake was performed through 24-h dietary recall interviews conducted on 2 consecutive days. Each dietary nutrient and the overall dietary energy were computed following the guidelines outlined in the USDA’s Food and Nutrient Database for Dietary Studies (FNDDS) (18). Information on dietary supplement use was collected through specialized questionnaires. In addition, the nutrient assessment did not include dietary components derived from dietary supplements.



2.3 Assessment of DOBS

The DOBS was calculated by scoring the combination of pro-oxidant and antioxidant nutrients in the diet (7). Drawing on previous insights regarding the connection between certain nutrients and DOBS, 16 nutrients were comprehensively evaluated, including 2 pro-oxidants and 14 antioxidants (19). The nutritional data were collected from two 24-h dietary reviews. The continuous dietary components were categorized into tertiles, with antioxidant scores ranging from 1 to 3 and pro-oxidant scores assigned in the opposite manner. Each participant’s dietary intake level was determined by summing the scores assigned to all dietary components. The detailed composition of DOBS components is provided in Supplementary Table 1.



2.4 Assessment of DII

The dietary inflammatory index (DII) is a dietary tool designed to assess the overall pro- and anti-inflammatory properties of an individual’s diet. It incorporates 45 dietary components identified from the scientific literature and selected based on their effects on inflammatory indicators, including CRP, interleukin-6 (IL-6), and tumor necrosis factor alpha (TNF-α). The scoring scale for each component ranges from −1 (anti-inflammatory) to +1 (pro-inflammatory) (20). The Food Frequency Questionnaire (FFQ) or 24-h dietary recall was applied to assess participants’ dietary intake. Considering the differences in energy intake, the intake was standardized per 1,000 kcal. Subsequently, the intake was adjusted using the formula [(daily intake - global average daily intake) divided by the standard deviation of the global average daily intake]. The modified intake values were then multiplied by the cumulative inflammatory response score of each dietary component (21). The total DII scores for each participant were calculated, with a higher score indicating a greater consumption of pro-inflammatory foods. Information on DII dietary components is detailed in Supplementary Table 2.



2.5 Determination of mortality

Within our research, the main outcome parameters encompassed all-cause mortality and cardiovascular (CV) mortality, as ascertained through the ICD-10 classification system [International Classification of Diseases (ICD), 10th edition]. The classification codes for CV deaths were I00–I09, I11, I13, and I20–I51. More detailed information is available at https://www.cdc.gov/nchs/linked-data/mortality-files/?CDC_AAref_Val=https://www.cdc.gov/nchs/data-linkage/mortality.htm.



2.6 Covariate assessment

The covariates included in this study were gender, age, ethnicity, smoking status, BMI, hypertension, hyperlipidemia, educational level, and poverty–income ratio (PIR). Among these covariates, demographic data were collected through family interviews. Smoking was defined as having smoked at least 100 cigarettes in one’s lifetime. BMI was calculated as weight divided by height squared (kg/m2). Hypertension was defined as a systolic blood pressure greater than or equal to 130 mmHg and a diastolic blood pressure greater than or equal to 80 mmHg. Hyperlipidemia was defined as LDL-C levels ≥ 4.9 mmol/L (22). Educational attainment was categorized as high school or lower, high school graduates, some college, or college or higher. PIR was applied as an indicator of poverty status, calculated as the total household income divided by the poverty threshold. According to the guidelines, PIR was classified into three groups: ≤1.3, 1.3–3.5, and >3.5 (23).



2.7 Statistical analysis

All analyses in this study adhered to NHANES analysis guidelines. We applied the multi-stage sampling design by incorporating the main sampling units, pseudo variances, and masked variances in sampling weights to ensure nationally representative estimates. Given the intricate sampling structure of NHANES, a 2-day dietary sample was chosen following appropriate weighting procedures (1/5 * WTDR2D). Median values were used to represent continuous variables (P25, P75), whereas categorical variables were depicted using numbers (percentages). In this study, the comparison of categorical variables between groups was conducted using Pearson’s chi-square test. Since the continuous variables in this research did not follow a normal distribution according to the Kolmogorov–Smirnov test, non-parametric tests were used to assess group differences.

DII and DOBS were categorized into quartiles for statistical analysis purposes (taking the lowest quartile Q1 as the reference group). A multivariable weighted Cox regression model with restricted cubic spline (RCS) analysis was utilized to estimate hazard ratios (HRs) and 95% confidence intervals (CIs), assessing the correlation of DII and DOBS with all-cause and CV death in non-diabetic patients. Adjustments were made based on gender, age, BMI, ethnicity, smoking status, hypertension, hyperlipidemia, and educational level. Log-rank tests and Kaplan–Meier (KM) survival analyses were performed to examine the differences in survival rates according to DOBS and DII in the non-diabetic population. Subsequently, subgroup analyses were performed to explore the potential modifying impacts of key demographic and clinical variables on the associations between DII, DOBS, and mortality outcomes. All covariates (excluding those used for stratification) were adjusted in the model. These analyses were stratified based on gender (male/female), smoking status (yes/no), presence of hypertension (yes/no), and hyperlipidemia (yes/no). The interaction of DII and DOBS with these variables was assessed by incorporating interaction terms into the Cox proportional hazards regression model. Specifically, multiplicative interaction terms (DII × covariate and DOBS × covariate) were included to assess whether the association between dietary scores and mortality differed across subgroups. Analysis of variance was performed to assess the significance of interactions. The propensity score matching (PSM) was utilized to mitigate potential selection bias and confounding variables. A logistic regression model incorporating relevant covariates (gender, age, ethnicity/nationality, educational level, BMI, smoking status, hypertension, and hyperlipidemia) was applied to estimate propensity scores. Based on these propensity scores, a 1:2 nearest-neighbor matching algorithm was adopted to pair participants. The balance after matching was assessed by comparing standardized mean differences (SMDs) of covariates between matched groups, with SMD < 0.1 indicating an acceptable balance. Subsequently, a weighted Cox proportional hazards regression model was used in the matched cohort to evaluate the associations of DII and DOBS with mortality outcomes, aiming to minimize potential bias and ensure the reliability of the study results. Finally, participants with prediabetes and those receiving insulin therapy were excluded, and the primary analyses were re-conducted to assess the robustness of the findings. Statistical analyses were carried out using R 4.3.0 (R Foundation for Statistical Computing, Vienna, Austria), with statistical significance defined as a p-value of < 0.05.




3 Results


3.1 Baseline characteristics

A total of 13,408 non-diabetic patients aged over 18 years were enrolled. Table 1 displays the baseline characteristics of participants stratified by all-cause mortality and survival status. The median age of the cohort was 46 years, with 53% of participants being female (N = 7,207) and 74% identifying as non-Hispanic White (N = 6,843). This study examined differences in variables including gender, age, ethnicity, educational level, family income, PIR, smoking status, hypertension, hyperlipidemia, and BMI between deceased and surviving participants (p < 0.05).


TABLE 1 Baseline information from the death and survival groups.


	Characteristic
	Overall, N = 13,4081
	Death, N = 12,5111
	Survival, N = 8971
	p-value2

 

 	Gender 	 	 	 	<0.001


 	Male (%) 	6,201 (47%) 	5,691 (47%) 	510 (56%) 	


 	Female (%) 	7,207 (53%) 	6,820 (53%) 	387 (44%) 	


 	Age, years 	46 (33, 59) 	45 (32, 58) 	70 (57, 80) 	<0.001


 	Ethnicity 	 	 	 	<0.001


 	Mexican American (%) 	1,892 (8.6%) 	1,834 (8.9%) 	58 (3.4%) 	


 	Other Hispanic (%) 	1,468 (6.0%) 	1,430 (6.2%) 	38 (2.0%) 	


 	Non-Hispanic White (%) 	6,843 (74%) 	6,208 (74%) 	635 (86%) 	


 	Non-Hispanic Black (%) 	3,205 (11%) 	3,039 (11%) 	166 (8.9%) 	


 	Education level 	 	 	 	<0.001


 	Below high school 	2,590 (12%) 	2,349 (12%) 	241 (19%) 	


 	High school 	3,151 (23%) 	2,905 (22%) 	246 (28%) 	


 	Some college 	4,384 (32%) 	4,139 (33%) 	245 (29%) 	


 	College graduate or above 	3,283 (33%) 	3,118 (33%) 	165 (24%) 	


 	Annual household income 	9.0 (6.0,15.0) 	9.0 (6.0,15.0) 	7.0 (5.0,10.0) 	<0.001


 	Poverty income ratio 	3.15 (1.53,5.00) 	3.23 (1.57,5.00) 	2.23 (1.22,4.25) 	<0.001


 	Smoking status 	5,879 (42%) 	5,330 (42%) 	549 (60%) 	<0.001


 	BMI, kg/m2 	28 (24, 33) 	28 (24, 33) 	27 (24, 32) 	0.3


 	Hypertension (%) 	4,518 (29%) 	3,940 (27%) 	578 (60%) 	<0.001


 	Hyperlipidemia (%) 	4,404 (32%) 	3,979 (31%) 	425 (47%) 	<0.001





Continuous variables were represented by weighted mean (SE). Categorical variables were expressed in the form of counts (weighted percentages).

1Median (25, 75%); n (unweighted) (%); 2Wilcoxon rank-sum test for complex survey samples; chi-square test with Rao–Scott’s second-order correction.
 



3.2 Associations of DOBS and DII with all-cause and cardiovascular mortality

Tables 2, 3 present the correlation of DOBS and DII with all-cause mortality and CV mortality. It could be concluded from Table 2 that in both the rough and adjusted models, DOBS showed a negative association with all-cause mortality (p < 0.05), whereas DII showed a positive association with all-cause mortality (p < 0.01). Specifically, after adjusting for all covariates, individuals in the highest quartile (Q4) of DOBS exhibited a 27.6% lower risk of all-cause mortality in comparison to those in the lowest quartile (Q1) [HR = 0.724 (95%CI: 0.553, 0.946)], whereas individuals in the highest quartile (Q4) of DII showed a 55.4% higher risk of all-cause mortality [HR = 1.554 (95%CI: 1.248, 1.934)]. It could be observed from Table 3 that DII had a positive association with CV mortality in both the rough and adjusted models, while DOBS was not significantly associated with CV mortality in participants (p > 0.05). Individuals in the highest quartile (Q4) of DII showed a 110% higher risk of CV death [HR = 2.100 (95%CI: 1.307, 3.375)] in comparison to those in the lowest quartile (Q1). Participants in the highest quartile (Q4) of DOBS exhibited the lowest risk of all-cause and cardiovascular mortality, whereas those in the lowest quartile (Q1) showed the highest risk (log-rank p < 0.0001; log-rank p = 0.011, respectively) (Figures 2A,B). In contrast, participants in the highest quartile (Q4) of DII experienced the highest risk of all-cause and cardiovascular mortality, while those in the lowest quartile (Q1) had the lowest risk (log-rank p = 0.008; log-rank p = 0.015, respectively) (Figures 2C,D).


TABLE 2 Correlation of DOBS and DII with all-cause mortality.


	All-cause mortality
	Model 1
	Model 2



	HR (95%CI)
	p
	HR (95%CI)
	p

 

 	DOBS


 	Q1 	— 	— 	— 	—


 	Q2 	0.750 (0.591, 0.953) 	0.018 	0.837 (0.662, 1.057) 	0.135


 	Q3 	0.722 (0.564, 0.925) 	0.01 	0.793 (0.608, 1.035) 	0.088


 	Q4 	0.642 (0.486, 0.850) 	0.002 	0.724 (0.553, 0.946) 	0.018


 	DII


 	Q1 	— 	— 	— 	—


 	Q2 	1.345 (1.020, 1.772) 	0.035 	1.372 (1.052, 1.790) 	0.02


 	Q3 	1.158 (0.886, 1.520) 	0.286 	1.254 (0.975, 1.613) 	0.078


 	Q4 	1.510 (1.189, 1.918) 	<0.001 	1.554 (1.248, 1.934) 	<0.001





The data were represented by weighted HR estimates and 95%CIs. Model 1 was a rough model, and the adjustment factors in Model 2 included gender, age, ethnicity, BMI, educational level, smoking status, hypertension, and hyperlipidemia.

Model 1: No covariates were adjusted.

Model 2: Gender, age, ethnicity, education, PIR, smoking status, BMI, hypertension, and hyperlipidemia were adjusted.
 


TABLE 3 Correlation of DOBS and DII with CV mortality.


	Cardiovascular mortality
	Model 1
	Model 2



	HR (95%CI)
	p
	HR (95%CI)
	p

 

 	DOBS


 	Q1 	— 	— 	— 	—


 	Q2 	1.239 (0.827, 1.858) 	0.299 	1.397 (0.919, 2.124) 	0.118


 	Q3 	0.953 (0.636, 1.428) 	0.816 	1.073 (0.705, 1.633) 	0.742


 	Q4 	0.707 (0.398, 1.257) 	0.238 	0.837 (0.458, 1.532) 	0.565


 	DII


 	Q1 	— 	— 	— 	—


 	Q2 	2.228 (1.332, 3.729) 	0.002 	2.206 (1.288, 3.779) 	0.004


 	Q3 	1.494 (0.897, 2.488) 	0.123 	1.599 (0.944, 2.709) 	0.081


 	Q4 	2.046 (1.334, 3.139) 	0.001 	2.100 (1.307, 3.375) 	0.002





The data were represented by weighted HR estimates and 95%CIs. Model 1 was a rough model, and the adjustment factors in Model 2 included gender, age, ethnicity, BMI, educational level, smoking status, hypertension, and hyperlipidemia.

Model 1: No covariates were adjusted.

Model 2: Gender, age, ethnicity, education, PIR, smoking status, BMI, hypertension, and hyperlipidemia were adjusted.
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FIGURE 2
 (A) Kaplan–Meier survival curves for all-cause mortality stratified by dietary oxidative balance score (DOBS) quartiles; (B) Kaplan–Meier survival curves for cardiovascular mortality stratified by DOBS quartile; (C) Kaplan–Meier survival curves for all-cause mortality stratified by dietary inflammatory index (DII) quartiles; and (D) Kaplan–Meier survival curves for cardiovascular mortality stratified by DII quartile. Non-diabetic participants were grouped into quartiles based on cohort-specific distributions of DOBS and DII. Survival probabilities (solid lines) and 95% confidence intervals (shaded bands) were estimated using the Kaplan–Meier method, and between-group differences were assessed using the log-rank test.




3.3 Analysis of restricted cubic spline regression

Multivariate-adjusted RCS plots revealed a non-linear association of DOBS and DII with all-cause and CV deaths in non-diabetic participants. As shown in Figure 3, DOBS showed a linearly negative correlation with all-cause mortality (p-non-linear: 0.157) and CV mortality (p-non-linear: 0.0797) in non-diabetic patients. Furthermore, DII showed a linearly positive correlation with all-cause mortality (p-non-linear: 0.2985) and CV mortality (p-non-linear: 0.1638) in non-diabetic patients.

[image: Four-panel figure with histograms and smoothed red line plots visualizing hazard ratios with confidence intervals. Panel A shows all-cause mortality versus DOBS and Panel B shows cardiovascular mortality versus DOBS, with significant P-values for overall trends. Panel C displays all-cause mortality versus DII and Panel D cardiovascular mortality versus DII, each with marked threshold values, probability density in blue, and hazard ratios with confidence intervals noted. All axes are labeled and the legend text indicates statistical significance for both linear and non-linear associations.]

FIGURE 3
 (A) RCS curve depicting the association of dietary oxidative balance score (DOBS) with all-cause mortality in non-diabetic participants; (B) DOBS with cardiovascular mortality; (C) dietary inflammatory index (DII) with all-cause mortality; and (D) DII with cardiovascular mortality. Adjustments were made based on gender, age, ethnicity, BMI, educational level, smoking status, hypertension, and hyperlipidemia. The central estimate was represented by a red solid line, and the red shaded area indicated the 95%CI.




3.4 Subgroup analysis

To assess whether the associations of DOBS and DII with mortality differ across subgroups, subgroup analyses were performed. Participants were initially classified based on gender, age, BMI, smoking status, hypertension, and hyperlipidemia. Subsequently, further regression model analysis was conducted on these subgroups. All covariates were adjusted in the model, except for those used for stratification. As shown in Figure 4A, high levels of DOBS (Q4) were significantly negatively associated with all-cause mortality in females (HR = 0.539, 95%CI: 0.341–0.851), individuals aged ≥60 (HR = 0.647, 95%CI: 0.485–0.862), smokers (HR = 0.649, 95%CI: 0.459–0.919), and individuals with hypertension (HR = 0.662, 95%CI: 0.447–0.980). In addition, as shown in Figure 4B, high levels of DOBS (Q4) were significantly negatively associated with CV mortality in females (HR = 0.248, 95%CI: 0.072–0.849) and individuals without hyperlipidemia (HR = 0.469, 95%CI: 0.227–0.968). As shown in Figure 5A, high levels of DII (Q4) showed an obviously positive association with all-cause mortality in males (HR = 1.432, 95%CI: 1.045–1.963), females (HR = 1.705, 95%CI: 1.185–2.454), those aged ≥60 (HR = 1.489, 95%CI: 1.164–1.904), individuals with BMI ≥ 25 (HR = 1.850, 95%CI: 1.395–2.454), smokers (HR = 1.599, 95%CI: 1.143–2.238), individuals with high blood pressure (HR = 2.006, 95%CI: 1.425–2.825), and individuals with hyperlipidemia (HR = 1.712, 95%CI: 1.185–2.473) (p < 0.05). Figure 5B illustrates a notable positive correlation between elevated levels of DII (Q4) and CV mortality specifically among females (HR = 2.944, 95%CI: 1.351–6.415), smokers (HR = 2.205, 95%CI: 1.101–4.416), non-smokers (HR = 1.991, 95%CI: 1.024–3.871), and individuals without hypertension (HR = 2.613, 95%CI: 1.083–6.304) or hyperlipidemia (HR = 3.067, 95%CI: 1.664–5.654) (p < 0.05). There was no significant interaction between the stratified variables of DOBS and DII subgroups in relation to all-cause and CV death, as indicated by a non-significant p-value for interaction (p > 0.05).

[image: Forest plots comparing hazard ratios and confidence intervals for subgroups based on sex, age, BMI, smoking, hypertension, and hyperlipidemia across quartiles Q2, Q3, and Q4, with P interaction values presented for each subgroup in two main panels labeled A and B. Blue, green, and red lines represent Q2, Q3, and Q4 respectively.]

FIGURE 4
 (A) Subgroup analysis of OBS and all-cause mortality; (B) Subgroup analysis of OBS and CV mortality. The adjustment factors included gender, age, ethnicity, BMI, educational level, smoking status, hypertension, and hyperlipidemia.


[image: Two forest plot graphics labeled A and B present hazard ratios with confidence intervals for various subgroups by sex, age, BMI, smoking status, hypertension, and hyperlipidemia. Each subgroup compares quartiles Q2, Q3, and Q4, with p-values for interaction shown. Quartile categories are indicated by different colored lines or markers, and a horizontal axis displays hazard ratio values for reference.]

FIGURE 5
 (A) Subgroup analysis of DII and all-cause mortality; (B) Subgroup analysis of DII and CV mortality. The adjustment factors included gender, age, ethnicity, BMI, educational level, smoking status, hypertension, and hyperlipidemia.




3.5 Sensitivity analysis

To mitigate the influence of confounding variables, we performed a PSM analysis, applied a multivariate Cox risk regression model, and adjusted for various potential confounders in the original (unmatched) cohort. The results were similar to the main estimates reported. The matched results showed that, as shown in Supplementary Table 3, individuals in the highest quartile (Q4) of OBS showed a 28.3% lower risk of all-cause mortality [HR = 0.717 (95%CI: 0.537, 0.956)] in comparison to those in the lowest quartile (Q1). Individuals in the highest quartile (Q4) of DII showed a 55.4% higher risk of all-cause mortality [HR = 1.554 (95%CI: 1.253, 1.928)]. Supplementary Table 4 illustrates no marked association between OBS and CV mortality among participants (p > 0.05). Individuals in the highest quartile (Q4) of DII showed a 110% lower risk of CV mortality [HR = 2.100 (95%CI: 1.307, 3.375)] in comparison to those in the lowest quartile (Q1). Furthermore, the potential influence of prediabetes and insulin therapy on the study outcomes was evaluated. To ensure robustness, participants with prediabetes or receiving insulin therapy (N = 1,127) were excluded, and the primary analyses were repeated. The effect estimates remained consistent with the main findings (Supplementary Table 5).




4 Discussion

By incorporating 45 dietary components associated with inflammation and 16 specific pro-inflammatory and antioxidant nutrients, 2 scoring systems were developed to investigate dietary inflammatory potential and antioxidant nutrient levels in individuals. The research findings suggested that a higher level of DOBS was significantly correlated with a lower risk of all-cause mortality, whereas a higher level of DII was significantly correlated with a higher risk of all-cause and CV mortality. Moreover, DOBS showed a linearly negative correlation with all-cause and CV mortality, while DII showed a linearly positive correlation with all-cause and CV mortality.

Previous studies have demonstrated that elevated DII scores are closely associated with increased risks of obesity, type 2 diabetes mellitus, and cardiovascular disease (24, 25). This relationship is hypothesized to arise because higher DII scores reflect greater consumption of proinflammatory dietary components—such as saturated fats, trans fats, and refined sugars—which have been shown to activate nuclear factor κB (NF-κB) and other inflammatory signaling pathways, thereby promoting systemic inflammation (26, 27). Moreover, increased consumption of these components has been linked to elevated levels of inflammatory biomarkers, including C-reactive protein (CRP) and interleukin-6 (IL-6) (28, 29). These mediators are thought to promote endothelial activation and monocyte adhesion, thereby contributing to arterial injury, atherosclerosis progression, and a heightened risk of cardiovascular events. While prior investigations focused predominantly on diabetic or metabolic syndrome populations, the present study is the first to extend the evaluation of DII in a non-diabetic cohort, revealing similar proinflammatory effects. This finding carries important clinical implications, suggesting that even individuals with relatively healthy metabolic profiles may experience subclinical inflammation induced by a persistently proinflammatory diet, thereby adversely affecting long-term cardiovascular health and increasing all-cause mortality risk.

For instance, in metabolically healthy cohorts, adherence to anti-inflammatory dietary patterns has been associated with reduced oxidative stress and lower levels of inflammatory markers, whereas proinflammatory diets have been correlated with increased inflammation and an elevated risk of metabolic abnormalities (30). Even in non-diabetic individuals with normal glycemic metabolism, chronic exposure to a high-DII diet may induce a subclinical low-grade inflammatory state that eludes routine clinical detection but nonetheless progressively impairs endothelial function and accelerates atherogenesis (31). This chronic inflammation may influence cardiovascular health through multiple pathways, such as affecting insulin signaling or exacerbating oxidative stress. Even if it is insufficient to cause diabetes, it is still capable of inflicting cumulative damage on the vascular system (32).

In addition, a study on the Food Inflammation Index (FII) indicated that the FII performs excellently in predicting individual inflammation levels (such as high-sensitivity C-reactive protein) and is highly correlated with the DII model. It further revealed significant pro- or anti-inflammatory heterogeneity within different food groups, and this heterogeneity may affect the applicability of inflammation indices to specific dietary patterns or populations. For example, mackerel and cod exhibited markedly different anti-inflammatory effects due to differences in their DHA and EPA content (33). This phenomenon suggests that, among populations with different metabolic states or dietary compositions, the effects of the DII may vary. In the current study, the pro-inflammatory effect of a high DII in a non-diabetic cohort may be partly attributed to variations in dietary components. The heterogeneity revealed by the FII within food groups implies that future research may enhance the predictive power of DII in specific populations by incorporating more detailed food classifications, thereby enabling a more accurate elucidation of its mechanisms.

On this basis, another important finding of the present study was that higher Dietary Oxidative Balance Scores (DOBS) were significantly associated with lower all-cause mortality in the non-diabetic population. This finding highlighted the critical role of dietary antioxidant capacity in maintaining health within this specific cohort. In a prospective cohort of 24,527 U.S. participants, Wang et al. (13) reported a significant inverse association between DOBS and all-cause mortality in the general population, but no significant relationship with cardiovascular diseases (CVDs) or cancer mortality was observed. Since the general population includes a substantial proportion of non-diabetic individuals whose metabolic and inflammatory profiles may align more closely with those of our study cohort, Wang’s findings partially support our results. Conversely, the Seguimiento Universidad de Navarra (SUN) cohort study (34) found a strong inverse association between DOBS and cardiovascular mortality (35). This discrepancy may stem from differences in study population characteristics. The SUN cohort consisted of highly educated, middle-aged Spanish adults who adhered to a Mediterranean dietary pattern, potentially enhancing the protective effects of DOBS through their diet and lifestyle. Furthermore, a German cohort of 2,125 diabetic patients demonstrated that elevated oxidative stress biomarkers were significantly associated with both major cardiovascular events and all-cause mortality (36), suggesting that redox imbalance may be a key driver of mortality in diabetic populations. Thus, in contrast to the German study’s diabetic subjects, our focus on non-diabetic individuals may explain why the observed inverse relationship between DOBS and all-cause mortality reflects a lower degree of redox imbalance and fewer metabolic disturbances.

The study has the following advantages. First, our findings are more broadly applicable and generalizable, as they are based on data from a nationally representative, high-quality sample. Second, higher statistical power was embodied in larger sample sizes, longer follow-up periods, as well as stable and reliable outcomes. Third, a more comprehensive understanding of the possible association between diet-related variables and mortality in non-diabetic individuals can be gained by assessing OS and inflammatory responses using two composite indicators, DOBS and DII, rather than a single measure. However, certain limitations are inevitable in this study. First, our study design was observational, precluding causal inferences. Future research could consider Mendelian randomization to explore causality. Second, our dietary data were based on participants’ self-reports, which may be subject to recall and reporting biases. Third, although multiple covariates were adjusted, residual confounding may still exist. Finally, our study included only non-diabetic individuals and did not exclude those with prediabetes, which may limit the generalizability of the findings to fully metabolically healthy populations and hinder the precise assessment of dietary effects across differing health statuses.



5 Conclusion

Our research findings indicate that higher DOBS scores are significantly associated with lower all-cause mortality, whereas higher DII scores are significantly associated with higher all-cause mortality. For CV mortality, higher DII scores are significantly correlated with lower mortality rates, while no significant association was observed between DOBS and CV mortality. These findings suggest that improving dietary quality—particularly by reducing the consumption of pro-inflammatory dietary components and increasing the intake of antioxidant-rich foods—may effectively lower inflammation and oxidative stress levels, thereby reducing mortality risk.
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Introduction: This study aims to investigate the relationship between nutrition-related biomarkers, body composition, and oxidative stress indicators in the human aging process, so as to provide new insights for understanding individual aging differences and developing targeted intervention strategies.
Methods: A total of 100 healthy participants aged 26–85 years were enrolled. Plasma concentrations of 9 amino acids and 13 vitamins were quantitatively analyzed, along with urinary oxidative stress markers 8-oxoGuo and 8-oxodGuo. Body composition was assessed using bioelectrical impedance analysis (BIA). A nutrition-based aging clock model was constructed using the Light Gradient Boosting Machine algorithm, with model performance evaluated by mean absolute error (MAE) and coefficient of determination (R2).
Results: The younger group showed significantly lower levels of oxidative stress markers compared to the older group. Multiple amino acids and vitamins exhibited age-dependent changes in plasma concentrations. The developed aging clock model demonstrated high predictive accuracy, with an MAE of 2.5877 and R2 of 0.8807. Correlation analyses further indicated associations between model-predicted biological age and physiological changes reflected in biochemical and physical examination indicators.
Discussion: This study establishes a significant link between nutrition-related biomarkers, oxidative stress, body composition, and aging. The proposed model serves as a reliable tool for predicting biological age and offers a scientific basis for future research on aging mechanisms and personalized interventions.

Keywords
the nutrition-related aging clock, bioelectrical impedance analysis, aging biomarkers, oxidative stress markers, interindividual aging variation


1 Introduction

In response to the challenges posed by an aging population, researchers have focused on developing aging biomarkers for health identification and assessment (1). In recent years, aging clocks constructed based on various biological markers have emerged, aiming to predict an individual’s biological age and monitor the rate of aging (2). Among the existing aging clocks, those based on DNA methylation (3) and plasma proteome (4) are particularly notable.

Nutrition refers to the process by which the body meets its physiological needs through the intake and metabolism of food. This includes both essential macronutrients (such as proteins, fats, and carbohydrates) and micronutrients (such as vitamins and minerals) (5). Nutrition involves not only caloric intake but also the balance of many biomolecules essential for maintaining physiological function, enhancing health, and preventing diseases (6). Nutritional assessment is a comprehensive process that analyzes nutrition-related health issues by collecting data on food intake and metabolism, alongside biochemical indicators, physical examination results, and other relevant information (7–9). Nutritional science plays a crucial role in promoting healthy aging. Healthy aging not only refers to extending lifespan but also, more importantly, to increasing the number of years of healthy life expectancy (10). The adequacy of nutrition directly influences the health condition and quality of life of the elderly (11). Poor nutritional status in the elderly increases the risk of aging-related chronic diseases. Deficiencies in vitamin B6, B12, and folic acid, for instance, are associated with cognitive decline and Alzheimer’s disease (5, 7, 12). Therefore, nutritional status significantly impacts the aging process, and developing a nutrition-related aging assessment clock is essential for a deeper understanding of aging.

Plasma levels of amino acids and vitamins are closely related to an individual’s nutritional and health status. Tappia et al.’s research indicates that specific vitamins, such as vitamin C and vitamin B6, may help prevent cardiovascular diseases in high-risk individuals (13). Bioelectrical impedance analysis (BIA), a non-invasive technology, can help identify age-related nutritional and metabolic changes, including key indicators such as basal metabolic rate (BMR), muscle mass, total body water, and extracellular water (14, 15). Whether these indicators could contribute to the aging clock establishment remain unknown.

Oxidative stress is closely linked to nutritional status. The free radical theory of aging is one of the most widely known aging theories, with oxidative stress being a key factor in cellular damage and aging (16, 17). Recent research indicates that 8-oxoguanosine (8-oxoGuo) and 8-oxodeoxyguanosine (8-oxo-dGuo) are significant indicators of oxidative stress and aging (18–23). Canfield et al.’s research suggests that reducing oxidative stress may contribute to the positive correlation between free amino acid levels and lifespan (24). Good nutritional status helps neutralize oxidative stress, supports neuroplasticity, and positively impacts recovery outcomes after a stroke. Conversely, malnutrition or poor nutritional status can exacerbate oxidative stress, leading to inflammatory responses and damaging health (25). Therefore, we included the oxidative stress markers 8-oxoGuo and 8-oxo-dGuo in urine as part of the aging clock related to nutritional status.

This study aims to develop an aging clock based on nutrition-related biomarkers, including amino acids and vitamin levels in plasma, body composition, and oxidative stress markers in urine, to assess biological age in individuals. This model has the potential to reveal variations in aging rates between individuals. The construction of this model has significant implications for designing tailored aging intervention strategies and offers new perspectives on the biological basis of aging.



2 Materials and methods


2.1 Study design and study participants

The Ethics Committee of Beijing Hospital approved the protocol for this study (Approval No. 2019BJYYEC-054-02), and the study was conducted in accordance with the Declaration of Helsinki. Each participant provided a signed informed consent form after receiving comprehensive information about the study’s objectives, methods, and potential risks. The PENG ZU cohort is a health aging cohort study covering populations from seven major regions of China (26). We randomly selected 100 healthy volunteers, aged 26–85 years, for this study. The participants were from various age groups. Individuals with serious chronic illnesses or other health issues that could affect the research results were excluded. To ensure that the sample accurately represented a broad range of age demographics and genders, we employed random sampling techniques. The study outline is shown in Figure 1.
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FIGURE 1
The study outline (Figure created with BioRender.com).




2.2 Biomarker assessment


2.2.1 Plasma sample analysis

The quantitative analysis of 9 amino acids and 13 vitamins was performed using liquid chromatography-tandem mass spectrometry (LC-MS/MS). The measured amino acids include ethanolamine, L-serine, L-proline, L-cystine, taurine, L-aspartic acid, L-arginine, L-histidine, and 1-methyl-L-histidine. The vitamins include vitamin B1, B2, B3, B5, B6, B7, 5-methyltetrahydrofolate, vitamin A, D2, D3, E, K1, and MK4.



2.2.2 Urine sample analysis

The levels of 8-oxodGuo and 8-oxoGuo in the urine were measured using liquid chromatography-tandem mass spectrometry (LC-MS/MS). The urine creatinine concentration was determined using the Jaffe reaction method with a 7,600 series automatic biochemical analyzer (Hitachi, Japan), following the manufacturer’s instructions. To determine the levels of oxidative stress, we used the 8-oxodGuo/Cre and 8-oxoGuo/Cre ratios. Urine samples were promptly preserved at −80 °C after being collected midstream in the morning. Prior to analysis, the samples were thawed, warmed in a 37 °C water bath for 5 min, centrifuged at 7,500 g for 5 min, and the supernatant was collected (27). To each 200 μL of supernatant, 200 μL of working solution (70% methanol, 30% water, 0.1% formic acid, 5 mmol/L ammonium acetate) was added, along with 10 μL of internal standard 8-oxo-[15N5]dGuo and 10 μL of internal standard 8-oxo-[15N213C1]Guo (both at a concentration of 240 pg/μL). The mixture was incubated at 37 °C for 10 min and then centrifuged at 12,000 g for 15 min. The samples were separated using an Agilent 1290 UPLC connected to an Agilent 6490 triple quadrupole mass spectrometer (MS/MS) for detection.



2.2.3 Biochemical parameters

In addition to the aforementioned biomarker analyses, we conducted routine biochemical parameter tests on plasma and urine samples, quantitatively analyzing a range of metabolites to comprehensively assess participants’ health status.




2.3 BIA

Body composition was assessed using the BCA-2A bioelectrical impedance analyzer (BIA; Tsinghua Tongfang Co., Ltd., Beijing, China). The device operates at frequencies of 5, 50, 100, 250, and 500 kHz, collecting comprehensive bioimpedance data. A set of eight-point contact electrodes was used for six-channel whole-body testing, ensuring measurement accuracy and uniformity. The primary criteria measured included basal metabolic rate, muscle mass, total body water, extracellular water, intracellular water, fat mass, and visceral fat. Participants were instructed to stand barefoot on the electrode plate of the equipment, with their arms abducted at approximately 30 degrees in a standard posture. Intense exercise was prohibited before the assessment. Qualified personnel conducted all measurements following established procedures to ensure consistency and reliability.



2.4 Developing an aging clock model using machine learning approaches

This study employed a systematic approach to construct a nutrition-related aging clock model for predicting biological age. The dataset was randomly divided into a training set (70%) and a test set (30%) to evaluate the model’s generalization ability. Five machine learning algorithms were selected for model construction: gradient boosting, LASSO, Light Gradient Boosting Machine (LightGBM), random forest, and XGBoost. All models were implemented using machine learning packages such as caret and XGBoost in R software (version 4.4.1).

To enhance the interpretability and predictive accuracy of the models, we performed feature selection to identify features that significantly contribute to predictions. Additionally, we optimized the models by adjusting parameters such as the number of trees, depth, and learning rate. Using cross- validation and grid search, we determined the optimal parameters to achieve the lowest root mean square error. The optimized models were then used to predict the training set, test set, and entire dataset using the predict function. Model performance was evaluated using the coefficient of determination (R2) and mean absolute error (MAE), where R2 measures explanatory power and MAE reflects predictive accuracy.

In this study, we defined the age difference (AgeDiff) as the difference between predicted age and actual age. The locally weighted scatterplot smoothing (LOESS) method was applied to regress AgeDiff against age, resulting in the corrected age difference (cAgeDiff): cAgeDiff = AgeDiff–LOESS (AgeDiff∼Age) (28, 29). This method quantifies the predictive bias of the model and categorizes the study subjects into subgroups with different aging rates based on the quartiles of cAgeDiff, providing a new perspective for understanding interindividual differences in aging. Study participants were categorized into subgroups with different aging rates based on the quartiles of cAgeDiff. Those with cAgeDiff values in the bottom quartile (< Q1) were classified as the “decelerated aging” group; those in the middle two quartiles (Q1 ≤ cAgeDiff ≤ Q3) as the “normal aging” group; and those in the top quartile (> Q3) as the “accelerated aging” group.



2.5 Statistical analysis

The statistical analysis for this study, including the establishment of the nutrition-related aging clock, was carried out as described in section “2.4 Developing an aging clock model using machine learning approaches.” Data were processed using SPSS 23.0 (SPSS Inc., Chicago, IL, United States) and GraphPad Prism 8 (GraphPad Inc., San Diego, CA, United States). First, the normality of the data was assessed using the Shapiro-Wilk test. If the data did not meet normality, the Kruskal-Wallis H test and Dunn’s post hoc comparison were employed. Homogeneity of variance was tested using Levene’s test to satisfy the assumptions of ANOVA; if not met, Welch’s ANOVA was used. After identifying significant differences between groups, multiple comparisons were conducted using the least significant difference or Tamhane’s T2 method. Additionally, the correlation between variables was analyzed using Pearson and Spearman rank correlation coefficients. The level of statistical significance was set at P < 0.05.




3 Results


3.1 Characteristics of the studied cohort

This study included a healthy population across different age groups to construct a nutrition-related aging clock (Table 1 and Supplementary Table 1). We stratified the participants into four age groups based on the median (range): the young group [31 years (26–33)], the young and middle-aged group [45 years (42–48)], the middle-aged group [59 years (56–63)], and the senior group [77.5 years (73–85)]. The sex ratio in each group was relatively equitable, with men constituting between 43.75% and 50.00%. No notable variations in body mass index (BMI) were found across the groups (P = 0.551). Differences in drinking and smoking behaviors among age groups were not statistically significant (P = 0.588 and P = 0.555). However, significant disparities in educational attainment and marital status were observed (P < 0.01 and P < 0.001), reflecting sociodemographic differences across age cohorts. Psychological stress was more common in the young and middle-aged cohorts (P < 0.001), although drinking habits showed no significant variation across the groups (P = 0.206). Vegetable eating habits and exercise habits showed a statistically significant difference across age groups (P < 0.001). Anthropometric measures and functional assessments revealed physiological changes associated with aging, including significant differences in grip strength (P < 0.01) and the light response test (P < 0.001). Participants also underwent BIA, which measured key parameters such as total body water, muscle mass, extracellular water, intracellular water, fat mass, and visceral fat, among 35 others (Supplementary Table 2 and Supplementary Figure 1), which provided valuable information for assessing body composition and nutritional status.


TABLE 1 Characteristics of study participants.


	Baseline characteristics
	Young group
	Young and middle-aged group
	Middle-aged group
	Senior group
	P-value





	Number of cases
	28
	30
	26
	16
	NA



	Age (year)
	31 (26–33)
	45 (42–48)
	59 (56–63)
	77.50 (73–85)
	NA



	Sex: male, n (%)
	13 (46.43%)
	15 (50.00%)
	12 (46.15%)
	7 (43.75%)
	NA



	Weight
	65.85 (42.2–92.3)
	70.20 (53.70–104.30)
	66.10 (49.60–86.20)
	57.85 (46.00–79.10)
	0.064



	Height
	1.686 ± 0.067
	1.687 ± 0.077
	1.653 ± 0.067
	1.595 ± 0.086
	< 0.01



	BMI (kg/m2)
	23.32 (16.08–30.49)
	23.89 (19.49–32.09)
	24.56 (19.81–30.20)
	22.67 (17.53–27.58)
	0.551



	Highest education, n (%)
	
	
	
	
	< 0.01



	Primary or below
	0 (0.00)
	0 (0.00)
	1 (4.00)
	1 (6.25)
	NA



	Middle school or high school
	0 (0.00)
	0 (0.00)
	5 (20.00)
	5 (31.25)
	NA



	College degree or above
	28 (100)
	30 (100)
	19 (76.00)
	10 (62.50)
	NA



	Marital status, n (%)
	
	
	
	
	< 0.001



	Spinsterhood
	10 (35.71)
	1 (3.33)
	1 (4.00)
	0 (0.0)
	NA



	Married
	18 (64.29)
	29 (96.67)
	24 (96.00)
	16 (100.0)
	NA



	Psychological stress: yes, n (%)
	19 (67.86)
	21 (70.00)
	8 (30.77)
	2 (12.50)
	< 0.001



	Vegetable eating habits, n (%)
	
	
	
	
	< 0.001



	Occasionally
	4 (14.29)
	0 (0.0)
	3 (11.54)
	0 (0.0)
	NA



	Often
	9 (32.14)
	15 (50.00)
	7 (26.92)
	2 (12.50)
	NA



	Every day
	15 (53.57)
	15 (50.00)
	16 (61.54)
	14 (87.50)
	NA



	Physical exercise habits: yes, n (%)
	10 (35.71)
	18 (62.07)
	23 (88.46)
	14 (87.50)
	< 0.001



	Left hand grip strength
	29.45 (18.70–57.30)
	32.80 (20.70–58.90)
	30.83 (21.70–47.60)
	23.72 (12.30–39.10)
	< 0.01



	Right hand grip strength
	33.90 (21.60–62.10)
	36.45 (23.20–64.20)
	30.60 (22.50–50.60)
	22.05 (15.70–41.30)
	< 0.01



	Light reaction test (hand)
	0.23 (0.19–0.37)
	0.26 (0.20–0.49)
	0.29 (0.20–0.82)
	0.41 (0.21–1.02)
	< 0.001



	Light reaction test (foot)
	0.30 (0.21–0.44)
	0.29 (0.22–0.49)
	0.32 (0.21–0.60)
	0.47 (0.28–0.95)
	< 0.001






Data are expressed as mean ± standard deviation for variables with normal distribution, as the median (minimum–maximum) for variables with non-normal distribution, and as n (%) for categorical variables. BMI, body mass index.






3.2 Differential analysis of plasma amino acids and vitamins in four age groups, as well as biomarkers in urine samples

In this study, we compared the levels of 9 amino acids and 13 vitamins in plasma across four age groups, as well as the levels of oxidative stress markers 8-oxoGuo and 8-oxo-dGuo in the urine, to explore the physiological differences among the groups (Figure 2).


[image: Panel A contains eight box-and-whisker plots comparing levels of 1-Methyl-L-Histidine, L-Cystine, L-Serine, L-Aspartic acid, Vitamin A, Vitamin B1, Vitamin B5, Vitamin E, and MK4 across young, middle-aged, and senior groups, with statistical significance indicated. Panel B shows two box plots for 8-oxo-dGuo/Cre and 8-oxo-Guo/Cre, also compared across the three age groups with p-values marked for significance.]
FIGURE 2
Analysis of biomarker differences in urine and blood samples across the four age groups. (A) This panel presents a comparative analysis of amino acid and vitamin biomarkers, with significant differences between age groups. (B) This box plot displays the change of urinary oxidative stress markers 8-oxodGuo/Cre and 8-oxoGuo/Cre ratios with age. Data are presented as median (interquartile range). For variables with normal distribution and homogeneity of variance, one-way analysis of variance (ANOVA) was performed, followed by Tukey’s HSD test for post hoc comparisons. For variables that did not meet the assumptions of normality or homogeneity of variance, the Kruskal-Wallis test was used, followed by Dunn’s test with Bonferroni correction for post hoc comparisons. A significance level of P < 0.05 was applied. All statistical analyses were conducted using SPSS version 23.0. Asterisks indicate statistical significance: ***P < 0.001, **P < 0.01, and *P < 0.05.


A comparison of amino acid and vitamin markers that exhibit significant differences across age groups is illustrated (Figure 2A). We evaluated the influence of age on the concentrations of these biomarkers. The results indicated that the concentrations of vitamins A, B1, B5, E, and L-cystine progressively increased with age, with the elderly showing the highest concentrations, particularly of L-cystine and vitamin B5. This indicated significant differences between the younger and senior groups (P < 0.001). Conversely, the concentrations of 1-methyl-L-histidine, L-aspartic acid, MK4, and L-serine decreased with age, reaching their lowest values in the senior group. In addition, through Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis, we found several significantly enriched metabolic pathways, such as the pantothenate and CoA biosynthesis pathway, the vitamin B1 (thiamine) metabolism pathway, and the cysteine and methionine metabolism pathway (Supplementary Figure 2B). These results suggest that significant changes in nutrition-related biomarkers are closely associated with age-related physiological changes. The relevant metabolic processes may play a crucial role in the construction of nutrition-related aging clocks, further supporting the significance of energy metabolism and oxidative stress in the aging process. The Kruskal-Wallis test and Dunn’s post hoc test results (Figure 2B) showed that the ratios of 8-oxoGuo/Cre and 8-oxodGuo/Cre in the young group were significantly lower than those in the middle-aged and elderly groups, especially the 8-oxoGuo/Cre ratio, which showed a markedly reduced level (P < 0.001). In addition, significant differences were observed between the middle-aged and elderly cohorts, indicating that oxidative stress marker concentrations increase significantly with age, underscoring their importance in the aging processes.



3.3 Constructing a nutritional aging clock based on machine learning models of blood amino acids and vitamins

In this study, we constructed and validated a nutrition-related aging clock model based on amino acids and vitamins detected in plasma, using five machine learning algorithms: gradient boosting, LASSO, LightGBM, random forest, and XGBoost, to predict biological age and evaluate their predictive performance (Figure 3A). Each subplot depicts the predicted results of each individual algorithm, with blue dots representing the scatter distribution of projected ages vs. actual ages and the red line indicating the ideal prediction reference line. The LightGBM model demonstrated exceptional performance, with an R2 of 0.8166 and MAE of 3.122 years, demonstrating high predictive accuracy and minimal error.


[image: Panel A presents scatter plots comparing predicted age versus chronological age using five machine learning models, with LightGBM and XGBoost showing the highest predictive accuracy. Panel B is a scatter plot with regression lines categorizing biological age into accelerated, normal, and decelerated aging groups based on vitamin and amino acid biomarkers. Panel C is a horizontal bar chart showing feature importance in the LightGBM model, with L-cystine having the highest importance, followed by VB1, VE, and others.]
FIGURE 3
Establishment of an aging clock based on key vitamins and amino acids. (A) A nutritional aging clock model was developed using plasma amino acids and vitamins, along with five machine learning algorithms—gradient boosting, LASSO, LightGBM, random forest, and XGBoost—to forecast biological age and evaluate their predictive efficiency. Each subplot shows the algorithm’s predicted results, with blue dots indicating the scatter distribution of projected ages against actual ages, and red lines representing the optimal prediction reference line. (B) Based on cAgeDiff, the study participants were divided into three subgroups: accelerated aging, normal aging, and decelerated aging. (C) The LightGBM model identified amino acids and vitamins that substantially affect biological age prediction through feature importance analysis.


The LightGBM model proficiently predicts biological age, surpassing other models. Using the corrected age difference (cAgeDiff), we classified the study participants into three subgroups: accelerated aging, normal aging, and decelerated aging (Figure 3B), offering a novel perspective on understanding interindividual variations in aging and potentially facilitating the identification of relevant biomarkers. We then performed a feature significance analysis of the LightGBM model to identify the amino acids and vitamins that most significantly influence the prediction of biological age. The feature significance plot (Figure 3C) showed that L-cystine was the most significant feature, with a gain value of 0.46, emphasizing its crucial role in predicting biological age. The gain values for vitamin B1 and vitamin E were 0.12 and 0.09, respectively, while vitamins B3, MK4, and ethanolamine also had predictive value.



3.4 Integration of blood amino acids and vitamins, body composition, and urinary oxidative stress biomarkers: Constructing a multidimensional nutrition-related aging clock

To improve the predictive accuracy of the model and gain a deeper understanding of the aging process, we comprehensively integrated plasma amino acids and vitamins, body composition (measured by BIA), and urinary oxidative stress markers (Figure 4). The predictive performance of each model is shown (Figures 4A, B). The LightGBM model performed the best, with an R2 of 0.8807 and an MAE of 2.5877. The random forest model also performed well, with an R2 of 0.8725 and an MAE of 4.3555. The gradient boosting model exhibited average predictive capability, with an R2 of 0.7881 and an MAE of 5.4129. The XGBoost model demonstrated significantly lower prediction error than Gradient Boosting (MAE reduced from 5.4129 to 3.0842 years), with a comparable R2 of 0.794. Although the LASSO model (Figure 4B) demonstrated high accuracy (R2 = 0.9360, MAE = 3.14 years), its feature sparsity may impact generalizability to diverse populations. Consequently, we determined that LightGBM is the most appropriate method for developing the nutritional aging clock.


[image: Panel A shows scatterplots comparing predicted age versus chronological age using four machine learning models, each with accompanying R squared and MAE values. Panel B presents a scatterplot with a regression equation relating biological age to chronological age using LASSO. Panel C displays a scatterplot categorizing individuals into normal, accelerated, or decelerated aging based on biological and chronological age. Panel D contains a horizontal bar chart listing feature importance for the LightGBM model, with basal metabolic rate, vitamin B5, and 8-oxoGuo/Cre as top predictors. Panel E shows four boxplots comparing basal metabolic rate, vitamin B5, L-cystine, and 8-oxoGuo/Cre by age group, with statistical significance indicated.]
FIGURE 4
Construction of a comprehensive aging clock based on blood and urine biomarkers and bioelectrical impedance analysis results. (A,B) Considering body composition (assessed via BIA), plasma amino acids and vitamins, and urine oxidative stress indicators, five machine learning techniques were employed to develop an aging clock, with the prediction efficacy of each model shown. (C) The comprehensive nutritional aging clocks classify populations with different aging rates. (D) LightGBM feature-importance ranking (gain) for biological-age prediction. Basal metabolic rate, vitamin B5, 8-oxoGuo/Cre and L-cystine are the top contributors. (E) Comparative analysis of key feature factors across different aging groups. Asterisks indicate statistical significance: ***P < 0.001, **P < 0.01, and *P < 0.05.


A demographic categorization based on the comprehensive nutrition-related aging clock, revealing varying rates of aging, is presented (Figure 4C). This classification emphasizes the need to use multiple indicators in aging research and illustrates the diversity of aging among individuals. We then performed a thorough analysis of the importance of each characteristic in the LightGBM model to identify the parameters that most substantially affect the prediction of biological age. The gain values of various features are shown, with the basal metabolic rate at the top having a gain value of 0.52, indicating that it is the most important predictor in the model (Figure 4D). Next were vitamin B5, 8-oxoGuo/Cre, and L-cystine (with gain values of 0.13, 0.11, and 0.05, respectively), which also make significant contributions to the model’s predictive ability. Moreover, features such as vitamin E and extracellular fluid showed certain predictive value, with a gain value of 0.04 each. In light of the substantial contributions of vitamin B5 and L-cystine to the model, yet their unclear biological underpinnings, we performed a systematic functional annotation and pathway-enrichment analysis using the CTD and Metascape databases (see Supplementary Datasheets 1, 2, Supplementary Figures 4A–E and Supplementary Table 3 for full results). These results highlight key biomarkers strongly associated with aging phenotypes, whose predictive importance may reflect underlying biological pathways relevant to age-related decline.

Furthermore, we compared the differences in the model’s important predictive factors—BMR, vitamin B5, 8-oxoGuo/Cre, and L-cystine—among populations with different aging rates (Figure 4E). We found that the BMR in the accelerated aging group was significantly lower than that in the normal and decelerated aging groups (P < 0.01). The levels of L-cystine and 8-oxoGuo/Cre were significantly higher in the accelerated aging group than in the normal aging group (P < 0.001) and the decelerated aging group (P < 0.01). Additionally, the level of vitamin B5 in the accelerated aging group was also higher than that in the decelerated aging group (P < 0.05).



3.5 Comparative analysis of biochemical indicators in populations with different aging rates

We performed a comparison of important biochemical markers across the three subgroups—accelerated aging, normal aging, and decelerated aging—based on the findings of the nutrition-related aging clock (Figure 5). The levels of free fatty acids (FFA) were significantly higher in the accelerated aging group than in the normal aging group (P < 0.001). Similarly, the levels of cystatin C (CysC) were much higher in the accelerated aging group than in the decelerated aging group (P < 0.001; Figure 5A). High-density lipoprotein cholesterol (HDL-C) levels were significantly elevated in the accelerated aging group compared with those in the normal aging group (P < 0.05). Furthermore, the levels of insulin-like growth factor (IGF) were much lower in the accelerated aging group than in the normal and decelerated aging groups (P < 0.01; Figure 5A).


[image: Panel A displays four boxplots comparing CysC, free fatty acid, insulin-like growth factor, and HDL-C levels across accelerated, normal, and decelerated aging groups, with significant differences denoted by asterisks. Panel B presents a bubble chart visualizing the correlations between ΔAge from two aging clock models and multiple biochemical indicators, where bubble size and color indicate correlation strength. Panel C shows a clustered heatmap illustrating correlation coefficients between comprehensive aging clock indicators and various biochemical measures, with color intensity and asterisks denoting correlation values and significance.]
FIGURE 5
Prediction results of two aging clocks developed from the study population and differential analysis of populations stratified by cAgeDiff (ΔAge). Based on the results from the aging clock grouping, we conducted a comparative analysis of key biochemical indicators in the accelerated, normal, and decelerated aging subgroups. (A) This panel presents CysC, FFA, and HDL-C in the accelerated, normal, and decelerated aging groups, respectively. (B) This panel illustrates the strength of the association between ΔAge (cAgeDiff) and several biochemical markers. The correlation analysis uses the Spearman correlation coefficient to evaluate the relationship between ΔAge and each biochemical parameter. The two ΔAge values are derived from the vitamin and amino acid aging clock as well as the comprehensive aging clock. (C) The heatmap shows how biochemical indicators relate to the full nutritional aging clock markers. The vertical axis represents full nutritional aging clock markers, while the horizontal axis represents biochemical indicators. A color gradient indicates the strength of the correlation coefficient, with green representing a negative correlation and red representing a positive correlation. Asterisks indicate statistical significance: ***P < 0.001, **P < 0.01, and *P < 0.05.


The correlation strength between ΔAge (cAgeDiff) and various biochemical markers is depicted (Figure 5B). The correlation study used the Spearman correlation coefficient to evaluate the relationship between ΔAge and each biochemical parameter. Research on the vitamin and amino acid aging clock revealed a notable association between FFA and ΔAge (r = 0.39, P < 0.01), suggesting that FFA serves as a valuable biomarker for determining an individual’s age. Further analysis of the aging clock found that low-density lipoprotein (LDL-C), glycated hemoglobin (HbA1c), and insulin (INS) all had strong relationships with ΔAge (r values of −0.34, −0.36, and −0.37, respectively; P < 0.05). LDL-C, HbA1c, and INS may therefore serve as valuable biomarkers for evaluating the aging process. Our findings reveal that FFA, LDL-C, HbA1c, and INS are biochemical markers most closely associated with ΔAge, suggesting their substantial involvement in the aging process.

To further explore the relationship between the comprehensive nutrition-related aging clock and the body’s biochemical indicators, a correlation analysis was performed. The results show the correlation patterns (Figure 5C and Supplementary Figure 5C). The nutrition-related aging clock characteristics, including weight, lower limb muscle mass, extracellular fluid, muscle mass, standard weight, and BMR, exhibited significant positive correlations with biochemical markers such as prealbumin (PALB), IGF, serum creatinine (SCr), white blood cells (WBC), total bilirubin (TBIL), and serum uric acid (SUA), as indicated by the clustering analysis results. Conversely, substantial negative associations were noted between many indicators of the nutrition-related aging clock and markers such as IGF, HDL-C, WBC, total cholesterol (TC), FFA, and serum folate. These results underscore the significance of biochemical markers such as HDL-C, PALB, IGF, and SCr in evaluating an individual’s nutritional status. The aging clock features did not exhibit significant correlations with other indicators, including cholinesterase (CHE) and TC. Overall, these findings highlight the complex interplay between the comprehensive nutrition-related aging clock and the body’s biochemical profile.



3.6 Comparative analysis of physical examination indicators among populations with different aging rates

Physical examinations, which are crucial for assessing personal health as well as reflecting the aging process, have been included in our study. These measures objectively assess mobility decline, musculoskeletal integrity, and nutritional status, providing critical physiological context to complement molecular biomarker data.

The results of the daily 6 m walk test showed that the number of steps taken by individuals in the accelerated aging group was significantly higher than that taken by those in the normal (P < 0.05) and decelerated (P < 0.01) aging groups (Figure 6A). The results of the fastest 6 m walking test were similar, with the accelerated aging group showing significantly more steps than the normal and decelerated aging groups (P < 0.05 and P < 0.01), which indicates that walking ability declines with increasing aging rate (Figure 6B). The grip strength of the accelerated aging group was significantly lower than that of the normal and decelerated aging groups (P < 0.01 and P < 0.05), indicating a possible correlation with the deterioration of muscle mass and function, as illustrated in Figures 6C. The results of hand and foot reaction time tests showed that the reaction times of the accelerated aging group were significantly longer than those of the other two groups (P < 0.01 and P < 0.05; Figure 6D), possibly reflecting a decline in nervous system function with increasing aging rate. The height of the accelerated aging group was significantly lower than that of the other two groups (P < 0.01), possibly associated with spinal compression or other age-related physical changes (Figure 6E). The physiological subhealth score (PS) (ranging 0–100, higher values indicating better health status) results indicated that the PS score of the accelerated aging group was significantly lower than that of the decelerated aging group (P < 0.05; Figure 6F), suggesting a significant association between physiological subhealth status and aging rate. The ratio of 8-oxodGuo/Cre was significantly higher in the accelerated aging group than in the other two groups, indicating that oxidative stress levels increase with the aging rate (Figure 6G).
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FIGURE 6
Comparative analysis of physical examination indicators in populations with different aging rates. (A) 6-meter walk steps, (B) Fastest 6-meter walk steps, (C) Grip strength, (D) Hand-foot reaction time, (E) Height, (F) Physiological subhealth score (PS), and (G) 8-oxodGuo/Cre (Oxidative stress marker). Physical exams, as a primary method for evaluating individual health status, may reveal physiological changes associated with aging. This study analyzed these physical examination metrics across rapid, normal, and slow aging subgroups. The accelerated aging group performed poorly on multiple physical examination indicators. Asterisks indicate statistical significance: **P < 0.01 and *P < 0.05.





4 Discussion

This study reveals the trends in amino acid and vitamin levels, as well as oxidative stress markers, with age through a comprehensive analysis of plasma and urine samples from participants of different age groups. The results show that the levels of vitamins A, B1, B5, E, and L-cystine significantly increase with age; particularly, differences in L-cystine and vitamin B5 levels between the young and elderly groups are most pronounced, possibly reflecting a decline in metabolic and synthetic functions in the elderly, leading to the accumulation of these molecules in the body. In contrast, the levels of 1-methyl-L-histidine, L-aspartic acid, MK4, and L-serine decrease with age, reflecting a reduction in the activity of specific metabolic pathways (30, 31). These changes in biochemical indicators are closely related to the decline in physiological functions in the elderly population, such as reduced muscle mass and decreased immune function. In urine, 8-oxoGuo/Cre and 8-oxodGuo/Cre levels were significantly lower in the young group than in the middle-aged and senior groups, with significant differences also observed between the middle-aged and senior groups. This indicates that oxidative stress levels significantly increase with age, supporting the viewpoint that oxidative stress plays a key role in the process of aging and its related diseases (18, 19, 32).

In this study, the LightGBM model was the most accurate of the nutrition-related aging clock models created with different machine learning algorithms. Analysis of feature importance revealed that L-cystine, vitamin B1, and vitamin E are significant determinants in the prediction of biological age. These findings highlight the utility of integrating L-cystine, vitamins B1/B5/E, and oxidative stress markers as a novel multimodal panel for aging prediction, advancing our understanding of nutrient-metabolic interplay in aging. By adding BIA, plasma amino acids, vitamins, and urinary oxidative stress markers, the LightGBM model significantly improved its predictive capability (R2 = 0.8807, MAE = 2.5877). In this study, BMR, vitamin B5 levels, 8-oxo-Guo/Cre ratio, and L-cystine were identified as key indicators of nutrition-related aging, highlighting the importance of energy metabolism and oxidative stress in aging (21, 33). These indicators may play complex roles in the aging process, with elevated levels potentially serving as biomarkers for the risk of age-related diseases. Changes in their levels not only serve as biomarkers for physiological aging but also associate with adverse health outcomes through pathways requiring further mechanistic investigation. Future research should further explore the specific roles of these biomarkers in the mechanisms of aging and their potential application value in the prevention and treatment of age-related diseases.

Our findings indicate that BMR was significantly lower in the accelerated aging group compared to the normal and decelerated aging groups, suggesting that the rate of decline in BMR may be related to an individual’s aging speed and could serve as a marker to distinguish between different aging rate groups. Furthermore, a research study of senior male populations in southern China showed that an increase in BMR is independently associated with a reduction in all-cause mortality, while BMR decreases non-linearly with age, exhibiting an accelerated decline in older groups (34). BMR decreases with age and is closely related to the aging process. Kitazoe et al. found that mass-specific BMR (msBMR) and renormalized BMR (RmsBMR) can serve as new biomarkers for assessing aging, reflecting metabolic changes during the aging process (35). In summary, these results highlight the importance of basal metabolic rate (BMR) in the aging process. Changes in BMR not only reflect an individual’s aging speed but may also provide clues for identifying different aging types. This finding offers new directions for understanding aging mechanisms and improving health management for the elderly.

Furthermore, our study found that vitamin B5 levels were higher in the accelerated aging group than in the decelerated aging group. Vitamin B5, also known as pantothenic acid, is an essential component for the synthesis of coenzyme A (CoA) and acyl carrier protein. CoA is not only a necessary cofactor for the synthesis of key biomolecules such as fatty acids, cholesterol, acetylcholine, and bile acids but also plays a central role in many metabolic pathways (36, 37). Since humans and animals cannot synthesize pantothenic acid, they must depend on food sources to meet their vitamin requirements. This external reliance emphasizes the importance of pantothenic acid in sustaining health and avoiding associated nutritional deficits (38). Additional studies have revealed that plasma vitamin B5 levels are associated with an increased risk of all-cause mortality, especially among hypertensive patients in China, with this connection being more prominent in the elderly and those with adequate folate levels (39). Regarding whether excessive intake of vitamin B5 can accelerate aging, current research findings are inconsistent. On the one hand, pantothenic acid, as a precursor to coenzyme A, is essential for cellular energy metabolism and antioxidant defense. In theory, having an appropriate quantity of pantothenic acid may help slow the aging process. On the other hand, excessive pantothenic acid consumption may disturb metabolic equilibrium inside cells, resulting in increased oxidative stress and potentially accelerating cellular aging. When examining the link between pantothenic acid consumption and aging, it is vital to compare the potential advantages in terms of health promotion and illness prevention with the potential adverse effects. Future studies should investigate the association between pantothenic acid consumption, metabolic state, and aging, as well as identify strategies to maximize pantothenic acid intake through dietary or supplemental approaches to promote healthy aging.

We also found that the levels of L-cystine were significantly higher in the accelerated aging group than in the normal aging group. L-cystine is a specific amino acid formed by the linkage of two cysteine molecules through a disulfide bond. Lawrence C. Johnson and colleagues investigated the relationship between L-cystine and healthspan indicators related to aging using plasma metabolomics analysis, and discovered that the concentration of L-cystine in the elderly group was significantly higher than that in the young group, which is consistent with the findings of this study (40). Bramer et al. found that in the plasma of patients with mild and severe COVID-19 infections, the levels of L-cystine were significantly elevated (41). Wang et al. by measuring the plasma levels of L-cystine in patients with Attention Deficit Hyperactivity Disorder (ADHD) and healthy control groups, found that the plasma levels of L-cystine in the ADHD group were significantly higher compared to the healthy control group (42). These studies collectively suggest that L-cystine may be related to the severity of the disease, and the increase in L-cystine may reflect the body’s metabolic adaptation in response to oxidative stress and inflammatory responses. In accelerated aging individuals, the increase in L-cystine may be related to the decline in cellular antioxidant capacity and chronic inflammatory states, both of which are closely associated with the increased risk of age-related diseases. Future research should further explore the specific mechanisms of action of L-cystine under different physiological and pathological conditions, as well as its potential applications in aging and disease management.

We found that the ratio of the oxidative stress marker 8-oxoGuo/Cre was abnormally increased in the accelerated aging group. 8-oxo-Guo, indicative of RNA oxidative damage, correlates with elevated oxidative stress levels in several age-related disorders and serves as a crucial biomarker for evaluating oxidative stress status and disease risk (21). Moreover, our findings are consistent with Vatner et al.’s view that oxidative stress is a important mechanism limiting longevity and healthy aging (43).

Additionally, our study demonstrated a markedly increased amount of CysC in the accelerated aging group compared with that in the normal aging group, suggesting that CysC serves as a biomarker for declining renal function associated with accelerated aging. Recent investigations have demonstrated that heightened levels of CysC in individuals with metabolic syndrome correlate with a greater risk of all-cause mortality, including cardiovascular and cancer-related fatalities (44). This highlights the importance of CysC in assessing age-related physiological changes. The accelerated aging group showed markedly increased levels of FFA compared with both the normal and decelerated aging groups. This rise may indicate a disturbance in lipid metabolism, often seen in the elderly, with possible ramifications for the pathophysiology of age-related illnesses, such as type 2 diabetes and cardiovascular disorders (45). The concentration of IGF was much lower in the accelerated aging group than in the normal aging group, which may signify a disruption in growth signaling pathways crucial for maintaining tissue homeostasis and regeneration in older individuals (46, 47). Furthermore, HDL-C levels were markedly elevated in the accelerated aging group compared with those in the normal aging group, suggesting a correlation between HDL-C and accelerated aging. This discovery contradicts previous research, which indicated that elevated levels of HDL-C correlate with lifespan (48). Nevertheless, several studies have revealed that the inverse relationship between HDL-C and ASCVD stabilizes when HDL-C levels approach 40 mg/dL, and excessively elevated HDL-C levels may correlate with heightened risk, demonstrating a U-shaped curve (49, 50). Another study pointed out that higher levels of HDL-C are associated with an increased risk of fractures in healthy elderly individuals (51). Additionally, the SWAN HDL study found that women with midlife HDL-C > 80 mg/dL had 2.3-fold higher risk of cognitive decline over 20 years (52). Our data extend these findings to accelerated aging, where dysfunctional HDL likely promotes multisystem decline (e.g., bone loss, neuroinflammation). Future work should prioritize HDL functional assays over concentration alone.

Ultimately, by analyzing the physical examination metrics of various aging rate subgroups, we elucidated the relationship between aging rate and alterations in physiological function. The findings of the 6-m walking test demonstrated that walking ability diminishes with an increase in the rate of aging. The grip strength test findings indicated that the accelerated aging group had considerably reduced grip strength compared with both the normal and decelerated aging groups, indicating a reduction in muscle mass and function (53). Height measurements indicated that the accelerated aging group had a markedly reduced height compared with the other two groups, may reflect age-related physiological alterations such as spinal compression, rarefaction of bone (54, 55). The results of the response time test further confirmed that brain function declines with advancing age. PS scores were significantly increased in the accelerated aging cohort, and the ratio of oxidative stress markers 8-oxodGuo/Cre to 8-oxoGuo/Cre was disproportionately increased, indicating a decline in the individual’s physiological subhealth status and elevated oxidative stress levels during the aging process (43, 56). The accelerated aging group had worse performance in many physical examination parameters, possibly associated with increased oxidative stress and reduced physiological function.

Physical examination indicators and biochemical markers are important tools for determining individual aging rates, and their patterns may suggest prospective targets for anti-aging therapies. Specific exercise programs may be created to enhance muscle strength and improve physical function in response to decreasing grip strength and walking ability; in response to increased oxidative stress, antioxidant treatment may be explored to slow the aging process (57, 58). Future research should delve deeper into the associations between these biomarkers and aging rates, evaluating corresponding intervention measures with the aim of developing more effective prevention and treatment strategies.

This study has limitations including its modest sample size (n = 100), limited elderly subgroup (n = 16), and restricted generalizability to chronic disease populations due to strict health screening. Findings are expressly applicable to demographically similar, strictly defined healthy populations and cannot be directly extrapolated to individuals with chronic diseases. while our feature selection approach identified biomarkers highly predictive of biological age, the cross-sectional design precludes causal inference. Despite this, our findings provide valuable baseline data on nutrition-related aging biomarkers in healthy adults. Future research should first validate these findings in larger cohorts with adequate elderly representation and chronic disease populations, before advancing to: mechanistic exploration of these biomarkers, personalized interventions, aging risk modeling, and novel anti-aging therapies. And longitudinal studies should validate whether these biomarkers modulate aging trajectories or primarily reflect age-related physiological changes. This progression will enable targeted strategies to improve healthy aging outcomes.
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Background: Evidence on the associations between iron status biomarkers and both overweight/obesity prevalence and body mass index (BMI) is limited.
Methods: This cross-sectional analysis utilized data from 5,454 participants in the NHANES 2003–2006 and 2017–2020 cycles. Overweight and obesity were defined as BMI ≥ 25 kg/m2 and ≥30 kg/m2, respectively. Weighted multivariable logistic and linear regression models were used to assess associations between iron biomarkers, dietary iron intake, and overweight/obesity risk or BMI. Restricted cubic splines (RCS) were utilized to explore potential non-linear patterns. Furthermore, subgroup analyses stratified by categorical covariates were conducted.
Results: After adjusting for confounding variables, weighted logistic regression analysis identified reduced odds of overweight/obesity with higher dietary iron intake (OR = 0.98, p = 0.026), serum iron (SI; OR = 0.98, p = 0.004), and transferrin saturation (TSAT; OR = 0.98, p = 0.003). Weighted multivariable linear regression analysis demonstrated inverse associations of dietary iron intake (β = −0.06, p = 0.045), SI (β = −0.02, p < 0.001), and TSAT (β = −0.09, p < 0.001) with BMI. The total iron-binding capacity (TIBC) exhibited a marginal positive association with overweight/obesity risk and BMI. RCS analysis revealed non-linear dose–response relationships between SI, TSAT, TIBC, and overweight/obesity risk. After Bonferroni correction, no significant interaction effects were observed between iron biomarkers and stratified variables.
Conclusion: Elevated dietary iron intake, serum iron, and TSAT are inversely associated with overweight/obesity risk, highlighting the potential protective role of adequate iron status in preventing obesity.
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 iron; obesity; overweight; National Health and Nutrition Examination Survey (NHANES); transferrin saturation; cross-sectional study


Introduction

Overweight (defined as body mass index [BMI] ≥ 25 kg/m2) and obesity (BMI ≥ 30 kg/m2) affect over 2.11 billion adults globally, with U.S. age-standardized prevalence rates reaching 75.9% in men and 72.6% in women (1, 2). The disease burden linked to overweight and obesity is substantial, significantly elevating the risks of non-communicable diseases, including type 2 diabetes mellitus and cardiovascular disorders, as well as increasing susceptibility to over 13 types of cancer (3, 4). Most mortality related to non-communicable diseases, such as cancer, cardiovascular diseases, and respiratory diseases, reached its minimum within the BMI range of 21–25 kg/m2 (5). Research indicates that sedentary lifestyles, genetic susceptibility, and the globally prevalent Western dietary pattern—characterized by high calories (mainly from sugar and fats) yet deficiencies in micronutrients and fiber—are well-established contributors to obesity and diabetes (6, 7). Additionally, emerging evidence underscores the interplay between micronutrient imbalances and obesity pathogenesis, offering novel avenues for prevention and therapy (8).

Iron, as an indispensable trace element, plays a pivotal role in modulating metabolic rate, gluconeogenesis, insulin sensitivity, and adipocyte phenotype (9). Approximately 90% of the daily iron needs come from endogenous sources rather than dietary intake (10). Multiple biomarkers serve as indicators of iron status in individuals. Serum iron (SI) reflects the amount of iron bound to transferrin in the circulation, which is crucial for diagnosing iron deficiency and iron-overload conditions (11). Total iron-binding capacity (TIBC) quantifies the maximum amount of iron that can be bound by transferrin in serum, reflecting the body’s capacity to mobilize and deliver iron to tissues (12). Transferrin saturation (TSAT), calculated as the ratio of serum iron to TIBC, is a valuable indicator of iron availability for cells (12). Ferritin, the primary iron-storage protein in the body, functions as a key biomarker for assessing body iron reserves. It is critical to acknowledge, however, that ferritin serves as an acute-phase reactant, with its levels potentially elevated in inflammatory states, infections, or malignancies, irrespective of iron status (13). Iron status disorders may exacerbate obesity-related metabolic disorders by affecting mitochondrial function and cellular energy metabolism (14). Although a cross-sectional study of children aged 2 to 17 years suggested that higher dietary iron intake is associated with lower obesity risk (8), population-based evidence linking iron intake to adult obesity remains scarce. In addition, previous studies have reported conflicting findings regarding the association between iron status and overweight/obesity. A meta-analysis of 26 observational studies demonstrated lower serum iron and TSAT levels in overweight/obese individuals compared to normal-weight controls, with no significant difference in serum ferritin (15). In contrast, another study focusing on obese children found higher TIBC levels but no differences in serum iron or ferritin (16). Both studies were limited to group comparisons, and regression analyses to quantify associations, adjust for potential confounders, or explore dose–response relationships were lacking. Thus, the associations between dietary iron intake, iron status, and the risk of overweight/obesity in adults remain incompletely characterized.

Herein, utilizing data from the National Health and Nutrition Examination Survey (NHANES) database, this study simultaneously evaluated iron homeostasis biomarkers and dietary iron intake in relation to overweight/obesity risk and BMI, with the objective of providing evidence-based dietary insights for the prevention and management of adult obesity.



Materials and methods


Study population

This cross-sectional study used data derived from the NHANES. This nationally representative survey systematically collects comprehensive nutritional and health indicators of the American population through standardized physical examinations and interviews. The National Center for Health Statistics (NCHS) provides detailed documentation of NHANES study protocols, including standardized data collection manuals for questionnaires and laboratory tests, through its official portal at the Centers for Disease Control and Prevention.1 Ethical clearance for the NHANES survey protocol was granted by the NCHS Research Ethics Review Board. Prior to enrollment, documented informed consent forms were voluntarily signed by participants or legally authorized representatives (17).

This study analyzed data from the NHANES 2003–2006 and 2017–2020 cycles. This selection was made to enhance the validity and generalizability of the statistical inferences, as these were the only cycles where data on both iron biomarkers and dietary iron intake were simultaneously available. The screening process is depicted in Figure 1. From an initial cohort of 36,030 participants, a total of 16,393 individuals with available data on at least one iron biomarker and BMI were enrolled. Subsequently, the study excluded 4,539 underage participants, 638 pregnant participants, and 5,762 participants with missing covariate data. As a result, a total of 5,454 participants were ultimately included in the final analysis. The complete-case analysis approach was adopted to avoid potential biases introduced by imputation methods.

[image: Flowchart depicting the selection process of NHANES participants from 2003-2006 and 2017-2020, showing exclusions due to missing data, age under eighteen, pregnancy, and missing covariate data, resulting in five thousand four hundred fifty-four final analysis participants.]

FIGURE 1
 Flowchart of the study participants.




Exposure and outcome definitions

Exposure variables were defined as dietary iron intake and indicators of iron status, including serum iron, TIBC, TSAT, and ferritin. Dietary iron intake was assessed using a 24-h dietary recall survey. The initial dietary recall interview was conducted in-person at the Mobile Examination Center, and the second occurred by telephone 3 to 10 days later, administered by trained interviewers. Dietary intakes were calculated using the standardized United States Department of Agriculture (USDA) Food and Nutrient Database for Dietary Studies. The average of the two 24-h dietary recall information was used for analysis. In cases where participants lacked the second dietary interview, data from the first dietary recall were utilized. Serum iron was measured via a meticulous three-step procedure using the ferrozine reagent on the Roche Cobas 6,000 analyzer series. In this process, Fe3+ was liberated from transferrin, reduced to Fe2+, and complexed with ferrozine to form a colorimetric product, enabling its quantitative determination. TIBC was determined indirectly using measurements of serum iron and unsaturated iron-binding capacity obtained by the Roche method. TSAT was computed by dividing the measured value of frozen serum iron by the calculated TIBC and then multiplying the result by 100. Ferritin measurement was carried out using a sandwich immunoassay.

BMI was calculated as weight in kilograms divided by height in meters squared (kg/m2). Both height and weight were measured using a calibrated weight scale and a stadiometer by trained examiners and recorders. Adult weight status was classified according to the World Health Organization (WHO) classification criteria, where non-overweight/obesity was defined as a BMI of < 24.9 kg/m2, overweight as a BMI of ≥ 25 kg/m2, and obesity as a BMI of ≥ 30 kg/m2 (18).



Covariates

Demographic and lifestyle factors used as covariates included age, sex, ethnicity, physical activity (PA), poverty–income ratio (PIR), and alcohol consumption. Physical activity was quantified as metabolic equivalent (MET) minutes of moderate-to-vigorous physical activity per week. Respondents were classified into three categories based on adult physical activity guidelines (19): highly active (≥1,200 MET-min/week, equivalent to ≥300 min/week of moderate-intensity or ≥150 min/week of vigorous-intensity activity), active (600–1,199 MET-min/week, equivalent to 150–299 min/week of moderate-intensity or 75–149 min/week of vigorous-intensity activity), and inactive (<600 MET-min/week). Poverty was measured using the PIR, which divided participants into low-income (PIR < 1.3) and high-income (PIR ≥ 1.3) categories. Alcohol consumption patterns were categorized into three distinct groups based on self-reported intake: non-drinkers were defined as individuals with no lifetime alcohol consumption; low-to-moderate drinkers, who consumed alcohol less than daily; and heavy drinkers, classified as individuals who consumed alcohol daily.

Clinical indicators linked to metabolic parameters were also included, such as diabetes status, total calorie intake, serum creatinine (SCR), alanine aminotransferase (ALT), aspartate aminotransferase (AST), total cholesterol (TC), and high-density lipoprotein cholesterol (HDL-C) (20–23). Diabetes mellitus was defined as a self-reported diagnosis via validated questionnaires or a glycosylated hemoglobin (HbA1c) level of ≥6.5%. The body roundness index (BRI), an indicator of visceral adiposity distribution, was calculated as: BRI = 364.2–365.5 × √[1 − (waist circumference/(2π))2/(0.5 × height)2], where waist circumference and height are in centimeters (24).

Given the critical role of dietary vitamin C intake in enhancing non-heme iron absorption and influencing iron metabolism (25), it was also included as a nutritional covariate. Total calorie intake was adjusted for, as it is a major determinant of body weight and may confound the association between iron status and obesity. Dietary vitamin C and calorie intake were quantified using 24-h dietary recall surveys. The analysis incorporated the mean of two 24-h dietary assessments. When participants lacked a second dietary recall, data from the first recall were used.



Statistical analyses

To evaluate the differences in various variables across weight status groups, we employed the following statistical methods: continuous variables were presented as weighted median values with interquartile ranges (IQRs), while categorical variables were described using weighted frequencies and percentages. Group differences for continuous variables were assessed using the design-based Kruskal–Wallis test, which accounts for the complexities of the survey design and ensures the accuracy and reliability of the results. For categorical variables such as ethnicity, alcohol consumption, and physical activity, Pearson’s chi-squared test with Rao–Scott adjustment was used. This adjustment is designed to address potential biases due to the survey design, thereby making the chi-squared test results more robust and reliable.

Associations between iron status, dietary iron intake, and BMI were evaluated using weighted linear regression models. Weighted logistic regression models were used to examine the relationship between iron status, dietary iron intake, and the risk of overweight/obesity. To explore potential non-linear relationships between iron status, dietary iron intake, and the risk of obesity/overweight, we used restricted cubic spline (RCS) models with four knots positioned at the 5th, 35th, 65th, and 95th percentiles of the exposure distribution. This configuration was selected to balance the smoothness of the fitted curve and avoid loss of precision due to overfitting (26).

Furthermore, stratified multivariate regression was utilized for subgroup analyses, adjusting for all covariates except the stratification variable. We performed subgroup analyses stratified by categorical variables, including sex, ethnicity, PIR, physical activity, alcohol use, and diabetes status. To evaluate subgroup heterogeneity in associations, interaction terms were assessed via the likelihood ratio test (LRT). Specifically, LRT compared models with and without interaction terms (between exposure and stratifying covariates). A significant p-value for interaction indicated that the alternative model with interaction terms fitted the data better, confirming the presence of an interaction effect. All statistical tests were two-tailed, with statistical significance defined as a p-value of <0.05 for primary analyses (excluding subgroup analyses). For subgroup analyses involving multiple comparisons across stratified variables, the Bonferroni correction was applied to adjust the significance threshold: the original α = 0.05 was divided by the total number of independent subgroup tests (n = 6), resulting in a corrected significance level of α’ ≈ 0.008. All analyses were performed using R software (https://www.r-project.org/; version 4.4.2).




Results


Baseline characteristics of study participants

Among the 5,454 enrolled adults, 1,345 (25.51%) were categorized as non-overweight/non-obese, 1,655 (30.93%) as overweight, and 2,454 (43.56%) as obese. Table 1 presents the baseline characteristics and weighted estimates of adults with or without overweight/obesity in this study. Iron biomarkers differed significantly across weight categories: serum iron and TSAT decreased progressively with higher adiposity, from a median of 90.0 μg/dL and 29.00% in the non-overweight/obesity group to 79.0 μg/dL and 25.00% in the obesity group (p < 0.001), while ferritin increased from 80.20 ng/mL (IQR, 39.60–143.00) to 116.00 ng/mL (IQR, 57.00–198.00) (p < 0.001). TIBC, however, showed no statistically significant variation (p = 0.204). In addition, demographic and metabolic differences (sex, age, ethnicity, PIR, body roundness index, physical activity, and dietary vitamin C intake) were statistically significant across weight categories (All p < 0.001). Individuals with overweight/obesity exhibited a higher prevalence of diabetes, higher SCR, ALT, TC, and lower HDL-C. Nevertheless, no differences were observed in alcohol consumption, dietary iron intake, or caloric intake among these groups (all p > 0.05).


TABLE 1 Baseline characteristics of adults with or without overweight/obesity.


	Characteristic
	Non-obesity/overweight
	Overweight
	Obesity
	p-value



	N = 1,345 (25.51%)
	N = 1,655 (30.93%)
	N = 2,454 (43.56%)

 

 	Sex 	 	 	 	0.026*


 	Male 	13,293,886 (57.66%) 	12,828,603 (45.88%) 	20,019,755 (50.84%) 	


 	Female 	9,761,824 (42.34%) 	15,133,599 (54.12%) 	19,354,349 (49.16%) 	


 	Age (years) 	40.00 (26.00, 58.00) 	51.00 (36.00, 66.00) 	49.00 (34.00, 62.00) 	<0.001*


 	Age group 	 	 	 	<0.001*


 	18–29 years 	7,486,991 (32.47%) 	4,033,748 (14.43%) 	6,502,013 (16.51%) 	


 	30–49 years 	7,004,994 (30.38%) 	9,295,246 (33.24%) 	13,757,170 (34.94%) 	


 	50–69 years 	6,297,666 (27.31%) 	9,773,849 (34.95%) 	14,197,788 (36.06%) 	


 	70 years above 	2,266,059 (9.83%) 	4,859,359 (17.38%) 	4,917,134 (12.49%) 	


 	Ethnicity 	 	 	 	<0.001*


 	Non-Hispanic White 	15,350,896 (66.58%) 	18,012,626 (64.42%) 	24,985,754 (63.46%) 	


 	Mexican American 	1,205,652 (5.23%) 	2,425,757 (8.68%) 	3,919,101 (9.95%) 	


 	Non-Hispanic Black 	2,171,324 (9.42%) 	2,443,406 (8.74%) 	4,645,418 (11.80%) 	


 	Other Hispanic 	1,407,558 (6.11%) 	2,272,703 (8.13%) 	2,875,460 (7.30%) 	


 	Other/multi-ethnicities 	2,920,281 (12.67%) 	2,807,709 (10.04%) 	2,948,371 (7.49%) 	


 	PIR 	 	 	 	0.002*


 	<1.3 	5,248,152 (22.76%) 	4,539,746 (16.24%) 	7,599,285 (19.30%) 	


 	≥1.3 	17,807,558 (77.24%) 	23,422,455 (83.76%) 	31,774,819 (80.70%) 	


 	BRI 	3.09 (2.54, 3.73) 	4.74 (4.19, 5.46) 	7.02 (6.04, 8.53) 	<0.001*


 	BMI 	22.50 (20.70, 23.70) 	27.20 (26.20, 28.40) 	34.10 (31.70, 38.30) 	<0.001*


 	Alcohol use 	 	 	 	0.069


 	Heavy 	920,827 (3.99%) 	1,129,090 (4.04%) 	901,382 (2.29%) 	


 	Low-to-moderate 	19,978,717 (86.65%) 	24,941,741 (89.20%) 	36,140,938 (91.79%) 	


 	Non-drinker 	2,156,165 (9.35%) 	1,891,370 (6.76%) 	2,331,784 (5.92%) 	


 	PA 	 	 	 	0.009*


 	Active 	2,703,853 (11.73%) 	3,377,098 (12.08%) 	3,896,495 (9.90%) 	


 	Highly active 	15,193,918 (65.90%) 	16,983,160 (60.74%) 	22,424,348 (56.95%) 	


 	Inactive 	5,157,940 (22.37%) 	7,601,943 (27.19%) 	13,053,261 (33.15%) 	


 	Diabetes 	 	 	 	<0.001*


 	Yes 	1,110,626 (4.82%) 	3,217,449 (11.51%) 	8,034,109 (20.40%) 	


 	No 	21,945,084 (95.18%) 	24,744,752 (88.49%) 	31,339,995 (79.60%) 	


 	Dietary VC intake 	60.35 (29.20, 114.35) 	60.05 (28.85, 103.25) 	49.25 (24.70, 96.95) 	0.002*


 	Dietary iron intake 	12.46 (9.15, 16.60) 	12.46 (9.26, 17.73) 	12.47 (9.27, 16.27) 	0.356


 	Total calorie intake 	1,863.00 (1,471.00, 2,476.50) 	1,968.50 (1,503.00, 2,485.00) 	1,962.50 (1,536.00, 2,566.00) 	0.216


 	Serum iron (μg/dL) 	90.00 (69.00, 113.00) 	89.00 (68.00, 111.00) 	79.00 (60.00, 99.00) 	<0.001*


 	TIBC (μg/dL) 	316.00 (289.00, 355.00) 	324.00 (292.00, 353.00) 	324.00 (295.00, 354.00) 	0.204


 	TSAT (%) 	29.00 (22.00, 36.00) 	28.00 (22.00, 35.00) 	25.00 (18.00, 31.00) 	<0.001*


 	Ferritin (ng/mL) 	80.20 (39.60, 143.00) 	110.00 (56.60, 190.00) 	116.00 (57.00, 198.00) 	<0.001*


 	HbA1c (%) 	5.30 (5.10, 5.50) 	5.50 (5.20, 5.80) 	5.60 (5.30, 6.00) 	<0.001*


 	SCR (umol/L) 	70.72 (61.88, 82.21) 	76.91 (65.42, 89.28) 	75.14 (64.53, 87.52) 	<0.001*


 	ALT (U/L) 	15.00 (12.00, 20.00) 	18.00 (13.00, 25.00) 	21.00 (15.00, 30.00) 	<0.001*


 	AST (U/L) 	19.00 (16.00, 23.00) 	19.00 (16.00, 24.00) 	19.00 (16.00, 24.00) 	0.396


 	TC (mmol/L) 	4.55 (3.96, 5.22) 	4.81 (4.19, 5.53) 	4.78 (4.16, 5.51) 	<0.001*


 	HDL-C (mmol/L) 	1.55 (1.29, 1.81) 	1.34 (1.11, 1.63) 	1.19 (1.01, 1.42) 	<0.001*





PIR, poverty–income ratio; BRI, body roundness index; BMI, body mass index; PA, physical activity; VC, vitamin C; TIBC, total iron-binding capacity; TSAT, transferrin saturation; SCR, serum creatinine; ALT, alanine aminotransferase; AST, aspartate aminotransferase; TC, total cholesterol; HDL-C, high-density lipoprotein cholesterol. * p-value < 0.05.
 



Associations of iron status and adults with overweight/obesity

Multivariable-adjusted logistic regression models assessed the odds of overweight or obesity (BMI ≥ 25 kg/m2) in relation to iron biomarkers (Table 2). After completely adjusting for covariates, higher dietary iron intake was associated with 2% lower odds of overweight/obesity (OR = 0.98; 95% CI: 0.96–1.00; p = 0.026). Transferrin saturation demonstrated consistent inverse associations in three models, with each 1% increase corresponding to a 2% reduction in odds in model 3 (OR = 0.98; 95% CI: 0.96–0.99; p = 0.003). TIBC showed a marginal association (OR = 1.00; 95% CI: 0.99–1.00; p = 0.003), as the effect estimate and its confidence interval encompassed the null value. Serum iron also exhibited a non-significant inverse trend (OR = 1.00; 95% CI: 0.99–1.00; P = 0.004), while serum ferritin levels were unassociated with overweight/obesity (P > 0.05).


TABLE 2 Associations of iron status and dietary iron intake with the risk of overweight/obesity.


	
	Number
	Model 1
	Model 2
	Model 3



	OR (95%CI)
	p-value
	OR (95%CI)
	p-value
	OR (95%CI)
	p-value

 

 	Iron intake (mg/day) 	5,454 	0.99 (0.98, 1.01) 	0.374 	0.98 (0.97, 1.00) 	0.028* 	0.98 (0.96, 1.00) 	0.026*


 	Serum iron (μg/dL) 	5,454 	0.99 (0.99, 1.00) 	<0.001* 	0.99 (0.99, 1.00) 	<0.001* 	0.99 (0.99, 1.00) 	0.004*


 	Transferrin saturation (%) 	5,444 	0.98 (0.97, 0.99) 	<0.001* 	0.98 (0.97, 0.98) 	<0.001* 	0.98 (0.96, 0.99) 	0.003*


 	TIBC (μg/dL) 	5,444 	1.00 (1.00, 1.00) 	0.202 	1.00 (1.00, 1.01) 	0.004* 	1.00 (1.00, 1.01) 	0.003*


 	Ferritin (ng/mL) 	5,437 	1.00 (1.00, 1.00) 	0.002* 	1.00 (1.00, 1.00) 	0.025* 	1.00 (1.00, 1.00) 	0.504





Model 1: Non-adjusted.

Model 2: Adjusted for age, sex, ethnicity, and PIR.

Model 3: Adjusted for age, sex, ethnicity, PIR, PA, alcohol use, diabetes status, total calorie intake, vitamin C intake, SCR, ALT, AST, TC, and HDL-C.

* p-value < 0.05.
 



Associations between iron status and iron intake with BMI

Multivariable linear regression analyses (Table 3) revealed significant inverse associations between serum iron and TSAT with BMI across all models, whereas TIBC demonstrated a positive association. These relationships persisted in the fully adjusted model (model 3): each 1 μg/dL increase in serum iron was associated with a 0.02-unit decrease in BMI (β = −0.02; 95% CI: −0.03 to −0.02; p < 0.001), and each 1% increase in TSAT corresponded to a 0.09-unit reduction in BMI (β = −0.09; 95% CI: −0.11 to −0.06; p < 0.001). In the linear regression analysis examining the association between TIBC and BMI, a marginally statistically significant positive association was observed (β = 0.01, 95% CI: 0.00 to 0.02; p = 0.022). Higher dietary iron intake was also linked to lower BMI in model 3 (β = −0.06; 95% CI: −0.12 to 0.00; p = 0.045). In contrast, no significant association was observed between serum ferritin levels and BMI (P > 0.05).


TABLE 3 Associations of iron status and dietary iron intake with BMI.


	
	Number
	Model 1
	Model 2
	Model 3



	β (95%CI)
	p-value
	β (95%CI)
	p-value
	β (95%CI)
	p-value

 

 	Iron intake (mg/day) 	5,454 	−0.04 (−0.09, 0.01) 	0.142 	−0.03 (−0.08, 0.02) 	0.215 	−0.06 (−0.12, 0.00) 	0.045*


 	Serum iron (μg/dL) 	5,454 	−0.04 (−0.04, −0.03) 	<0.001* 	−0.04 (−0.04, −0.03) 	<0.001* 	−0.02 (−0.03, −0.02) 	<0.001*


 	Transferrin saturation (%) 	5,444 	−0.12 (−0.14, −0.10) 	<0.001* 	−0.12 (−0.14, −0.10) 	<0.001* 	−0.09 (−0.11, −0.06) 	<0.001*


 	TIBC (μg/dL) 	5,444 	0.01 (0.00, 0.01) 	0.013* 	0.01 (0.00, 0.02) 	0.008* 	0.01 (0.00, 0.02) 	0.022*


 	Ferritin (ng/mL) 	5,437 	0.00 (0.00, 0.00) 	0.044* 	0.00 (0.00, 0.01) 	0.017* 	0.00 (0.00, 0.00) 	0.512





Model 1: Non-adjusted.

Model 2: Adjusted for age, sex, ethnicity, and PIR.

Model 3: Adjusted for age, sex, ethnicity, PIR, PA, alcohol use, diabetes status, total calorie intake, vitamin C intake, SCR, ALT, AST, TC, and HDL-C.

* p-value < 0.05.
 



The non-linear relationship between iron status and overweight/obesity

As illustrated in Figure 2, non-linear associations between iron status biomarkers and overweight/obesity risk were evaluated using RCS regression models adjusted for age, sex, ethnicity, PIR, PA, alcohol use, diabetes status, total calorie intake, and vitamin C intake, SCR, ALT, AST, TC, and HDL-C. Notably, a threshold-dependent effect was observed, with a significant reduction in obesity risks when TSAT values ranged between 16.76 and 39.81% (p-overall < 0.001; p-non-linear < 0.001). An inverted U-shaped relationship was identified between SI and obesity risks (p-overall < 0.001; p-non-linear = 0.011), with the OR peaking at a turning point of 57.39 μg/dL. Beyond this level, the OR declined with increasing SI concentrations. Similarly, TIBC showed a non-linear trend (p-overall < 0.001; p-non-linear = 0.002), with the highest OR observed at approximately 385.86 μg/dL and decreasing risks thereafter. In addition, a continuously decreasing linear trend between total dietary iron intake and the prevalence of overweight/obesity was observed (p-overall < 0.015; p-non-linear = 0.421). No significant relationship was observed between ferritin and overweight/obesity (p-overall = 0.021; p-non-linear = 0.212).
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FIGURE 2
 Non-linear relationship between iron status biomarkers and overweight/obesity. Models were adjusted for age, sex, ethnicity, PIR, PA, alcohol use, diabetes status, total calorie intake, vitamin C intake, SCR, ALT, AST, TC, and HDL-C.




Subgroup analysis

Supplementary Tables 1, 2 present the results of subgroup analyses stratified by sex, ethnicity, PIR, PA, alcohol use, and diabetes status. After Bonferroni correction, no significant interaction effects were observed between iron biomarkers and stratified variables on either overweight/obesity risk or BMI in the multivariable-adjusted models (all interaction p-values > 0.008), indicating that the overall association pattern was consistent across the examined subgroups.




Discussion

This study utilized data from the NHANES, a nationally representative cross-sectional dataset, to investigate the associations between iron status biomarkers and the risk of overweight/obesity, as well as BMI, among US adults. Specifically, overweight/obesity was negatively associated with dietary iron intake, serum iron levels, and transferrin saturation but positively associated with TIBC. Furthermore, these associations remained robust in the analysis of BMI: lower iron intake and transferrin saturation, alongside elevated TIBC, were significantly associated with higher BMI values.

Iron can alleviate obesity by regulating leptin levels and enhancing thermogenic capacity in adipose tissue. Serum leptin levels were observed to be 3.7-fold higher in obese individuals compared to their lean counterparts, while individuals with low iron status exhibited 3.2-fold higher serum leptin than those with high iron status (27). Hyperleptinemia-induced leptin resistance can contribute to obesity by disrupting hypothalamic satiety signaling (28). Mechanistically, iron has been shown to downregulate leptin transcription, with in vitro studies demonstrating iron-mediated suppression of leptin expression in adipocytes (27). Additionally, iron supplementation increased oxygen consumption and enhanced the thermogenic capacity of adipocytes, suggesting a promising approach to counteract obesity (29). Iron deficiency may also activate oxidative stress and elevate the expression of hypoxia-inducible factor 1 (HIF-1) (30). Overexpression of HIF-1α exacerbates adipose tissue dysfunction by inducing fibrosis and insulin resistance in white adipose tissue, thereby promoting obesity (31).

There is a bidirectional interplay between obesity and iron deficiency, wherein iron deficiency reciprocally promotes adiposity via dysregulated leptin levels and impaired adipose tissue function, while obesity impairs iron absorption through chronic inflammation and hepcidin-mediated disruption of iron transport. In individuals with obesity, pro-inflammatory cytokines such as interleukin-6 (IL-6), IL-1β, and tumor necrosis factor-α (TNF-α) can upregulate hepcidin, a central regulator of iron homeostasis (32, 33). This peptide promotes the degradation of the iron exporter ferroportin in macrophages, hepatocytes, and the duodenum, thereby inhibiting iron flow into the plasma, reducing iron absorption, and decreasing circulating iron availability (34, 35). Moreover, chronic exposure to TNF-α in intestinal cells can downregulate the expression of iron transporters, thereby impairing iron absorption and leading to iron deficiency (36).

TIBC reflects the total capacity of transferrin to bind iron, with elevated TIBC typically indicating a state of functional iron deficiency, wherein iron availability is limited despite normal or low iron stores. In our analysis, the persistent positive association between TIBC and BMI/obesity risk aligns with this physiological role: during iron-restricted states, the liver upregulates transferrin synthesis to enhance iron uptake as a compensatory mechanism, leading to elevated TIBC (37).

Heightened dietary iron intake may mitigate the risk of overweight/obesity and decrease BMI, suggesting that maintaining sufficient iron intake may serve as a protective nutritional strategy against excessive adiposity. Similarly, previous studies observed that higher levels of dietary iron intake were linked to a lower prevalence of overweight/obesity and metabolic syndrome in adolescents (38, 39). In the Vitamin and Mineral Requirements in Human Nutrition, Second Edition, formulated by the World Health Organization, the recommended daily iron intake for adult women is between 19.6 mg and 58.8 mg, while the recommended range for adult males is 9.1 mg to 27.4 mg (40). Given the reduced rate of iron absorption in patients with obesity and the protective effect of iron on obesity, adequate iron consumption within this range is recommended.

Ferritin, a key protein responsible for iron storage, sequesters excess iron to prevent oxidative cellular damage (41). In this study, we found no significant relationship between serum ferritin levels and overweight/obesity prevalence. Although elevated ferritin can reflect iron storage overload in healthy individuals, it may be elevated in the absence of hepatic iron overload in patients with obesity, metabolic syndrome, and alcoholism (42, 43). In inflammatory states, macrophages can secrete proinflammatory cytokines that stimulate ferritin synthesis, potentially decoupling ferritin from its classical role as iron status biomarkers (44). Elevated ferritin levels observed in this context should not be interpreted in isolation as evidence of iron overload, as they may primarily reflect the levels of inflammation associated with obesity and concomitant diseases rather than true iron excess (32, 43).

This study has several limitations. First, its cross-sectional design does not allow for causal inference. Future longitudinal or interventional studies are needed to clarify the causal direction between iron metabolism and obesity. Second, dietary iron intake was assessed via interview recall, which is prone to recall bias. Third, defining obesity solely based on the BMI is inadequate (45). Due to the diversity of the included population, multidimensional indicators such as waist circumference and body fat percentage were not incorporated. Future research should take these indicators into account to more precisely assess the individual health risks. Moreover, a potential limitation is that we were unable to uniformly include CRP or hsCRP as a covariate in sensitivity analyses across all cycles, due to methodological differences in the measurement of inflammatory markers. Although ferritin retains its core value as an indicator of iron stores, its interpretation may be influenced by inflammatory status (13). Thus, our analysis of ferritin’s association with overweight/obesity could not fully account for potential confounding by inflammation. Future studies should aim to more accurately isolate the independent effects of iron metabolism from those of inflammation.



Conclusion

In conclusion, elevated levels of dietary iron intake, serum iron concentration, and transferrin saturation were linked to a lowered risk of overweight/obesity, suggesting that maintaining adequate iron status may play a crucial role in preventing and managing obesity. To further validate these associations, prospective cohort studies and mechanistic investigations are warranted to provide additional evidence and bolster this conclusion. Furthermore, evaluating iron deficiency in obese populations requires a comprehensive approach that incorporates multiple biomarkers to accurately assess iron status and inform targeted interventions.
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Objectives

Oxidative stress, characterized by an imbalance between the levels of reactive oxygen species (ROS) and antioxidants, plays a critical role in cancer progression. However, the prognostic significance of antioxidant markers in colorectal cancer (CRC) remains unclear. This study aimed to evaluate the expression of antioxidant markers in tumor tissues and investigate their association with clinicopathological features, survival, and systemic inflammation.





Methods

We retrospectively analyzed 70 patients with CRC who underwent curative surgical resection. The tissue levels of superoxide dismutase (SOD), glutathione peroxidase (GPx), peroxiredoxin 4 (PRX4), and thioredoxin (Trx) were measured in freshly frozen tissues, and the patients were classified into high and low expression groups using the 1st quartile as the cutoff. Associations between antioxidant levels in tumor tissue using ELISA and clinicopathological characteristics, laboratory inflammatory markers, and survival outcomes were analyzed.





Results

Low SOD expression was significantly associated with a higher incidence of distant metastases. Similarly, low PRX4 expression was correlated with more aggressive tumor characteristics, including higher rates of distant metastasis, poor differentiation, and advanced T4 stage. Moreover, low PRX4 levels were linked to systemic inflammation, as reflected by increased neutrophil counts and neutrophil-lymphocyte ratio. Although not statistically significant, the low SOD and PRX4 groups exhibited worse 5-year disease-free survival.





Conclusions

Low SOD and PRX4 expression was associated with aggressive tumor features, poor survival, and heightened systemic inflammation in patients with CRC. Given their association with tumor aggressiveness and systemic inflammation, antioxidant markers such as SOD and PRX4 may serve as supportive prognostic biomarkers to help identify patients at risk of adverse clinical outcomes in CRC.
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1 Introduction

Colorectal cancer (CRC) is the third most commonly diagnosed cancer and a leading cause of cancer-related deaths worldwide (1). Advances in surgical techniques, chemotherapy, radiotherapy, targeted therapy, and immunotherapy have significantly improved treatment outcomes. The development of these treatment strategies has significantly improved the overall survival (OS) of patients with CRC. However, the survival rate for advanced-stage CRC remains poor, with the global OS rate for stage IV metastatic CRC reported to be only 12% (2) and the overall recurrence rate of CRC reported to be 25% (3). These facts highlight the need for further investigation into factors influencing prognosis, disease progression, and novel treatments.

Oxidative stress, which is characterized by an imbalance between the levels of reactive oxygen species (ROS) and antioxidants, has been implicated in cancer development and progression (4–8). Antioxidants, including enzymatic systems such as superoxide dismutase (SOD) and catalase, and non-enzymatic molecules such as glutathione, are essential for neutralizing ROS, preserving cellular redox balance, and maintaining homeostasis (4, 9). Previous studies have suggested that specific antioxidants may be associated with CRC development and progression (10, 11).

Detoxification of ROS operates through a hierarchical system of antioxidant enzymes, each contributing at distinct stages to mitigate oxidative stress. SOD serves as the first line of defense by converting superoxide anions into hydrogen peroxide, which is subsequently neutralized by downstream enzymes such as glutathione peroxidase (GPx) or peroxiredoxins (PRX) to prevent cellular damage. Thioredoxin (Trx) plays a crucial role in this hierarchy by restoring the activity of oxidized antioxidants and ensuring that the system remains functional and efficient. Together, these enzymes maintain the redox balance and influence critical cellular processes, including proliferation, apoptosis, and metabolism, which are pivotal in cancer development (12). Despite their critical roles, comprehensive research investigating antioxidant levels in CRC tissues, particularly in relation to clinicopathological features, hematological markers, and prognosis, remains limited.

Based on these observations, we hypothesized that lower antioxidant levels lead to increased oxidative stress, contributing to more aggressive tumor features in CRC. The aim of this study was to explore the expression of antioxidant markers in fresh surgical specimens from patients with CRC and investigate the association between their expression levels and clinicopathological features, survival, and serological inflammatory markers. These findings can provide insights into their potential as prognostic biomarkers.




2 Methods



2.1 Population

We enrolled individuals diagnosed with stage I–III CRC according to the American Joint Committee on Cancer (AJCC) guidelines who underwent curative surgical resection between December 2013 and December 2017. To minimize potential sources of bias, we included consecutive patients who underwent curative resection for CRC during the study period and applied consistent inclusion and exclusion criteria. Patients who underwent palliative bypass surgery without radical resection, those with cancers in other organs, and those with a previous history of CRC were excluded. This study was approved by the Institutional Review Board of Wonju Severance Christian Hospital (approval number: CR:319147), and written informed consent was obtained from all participants. This study was conducted in accordance with the ethical principles of the Declaration of Helsinki. Clinical data were analyzed retrospectively using de-identified records; no direct identifiers were accessible to the investigators. The design, conduct, and reporting of this study adhered to the STROBE (Strengthening the Reporting of Observational Studies in Epidemiology) guidelines for observational studies and the REMARK (Reporting Recommendations for Tumor Marker Prognostic Studies) guidelines for biomarker research.





2.2 Data collection: clinicopathological data

Patients’ clinical information, including age, sex, medical history, classification recommended by the American Society of Anesthesiologists (ASA), tumor location, tumor markers, pathologic information, and laboratory findings, were obtained from medical records. We defined well-differentiated and moderately differentiated tumors as having favorable differentiation and poorly differentiated and mucinous-type tumors as having poor differentiation. Disease-free survival (DFS) was defined as the period from the date of the index surgery to the date of tumor recurrence or death. OS was defined as the period from the date of index surgery to the date of death. Patient survival data were obtained from the colorectal cancer databases of Wonju Severance Christian Hospital and the Korean National Cancer Center.




2.3 Tissue sample preparation

Tumor and normal tissues were harvested and placed in ice-cold RIPA buffer (Pierce Biotechnology Inc., IL, U.S.A.) containing protease inhibitor cocktails (Sigma Chemical Co., St Louis, U.S.A.). The tissues were homogenized at 14000 rpm for 10 min and centrifuged for 5 min, and the supernatant was collected and stored at −80°C until further analysis.




2.4 Antioxidant assays

Levels of antioxidants, such as SOD, GPx, PRX, and Trx, in tumor and non-tumor tissues were measured according to the manufacturer’s instructions. The levels of SOD and GPx in colon tumor and non-tumor lysates were measured using colorimetric methods with a Biovision kit (Milpitas, CA, USA), and the Trx level was measured using a fluorescent assay kit (Cayman Chemical Company, Ann Arbor, MI, USA). Protein concentrations were normalized using a Pierce BCA Assay Kit (Thermo Scientific, Rockford, IL, U.S.A.). Each antioxidant assay followed a preparation of standards and reaction processes. The absorbance to determine the concentration was read at the following wavelengths: SOD (450 nm), GPx (340 nm), and Trx (412 nm), using a SpectraMax ABS and ABS Plus Microplate Reader (Molecular Devices LLC, California, United States). An enzyme-linked immunosorbent assay specific for human cytokines was performed to determine the concentrations of peroxidase 4 (PRX4) (AbFrontier, Seoul, South Korea) in colon tumor and non-tumor tissues, according to the manufacturer’s instructions. In brief, the standard stocks were serially diluted, and 100 uL final volumes of standards and samples were added to a 96-well plate. The plates were sealed, incubated, and washed with the washing buffer. The detection antibody was added (100 μL) to each well, and the plate was covered with a new adhesive strip and incubated at room temperature. After incubation and washing, streptavidin-HRP was added to each well (100 μL). Incubation was terminated after 20 min at room temperature, and the plates were kept away from direct light. A substrate solution was added to each well, and color development was terminated using the stop solution. The absorbance was read at 450 nm using a spectrophotometer.




2.5 Statistical analysis

We defined the 1st quartile value of each antioxidant marker as the cutoff value and classified patients into high- and low-expression groups. Cases with missing data for specific variables were excluded from the corresponding analyses. Differences in the clinicopathological features between the two groups were analyzed. Categorical variables were analyzed using the chi-square test and presented as frequencies and percentages. The Fisher exact test was performed if the frequency of the data was <5. The normality of all continuous data was tested using the Shapiro–Wilk test. Continuous variables were analyzed using the Student t-test and expressed as mean values and standard deviations. Non-normally distributed data were analyzed using the Mann–Whitney U test and are presented as medians and interquartile ranges. The Wilcoxon signed-rank test was performed to compare antioxidant levels between normal and tumor tissues for each patient. Survival analysis was performed using the Kaplan–Meier curve with a log-rank test. Cox proportional hazards regression model was performed to identify prognostic factors associated with DFS and OS. Variables with a p-value < 0.20 in univariate analysis were included in the multivariate model to adjust for potential confounders. Hazard ratios (HRs) and corresponding 95% confidence intervals (CIs) were calculated for each variable. All statistical analyses were performed using the R software (version 4.2.2; R Foundation for Statistical Computing, Vienna, Austria). Statistical significance was set at p < 0.05.





3 Results



3.1 Patient characteristics

Seventy patients were included, including 38 (54.3%) men, and the mean age was 69.6 years. The tumor was located in the right colon in 19 patients (27.1%); left colon, 27 (38.6%); and, rectum, 24 patients (34.3%). Fifty-five (78.6%) patients underwent minimally invasive surgery. Stage III and IV disease was observed in 31 (44.3%) and 13 patients (18.6%), respectively. Postoperative chemotherapy was administered to 46 patients (65.7%), whereas radiation therapy was administered to only 1 patient (1.4%). The median follow-up period was 59.5 months. During the follow-up period, tumor recurrence occurred in 17 patients (24.3%), and 5 patients (7.1%) died. Detailed patient characteristics are summarized in Table 1.


Table 1 | Baseline characteristics.
	Variable
	Number of patients (n=70)
	Percentage (%)



	Age, mean ± SD
	69.6 ± 10.8
	 


	Gender


	Male
	38
	54.3


	Female
	32
	45.7


	Body mass index, mean ± SD
	23.4 ± 3.5
	 


	ASA score


	II
	35
	50.0


	III
	35
	50.0


	Medical history


	None
	19
	27.1


	One
	18
	25.7


	Two or more
	33
	47.1


	Tumor location


	Right
	19
	27.1


	Left
	27
	38.6


	Rectum
	24
	34.3


	CEA, median [IQR]
	3.1 [2.0; 9.1]
	 


	Operation method


	Open
	15
	21.4


	MIS
	55
	78.6


	T stage


	Tis
	1
	1.4


	3
	53
	75.7


	4
	16
	22.9


	N stage


	0
	28
	40.0


	1
	28
	40.0


	2
	14
	20.0


	M stage


	0
	57
	81.4


	1
	13
	18.6


	TNM stage


	0
	1
	1.4


	2
	25
	35.7


	3
	31
	44.3


	4
	13
	18.6


	Metastatic lymph node, mean ± SD
	2.2 ± 3.6
	 


	Harvested lymph node, mean ± SD
	24.8 ± 11.1
	 


	Tumor differentiation


	Well-differentiated
	13
	18.8


	Moderately differentiated
	53
	76.8


	Poorly differentiated
	1
	1.4


	Mucinous adenocarcinoma
	2
	2.9


	Tumor size (cm), median [IQR]
	4.5 [3.5; 6.0]
	 


	Microsatellite status


	MSS
	63
	94.0


	MSI-H
	4
	6.0


	Chemotherapy


	No
	24
	34.3


	Yes
	46
	65.7


	Radiotherapy


	No
	69
	98.6


	Yes
	1
	1.4


	Recurrence


	No
	42
	60.0


	Yes
	17
	24.3


	Death
	 
	 


	No
	45
	64.3


	Yes
	5
	7.1





SD, standard deviation; ASA, American Society of Anesthesiologists; CEA, carcinoembryonic antigen; IQR, interquartile range; MIS, minimally invasive surgery.







3.2 Antioxidant markers and their relationships with clinicopathologic features

Figure 1 shows the antioxidant levels detected in tumor tissue. The associations between each marker and the clinicopathological features are shown in Table 2.

[image: Scatter plot showing concentrations in units per milliliter for four tumor biomarkers: SOD, GPx, PRX4, and Trx. PRX4 exhibits the highest concentration values and variability among the four groups.]
Figure 1 | Antioxidant levels in tumor tissue.


Table 2 | Correlation of antioxidants with clinicopathologic features.
	Variable
	SOD
	
	GPx
	
	PRX4
	
	Trx
	


	Low (19)
	High (51)
	p
	Low (n=18)
	High (52)
	p
	Low (18)
	High (52)
	p
	Low (17)
	High (50)
	p



	Age
	66.1 ± 13.3
	71.0 ± 9.5
	0.09
	69.8 ± 11.6
	69.6 ± 10.6
	0.95
	65.6 ± 14.6
	71.1 ± 8.8
	0.15
	69.5 ± 13.0
	69.5 ± 10.2
	1.00


	Gender
	 
	 
	0.24
	 
	 
	0.49
	 
	 
	1.00
	 
	 
	0.53


	 F
	6 (31.6%)
	26 (51.0%)
	 
	10 (55.6%)
	22 (42.3%)
	 
	8 (44.4%)
	24 (46.2%)
	 
	6 (35.3%)
	24 (48.0%)
	 


	 M
	13 (68.4%)
	25 (49.0%)
	 
	8 (44.4%)
	30 (57.7%)
	 
	10 (55.6%)
	28 (53.8%)
	 
	11 (64.7%)
	26 (52.0%)
	 


	BMI
	22.5 ± 4.0
	23.7 ± 3.3
	0.19
	23.6 ± 3.6
	23.3 ± 3.5
	0.74
	22.8 ± 4.2
	23.6 ± 3.3
	0.39
	24.0 ± 3.8
	23.1 ± 3.5
	0.37


	ASA classification
	 
	 
	0.59
	 
	 
	0.41
	 
	 
	0.41
	 
	 
	0.94


	 II
	8 (42.1%)
	27 (52.9%)
	 
	11 (61.1%)
	24 (46.2%)
	 
	7 (38.9%)
	28 (53.8%)
	 
	9 (52.9%)
	24 (48.0%)
	 


	 III
	11 (57.9%)
	24 (47.1%)
	 
	7 (38.9%)
	28 (53.8%)
	 
	11 (61.1%)
	24 (46.2%)
	 
	8 (47.1%)
	26 (52.0%)
	 


	Medical History
	 
	 
	0.57
	 
	 
	0.50
	 
	 
	0.32
	 
	 
	0.57


	 none
	6 (31.6%)
	13 (25.5%)
	 
	3 (16.7%)
	16 (30.8%)
	 
	7 (38.9%)
	12 (23.1%)
	 
	6 (35.3%)
	13 (26.0%)
	 


	 one
	6 (31.6%)
	12 (23.5%)
	 
	5 (27.8%)
	13 (25.0%)
	 
	5 (27.8%)
	13 (25.0%)
	 
	3 (17.6%)
	15 (30.0%)
	 


	 ≥2
	7 (36.8%)
	26 (51.0%)
	 
	10 (55.6%)
	23 (44.2%)
	 
	6 (33.3%)
	27 (51.9%)
	 
	8 (47.1%)
	22 (44.0%)
	 


	Tumor Location
	 
	 
	0.27
	 
	 
	1.00
	 
	 
	0.77
	 
	 
	0.35


	 Rt.
	3 (15.8%)
	16 (31.4%)
	 
	5 (27.8%)
	14 (26.9%)
	 
	6 (33.3%)
	13 (25.0%)
	 
	4 (23.5%)
	15 (30.0%)
	 


	 Lt.
	10 (52.6%)
	17 (33.3%)
	 
	7 (38.9%)
	20 (38.5%)
	 
	6 (33.3%)
	21 (40.4%)
	 
	5 (29.4%)
	21 (42.0%)
	 


	 Rectum
	6 (31.6%)
	18 (35.3%)
	 
	6 (33.3%)
	18 (34.6%)
	 
	6 (33.3%)
	18 (34.6%)
	 
	8 (47.1%)
	14 (28.0%)
	 


	CEA
	3.8 [2.0;19.6]
	2.7 [2.0; 7.5]
	0.52
	2.3 [2.0; 4.5]
	3.8 [2.0;12.9]
	0.13
	3.4 [2.0;16.6]
	2.9 [2.0; 7.1]
	0.68
	2.3 [2.0; 4.2]
	3.9 [2.0; 9.1]
	0.33


	T stage
	 
	 
	0.49
	 
	 
	0.31
	 
	 
	0.01
	 
	 
	0.05


	 Tis
	0 (0%)
	1 (2%)
	 
	0 (0%)
	1 (1.9%)
	 
	0 (0%)
	1 (1.9%)
	 
	1 (5.9%)
	0 (0%)
	 


	 3
	13 (68.4%)
	41 (78.4%)
	 
	16 (88.9%)
	37 (71.2%)
	 
	9 (50.0%)
	45 (86.5%)
	 
	16 (88.2%)
	36 (72.0%)
	 


	 4
	6 (31.6%)
	10 (19.6%)
	 
	2 (11.1%)
	14 (26.9%)
	 
	9 (50.0%)
	7 (13.5%)
	 
	1 (5.9%)
	14 (28.0%)
	 


	N stage
	 
	 
	0.95
	 
	 
	0.20
	 
	 
	0.60
	 
	 
	0.54


	 0
	7 (36.8%)
	21 (41.2%)
	 
	8 (44.4%)
	20 (38.5%)
	 
	6 (33.3%)
	22 (42.3%)
	 
	9 (52.9%)
	19 (38.0%)
	 


	 1
	8 (42.1%)
	20 (39.2%)
	 
	9 (50.0%)
	19 (36.5%)
	 
	7 (38.9%)
	21 (40.4%)
	 
	5 (29.4%)
	21 (42.0%)
	 


	 2
	4 (21.1%)
	10 (19.6%)
	 
	1 (5.6%)
	13 (25.0%)
	 
	5 (27.8%)
	9 (17.3%)
	 
	3 (17.6%)
	10 (20.0%)
	 


	M stage
	 
	 
	0.04
	 
	 
	1.00
	 
	 
	0.03
	 
	 
	1.00


	 0
	12 (63.2%)
	45 (88.2%)
	 
	15 (83.3%)
	42 (80.8%)
	 
	11 (61.1%)
	46 (88.5%)
	 
	14 (82.4%)
	40 (80.0%)
	 


	 1
	7 (36.8%)
	6 (11.8%)
	 
	3 (16.7%)
	10 (19.2%)
	 
	7 (38.9%)
	6 (11.5%)
	 
	3 (17.6%)
	10 (20.0%)
	 


	TNM Stage
	 
	 
	0.11
	 
	 
	0.89
	 
	 
	0.08
	 
	 
	0.35


	 0
	0 (0.0%)
	1 (2.0%)
	 
	0 (0.0%)
	1 (1.9%)
	 
	0 (0.0%)
	1 (1.9%)
	 
	1 (5.9%)
	0 (0.0%)
	 


	 2
	6 (31.6%)
	19 (37.3%)
	 
	6 (33.3%)
	19 (36.5%)
	 
	5 (27.8%)
	20 (38.5%)
	 
	7 (41.2%)
	18 (36.0%)
	 


	 3
	6 (31.6%)
	25 (49.0%)
	 
	9 (50.0%)
	22 (42.3%)
	 
	6 (33.3%)
	25 (48.1%)
	 
	6 (35.3%)
	22 (44.0%)
	 


	 4
	7 (36.8%)
	6 (11.8%)
	 
	3 (16.7%)
	10 (19.2%)
	 
	7 (38.9%)
	6 (11.5%)
	 
	3 (17.6%)
	10 (20.0%)
	 


	Metastatic LNs
	1.0 [0.0; 3.0]
	1.0 [0.0; 3.0]
	0.8
	0.5 [0.0; 2.0]
	1.0 [0.0; 3.5]
	0.41
	1.5 [0.0; 4.0]
	1.0 [0.0; 3.0]
	0.44
	0.0 [0.0; 3.0]
	1.0 [0.0; 3.0]
	0.56


	Harvested LNs
	24.0 [19.0;29.0]
	24.0 [16.5;30.0]
	0.71
	24.0 [19.0;32.0]
	24.0 [16.5;30.0]
	0.53
	23.5 [19.0;26.0]
	25.0 [17.0;31.0]
	0.24
	21.0 [14.0;26.0]
	24.5 [18.0;33.0]
	0.09


	Differentiation
	 
	 
	1.00
	 
	 
	1.00
	 
	 
	0.02
	 
	 
	0.75


	 Good (wd/md)
	18 (94.7%)
	48 (96.0%)
	 
	17 (94.4%)
	49 (96.1%)
	 
	15 (83.3%)
	51 (100.0%)
	 
	16 (100.0%)
	47 (94.0%)
	 


	 Poor (pd/mucinous)
	1 (5.3%)
	2 (4.0%)
	 
	1 (5.6%)
	2 (3.9%)
	 
	3 (16.7%)
	0 (0.0%)
	 
	0 (0.0%)
	3 (6.0%)
	 


	Tumor size
	5.3 [4.5; 6.1]
	4.5 [3.2; 5.6]
	0.14
	4.5 [3.2; 6.5]
	4.5 [4.0; 6.0]
	0.85
	4.8 [4.5; 6.2]
	4.5 [3.1; 6.0]
	0.40
	4.6 [4.5; 5.5]
	4.8 [3.2; 6.0]
	0.80


	Lymphatic invasion
	 
	 
	0.24
	 
	 
	0.34
	 
	 
	0.21
	 
	 
	0.72


	 0
	13 (68.4%)
	25 (49.0%)
	 
	12 (66.7%)
	26 (50.0%)
	 
	7 (38.9%)
	31 (59.6%)
	 
	8 (47.1%)
	28 (56.0%)
	 


	 1
	6 (31.6%)
	26 (51.0%)
	 
	6 (33.3%)
	26 (50.0%)
	 
	11 (61.1%)
	21 (40.4%)
	 
	9 (52.9%)
	22 (44.0%)
	 


	Venous invasion
	 
	 
	1
	 
	 
	0.78
	 
	 
	0.12
	 
	 
	0.24


	 0
	17 (89.5%)
	46 (90.2%)
	 
	17 (94.4%)
	46 (88.5%)
	 
	14 (77.8%)
	49 (94.2%)
	 
	17 (100.0%)
	43 (86.0%)
	 


	 1
	2 (10.5%)
	5 (9.8%)
	 
	1 (5.6%)
	6 (11.5%)
	 
	4 (22.2%)
	3 (5.8%)
	 
	0 (0.0%)
	7 (14.0%)
	 


	Perineural invasion
	 
	 
	0.52
	 
	 
	1.00
	 
	 
	0.83
	 
	 
	1.00


	 0
	12 (63.2%)
	38 (74.5%)
	 
	13 (72.2%)
	37 (71.2%)
	 
	12 (66.7%)
	38 (73.1%)
	 
	12 (70.6%)
	37 (74.0%)
	 


	 1
	7 (36.8%)
	13 (25.5%)
	 
	5 (27.8%)
	15 (28.8%)
	 
	6 (33.3%)
	14 (26.9%)
	 
	5 (29.4%)
	13 (26.0%)
	 


	Microsatellite status
	 
	 
	0.5
	 
	 
	1.00
	 
	 
	0.08
	 
	 
	1.00


	 MSS
	18 (100.0%)
	45 (91.8%)
	 
	16 (94.1%)
	47 (94.0%)
	 
	14 (82.4%)
	49 (98.0%)
	 
	15 (93.8%)
	45 (93.8%)
	 


	 MSI-H
	0 (0.0%)
	4 (8.2%)
	 
	1 (5.9%)
	3 (6.0%)
	 
	3 (17.6%)
	1 (2.0%)
	 
	1 (6.2%)
	3 (6.2%)
	 


	KRAS
	 
	 
	0.26
	 
	 
	0.04
	 
	 
	0.49
	 
	 
	0.73


	 Wild
	13 (72.2%)
	26 (53.1%)
	 
	14 (82.4%)
	25 (50.0%)
	 
	11 (68.8%)
	28 (54.9%)
	 
	9 (52.9%)
	29 (61.7%)
	 


	 Mutant
	5 (27.8%)
	23 (46.9%)
	 
	3 (17.6%)
	25 (50.0%)
	 
	5 (31.2%)
	23 (45.1%)
	 
	8 (47.1%)
	18 (38.3%)
	 


	NRAS
	 
	 
	1
	 
	 
	1.00
	 
	 
	1.00
	 
	 
	1.00


	 Wild
	12 (100.0%)
	35 (94.6%)
	 
	10 (100.0%)
	37 (94.9%)
	 
	9 (100.0%)
	38 (95.0%)
	 
	11 (100.0%)
	34 (94.4%)
	 


	 Mutant
	0 (0.0%)
	2 (5.4%)
	 
	0 (0.0%)
	2 (5.1%)
	 
	0 (0.0%)
	2 (5.0%)
	 
	0 (0.0%)
	2 (5.6%)
	 


	BRAF
	 
	 
	0.66
	 
	 
	1.00
	 
	 
	1.00
	 
	 
	1.00


	 Wild
	18 (100.0%)
	44 (93.6%)
	 
	16 (94.1%)
	46 (95.8%)
	 
	15 (93.8%)
	47 (95.9%)
	 
	16 (94.1%)
	44 (97.8%)
	 


	 Mutant
	0 (0.0%)
	3 (6.4%)
	 
	1 (5.9%)
	2 (4.2%)
	 
	1 (6.2%)
	2 (4.1%)
	 
	1 (5.9%)
	1 (2.2%)
	 


	Chemotherapy
	 
	 
	0.58
	 
	 
	0.70
	 
	 
	1.00
	 
	 
	0.16


	 None
	8 (42.1%)
	16 (31.4%)
	 
	5 (27.8%)
	19 (36.5%)
	 
	6 (33.3%)
	18 (34.6%)
	 
	9 (52.9%)
	15 (30.0%)
	 


	 Done
	11 (57.9%)
	35 (68.6%)
	 
	13 (72.2%)
	33 (63.5%)
	 
	12 (66.7%)
	34 (65.4%)
	 
	8 (47.1%)
	35 (70.0%)
	 


	Radiotherapy
	 
	 
	1
	 
	 
	0.58
	 
	 
	1.00
	 
	 
	1.00


	 None
	19 (100.0%)
	50 (98.0%)
	 
	17 (94.4%)
	52 (100.0%)
	 
	18 (100.0%)
	51 (98.1%)
	 
	17 (100.0%)
	49 (98.0%)
	 


	 Done
	0 (0.0%)
	1 (2.0%)
	 
	1 (5.6%)
	0 (0.0%)
	 
	0 (0.0%)
	1 (1.9%)
	 
	0 (0.0%)
	1 (2.0%)
	 





GPx, glutathione peroxidase; SOD, superoxide dismutase; Trx, thioredoxin; PRX4, peroxiredoxin 4; BMI, body mass index; ASA, American Society of Anesthesiologists; CEA, carcinoembryonic antigen; LNs, lymph node; WD, well-differentiated; MD, moderately differentiated; PD, poorly differentiated; MSS, microsatellite stable; MSI, microsatellite instability; MSI-H, microsatellite instability-high; KRAS, Kirsten rat sarcoma viral oncogene homolog; NRAS, Neuroblastoma RAS viral oncogene homolog; BRAF, B-Raf proto-oncogene, serine/threonine kinase.





3.2.1 SOD

The cutoff value for SOD was 54.81 (U/mL). Accordingly, 51 and 19 patients were classified into the high- and low expression groups, respectively. The baseline demographics did not differ significantly between the groups. Distant metastasis occurred in 36.8% of the low-SOD group compared with 11.8% of the high-SOD group (36.8% vs. 11.8%, p = 0.04).




3.2.2 GPx

The cut-off value for GPx was 65.89 (U/mL). Based on this value, 52 and 18 patients were categorized into the high- and low-expression groups, respectively. The baseline demographics did not differ significantly between the groups. However, KRAS mutations were identified in 50.0% of the high-GPx group compared with 17.6% of the low-GPx group (50.0% vs. 17.6%, p = 0.03).




3.2.3 PRX4

The cutoff value for PRX4 was 127.80 (U/mL). Accordingly, 52 and 18 patients were categorized into the high- and low-expression groups, respectively. The low-PRX4 group had a significantly higher proportion of T4 stage tumors (50.0% vs. 13.5%, p = 0.004), distant metastases (38.9% vs. 11.5%, p = 0.026), and poorly differentiated tumors (16.7% vs. 0%, p = 0.021) compared to high-PRX4 group. These findings indicate that reduced PRX4 expression may reflect a more malignant tumor biology.




3.2.4 Trx

The cutoff value for Trx was 39.08 (U/mL). Among the study population, 50 and 17 patients were in the high-and low-expression groups, respectively. There were no significant associations between Trx expression and the clinicopathological features.





3.3 Antioxidant markers and laboratory findings

Among the four antioxidant markers, PRX4 was significantly associated with hematological markers. Neutrophil count and neutrophil-lymphocyte ratio (NLR), both reflective of systemic inflammation, were significantly higher in the low-PRX4 group than those in the high-expression group (neutrophil count: 5.6 vs. 4.3, p = 0.027; NLR: 4.3 vs. 2.6, p = 0.003). No significant differences in laboratory findings were observed for the other antioxidant markers (Table 3).


Table 3 | Correlation of antioxidants with laboratory features.
	Variable
	SOD
	
	GPx
	
	PRX4
	
	Trx
	


	Low (19)
	High (51)
	p
	Low (n=18)
	High (52)
	p
	Low (18)
	High (52)
	p
	Low (17)
	High (50)
	p



	WBC
	7.5 [6.0; 9.4]
	6.6 [5.7; 8.7]
	0.23
	7.1 [5.9;10.8]
	6.9 [5.6; 9.1]
	0.51
	7.5 [6.4; 9.4]
	6.6 [5.2; 9.1]
	0.13
	7.6 [6.9;10.1]
	6.6 [5.5; 9.1]
	0.07


	Hb
	11.9 [10.1;13.5]
	12.4 [10.2;13.6]
	0.88
	12.6 [10.0;13.3]
	12.1 [10.2;13.8]
	0.93
	11.8 [10.6;12.7]
	12.4 [9.9;13.9]
	0.66
	12.6 [9.7;14.3]
	11.8 [10.2;13.3]
	0.67


	PLT
	294.0 [235.0;331.5]
	259.0 [209.5;328.0]
	0.22
	269.5 [204.0;315.0]
	259.0 [222.5;331.5]
	0.6
	253.5 [204.0;318.0]
	275.5 [219.0;331.0]
	0.43
	259.0 [237.0;326.0]
	269.5 [215.0;330.0]
	0.91


	Neutrophil
	5.0 [3.9; 7.7]
	4.7 [3.1; 6.4]
	0.2
	5.5 [3.1; 8.1]
	4.7 [3.4; 6.0]
	0.43
	5.6 [4.8; 7.6]
	4.3 [3.1; 6.4]
	0.03
	5.6 [4.6; 7.8]
	4.8 [3.3; 6.8]
	0.12


	Lymphocyte
	1.4 [1.2;1.7]
	1.6 [1.1;1.9]
	0.5
	1.5 [1.0;1.9]
	1.5 [1.2;1.9]
	0.54
	1.3 [1.0;1.8]
	1.6 [1.3;1.9]
	0.17
	1.7 [1.3;1.9]
	1.4 [1.1;1.8]
	0.50


	NLR
	3.6 [2.5; 5.6]
	2.8 [2.2; 4.4]
	0.35
	3.7 [2.1; 6.2]
	2.9 [2.3; 4.3]
	0.27
	4.3 [3.6; 5.8]
	2.6 [2.0; 4.1]
	0.01
	3.8 [2.6; 5.4]
	3.0 [2.2; 4.5]
	0.29


	PLR
	228.3 [153.2;268.9]
	160.8 [132.7;269.7]
	0.41
	166.7 [131.3;335.4]
	200.0 [132.7;269.1]
	0.80
	209.0 [149.4;270.2]
	162.7 [128.9;273.6]
	0.53
	172.5 [140.5;263.8]
	209.0 [134.7;278.0]
	0.72


	CRP
	1.2 [0.5; 1.9]
	0.4 [0.3; 1.2]
	0.1
	0.9 [0.3; 1.8]
	0.4 [0.3; 1.5]
	0.42
	0.6 [0.3; 1.7]
	0.7 [0.3; 1.7]
	0.73
	0.6 [0.3; 1.1]
	0.7 [0.3; 1.8]
	0.84


	Albumin
	3.9 [3.5;4.2]
	3.8 [3.5;4.2]
	0.89
	3.8 [3.2;4.3]
	3.9 [3.5;4.2]
	0.69
	3.8 [3.7;4.2]
	3.9 [3.3;4.3]
	0.37
	4.2 [3.6;4.3]
	3.8 [3.4;4.3]
	0.57





GPx, glutathione peroxidase; SOD, superoxide dismutase; Trx, thioredoxin; PRX4, peroxiredoxin 4; WBC, white blood cell; Hb, hemoglobin; PLT, platelets; NLR, neutrophil-lymphocyte ratio; PLR, platelet-lymphocyte ratio; CRP, C-reactive protein.






3.4 The relationship between antioxidant markers and long-term prognosis

In the 5-year DFS analysis of SOD, no significant differences were observed between the high and low expression groups (76.8% vs. 63.3%, p = 0.48). Similarly, no significant differences in the 5-year OS were found between the groups (93.4% vs. 88.8%, p = 0.51). For PRX4, the low expression group showed a poorer 5-year DFS rate than the high expression group (54.1% vs. 79.3%), although this difference was not statistically significant (p = 0.11). Similarly, no significant differences were observed in the 5-year OS rates between the high- and low-PRX4 expression groups (94.4% vs. 91.4%, p = 0.48) (Figure 2). In the Cox regression analyses, CEA and poor tumor differentiation were identified as independent predictors of worse DFS (CEA: HR, 2.94; 95% CI, 1.02–8.51; p = 0.046; differentiation: HR, 14.71; 95% CI, 1.75–124.01; p = 0.013) (Table 4). For OS, poor differentiation remained the only significant prognostic factor (HR, 24.01; 95% CI, 1.50–384.9; p = 0.025). Antioxidant markers such as SOD and PRX4 showed no independent prognostic impact on DFS or OS in the multivariate models (Table 5).

[image: Four Kaplan-Meier line graphs compare survival rates by “low” and “high” groups for SOD and PRX4 over sixty months. Panels (a) and (c) show disease-free survival; (b) and (d) show overall survival, with p-values indicating no significant differences. Each graph includes a risk table.]
Figure 2 | Survival analysis based on SOD and PRX4 expression levels. (a) 5-year DFS by SOD expression. (b) 5-year OS by SOD expression. (c) 5-year DFS by PRX4 expression. (d) 5-year OS by PRX4 expression.


Table 4 | Cox regression analysis for DFS.
	Variable
	Category
	Univariable HR (95% CI)
	P-value
	Multivariable HR (95% CI)
	P-value



	SOD
	Low vs. High
	0.70 (0.26–1.90)
	0.488
	 
	 


	PRX4
	Low vs. High
	0.46 (0.18–1.21)
	0.116
	0.82 (0.27-2.46)
	0.724


	Age
	 
	1.02 (0.97–1.08)
	0.359
	 
	 


	CEA (ng/mL)
	≥5 vs. <5
	4.21 (1.55–11.41)
	0.005
	2.94 (1.02-8.51)
	0.046


	Stage
	III–IV vs. I–II
	2.99 (1.47–6.09)
	0.003
	2.27 (0.62-8.28)
	0.213


	Differentiation
	Poor vs. Well/Moderate
	37.07 (5.12–268.44)
	<0.001
	14.71 (1.75-124-01)
	0.013


	Adjuvant chemotherapy
	Yes vs. No
	2.22 (0.64–7.73)
	0.21
	 
	 





HR, hazard ratio; CI, confidence interval; SOD, superoxide dismutase; PRX4, peroxiredoxin 4; CEA, carcinoembryonic antigen.




Table 5 | Cox regression analysis for OS.
	Variable
	Category
	Univariate HR (95% CI)
	P-value
	Multivariate HR (95% CI)
	P-value



	SOD
	Low vs. High
	0.56 (0.09–3.33)
	0.519
	–
	–


	PRX4
	Low vs. High
	1.26 (0.14–11.30)
	0.836
	–
	–


	Age
	 
	1.03 (0.93–1.13)
	0.6
	–
	–


	CEA (ng/mL)
	≥5 vs. <5
	1.40 (0.23–8.40)
	0.715
	–
	–


	Stage
	III–IV vs I–II
	2.71 (0.30–24.28)
	0.374
	–
	–


	Differentiation
	Poor vs Well/Moderate
	24.01 (1.50–384.9)
	0.025
	24.01 (1.50–384.9)
	0.025


	Adjuvant chemotherapy
	Yes vs No
	0.68 (0.11–4.07)
	0.672
	–
	–





HR, hazard ratio; CI, confidence interval; SOD, superoxide dismutase; PRX4, peroxiredoxin 4; CEA, carcinoembryonic antigen.







4 Discussion

In line with our hypothesis, low antioxidant levels were associated with poor clinicopathological features, survival, and serological inflammatory markers in CRC. Low SOD expression was linked to a higher incidence of distant metastases. Similarly, low PRX4 expression was associated with more aggressive tumor characteristics, including a higher incidence of distant metastasis, poor differentiation, and advanced T4 stage. However, regarding survival outcomes, although Kaplan–Meier curves suggested a trend toward poorer 5-year DFS in the low SOD and PRX4 expression groups, Cox regression analysis did not confirm an independent association between these markers and survival outcomes. Additionally, the low PRX4 group showed elevated neutrophil counts and NLR, indicating a potential link between antioxidant depletion and the inflammatory tumor microenvironment.

SOD, a key enzymatic antioxidant, has been well-documented for its role in neutralizing ROS and maintaining cellular homeostasis. In our study, low SOD expression was associated with a higher rate of distant metastasis, supporting the hypothesis that reduced antioxidant defense contributes to cancer progression. This finding is consistent with previous studies showing that SOD dysregulation promotes oxidative stress, thereby facilitating the metastasis of various cancers. A study analyzing SOD levels in hepatocellular carcinoma tissues reported that reduced SOD expression was associated with older age, larger tumor size, multiple tumor nodules, vascular emboli, poorer OS, and recurrence-free survival (13). In contrast, an observational study by Warsinggih et al. (14) reported that serum SOD levels in patients with CRC were elevated compared to normal reference values. Moreover, higher SOD levels were significantly associated with older age and advanced TNM stages in patients with CRC. Unlike our study, which measured antioxidant levels in tumor tissues, this study assessed antioxidant levels in blood samples. This methodological difference and timing of the measurements may account for these discrepant findings.

PRX4, a unique member of the peroxiredoxin family, is localized in the endoplasmic reticulum and plays a critical role in detoxifying hydrogen peroxide (15). Previous studies have investigated the role of PRX4 expression in tumor progression and the prognoses of various malignancies (15, 16). However, studies on PRX4 expression in CRC remain limited. A study by Yi et al. (17) analyzed PRX4 expression levels in tissue samples from 15 patients with CRC who underwent curative resection and divided the expression levels into four grades. They reported that higher levels of PRX4 expression were associated with unfavorable prognostic factors, including greater depth of invasion, lymph node metastasis, and advanced Dukes stage. In contrast, our study showed that a low PRX4 expression level is associated with aggressive tumor characteristics and increased systemic inflammation. According to the findings of Isohookana et al. (18), a study on patients with pancreatic cancer reported that low expression of peroxiredoxin in tissue samples was associated with unfavorable clinicopathologic features, including larger tumor size, nodal involvement, and poor differentiation. Similarly, another study on patients with hepatocellular carcinoma demonstrated that low PRX4 expression in tissue samples was related to increased tumor growth and invasion and reduced OS, and high PRX4 expression was found to decrease ROS levels in tumor tissue and was associated with better OS (19). However, a dual role of PRX4 was suggested in their study, which revealed that PRX4 knockdown led to a rapid increase in intracellular ROS levels, inducing cell death, and shed light on PRX4’s complex role in cancer progression. Although PRX4’s role is not fully understood, our findings and those of other studies suggest that PRX4 may act as a potential prognostic biomarker and therapeutic target in CRC, reflecting its complex role in tumor progression. Meanwhile, our study demonstrated that low PRX4 expression was associated with elevated inflammatory markers, including neutrophil count and NLR, reflecting an established link between oxidative stress and systemic inflammation (20). Recent research has provided deeper insights into the mechanistic link between low PRX4 expression and systemic inflammation. Specifically, PRX4 deficiency has been shown to potentiate NF-κB signaling and promote the transcription of pro-inflammatory chemokines, thereby facilitating neutrophil infiltration and amplifying inflammatory responses in affected tissues. Large-scale clinical studies further support an inverse association between circulating PRX4 levels and the risk of inflammatory disease, highlighting its potential utility as a prognostic biomarker for systemic inflammation and adverse outcomes. These findings collectively suggest that reduced PRX4 expression may contribute to an inflammatory tumor microenvironment via the NF-κB–neutrophil axis in colorectal cancer (21, 22). However, given that tumor-associated inflammation is often chronic and multifaceted, the lack of association between other antioxidants and inflammatory markers in our study suggests that this relationship may not be directly reflected in all contexts. Further research is required to clarify the intricate interplay between antioxidants and systemic inflammation in patients with CRC.

These conflicting results on the relationship between antioxidants and tumors may be theoretically explained by the dual role of ROS in cancer. Reactive oxygen species are highly reactive molecules derived from oxygen and include superoxide anions (O2-), hydrogen peroxide (H2O2), and hydroxyl radicals (OH•). However, excess ROS levels can lead to alterations in the nuclear DNA, inducing mutations and genomic instability that promote cancer initiation. Furthermore, high ROS levels suppress the function of immune cells such as inhibitory T cells and natural killer cells, reducing the ability of the immune system to detect and eliminate early cancerous cells. Conversely, ROS can act as a double-edged sword by contributing to the elimination of cancer cells. Reactive oxygen species can inhibit cancer cell proliferation by suppressing proliferation-signaling pathways, cell cycle progression, and biosynthesis of nucleotides and ATP and by inducing cancer cell death. This is achieved through the activation of stress-related pathways including endoplasmic reticulum stress, mitochondrial apoptotic pathways, p53-dependent apoptosis, and ferroptosis, a form of cell death triggered by iron-dependent lipid peroxidation (23, 24). In a similar context, antioxidants play a dual role in cancer, exhibiting both tumor-suppressive and tumor-promoting effects (25, 26). During the early stages of cancer, antioxidants mitigate ROS-induced DNA damage, protect cells from mutations, and induce genomic instability. However, during tumor progression, elevated antioxidant enzyme expression, as part of the hierarchical interaction of antioxidant systems, enables cancer cells to adapt to elevated ROS levels and promotes survival under oxidative stress. This duality reflects the complex role of antioxidants in cancer. Furthermore, differences in measurement methods and timing may have contributed to variability in the study results, highlighting the need for further research to achieve a more precise understanding of the role of antioxidants in cancer.

Given the critical roles of antioxidant systems in cancer initiation, progression, and therapeutic resistance, there has been growing interest in developing therapeutic approaches that target antioxidants (4, 27, 28). One such example is NOV-002, a glutathione disulfide mimic that modulates redox signaling; it improves response rates in patients with advanced HER2-negative breast cancer when combined with standard chemotherapy (29). Similarly, L-asparaginase, an enzyme that depletes asparagine and indirectly reduces glutathione levels, has demonstrated efficacy in treating acute lymphoblastic leukemia and advanced pancreatic cancer when used in combination with other treatments (30). These examples highlight how targeting the antioxidant system can enhance therapeutic outcomes. However, further studies are required to confirm their broader applicability. On the other hand, a randomized controlled trial of antioxidant supplements, including beta-carotene; vitamins A, C, and E; N-acetyl cysteine; and, selenium, was conducted to evaluate their cancer-preventive effects. A meta-analysis that pooled these studies reported no overall preventive effects of antioxidant supplements on cancer risk (31). Despite these efforts, robust evidence supporting the therapeutic effects of antioxidants is lacking, highlighting the need for further research to clarify their roles and potential in cancer treatment.

This study had several limitations. First, the relatively small sample size may limit the generalizability of the findings, and the retrospective nature of the analysis may have introduced a selection bias. Second, this study was conducted at a single institution, which may limit the generalizability of the findings to a broader population. Third, the study did not include all antioxidant systems, such as other key enzymes, for instance, catalase, which may also play significant roles in cancer progression and redox regulation. Additionally, this study analyzed antioxidant expression at a single time point without considering the dynamic changes in expression levels or temporal trends over the course of disease progression. Finally, this study was designed to examine associations between antioxidant marker expression and clinical prognostic factors rather than to elucidate the underlying biological mechanisms; further mechanistic studies are warranted to clarify these relationships. However, this study has some notable strengths. We utilized a well-defined cohort of patients with CRC who underwent curative resection to ensure consistency in clinical and pathological data. By directly measuring antioxidant markers in tumor and normal tissues, this study provides concrete data on how these markers are associated with cancer progression and prognosis. Furthermore, to our knowledge, this is the first study to analyze tissue-level antioxidant markers in relation to both clinical outcomes and systemic inflammation in patients with CRC.

In summary, the low expression levels of these antioxidants were associated with aggressive clinicopathological features. Furthermore, low antioxidant levels have been linked to high systemic inflammatory status, suggesting that antioxidant depletion may contribute to CRC progression through both tumor aggressiveness and inflammation, underscoring the need for further research to elucidate these mechanisms. These results highlight the potential of SOD and PRX4 as supportive biomarkers for predicting unfavorable clinical features, while further studies are warranted to establish their prognostic utility in CRC.
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Characteristics Death cases, No. x10° (95% CI) ASMR per 100,000 people (95%  EAPC of ASMR, %
CI)

(95% CI)

1990 2021 1990 021 1990-2021
Global 2723 (1110-4289) | 79.99 (32.73-128.88) 0.78 (031-123) 0.96 (0.40-1.54) 0.76 (0.69-0.83)
Sex
Male 13.11(5.27-21.57) 39.19 (16.13-64.1) 0.87(035-142) 107 (0.44-1.75) 0.77(0.72-0.82)
Female 14,12 (5.83-22.25) 40.80 (16.96-65.21) 0.71(029-1.14) 087 (0.36-1.39) 070 (0.60-0.79)
SDI groups
igh SDI 7.83 (3.58-11.80) 2487 (10.72-38.33) 0.70 (032-1.07) 1.06(0.45-1.61) 145 (1.36-1.54)
High-middle SDI 4,89 (1.86-8.06) 11.43 (4.58-18.95) 0,57 (022-093) 059 (0.24-0.97) 0.11(0.04-0.18)
Middle SDI 7.92(295-13.16) 25.47 (9.85-4281) 0.94(035-159) 103 (0.40-1.73) 042 (0.36-0.47)
Low-middle SDI 435 (1.72-7.19) 13.26 (5.43-22.59) 0.84(032-140) 101 (0.41-1.72) 0.68 (0.65-0.72)
Low SDI 2,20 (0.89-3.66) 489 (1.97-8.49) 115 (0.46-1.92) 116 (0.44-2.02) 0.00 (~0.05 10 0.05)
GBD region
East Asia 6,16 (1.84-10.78) 1612 (5.18-28.75) 0.95 (030-167) 082 (0.26-1.43) ~0.57 (=0.70 to ~0.44)
Southeast Asia 1.68(0.52-3.13) 5.23 (155-10.12) 079 (0.25-148) 090 (0.27-1.74) 053 (0.48-0.58)
Oceania 0.03(0.01-0.05) 0.08 (0.03-0.15) 113 (0.32-2.10) 138 (0.43-2.50) 0.56 (0.47-0.66)
Central Asia 0.10(0.05-0.16) 0.31(0.15-048) 0.22(0.11-035) 041 (0.20-0.64) 134 (0.86-1.82)
Central Europe 0.49(023-0.77) 0.68(031-1.12) 0.35 (0.16-054) 029 (0.13-0.47) ~0.55 (~0.80 to ~0.30)
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Central Sub-Saharan Africa 0.29.(0.10-0.50) 0.59(021-1.07) 159 (0.55-2.76) 137 (0.45-2.54) ~0.76 (~0.87 to ~0.66)
Eastern Sub-Saharan Africa 112 (0.45-1.96) 263 (1.11-447) 1.81(0.70-3.15) 199 (0.81-3.37) 0.18(0.13-0.23)
Southern Sub-Saharan Africa 0.12(005-0.22) 0.34(0.14-059) 0,52 (0.19-093) 0,67 (0.26-1.19) 127 (0.95-1.59)
‘Western Sub-Saharan Africa 0.58 (0.19-1.02) 1.24(0.44-2.15) 0.80 (0.26-1.41) 077 (0.27-1.33) ~0.21(~030t0 ~0.13)

ASMR, age-standardized mortality rate; T2D-related CKD, chronic kidney disease due to diabetes melltus type 2; EAPC, estimated annual percentage change; CI, uncertainty intervl; C1,
confidence interval; SDI, socio-demographic index; GBD, Global Burden of Disease.
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Characteristics DALY cases, No. x10° (95% CI) ASDR per 100,000 people (95%  EAPC of ASDR, %
(o)}

(95% CI)
1990 2021 1990 2021 1990-2021
Global 798.26 (322.75-1,247.38) 1199::-;7'525::. = 20.55 (8.42-32.26) 23.21 (9.95-36.61) 0.47 (0.41-0.53)
Sex
Male 397.11 (162.06-642.07) l'mT i:;i:’usn 2245(926-3627) | 2549 (1072-40.90) 053 (0.48-0.58)
Female 401.15 (162.17-633.67) 980.33 (421.04-1,545.52) 19.06 (7.76-30.00) 21.24(9.13-33.47) 0.37 (0.30-0.45)
SDI groups
SDI 219.66 (102.02-333.64) 541.20 (234.39-830.25) 19.92(9.21-30.27) 26.48 (11.50-40.29) 1.05(0.97-1.13)
High-middle SDI 155.75 (62.29-245.39) 289.16 (117.29-466.91) 16.11 (6.39-25.55) 14.70 (5.96-23.77) ~0.30 (~0.36 to —0.24)
Middle SDI 229.50 (84.92-377.62) 656.54 (265.08-1,054.87) 22.81 (8.40-37.40) 24.46 (9.87-39.17) 0.34 (0.27-0.40)
Low-middle SDI 129.91 (51.28-208.95) 374.36 (156.64-628.27) 21.66 (8.39-35.07) 25.88 (10.81-43.48) 0.66 (0.62-0.70)
Low SDI 62.65 (24.92-103.25) 136.37 (56.00-233.05) 28.19 (11.42-46.20) 27.41 (11.32-46.78) —0.13 (=0.16 to =0.10)
GBD region
East Asia 175.25 (50.36-311.38) 396.71 (123.41-701.90) 21.51(6.33-37.83) 18.46 (5.75-32.68) ~0.45 (=059 to —0.31)
Southeast Asia 47.64 (14.38-84.81) 140.94 (44.68-259.24) 19.28 (6.13-34.36) 21.51 (6.85-39.70) 0.47 (0.41-0.52)
Oceania 0.86 (0.22-1.57) 2.40 (0.77-4.38) 28.15(7.59-51.39) 31.79 (9.99-57.16) 0.33 (0.25-0.41)
Central Asia 7.36 (3.71-11.22) 14.22(7.16-21.36) 15.57 (7.85-23.69) 16.80 (8.37-25.05) —0.09 (=0.34 10 0.17)
Central Europe 17.85 (9.01-26.58) 21.05 (10.85-33.16) 11.99 (6.10-18.00) 9.62 (4.95-15.10) —0.58 (=0.70 to —0.45)
Eastern Europe 3071 (14.09-45.58) 31.97 (15.91-48.33) 10.99 (5.08-16.43) 9.00 (4.48-13.60) =111 (=1.28 to —0.94)
High-income Asia Pacific 57.08 (29.92-84.08) 96.93 (43.80-145.72) 29.20 (15.28-43.02) 18.93 (8.98-28.32) =137 (=1.51 to —1.23)
Australasia 1.73 (0.80-2.64) 4.36 (1.94-6.89) 747 (3.44-11.52) 8.37 (3.70-13.03) 0.60 (0.35-0.84)
‘Western Europe 81.56 (37.21-126.68) 117.70 (52.84-183.08) 14.04 (6.41-21.64) 11.89 (5.35-18.39) —0.37 (~0.47 to =0.26)
Southern Latin America 14.94 (5.54-24.53) 21.15(8.61-33.75) 3257 (12.21-53.52) 24.26 (9.93-39.12) —0.61 (~0.92 to —0.30)
High-income North Am¢ 79.22 (31.92-122.66) 298.15 (114.21-458.53) 23.00 (9.35-35.74) 47.82 (17.94-73.13) 2.53(230-2.77)
Caribbean 8.11(3.35-13.08) 21.57 (9.69-36.12) 31.48 (12.93-50.63) 39.96 (18.02-66.79) 1.28 (1.11-1.45)
‘Andean Latin America 6.71(2.27-11.72) 25.76 (9.99-45.11) 3358 (11.37-58.71) 43.69 (16.77-76.52) 0.95 (0.76-1.15)
Central Latin America 23.58 (10.20-37.51) 114.05 (51.69-183.13) 28.83 (12.59-46.01) 44.94 (20.14-71.41) 1.97 (1.48-2.45)
“Tropical Latin America 31.21 (13.63-49.49) 95.99 (41.54-153.25) 3439 (14.81-54.83) 37.19 (16.04-59.24) 0.15 (=009 t0 0.38)
North Africa and Middle East 34.32(13.05-59.04) 84.42 (31.87-141.58) 2037 (7.78-35.35) 17.65 (6.78-29.90) —~0.48 (=0.55 to —0.41)
South Asia 121.19 (49.98-198.22) 377.97 (158.41-645.46) 21.25 (8.66-34.94) 25.33(10.52-43.10) 0.61 (0.53-0.68)
Central Sub-Saharan Africa 8.48(3.19-14.39) 17.81 (6.61-31.90) 3850 (14.00-65.95) 3262 (11.15-58.23) ~0.80 (~0.89 to —0.70)
Eastern Sub-Saharan Africa 28.03 (11.33-48.86) 63.95 (27.42-109.06) 39.33(15.91-69.14) 40.98 (17.42-69.45) 0.00 (=0.05 to 0.05)
Southern Sub-Saharan Africa 1462(180-7.91) 11.66 (4.88-19.76) 1667 (645-2941) | 1957 (8.21-33.40) 078 054-102)
Western Sub-Saharan Africa 17,81 (5.88-31.26) 20410557-6710)  2069(680-3596) | 208 (413381 | ~0.10(-0.1610-0.04)

T2D-relted CKD, chronic kidney discase due to diabetes mellius type 2 ASDR, Age-standardized DALY rate; DALY, isability-adjusted if year; CI, confidence nterval; EAPC, estimated
annual percentage change; SDI, socio-demographic index; GBD, Global Burden of Disease.
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Dietary risk Age-standardized death and DALY rate per 100,000  EAPC of dietary risk, % (95%
people (95% CI) Cl)

1990 2021 1990-2021

whole grains 0.12(0.03-0.21) 0.21(0.06-0.38) 1.88 (1.84-1.92)
Diet high in sodium 0.04(0.00-0.14) 0.08 (0.00-0.32) 2.08(1.98-2.18)
Diet low in fruits 0.15(0.05-0.27) 026 (0.09-0.48) 174 (1.70-1.79)
Diet loy vegetables 0.08 (0.02-0.17) 0.14 (0.04-0.32) 207 (1.99-2.14)
Diet high in processed meat 0.08 (0.02-0.15) 0.18 (0.05-0.31) 2.75(2.64-2.86)
Diet high in sugar-sweetened beverages 0.02(0.01-0.03) 0,06 (0.03-0.09) 378 (3.66-3.89)
Diet high in red meat 0.08 (0.00-0.18) 0.18 (0.00-0.39) 2.83(2.76-2.91)
DALY
Diet low in whole grains 3.49 (092-6.29) 530 (1.37-9.59) 141 (1.37-1.46)
Diet high in sodium 1.07 (0.07-3.89) 1.87 (0.04-7.59) 1.71(1.61-1.82)
Diet low in fruits 4.40 (1.64-7.74) 654 (2.42-11.73) 1.27(1.23-1.31)
Diet low in vegetables 2.15(0.53-4.41) 3.43(0.91-7.51) 1.59 (1.50-1.69)
Diet high in processed meat 2.81(0.72-5.00) 4.7 (1.21-8.29) 1.91 (1.81-2.01)
Diet high in sugar-sweetened beverages 0.67 (0.34-1.04) 1.69 (0.87-2.57) 3.25(3.15-3.35)
Diet high in red meat 244 (0.00-5.16) 456 (0.00-9.80) 224(216-232)

T2D-related CKD, chronic kidney disease due to diabetes mellitus type 2; DALY, disability-adjusted life year; CI, confidence intervals EAPC, estimated annual percentage change.
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Q1 Q2 Q3 Q4

N 6021 6658 5908 7632
Age, mean + SD (years) 50.068 + 18.013 50.934 £ 17.687 50.119 £17.233 48458 £ 16741 <0.001
Gender (%)
Male 2014(33.4%) 2,799(42.0%) 3,110(52.6%) 5,112(67.0%) <0.001
Female 4,007(66.6%) 3,859(58.0%) 2,798(47.4%) 2,520(33.0%)
Raceethnicity (%)
Mexican American 1,065 (17.7%) 1,335 (20.1%) 1,203 (20.4%) 1,590 (20.8%) <0.001
Other Hispanic 490 (8.1%) 619(9.3%) 574 (9.7%) 631 (8.3%)
Non-Hispanic White 2297 (38.1%) 2784 (41.8%) 2679 (45.3%) 3,682 (48.2%)
Non-Hispanic Black 1862 (30.9%) 1,540 (23.1%) 1,074 (18.2%) 1,165 (15.3%)
Other Race 307 (5.1%) 380 (5.7%) 378 (6.4%) 564 (7.4%)
Education (%)
Less than 9th grade 821(13.6%) 839 (12.6%) 673 (11.4%) 624 (8.2%) <0.001
9-11th grade 1,117 (18.6%) 952 (14.3%) 757 (12.8%) 846 (11.1%)
High school graduate/
e 1,580 (26.2%) 1,612(24.2%) 1,305 (22.1%) 1617 (21.2%)
Some college or
sock egree 1677 (27.9%) 1994 (29.9%) 1774 (30.0%) 2239 (29.3%)
College graduate or
e 705 (11.7%) 1,156 (17.4%) 1320 (22.3%) 2203 (28.9%)
Not recorded 121 (2.0%) 105 (1.6%) 79 (1.3%) 103 (1.3%)
PIR
Low 2473 (41.1%) 2076 (31.2%) 1,677 (28.4%) 1882 (24.7%) <0.001
Middle 1784 (29.6%) 2,206 (33.1%) 1799 (30.5%) 2229 (29.2%)
High 1,258 (20.9%) 1830 (27.5%) 1944 (32.9%) 2966 (38.9%)
Not recorded 506 (8.4%) 546 (8.2%) 488 (8.3%) 555 (7.3%)
Marital status
Married 2597 (43.1%) 3473 (522%) 3307 (56.0%) 4,586 (60.1%) <0.001
Single 2756 (45.8%) 2,585 (38.8%) 2063 (34.9%) 2324 (30.5%)
Living with a partner 477 (7.9%) 421 (6.3%) 417 (7.1%) 564 (7.4%)
Not recorded 191(3.2%) 179 27%) 121 (20%) 158 (2.1%)
Smoking
Yes 2,883 (47.9%) 2,854 (42.9%) 25556 (43.3%) 3,128 (41.0%) <0.001
No 3,099 (51.5%) 3,774 (56.7%) 3330 (56.4%) 4,470 (58.6%)
Not recorded 39 (0.6%) 30 (0.5%) 22(0.4%) 34 (0.4%)
Drinking
Yes 3,264 (54.2%) 3737 (56.1%) 3645 (61.7%) 4,921 (64.5%) <0.001
No 2756 (45.8%) 2920 (43.9%) 2,260 (38.3%) 2710 (35.5%)
Not recorded 1(0.0%) 1(0.0%) 3(01%) 1(0.0%)
Hypertension history
Yes 2550 (42.4%) 2706 (40.6%) 2,298 (38.9%) 2653 (34.8%) <0.001
No 3,440 (57.1%) 3926 (59.0%) 3,601 (61.0%) 4,965 (65.1%)
Not recorded 31(0.5%) 26 (0.4%) 9(0.2%) 14(0.2%)
Diabetes status
Diabetes 884 (14.7%) 972 (14.6%) 788 (13.3%) 856 (11.2%) <0001
No 4975 (82.6%) 5,544 (83.3%) 4968 (84.0%) 6,593 (86.4%)
Prediabetes 157 (2.6%) 138 (2.1%) 147 (25%) 183 (2.4%)
Not recorded 5(0.1%) 4(01%) 5(0.1%) 0(0.0%)
OW/OB
Overweight 2,489 (41.3%) 3,083 (46.3%) 2877 (48.7%) 4,255 (55.8%) <0.001
Obesity 3,532 (58.7%) 3575 (53.7%) 3,031 (51.3%) 3377 (44.2%)

GED, general equivalent diploma; PIR, the ratio of family income to poverty. Continuous variables were presented as mean + standard error, and categorical variables were reported as
numbers (percentages).
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Age 34(25,38)
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tes the differences before and after

intervention within the group. p, indicates the differences between groups after intervention. p, indicates the differences between the changes. Individuals in the placebo (1 = 40) and the
synbiotic group (1 = 40) were administered for BMI, body fat percentage, waist, hip, and soft lean mass. Individuals in the placebo (n = 35) and the synbiotic group (1 = 32) were administered
for serum lipids, hormone, and antioxidant indexes.
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Placebo group Synbiotic group

Change ©

Subgroup! (n=9) (n=12)

BMI (kg/m?) ~0.14£063 034 ~025+082 029 072 048
Body fat percentage (%) 019214 051 ~146 £ 1.86 0.02 057 0.08
Waist (cm) 033324 082 -269£429 0.07 057 0.09
Hip (cm) -133£269 0.18 ~3.69+3.99 0.006 076 014
Soft lean mass (%) 0874035 001 1412174 0.01 099 056
TG (mmol/L) 0224077 0.39 ~0.17£0.28 0.05 076 015
TC (mmol/L) 0204060 031 ~030+0.64 0.12 0.16 0.07
LDL-C (mmol/L) 0044044 081 ~041+048 0.01 005 0.04
HDL-C (mmol/L) 00540.11 024 ~007+0.14 0.09 049 0.09
Subgroup2 (n=14) (n=16)

BMI (kg/m?) 0,09+ 064 0.63 ~030+0.74 018 070 037
Body fat percentage (%) ~0684123 002 ~135 181 0.004 098 019
Waist (cm) 014503 092 ~219£3.02 001 021 0.08
Hip (cm) ~15+336 0.05 ~156+1.67 0.002 081 095
Soft lean mass (%) 096134 0.03 126168 001 075 062
TG (mmol/L) 019037 0.03 0012033 092 031 013
TC (mmol/L) ~0.03£040 070 0.07£036 047 027 043
LDL-C (mmol/L) ~005+035 057 ~002£029 085 043 082
HDL-C (mmol/L) ~0.11£0.14 0.001 0002015 095 032 0.02

BMI, body mass index; TG, triglyceride; TC, total cholesterols LDL-C, low densiy lipoprotein cholesterol; HDL-C, high density lipoprotein cholesterol; subgroup!, obese individuals with
abnormal LDL-C; subgroup?, obese individuals without dyslipidemia. p, indicates the differences before and after intervention within the group. p indicates the differences betuween groups
after intervention. p, indicates the differences between the changes.
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All-cause mortality Cardiovascular mortality

HR (95% CI) P-value HR (95% CI) P-value

Age

<60 0.987(0.977-0.998) 0022 0.979(0.960-0.998) 0029

>60 0.986(0.950-0.992) <0.001 0.984(0975-0.993) 0001
P for interaction 0.080 0039
Gender

Male 0.988(0.981-0.996) 0.002 0.988(0.977-0.999) 0031

Female 0.984(0.976-0.993) <0.001 0.977(0.964-0.990) 0001
P for interaction 0550 0.182
Race

Mesican American 0.991(0.976-1.006) 0.222 0.989(0.966-1.013) 0359

Other Hispanic 1.002(0.974-1.031) 0.894 1.006(0.962-1.052) 0787

Non-Hispanic White 0.984(0.977-0.991) <0.001 0.982(0971-0.992) 0001

Non-Hispanic Black 0.986(0.973-0.998) 0027 0.977(0.958-0.996) 0016

Other Race 0.989(0.955-1.025) 0549 1.027(0.965-1.094) 0401
P for interaction 0.257 0361
Education

Less than 9th grade 0.995(0.981-1.008) 0421 0.992(0974-1.011) 0431

9-11th grade 0.986(0.974-0.999) 0035 0.988(0.970-1.008) 0238

High school graduate/GED 0.993(0.982-1.003) 0.183 0.997(0.950-1.013) 0,696

‘Some college or associate

degee 0.981(0.970-0.992) 0.001 0.968(0.950-0.985) <0001

College graduate or above 0.976(0.962-0.990) 0.001 0.966(0.94-0.988) 0.002
P for interaction 0055 0014
Marital status

Married 0.987(0.979-0.994) 0.001 0.988(0.977-1.000) 0.048

ingle 0.986(0.978-0.994) 0.001 0.979(0.966-0.991) 0001

Living with a partner 0.992(0.961-1.024) 0629 0.985(0.926-1.047) 0630
P for interaction 0.967 0,689
Poverty to income ratio

Low 0.990(0.981-0.998) 0018 0.983(0970-0.997) 0013

Middle 0.986(0.977-0.995) 0.002 0.988(0.975-1.002) 0.083

High 0.982(0.971-0.993) 0.001 0.975(0957-0.993) 0007
P for interaction 0.166 0143
Smoking

Yes 0.988(0.981-0.995) 0.001 0.986(0.975-0.998) 0017

No 0.985(0.977-0.994) 0.001 0.981(0969-0.994) 0,003
P for interaction 0870 0301
Drinking

Yes 0.985(0.978-0.992) <0.001 0.977(0.966-0.988) <0001

No 0.985(0.980-0.997) 0.005 0.992(0979-1.004) 0178
P for interaction 0560 0.135
Hypertension history

Yes 0.984(0.977-0.991) <0.001 0.579(0.497-0.675) <0.001

No 0.990(0.982-0.999) 0030 0.456(0.36-0.568) <0.001
P for interaction 0843 0900
Diabetes status

Diabetes 0.993(0.982-1.004) 0.205 0.988(0.972-1.005) 0172

No 0.984(0.978-0.990) <0.001 0.982(0972-0.992) <0001

Prediabetes 0.990(0.960-1.022) 0535 0.975(0929-1.024) 0308
Pfor interaction 0411 0801
Ow/0B

Overweight 0.981(0.974-0.989) <0.001 0.535(0.449-0.639) <0001

Obesity 0.990(0.982-0.998) 0014 0.538(0.450-0.644) <0.001
P for interaction 0.002 0017

The stratified analysis was performed using the fully adjusted model (Model 3).





OPS/images/fnut-12-1532961/crossmark.jpg
©

2

i

|





OPS/images/fnut-12-1532961/fnut-12-1532961-g001.jpg
UNITS
Pounds, Ounces, or Percent as Indicated

SEED OILS
(Units: Pounds/Person/Year YEAR) \

0 e 1 .
1909 1920 1930 1940 1950 1960 1970 1980 1990 2000 2010 2020

© Cate Shanahan, MD

T2 DIABETES & PREDIABETES
(Units: Percent of US Adults)

—— SATURATED FAT
(Units: Pounds/Person/Year YEAR)

CARB, INCLUDING SUGARS
. (Units: Ounces/Person/Day)

+~———— RED MEAT

(Units: Ounces/Person/Day)





OPS/images/fnut-12-1532961/fnut-12-1532961-g002.jpg
THE “HATEFUL EIGHT OILS”

CORN SOy
CANOLA SUNFLOWER
COTTONSEED SAFFLOWER
RICEBRAN GRAPESEED

NOTE: Not all seed oils require
refining. Seed oils such as peanut
and sesame that are gently extracted
are nutritious.

REQUIRES REFINING TO BE SAFE
FOR CONSUMPTION

Removes gums, improves shelf
life, prevents clumping

Removes soaps, caustic free fatty
acids, and raises smoke point

Removes foul tasting impurities
and unwanted pigments

Removes indigestible waxes,
improves shelf life, prevents
settling

Removes malodorous aldehydes
and potentially toxic oxidized and
peroxidized PUFAs

CRUDE SOY OIL
(Inedible)

CRUDE OIL

Degumming

Bleaching

=

Dewaxing

-

Deodorization

REFINED OIL

WHY THESE EIGHT OILS ARE
UNIQUELY TOXIC: Polyunsaturated
fatty acids (PUFA) are unstable. While in
the seed they are protected. The
refining removes protective factors and
initiates smoldering oxidation reactions
that cannot be stopped. The eight
refined oils continue to develop toxic
lipid oxidation products (LOPs) that we
eat.

CONTAMINATED WITH

+ Oxidized & Peroxidized PUFA
+ Caustic Free Fatty Acids

+ Indigestible Waxes & Soaps

Also removes brain-critical
nutrients such as choline and
phospholipids

Also removes vitamin e and
protective antioxidants

Also removes protective
phytosterols

Also removes oxidation-resistant
saturated fatty acids

Also creates trans isomers and
removes the remaining sterols
vitamin e (vitamin e can be
recovered and added back)
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Exposure Modell Model2 Model3
All-cause death
oBs 0.977(0.972-0.982) <0.001 0.975(0.970-0.980) <0.001 0.985(0.980-0.991) <0.001
OBS quartile
Ql Reference Reference Reference
Q 0.917(0.840-1.002) 0055 0.824(0.754-0.900) <0.001 0.916(0.833-1.007) 0070
Q3 0.817(0.744-0.898) <0.001 0.761(0.691-0.838) <0.001 0.856(0.772-0.949) 0.003
Q4 0.650(0.591-0.714) <0.001 0.646(0.585-0.713) <0.001 0.783(0.704-0.870) <0.001
Cardiovascular death
oBs 0.973(0.966-0.950) <0.001 0.971(0.963-0.979) <0.001 0.983(0.974-0.992) <0.001
OBS quartile
Q Reference Reference Reference
Q 0.918(0.803-1.050) 0212 0.816(0.713-0.934) 0.003 0.920(0.796-1.062) 0.255
25} 0.763(0.665-0.877) <0.001 0.728(0.632-0.840) <0.001 0.815(0.700-0.948) 0.008
Qi 0.568(0.486-0.663) <0.001 0.570(0.484-0.670) <0.001 0.705(0.592-0.839) <0.001

Model 1 was unadjusted: Model 2 adjusted for age, ace, and sex; and Modiel 3 further adjusted for age, sex, race, education level, marital status, poverty-to-income ratio, alcohol consumption,
smoking status, history of hypertension, and history of diabetes.





