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Editorial on the Research Topic
 Nutritional epidemiology: advances in the analysis of healthy and sustainable dietary patterns




There is growing interest in healthy, sustainable dietary patterns and food system transformation due to the intersection of human health, social equity, and environmental sustainability. Healthy diets not only prevent chronic diseases but also modulate mechanisms of biological aging and metabolic function through pathways involving lipid metabolism, body composition, and systemic inflammation. The studies presented in this Research Topic address these dimensions from a multidimensional perspective, integrating metabolic and microbiome biomarkers with ecological and social indices that assess the sustainability of food systems.

Chen et al. demonstrated that higher adherence to the Planetary Health Diet Index (PHDI) was associated with a lower risk of sarcopenia. This relationship is partially mediated by an improved lipid profile, highlighting the potential of sustainable diets to preserve muscle mass and support metabolic health across the lifespan. Similarly, Wei et al. showed that adherence to healthy dietary patterns, such as AHEI, DASH, or MEDI, was associated with slower biological aging and a lower risk of kidney stones, underscoring that overall diet quality can directly influence physiological processes related to longevity.

Furthermore, Liu et al. and Long et al. presented compelling evidence that the gut microbiota serves as a key mediator between diet, metabolism, and cardiovascular health, drawing on the newly developed Dietary Index for Gut Microbiota (DI-GM). Both studies reported that greater microbial diversity, reflecting better dietary quality, was inversely associated with metabolic syndrome and cardiovascular-kidney-metabolic (CKM) syndrome, with BMI emerging as an essential mediator. These findings position the DI-GM as an innovative dietary biomarker that integrates metabolic health and dietary sustainability by modulating the gut microbiota.

The environmental dimension of dietary sustainability also occupies a central place in this Research Topic. Conrad et al. modeled the ecological impacts of replacing different protein sources among U.S. adults. They reported that replacing beef with pork markedly reduced greenhouse gas emissions and land use, whereas substituting legumes or poultry with pork increased environmental impacts. Recent evidence highlights the critical role of aquatic foods, particularly fish and seafood, in advancing both human and planetary health (4). These findings reveal that sustainability outcomes depend on the type of food substitution, emphasizing the need for more precise food policies that balance health and environmental goals.

Complementarily, Contreras-Núñez et al.. developed the Sustainability Diet Index (S-DI), a multicriteria decision analysis tool applied to institutional menus that integrates the nutritional, environmental, and social dimensions of food choices. This tool demonstrated that menus containing local ingredients and a lower proportion of animal-based foods achieved the highest sustainability scores. The S-DI thus emerges as a practical framework for translating sustainability principles into the culinary field and collective food services. In addition, the updated EAT–Lancet Commission on healthy, sustainable, and just food systems report says that healthy and sustainable diets should be predominantly plant-based, but with flexibility to include moderate amounts of animal-sourced foods, such as fish, dairy, and eggs, according to cultural and nutritional contexts (1).

The social dimension of sustainability is illustrated in the study by Cisneros-Vásquez et al., who reported that food insecurity persists even in high-income countries, disproportionately affecting adolescents from immigrant or low-education families. This evidence underscores the urgent need to integrate food justice and equitable access within the global agenda of sustainable nutrition. Research in nutritional epidemiology must incorporate new approaches, such as qualitative or mixed-method designs, that allow for a more multidimensional understanding of diet and sustainability (2).

Finally, the meta-analysis conducted by Mo et al. reaffirmed the association between plant-based dietary patterns and longevity, showing that greater adherence to healthy plant-based diets was associated with lower total and cardiovascular mortality. In contrast, unhealthy plant-based diets increased mortality risk.

The studies included in this Research Topic demonstrate significant progress in developing integrative dietary indices that quantify the relationships among diet quality, metabolic wellbeing, and environmental sustainability. The PHDI operationalizes the concept of the planetary health diet by linking nutritional adequacy with ecological impact. The DI-GM, introduces a microbiota-centered perspective as a novel component for evaluating diet quality. Finally, the S-DI extends this approach to the culinary and institutional management sphere, integrating practical sustainability metrics into food service systems.

Future research should move beyond observational studies and toward public-level interventions capable of influencing population behavior. Importantly, this does not imply relying exclusively on randomized controlled trials. Pragmatic trials and quasi-experimental designs that draw on real-world observational data are equally necessary. Causal inference approaches can strengthen these designs by improving estimates of the feasibility, effectiveness, and scalability of modifying food environments, ensuring that sustainability is incorporated from study design to measurable outcomes.

It is essential to emphasize the importance of integrating nutrition and sustainability into public health policy. Together, these studies demonstrate that healthy and sustainable diets are fundamental for improving population health, reducing environmental degradation, and promoting social equity. Indices such as the PHDI, DI-GM, and S-DI help support the development of evidence-based public policies, as well as educational programs and transdisciplinary research aligned with the Sustainable Development Goals (3). The adoption of approaches such as those presented in this Research Topic may help drive food system transitions that are just, resilient, and health-promoting. By linking biological aging, metabolic regulation, and planetary boundaries, this Research Topic outlines a holistic pathway toward nutrition for planetary health, where dietary choices support the wellbeing of both people and the planet.
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A Commentary on
 Association between wine consumption and cancer: a systematic review and meta-analysis

by Lucerón-Lucas-Torres, M., Cavero-Redondo, I., Martínez-Vizcaíno, V., Bizzozero-Peroni, B., Pascual-Morena, C., and Álvarez-Bueno, C. (2023). Front. Nutr. 10:1197745. doi: 10.3389/fnut.2023.1197745




As suggested in the comment by Natella et al., the sentence in the abstract could be removed or reworded, as the meta-analysis does not support the idea that wine consumption offers protection against several types of cancer and may be confusing for the reader. This error has occurred because the abstract is very generic without specifying the association between wine and cancers one by one owing to the limited number of words allowed, but as mentioned in the commentary, in the full article, this problem does not exist. Although the pooled estimations for meta-analyses show no association, which is what the authors intended to convey, the lower ranges of the confidence intervals reflect an association that may be clinically useful, even if not statistically significant. Certainly, the current wording could lead to confusion in the interpretation of these results.

The comment authors pointed out a trend with the omission of meta-analyses for certain types of cancer, and they encourage the authors to clearly specify the types of cancer for which a meta-analysis was carried out and those for which it was not possible. The main reason for this limitation is the limited number of articles available for some cancers in particular. Despite this limitation, a graphical representation has been included for these specific cases, providing the reader with a visual summary of the risk of wine consumption with the available studies, even when a meta-analysis could not be performed. The intention of this graphical representation is to show where the trend in wine consumption and certain types of cancer is pointing so that future studies can support this trend. Substantial heterogeneity and publication bias were investigated and included in the study. In addition, limitations were included regarding the heterogeneity of the included studies in reporting alcohol exposure, as they differed in the methods used to measure wine consumption and did not report the specific volume of wine consumed. This lack of data has influenced the quality of our results because the associations between wine consumption and the development of different types of cancer could not be analyzed by type of wine, amount of wine consumed or sex.

Wine, in addition to ethanol, contains nutrients, micronutrients, proteins, and a large amount of phenolic substances that affect human health (1). The most beneficial components of wine are polyphenols, which are found in the solid parts of the grape, i.e., the skins, seeds, and stems (2). There are other components that are not polyphenols but also have positive effects on human health, such as melatonin or gallic acid (3, 4). Polyphenols have antioxidant, anti-inflammatory, anticarcinogenic, and antiaging effects (5), inhibit platelet aggregation, have vasorelaxant effects, modulate lipid metabolism, have neuroprotective effects (6), regulate the microbiota (7, 8), and even have chemopreventive effects, among many other benefits (9). Polyphenols include resveratrol, the polyphenol that has been analyzed the most thus far (10, 11). As a good polyphenol, resveratrol offers multiple benefits to the body by inhibiting LDL oxidation and suppressing platelet aggregation, has antiatherosclerotic properties, promotes vascular relaxation, and has endothelial protective functions. In addition, it regulates various substances, such as nitric oxide synthase, thioredoxin-1, hemeoxygenase-1, vascular endothelial growth factor, manganese superoxide dismutase, and caveolin-1, thus contributing to the prevention of oxidative stress (12, 13, 22). However, the role of resveratrol and flavonoids in health, as the commentary says, is still under study for several reasons, the first of which is from a pharmacological point of view: there is an interaction between resveratrol and certain drugs, such as oral anticoagulants, causing the drug to reach the blood in lower quantities (14, 15). On the other hand, at low doses, resveratrol acts as a cardioprotective agent, but at high doses, it induces apoptosis in cancer cells by exerting a death signal, depressing cardiac function, and increasing the risk of myocardial infarction (16). With respect to resveratrol in wine, previous evidence shows that the resveratrol dose in wine is at average levels of 7 mg L-1 in red wine and 0.5 mg L-1 in white wine (17); although resveratrol in the human body is well-absorbed, its free fraction in the blood is low and therefore has a low bioavailability compared with that reported in in vitro studies (18). In addition, evidence over the years has revealed multiple benefits of resveratrol in wine, as it is one of the most interesting polyphenols in wine, as it provides benefits for a wide range of medical problems by reducing oxidative stress and exerting anti-inflammatory and antimutagenic effects on diseases such as cancer (9).

On the other hand, although the article focuses on wine consumption, as is reflected in the wording of the article, and some data may indicate that wine consumption may have protective or beneficial effects on health, the comment authors believe it is important to highlight that it is still a type of alcohol and that, as such, it is necessary to draw attention to moderate consumption, but it is true that this work does not show any association, neither negative nor positive, so neither can report that wine consumption increases the risk of cancer. Notably, alcohol consumption is a risk factor for the development of this pathology, which, together with tobacco, may have a concomitant effect (19). Although the evidence is controversial and seems that the type of alcohol may also influence the development of this pathology (20), the authors want to stress that although the evidence reports that light-moderate consumption of wine may bring health benefits, caution should be exercised with its consumption, especially in at-risk populations. Therefore, we may highlight that we do not want to recommend wine consumption but rather synthesize the existing evidence on wine consumption, always remembering that safe consumption is zero, that inadequate consumption can be very harmful to health, for many pathologies and that a lifelong abstainer starting to consume can have very detrimental effects on one's health (21).

Finally, in addressing the last point about retracting this scientific article, the authors consider that it is not appropriate because, with our article, we have synthesized data from original studies on wine consumption and different types of cancer; the systematic review and meta-analysis have been carried out in a methodologically correct way, so we believe that it does not justify the article being retracted.
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Introduction: Little is known about the role of pork in sustainable diet patterns, given that it is often aggregated with other animal proteins or not evaluated at all. To address this gap, this study modeled the sustainability impacts of replacing different protein foods with pork in a nationally representative sample of adults in the United States (US).
Methods: Data on dietary intake, greenhouse gas emissions (GHGE), cumulative energy demand, water scarcity footprint, land, pesticides, fertilizer nutrients, food prices, and diet quality were obtained from publicly available repositories. A food substitution model was constructed to evaluate the change in each sustainability impact when 1–3 servings of beef, poultry, seafood, eggs, or legumes were replaced by pork.
Results: Modeled substitution of beef with pork was associated with reductions in GHGE, land, pesticides, and fertilizer nutrients by 11–35%, and substitution of seafood with pork was associated with reductions in cumulative energy demand by 6% and diet cost by <1%. All other substitutions led to an increase in sustainability impacts of up to 5%, including all outcomes associated with substituting poultry, eggs, and legumes with pork.
Discussion: The US federal government can play an important role in improving data collection methods that distinguish between pork and other meats. This can facilitate further research to evaluate sustainability trade-offs, which can inform clinical practice and public policy to support informed food choices for consumers.
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1 Introduction

Current food systems present challenges for all domains of sustainability, which include nutrition/health, environment, economy, and society. In the United States (US), less than 5% of the population meets dietary recommendations (1), which accounts for nearly half of all deaths from cardiometabolic diseases (2) and is the leading modifiable risk factor for overall mortality (3). Suboptimal diet quality also accounts for 11% of disability-adjusted life years (3) and nearly 20% of total direct medical costs (4). Healthier diets are often more expensive than less healthy ones (5) and are unaffordable for lower income minority groups (6), which has contributed to worsening disparities in diet quality (1) and healthcare costs (4). At the same time, the US food system places a heavy burden on the environment. It is responsible for nearly 20% of total national greenhouse gas emissions (GHGE) (7) and over 25% of land use and freshwater withdrawals (7). On a per capita basis, GHGE are over 70% higher in the US than the global average (8).

There is growing urgency among consumers (9), clinicians (10), policymakers (11), and other stakeholders (12) to identify sustainable food choices to stay within planetary boundaries. There is a heightened focus on dietary shifts within the protein foods group (12), given the wide range of sustainability impacts across different foods within this category (13). Prior modeling research has focused on replacing beef with poultry or plant proteins, or replacing animal proteins with plant proteins, which have resulted in higher diet quality and reductions in GHGE and diet cost (14–16).

However, less is known about the role of pork in sustainable diet patterns, given that it is often aggregated with other animal proteins or not evaluated at all (17). This oversight prevents a comprehensive understanding of how dietary shifts within the protein food category can impact sustainability outcomes, given that pork has a prominent place in US diets. Pork accounts for nearly 25% of daily intake of meat and poultry by weight (1.45 oz), and consumption has increased by 14% since 2014 (18). Pork also has a central place in consumer diets throughout the world, which is supported by US production and exports. Pork is the most consumed meat in the world, exceeding 115 million tons annually (19), and consumption is expected to grow by 8% by 2033 (20). The US is the third largest producer of pork, accounting for 11% of global production (21), and the second largest exporter of pork, accounting for 31% of exports (19).

Prior research has shown that pork consumption is associated with greater likelihood of meeting many micronutrient requirements (22), and has a higher digestible indispensable amino acid score (DIAAS) than most other protein foods (23). Pork also outperforms some other protein foods in other sustainability metrics (13, 17). For example, GHGE from pork (per kg of food) are 6-fold lower than for beef (13), and pork is the lowest cost protein food (per 50 g of protein) behind eggs and beans (17). Thus, further research is needed to evaluate whether replacing different protein foods with pork can improve sustainability outcomes.

To address this gap, the present study models the sustainability impacts of replacing beef, poultry, seafood, eggs, and legumes with pork in a nationally representative sample of US adults. Sustainability is comprehensively evaluated using multiple impacts to understand trade-offs, which include GHGE, cumulative energy demand, water scarcity footprint, agricultural land, fertilizer nutrients, pesticides, diet cost, and diet quality. This research can help inform important clinical and policy discussions related to diet sustainability in the US (11, 24).



2 Methods


2.1 Dietary data

Data on individual-level intake of foods and nutrients, as well as sociodemographic characteristics, were acquired from the National Health and Nutrition Examination Survey (NHANES), 2011–2018 (25). Data are collected continuously from approximately 5,000 non-institutionalized participants each year using a clustered, stratified, multi-stage sampling design, and data are released in two-year cycles (25). Some demographic groups are oversampled to increase reliability and precision for subgroup analysis (26). Dietary data collection is administered by a trained interviewer that uses the Automated Multiple Pass Method, a computer-assisted 24-h recall, to minimize participant burden and increase reliability and validity of the data (27, 28). Data from one day of dietary recall was appropriately used to estimate per capita intake (29).



2.2 Food categories and serving sizes

As part of the automated dietary recall procedure, each food (including mixed dishes) reported consumed by NHANES participants is automatically assigned an 8-digit numerical identifier (known as a food code) based on the predominant ingredient in that food, using the US Department of Agriculture (USDA) Food and Nutrient Database for Dietary Studies (FNDDS) (30). In the present study, the FNDDS food codes from 2011–2018 were used to group foods into the following protein dish categories: beef, pork, poultry, seafood, eggs, and legumes (Supplementary Table S1). Foods that are typically consumed in small amounts were excluded from these categories because their serving sizes are not comparable to other foods within these categories, such as bacon (beef, pork, and Canadian), dried beef, spareribs, cracklings, pork skin, and miscellaneous parts. Foods that contain multiple types of meat were also not assigned to a food category. However, this study included the sustainability impacts of all foods when estimating total daily per capita impacts. For each protein dish category, the median gram weight across all eating occasions for all foods was used to represent the median serving size (Supplementary Table S2).



2.3 Diet quality measurement

The Healthy Eating Index-2020 (HEI-2020) was used to measure diet quality because it measures adherence to the Dietary Guidelines for Americans (31). The HEI-2020 includes nine components to encourage (total fruit, whole fruit, total vegetables, greens and beans, whole grains, dairy, total protein foods, seafood and plant proteins, and the ratio of unsaturated to saturated fats) and four components to limit (refined grains, sodium, added sugars, and saturated fats). The intake of most components is energy-adjusted to 1,000 kcal, and is scored against predefined minimum and maximum values, with intermediate intakes scored proportionally (Supplementary Table S3). Each component is scored from 0–5 or 0–10, and higher scores represent more favorable intakes. For each participant, scores for all components are summed to generate a total score out of 100 (31).



2.4 Greenhouse gas emissions, cumulative energy demand, and water scarcity footprint

The database of Food Impacts on the Environment for Linking to Diets (dataFIELD) provided information on GHGE, cumulative energy demand (CED), and water scarcity footprint (WSF) for each food in NHANES (13, 32). These data were compiled from 321 food environmental life cycle assessments (LCA) published from 2005–2016 using a systematic review, which resulted in 1,645 combinations of food types and production scenarios (33). Data represent most regions of the world, with the majority from Europe (33). Nearly all studies accounted for agricultural production, 51% accounted for post-farmgate processing, 19% accounted for distribution and retail, and 6% accounted for the consumer-level impacts. For each food, environmental impacts from multiple studies were averaged and matched to commodities in the US Environmental Protection Agency (EPA) Food Commodity Intake Database (FCID), which provides information on the amount of approximately 500 commodity ingredients in each food in NHANES (34). The present study used an updated version of FCID that aligns with NHANES 2011–2018 (35).



2.5 Agricultural land, fertilizer nutrients, and pesticides

Foodprint 2.0 was used to estimate the agricultural resource requirements associated with individual-level diet patterns in NHANES (36). These agricultural resources include land (including all types of cropland and pasture land), fertilizer nutrients (sum of nitrogen, phosphorus-P2O5, potash-K2O, and sulfur), and pesticides (sum of herbicides, insecticides, and fungicides). Foodprint 2.0 is a biophysical simulation model that represents the US food system as a series of integrated processes. Embedded data and calculations are used to transform NHANES foods in their as-consumed forms into agricultural commodities and the agricultural resources needed to produce these commodities (Supplementary material 1). Foodprint 2.0 accounts for population size, international food trade, loss and waste, food composition, food processing conversions, livestock feed requirements, crop and livestock yields, availability of agricultural land, suitability of agricultural land for food production, multi-use crops (i.e., crops that are used to produce multiple products from equivalent mass), multi-use cropland (i.e., cropland used to produce multiple crops during different parts of the year), and application rates for fertilizer nutrients and pesticides. All parameters represent US national averages.



2.6 Diet cost

The USDA Economic Research Service (ERS) Purchase-to-Plate Price Tool (PPPT) provided information on prices for each NHANES food (37). These data were collected from retail checkout scanners and represent nearly 50% of all retail food sales in the US (38). USDA ERS staff matched these scanner data to NHANES foods using machine learning, and removed the cost associated with loss and waste so the final data reflect the cost associated with the consumed portion only (39).

Food prices from PPPT only represent food-at-home (FAH) prices and there are no publicly available data on national average food-away-from-home (FAFH) prices for each NHANES food. Therefore, PPPT assigns FAH prices for all NHANES foods regardless of whether participants reported consuming that food at home or away from home. This will severely underestimate total diet cost because consumers typically face higher prices for FAFH than FAH, and other data show that FAFH accounts for approximately 50% of consumer food expenditures (40). Therefore, the present study derived FAFH prices using a methodology previously demonstrated (5, 41) and described below.

Data on FAH and FAFH spending were acquired from the National Household Food Acquisition and Purchase Survey (FoodAPS) (42), and were used to derive a coefficient that converted FAH prices (from PPPT) to FAFH prices for each of the FAFH reported consumed by NHANES participants. From April 2012 through January 2013, FoodAPS used a multi-stage survey design to collect information from US households on the price of all purchased foods from receipts and scanned barcodes (42). Survey-weighted mean FAH and FAFH prices were estimated for each major food group (meat, poultry, seafood, eggs, dairy, fats and oils, fruits and vegetables, sweets, grains, non-alcoholic beverages, and other foods), and these were used to derive a coefficient that represents the ratio of FAFH-to-FAH prices for each food group. These coefficients were multiplied by the price of each FAFH in PPPT to estimate its FAFH price. For example, if the price of a given beef product was $3.50 (from PPPT), and if the mean price of FAFH beef was 3.17 times greater than the mean price of FAH beef (from FoodAPS), the adjusted price of that given beef product would be estimated as $11.11 ($3.50 × 3.17).



2.7 Impacts per gram and per serving

The price, GHGE, CED, WSF, land, fertilizer nutrients, and pesticides per gram of each NHANES food were calculated by dividing the total impacts associated with each food by its gram weight. The amount of each HEI-2020 component per gram of each NHANES food was also calculated in the same way. After accounting for food loss and waste (see below), these were multiplied by the median serving size (in gram weight) of each protein dish category to estimate the impacts per serving of each category (Supplementary Tables S4, S5).



2.8 Food loss and waste

Data on GHGE, CED, and WSF (from dataFIELD); and food prices (from PPPT); do not include the environmental impacts and cost associated with food that is lost and wasted at the retail and consumer levels. Not accounting for food loss and waste can underestimate consumer food demand (43), environmental impacts (44), and diet cost (41) by up to 37–42%. To fill these gaps, data on commodity-level loss and waste were acquired from the USDA Loss-adjusted Food Availability data system (LAFA) (45), and matched to commodities in the FCID, which links to NHANES. This procedure has been demonstrated previously (5, 41, 43, 44, 46, 47) and additional details on sources of uncertainty and embedded assumptions are described elsewhere (5, 47).



2.9 Diet modeling

A food substitution model was developed to estimate the effects of iteratively replacing 1–3 servings of each protein dish (beef, poultry, seafood, eggs, and legumes) with 1–3 servings of a pork dish on daily per capita sustainability impacts, which include GHGE, CED, WSF, land, fertilizer nutrients, pesticides, diet cost, and diet quality. Substitutions were performed separately for each protein dish. The serving size of each protein dish varied from 92 g (eggs) to 117 g (beef), so the serving size used for pork varied accordingly (Supplementary Table S2). For example, each serving of beef (117 g) was replaced by 117 g of pork, whereas each serving of poultry (110 g) was replaced by 110 g of pork. These substitutions were made based on observed serving sizes (i.e., from NHANES 24-h recalls) to reflect the observed quantity of dishes consumed during eating occasions in free living conditions, which increases generalizability. Substitutions were only made for whole servings. For example, participants who consumed 1.1 servings of beef at baseline experienced a one-serving substitution for pork, and participants who consumed 3.1 servings of beef experienced a three-serving substitution for pork. This modeling structure allows for discretionary intake of foods, which may be more practical in real-world settings than their complete elimination.



2.10 Sensitivity analyses

To evaluate the robustness of the modeling procedure, sensitivity analyses were used to understand whether recommended serving sizes (rather than observed serving sizes) produced different results. Each dish consumed by NHANES participants was assigned a serving size based on the Reference Amounts Customarily Consumed (RACC) established by the US Food and Drug Administration (FDA; Supplementary Table S2) (48).



2.11 Statistical analyses

Mean daily per capita GHGE, CED, WSF, land, fertilizer nutrients, pesticides, diet cost, and diet quality were estimated at baseline and after modeled substitutions. Means were estimated using linear regression models adjusted for energy intake (continuous) and NHANES survey cycle (continuous). Differences in mean impacts between baseline and modeled substitutions were tested using paired Wald tests at p < 0.0125 (Bonferroni correction: 0.05 ÷ 3 pairwise tests of same comparator): baseline vs. 1-serving substitution, 1-serving substitution vs. 2-serving substitution, and 2-serving substitution vs. 3-serving substitution. NHANES design variables and survey weights were used to account for the complex sampling design and to produce nationally representative estimates. Stata 16.1 (49) was used for data management and analyses.




3 Results


3.1 Participant characteristics

A total of 33,325 NHANES participants provided dietary data from 2011–2018. Participants were excluded from the analysis if they were < 20 y (n = 13,719), did not consume any dietary energy (kcal) (n = 1), or had ≥1 sustainability impact (GHGE, CED, WSF, land, fertilizer nutrients, pesticides, or diet cost) that was >3SD from the mean (n = 2,122). The final analytic sample included 17,483 participants. The mean age of participants was 48 y (Table 1), and more than half (55%) were female. The majority had an income-to-poverty ratio ≥ 1.86 (61%) and were Non-Hispanic White (65%).



TABLE 1 Characteristics of study participants, 2011–2018 (n = 17,483).
[image: Table presenting demographic characteristics with proportions and 95 percent confidence intervals: mean age 48.3 years, male 45.4 percent, female 54.6 percent, income-to-poverty ratio ranges and race or Hispanic origin categories with respective percentages and intervals.]



3.2 Environmental impacts: greenhouse gas emissions, cumulative energy demand, and water scarcity footprint

The mean daily intake (in servings) of beef, pork, poultry, seafood, eggs, and legume dishes at baseline and after modeled substitutions are presented in Supplementary Table S6. GHGE decreased when replacing up to 3 servings of beef (15% decrease) and seafood (<1% decrease) with pork (Figure 1A; Supplementary Table S7; p < 0.001 for all comparisons). Replacing up to 3 servings of poultry, seafood, eggs, and legumes with pork led to an increase in GHGE of up to 5%, with the greatest increase observed for poultry substitution (p < 0.001 for all comparisons). CED decreased when replacing up to 3 servings of beef (3% decrease) and seafood (7% decrease), and increased by up to 3% when replacing poultry, eggs, and legumes (Figure 1B; p < 0.001 for all comparisons). WSF decreased by up to 6% when replacing beef and increased by up to 1% when replacing each of the other protein foods (Figure 1C; p < 0.001 for all comparisons).

[image: Grouped image of six line charts labeled a to f, each showing percent change from baseline on the y-axis and servings on the x-axis. Charts compare beef, poultry, seafood, eggs, and legumes, with beef consistently showing the largest decrease and poultry the largest increase. The vertical scale and magnitude of changes vary across charts, with panels d and f showing a sharper decline for beef. A legend identifies line colors for each food group.]

FIGURE 1
 Percent change in mean daily (A) greenhouse gas emissions, (B) cumulative energy demand, (C) water scarcity footprint, (D) land, (E) fertilizer nutrients, and (F) pesticides at baseline and after modeled replacement of protein foods with pork, 2011–2018 (n = 17,483). All results were adjusted for energy intake (kcal) and survey cycle using linear regression models. Dashed horizontal line represents no difference. Solid lines that appear above the dashed line indicate that replacing a given protein food with pork led to an increase in environmental impacts, and solid lines that appear below the dashed line indicate that replacing a given protein food with pork led to a decrease in environmental impacts.




3.3 Agricultural resource use: land, fertilizer nutrients, and pesticides

Replacing up to 3 servings of beef with pork led to a decrease in land use, fertilizer nutrients, and pesticides by up to 35%, 11%, and 17%, respectively (Figures 1D–F; Supplementary Table S7; p < 0.001 for all comparisons). Substituting poultry, seafood, eggs, or legumes was associated with a ± 1% change in land use, fertilizer nutrients, and pesticides (p < 0.001 for all comparisons).



3.4 Diet cost and diet quality

Diet cost decreased by <1% when replacing beef or seafood with pork, and increased by up to 5% when replacing poultry, eggs, or legumes (Figure 2A; Supplementary Table S7). HEI-2020 scores decreased by up to 2% after replacing poultry with pork, and decreased by <1% after replacing beef, seafood, eggs, or legumes (Figure 2B). Each protein dish category represents a composite of all foods within that category, including foods with multiple ingredients. Thus, protein dish substitutions can lead to changes in intake of non-protein foods. Supplementary Table S8 and Supplementary Figure S1 show how these foods influence diet quality by evaluating the impact of protein dish substitutions on HEI-2020 component scores. Substituting 1–3 servings of each protein dish for pork was associated with lower intake of refined grains (up to 4% higher HEI-2020 component score), and greater intake of total protein (up to 2% higher score). For most protein dish substitutions, sodium intake increased (up to 9% higher score), saturated fat intake increased (up to 7% higher score, except lower scores for beef and eggs), unsaturated fat intake decreased (up to 7% lower score, except higher score for beef), and consumption of seafood and plant proteins decreased (up to 6% lower score). Smaller decreases in intake were observed for total vegetables and dairy (up to 2% lower score for each) after replacing each protein dish with pork.

[image: Side-by-side line graphs labeled a and b showing change from baseline versus servings for beef, poultry, seafood, eggs, and legumes. Graph a shows all food types trending slightly upward from baseline, with poultry and legumes increasing most. Graph b shows all types trending slightly downward, with poultry and legumes decreasing most. Color legend at the bottom identifies lines: beef in blue, poultry in red, seafood in purple, eggs in yellow, and legumes in green.]

FIGURE 2
 Percent change in mean daily (A) diet cost, and (B) Healthy Eating Index-2020 score at baseline and after modeled replacement of protein foods with pork, 2011–2018 (n = 17,483). All results were adjusted for energy intake (kcal) and survey cycle using linear regression models. Dashed horizontal line represents no difference. Solid lines that appear above the dashed line indicate that replacing a given protein food with pork led to an increase in diet cost or diet quality, and solid lines that appear below the dashed line indicate that replacing a given protein food with pork led to a decrease in diet cost or diet quality.




3.5 Sensitivity analyses

In sensitivity analyses, serving sizes were estimated using the RACCs published by the US FDA, which represent recommended serving sizes rather than observed serving sizes (48). In several cases, RACC serving sizes produced changes in magnitude compared to the main results (Supplementary Table S9). For beef substitutions, GHGE, land, and pesticides were up to 8% lower than the main results. For poultry, seafood, and egg substitutions, land, fertilizer nutrients, and pesticides were up to 9% higher than the main results. For all other cases, the change was ±1% compared to the main results.




4 Discussion

In this nationally representative study of over 17,000 US adults, modeled substitution of protein foods (beef, poultry, seafood, eggs, and legumes) with pork led to heterogeneous changes in sustainability impacts. The greatest changes were observed when beef was replaced with pork, which was associated with reductions in GHGE, land, pesticides, and fertilizer nutrients by 11–35%. Substituting seafood with pork led to reductions in CED by 7% and diet cost by <1%. All other substitutions led to an increase in sustainability impacts of up to 5%. These findings can help inform clinical, policy, and research discussions about sustainable diet patterns, which have previously not focused on the role of pork as a distinct protein food.

Despite the prominence of pork in consumer diets, it is often not disaggregated from beef in research and policy documents (17). This has led to gaps in knowledge about the role of pork in sustainable diet patterns, which limits policy action. Although some prominent food frequency questionnaires do distinguish between pork and beef (50), others do not (51). Pork and beef are grouped into the categories meat and cured meat in the Food Patterns Equivalents Database (FPED), which is relied upon by researchers to monitor the dietary intake of the US population (52). The implications are widespread, given that these findings are featured in the Dietary Guidelines for Americans, which informs all federal policies and programs (53). For example, pork and beef are aggregated into a single category in the USDA Thrifty Food Plan, which is used to calculate monthly benefits for over 40 million people that participate in the Supplemental Food Assistance Program (54).

The US federal government can play an important role in improving data collection methods that distinguish between pork and other meats. The National Strategy on Hunger, Nutrition, and Health (hereafter, the National Strategy), published by the White House in 2022, provides the justification for this effort (11). The National Strategy calls for a whole-of-society approach to improve the performance of the US food system on all domains of sustainability. It is divided into five thematic “pillars,” one of which is “Pillar 5-Enhance Nutrition and Food Security Research,” which recommends improvements to data metrics, data collection, and research that can be used to inform nutrition and food security policy (11). For example, it specifically calls for a new iteration of the National Household Food Acquisition and Purchase Survey (FoodAPS), last updated in 2013 (42), which provides novel information on community food environments and food spending. FoodAPS has been a critical data source for estimating diet costs (46), including for the present study. The National Strategy can also provide the impetus for refining FPED so that it disaggregates pork from other meats, and can be used to justify a much-needed update of the Food Intakes Converted to Retail Commodities Database (FICRCD) and the Food Commodity Intake Database (FCID) (55). The FICRCD (last updated in 2013) (56) and FCID (last updated in 2010) (34) are commodity ingredient databases that are used to disaggregate the ingredients in each NHANES mixed dish so they can be linked with sustainability impacts, and both of these disaggregate pork from other meats. Regular updates to these essential databases are needed to fill knowledge gaps about sustainable food substitutions, especially in the protein foods category.

The present study also has implications for clinical practice. We found that substituting pork for other protein foods was associated with lower intake of refined grains and modestly higher intake of protein, but increased intake of sodium. These findings are consistent with prior research that showed that pork consumers (all, fresh, and processed pork) were more likely to exceed the daily recommended intake for sodium (22). These findings demonstrate that pork is a carrier food that presents trade-offs for diet quality, and highlights the value of examining consumption of mixed dishes rather than individual foods, which reflects real-world eating conditions. Clinicians can play an important role in counseling their patients to modify their pork dishes to improve overall diet quality, which should focus on reducing sodium, or by replacing pork dishes with lower-sodium protein options. Pork is a common ingredient in processed meats, such as sausage, which typically contain high amounts of sodium, and are associated with elevated risk of cardiometabolic diseases and some types of cancers (57). Shifting to fresh pork, or to another lower-sodium protein option, may provide an opportunity to reduce sodium intake and improve overall diet quality.

At the same time, compared to non-pork consumers, those who consume pork (all types) are more likely to meet daily micronutrient recommendations for copper, iron, phosphorus, selenium, zinc, and most B vitamins (22). Compared to most other protein foods, pork is associated with greater digestible indispensable amino acid scores (DIAAS) (23) and greater postprandial bioavailability of essential amino acids in children and adults (58). Increasing pork consumption by one oz-equivalent per day was associated with up to 8% lower likelihood of any functional limitations among older adults (59). Pork is also the most affordable source of protein when measured as US$ per gram of protein, behind only beans and eggs (17), thus making it an economically accessible source of high quality nutrients.

Several recent studies have evaluated the health, environmental, and economic impacts of protein food substitutions, but these did not evaluate pork as a distinct food category (14–16). The present study fills this gap by showing that substituting different protein foods with pork can lead to heterogeneous changes in sustainability impacts. Reductions in sustainability impacts were only observed when beef was replaced by pork (11–35% lower GHGE, land, pesticides, and fertilizer nutrients) and when seafood was replaced by pork (7% lower CED and <1% lower diet cost). All other substitutions were associated with greater sustainability impacts of up to 5%, including all outcomes associated with substituting poultry, eggs, and legumes with pork.

Some of these findings differ from prior modeling research that showed that diet costs can theoretically be lowered while meeting energy and nutrient requirements if consumers chose the lowest price pork option rather than beef (60). This approach differs from the present study, which evaluated the price of pork products actually purchased by consumers, rather than the lowest cost option. Nevertheless, diet sustainability trade-offs are frequently observed in the research literature. For example, a recent review showed that a shift toward more environmentally friendly diets may lower the intake of some micronutrients (61). The Eat-Lancet diet, which was designed to represent healthy and sustainable diet patterns (62), has been associated with higher land use (63) and lower intake of some micronutrients (64), and is unaffordable for people living in lower income regions of the world (65). In the US, other research showed that higher diet quality was associated with higher amounts of food waste (47), food spending (5, 46), and some types of agricultural resources (43), and diets with lower GHGE have been associated with lower intake of some micronutrients (66). These trade-offs raise important questions for researchers, clinicians, policymakers, and other stakeholders about how to communicate this nuanced information to the public, and how consumers can use this information to make sustainable food choices in different contexts.

This study has several strengths. The dietary data were nationally representative, making these findings generalizable to the US adult population. Food substitutions were made on the basis of observed serving sizes, rather than recommended serving sizes, which reflects the real-world conditions in which individuals make food choices. Sensitivity analyses were used to test the robustness of this approach by using recommended serving sizes established by the US FDA, which revealed several differences in the results, although most of these were modest in scale (±5%). Finally, this study evaluated eight sustainability impacts that represent three of the four domains of sustainability (nutrition/health, environment, and economic), which allowed us to examine sustainability trade-offs.

This study also has several limitations. NHANES participants typically report consuming mixed dishes that contain multiple ingredients, so each dish was categorized according to its primary food component, and the sustainability impacts were averaged across all dishes within each category. Therefore, it is possible that the results were influenced by secondary ingredients in each dish (i.e., those that represented a smaller share of each dish on a weight basis). However, this reflects many real-world conditions in which consumers replace one type of dish with another type of dish, rather than substituting individual ingredients. For example, it is unlikely that most consumers would use pork rather than eggs in an omelet, although they may use pork rather than beef. There is also wide variation in sustainability impacts by cuts of pork (67), geographic conditions, and other factors (68) that could not be measured but may be an important avenue for future research. Finally, due to lack of data availability, some sustainability impacts could not be measured, including some environmental impacts (69), antimicrobial use (70), ethical treatment of animals (71), and forced labor (72).



5 Conclusion

Modeled substitution of different protein foods with pork led to heterogeneous changes in sustainability impacts. Reductions in sustainability impacts were observed when pork replaced beef (lower GHGE, land, pesticides, and fertilizer nutrients) and seafood (lower CED and diet cost). All sustainability impacts increased when pork replaced poultry, eggs, and legumes. This fills an important research gap because prior studies have typically not evaluated pork as a distinct protein food, and some major federal food policies do not distinguish pork from other meats. This limits consumers’ ability to make informed, sustainable food choices. The US federal government can play an important role in improving data collection methods that distinguish pork from other meats.
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A Corrigendum on
 Modeled sustainability impacts of increasing pork consumption among adults in the United States

by Conrad, Z., Repoulis, V., and Zavela, C. (2025). Front. Nutr. 11:1508601. doi: 10.3389/fnut.2024.1508601




In the published article, there was an error in Methods, Statistical analyses, paragraph 1. The incorrect sentence read as “Differences in mean impacts between baseline and modeled substitutions were tested using paired Wald tests at P<0.025 (Bonferroni correction: 0.05 ÷ 2 pairwise tests of same comparator): baseline vs. 1-serving substitution, 1-serving substitution vs. 2-serving substitution, and 2-serving substitution vs. 3-serving substitution.” This should have been written as “Differences in mean impacts between baseline and modeled substitutions were tested using paired Wald tests at P < 0.0125 (Bonferroni correction: 0.05 ÷ 3 pairwise tests of same comparator): baseline vs. 1-serving substitution, 1-serving substitution vs. 2-serving substitution, and 2-serving substitution vs. 3-serving substitution.”

The authors apologize for this error and state that this does not change the scientific conclusions of the article in any way. The original article has been updated.


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.

Copyright
 © 2025 Conrad, Repoulis and Zavela. 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: 20 January 2025
doi: 10.3389/fnut.2025.1518519








[image: image2]

Plant-based diets and total and cause-specific mortality: a meta-analysis of prospective studies

Qiwang Mo, Jizhongrong Wu, Yi Lu and Xiao Zhang*


Department of Urology, Shengzhou People’s Hospital (Shengzhou Branch of the First Affiliated Hospital of Zhejiang University School of Medicine, The Shengzhou People’s Hospital of Shaoxing University), Shengzhou, Zhejiang, China

Edited by
 José María Huerta, Carlos III Health Institute (ISCIII), Spain

Reviewed by
 Margherita Springer, Max Planck Institute of Psychiatry (MPI), Germany
 David Goldman, University of Helsinki, Finland

*Correspondence
 Xiao Zhang, zhangxiao202410@sina.com 

Received 28 October 2024
 Accepted 07 January 2025
 Published 20 January 2025

Citation
 Mo Q, Wu J, Lu Y and Zhang X (2025) Plant-based diets and total and cause-specific mortality: a meta-analysis of prospective studies. Front. Nutr. 12:1518519. doi: 10.3389/fnut.2025.1518519
 




Objective: The adherence to plant-based diets has been shown to positively impact longevity by reducing the incidence and severity of lifestyle-related diseases. Previous studies on the association of plant-based dietary pattern, as evaluated by plant-based dietary index (PDI), healthy plant-based dietary index (hPDI) and unhealthy plant-based dietary index (uPDI), with mortality risk have reported inconsistent results. We performed the present meta-analysis to summarize evidence on this association and to quantify the potential dose–response relationship based on all available cohort studies.
Methods: A comprehensive literature search and systematic review of relevant articles up to October 2024 was performed in PubMed and Scopus. The summary risk estimates (RR) with 95% confidence interval (CI) for the highest versus the lowest category of PDIs, hPDIs and uPDIs were calculated. Dose–response meta-analysis was also performed for studies reporting categorical risk estimates for at least three quantitative levels of PDIs, hPDIs and uPDIs.
Results: A total of 11 eligible cohort studies (13 datasets) were eventually included in this meta-analysis. Participants in the highest quintile of both the PDI and hPDI had a significantly decreased risk of all-cause mortality (pooled HRPDI = 0.85; 95% CI: 0.80–0.90; pooled HRhPDI = 0.86; 95% CI: 0.81–0.92) compared to participants in the lowest quintile. In contrast, the highest uPDI was associated with an increased risk of mortality (pooled HRuPDI = 1.20; 95% CI: 1.11–1.31). Dose–response meta-analysis showed that there was a non-linear relationship between PDI or hPDI level and all-cause mortality (p = 0.001 and p < 0.001 for non-linearity, respectively). No evidence of a non-linear relationship was observed for uPDI (p = 0.596 for non-linearity).
Conclusion: Greater adherence to PDI or hPDI dietary pattern was associated with a lower risk of mortality, whereas uPDI dietary pattern was positively associated with mortality risk. Thus, promoting a plant-based dietary pattern may be a key strategy in improving public health and reducing the burden of diet-related mortality.

Keywords
 plant-based diet; mortality; cardiovascular disease; cancer; cohort; meta-analysis


Introduction

In recent years, life expectancy has generally increased worldwide, driven by advances in healthcare, improved living conditions, and vaccination efforts. However, significant disparities persist between high-income and low-income regions (1). While non-communicable diseases (NCDs) such as cardiovascular disease (CVD), cancer, and diabetes are the leading causes of death globally, low-income countries still face high mortality rates due to infectious diseases, malnutrition, and inadequate healthcare infrastructure (2, 3). Additionally, emerging challenges, including climate change, pandemics, and an aging population, continue to influence mortality patterns and present ongoing public health concerns (4–6).

Dietary patterns play a critical role in determining mortality risk, influencing both all-cause and cause-specific outcomes (7). Understanding the long-term effects of various dietary patterns on health outcomes is essential for developing effective nutritional guidelines that promote public health and reduce preventable mortality. Diets rich in fruits, vegetables, whole grains, and nuts have been consistently associated with reduced risks of CVD, cancer, and other NCDs, thereby contributing to lower mortality rates (8). Conversely, dietary patterns high in processed foods, red and processed meats, added sugars, and unhealthy fats are linked to increased morbidity and mortality due to their association with obesity, hypertension, dyslipidemia, and chronic inflammation (9).

The adherence to plant-based diets or those emphasizing nutrient-dense, minimally processed foods has been shown to positively impact longevity by reducing the incidence of lifestyle-related diseases (9). In recognition of its significance, plant-based dietary indexes (PDIs) were introduced in 2016 as a tool to link a plant-based dietary pattern to health outcomes (10). These indexes use a graded scoring system for various food items and include three categories: (1) plant-based diet index (PDI), which assesses the consumption of plant-based foods while reducing intake of animal-based foods; (2) healthful plant-based diet index (hPDI), which assigns positive scores to nutritious plant foods (like whole grains, fruits, vegetables, nuts, and legumes) and negative scores to less healthy plant foods (such as refined grains and potatoes), as well as to animal-based foods; (3) unhealthful plant-based diet index (uPDI), which gives positive scores to less healthy plant foods and negative scores to healthy plant foods and animal foods. Recently, various studies (11–14) have attempted to assess the associations between PDIs and mortality risk with inconclusive results. Due to this inconstancy, our objective was to conduct a systematic review and meta-analysis of prospective studies to investigate whether adherence to the PDIs is associated with the risk of mortality.



Methods


Publication search

A comprehensive literature search was conducted in the PubMed and Scopus databases for articles published up to October 2024. The search algorithm included terms such as (“plant-based diet” or “plant based diet”) and (“mortality” or “survival” or “death”). Relevant publications were initially screened based on their titles and abstracts, and all studies meeting the eligibility criteria were retrieved. Reference lists from selected articles and reviews were also checked to identify additional relevant studies. No language restrictions were applied. This systematic review and meta-analysis was conducted following established quality standards for reporting meta-analyses (15, 16).



Study selection

The included studies met the following criteria: (i) the primary exposure was the PDIs (i.e., PDI, hPDI and uPDI); (ii) the outcome of interest was all-cause and cause-specific mortality; (iii) the study used a prospective cohort design; and (iv) relative risk (RRs) with corresponding 95% confidence intervals (CIs) were reported or could be calculated. Studies were excluded if they were reviews, meta-analyses, case reports, or non-human studies. Additionally, studies focusing on other exposures or diseases were not considered. If multiple studies reported data based on the same population, the publication with the largest sample size and longest follow-up was included in our meta-analysis.



Data extraction

Data extraction was conducted independently by two authors (Q.M. and X.Z.) using a predefined extraction form. From each study, the following information was collected: first author’s name, publication year, study location, study name, study population, sample size (number of participants and cases), participants’ age, dietary assessment, adjusted effect estimates for all exposure categories, and covariates considered in study design or data analysis.



Quality assessment

The quality of each study was independently evaluated by two authors (Q.M. and X.Z.) using the Newcastle-Ottawa Scale (NOS)1. Any disagreements were resolved through a joint review with a third author. The NOS assigns up to nine points per study, with scores of less than 8 indicating lower quality and scores of 8 or higher indicating high quality.



Statistical methods

The main outcome of our study was all-cause mortality. We also included information on CVD and cancer, which were the leading causes of death worldwide. The strength of the relationship between PDIs and mortality risk was measured using a pooled adjusted RR and its 95% CI estimated by a DerSimonian and Laird random effects model (17). Comparisons were made between the highest and lowest PDI score categories to assess the all-cause and cause-specific mortality risk.

A dose–response meta-analysis followed the methods of Greenland and Longnecker (18) and Orsini et al. (19). We included studies that provided at least three quantitative categories with the number of cases and person-years for each. For studies that only reported overall person-years, we estimated the distribution using the approach of Aune et al. (20). Median or midpoint values for each category were used to represent the dose. If the upper boundary of the highest category was unavailable, we estimated it based on the nearest category. To explore a potential non-linear dose–response relationship between PDIs and mortality, we used restricted cubic splines, with knots placed at the 25th, 50th, and 75th percentiles of the distribution (21). Non-linearity was tested by checking if the second spline’s coefficient was zero.

We assessed study heterogeneity using the Q statistic and the I2 score (22), with heterogeneity defined as low (I2 < 25%), moderate (I2 = 25–50%), or high (I2 > 50%). Meta-regression analysis explored possible sources of heterogeneity, and subgroup analyses were performed based on study region, sample size, and follow-up duration. Sensitivity analysis involved repeating the meta-analysis, excluding each study one by one. Potential publication bias was checked using Begg’s test (rank correlation method) (23) and Egger’s test (linear regression method) (24). All statistical analyses were conducted in STATA 12.0 (StataCorp, College Station, TX), with two-sided p-values.




Results


Literature search and study characteristics

Figure 1 presents the detailed process of literature review. A total of 11 eligible cohort studies (13 datasets) (11–14, 25–31) were eventually included in this meta-analysis aimed to comprehensively evaluate the relationship between PDIs and mortality risk. These studies were performed in Asia (n = 3), North America (n = 6), and Europe (n = 2). 977,763 participants were included in these studies published between 2019 and 2024. There were 184,160 death events, which was mainly confirmed by linking to National Death Index. Table 1 summaries the main characteristics of all included studies analyzed in this meta-analysis. NOS scores ranged from 7 to 9, with a median value of 8 (Supplementary Table S1).

[image: Flowchart showing study selection for a meta-analysis: 405 records identified from PubMed and Scopus, 386 excluded after title or abstract screening, 19 potentially relevant studies reviewed in full, 8 excluded for various reasons, and 11 studies included in final analysis.]

FIGURE 1
 Literature search and study selection.




TABLE 1 Main characteristics of the studies included in the meta-analysis.
[image: Data table listing epidemiologic cohort studies with columns for study citation, year, country, study name, number of cases, cohort size, average age, years of follow-up, and Newcastle-Ottawa Scale score for study quality.]



Main analyses

Participants in the highest quintile of both the PDI and hPDI had a significantly decreased risk of all-cause mortality (Figure 2, pooled HRPDI = 0.85; 95% CI: 0.80–0.90; pooled HRhPDI = 0.86; 95% CI: 0.81–0.92) compared to participants in the lowest quintile. In contrast, the highest uPDI was associated with an increased risk of mortality (pooled HRuPDI = 1.20; 95% CI: 1.11–1.31). In terms of the cause-specific mortality, comparing the highest versus lowest quintiles of the scores, greater adherence to PDI and hPDI was associated with a 19% (Table 2, HR = 0.81, 95% CI: 0.76–0.86) and 17% (HR = 0.83, 95% CI: 0.75–0.92) lower risk of CVD mortality, respectively. In contrast, an increased risk of CVD mortality was observed for uPDI (HR = 1.19, 95% CI: 1.07–1.32). A higher PDI was also associated with a lower risk of death from cancer (HR = 0.86, 95% CI: 0.77–0.96). However, the associations of cancer mortality with hPDI and uPDI were not statistically significant (Table 2).

[image: Three line graphs labeled A, B, and C display relative risk on the y-axis versus PDI, hPDI, and uPDI on the x-axis, respectively. In A and B, relative risk decreases as PDI and hPDI increase. In C, relative risk increases as uPDI increases. Each graph shows multiple lines with solid, dashed, and dotted styles indicating different data groups or confidence intervals.]

FIGURE 2
 Risk of PDI (A), hPDI (B), and uPDI (C) associated with all-cause mortality. Weights are from random effects analysis. RR, relative risk; CI, confidence interval.




TABLE 2 Associations between plant-based diet pattern and all-cause and cause-specific mortality risk.
[image: Table comparing the number of studies and pooled relative risk with ninety-five percent confidence intervals for all-cause, cardiovascular disease, and cancer outcomes across plant-based diet index (PDI), healthful plant-based diet index (hPDI), and unhealthful plant-based diet index (uPDI), showing lower risks for PDI and hPDI and higher risks for uPDI. Abbreviations are defined below the table.]



Additional analyses

We performed subgroup analyses for all-cause mortality based on geographical region (Europe vs. North America vs. Asia), number of participants (≥50,000 vs. <50,000), and duration of follow-up (≥10 years vs. <10 years). No significant interactions were observed for these factors in most analyses based on meta-regression models, except for follow-up year in uPDI analysis (Table 3). Sensitivity analysis was performed by ruling out each study in turn and repeating the meta-analysis for all-cause mortality. The association remained statistically significant after omitting any individual studies (Supplementary Figure S1). There was no obvious evidence of publication bias as shown in Begg’s funnel plot (Supplementary Figure S2). Dose–response meta-analysis showed that there was a non-linear relationship between PDI or hPDI level and all-cause mortality (Figure 3, p = 0.001 and p < 0.001 for non-linearity, respectively). No evidence of a non-linear relationship was observed for uPDI (p = 0.596 for non-linearity).



TABLE 3 Subgroup analyses of the association between plant-based diet pattern and all-cause mortality risk.
[image: Table summarizing subgroup analyses for PDI, hPDI, and uPDI, showing included studies, pooled relative risk with confidence intervals, P values, interaction P values, and heterogeneity statistics across geographical regions, participant numbers, and follow-up duration.]

[image: Three forest plots labeled A, B, and C show meta-analyses of different studies reporting risk ratios (RR), confidence intervals, and weighting. Each panel lists source studies on the left, plots squares representing point estimates with horizontal lines for confidence intervals, and a diamond icon for the overall summary effect. All panels note the use of random effects analysis and provide heterogeneity statistics.]

FIGURE 3
 Dose–response associations between PDI (A), hPDI (B) and uPDI (C) and relative risk for all-cause mortality. Red solid line and green dash lines represent point estimates and 95% confidence intervals for non-linear analysis; blue dash line represents point estimates for linear analysis.





Discussion

This comprehensive meta-analysis of cohort studies showed that higher adherence to a PDI and hPDI dietary pattern was linked to a reduced risk of overall mortality. In contrast, greater adherence to an uPDI was associated with an increased risk of all-cause mortality. A similar pattern emerged for CVD mortality. Our findings suggest that a plant-based diet-low in animal foods, sugary drinks, refined grains, and fruit juices-correlates with lower risks of both all-cause and CVD mortality. To our knowledge, this is the first meta-analysis to evaluate the impact of PDIs on mortality risk.

Our study strengthens the evidence supporting a beneficial link between plant-based diets, including healthful plant-based foods, and reduced mortality. We also highlight the increased risk of mortality associated with frequent consumption of unhealthful plant-based foods. A plant-based diet refers to an eating pattern that prioritizes foods derived from plants. It can vary in its degree of restriction and may not necessarily exclude animal products completely. Healthful plant-based foods refer specifically to the quality and nutritional value of the foods within the plant-based spectrum. Our findings emphasize that the quality of plant foods is just as important as the quantity of plant-based foods.

Several mechanisms may explain the potential associations between adherence to a plant-based diet or a healthy plant-based pattern and lower risk of mortality. Diets emphasizing whole plant foods, including fruits, vegetables, legumes, whole grains, nuts, and seeds, are rich in essential nutrients, antioxidants, and dietary fiber, which collectively contribute to a lower risk of chronic diseases such as CVD, diabetes, and certain cancers (32–34). Moreover, plant-based diets are associated with improved metabolic markers, reduced inflammatory markers, and healthier lipid profiles, all of which are critical in reducing the risk of premature death (35–37). On the other hand, diets low in plant-based components and high in animal products, particularly red and processed meats, have been correlated with higher mortality risk (38, 39).

A non-significant association between both the hPDI and uPDI and cancer mortality was observed in our study. This was unexpected, as previous research has linked high fiber intake and reduced consumption of red and processed meats with a lower risk of cancer mortality (40, 41). One explanation for this null association could be inaccuracies in the cause-of-death information on death certificates, especially concerning cancer. Another possibility is that participants diagnosed with cancer may have changed their dietary habits after their diagnosis. Furthermore, the presence of associations may vary depending on the specific type of cancer mortality being studied (42).

Our meta-analysis has several strengths. First, it included a large sample size and had substantial statistical power, with only prospective studies considered. Second, the methodological quality of the included studies was generally high, as assessed by the NOS. Third, we conducted both categorical and dose–response analyses, which enhanced the robustness and reliability of the results. Lastly, the PDI scores in each study were calculated using a consistent methodology, enhancing the comparability of the studies.

However, some limitations should be noted. First, while no significant publication bias was detected through Begg’s and Egger’s tests, there is still the possibility of bias, as smaller studies with null results may be less likely to be published. Second, variations in dietary assessment methods and cut-off points across the included studies could have affected the pooled results. Third, significant heterogeneity among the studies may reduce the overall strength of our conclusions. Lastly, meta-analyses may not fully address confounding factors that are present in the studies they include. The potential for unmeasured or residual confounding remains, which could influence the outcomes and limit the ability to draw definitive conclusions.

In conclusion, greater adherence to a PDI or hPDI dietary pattern was associated with a lower risk of all-cause and CVD mortality, whereas uPDI dietary pattern was negatively associated with mortality risk. Thus, promoting a plant-based dietary pattern may be a key strategy in improving public health and reducing the burden of diet-related mortality.
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SUPPLEMENTARY FIGURE S1 | Sensitivity analysis was performed whereby each study was omitted in turn and the pooled risk estimates were recalculated to determine the influence of each study. (A) PDI, (B) hPDI and (C) uPDI.



SUPPLEMENTARY FIGURE S2 | Evaluation of publication bias with a Begg’s funnel plot. (A) PDI, (B) hPDI and (C) uPDI.




Footnotes
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Background: This study aims to investigate the comprehensive association between healthy dietary patterns, biological aging, and kidney stones in a large population-based cohort.
Methods: We analyzed data from 6 cycles of NHANES surveys from 2007 to 2018 and included a total of 26,755 participants. The association was examined using logistic regression, restricted cubic splines, and a mediation model. Machine learning with Shapley Additive Explanations (SHAP) was used to determine the relative importance of dietary factors. Sensitivity analysis was conducted to validate the stability of the results.
Results: A higher healthy dietary score was significantly associated with a reduced risk of kidney stone prevalence, as indicated by the Alternative Healthy Eating Index (AHEI) (OR = 0.76, 95% CI 0.69–0.84), the Dietary Approaches to Stop Hypertension Index (DASHI) (OR = 0.67, 95% CI 0.58–0.77), the Healthy Eating Index 2020 (HEI-2020) (OR = 0.80, 95% CI 0.72–0.89), and the Mediterranean Diet Index (MEDI) (OR = 0.81, 95% CI 0.73–0.89). Conversely, higher aging indicators were associated with an increased risk of kidney stones, including the following: Klemera-Doubal Method Age (KDMAge) (OR = 2.40, 95% CI 1.70–3.37) and Phenotypic Age (PhenoAge) (OR = 2.36, 95% CI 1.75–3.19). Mediation analyses suggested that aging indicators significantly mediated the relationship between healthy dietary patterns and kidney stones. Machine learning with SHAP revealed the relative importance of dietary patterns and specific dietary components in this association. The sensitivity analysis was largely consistent with the primary analyses.
Conclusion: These findings provide valuable insights into the complex interplay between dietary patterns, biological aging, and the risk of kidney stone. Promoting healthy dietary patterns may be an effective strategy for kidney stone prevention, potentially through the modulation of biological aging processes.
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1 Introduction

Kidney stones are common urological disorders with a rising global incidence, particularly in developed countries (1–3). It is estimated that approximately 1 in 10 individuals will experience this ailment during their lifetime (4, 5). Beyond causing severe pain, kidney stones impose a substantial financial burden on healthcare systems worldwide, accounting for billions of dollars in annual medical costs and lost productivity (6, 7).

The pathogenesis of kidney stones is driven by a complex interplay of environmental and genetic factors, with dietary components playing a pivotal role (8). High sodium and protein diets, combined with inadequate water intake, are recognized as significant contributors to kidney stone formation (9–11). Consequently, dietary modifications, such as increased hydration and adjusted intakes of calcium and oxalate, have been recognized as fundamental strategies for reducing recurrence rates (12–14). Moreover, nutritional research favors dietary scores over discrete dietary components, as they provide a comprehensive understanding of dietary patterns and their health impacts (15). Globally, various dietary scores—including the Alternative Healthy Eating Index (AHEI), the DASH Index in serving sizes from the DASH trial (DASHI), the Healthy Eating Index 2020 (HEI-2020), and the and MED Index in serving sizes from the PREDIMED trial (MEDI)—are used to assess the complex interactions between dietary nutrition, disease risks, and metabolic disorders, with an emphasis on dietary recommendations (16). These findings highlight the necessity of rigorous research into the diet–kidney stone relationships to develop robust preventive and therapeutic interventions.

Moreover, the pathogenesis of kidney stones is closely related to chronic conditions such as obesity (17), diabetes (18), and cardiovascular disease (19), necessitating multifaceted health interventions for prevention and management. Age notably influences the progression of these conditions, as declining metabolic rates with advancing age change the body’s ability to process dietary minerals, potentially increasing the risk of kidney stone. Research confirms that biological age provides a more accurate representation of an individual’s physiological state than chronological age. Algorithms such as KDMAge and PhenoAge, which assess biological age based on clinical markers, have proven highly accurate in predicting morbidity and mortality rates (20–25). KDMAge and PhenoAge were chosen for their comprehensive assessment of biological aging and predictive power for chronic diseases. Their associated biomarkers, such as creatinine and albumin, are linked to kidney function and metabolic disturbances, suggesting potential relationships with kidney stone formation through mechanisms such as inflammation and oxidative stress. Despite data indicating a higher occurrence of kidney stones among individuals aged 20–40 years (26), large-scale studies examining the influence of biological age on kidney stones remain limited. Therefore, exploring the specific roles of dietary patterns and biological age in the risk of kidney stone is important for enhancing preventive and therapeutic approaches.

In this context, our study used the US National Health and Nutrition Examination Survey (NHANES) database to systematically investigate the association between healthy dietary patterns, biological aging, and the prevalence of kidney stones. The development of kidney stones is influenced by a variety of environmental factors, with dietary components playing a crucial role. However, the association between dietary factors and kidney stones remains unclear. This study aims to investigate the relationship between healthy dietary patterns, biological aging, and the prevalence of kidney stones in a large population-based cohort.



2 Methods


2.1 Study population and design

The National Center for Health Statistics (NCHS) conducts the NHANES research project, a nationwide study assessing the health and nutritional status of both adults and children in the United States. The study is overseen by the Centers for Disease Control and Prevention (CDC). The NHANES survey data are publicly accessible on the official webpage: https://www.cdc.gov/nchs/nhanes/about_nhanes.htm. Our analysis includes cross-sectional data gathered from six NHANES study cycles (2007–2018), which initially comprised 58,842 participants. A total of 24,163 individuals were excluded due to incomplete kidney stone questionnaire data. Subsequently, we excluded 7,924 individuals with dietary survey data. After these exclusions, a final sample of 26,755 individuals remained for additional research (Figure 1). Finally, a subsample was analyzed based on indicator data that were available again, comprising 16,143 individuals for KDMAge and homeostatic dysregulation and 16,563 individuals for PhenoAge. Since NHANES data were used for our investigation, and the NHANES procedures were previously approved by the NCHS Research Ethics Review Board (ERB) and the NHANES Institutional Review Board (IRB), no further approvals were required. The study adhered to the ethical principles outlined in the Declaration of Helsinki and was reported in accordance with the Strengthening The Reporting Of Cohort Studies in Surgery (STROCSS) criteria.
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FIGURE 1
 Flowchart of this study.




2.2 Aging indicators assessment

We measured biological aging utilizing the “BioAge” package with information from NHANES (27). This package computes three biological aging metrics: Klemera-Doubal Method (KDM) biological age (KDMAge), phenotypic age (PhenoAge), and homeostatic dysregulation, based on established biomarker algorithms. The KDM biological age forecast for an individual indicates the age at which their physiology is expected to align with typical norms. The KDM was assessed using the “Levine Original” KDM algorithm, which relies on chronological age and 10 biomarkers, namely total cholesterol, systolic blood pressure, albumin, alkaline phosphatase, blood urea nitrogen, creatinine, C-reactive protein, cytomegalovirus optical density, hemoglobin A1C (HbA1c), and forced expiratory volume in 1 s (FEV1). Nine biomarkers comprise the “Levine Original” PhenoAge, alongside chronological age: albumin, alkaline phosphatase, creatinine, C-reactive protein, fasting glucose, white blood cell count, lymphocyte percentage, mean cell volume, and red cell distribution width (28). The homeostatic dysregulation value for an individual indicates the extent to which their physiology deviates from that of a healthy reference. Higher levels of homeostatic dysregulation suggest an accelerated stage of biological aging and an increased risk of illness, disability, and mortality. Conversely, lower levels of homeostatic dysregulation signify a delayed biological aging process and a reduced likelihood of illness, incapacity, and death. Homeostatic dysregulation is calculated using the Mahalanobis distance, which evaluates the deviation of a set of biomarkers from a reference sample. The Mahalanobis distance formula is structured as follows (29):

[image: Mathematical formula for Mahalanobis distance shown as D subscript M of x equals the square root of open parenthesis x minus mu close parenthesis transpose multiplied by S inverse multiplied by open parenthesis x minus mu close parenthesis.]

This is equivalent to normalizing each biomarker by its variance and then summing the squared deviance for each observation, assuming that all variables are uncorrelated:

[image: Mathematical equation representing Mahalanobis distance: D subscript M of x equals the square root of the sum from i equals one to n of the quantity x subscript i minus mu subscript i squared, divided by sigma squared of x subscript i, then times q.]



2.3 Kidney stone assessment

Kidney stone status was extracted from the “Kidney Conditions—Urology” section of the NHANES Questionnaire Data. Trained interviewers used the Computer-Assisted Personal Interview (CAPI) system to ask interview subjects at home whether they had ever experienced kidney stones (KIQ026). Individuals who responded “yes” were classified as having a history of kidney stones.



2.4 Assessment of dietary scores

A validated semiquantitative food frequency questionnaire (FFQ) consisting of over 130 questions was used to collect dietary data, distributed every 2–4 years. Detailed descriptions of the FFQs’ validity and repeatability are available, demonstrating a strong correlation between the nutrients measured by the FFQs and multiple weeks of food records or dietary biomarkers. Using the food and nutrient components, we calculated the dietary scores for the AEHI, DASHI, HEI-2020, and MEDI to reflect adherence to healthy eating. For these four scores, a better diet is indicated by a higher score, and a less healthy diet is indicated by a lower score. In 2002, the Alternate Healthy Eating Index (AHEI) was introduced as an alternative to the HEI, which was based on dietary components and nutrients that were indicative of the risk of chronic diseases (30). Emphasizing increased consumption of fruits, vegetables, and low-fat dairy products while reducing total and saturated fats, the DASH diet significantly lowers blood pressure and is recommended for the prevention of cardiovascular diseases (31). The HEI-2020 is a revised and updated version of the HEI based on the 2020–2025 Dietary Guidelines for Americans (DGA), which includes 13 components aiming to maintain a healthy body weight and minimize the risk of chronic diseases (32). The Mediterranean diet is recognized for its ability to identify overall dietary patterns rather than just single foods or nutrients, which is considered effective in providing a considerable defense against mortality, the development of heart diseases, and major chronic degenerative diseases (33).



2.5 Covariates

Data from the laboratory, questionnaires, and demographics were used to collect covariates. Using a standardized questionnaire, we included variables such as age, sex, race, marital status, education level, poverty-income ratio, obesity, smoking, alcohol use, diabetes, high blood pressure, food insecurity, water consumption, serum calcium, and sitting time. Age, sex, and obesity were identified as adjustment factors due to their roles as confounders in the relationship between dietary habits and kidney stone formation. Prior studies and literature reviews confirm the significance of these variables in influencing the risk of kidney stone. A body mass index of 30 kg/m2 was considered obesity. Participants were defined as smokers if they had smoked at least 100 cigarettes in their lifetime. Participants were defined as alcohol users if they had consumed at least 12 alcoholic drinks in 1 year. In evaluating food security, we utilized data from the “Food Security” questionnaire. The assessment was conducted using the 10-item U.S. Food Security Survey Module available at https://aspe.hhs.gov/topics/poverty-economic-mobility/poverty-guidelines/prior-hhs-poverty-guidelines-federal-register-references. An acknowledgment of six or more affirmative responses signifies significant food insecurity, whereas fewer than six responses indicate marginal food security or food security. Diagnosed diabetes was defined as a fasting glucose level of 7 mmol/L (126 mg/dL), an HbA1c level of 6.5%, or a diabetes diagnosis. A systolic blood pressure of 130 mm Hg, a diastolic blood pressure of 80 mm Hg, or the use of antihypertensive drugs was considered high blood pressure. Water consumption data were obtained from the dietary questionnaire. Serum calcium was obtained from the laboratory data of the standard biochemistry profile. Sitting time was derived from the questionnaire data on physical activity. Each of these variables is described on the NHANES website.



2.6 Statistical analysis

Sample weights, clustering, and stratification were all considered while evaluating the data due to the complex sampling method of the NHANES. We evaluated the relationships between kidney stones, aging indicators, and dietary scores using multivariable logistic regression models. Non-linear relationships were analyzed with restricted cubic splines. The relationship between healthy dietary scores and aging indicators was investigated using multiple linear regression models. We utilized the R package “mediation” to assess the direct effect (DE), indirect effect (IE), and total effect (TE) for causal mediation research (34). The “shapviz” package was used to build the machine learning model to predict the relative importance of dietary patterns and components. R software (version 4.0.1) was used for all statistical analyses, with a significance threshold set at p < 0.05 (two-sided).




3 Results


3.1 Population characteristics

Table 1 provides an overview of the baseline characteristics of participants classified by kidney stone status, while Supplementary Table S1 presents the survey-weighted descriptive statistics for these participants. We included 26,755 participants from the NHANES survey conducted between 2007 and 2018, all of whom met the research criteria for our study. The median age of participants was 50.14 ± 17.61 years. Among these participants, 2,577 were kidney stone patients, while 24,178 were participants without kidney stones. We observed varying dietary scores, including the Alternative Healthy Eating Index (AHEI), the DASH Index from the DASH trial (DASHI), the HEI-2020, and the MED Index from the PREDIMED trial (MEDI), all of which displayed different distribution patterns between kidney stone and non-kidney stone participants. Significantly lower dietary scores were noted among kidney stone participants. Moreover, kidney stone participants exhibited higher levels of aging indicators, including KDMAge, PhenoAge, KDMAge accelerated aging, PhenoAge accelerated aging, and indicators of homeostatic dysregulation. We also found notable differences across several variables between kidney stone participants and non-participants, including age, sex, race, marital status, obesity, smoking, alcohol use, diabetes, high blood pressure, food insecurity, and water consumption (p < 0.05).



TABLE 1 Basic characteristics of participants by kidney stone among U.S. adults in NHANES 2007–2018.
[image: Clinical table comparing demographic, socioeconomic, lifestyle, and biological aging indicators between kidney stone (n = 2,577) and non-kidney stone (n = 24,178) groups, including mean values, percentages, and p-values for statistical significance across characteristics such as age, sex, race, education, income, obesity, diabetes, blood pressure, dietary scores, and aging markers.]



3.2 Association of healthy dietary scores and kidney stone prevalence risk

We used the multiple logistic regression analysis to explore the potential relationship between healthy dietary scores and kidney stones (Figure 2A). The log2-transformed exposures, including the AHEI (OR = 0.76, 95% CI 0.69–0.84, p < 0.001), DASHI (OR = 0.67, 95% CI 0.58–0.77, p < 0.001), HEI-2020 (OR = 0.90, 95% CI 0.72–0.89, p < 0.001), and MEDI (OR = 0.81, 95% CI 0.73–0.89, p < 0.001), showed a statistically significant negative correlation with kidney stones in the fully adjusted models. The fourth quartile of dietary scores indicated significantly lower odds of kidney stones compared to the first quartile. In all models, a monotonically increasing trend in kidney stone prevalence risk was observed as the quartiles of healthy dietary scores increased (all p for trend <0.01) (Figure 2A). Additionally, to explore the potential non-linear association between healthy dietary scores and the occurrence of kidney stones, we conducted a restricted cubic spline model. The results indicate linear relationships between healthy dietary scores and kidney stones (P-overall <0.05 and p for non-linearity >0.05) (Figures 2B–E). We also analyzed the characteristics of specific dietary components (Supplementary Table S9) and the association of these components with kidney stones (Supplementary Table S10).

[image: Panel A presents a table and forest plot comparing odds ratios (OR) and 95 percent confidence intervals for four dietary indices (AEHI, DASH, HEI2020, MEDI) across quartiles and continuous measures using two statistical models, with significant p-values highlighted. Panels B through E show line graphs for each index (AEHI, DASH, HEI2020, MEDI) plotting the association between index scores and kidney stone odds ratios, including confidence bands, nonlinear test results, and a reference line for no effect.]

FIGURE 2
 (A) The association between healthy dietary scores and kidney stones is depicted using forest plots. Model 1 was adjusted for age, sex, race, marital status, education level, and poverty income ratio. Model 2 was adjusted for age, sex, race, marital status, education level, poverty income ratio, obesity, smoking, alcohol use, diabetes, high blood pressure, food insecurity, water consumption, serum calcium, and sitting time. (B–E) The linear associations between kidney stones and healthy dietary scores are depicted using restricted cubic splines. The solid lines represent the odds ratios (ORs) based on the restricted cubic splines of healthy dietary scores. The top and lower 95% confidence interval (CI) boundaries are shaded. The adjustment factors are the same as those used in the expanded model. The model is adjusted for age, sex, race, marital status, educational level, poverty income ratio, obesity, smoking, alcohol use, diabetes, high blood pressure, food insecurity, water consumption, serum calcium, and sitting time.




3.3 Association between aging indicators and kidney stone

In Table 2, a multiple logistic regression analysis was used to demonstrate the associations between biological aging and kidney stone incidence. We found significant positive associations between kidney stones and aging indicators, including KDMAge (OR = 2.40, 95% CI 1.70–3.37, p < 0.0001) and PhenoAge (OR = 2.36, 95% CI 1.75–3.19, p < 0.0001) in Model 2. However, no statistical difference was detected regarding homeostatic dysregulation in the fully adjusted model (OR = 1.11, 95% CI 0.97–1.27, p = 0.1421). The risk of kidney stones increased monotonically with higher quartiles of KDMAge and PhenoAge. The results indicated that accelerated aging was associated with a greater risk of kidney stones: KDMAge (OR = 1.20, 95% CI 1.04–1.38, p = 0.0104) and PhenoAge (OR = 1.89, 95% CI 1.16–3.06, p = 0.0104). Additionally, the linear association between kidney stones and aging markers was examined using cubic spline curves (Supplementary Figure S1), which demonstrated non-linear correlations. However, no association was found between kidney stones and homeostatic dysregulation (p overall >0.05).



TABLE 2 Multiple logistic regression analysis revealed the associations of aging indicators with kidney stones in adults.
[image: Table comparing odds ratios, confidence intervals, and p-values for associations between KDMAge, PhenoAge, and homeostatic dysregulation with outcomes across two models adjusting for different covariates; results are shown by quartiles, continuous values, and aging categories.]



3.4 Association between healthy dietary scores and aging indicators

We conducted an analysis to examine the association between healthy dietary scores and aging indicators listed in Supplementary Table S2. After adjusting for all covariates, we observed significant negative associations between healthy dietary scores (the AHEI, DASHI, HEI-2020, and MEDI) and aging indicators (KDMAge, PhenoAge, homeostatic dysregulation, KDMAge accelerated aging, and PhenoAge accelerated aging). Additionally, the results of the multiple logistic regression analysis indicated that higher healthy dietary scores were associated with a decreased risk of accelerated aging, as shown by KDMAge and PhenoAge. Restricted cubic splines in Figure 3 visualize both linear and non-linear relationships between healthy dietary scores and aging indicators. KDMAge, PhenoAge, KDMAge accelerated aging, and PhenoAge accelerated aging all exhibited linear associations with the four dietary scores.

[image: Figure composed of twenty small panels labeled A through T, each showing line graphs with shaded confidence intervals. Panels display relationships between dietary quality indices and measures of aging or homeostatic dysregulation, using axes with nonlinear curves and p-values for statistical significance, along with labeled lines and titles referencing KDMAge, PhenoAge, and accelerated ageing. All plots include axes, legends, and color-coded lines representing distinct data trends.]

FIGURE 3
 Linear and Non-linear relationships between healthy dietary scores and aging indicators/accelerating aging using restricted cubic splines. (A) The AHEI and KDMAge; (B) DASHI and KDMAge; (C) the HEI-2020 and KDMAge; (D) the MEDI and KDMAge; (E) the AHEI and PhenoAge; (F) DASHI and PhenoAge; (G) the HEI-2020 and PhenoAge; (H) the MEDI and PhenoAge; (I) the AHEI and Homeostatic dysregulation; (J) the DASHI and Homeostatic dysregulation; (K) the HEI-2020 and Homeostatic dysregulation; (L) the MEDI and Homeostatic dysregulation; (M) the HEI-2020 and KDMAge accelerated aging; (N) the DASHI and KDMAge accelerated aging; (O) the HEI-2020 and KDMAge accelerated aging; (P) the MEDI and KDMAge accelerated aging; (Q) the AHEI and PhenoAge accelerated aging; (R) DASHI and PhenoAge accelerated aging; (S) the HEI-2020 and PhenoAge accelerated aging; (T) the MEDI and PhenoAge accelerated aging. Generalized-linear models and logistic regression models for age, sex, race, marital status, education level, poverty income ratio, obesity, smoking, alcohol use, diabetes, high blood pressure, food insecurity, water consumption, serum calcium, and sitting time.




3.5 Aging indicators partially mediated the association between a healthy diet and kidney stones

We assessed the mediating effect in the association between kidney stones and a healthy diet using mediation analysis, with aging indicators as mediators (Supplementary Table S3). Our results suggest that the aging indicators KDMAge, PhenoAge, KDMAge accelerated aging, and PhenoAge accelerated aging significantly mediated the associations between healthy dietary patterns (the AHEI, DASHI, HEI-2020, and MEDI) and the risk of kidney stones (Figure 4). For KDMAge and healthy dietary patterns (the AHEI, DASHI, HEI-2020, and MEDI), the mediation proportions were 7.00, 3.21, 2.98, and 3.02%, respectively. For PhenoAge and healthy dietary patterns (the AHEI, DASHI, HEI-2020, and MEDI), the mediation proportions were 9.63, 4.60, 4.52, and 3.87%, respectively. For PhenoAge accelerated aging and healthy dietary patterns (the AHEI, DASHI, HEI-2020, and MEDI), the mediation proportions were 10.42, 4.74, 4.78, and 3.45%, respectively. Nevertheless, no significant mediation effects were observed in the associations between healthy dietary scores and kidney stones mediated by homeostatic dysregulation (all p > 0.05).

[image: Sixteen-panel scientific diagram demonstrates mediation analysis pathways among diet type (AHEI, DASH, HEI2020, MEDI), aging biomarker (KDMage, PhenoAge, or accelerated aging), and kidney stone outcomes. Each panel, labeled A through P, displays path coefficients, 95 percent confidence intervals, mediated proportions, and direct effects, with significant pathways highlighted in red.]

FIGURE 4
 Estimated proportion of the association between healthy dietary scores and kidney stones mediated by aging markers. (A) The AHEI mediated by KDMAge; (B) the DASHI mediated by KDMAge; (C) the HEI-2020 mediated by KDMAge; (D) the MEDI mediated by KDMAge; (E) the AHEI mediated by PhenoAge; (F) the DASHI mediated by PhenoAge; (G) the HEI-2020 mediated by PhenoAge; (H) the MEDI mediated by PhenoAge; (I) the AHEI mediated by KDMAge accelerated aging; (J) the DASHI mediated by KDMAge accelerated aging; (K) the HEI-2020 mediated by KDMAge accelerated aging; (L) the MEDI mediated by KDMAge accelerated aging; (M) the AHEI mediated by PhenoAge accelerated aging; (N) the DASHI mediated by PhenoAge accelerated aging; (O) the HEI-2020 mediated by PhenoAge accelerated aging; (P) the MEDI mediated by PhenoAge accelerated aging. Age, sex, race, marital status, education level, poverty income ratio, obesity, smoking, alcohol use, diabetes, high blood pressure, food insecurity, water consumption, serum calcium, and sitting time were all considered while adjusting the models. IE, indirect effect; DE, direct effect; Proportion of mediation = IE / (DE + IE); *p < 0.05.




3.6 Machine learning identify the relative importance

Furthermore, we constructed the SHAP model for machine learning to identify the relative importance of dietary patterns and specific dietary components (HEI-2020). We found that HEI-2020 was the most important dietary score for kidney stones compared to other dietary scores. Regarding specific dietary components, saturated fatty acids were the most important component for kidney stones (Figure 5).

[image: Panel A shows a violin plot of SHAP values for four dietary scores, with feature values represented from low (purple) to high (yellow). Panel B displays a horizontal bar chart comparing mean SHAP values for the same dietary scores, indicating HEI2020 has the highest value. Panel C presents a violin plot of SHAP values for twelve dietary components, again color-coded by feature value. Panel D features a horizontal bar chart with mean SHAP values for these components, showing that saturated fatty acids contribute the most. All charts facilitate comparison of variable importance and impact on model output.]

FIGURE 5
 Machine learning using SHAP identifies relative importance. (A) Bee warm SHAP analysis of dietary patterns. (B) Importance of the SHAP representation of dietary patterns. (C) Bee warm SHAP analysis of specific dietary components. (D) Bee warm SHAP analysis of specific dietary components.




3.7 Sensitivity analysis

Initially, we conducted multiple imputations to complete the cases. We analyzed the association between healthy dietary scores and the risk of prevalent kidney stones using complete cases (Supplementary Table S4). Additionally, we carried out multiple logistic regression to identify the associations between indicators of aging and kidney stones in adults (Supplementary Table S5) and further examined the associations between indicators of aging and kidney stones within the complete cases (Supplementary Table S6). The relationships observed in the complete case analysis were largely consistent with those from the primary analyses. Subsequently, we conducted a sensitivity analysis stratified by two 6-year survey periods (2007–2012 and 2013–2018) to evaluate the consistency of associations between healthy dietary scores, indicators of aging, and kidney stones (Supplementary Tables S7, S8).




4 Discussion

In this study, we used the NHANES database to elucidate the relationship between healthy dietary practices and the prevalence of kidney stones. Our analysis revealed a robust linear negative association between healthy diet scores and the risk of kidney stone prevalence. Conversely, biological aging and accelerated aging showed a significant association with a higher prevalence of kidney stones, exhibiting linear correlations. Notably, the aging indicators KDMAge and PhenoAge showed significant statistical differences when mediated by the four dietary scores (the AHEI, HEI-2020, MEDI, and DASHI), highlighting the mediating role of KDMAge and PhenoAge in the relationship between healthy diets and kidney stones. A similar association was also observed in cases of accelerated aging. This finding highlights the potential for a healthy diet to reduce the risk of kidney stone and slow disease progression by decelerating biological aging. Machine learning SHAP identified saturated fatty acids as the most significant component associated with kidney stones.

Our findings align with prior research, which consistently demonstrates that healthier dietary patterns, as represented by dietary indices such as the AEHI, DASHI, HEI-2020, and MEDI, are associated with a reduced risk of kidney stones, emphasizing the critical role of dietary habits in prevention and management (35, 36). These dietary indices prioritize a balanced intake of vegetables, nuts, whole grains, and low-fat dairy products, which are crucial for preventing both chronic metabolic disorders and kidney stone formation (30, 31, 32, 33). Diets rich in fruits and vegetables provide key nutrients such as citrate, potassium, and magnesium, which lower urinary calcium levels and inhibit the formation of oxalate crystals, thereby reducing the risk of kidney stone (37, 38, 39, 40). In contrast, high-protein diets, particularly those with excessive red meat and seafood, elevate the urinary levels of calcium, uric acid, and oxalate, increasing the risk of kidney stone due to their high purine content, which promotes uric acid production during metabolism (41, 42, 43).

Additionally, healthy dietary patterns, assessed by the HEI-2020, show a significant negative correlation with biological aging indicators such as KDMAge and PhenoAge, suggesting that healthier diets may reduce the risk of kidney stones by slowing biological aging processes. This effect is achieved through mechanisms such as reduced oxidative stress and inflammation, improved metabolic pathways, and better management of metabolic syndrome-related parameters such as BMI, insulin sensitivity, and serum uric acid levels (35, 36). Healthy dietary patterns also regulate the excretion of stone-forming components in urine. For instance, moderate calcium intake binds dietary oxalate in the gut, reducing its urinary excretion, while alkaline diets decrease the risk of uric acid stone formation (10, 44). Furthermore, dietary choices, such as reducing sugar-sweetened beverages and increasing fiber-rich foods, improve gut microbiota composition, thereby promoting the growth of probiotics and reducing oxalate absorption and excretion (37, 38). Collectively, these mechanisms highlight the importance of dietary habits in kidney stone prevention, highlighting the interaction of multiple pathways, including the regulation of metabolic processes, inflammation, oxidative stress, and gut microbiota, in reducing the risk of kidney stone.

The direct association between aging and kidney stone formation is less explored; however, existing literature suggests that various physiological and lifestyle changes associated with aging may significantly contribute to stone formation (45, 46, 47). As metabolic rates decline with age, not only is energy expenditure affected, but the excretion processes of metabolites such as calcium, oxalate, and uric acid are also altered. Thus, these changes may promote stone formation, particularly among the elderly (48, 49). Our comprehensive assessment of whole-body aging using various markers consistently indicates a positive correlation between biological aging and the risk of kidney stone. Specifically, the biological age markers KDMAge and PhenoAge show promise in identifying individuals with accelerated biological aging, which could aid in preventing kidney stone development.

The mediation analysis further substantiated the mediating role of biological age in the relationship between a healthy diet and the risk of kidney stone. Our findings indicate that the aging indicators KDMAge, PhenoAge, KDMAge accelerated aging, and PhenoAge accelerated aging significantly mediated the associations between a healthy dietary pattern (the AHEI, DASHI, HEI-2020, and MEDI) and the risk of kidney stones. This pivotal finding indicates that healthy dietary patterns can reduce the risk of kidney stones and their progression by modulating biological age, underscoring the significance of biological age as a physiological marker in assessing the risk of kidney stone. Previous studies have shown that dietary patterns rich in vegetables and fruits, such as the HEI-2020, may slow the aging process due to their high levels of antioxidant and anti-inflammatory agents found in these foods (50). This finding not only supports the hypothesis that dietary modifications can slow the biological aging process but also provides a scientific foundation for dietary guidelines in clinical settings. Such dietary patterns could indirectly reduce the risk of kidney stone by ameliorating metabolic disorders and optimizing mineral metabolism, encouraging further research into how biological age influences kidney stone formation and progression and facilitating the development of personalized and targeted preventive strategies.

This study leveraged the extensive dataset provided by the NHANES to thoroughly examine the interplay between healthy dietary patterns, biological age, and kidney stone incidence. However, several limitations warrant mention. First, the use of self-reported data for kidney stones may introduce potential biases, such as memory inaccuracies, with no medical records available for validation, which could compromise the reliability of the results. Second, while efforts were made to adjust for known confounders, residual and unmeasured confounding factors might still have influenced the findings. Additionally, measurement errors, particularly in responses to the food frequency questionnaire, could have impacted study outcomes. Data on biological aging indicators were only collected at baseline, limiting our ability to analyze their temporal dynamics and effects on the risk of kidney stone, thus constraining our understanding of the influence of fluctuations in biological age. Finally, the cross-sectional nature of this study restricts our capacity to establish causality, as it captures data at a single point rather than over time, necessitating further validation through prospective or interventional studies.



5 Conclusion

Our analysis revealed a strong negative association between healthy dietary scores and kidney stone prevalence, while biological aging was significantly associated with an increased risk of kidney stones. Notably, the biological aging markers KDMAge, PhenoAge, KDMAge accelerated aging, and PhenoAge accelerated aging served as significant mediators in this association. These findings suggest that maintaining healthy dietary patterns may help reduce the prevalence of kidney stones and may delay their onset by decelerating biological aging. General dietary suggestions include increased fluid intake, appropriate calcium consumption, reduced high-oxalate foods, controlled animal protein intake, increased dietary fiber, and limited salt and sugar. For elderly individuals, dietary adjustments should be made gradually, with a focus on maintaining hydration and consuming easily digestible foods. High-risk groups require personalized dietary plans, strict limitations on high-oxalate foods, weight management, and regular monitoring of urine and blood tests. This study highlights the importance of dietary management in controlling biological age, thereby providing a strategic approach to the prevention and management of kidney stones.
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Introduction: Insufficient and unequal access to food (i.e. food insecurity [FI]) has a negative impact on health, especially in vulnerable groups such as adolescents. This study determined the prevalence of FI and its sociodemographic correlates among adolescents in the Valle de Ricote, Region of Murcia, Spain.
Methods: A secondary analysis was conducted using data from the Eating Healthy and Daily Life Activities (EHDLA) study, which provides a sample of 882 adolescents (median = 14, interquartile range [IQR] = 2) collected during the 2021–2022 academic year. FI was measured using the Child Food Security Survey Module in Spanish (CFSSM-S).
Results: Findings showed a prevalence of FI of 16.2%, with significant sociodemographic disparities. Adolescents from immigrant (n: 67; %: 46.9; odds ratio [OR] = 2.41; 95% CI: 1.38 to 4.21) and diverse (n: 25; %: 17.5; OR=2.04; 95% CI: 1.10 to 3.79) families showed a higher susceptibility to FI. In addition, higher parental education was related to lower FI (university education: n: 13; %: 9.6; OR=0.36; 95% CI: 0.17 to 0.74).
Conclusion: These findings highlight the need for targeted public health policies that improve access to nutritious food, enhance parental education, and address socioeconomic inequalities to effectively reduce FI among Spanish adolescents.

Keywords
 food insecurity; hunger; adolescents; Spain; correlates


Introduction

Food insecurity (FI) is a global problem that affects millions of people worldwide from both high and low- and middle-income settings (1). FI is defined as the condition in which people face limitations in physical, social and economic access to sufficient, safe and nutritious food that meets their dietary needs and food preferences to maintain an active and healthy life (2). This situation has serious health consequences, especially among vulnerable populations, as it contributes to the increased prevalence of diseases related to malnutrition, such as anemia, undernutrition and overweight (3, 4). The impact of FI is of particular concern in the child and adolescent population, as these groups, during crucial phases of growth and development, may experience nutritional deficiencies, cognitive deficits, poor academic performance, stunted growth and development, overweight and obesity, chronic physical and mental health problems, and even an increased risk of mortality (5, 6).

Globally, more than 2 billion people experience some degree of FI, which is a persistent challenge to achieving the Sustainable Development Goals related to food and nutrition (2). Although FI is more common in developing countries, it also affects developed nations (1). According to a study based on the Global School-based Student Health Survey (GSHS), the prevalence of moderate to severe FI among adolescents worldwide is 44.9 and 6.2%, respectively (7). In Spain, FI has increased (2.6%) due to the economic crisis and job insecurity (8), affecting 13.3% of the general population in the period 2020–2021, as assessed using the Food Insecurity Experience Scale (FIES) (9). Data from the Instituto Nacional de Estadística (INE), gathered through the Encuesta de Condiciones de Vida (ECV), indicate that 6.9% of the Spanish child and adolescent population experiences poor nutrition (INE (10)). In Catalunya, a cross-sectional study relying on the Child Food Security Survey Module–Short Form (CFSSM-S) reported a prevalence of 18.3% of FI among adolescents aged 12 to 16 years (11). Third-sector organizations, such as Creu Roja de Catalunya (12) and Caritas (13), used the Latin American and Caribbean Food Security Scale (ELCSA) to underscore the severity of the issue at the municipal level, reporting that 60.6% of families (N = 1001) with children consume an unbalanced diet. Of this group, 29.5% experience mild FI, characterized by concerns about food availability and reduced diet quality, while 40.7% suffer moderate FI, with a decrease in both food quality and quantity (12).

FI is subject to variations depending on sociodemographic factors and individual characteristics such as body mass index (BMI) and lifestyle habits (1, 14–16). Sociodemographic factors are crucial for understanding FI in adolescents. According to the National Institute on Minority Health and Health Disparities (NIMHD), FI is closely linked to poverty, affecting 35.3% of low-income families (17). In Spain, more than 1 in 10 children and adolescents experience severe material deprivation, which limits their access to adequate food (10). Migratory status is also a key factor, as Spanish adolescents who are children of immigrants are twice as likely to suffer FI compared to those from native families, due to language barriers and discrimination (18). In addition, the educational level of the parents has a significant influence: the prevalence of FI in Spain is 23.8% in households where the parents have a low educational level, compared with 2.1% in those with university-educated parents (19). Adolescents living in rural areas have higher probabilities of experiencing FI compared with those residing in urban areas (2), and those living in cohabiting families are 78% more likely to experience FI compared with those living in nuclear families (20). These data underscore the need for a multifactorial approach to address FI in adolescents.

FI represents a significant public health challenge, especially among Spanish adolescents, where its prevalence and associated factors are critical but insufficiently explored areas of research. Although general data on FI at the global level and some estimates at the national level in Spain are available (2, 9, 21), there is a notable lack of specific studies that comprehensively address this problem in the Spanish adolescent population. This research gap underlines the urgent need for studies that not only quantify the prevalence of FI, but also identify the sociodemographic variables associated with FI. Therefore, the primary aims of the present study were to determine the prevalence of FI in a sample of Spanish adolescents and to identify the sociodemographic factors related to this status. It is expected that findings from this study will guide policies and programs aimed at mitigating FI, thus promoting equitable and sustainable access to adequate and healthy food in the Spanish context.



Materials and methods


Study design and population

This study conducts a secondary analysis using data obtained from the Eating Healthy and Daily Life Activities (EHDLA) study, which covers a representative sample of adolescents in Valle de Ricote (Region of Murcia, Spain). Data collection was conducted during the 2021–2022 academic year in the three secondary schools in the region. The methodological approach employed in the EHDLA study has been described in detail in previous publications (22). In the initial phase, 1378 adolescents were selected through simple random sampling. From this group, 496 participants (36.0%) were excluded due to missing data on FI and and all the correlates examined. As a result, the final sample consisted of 882 adolescents, who were included in the analyses presented in this study.

The inclusion criteria required participants to be between 12 and 17 years old and registered and/or residing in Valle de Ricote. The exclusion criteria were as follows: (1) exemption from the Physical Education subject, as assessments and questionnaire completion were conducted during these classes; (2) the presence of medical conditions contraindicating physical activity or necessitating special care; (3) undergoing pharmacological treatment; (4) lack of parental or legal guardian consent to participate in the research project; and (5) refusal to voluntarily participate in the study.



Procedures


Food insecurity

The measurement of household FI was conducted using the Child Food Security Survey Module validated in Spanish (CFSSM-S) (6). This questionnaire was developed to assess individuals’ perceptions of FI, considering aspects such as the risk of food supply depletion, the need to resort to low-cost food, difficulty in sustaining a nutritionally balanced diet, decrease in food intake, reduction in food ration size, hunger, skipping meals, and food deprivation for a twenty-four-hour period. The CFSSM-S instrument contains nine items, rated on a three-point Likert scale. Each affirmative response, indicating moderate or high FI (“sometimes” or “a lot”), adds one point. Food security levels were determined following the criteria of Connell et al. (23) and the United States Department of Agriculture (24). Households were classified into three categories: “food security” with a score of 0 to 1 point, “low food security” with a score of 2 to 5 points, and “very low food security” with a score of 6 to 9 points. However, due to the small number of households classified as having “very low food security,” it was decided to recode the original three categories into two: “food security” and “food insecurity.”



Sociodemographic variables

General data were collected on the sex and age of the participants. Schooling was classified into two types: public and private. Area of residence was distinguished between urban (more than 5000 inhabitants) and rural (5000 inhabitants or less) (25). Students were classified as immigrants if they met at least one of the following conditions: A child of immigrant parents, born outside Spain or having at least one parent born abroad. Socioeconomic status (SES) was assessed using the Family Affluence Scale (FAS-III) (26). The FAS-III score was measured by summing the responses to 6 questions: (a) Ownership of a vehicle (0 = no, 1 = yes, one, 2 = yes, two or more), (b) Availability of own room (0 = no, 1 = yes), (c) Number of computers in the household (0 = none, 1 = one, 2 = two, 3 = more than two), (d) Number of bathrooms (with shower and/or bathtub) in the dwelling (0 = none, 1 = one, 2 = two, 3 = more than two), (e) Availability of a dishwasher in the home (0 = no, 1 = yes), (f) Frequency of trips outside Spain in the last year (0 = none, 1 = once, 2 = twice, 3 = more than twice). The final score ranged from 0 to 13 points, resulting in the creation of three distinct categories based on SES: low (0–2 points), medium (3–5 points), and high (≥6 points). Furthermore, adolescents were individually questioned about the educational level of their father/mother/legal guardian. The available options were incomplete primary education (<6 years), complete primary education (6 years), incomplete secondary education (<4 years), complete secondary education (4 years), incomplete higher education (<2 years of high school), or complete higher education (2 complete years of Baccalaureate or complete university).

To assess the family environment, adolescents were asked about various household characteristics. Information was collected on the number of people residing in their households and the number of siblings. In addition, they were asked to indicate the type of family, with the following options: nuclear (i.e., two parents [a father and a mother] and their biological children), single parent (a single parent [i.e., father or mother] assumes the upbringing of their children), extended [includes not only parents and their children, but also other relatives living in the same household (grandparents, aunts, uncles, nieces, nephews, cousins)] and diverse [family structures that do not conform to traditional models (same-sex parent, reconstituted, foster, adoptive and compound families)].

The selection of these factors was based on prior literature and the conceptual model of social determinants of health (27), which establishes that FI is influenced by a combination of individual, family, and contextual factors (24). Moreover, these variables are directly related to the sociodemographic characteristics of the study population and were included to minimize bias and improve the interpretability of the results.




Statistical analysis

To evaluate the normality of the variables, visual techniques such as density and quantile-quantile plots were used, complemented by the Shapiro–Wilk test. The median with its interquartile range (IQR) was presented for quantitative variables, and frequencies (n) and percentages (%) were described for qualitative variables. For comparisons between groups, the chi-square test was employed for categorical variables. When FI status was collapsed into two categories (i.e., “food security,” or “FI”), the Mann–Whitney U test was used for non-normally distributed quantitative variables. Conversely, when the original three FI categories were preserved (i.e., “food security,” “low food security,” or “very low food security”), the Kruskal-Wallis H test was applied.

A robust generalized linear model (GLM) with binomial distribution was employed to examine the sociodemographic factors linked to FI status. The model’s overall significance was assessed using the Pearson chi-square test (χ2). Additionally, the model’s goodness-of-fit was assessed using Nagelkerke’s R2, which provides an adjusted measure of explained variance for logistic regression models. The Akaike Information Criterion (AIC) and the Bayesian Information Criterion (BIC) were also employed to assess model performance and facilitate comparisons with alternative models.

Odds ratios (ORs) derived from the logistic regression models were interpreted in terms of their effect size following the approach proposed by Chen et al. (28). Specifically, an OR of 1.68 corresponds to a small effect size (Cohen’s d ≈ 0.2), an OR of 3.47 indicates a medium effect size (Cohen’s d ≈ 0.5), and an OR of 6.71 represents a large effect size (Cohen’s d ≈ 0.8). OR values below 1.5 were considered negligible (Cohen’s d ≈ 0.2), while values exceeding 5 were associated with very large effect sizes (Cohen’s d ≈ 0.8).

All statistical analyses were performed using R statistical software (version 4.3.2) developed by the R Core team in Vienna, Austria, together with RStudio (version 2023.12.1 + 402) from Posit in Boston, Massachusetts, U.S.A. A p value <0.05 was considered significant for all statistical analyses.




Results

The descriptive analysis of the participants, according to their food security status, is presented in Table 1. Among the 882 participants, 16.2% (n = 143) were categorized as having FI. The median age distribution was homogeneous between both groups (14 years, p = 0.901). The distribution by sex in the sample was balanced, with 44.1% of boys and 55.9% of girls, with no significant differences between the groups analyzed (p = 0.655). Most of the participants attended public schools and resided in urban areas. No significant differences were found among groups in terms of type of schooling (p = 1.000) or area of residence (p = 0.234). However, significant differences were observed in several socioeconomic and demographic indicators. Food insecure participants had a higher representation of low SES (37.1% vs. 16.6%, p < 0.001) and were more frequently immigrants (46.9% vs. 18.9%, p < 0.001). In addition, the prevalence of FI was higher among non-Caucasian participants (32.2% vs. 12.7%, p < 0.001) and those whose parents had lower levels of education, both for the mother (41.5% vs. 27.9%, p < 0.001) and father (50.7% vs. 32.6%, p < 0.001). Food insecure households also had a higher number of siblings (median 2.0 vs. 1.0, p < 0.001). There was a significant difference in the number of people living in the household (p = 0.018), although the median was 3.0 in both groups. Likewise, family type showed that adolescents from non-nuclear families had a higher propensity to FI (28.7% vs. 14.3%, p < 0.001). The characteristics of the study participants based on the original categories of the CFSSM-S (i.e., “very low food security,” “low food security,” or “food security”) can be found in Supplementary Table S1.



TABLE 1 Descriptive data of adolescents in the Valle de Ricote, Region of Murcia, Spain, participating in the study of food insecurity (FI) prevalence and its sociodemographic correlates according to FI status.
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Table 2 presents the results of the generalized linear model that identifies the sociodemographic correlates of FI. The results revealed that immigrant status (OR = 2.41, 95% confidence interval (CI): 1.38 to 4.21) and family structure (OR = 2.04, 95% CI: 1.10 to 3.79) are significant predictors of FI among adolescents. Based on the guidelines proposed, these odds ratios can be interpreted as medium effect sizes (OR = 2.04, Cohen’s d ≈ 0.4; OR = 2.41, Cohen’s d ≈ 0.5). In addition, the educational level of the father was also significantly associated, with a reduced probability of FI as the educational level increased (university education: OR = 0.36, 95% CI: 0.17 to 0.74). This OR corresponds to a large effect size (Cohen’s d > 0.8). Although other factors such as number of siblings, area of residence and maternal education showed trends in the associations, they did not reach statistical significance. The regression model was significant overall (χ2 = 87.447, p < 0.001) and showed a reasonable fit with a Nagelkerke’s R2 of 0.168, indicating that the included factors explain approximately 16.8% of the variance in FI. Additionally, model performance was assessed using the AIC and the BIC, with values of AIC = 690.931 and BIC = 766.239.



TABLE 2 Generalized linear model for sociodemographic correlates of food insecurity among adolescents in the Valle de Ricote, Region of Murcia, Spain.
[image: Table displaying multiple logistic regression results for socioeconomic, demographic, and family predictors, with odds ratios, ninety-five percent confidence intervals, and p-values. Immigrant status, father’s education, and diverse family type show statistically significant associations (p < 0.05) in bold.]



Discussion

The present study provides significant evidence on the proportion of FI in adolescents in the Valle de Ricote, Region of Murcia, Spain, identifying that 16.2% of the participants are affected by this condition. The findings show that FI transcends the mere lack of food resources, being configured as a multidimensional phenomenon influenced by various sociodemographic factors, among which the educational level of the father, immigrant status and family structure stand out. These results are particularly relevant in the field of public health, since they show the existence of structural barriers that hinder access to adequate food for certain vulnerable groups. The identification of these predictors constitutes a solid empirical basis for the design of public policies and preventive programs aimed at reducing social inequalities, promoting more inclusive environments that favor healthy and equitable development in the adolescent population.

Building on this, our results indicate that the proportion of FI (16.2%) in this specific region may be shaped by unique social, political, and cultural factors inherent to the Valle de Ricote. The area’s agricultural economy and the seasonality of employment are likely contributors to economic instability in households, increasing their vulnerability to FI (29). When situating these results within a broader context, notable variations in FI prevalence emerge across countries. For instance, higher rates have been reported in Canada (30) and Mexico (31), likely driven by greater poverty and inequality levels. Conversely, a study in Germany found a prevalence of 27.8%, surpassing that of the present study, which may reflect differences in social policies and food support systems (32). The INE (2024) (10) reports a national prevalence of FI of 6.9% among the Spanish child and adolescent population. The higher prevalence found in our study (16.2%) in adolescents from the Valle de Ricote, Region of Murcia, may be due to differences in the methodologies used. While the INE utilized the ECV Survey to assess FI, our study employed the validated CFSSM-S scale. Furthermore, it is important to note that national-level studies may not capture regional disparities, as in the case of our study, which focused on a specific local population. In Catalunya, a proportion of FI of 18.3% was found among adolescents (11), similar to the present finding of 16.2%, whereas other national studies reported slightly higher rates (18). These variations may be due to methodological differences in data collection and operational definitions of FI (33), affecting the comparability of results.

In addition, certain sociodemographic factors significantly linked to this condition were identified. First, being an immigrant stood out as a significant predictor, as immigrant adolescents were more than twice as likely (OR = 2.41) to face FI compared to their native counterparts. This finding is aligned with the study by Barreiro-Alvarez et al. (18) (OR = 1.92), conducted in adolescents from Terrassa, Spain, highlighting the vulnerability of immigrant families in terms of food security. Research indicates that immigrant families face economic challenges, such as low-wage jobs, job insecurity and the need to send remittances, which deplete their financial resources. Moreover, they have limited access to food aid programs due to lack of information and legal barriers (34). Loss of access to culturally familiar and nutritious foods, coupled with an unfavorable socioeconomic environment and lack of knowledge about the nutritional value of foods available in the host country, could contribute significantly to FI (35). Acculturation experiences and culturally restricted food preferences also limit access to a balanced diet, especially in European contexts where cultural diversity influences eating habits, and immigrants have difficulty finding and affording foods in line with their traditional practices (35). These economic, social, and cultural barriers create a difficult environment for immigrant families, increasing their vulnerability to FI.

The educational level of the father is a determining factor in household food security. Our study shows that fathers with university education have lower rates of FI in their children (OR = 0.36). This observation is consistent with research conducted in Mexico (31), Canada (30) and Germany (36), which highlight a higher probability of FI in households with low educational level. Some studies suggest that families with parents who have completed high school or incomplete postsecondary education have an elevated likelihoood of FI compared to those with lower or college education. This could indicate that families with less formal education develop adaptive skills that enable them to cope better with FI (37). In addition, the literature suggests that college-educated parents have access to better job opportunities and higher incomes, allowing them to acquire a greater variety of nutritious foods and to manage household resources more efficiently (38–40). The education of the head of household also acts as a protective factor, facilitating integration and access to resources in the country of residence, as well as improving knowledge of and access to food assistance programs (41, 42). On the other hand, parents with lower levels of education tend to provide less healthy foods to their children (43), while those with higher levels of education are better able to distinguish and choose healthy foods (44), thus contributing to family food security.

Another sociodemographic factor associated with the proportion of FI in adolescents is family type. Our study indicates that belonging to a diverse family doubles the odds of experiencing FI (OR = 2.04). This finding is consistent with previous research, which indicates that nontraditional family structures experience greater difficulties in providing adequate nutrition (31, 32, 45, 46). However, studies in other contexts, such as Nigeria, have found that polygamous households, a diverse family type, have better food security outcomes compared with monogamous households (47). Although polygamy is not common in Spain due to cultural and religious factors (48), this contrast underscores the importance of considering the cultural and socioeconomic context when analyzing the relationship between household type and food security. Economic and social stability is essential to ensure food security, and diverse families often deal with greater challenges in these areas. Reconstituted families, for example, may experience economic and emotional strains due to the integration of members of different nuclear families. Studies indicate that children in households with cohabiting parents are 78% more likely to experience FI than those in married families (20). In addition, the economic investment of stepparents in non-biological children tends to be lower, which can lead to an unequal distribution of resources (49). Homoparental families, for their part, tackle discrimination and social stigma, factors that limit their economic opportunities and access to support networks, thus increasing their food vulnerability (50, 51). In contrast, nuclear and extended families tend to enjoy greater food security due to more equitable economic management and a more robust support system (52, 53). Although single-parent families are potentially vulnerable due to dependence on a single income and greater responsibilities, the literature has documented that many have developed strategies, such as the use of community support networks and the implementation of strict budgets, to mitigate the negative effects of FI (46, 54, 55). These strategies could explain why, in our study, no significant link was observed between single parenthood and FI, unlike what was observed in diverse families.

Our findings provide preliminary evidence on the potential influence of various family structures on food security, an area scarcely addressed in the current literature. Most previous studies focus on nuclear and single-parent households, leaving other family configurations unexamined in the context of FI. Our study employs a robust methodological approach, including a robust GLM adjusted to manage heteroscedasticity and outliers, which improves the reliability of the findings. In addition, the study is strengthened by a sample of 882 adolescents and utilization of validated tools, allowing generalization of findings within the context studied. Nevertheless, the study has limitations: the cross-sectional design precludes establishing causal relationships, and the use of self-reported data introduces potential recall and/or social desirability biases. On the other hand, geographic specificity limits the applicability of the results to other populations. Furthermore, although the model fits reasonably well (56), Nagelkerke’s R2 value (16.8%) indicates that the model explains only a small proportion of the variance, emphasizing the need for future studies to explore additional factors. Additionally, the Coronavirus Disease 2019 (COVID-19) pandemic may have influenced certain experiences, as data collection took place between 2021 and 2022. Despite these limitations, the study provides detailed insight into FI in adolescents from the Valle de Ricote, highlighting the importance of sociodemographic factors. Future longitudinal studies are recommended to understand the temporal dynamics of FI, establish the direction of the associations, and expand the variables investigated, to better understand the determinants of FI and develop effective interventions.



Conclusion

The present findings demonstrate a high proportion of FI among adolescents highlighting the need for public policies aimed at improving access to nutritious and affordable food. FI was related to social and economic factors such as educational level, migration status, and family structure. Simplifying access to food assistance through multilingual resources, culturally appropriate foods, and cultural mediators is crucial for social inclusion. Additionally, promoting awareness campaigns and improving parental education through adult programs and nutrition literacy could enhance family nutrition management. Inclusive employment policies and reduced labor precarity may increase household income, while recognizing diverse family structures in social policies and strengthening community networks will help address FI. These findings enrich existing knowledge on FI in specific contexts and underscore the need for a comprehensive approach that addresses underlying vulnerabilities to develop effective, context-specific interventions.
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Background: The Planetary Health Diet Index (PHDI), which promotes plant-based food consumption and limits red meat and processed food intake, aligns with goals for human health and environmental sustainability. Sarcopenia, characterized by progressive muscle loss, has been increasingly associated with dietary and metabolic factors. This study aims to explore the relationship between PHDI and sarcopenia and investigates the potential mediating role of the non-high-density lipoprotein to high-density lipoprotein cholesterol ratio (NHHR).
Methods: A total of 9,094 individuals from the National Health and Nutrition Examination Survey (NHANES), conducted between 2011 and 2018, were included in this analysis. Multivariable logistic regression, smooth curve fitting, and subgroup analyses were applied to explore the association between the PHDI and the likelihood of sarcopenia. Additionally, mediation analysis was performed to assess the potential mediating role of NHHR.
Results: The findings indicated a notable negative association between PHDI and sarcopenia. After adjusting for confounding factors, a 10-unit increase in PHDI was associated with an 14% lower likelihood of sarcopenia [Odds Ratio (OR) = 0.86, 95% Confidence Interval (CI): 0.79, 0.94]. Participants in the highest PHDI tertile (T3) were observed to have a 38% reduced likelihood of sarcopenia compared to those in the lowest tertile (T1) [OR = 0.62, 95% CI: 0.43, 0.90]. Analysis of the dose–response curve suggested a linear relationship between PHDI and sarcopenia. Furthermore, a significant positive association was identified between NHHR and sarcopenia [OR = 1.09, 95% CI: 1.03, 1.16], with NHHR found to decrease as PHDI increased [beta coefficient (β) = −0.09, 95% CI: −0.11, −0.06]. Mediation analysis revealed that NHHR partially mediated the relationship between PHDI and sarcopenia, accounting for 8.33% of the total effect.
Conclusion: This study highlights the observed negative correlation between PHDI and sarcopenia, with NHHR acting as a partial mediator. These findings emphasize the potential importance of dietary patterns in strategies aimed at preventing sarcopenia.
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Introduction

Sarcopenia, a prevalent degenerative muscle condition predominantly affecting older individuals, has emerged as a critical global public health concern. It is characterized by a marked reduction in skeletal muscle mass and strength, leading to diminished mobility, increased risk of falls, and reduced quality of life (1). Currently, approximately 50 million people worldwide are estimated to have sarcopenia, with this number projected to rise to 200 million by 2050 (2). The global prevalence ranges between 10 and 30%, with an anticipated increase as populations continue to age (3). Although prevalence rates vary by region, they are notably higher in developed countries and areas experiencing rapid demographic changes (4). Sarcopenia significantly contributes to disability, functional decline, and rising healthcare costs among the elderly (5). Its impact not only reduces the quality of life for affected individuals but also places a considerable strain on global healthcare systems, exacerbating the burden of non-communicable diseases (6).

Unhealthy eating habits are major contributors to chronic conditions such as obesity, cardiovascular diseases, diabetes, and premature mortality. These habits also adversely affect the environment, contributing to greenhouse gas emissions, resource depletion, and biodiversity loss (7, 8). The EAT-Lancet Commission introduced the Planetary Health Diet Index (PHDI) in 2019 to address these interlinked challenges (9). PHDI emphasizes plant-based dietary patterns, encouraging the consumption of whole grains, vegetables, fruits, legumes, and nuts while limiting red meat, sugar, and processed foods. This diet aims to enhance public health by reducing chronic disease risks and simultaneously promoting environmental sustainability. However, evidence regarding the relationship between PHDI and sarcopenia remains an unexplored area.

Growing evidence underscores a complex link between obesity and sarcopenia, with obesity contributing to insulin resistance, chronic inflammation, disrupted glucose metabolism, and dyslipidemia (10, 11). Non-high-density lipoprotein to high-density lipoprotein cholesterol ratio (NHHR), reflecting the balance between pro-and anti-atherogenic lipids, has emerged as a promising marker for assessing lipid imbalances in conditions like atherosclerosis and insulin resistance (12). Recent studies suggest NHHR is associated with sarcopenia (13, 14). However, its potential role as a mediator in the relationship between PHDI adherence and sarcopenia remains underexplored.

This study aims to address this gap by investigating the association between adherence to the PHDI and sarcopenia using a comprehensive cross-sectional analysis of National Health and Nutrition Examination Survey (NHANES) data. We hypothesize that higher adherence to a healthy dietary pattern, as reflected by a higher PHDI, is inversely associated with sarcopenia. Furthermore, we propose that the NHHR mediates this relationship. Specifically, we posit that healthier dietary patterns improve lipid metabolism by lowering NHHR, thereby reducing pro-inflammatory processes that contribute to muscle degradation. By exploring these mechanisms, our study seeks to offer novel insights into the interplay between diet, lipid metabolism, and sarcopenia, with significant implications for targeted prevention and management strategies.



Methods


Study population

The NHANES is designed as a comprehensive cross-sectional investigation conducted across the U. S., aimed at assessing the health and nutritional status of the populace. Data are gathered via household interviews along with clinical assessments performed at Mobile Examination Centers (MECs). Ethical approval for NHANES was obtained from the Ethics Review Board of the National Center for Health Statistics (NCHS), with all participants providing informed consent. For this analysis, we drew from publicly accessible, anonymized data from NHANES cycles spanning 2011 to 2018, encompassing 39,156 participants. Participants in our study ranged in age from 20 to 85 years. We omitted individuals under 20 years of age and pregnant women (n = 16,786), in addition to participants with incomplete or unavailable PHDI data (n = 4,271), those missing NHHR data (n = 864), and individuals without sarcopenia-related details (n = 8,141). Following these exclusions, our final analysis included 9,094 participants, with the comprehensive selection process illustrated in Figure 1.

[image: Flowchart illustrating participant selection from NHANES 2011-2018 (N equals thirty-nine thousand one hundred fifty-six) with exclusions for age, pregnancy (N equals sixteen thousand seven hundred eighty-six), incomplete PHDI data (N equals four thousand two hundred seventy-one), incomplete NHH data (N equals eight hundred sixty-four), and incomplete sarcopenia data (N equals eight thousand one hundred forty-one), resulting in a final sample of N equals nine thousand ninety-four.]

FIGURE 1
 A flow diagram of eligible participant selection in the National Health and Nutrition Examination Survey. PHDI, Planetary Health Diet Index; NHHR, non-high-density lipoprotein cholesterol to high-density lipoprotein cholesterol ratio.




Definition of PHDI and NHHR

The key variable under investigation in this research was the PHDI, which was calculated following the methodology established by the EAT-Lancet Commission. The PHDI score varies between 0 and 140 and includes 14 unique food categories organized into two primary groups. The first group represents foods that should be consumed in higher amounts, such as whole grains, fruits, vegetables, legumes, nuts, seeds, and unsaturated fats. In contrast, the second group pertains to foods that should be limited and includes red meat, processed meat, dairy products, poultry, eggs, fish, saturated fats, and added sugars. A score from 0 to 10 was assigned to each food category based on the levels of consumption. For each food group, scores were assigned proportionally based on the intake levels between the minimum and maximum thresholds (15). More detailed information regarding the PHDI scoring methodology, along with additional studies and Supplementary Table S1, can be found in references (16, 17).

The NHHR is determined by dividing non-High Density Lipoprotein (HDL) cholesterol—calculated as total cholesterol subtracting HDL cholesterol—by HDL cholesterol itself. Generally, this measurement is obtained from lipid profiles taken while fasting (18).



Definition of sarcopenia

The measurement of appendicular skeletal muscle mass (ASM) was conducted through dual-energy X-ray absorptiometry (DXA). According to the standards set by the Foundation for the National Institutes of Health (FNIH), sarcopenia is defined based on ASM that is adjusted for body mass index (BMI). In particular, sarcopenia is diagnosed when the ASM/BMI ratio falls below 0.512 for women and below 0.789 for men (19). Participants exceeding DXA operational limits, including those who were pregnant, weighed over 136 kg, or were taller than 196 cm, were excluded to ensure safety and measurement accuracy.



Covariates

The analysis included a comprehensive range of covariates informed by previous research, such as age, gender, education level, marital, poverty income ratio (PIR), race, smoking, drinking, hypertension, diabetes (a history of diabetes primarily refers to type 2 diabetes, the predominant form in the study population, with limited inclusion of type 1 cases, which were not analyzed separately), total energy intake, protein intake, Urea level, and total serum protein. Further details regarding these covariates can be found in the Supplementary Table S2.



Statistical analysis

Statistical analyses were performed using R software (version 4.3.1). To guarantee that the data accurately represented the U. S. population, we applied weights recommended by NHANES. In particular, the two-day dietary sample weight (WTDR2D) was utilized, with the weight for the years 2011–2018 computed as 1/4 × WTDR2D. Continuous variables are reported as mean ± standard deviation (SD), whereas categorical variables are shown as percentages (20). To compare continuous variables, t-tests were conducted, and chi-square tests were used to evaluate differences between individuals who are sarcopenic and those who are not.

Tertiles for both PHDI and NHHR were constructed based on the 33rd and 66th percentiles, calculated using survey-weighted quantiles from the NHANES design. The lowest tertile was defined as the reference group.

To investigate the relationships involving the PHDI, NHHR and sarcopenia, we applied weighted multivariable logistic regression analyses. We developed three distinct models to adjust for confounding variables: (1) a model without adjustments, (2) a model modified for factors such as age, gender, educational attainment, marital status, PIR, and ethnicity, and (3) a comprehensive model that also incorporated variables like smoking status, alcohol consumption, hypertension, diabetes, total energy intake, protein intake, Urea level, and total serum protein. The Odds Ratio (OR) for the associations between PHDI, NHHR, and sarcopenia were calculated per 10-unit increase. In addition, we utilized weighted linear regression to evaluate the association between PHDI and NHHR. A smooth curve fitting technique was further employed to investigate possible linear correlations between PHDI and sarcopenia. The subgroup analyses were performed to explore the connection between PHDI and sarcopenia across various demographic groups.

To strengthen the robustness of our findings, we further excluded participants taking lipid-lowering medications and conducted a receiver operating characteristic (ROC) curve analysis to compare the predictive performance of NHHR and protein intake for sarcopenia.

Using the “mediation” package in R, mediation analysis was conducted to assess the indirect, direct, and total effects. To ascertain whether NHHR mediated the association between PHDI and sarcopenia, a bootstrapping approach with 1,000 iterations was utilized. The formula used to calculate the mediation proportion was: indirect effect/(indirect effect + direct effect) × 100% (21). The overall effect of PHDI on sarcopenia (Path C), the direct influence of PHDI on sarcopenia when considering NHHR (Path C′), the impact of PHDI on NHHR (Path A), the influence of NHHR on sarcopenia (Path B), and the indirect effect of NHHR on the relationship between PHDI and sarcopenia (Path A*B) were all communicated as regression coefficients. A p-value of less than 0.05 was established as the threshold for statistical significance.




Results


Baseline characteristics

A total of 9,094 participants aged 20–85 years were included in this study, representing an estimated 80.05 million U. S. adults. The mean (SD) score for the PHDI among participants was 60.65 (15.28), with a nearly equal distribution of males and females. Among the participants, 788 were diagnosed with sarcopenia, while 8,306 were not. Initial analyses indicated that individuals with sarcopenia were older and had a higher proportion of non-Hispanic Whites, elevated education levels, greater socioeconomic status, a higher prevalence of heavy alcohol consumption, lower PHDI scores, and increased NHHR levels compared to those without sarcopenia. Additional details are provided in Table 1.



TABLE 1 Baseline characteristics of all participants were stratified by Sarcopenia.
[image: Table comparing demographic and clinical characteristics between overall, non-sarcopenia, and sarcopenia groups, including age, gender, race, education, poverty status, smoking, drinking, hypertension, diabetes, cholesterol, PHDI, NHHR, and corresponding p-values for significance.]



Association between PHDI and sarcopenia

Table 2 illustrates the exploration of the association between PHDI and sarcopenia across three distinct models. In Model 3, following adjustments for all covariates, it was observed that an increase of 10 unit in PHDI was associated with an 14% lower likelihood of sarcopenia (OR = 0.86, 95% CI: 0.79, 0.94). Additionally, individuals in the highest tertile (T3) of PHDI were found to have a 38% reduced likelihood of sarcopenia compared to those in the lowest tertile (T1) (OR = 0.62, 95% CI: 0.43, 0.90). The odds ratios (ORs) indicated a consistent decline across the models as PHDI rose from T1 to T3, with a statistically significant trend being noted (p < 0.05). Further validation from the restricted cubic spline (RCS) analysis (Figure 2) suggested the presence of a linear inverse relationship between PHDI and sarcopenia (p for non-linearity = 0.623). After excluding participants on lipid-lowering medications, the association between PHDI and sarcopenia remained significant (OR = 0.88, 95% CI: 0.81–0.96), as shown in Supplementary Table S4.



TABLE 2 Association between PHDI, NHHR, and sarcopenia, NHANES 2011–2018.
[image: Table summarizing odds ratios, confidence intervals, and p-values for the associations between PHDI and NHHHR with sarcopenia across three multivariable models. Higher PHDI tertiles are associated with lower odds and higher NHHHR tertiles with greater odds of sarcopenia, with p-values indicating statistical significance for most comparisons. Model covariates increase in complexity from Model 1 to Model 3, as described in the footnote.]

[image: Line graph depicts odds ratio (OR) with 95 percent confidence interval versus Planetary Health Diet Index. The OR decreases as the diet index increases, indicating an inverse association. Dashed lines mark OR=1 and index=60. Statistical values are P for overall equals 0.004 and P for nonlinear equals 0.623.]

FIGURE 2
 Dose–response relationships between PHDI and Sarcopenia. OR (solid lines) and 95% confidence levels (shaded areas) were adjusted for age, gender, education level, marital, PIR, race, smoking, drinking, hypertension, diabetes, and high cholesterol.




Association between PHDI and NHHR

Following the adjustment for all covariates such as age, gender, education level, marital, PIR, race, smoking, drinking, hypertension, diabetes, total energy intake, protein intake, Urea level, and total serum protein, a notable negative correlation between PHDI and NHHR was observed (β = −0.09, 95% CI: −0.11, −0.06, p < 0.001), as described in Supplementary Table S3.



Subgroup analysis of the relationship between PHDI and sarcopenia

The findings of the subgroup analysis examining the association between PHDI and sarcopenia are presented in Figure 3. Stratified analyses were performed considering various covariates such as age, gender, education level, marital status, PIR, race, smoking habits, alcohol consumption, hypertension, diabetes, and high cholesterol levels. No significant interactions were observed between PHDI and any of the stratified factors, indicating that the negative correlation between PHDI and sarcopenia appeared consistent across the different subgroups.

[image: Forest plot displaying odds ratios with 95 percent confidence intervals for various subgroups including age, gender, race, marital status, education, poverty index ratio, smoking, drinking, hypertension, diabetes, and high cholesterol. Most point estimates indicate a protective factor, with confidence intervals displayed for each subgroup along a horizontal axis from 0.5 to 1.2, and a red dashed vertical line at one. P-values for interaction are listed for each subgroup comparison.]

FIGURE 3
 Subgroup analysis between PHDI and Sarcopenia. ORs were calculated as per 10-unit increase in PHDI. Analyses were adjusted for age, gender, education level, marital, PIR, race, smoking, drinking, hypertension, diabetes, and high cholesterol.




Association between NHHR and sarcopenia

Table 2 presents the association between NHHR and sarcopenia. In Model 3, following adjustments for all variables, an increase of 10 unit in NHHR was associated with a 9% higher likelihood of sarcopenia (OR = 1.09, 95% CI: 1.03, 1.16). Moreover, individuals in the highest NHHR tertile (T3) were observed to have a 87% higher likelihood of sarcopenia compared to their counterparts in the lowest tertile (T1) (OR = 1.87, 95% CI: 1.36, 2.58). Across the various models, the odds ratios showed a consistent increase as NHHR progressed from T1 to T3, and the trend analysis supported this observed pattern (p < 0.001). After excluding participants on lipid-lowering medications, the association between NHHR and sarcopenia remained significant (OR = 1.07, 95% CI: 1.04, 1.11), as shown in Supplementary Table S4.



Mediation effect

Following the earlier findings, a mediation analysis was performed. After controlling for all covariates (including NHHR), it was determined that NHHR serves as a partial mediator in the association between PHDI and sarcopenia (indirect effect = −0.001, p = 0.010; direct effect = −0.011, p = 0.006), which accounts for 8.33% of the total effect (mediation proportion = indirect effect/(indirect effect + direct effect) × 100%, p = 0.010). These results suggest that NHHR may function as a mediator in the observed association between PHDI and sarcopenia. The mediation pathways (Path A, Path B, and Path C) along with their effects are depicted in Figure 4.

[image: Mediation analysis diagram showing the relationship between PHDI and sarcopenia. Path C represents the total effect of PHDI on sarcopenia (total effect: negative zero point zero one two, P equals zero point zero zero four). The model further separates this effect into direct and indirect pathways: Path C' shows the direct effect of PHDI on sarcopenia (direct effect: negative zero point zero one one, P equals zero point zero zero six), while PHDI also influences sarcopenia indirectly through NHHr (Path A and Path B). The indirect effect is negative zero point zero zero one, P equals zero point zero one zero, with a proportion of mediation of eight point three three percent.]

FIGURE 4
 Schematic diagram of the mediation effect analysis. Path C indicates the total effect; path C′ indicates the direct effect. The indirect effect is estimated as the multiplication of paths A and B (path A*B). The mediated proportion is calculated as indirect effect/(indirect effect + direct effect) × 100%. PHDI, Planetary Health Diet Index; NHHR, non-high-density lipoprotein cholesterol to high-density lipoprotein cholesterol ratio. Analyses were adjusted for age, gender, education level, marital, PIR, race, smoking, drinking, hypertension, diabetes, and high cholesterol.




ROC curve analysis for sarcopenia

The ROC curve analysis (see Supplementary Figure S1) showed that NHHR had a higher predictive performance for sarcopenia, with an AUC of 0.613 (95% CI: 0.594–0.632), sensitivity of 70.1%, and specificity of 48.2% at a threshold of 2.562. In comparison, protein intake had a lower AUC of 0.552 (95% CI: 0.531–0.573), sensitivity of 63.3%, and specificity of 45.8% at a threshold of 82.523. The difference in AUC was statistically significant (p < 0.001), indicating that NIHR is a more reliable predictor of sarcopenia.




Discussion

This study highlights a significant association between adherence to the PHDI and sarcopenia, with higher PHDI scores associated with a reduced likelihood of sarcopenia. Additionally, our findings suggest that the NHHR may act as a partial mediator in this association. RCS and subgroup analyses further support these findings, demonstrating that increased PHDI adherence is associated with a lower prevalence of sarcopenia.

There is an increasing amount of evidence linking PHDI to the likelihood of several chronic diseases (22, 23). Although there are limited studies directly examining the relationship between PHDI and sarcopenia, current research suggests an association between healthy eating patterns and the maintenance of muscle mass (24). A systematic review of prospective cohort studies indicates that adhering to a diet rich in plant-based foods may reduce the likelihood of developing sarcopenia (25). Additionally, a cross-sectional study involving 12,000 individuals reported that greater intake of whole grains, nuts, and vegetables was associated with a decreased likelihood of sarcopenia (OR: 0.64, 95% CI: 0.49–0.84) (26). Together, these findings support the understanding of the negative association between PHDI and sarcopenia, emphasizing the potential importance of diet quality for maintaining muscle health.

Additionally, emerging studies emphasize the significance of NHHR in relation to sarcopenia. Various cross-sectional investigations have reported a negative correlation between the ratio of triglycerides to HDL cholesterol and relative grip strength, suggesting that markers of lipid metabolism may serve as predictors of muscle degeneration (27). Furthermore, there is evidence indicating that fatty acids and muscle metabolism are interconnected processes contributing to muscle loss (28). For example, research involving 9,012 participants identified an association between NHHR and an increased likelihood of reduced muscle mass in middle-aged Americans (13). Consistent with these findings, our study shows a positive association between NHHR and sarcopenia, highlighting NHHR’s potential as an indicator of muscle deterioration. This underscores the importance of NHHR for understanding the fundamental mechanisms underlying sarcopenia.

This study examines the association between the PHDI and sarcopenia, identifying the NHHR as a potential mediator. Both inflammation and lipid metabolism are known to contribute to the likelihood of sarcopenia (29, 30), with elevated pro-inflammatory markers, such as Tumor Necrosis Factor-alpha (TNF-α), Interleukin-6(IL-6), and C-Reactive Protein (CRP), being observed in both sarcopenia and dyslipidemia, suggesting shared pathogenic mechanisms (31–33). Inflammatory mediators may influence lipid metabolism by stimulating lipolysis in adipocytes, increasing free fatty acid (FFA) levels, and promoting insulin resistance (34, 35). Such metabolic disturbances are linked to systemic inflammation, which can exacerbate muscle loss. Elevated FFAs and Low-Density Lipoprotein (LDL) may further trigger oxidative stress and inflammation, impairing muscle function and regeneration (36, 37). Lipid peroxidation leads to oxidative damage, contributing to muscle fiber deterioration and accelerating sarcopenia (38). Additionally, recent studies have highlighted the broader implications of lipid metabolism in related health outcomes. For example, dysregulated lipid metabolism has been linked to the progression of liver steatosis, where malnutrition and impaired hepatic metabolism can negatively impact overall health (39). Moreover, emerging evidence suggests that HDL-bound non-coding RNAs play a regulatory role in cardiovascular risk, offering insights into the molecular interactions between lipid metabolism and systemic inflammation (40). Given the shared inflammatory and metabolic pathways between cardiovascular disease and sarcopenia, these novel biomarkers may also have relevance in predicting muscle health and function. Dietary patterns play a crucial role in modulating inflammation and lipid metabolism, thereby affecting the likelihood of sarcopenia (41). The PHDI, which emphasizes plant-based food intake, aligns with these protective effects. For example, polyphenols found in fruits and vegetables possess anti-inflammatory properties, contributing to lower systemic inflammation (42). Additionally, a diet rich in fiber and antioxidants from whole grains can improve lipid metabolism by reducing LDL and FFA levels (43). Previous research supports that plant-based diets can modulate lipid profiles and inflammation, which are essential for muscle preservation (44–46). In our study, NHHR acted as a mediator in the PHDI-sarcopenia relationship, reinforcing the importance of diet quality for maintaining muscle health. Higher PHDI scores are associated with better lipid profiles and lower inflammation, both of which are protective against sarcopenia.

The ROC curve analysis indicated that NHHR outperformed protein intake in predicting sarcopenia, with a significantly higher AUC. These results indicate the potential utility of NHHR may as a more reliable biomarker for mediating sarcopenia assessment.

Even after excluding participants on lipid-lowering medications, the associations of both PHDI and NHHR with sarcopenia remained significant. These findings highlight the robustness of the relationships and suggest that both dietary patterns and lipid metabolism play critical roles in the pathogenesis of sarcopenia.

Our study highlights the potential clinical use of PHDI and NHHR scores in identifying and managing patients at sarcopenia. Both scores correlate with sarcopenia likelihood, making them useful tools for clinicians. Integrating these scores into clinical practice can help identify patients who may benefit from preventive interventions, such as personalized dietary advice and tailored exercise programs to address lipid imbalance and muscle loss. Regular monitoring of these scores could also track sarcopenia progression and guide treatment adjustments. Although further validation is needed, incorporating PHDI and NHHR scores into routine assessments could improve sarcopenia prevention and management in at-risk populations.

This study has several strengths. First, the PHDI serves as a comprehensive metric of both healthy eating and environmental sustainability, demonstrating its potential to predict sarcopenia. By promoting plant-based food intake while limiting red meat and processed foods, PHDI is closely associated with improvements in muscle health. Second, our analysis utilized a large, nationally representative dataset, enhancing the generalizability of our findings. Finally, to the best of our knowledge, this study is the first to explore NHHR as a mediator between PHDI and sarcopenia, addressing a significant research gap.

However, this study has several limitations. First, the cross-sectional design precludes establishing causality between PHDI, NHHR, and sarcopenia. While the mediation analysis suggests a potential pathway involving NHHR, prospective cohort studies, randomized controlled trials, or experimental research are necessary to confirm these findings and elucidate the causal mechanisms. Second, NHANES relies on self-reported data, including dietary intake via food frequency questionnaires and clinical conditions, which may introduce recall bias or misclassification. Self-reported data inherently carry the risk of bias and should be interpreted with caution. Using more objective measures, such as physician-confirmed diagnoses or dietary biomarkers, could improve result reliability. Third, despite adjusting for numerous potential confounders, residual confounding cannot be entirely ruled out due to the inherent limitations of the NHANES dataset. Factors like genetic predispositions, environmental exposures, or unmeasured lifestyle variables may influence the observed associations. Lastly, while NHANES data are nationally representative of the U. S. population, the generalizability of these findings to other populations with differing dietary habits, demographics, or health profiles may be limited. Future longitudinal and experimental studies are warranted to validate these results and explore the mechanisms in greater depth.



Conclusion

In conclusion, elevated PHDI levels are associated with a lower likelihood of sarcopenia, whereas diminished NHHR levels might enhance this connection. Therefore, following a PHDI-oriented dietary plan and managing NHHR levels may hold substantial clinical importance in reducing the likelihood of sarcopenia.
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Introduction: The environmental impact of food production and distribution has driven the need to integrate sustainability into food services. While research has traditionally focused on carbon and water footprints, other key aspects, such as local product consumption, are often overlooked.
Methods: Therefore, this study proposes the development of a sustainability diet index to address these gaps, using Multi-Criteria Decision Analysis. Specifically, the analytical hierarchy process prioritizes sustainability criteria, and the Interactive and Multicriteria Decision Making (TODIM) method ranks them. Two sustainable diet indices are proposed to assess which offers better performance. A case study of a university canteen demonstrates the index's applicability by considering starters, main courses, desserts, and menus.
Results: The results indicate that rankings based on sustainability dimensions provide a broader perspective, highlighting differences among food menus.
Discussion: The index revealed that menus with local and fewer animal-based ingredients score higher in sustainability, underscoring the relevance of environmental and political factors. Future work considers incorporating other cultural traditional food, menu variations, and vegetarian and vegan options.
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1 Introduction

Currently, the food production sector is one of the main contributors to sustainable development challenges (1, 2), including the depletion of natural resources, the loss of both terrestrial and aquatic biodiversity, and changes in land use. It is noteworthy that 20%–30% of anthropogenic greenhouse gas (GHG) emissions are produced by this sector, with agricultural activities representing the most significant impacts (3, 4). Furthermore, food production demands high freshwater consumption, with agriculture responsible for 70% of total water withdrawals (5, 6). Given the pressure that food systems exert on the environment, various strategies are needed to mitigate the sector's impact, playing an important role in promoting a more sustainable society (7).

The Food and Agriculture Organization of the United Nations (FAO) defines sustainable diets as those with a low environmental impact and contribute to food and nutritional security and healthy life for present and future generations (8). These diets are protective and respectful of biodiversity and ecosystems, culturally acceptable, accessible, economically fair, and affordable; additionally, they must be nutritionally adequate, safe, and healthy, optimizing natural and human resources (8). In summary, sustainable diets consider economic, political, social, environmental, and technological aspects (9–11), and seeks a balance that integrates cultural eating practices, appropriate technological innovations for food systems, and promotes improvements from food production to consumption, including changes in waste management and dietary patterns (12, 13).

In the last decade, the increase in food consumption outside the home has become a global trend (14, 15). This positions massive food services as fundamental actors in the promotion of sustainable food systems (16–19), since small changes in culinary preparations or menus can generate significant impacts when considering that they can cover up to 50,000 preparations (20). However, considering the different aspects of sustainability, with their various measurement forms, offering sustainable diets also becomes a challenge. In this context, sustainability diet indices are required to support decision-makers by performing comprehensive evaluations and allowing for improvements in the sustainability of their offerings, whether culinary preparations or menus.

Therefore, the objective of this study is to develop a multidimensional sustainability diet index applicable at different levels of food disaggregation and adaptable to diverse geographical contexts. Using multi-criteria decision analysis, the index aims to evaluate and rank culinary preparations and menus through a set of weight indicators, thereby supporting evidence-based decision-making in large-scale food services. The applicability and potential of the index are illustrated through a case study, providing practical insights to enhance sustainability practices.



2 Related literature

Concerning the related literature, we distinguished three types of food disaggregation analysis: (i) by ingredient, referring to studies focused on the individual analysis of ingredients; (ii) by culinary preparation, referring to food preparations such as desserts; and finally, (iii) by menu, when a set of preparations is analyzed. Most of the related literature studied ingredients individually, while some researchers, such as Engelmann et al. (21) and Cambeses-Franco et al. (22), have assessed culinary preparations, and others, such as Martinez et al. (23), Gómez-Ramos and Rico Gonzalez (24), and Stern et al. (25), have evaluated menus. Nevertheless, among the research assessing more than one food disaggregation, Ernstoff et al. (26) analyzes culinary preparations to evaluate the effects of meat and meatless diets, Castañé and Antón (27) focus on culinary preparations and their environmental impact, and Benedetti et al. (28) compare entire diets, from ingredient production to consumption. These studies collectively emphasize the importance of evaluating food at different levels of disaggregation–from ingredients to menus–to fully understand the environmental impacts of dietary choices.

Furthermore, regarding nutritional aspects, the Nutrient-Rich Food Index (NRF 9.3) is the most used (27, 29), followed by the Healthy Eating Index (HEI) (25, 30), and the Sustainable HEalthy Diet (SHED) (31). However, little research has integrated nutritional aspects into sustainable diet index or indicator assessments. Among those, we can highlight, for example, Luzzani (32) who employs a multi-indicator approach to improve the classification of sustainable dietary patterns, nutritional adaptation, and alignment with local diets, addressing the relationship with the social dimension of sustainability. Similarly, Li et al. (33) develops an indicator system encompassing environmental, economic, social, and nutritional aspects, providing an analytical tool to assess the sustainability of diets from a multi-scale and multidimensional perspective. Additionally, Gazan et al. (34) applies a comprehensive methodology to compile food metrics into a single database, enabling an exhaustive evaluation of food consumption's nutritional, economic, social, and environmental aspects.

The analysis of ingredients individually has traditionally been the main focus. To support massive food service managers transitioning to sustainable food systems, it is essential to consider broader functional units that can help with decision-making, such as culinary preparations or menus. To the best of the authors' knowledge, previous research has not addressed the concept of a sustainable diet while analyzing culinary preparations or menus. Only Hatjiathanassiadou et al. (35) has considered the economic, environmental, and social dimensions without including nutritional aspects, considering all three levels of food disaggregation. Hatjiathanassiadou et al. (35) focuses on how current food systems impact the environment, specifically analyzing the use of environmental footprints—such as carbon, water, and land use footprints—to evaluate the environmental impacts of food consumption while also integrating the economic and social dimensions.

Furthermore, Cáceres et al. (36) presented six indicators validated by experienced chefs and nutritionists in the food services industry. These indicators encompass the impact of ingredient production, such as the carbon footprint (CF) and water footprint (WF), as well as the local origin of ingredients (LAI) (37). They also address recipe composition, including the presence of animal-based ingredients (AI) and red meat (RMI), alongside processing-related aspects like food waste (FW) (36, 37). Despite their validation, these indicators focus mainly on the environmental aspects of sustainability.

Despite their validation, these indicators focus mainly on the environmental aspects of sustainability. This underscores the need for a more comprehensive approach to evaluate diet sustainability, which this study aims to address through the development of an integrative index.

This study is structured as follows. Section 3 describes the proposed sustainability diet index, including identifying and evaluating sustainability indicators and selecting a Multicriteria Decision Analysis (MCDA) tool. Section 4 presents the case study and the findings obtained, including the sustainability rankings of various culinary preparations and menus, followed by Section 5, which discusses the broader implications of these findings. Finally, Section 6 presents the conclusions and future perspectives.



3 Materials and methods

This section outlines the methodological framework employed for developing and applying the sustainability diet index (SDI). In this research, two indices are proposed and assessed. The first (SDI1) considers the nature of sustainability based on its different dimensions, for which a series of indicators is proposed. The second (SDI2) adopts the indicators proposed by Cáceres et al. (36), which follow the global trend of over-representing the environmental dimension of sustainability and have been validated with relevant stakeholders. Furthermore, sustainability inherently seeks a balance between its different dimensions, but the preferences of the involved stakeholders may vary, so two scenarios are considered for both indices. The first scenario (s1) corresponds to an equitable prioritization, and the second scenario (s2) corresponds to a biased one. The latter requires consultation with the involved stakeholders to understand their preferences.

The analysis of these two indices (SDI1 and SDI2) in two different scenarios (s1 and s2) is carried out to examine whether the different indices generate distinct rankings for the same set of culinary preparations and menus analyzed to ultimately determine which index allows a better differentiation for easier decision-making. Figure 1 presents a schematic diagram of the methodological process used in this study. It shows four rankings for each culinary preparation type, and menus will be compared.


[image: Flowchart diagram illustrating the process of evaluating culinary preparations and menus using sustainability indicators and dimensions. Each group undergoes biased and equitable weighting, resulting in two rankings for culinary preparations and menus.]
FIGURE 1
 Methodology diagram. MCDA, Multi-Criteria Decision Analysis; TODIM, Interactive and Multicriteria Decision Making; AHP, Analytical Hierarchy Process.


This section presents (1) a sustainability dimensions description for SDI1; (2) an indicators description for SDI2; (3) the description of the selected Multi-Criteria Decision Analysis (MCDA) method to establish the preferences of the involved stakeholders to generate the required data for evaluating the index in the biased prioritization scenario; and (4) a general description of the data collected for the set of culinary preparations and menus to be analyzed.


3.1 Sustainability dimensions description for SDI1

While sustainability has historically been defined as the balance between social, economic, and environmental aspects, technological and political considerations should not be overlooked. For example, the complexity of culinary preparation may discourage food services from implementing certain dishes due to the need for a wide variety of ingredients, lengthy preparation times, specialized skills, or additional equipment. Meanwhile, governmental factors are particularly relevant in large-scale food services that rely on government organizations, where policies can be tested for efficacy before being introduced to the general public. Thus, economic, social, environmental, political, and technological components are essential for a comprehensive understanding of sustainability (11, 38).

Two aspects of the economic dimension are addressed. First, resource scarcity is estimated in monetary terms through Life Cycle Assessment (LCA), using the “USD2013” indicator from the ReCiPe Endpoint method, which reflects the costs associated with the extraction of minerals and fossils (39). Second, the costs related to food acquisition are analyzed, providing a comprehensive view of the economic impact of sustainable eating practices. These indicators were chosen due to their ability to facilitate an understanding of the actual costs associated with sustainability.

The social dimension focuses on two aspects. First, it quantifies Disability-Adjusted Life Years (DALY), which reflect losses associated with diseases, disabilities, or premature deaths, using the DALY indicator of the ReCiPe Endpoint method (39). Additionally, the nutritional quality of foods is evaluated through the Nutrient-Rich Foods Index (NRF 9.3) (40), measuring the nutritional contribution of foods in the diet. Including these indicators allows for a comprehensive assessment of social and nutritional impacts, addressing public health and diet quality.

Regarding the environmental dimension, impact categories such as Global Warming Potential (GWP), based on the Intergovernmental Panel on Climate Change (IPCC) methodology (41), and water consumption, measured through the Available WAter REmaining (AWARE) method (42), are analyzed. Additionally, species loss over time will be assessed to determine the impact on biodiversity and ecosystems using the “Species.yr" indicator of the ReCiPe Endpoint method (39). These tools provide a comprehensive and easily interpretable evaluation of environmental impacts. This selection ensured a thorough and relevant assessment of the overall environmental impact.

Concerning the political dimension, the focus is on promoting local consumption and production by evaluating the percentage of locally sourced foods (36). This measure aims to strengthen regional economies and increase locally generated jobs. The choice of this indicator is justified by its relevance in promoting sustainable food policies and its direct impact on local economies.

On the other hand, the technological dimension will be analyzed by considering the number of ingredients used in each recipe based on the assumption that a greater number of ingredients may require longer processing times. This is established as an operational limitation. This approach seeks to optimize ingredient efficiency and promote more sustainable practices in the kitchen. Furthermore, it allows for identifying opportunities to improve technological efficiency in food preparation.



3.2 Indicators description for SDI2

The CF is an environmental indicator used to quantify the greenhouse gas (GHG) emissions produced directly and indirectly throughout a production system, following the principles of ISO 14064 for LCA. This environmental indicator is considered the most common in evaluating eating habits (7, 43). However, Nemecek et al. (14) notes that considering GHG emissions alone is insufficient to address the environmental impacts of food, as it lacks other impacts related to agricultural production and water consumption. Therefore, it is also necessary to evaluate food's water footprint (WF). The water needs in food production systems for crop irrigation and food processing have received particular attention in recent years due to the decreasing availability of water worldwide (44). Thus, it is concluded that it is important to seek the reduction of both environmental impacts when evaluating a sustainable diet.

On the other hand, it is relevant to promote the consumption of local foods (LAI), avoiding the consumption of imported foods. Mainly because imported foods require more processing, packaging, and travel long distances, generating a significant environmental impact (45). Additionally, referring to local foods commonly alludes to seasonal foods, which are produced under minimal artificial intervention in crops, thereby contributing to the reduction of environmental impact and fostering local employment generation (7, 45, 46). Ultimately, local production must be considered from an environmental and social perspective when discussing sustainable diets.

Furthermore, according to González-García et al. (47), animal-based ingredients (AI) have the highest scores in terms of CF and WF, especially red meat (RMI) (48). Therefore, if the goal is to reduce their impact on diets from a sustainable perspective, it is important to consider reducing meat portion sizes, decreasing frequency, or adopting new dietary guidelines (49, 50). However, this can lead to potential malnutrition and undernutrition problems (49, 51). Thus, studying the balanced incorporation of animal-based ingredients is essential for a sustainable diet.

Lastly, reducing food waste (FW) decreases the environmental burden on landfills, reduces the costs associated with its management, and promotes more efficient use of available resources. This aligns with sustainability and environmental responsibility (45, 52).



3.3 Selection of Multi-Criteria Decision Analysis (MCDA)

To construct the SDI, two weighting assignment scenarios will be analyzed. The first scenario, s1, corresponds to an equal weighting for all criteria, while the second scenario, s2, corresponds to a biased weighting assigned by nutrition experts. This comparison allows us to analyze whether there are differences between the rankings' compositions to understand the impact of the preferences.

To select an MCDA method that allows for the assignment of a biased weighting, the Multiple Criteria Decision Analysis Methods Selection Software (MCDA-MSS) created by Cinelli et al. (53) was used. This software includes a set of more than 200 MCDA methods, representing different schools, approaches, and trends within MCDA. The tool is valuable for selecting and identifying possible errors when choosing the MCDA method. It works through a series of questions aimed at helping analysts and researchers understand and describe complex decision-making processes, facilitating the recommendation and selection of the most appropriate MCDA methods for each case study (53).

For this study, the MCDA-MSS software recommended the use of the TODIM method, an acronym in Portuguese for Interactive and Multicriteria Decision Making (54, 55), based on Prospect Theory (56). This approach allows for ranking alternatives according to the preferences of decision-makers, where evaluations are not solely based on the final result but incorporate a model that reflects their perception of gains and losses relative to a reference point (55, 57). Compared to other MCDA techniques that typically assume linear and compensatory reasoning, TODIM introduces a more behaviorally realistic model, enhancing its applicability to multidimensional evaluations (55). This is particularly valuable in sustainability assessments, where decision-making often involves conflicting objectives. One of the distinguishing features of the TODIM method is its ability to address uncertainty, a relevant characteristic in sustainability-related decision-making (58). Additionally, this method is notable for performing pairwise comparisons between decision criteria, offering simple yet effective resources to resolve potential inconsistencies arising from these comparisons. Thus, it allows for constructing a criteria hierarchy and considering interdependence relationships between alternatives (59).

According to the study (60), the TODIM method consists of the following steps:

	1. Evaluation of alternatives according to criteria: All alternatives are evaluated based on the previously defined criteria. An evaluation matrix with all necessary data in numerical form is created.
	2. Normalization of the evaluation matrix: The data in the evaluation matrix are normalized by dividing the value of each alternative by the total sum of values assigned to all alternatives for that criterion. This normalization generates a new matrix with values from 0 to 1, ensuring a direct comparison between them.
	3. Definition of criteria weighting: The weights of each criterion are determined and normalized to calculate a dominance matrix. The decision-makers must indicate the reference criterion (the most important) for the calculations. The weight of each criterion, determined by the decision-makers on a numerical scale, is normalized by dividing the weight of each criterion by the weight of the reference criterion, thus generating the normalized weights Wrc, where Wrc is the weight of criterion c divided by the weight of the reference criterion r. To determine the weights of each criterion, they must be prioritized through a mutual comparison. This process is carried out using the Analytical Hierarchy Process (AHP) method (61), which allows for a comparison between different study criteria to determine which is preferred. For this, a rating scale is used, ranging from 1 to 9, where:

	• (1) Equal importance: Both criteria contribute equally.
	• (3) Moderate importance: Judgment slightly favors one criterion over the other.
	• (5) Strong importance: One criterion is clearly more important than the other.
	• (7) Very strong importance: One criterion strongly dominates the other. This dominance is proven.
	• (9) Extreme importance: One criterion dominates the other with the highest possible order of magnitude.
	• (2,4,6,8) Intermediate values: Values used to express preferences between two values of the above scale.

After all the comparisons, the weighting assigned by the nutrition professionals to each criterion is indirectly calculated, providing a quantitative measure of its importance. Additionally, the consistency of the responses is verified using the Consistency Index (CI) and the Consistency Ratio (CR). The CR must be less than or equal to 0.10 (10%) to ensure the study's validity and the reliability of the derived decisions. A CR value above this threshold indicates the presence of significant inconsistencies in the pairwise comparisons, which may require a review and correction of the evaluations to ensure consistency. Finally, the individual assignments of each decision-maker are averaged to determine the overall results, thus ensuring an accurate and well-founded evaluation.

4. Degree of dominance of the alternative: A mathematical procedure must be followed to determine the degree of dominance between alternatives, based on Prospect Theory (56). The dominance of alternative Ai over another alternative Aj is calculated using Equation 1. This is given by the sum of relative gains and losses between the alternatives. Equation 2a describes the gain part of the value function, while Equation 2c represents the loss part. Equation 2b is applied when neither gain nor loss exists.

δ(Ai,Aj)=∑c=1mΦc(Ai,Aj),∀(i,j).      (1)

When:

Φc(Ai;Aj)={wrc(Pic−Pjc)∑c=1mwrcsi, (Pic−Pjc)>0, (a)0si, (Pic−Pjc)=0, (b)−1θ(∑c=1mwrc)(Pjc−Pic)wrcsi, (Pic−Pjc)<0. (c)      (2)

Where:

	• Φc(Ai, Aj) represents the measure of the dominance of Ai over Aj.
	• m indicates the total number of criteria evaluated.
	• c refers to a specific criterion, with c = 1, …, m.
	• wrc is equal to wc divided by wr where r is the reference criterion.
	• Pic and Pjc are the performances of alternatives Ai and Aj in relation to c.
	• θ is the attenuation factor of losses, affecting the shape of the value function in loss situations.

This structure allows for evaluating the alternatives, considering both gains and losses concerning the established criteria, reflecting the complexity of decisions in uncertain environments, and providing a basis for informed decision-making.

	5. Global dominance degree: Once all the dominance matrices for each criterion are calculated, a final dominance matrix is created, where δ(Ai, Aj) sums all the corresponding elements of the partial matrices. Then, to quantify the overall value of each alternative i, Equation 3 is used. This equation normalizes all dominance measures, allowing for a ranking of each alternative based on their values. Finally, the result is a complete ordering of all the alternatives, providing an analysis of all available options for decision-making, thereby facilitating the identification of the most sustainable options.

ξi=∑j=1nδ(Ai,Aj)-minj=1nδ(Ai,Aj)maxj=1nδ(Ai,Aj)-minj=1nδ(Ai,Aj).      (3)
 

3.4 Data collection

In Chile, food and nutritional security presents significant challenges. According to the report (62), the population over 15 years old in the country ranks second in Latin America for the highest rates of overweight and obesity, as well as second in the consumption of ultra-processed foods in the region (63). Additionally, it is among the top 10 countries with the highest per capita meat consumption worldwide (64). This reality highlights the importance of assessing the environmental impact of the Chilean diet and implementing improvements that promote sustainability. In response to this situation, Chile has developed the National Sovereignty Strategy for Food Security (65), establishing a comprehensive approach to the food system to guarantee the right to food. Faced with both global and national challenges, such as the dependence on imported foods and the degradation of natural resources, this initiative focuses on promoting access to productive resources, fostering sustainable practices, valuing local production, and ensuring the conservation of natural resources and biodiversity, thus promoting a more sustainable food system.

In this context, this research focused on a public university in Chile, located in Santiago. The university has a strategic sustainability objective, evidenced through the annual publication of a sustainability report. Unlike other higher education institutions that opt to outsource food services, this university directly manages its cafeteria. In practice, the university cafeteria is managed by a specific operational area, capable of offering 3,000 culinary preparations per day, highlighting its capacity to significantly influence the promotion of sustainable eating practices within the university community.

The main data used in this study are derived from the ingredients used in culinary preparations. Data collection was collected through interviews with the cafeteria manager and through collaborative work with kitchen staff and institutional nutritionists. Using daily menus as a reference, the team reconstructed and validated the quantity of each ingredient used per preparation, ensuring accurate measurements based on standard serving practices. This collaborative process allowed for a detailed and context-specific dataset. In total, meals offered over a four-month period were analyzed, providing a comprehensive understanding of the food composition available to students and staff.

To evaluate the sustainability dimensions and indicators such as carbon footprint, water footprint, impact on biodiversity and ecosystems, resource scarcity in monetary terms, and disability-adjusted life years, the software SimaPro version 9.4.0.4 was used. Specialized databases such as Ecoinvent 3, Agribalyse_V3.01, Agri-footprint 5, Exiobase, World Food LCA, and WEEE LCI were utilized. This allowed for precise estimates for each ingredient studied, ensuring an accurate analysis of the culinary preparations. Various factors were considered for the comprehensive analysis of the emissions generated by the culinary preparations. Initially, the emissions originating from food production and the emissions resulting from the transportation of each ingredient from its production site to the preparation site in the university were evaluated based on the study (38). The food production locations were identified through extensive research, primarily using data from the Chilean Office of Agricultural Studies and Policies (ODEPA) (66, 67). Additionally, the amount of waste generated by each ingredient during culinary preparation was estimated based on information collected by Cáceres Rodríguez and Lataste Quintana (68). Lastly, the emissions associated with the transportation of food waste to the Santa Marta landfill in the Metropolitan Region of Chile, including the emissions related to the landfill operation, were incorporated.

A price search was conducted to determine the costs associated with acquiring ingredients for culinary preparations, expressed in Chilean Pesos (CLP). Most of these data were obtained from ODEPA (69). Ingredients not found in the ODEPA database were searched for in the public market, given its relevance as a procurement platform for public sector entities (70). Traditional supermarkets were consulted (71, 72) for information on ingredients absent from these sources. With all the collected price information, the total value of each culinary preparation was calculated, considering the amount of each ingredient used.

To determine the nutritional information of each ingredient, the USDA Food and Nutrient Database was used (73). The daily reference values and maximum recommended values for the nutrients used in this process were adopted from the study by Drewnowski (40). This information allowed for evaluating the nutritional quality of each culinary preparation. Additionally, each ingredient was classified according to its food category.




4 Results

This section presents the results obtained for the sustainability diet index for culinary preparations and menus, considering the case study of the University of Santiago of Chile (USACH) for both defined scenarios.


4.1 Data collection of the case study

The data collection for the case study is focused on the culinary preparations offered by the university cafeteria, which are organized into menus that include a starter, a main course, and a dessert, i.e., three culinary preparations. According to the information collected in García-Leal et al. (38) and supplemented by recent interviews with the cafeteria managers, 56 different starters, 92 main courses, and 33 desserts were identified. For the menu analysis, we focused on those effectively delivered to the community and presented combinations of the identified culinary preparations, totaling 67 menus. This allows for a varied analysis of food options from a sustainability perspective. The detailed values of the criteria for each preparation can be found in the Supplementary material.



4.2 Survey analysis

Implementing the TODIM method allows for weighting the criteria under study (s2). In this particular case, two different analyses are considered: one focused on sustainability dimensions (SDI1) and the other on indicators (SDI2). To establish these weightings, surveys were conducted with nutrition experts to identify the aspects they consider most relevant in sustainable food. The surveys were based on the AHP criteria ranking scale (61). To ensure the representativeness of the sample of experts, the existence of approximately 12,400 nutritionists in Chile was considered, according to the study by Durán Agüero et al. (74). Establishing a confidence level of 85% and a margin of error of 15%, it was calculated that at least 23 surveys were needed to obtain a significant sample.

The survey was designed in an online format and validated by the ethics committee of the University of Santiago de Chile (75). Invitations were sent via email, and promotion was done through social media, specifically Instagram. Each invitation included informed consent detailing relevant study information and ensuring participant confidentiality to guarantee research transparency. Between October and December 2023, 25 experts with diverse professional profiles participated. These included: 17 experts in research and teaching (focused on scientific research related to nutrition); 2 clinical experts (focused on the treatment and prevention of diseases through nutrition); 1 sports expert (dedicated to helping individuals who engage in intense physical activity); 1 expert in primary and community care (focused on public health and nutritional education programs in communities); and four food service experts (specialized in planning and managing food services). These experts provided their perspectives on the different sustainability dimensions and indicators, providing the weights presented in Tables 1, 2, respectively.

TABLE 1  Biased weighting of sustainability dimensions according to experts (SDI1–s2).


	Dimensions
	Research
	Clinical
	Sports
	Primary and community care
	Food service
	Global





	Economic
	0.068
	0.031
	0.075
	0.348
	0.191
	0.142

 
	Environmental
	0.281
	0.477
	0.510
	0.183
	0.375
	0.365

 
	Social
	0.235
	0.250
	0.254
	0.341
	0.255
	0.267

 
	Political
	0.248
	0.158
	0.111
	0.052
	0.093
	0.132

 
	Technological
	0.169
	0.083
	0.050
	0.077
	0.085
	0.093

 
	Consistency index
	0.057
	0.103
	0.099
	0.108
	0.110
	-

 
	Consistency ratio
	0.051
	0.092
	0.088
	0.097
	0.098
	-






TABLE 2  Biased weighting of indicators according to experts (SDI2–s2).


	Indicators
	Research
	Clinical
	Sports
	Primary and community care
	Food service
	Global





	Carbon footprint
	0.099
	0.177
	0.301
	0.088
	0.111
	0.155

 
	Water footprint
	0.172
	0.219
	0.273
	0.071
	0.274
	0.202

 
	Local ingredients
	0.151
	0.139
	0.168
	0.295
	0.090
	0.169

 
	Animal-based ingredients
	0.081
	0.127
	0.035
	0.318
	0.168
	0.146

 
	Red meat (beef) ingredients
	0.159
	0.137
	0.030
	0.151
	0.247
	0.145

 
	Food waste
	0.338
	0.201
	0.193
	0.078
	0.112
	0.184

 
	Consistency index
	0.023
	0.122
	0.121
	0.125
	0.088
	-

 
	Consistency ratio
	0.018
	0.098
	0.098
	0.100
	0.071
	-






The analysis of the CI and CR indicates a satisfactory level of coherence among the experts' evaluations, with consistency ratios below 10%, demonstrating a high degree of agreement in their judgments. Notably, all consistency ratios are below 0.10, except for one that exactly reaches this threshold. This level of consistency reflects the reliability of the assigned weightings, indicating that the experts' evaluations are logically coherent and can be considered solid for decision-making based on sustainability criteria.

Regarding the weightings assigned to the sustainability dimensions, Table 1 illustrates that the environmental dimension stands out. This highlights the experts' recognition of the urgent need for sustainable actions to protect the environment. Across all specialties, the social dimension is highly valued, reflecting a shared interest in promoting collective wellbeing and social responsibility. Moreover, the balanced weighting among the environmental, social, and political dimensions, as noted by researchers, clinicians, and sports nutritionists, suggests a comprehensive perspective on sustainability. Food service and community care professionals emphasize the classic dimensions of sustainability, which aligns with the practical applications of their work. Although the technological dimension receives comparatively less attention, it is recognized as a promising area for optimizing sustainability within the food chain.

Analyzing the weightings provided by global experts concerning the various indicators, it becomes evident that the water footprint holds the greatest significance (see Table 2). This is particularly relevant given Chile's water crisis, as the country ranks 18th for “high water stress” according to a recent report (76). Additionally, food waste is identified as a major cost factor, affecting both energy usage and financial resources, and it has a considerable environmental impact on Chilean households (77). These indicators demonstrate a commitment to improving water management efficiency and reducing waste. In contrast, animal-based ingredients and red meats received the lowest weightings, indicating they are considered less of a priority in this context.

The analysis reveals variations in priorities based on the experts' specializations. Researchers and educators strongly emphasize water and waste management, reflecting their focus on long-term sustainability in response to Chile's water crisis. Clinicians and nutritionists working in food services also underscore the importance of the water footprint, aligning their priorities with disease prevention and efficient water use goals. In contrast, sports experts highlight the carbon footprint, underscoring the implications of climate change in the sports sector. Finally, community nutrition specialists emphasize the consumption of local and animal-based ingredients, reflecting the importance of sustainable nutrition practices within communities.



4.3 SDI results for culinary preparations and menus in both scenarios

To conduct a more detailed analysis, the results were separated by food aggregation level: (i) culinary preparations (including starters, main courses, and desserts) and (ii) menus. Then, both the index (SDI1 and SDI2) and scenarios (s1 and s2) are assessed by each category. Figure 2 shows the variance assessment for the rankings obtained in each case.
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FIGURE 2
 Box plots. Rankings of culinary preparations and menus with sustainability dimensions and indicators (SDI1 and SDI2). (A) Starters. (B) Main courses. (C) Desserts. (D) Menus.


Figure 2A shows the results of the four rankings for starters. Considering the rankings by sustainability dimensions for starters (SDI1), we observe greater variability than the indicator rankings. This variability is indicated by a standard deviation of 0.2174 for the dimensions compared to 0.2160 for the indicators. Despite this variability, no significant differences are noted between the results obtained using equitable and biased weights (s1 and s2). However, a clear preference remains for recipes that use vegetables and local products. Notable examples include “Spinach with carrots” and “Broccoli with cauliflower” which stand out for their reduced environmental footprint, ranking among the top ten in terms of economic and social dimensions. Conversely, meat-based recipes are classified as less sustainable and occupy the lowest positions in the dimensions rankings (see Supplementary Table S8). The results show no significant differences in the rankings for the indicators (SDI2) regardless of the type of weighting applied, whether equitable or biased (s1 and s2). It is noted that starters with a higher inclusion of plant-based and local ingredients, such as “Cabbage with olives,” “Vegetable cream,” and “Spinach with carrots,” stand out for their sustainability in (SDI2). In contrast, preparations that include meat, such as “Beef consomme” and “Empanada de pino,” are positioned lower, indicating a more significant negative environmental impact due to their high carbon footprints and the use of red meat ingredients. At the lower end of both indicator rankings, for starters, preparations such as “Celery with avocado and vegetables,” “Tomato with coriander,” and “Celery with bell pepper” are characterized by their considerable water footprint and significant waste generation. Additionally, Figure 2A show that (SDI2) presents a narrower interquartile range (IQR) compared to the sustainability dimensions. This indicates less dispersion in the evaluation of the recipes.

Regarding the analysis of the rankings for main courses, presented in Figure 2B, preparations predominantly composed of vegetables and legumes, such as “Pasta with mushroom and corn sauce,” “Noodles with sauce and vegetables,” and “Humitas” rank highest in both indicator rankings. This suggests that the balanced integration of plant-based ingredients significantly contributes to the sustainability of the culinary preparation, mitigating the negative impacts of animal-based ingredients. Nonetheless, some culinary preparations that include meat and are found in the first quartile of the rankings seem to benefit from the significant inclusion of vegetables, legumes, or grains, partially offsetting the negative impact of meat. On the other hand, dishes with a high content of animal ingredients, such as “Roast beef with mashed potatoes,” “Roast pork with mixed vegetables,” and “Loin with corn pie,” are among the least sustainable. They face challenges not only in terms of carbon footprint and water consumption, negatively characterizing the environmental dimension, but also involve higher costs, negatively affecting the economic dimension (see Supplementary Table S9). It is worth mentioning that, in general, predominantly vegetable dishes tend to be associated with lower acquisition costs, highlighting their cost-benefit advantage from a sustainability perspective. Furthermore, examining the box plots of the main courses, a reduced variability in sustainability dimensions is revealed compared to individual indicators. This lower variability is reflected in a standard deviation of 0.1883 for sustainability dimensions and 0.2311 for indicators. This suggests a more uniform evaluation of sustainability, regardless of the specific weights applied, indicating a stronger consensus on the overall sustainability of these culinary preparations.

Figure 2C allows the analysis of the rankings of preparations categorized as desserts. When evaluating the rankings from different sustainability dimensions (SDI1), it is noted that desserts with multiple ingredients and more complex preparation processes tend to be classified as less sustainable, negatively impacting the technological dimension. These include “Chocolate flan,” “Fried bananas with cream,” and “Carrot cake,” which are also characterized by offering lower nutritional value and being associated with higher costs compared to the desserts under study. Despite the need to prepare “Pineapple jelly,” it remains the most sustainable dessert. This suggests that its simplicity in both preparation and ingredients, along with the absence of waste generation, leads to a lower impact on the sustainability dimensions (see Supplementary Table S10). According to the indicators ranking, the most sustainable desserts are “Pineapple jelly,” “Baked milk,” and “Brazo de reina,” standing out under both weightings. These desserts are notable for their limited environmental impact, evidenced by low carbon and water footprints. “Baked milk” and “Brazo de reina” particularly stand out for their use of local ingredients, contributing to mitigating their environmental impact compared to other desserts that do not incorporate these ingredients. In contrast, desserts such as “Mango” and “Raspberry” rank among the least sustainable, primarily due to their high environmental footprints. The box plots in Figure 2C indicate that desserts, in terms of indicators, show a medium-high sustainability rating and demonstrate comparatively lower variability than the evaluation by sustainability dimensions. This is reflected in a variance of 0.0356 and a standard deviation of 0.1888 for the indicators, compared to a variance of 0.0662 and a standard deviation of 0.2573 for the dimensions.

Figure 2D presents the results for the four rankings obtained for the menus. Regarding the sustainability dimensions rankings, the menus identified as the most sustainable include n°58: “Lettuce with green beans and carrot,” “Vegetarian charquican,” and “Orange”; n°1: “Lettuce with carrot,” “Lentils,” and “Orange;” and n°10: “Cabbage with mixed lettuces,” “Vegetarian potato pie,” and “Orange,” considering both weightings. These menus stand out for achieving an adequate balance between all the evaluated sustainability dimensions, ranking among the top 10% of the best-rated menus in terms of political and economic dimensions. Notably, according to this ranking, the ten most sustainable menus are free of animal-based ingredients, reaffirming that vegetarian preparations tend to be associated with lower costs and have a lesser impact on CF and WF, showing a trend toward local and vegetarian ingredients. In contrast, the menu classified as the least sustainable according to this ranking, for both weightings, is n°54: “Cabbage with mixed lettuces,” “Roast beef with mashed potatoes,” and “Baked milk.” This menu stands out for its high proportion of animal-based ingredients and for significantly impacting the environmental dimension. Its classification as the second worst according to the NRF 9.3 index is also relevant, negatively affecting the social dimension of the evaluation.

The evaluation of the menus in the indicators rankings reveals that, under both weightings (s1 and s2), menus n°4, n°53, and n°10 stand out for their sustainability. For example, menu n°4, which includes “Lettuce with carrot,” “Noodles with sauce and vegetables,” and “Apple,” presents one of the lowest water footprints and waste generation among the analyzed menus. Despite containing animal-based ingredients, this menu is characterized by a lower presence of such ingredients. Similarly, menu n°10, which consists of “Cabbage with mixed lettuces,” “Vegetarian potato pie,” and “Orange,” ranks among the menus with the least waste generation and the greatest use of local ingredients, thus positioning itself as a more sustainable menu. On the other hand, although menu n°53, composed of “Tomato with onion,” “Minestrone,” and “Apple,” does not register the lowest carbon and water footprints, its preference for local ingredients and contributions close to the average of each indicator also rank it among the most sustainable. Conversely, the menus considered the least sustainable, such as n°26, composed of “Tomato with lettuce,” “Fish with rice and vegetables,” and “Jelly,” and n°39, which includes “Tomato with green beans,” “Chicken with mashed potatoes and green beans,” and “Marbled jelly,” are characterized by high consumption of animal-based ingredients and a significant water footprint. Menus that incorporate animal-based ingredients, specifically fish, beef, or chicken, tend to occupy the lower positions in both rankings, mainly because their production is associated with considerable water consumption and greenhouse gas emissions, negatively impacting the evaluation of indicators.

The comprehensive evaluation of the menus, presented in Figure 2D, reveals that the ranking of dimensions shows more significant variability than the ranking of indicators. This is reflected in a standard deviation of 0.2540 for the dimensions compared to 0.2297 for the indicators. Additionally, the data distribution suggests symmetry around the mean.

After individually analyzing the categories of preparations, it has been identified that the differences between the equitable and biased weightings (s1 and s2) are minimal in both rankings applied (SDI1 and SDI2), indicating that the weighting methods have a limited impact on the variability of the results for the case studied. These findings suggest that sustainability rankings are robust across different weighting approaches, reinforcing their reliability for decision-making in large-scale food services. However, a deeper exploration of these results is needed to understand their broader implications, particularly in terms of their applicability to sustainable food policies and their potential to influence menu design strategies.




5 Discussion

The findings indicate that the sustainability of a menu does not always align with the sustainability rankings of its individual components. This suggests that interactions between food items play a crucial role in determining overall sustainability. For instance, menu n°53: “Tomato with onion,” “Minestrone,” and “Apple,” was ranked among the most sustainable according to the indicators ranking, despite none of its individual dishes being highly ranked. This discrepancy highlights the need to evaluate sustainability at a holistic level, considering how different food components interact to balance nutritional, environmental, and economic impacts. This multidimensional perspective aligns with Gazan et al. (34), who showed that integrating diverse dimensions into unified food sustainability database enhaces the robustness of assessments.

A key aspect of the rankings is that lower variability makes it more difficult to distinguish which culinary preparations are more sustainable. When rankings show little dispersion, the differences between preparations become less perceptible, whereas greater variability allows for clearer distinctions. Although the variability observed with the TODIM method is not highly significant, a slight dispersion is present. Notably, rankings based on sustainability dimensions (SDI1) exhibited greater variability than those based on indicators, reinforcing the idea that evaluating entire menus rather than individual preparations provides a more comprehensive assessment of sustainability. Furthermore, the results confirm that the inclusion of a specific preparation does not automatically determine the sustainability level of the entire menu, emphasizing the importance of holistic evaluations.

Figure 3 represents a selection of the main menus from the sustainability dimensions ranking. Although only 16 menus are visualized in the figure, these correspond to the four most representative menus of each quartile of the ranking. It can be observed that the size of each circle indicates the menu's position within the ranking: the larger the size, the better the menu's classification in terms of sustainability. This graphical representation allows for a concise and visual appreciation of the menus leading in sustainability and those that, although included in the analysis, present greater opportunities for improvement. The strategic selection of menus from each quartile provides a clear understanding of the distribution of sustainability throughout the ranking.
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FIGURE 3
 Bubble chart. Rankings of menus evaluated with sustainability dimensions.


Regarding the extremes of sustainability represented in the rankings, there is a notable consistency in the menus classified as the most and least sustainable between the first and last quartiles. The most sustainable menus remain constant despite the variation in weightings, with n°58, n°1, n°10, and n°9 leading the rankings. On the other hand, the menus categorized as the least sustainable are n°54, n°11, n°3, and n°40.

Among the least sustainable menus, menu n°11, which consists of “Beetroot with carrot and coriander,” “Roast beef with mixed vegetables,” and “Raspberry mousse,” as well as menu n°3, composed of “Mixed cabbage,” “Roast beef with chard cream,” and “Fruit jelly,” stand out for not meeting the minimum standards in the social dimension. According to the NRF 9.3 index, these menus offer virtually no nutritional value. They are also among those with the most negative impact on the environmental dimension and are classified within the 25% most costly menus of the study. Although menu n°11 might have a favorable ranking in the political dimension due to its use of local ingredients, this single advantage is insufficient to mitigate the negative effects in the other dimensions.

Additionally, menu n°40, composed of “Lettuce with tuna,” “Tomaticán with rice,” and “Strawberry,” also figures among the worst positioned in environmental terms, mainly due to its high impact on the “Species.yr” indicator. This menu is likewise among the most disadvantaged in the economic dimension. It is important to highlight that, according to the ranking, the least sustainable menus consistently involve the use of animal-based ingredients, which has a direct and considerable effect on the environmental impact of the preparations, regardless of the applied weighting.

The research reveals slight differences between the menus in the second and third quartiles (see Supplementary Table S7). For example, menu n°59, which includes “Beetroot with carrot,” “Roast chicken with spinach cream,” and “Mandarin,” contains animal-based ingredients. This detail suggests a slightly higher environmental impact than those based on legumes; nonetheless, menu n°59 falls within an average range compared to the other evaluated menus. In the economic dimension, this menu shows a lower acquisition cost than the average, but not low enough to classify it among the most economical. In terms of nutritional quality, while it offers a positive contribution, it does not particularly stand out, unlike the menus in the first quartile. For the technological dimension, the situation is similar; the menu does not show any particularities that make it stand out. However, in the political dimension, this menu achieves a significantly positive impact due to the extensive use of local ingredients, allowing it to partially offset the negative repercussions in the other dimensions.

Similarly, menu n°13, composed of “Cabbage with beetroot,” “Beef stew with noodles,” and “Fruit jelly,” despite being classified as one of the best in the social dimension and remaining accessible within the economic dimension, faces significant challenges in the environmental dimension. Specifically, its carbon footprint is considerable, mainly due to the use of animal-based ingredients in the main course and, in the dessert case, a more intensive preparation that implies less efficient use of ingredients. Although this menu does not occupy a prominent position in the overall ranking, it exemplifies how the different dimensions of sustainability interrelate and contribute to each other, creating a balanced menu that meets the minimum standards of each evaluated dimension.

While the methodology proposed in this study was developed and validated within the Chilean context, its generalizability to other cultural and geographical settings warrants further consideration. As observed in the Chinese case study by Li et al. (33), sustainability indicators must often be adapted to reflect regional dietary habits, ingredient availability, and socio-political priorities. Additionally, the relative weighting of dimensions may vary significantly across countries or institutions, suggesting the need for contextual calibration.

Moreover, despite the comprehensiveness of the index, certain limitations persist. As noted by Gazan et al. (34), compiling accurate and harmonized data across nutritional, economic, environmental, and social metrics is a major challenge. In many cases, data gaps, particularly in cultural acceptability, contaminants, or preparation techniques, may affect the completeness of assessments. Therefore, future applications of this index should account for local data constraints and consider stakeholder input to ensure relevance and robustness.

The discussion highlights the importance of a comprehensive sustainability assessment, covering environmental impact as well as nutritional, social, economic, political, and technological aspects. The results of this study indicate that the adoption of sustainable food practices transcends the environmental dimension, playing a crucial role in promoting health and overall wellbeing. The choice of ingredients, the combination of menu dishes, and culinary practices exemplify how informed decisions can foster a positive impact beyond the kitchen.

Therefore, food systems must recognize and adopt these sustainable practices, not as an isolated facet but as a global approach essential in food production and consumption. The results demonstrated that implementing sustainable food practices should not be limited to the environmental dimension but also enhance their benefits to health, economic stability, and social wellbeing.



6 Conclusions

Sustainability is key to mitigating the environmental impact of the food chain, a challenge amplified by the climate crisis. This study recognizes the need for a multidimensional analysis of sustainability, encompassing various indicators for the sustainability dimensions and designing a comprehensive index to evaluate diet sustainability through culinary preparations. This index can serve as a practical tool for institutions such as school or university canteens, public procurement agencies, or menu planners in food services to assess and improve the sustainability of their offerings in a systematic and informed manner. Its implementation may support actions such as menu reformulation, ingredient substitution, procurement planning, or sustainability reporting in institutional food services.

Throughout this research, different sustainability dimensions and indicators were evaluated. It was highlighted that sustainability is not limited to environmental aspects such as carbon and water footprints; it transcends to include the origin of ingredients, waste management, nutritional quality, and efficiency in food consumption. This represents an opportunity to promote health and wellbeing through responsible and conscious culinary decisions.

The analysis in this research showed a comparison between weightings established by experts and equitable weightings, evidencing reduced variability, thus allowing uniform weightings to serve as a reliable reference point for future evaluations. The results indicated that preparations with a high presence of animal products, especially meat, are less sustainable, emphasizing the impact of ingredient origin and transportation. It was evidenced that environmental aspects are only a part of sustainability, demonstrating the need to incorporate various aspects in the study to encompass the impact of food fully. Food systems must value and integrate these practices to facilitate an effective transition toward dietary patterns that harmoniously balance all dimensions of sustainability for a more resilient future. Furthermore, the index may be adapted by practitioners to reflect local priorities or institutional goals, increasing its relevance and applicability in diverse contexts. In conclusion, this study highlights the multidimensionality of sustainability and contributes to developing more sustainable food practices.

For the development of future work, it would be beneficial to explore a broader range of culinary preparations and menus, with a special focus on increasing vegetarian and vegan options, to assess their comparative impact on diet sustainability. Additionally, it would be advantageous to incorporate new indicators that measure the impact of food practices. Among the indicators to consider are land use, which measures the surface area required to produce food; energy consumption, which evaluates the total energy consumed in food production and preparation; access to nutritious foods; food security; the adoption of sustainable technologies in food production; social acceptance; and preparation time, among others. Moreover, strengthening the set of technical indicators by exploring innovations in food preparation, processing, or service could improve the index's ability to identify opportunities for optimization and to support actionable improvements in sustainable diet practices. For instance, evaluating the impact of low-energy cooking techniques could provide relevant insights for strengthening the technical dimension. Including these indicators will not only enrich the analysis of diet sustainability but also facilitate the formulation of more effective and specific strategies to promote sustainable food practices at the national level. Considering the seasonality of ingredient availability may also help refine the index and improve its applicability across different contexts. Overall, this work reinforces the value of integrative and flexible evaluation tools to support the transition toward more sustainable and resilient food systems.
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Background: Dietary patterns influence the onset of metabolic syndrome (MetS) through the modulation of intestinal microbiota. Nevertheless, the relationship between the dietary index for gut microbiota (DI-GM), a novel metric for evaluating the link between diet and microbiota well-being, and its correlation with MetS, as well as the potential mediating role of body mass index (BMI), remains unclear.
Methods: This study examined information from 21,100 individuals participating in the National Health and Nutrition Examination Survey (NHANES) conducted between 2007 and 2020. The association of DI-GM with MetS was assessed using a weighted multivariate logistic regression model, and restricted cubic spline curves (RCS), subgroup analyses, and mediation analyses were performed.
Results: A significant inverse correlation was observed between DI-GM score and the prevalence of MetS. The prevalence of MetS decreased by 8% (OR = 0.92, 95% CI: 0.89–0.95) for each unit of DI-GM. The prevalence of MetS was reduced by 26% in Q4 compared with Q1 (OR = 0.74, 95% CI: 0.63–0.87). RCS analysis further revealed a linear relationship between DI-GM and MetS prevalence. Subgroup analysis showed that the negative association between DI-GM and MetS was more significant in the exercise, non-smoking, and non-drinking population. Furthermore, BMI played a significant mediating role in the association, accounting for 52.71%.
Conclusion: A notable negative correlation exists between DI-GM score and the prevalence of MetS. The promotion of a healthy lifestyle can strengthen this correlation, with BMI serving as a crucial mediating factor. This underscores the potential of dietary interventions that focus on gut microbiota in conjunction with weight management as targeted strategies for the prevention and management of MetS.
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Introduction

Metabolic syndrome (MetS) represents a constellation of metabolic abnormalities including insulin resistance, abdominal obesity, elevated blood glucose, lipid abnormalities, and high blood pressure, posing a substantial worldwide public health concern (1). Research suggests that roughly 25% of the world’s population—exceeding 1 billion individuals—suffers from this condition, while in the United States, approximately one-third of adults meet diagnostic criteria (2). Beyond being a clinical condition resulting from the convergence of multiple metabolic risk factors, MetS significantly increases vulnerability to numerous chronic conditions such as heart disease and type 2 diabetes (3). Consequently, prevention and management of MetS are essential to interrupt the onset of associated diseases, slow disease progression, and reduce the overall risk of morbidity and mortality.

Modifiable lifestyle factors, particularly dietary habits, play a pivotal role in the pathogenesis of MetS. Recent findings underscore their reciprocal relationship with gut microbiota in modulating metabolic well-being. Western dietary patterns, characterized by high fat consumption, disrupt gut microbiota composition by diminishing beneficial bacteria (e.g., Bifidobacterium) and fostering the growth of opportunistic pathogens, thereby reducing short-chain fatty acids (SCFAs) production, compromising gut barrier function, and triggering systemic inflammation that exacerbates insulin resistance and metabolic dysfunction (4). In contrast, diets rich in dietary fiber and polyphenols enhance microbial diversity, promote SCFAs synthesis, and inhibit endotoxin-producing bacteria, thereby collectively improving glucose regulation and lipid metabolism (5, 6). Therefore, gut microbiota is a key mediator linking dietary patterns with MetS development. Traditional dietary indices like the Mediterranean diet (MD) and the Dietary Approaches to Stop Hypertension (DASH) have demonstrated protective relationships with MetS by emphasizing anti-inflammatory and cardiometabolic advantages (7, 8). However, these indices do not explicitly account for diet-microbiome interactions, thereby limiting their capacity to evaluate the microbial mechanisms of dietary impacts. To fill this gap, the dietary index for gut microbiota (DI-GM) was developed by Kase et al. as a novel tool to quantify dietary quality related to gut microbiota health (9). The DI-GM comprises 14 food components: beneficial components (e.g., whole grains, fermented dairy products, soybeans, green tea) that enhance microbial diversity and the production of SCFAs, and harmful components (e.g., red meat, refined grains, high-fat diets) that are linked to microbiota imbalances. Initial research indicates that higher DI-GM scores are linked to a decreased risk of diabetes and depression (10, 11), underscoring their potential as indicators of microbial-mediated metabolic health. Despite advancements, comprehensive epidemiological evidence establishing a connection between DI-GM and MetS is lacking, and it remains uncertain whether body mass index (BMI), a fundamental measure of obesity, mediates the impact of DI-GM on MetS.

Therefore, this study utilized data from the National Health and Nutrition Examination Survey (NHANES) 2007–2020 to investigate the association between DI-GM score and MetS prevalence in American adults, as well as the mediating role of BMI. These analyses aim to provide evidence for developing targeted dietary intervention strategies to address MetS.



Materials and methods


Data sources

Conducted by the US National Center for Health Statistics, NHANES represents an ongoing, nationally representative cross-sectional survey that employs a stratified, multistage probability sampling approach. The research protocol received review and approval from the NCHS Research Ethics Review Board, with all participants giving written informed consent. Complete data sets can be accessed directly through the NHANES official website. In this study, we investigated 66,148 participants from 2007 to 2020. Exclusions were made for those under 20, with missing DI-GM or MetS data, a cancer diagnosis, or lacking covariate data. Ultimately, 21,100 participants were included based on strict criteria. The specific inclusion process is shown in Figure 1.
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FIGURE 1
 The flow chart of this study.




Dietary index for gut microbiota

To calculate DI-GM, this research examined 24-h dietary recall data from the NHANES database. Participants in NHANES completed two detailed 24-h dietary recall assessments. The initial interview took place at a mobile examination center (MEC), while the second was administered by phone, both documenting participants’ food consumption during the preceding 24-h period. To improve measurement accuracy, we averaged two independent 24-h dietary recall interviews for each participant. The DI-GM scoring system was built based on standards proposed by Kase et al., comprising 14 dietary components: beneficial ones like fermented dairy, chickpeas, soybeans, whole grains, fiber, cranberries, avocados, broccoli, coffee, and green tea; and adverse ones including red meat, processed meat, refined grains, and high-fat diets (with ≥40% of energy from fat) (9). When assessing the link between individual diet and gut health, the DI-GM scoring system used sex-specific medians as the key cutoff. Beneficial components were scored as follows: participants received a score of 1 if their intake met or exceeded the sex-specific median, otherwise they scored 0. For adverse components, scoring was inverted: participants received a score of 0 if their intake was at or above the median (or if fat intake contributed more than 40% of total energy), otherwise they received a score of 1. The total score, summing each component, ranges from 0 to 14.



MetS diagnostics

Based on the National Cholesterol Education Program’s Adult Treatment Panel III (NCEP-ATP III) criteria (12), metabolic syndrome is characterized by having three or more of these factors: abdominal girth of 102 cm or more in men or 88 cm or more in women; fasting plasma glucose of 100 mg/dL or higher or taking glucose-lowering medication; BP of 130/85 mmHg or higher or using blood pressure-lowering medication; TG levels of 150 mg/dL or higher or receiving medical therapy; high-density lipoprotein cholesterol below 40 mg/dL in men or below 50 mg/dL in women, or being treated with medication.



Covariates

This study’s covariates comprised demographic and lifestyle factors including age, gender, race, poverty-to-income ratio (PIR), education level (high school education or less, more than high school), marital status (never married, divorced/widowed/separated, married/cohabiting), smoking (yes/no), drinking (yes/no), exercise and body mass index (BMI, weight divided by height squared). Exercise was categorized as participating in a minimum of 10 consecutive minutes of moderate-intensity exercise, physical fitness activities, or recreational activities per week. Data were collected via standardized questionnaires and interview procedures administered by NHANES.



Statistical analysis

Considering NHANES’ complex stratified probability sampling design, sample weights were incorporated into the analysis. In the descriptive analysis of participants’ baseline characteristics, continuous variables are presented as weighted means ± standard deviations (SD), while categorical variables are reported as actual frequencies and weighted percentages. To investigate the association between DI-GM (both as continuous and categorical variables) and metabolic syndrome, weighted multivariable logistic regression models were used, with results presented as odds ratios (OR) and 95% confidence intervals (CI). Three distinct models were developed: Model 1, which did not account for any covariates; Model 2, which adjusted for age, gender, and race; and Model 3, which further incorporated adjustments for socioeconomic factors (PIR, education level), lifestyle factors (smoking, drinking, exercise), and marital status to mitigate potential confounding influences. The relationship between DI-GM and MetS was assessed utilizing a restricted cubic spline curve (RCS) with three nodes positioned at the 25th, 50th, and 75th percentiles to explore potential nonlinear associations. Subgroup analyses based on sex, age (<60, ≥60), race, exercise, smoking, and drinking were conducted to test for differences and potential variants between different subgroups and tested for interactions between them, but did not perform multiple comparisons. In addition, the Bootstrap method (1,000 replicates) was used to test the mediating effect of BMI, and the average causal mediating effect (ACME, reflecting the mediating effect size), direct effect (ADE, direct effect of DI-GM on MetS), and mediating effect proportion were calculated. Statistical analyses were performed using R version 4.2.0 and DecisionLinnc 1.0, with statistical significance set at p < 0.05.




Results


Baseline characterization

The research encompassed 21,100 participants, corresponding to a weighted total of 160,008,955 individuals, categorized into four quartiles (Q1-Q4) according to DI-GM scores. Findings demonstrated a meaningful relationship between DI-GM and metabolic syndrome prevalence (p < 0.001, Table 1). MetS prevalence decreased from 24.02% in Q1 to 19.81% in Q4 as DI-GM quartiles increased. The Q4 group (highest DI-GM) has better socioeconomic and health behaviors: higher mean age (48.37 ± 15.53), PIR (3.43 ± 1.60), education level (>high school: 74.14%), and married/living with partner rate (66.32%). They also had the highest exercise rate (57.54%) and lowest smoking (43.67%) and drinking rates (13.53%) (p < 0.05). Additionally, non-Hispanic White participants had the highest representation in Q4 (73.36%), while the proportions of Mexican Americans and non-Hispanic Black participants decreased with increasing DI-GM (both p < 0.001).


TABLE 1 Baseline characteristics of the study population classified according to DI-GM.


	Variable
	Overall (weighted N = 160,008,955)
	Q1 (N = 5,071)
	Q2 (N = 5,454)
	Q3 (N = 5,232)
	Q4 (N = 5,343)
	p-value

 

 	Age, years 	45.81 ± 16.09 	44.34 ± 16.23 	44.73 ± 16.27 	45.28 ± 16.08 	48.37 ± 15.53 	<0.001


 	PIR 	3.08 ± 1.66 	2.75 ± 1.64 	2.98 ± 1.66 	3.04 ± 1.66 	3.43 ± 1.60 	<0.001


 	Gender, N (weighted %) 	 	 	 	 	 	<0.001


 	Male 	11,081 (51.39) 	2,873 (56.31) 	2,896 (52.69) 	2,710 (51.04) 	2,602 (46.86) 	


 	Female 	10,019 (48.61) 	2,198 (43.69) 	2,558 (47.31) 	2,522 (48.96) 	2,741 (53.14) 	


 	Race, N (weighted %) 	 	 	 	 	 	<0.001


 	Mexican American 	2,993 (8.37) 	696 (8.60) 	838 (9.84) 	783 (8.62) 	676 (6.58) 	


 	Other Hispanic 	2,121 (5.93) 	536 (6.96) 	563 (6.60) 	521 (5.46) 	501 (4.91) 	


 	Non-Hispanic White 	9,002 (67.42) 	1924 (61.53) 	2,255 (65.21) 	2,277 (67.98) 	2,546 (73.36) 	


 	Non-Hispanic Black 	4,758 (10.88) 	1,461 (15.79) 	1,257 (11.35) 	1,166 (10.95) 	874 (6.83) 	


 	Other Race 	2,226 (7.40) 	454 (7.12) 	541 (7.00) 	485 (6.99) 	746 (8.32) 	


 	Levels of education, N (weighted %) 	 	 	 	 	 	<0.001


 	≤ high school 	9,232 (36.48) 	2,630 (46.16) 	2,590 (41.02) 	2,269 (35.49) 	1743 (25.86) 	


 	> high school 	11,868 (63.52) 	2,441 (53.84) 	2,864 (58.98) 	2,963 (64.51) 	3,600 (74.14) 	


 	Marital status, N (weighted %) 	 	 	 	 	 	<0.001


 	Never married 	3,070 (14.97) 	841 (16.40) 	687 (13.42) 	777 (17.85) 	765 (13.11) 	


 	Widowed/Divorced /Separated 	5,489 (22.29) 	1,360 (24.35) 	1,591 (25.14) 	1,318 (19.16) 	1,220 (20.58) 	


 	Married/Living with partner 	12,541 (62.74) 	2,870 (59.25) 	3,176 (61.44) 	3,137 (62.99) 	3,358 (66.32) 	


 	Drinking, N (weighted %) 	 	 	 	 	 	0.002


 	Yes 	3,591 (15.95) 	981 (18.64) 	961 (16.68) 	882 (15.65) 	767 (13.53) 	


 	No 	17,509 (84.05) 	4,090 (81.36) 	4,493 (83.32) 	4,350 (84.35) 	4,576 (86.47) 	


 	Smoking, N (weighted %) 	 	 	 	 	 	0.009


 	Yes 	10,189 (46.42) 	2,578 (48.70) 	2,670 (47.17) 	2,562 (46.86) 	2,379 (43.67) 	


 	No 	10,911 (53.58) 	2,493 (51.30) 	2,784 (52.83) 	2,670 (53.14) 	2,964 (56.33) 	


 	Exercise, N (weighted %) 	 	 	 	 	 	<0.001


 	Yes 	8,891 (48.44) 	1826 (41.52) 	2,167 (45.51) 	2,196 (46.88) 	2,702 (57.54) 	


 	No 	12,209 (51.56) 	3,245 (58.48) 	3,287 (54.49) 	3,036 (53.12) 	2,641 (42.46) 	


 	MetS, N (weighted %) 	 	 	 	 	 	<0.001


 	No 	15,780 (78.24) 	3,750 (75.98) 	4,012 (76.55) 	3,921 (79.87) 	4,097 (80.19) 	


 	Yes 	5,320 (21.76) 	1,321 (24.02) 	1,442 (23.45) 	1,311 (20.13) 	1,246 (19.81) 	




 



The association between DI-GM and MetS

Weighted multivariable logistic regression analysis was employed to evaluate the relationship between DI-GM and MetS (Table 2). In Model 1, with no adjustment for any covariates, a 1-unit increase in DI-GM was found to reduce MetS prevalence by 7% (OR = 0.93, 95% CI: 0.91–0.96, p < 0.001). Following further adjustment for age, sex, and race (Model 2), the reduction in prevalence increased to 10% (OR = 0.90, 95% CI: 0.87–0.93, p < 0.001). In the final model (Model 3), following additional adjustment for socioeconomic and lifestyle factors, each additional DI-GM unit was associated with an 8% reduction in MetS prevalence (OR = 0.92, 95% CI: 0.89–0.95, p < 0.001). The findings of the group analysis by DI-GM quartile demonstrated a significant 26% reduction in MetS prevalence in the highest quartile (Q4) in comparison to the lowest quartile (Q1) in Model 3 (OR = 0.74, 95% CI: 0.63–0.87, p < 0.001). Further analysis revealed that in Model 3, higher adverse scores for gut microbiota (i.e., reduced intake of harmful components) were associated with a lower prevalence of MetS (OR = 0.84, 95% CI: 0.80–0.88), with no significant differences observed for beneficial component scores. In addition, the beneficial ingredients avocados, chickpeas, coffee and the four ingredients unfavorable to gut microbes were all associated with a lower prevalence of MetS (p < 0.05) (see Supplementary Table S1). The trend analysis (p for trend < 0.001) additionally corroborated a statistically significant inverse relationship between DI-GM and metabolic syndrome prevalence. Furthermore, restricted cubic spline analysis (Figure 2) demonstrated a meaningful linear association between DI-GM and metabolic syndrome (p for overall < 0.001, p for nonlinear = 0.207), suggesting that elevated DI-GM scores correspond to reduced metabolic syndrome prevalence.


TABLE 2 Association between DI-GM and MetS.


	Exposure
	Model 1 OR (95% CI)
	p-value
	Model 2 OR (95% CI)
	p-value
	Model 3 OR (95% CI)
	p-value

 

 	DI-GM 	0.93 (0.91, 0.96) 	<0.001 	0.90 (0.87, 0.93) 	<0.001 	0.92 (0.89, 0.95) 	<0.001


 	DI-GM quartiles


 	Q1 (0–4) 	Ref 	 	Ref 	 	Ref 	


 	Q2 (4–5) 	0.97 (0.83, 1.13) 	0.689 	0.95 (0.81, 1.11) 	0.488 	0.98 (0.83, 1.15) 	0.773


 	Q3 (5–6) 	0.80 (0.69, 0.93) 	0.004 	0.75 (0.64, 0.87) 	<0.001 	0.79 (0.68, 0.93) 	0.004


 	Q4 (≥6) 	0.78 (0.67, 0.91) 	0.002 	0.65 (0.56, 0.76) 	<0.001 	0.74 (0.63, 0.87) 	<0.001


 	p for trend 	 	<0.001 	 	<0.001 	 	<0.001


 	Beneficial to gut microbiota 	0.97 (0.94,1.01) 	0.139 	0.95 (0.92,0.98) 	0.005 	0.99 (0.96,1.03) 	0.598


 	Unfavorable to gut microbiota 	0.88 (0.84,0.92) 	<0.001 	0.83 (0.80,0.87) 	<0.001 	0.84 (0.80,0.88) 	<0.001





Model 1: No covariates were adjusted.

Model 2: Adjust for age, gender, race.

Model 3: Adjust age, gender, race, PIR, levels of education, Marital status, smoking, drinking, exercise.
 

[image: Line graph showing the relationship between DI-GM on the x-axis and odds ratio with 95% confidence intervals on the y-axis. The odds ratio decreases as DI-GM increases, with the confidence interval shaded in blue. A horizontal dashed line at odds ratio equals one marks the reference. P-values for overall trend and nonlinearity tests are provided in the plot’s upper left corner.]

FIGURE 2
 RCS analysis of the association between DI-GM and MetS.




Subgroup analysis

Subgroup analysis (Figure 3) demonstrated differing relationships between DI-GM and metabolic syndrome across various population segments. In exercise individuals (OR = 0.93, 95% CI: 0.88–0.98, p = 0.006), individuals who were non-smokers (OR = 0.93, 95% CI: 0.88–0.97, p = 0.002), and those who non-drinkers (OR = 0.94, 95% CI: 0.91–0.98, p = 0.001), the inverse relationship between DI-GM and metabolic syndrome reached statistical significance. Statistically significant interaction effects were detected for exercise (p for interaction = 0.047), smoking (p for interaction = 0.018), and drinking (p for interaction = 0.012). No significant interaction effects were observed in other subgroup analyses (all p for interaction > 0.05).

[image: Forest plot displaying odds ratios with 95 percent confidence intervals for variables including gender, age, race, exercise, smoking, and drinking, alongside p-values and p for interaction values assessing associations and significance for each variable.]

FIGURE 3
 Subgroup analysis between DI-GM and MetS.




Mediation analysis

Furthermore, mediation analysis was conducted to ascertain the potential mediating role of BMI in the association between DI-GM and MetS. As illustrated in Figure 4, the relationship between DI-GM and MetS was found to be significantly mediated by BMI, upon adjustment for all potential confounding variables. The total effect coefficient of DI-GM on BMI-mediated MetS was found to be −0.0083 (p < 0.001). The mediating effect was found to be −0.0044 (p < 0.001). The direct effect was found to be −0.0039 (p = 0.014). The proportion of mediation was 52.71% (p < 0.001).

[image: Diagram depicting mediation analysis among DI-GM, BMI, and MetS. Arrows indicate DI-GM affects MetS directly and indirectly through BMI. Indirect effect is −0.0044 with ninety-five percent confidence interval: −0.0056 to −0.0032, P<0.001. Direct effect is −0.0039 with ninety-five percent confidence interval: −0.0071 to −0.0008, P=0.014. Total effect is −0.0083, P<0.001, and proportion of mediation is fifty-two point seventy-one percent.]

FIGURE 4
 Mediation analysis.





Discussion

This study analyzed the NHANES data from 2007 to 2020 to investigate the association between DI-GM and MetS. Findings revealed that higher DI-GM scores were linked to lower metabolic syndrome prevalence, even after adjusting for multiple covariates. RCS analysis additionally verified the linear association between these factors. Furthermore, this relationship was more evident among individuals maintaining healthy lifestyle behaviors, such as non-smoking, non-drinking, and exercising. It is important to note that BMI plays a key mediating role (mediating effect accounted for 52.71%). The findings indicate that dietary patterns targeting gut microbiota can reduce the risk of MetS by regulating body weight and directly improving metabolic homeostasis, thereby emphasizing the distinct value of DI-GM in comparison to conventional dietary indices.

It is important to emphasize that DI-GM is a proxy indicator constructed based on food components known to influence the composition and function of gut microbiota. Although DI-GM does reflect dietary patterns associated with gut health, it does not directly measure microbial diversity, composition, or metabolite levels. Consequently, the present findings indicate an association between diet and metabolic syndrome, which is mediated through putative microbial pathways rather than directly confirmed microbial causal changes. Notwithstanding this limitation, the dynamic interaction of dietary components with intestinal flora provides clear theoretical support for the underlying mechanism of DI-GM (see Supplementary Table S1 for details). Short-term dietary changes can quickly and reversibly alter microbiota composition, while long-term changes may lead to lasting changes in the microbial genome (13). DI-GM is designed on this principle by integrating 14 key dietary ingredients that affect gut flora, beneficial ingredients (e.g., whole grains, fermented dairy products, coffee) modulate insulin sensitivity by promoting short-chain fatty acid (SCFA) production, increasing the abundance of beneficial bacteria, improving intestinal barrier function, and inhibiting inflammation (14–16); harmful ingredients (e.g., red meat, high-fat diets) induce flora dysregulation, producing pro-inflammatory metabolites (e.g., TMAO), and exacerbating metabolic derangements (17–19). In comparison with conventional indices such as the Mediterranean Diet (MD) and the Dietary Approaches to Stop Hypertension (DASH), which demonstrate protective effects against MetS through anti-inflammation, modulation of lipid metabolism, or control of blood pressure (20, 21), the DI-GM is distinct in its approach. The DI-GM explicitly integrates foods that can be used as substrates for bacterial fermentation or that can inhibit bacterial dysbiosis (e.g., yogurt, kefir), and categorizes high-fat diets (≥40% of energy from fat) as unfavorable components (9). This dietary effect on flora is the result of multicomponent synergism intervening at the root of flora dysbiosis, providing a more mechanistic strategy for the prevention of MetS and a more precise tool for the assessment of diet-flora-metabolism interactions.

Further analysis in this study revealed that higher scores on the DI-GM score for harmful ingredients (i.e., lower intake of harmful ingredients) were associated with significantly lower prevalence of MetS. This finding is consistent with previous research that the DI-GM reduces the risk of diabetes by improving metabolic disorders (22). This suggests that reducing harmful ingredient intake is generalisable to improving the metabolic core mechanisms. However, scores on beneficial dietary components other than avocado, chickpeas, and coffee were not significantly associated with lower MetS prevalence. This phenomenon may be indicative of the heterogeneity of effects of different components in the diet-gut microbiota axis, or may be limited by the accuracy of short-term dietary assessments. Furthermore, it has been determined that specific beneficial components may exert a “double-edged sword” effect. In the male population, abnormal glucose metabolism has been identified as a significant contributor to the development of MetS, while the consumption of certain dairy products may indirectly lead to the onset of obesity and insulin resistance by increasing total calorie intake, a consequence of the presence of added sugars (23). Concurrently, excessive intake of green tea has the potential to attenuate its anticipated metabolic protective effects (24). The findings of this study suggest that a reduction in the consumption of detrimental substances (e.g., red meat, high-fat diets) may exert a more immediate effect on the prevention of MetS than merely increasing the consumption of beneficial substances.

Moreover, in subgroup analyses, the inverse correlation between DI-GM and MetS was more pronounced in exercise, non-smoking, and non-drinking individuals. However, it is important to note that these analyses were exploratory studies without statistical correction for multiple comparisons, which may increase the risk of false positives. Nevertheless, these results suggest a potential synergistic effect between DI-GM and health-promoting behaviors. These findings suggest a synergistic effect between DI-GM and health-promoting behaviors. Exercise improves gut microbiota composition and diversity by increasing beneficial bacteria, reducing gut inflammation, and enhancing intestinal barrier function (25). When combined with a high-quality DI-GM diet, they may synergistically enhance beneficial gut microbial effects, more effectively reducing MetS risk. Smoking and drinking are linked to dysbiosis and increased gut permeability (26, 27). Conversely, refraining from harmful habits maintains gut microbiota integrity, thereby enabling the beneficial components of DI-GM to more effectively regulate gut microbiota and support metabolic health. These interactions highlight the importance of combining dietary interventions with health-behavior promotion in MetS prevention and management, surpassing single-intervention limitations to maximize MetS risk reduction.

Notably, this study first quantified the mediating role of BMI in the association between the DI-GM score and MetS, expanding our understanding of the diet-gut microbiota-metabolism axis. These findings highlight weight management as a critical pathway through which diet improves metabolic health, likely due to the DI-GM diet’s high fiber content, abundant in whole grains and prebiotics such as fermented dairy products, that enhances satiety, reduces energy intake, and promotes BMI reduction (28). Additionally, restricting red meat and high-fat diets impedes fat accumulation, further alleviating visceral obesity (29). These results align with prior research showing that dietary interventions may improve metabolic disorders through the microbiota-metabolism axis and weight control (30). Importantly, the direct effect indicates the existence of BMI-independent pathways (e.g., enhancement of intestinal barrier), corroborating the “gut microbiota-metabolism” direct axis identified in earlier studies (31, 32). By verifying both the BMI-dependent and-independent mechanisms, this study enriches the theoretical framework for diet-metabolic disease relationships. Future research could deeply investigate the interaction between these two pathways using metabolomics, providing a more comprehensive understanding of dietary influences on metabolic health.

Although this study, based on NHANES 2007–2020 data, included 21,100 participants (representing 160 million after weighting), ensuring a large, nationally representative sample that enhances the universality and statistical power of the results. However, several limitations should be acknowledged. First, the cross-sectional design cannot establish a temporal relationship between DI-GM and MetS, raising the possibility of reverse causality. Individuals at high risk of MetS might alter their dietary behaviors due to metabolic abnormalities. Second, despite controlling for major confounders, unmeasured and unknown confounders could still influence the results. Third, dietary assessment relies on 24-h recalls, which may not accurately reflect long-term eating patterns and are susceptible to recall bias. Fourth, DI-GM infers gut microbiota status from dietary components but lacks direct biological data on microbiota composition, abundance, and functional metabolites. Lastly, NHANES samples are predominantly from the US, so extrapolating results to other ethnicities or cultural backgrounds should be done cautiously. In the future, it is recommended that the causality be verified through prospective cohorts and that the mechanism be explored in more depth using macrogenomic sequencing, in order to further verify whether the DI-GM-related dietary pattern plays a protective role through specific changes in the microbiota, and to carry out validation studies in multi-ethnic groups.



Conclusion

This study demonstrated that DI-GM was significantly and negatively associated with the prevalence of metabolic syndrome (MetS), and that body mass index (BMI) played an important partial mediating role in this association. A healthy lifestyle (e.g., regular exercise, not smoking or drinking alcohol) could reinforce the protective effect of DI-GM. This suggests that dietary strategies targeting gut flora could directly regulate metabolic homeostasis through microbial metabolism and indirectly reduce the risk of MetS by managing weight. In the future, it will be necessary to analyze the molecular mechanism of the ‘diet-flora-BMI-metabolism’ axis by combining longitudinal cohort and multi-omics techniques. This will provide a basis for integrating dietary interventions and weight control strategies.
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Background: Cardiovascular-kidney-metabolic (CKM) syndrome represents a major health threat globally. The newly proposed dietary index for gut microbiota (DI-GM), which quantifies dietary quality associated with gut microbiota diversity, may influence the risk of CKM syndrome. Therefore, this study examined the correlation between DI-GM and the prevalence of CKM syndrome, aiming to provide insights for preventive innovation and tailored treatment methods.
Methods: This cross-sectional study included 8,400 adults aged 20 years and older from the National Health and Nutrition Examination Survey (NHANES) 2007–2018. The potential association between the DI-GM score and CKM syndrome was evaluated using univariable and multivariable weighted logistic regression models, restricted cubic spline (RCS), and subgroup analyses.
Results: The average age of the participants was 45.5 years, with 52.0% of the participants being male. A higher DI-GM score was significantly associated with a lower prevalence of CKM syndrome (OR = 0.87, 95% CI: 0.81 to 0.92, p <  0.001). The RCS analysis further confirmed a linear relationship between DI-GM score and CKM syndrome (p for nonlinear = 0.194). Furthermore, subgroup analysis indicated that sex potentially influenced the association between DI-GM and CKM syndrome (p for interaction = 0.004), with the protective effect being more pronounced among U. S. females.
Conclusion: DI-GM score exhibits an inverse correlation with the risk of CKM syndrome. Optimizing dietary patterns to improve DI-GM is associated with reduced risk of CKM syndrome.
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 dietary index for gut microbiota; cardiovascular-kidney-metabolic syndrome; gut microbiota diversity; NHANES; cross-sectional study


1 Introduction

The American Heart Association (AHA) defines cardiovascular-kidney-metabolic (CKM) syndrome as a multistage, multisystem disorder (1). CKM syndrome highlights the complex interactions between cardiovascular, renal, and metabolic dysfunctions. Recent epidemiological data reveal a marked increase in the prevalence of CKM syndrome, primarily attributable to demographic shifts including aging populations and the growing burden of lifestyle-related risk factors (2, 3). A cross-sectional study found that more than half of adults in the United States are affected by CKM syndrome (2). CKM syndrome is classified into five stages (0–4), with advancing stages correlating with increased severity of multi-organ dysfunction and poorer prognosis. In addition to increasing the risk of multiorgan failure, CKM syndrome also significantly boosts the likelihood of adverse cardiovascular events and death (4, 5). Consequently, early diagnosis and comprehensive management are essential to modify disease progression and improve clinical outcomes in CKM syndrome.

The involvement of gut microbiota (GM) in metabolic disorders, CVD, and chronic kidney disease (CKD) has attracted much attention in recent years (6–8). It has been suggested that GM dysbiosis may result in chronic inflammation, insulin resistance (IR), and vascular endothelial dysfunction, all of which are core pathologic features of CKM syndrome (9, 10) Trimethylamine N-oxide (TMAO), a GM metabolite derived from dietary levulinic acid and choline, is strongly related to atherosclerosis and increased risk of cardiovascular events (11). Beneficial metabolites, such as short-chain fatty acids (SCFAs), provide a protective effect against metabolic syndrome (MetS) and CKD through their anti-inflammatory and immunomodulatory actions (12, 13).

Numerous studies have demonstrated that dietary patterns exert profound modulatory effects on the composition and diversity of GM (14). High-fat diets worsen metabolic disorders and cardiovascular damage by disrupting the intestinal barrier, decreasing the quantity of helpful bacteria, and increasing the colonization of harmful microbes (15, 16). Conversely, diets rich in dietary fiber regulate the composition and diversity of GM, stimulate the generation of SCFAs, improve IR, and reduce the risk of CKM syndrome (17–19). Dietary intervention represents a translatable strategy to potentially decrease CKM syndrome risk. However, the majority of recent research focuses on the effects of single dietary components or GM metabolites. Methods to systematically evaluate the overall impact of dietary patterns on GM are lacking. The newly proposed dietary index of gut microbiota (DI-GM) quantifies dietary quality associated with GM diversity (20). Higher DI-GM scores represent healthier GM.

Although studies have demonstrated associations between DI-GM and several diseases (21), its relevance to CKM syndrome remains inadequately explored. Consequently, this study aims to assess the association between DI-GM scores and the prevalence of CKM syndrome using cross-sectional data from the National Health and Nutrition Examination Survey (NHANES) conducted between 2007 and 2018. These findings provide a critical foundation for developing targeted prevention strategies and personalized dietary interventions in CKM syndrome management.



2 Methods


2.1 Study design and participants

NHANES utilized a sophisticated, stratified, multistage probability sampling design to ensure a nationally representative sample (22). The raw data analyzed in this study were obtained directly from the publicly available NHANES database.1 This study involved a total of 34,770 adults aged 20 years and above, drawing data from six NHANES cycles between 2007 and 2018. After a rigorous screening procedure, participants lacking diagnostic data on CKM syndrome (n = 18,707), those missing sample weights (n = 1,848), and individuals without data on DI-GM components (n = 788) were excluded. In addition, we excluded participants with incomplete information on covariates (n = 5,027). The final analysis included 8,400 eligible participants (Figure 1).

[image: Flowchart illustrating the sample selection process for NHANES 2007-2018 participants aged twenty years or older, showing sequential exclusion of participants due to missing data on CKM, fasting sample weight, DI-GM, and covariates, resulting in a final analytic sample of eight thousand four hundred individuals.]

FIGURE 1
 The flowchart for population screening. CKM, cardiovascular-kidney-metabolic syndrome; DI-GM, dietary index for gut microbiota; PIR, family income-to-poverty ratio.




2.2 Calculation of DI-GM

DI-GM was calculated based on the intake of 14 foods or nutrients using the scoring system developed by Kase et al. (20). Avocados, broccoli, chickpeas, coffee, cranberries, fermented dairy products, dietary fiber, green tea (unavailable due to NHANES not recording the specific type of tea consumption), soy, and whole grains were categorized as beneficial ingredients. In contrast, red meat, processed meats, refined grains, and high-fat diets (≥ 40% of total energy intake) were identified as harmful elements. The DI-GM score was calculated using 24-h dietary recall data from NHANES. For beneficial ingredients, a score of 1 was assigned if the intake was at or above the sex-specific median; otherwise, a score of 0 was given. For harmful components, a score of 0 was assigned if the intake was at or above the sex-specific median (or if ≥ 40% of energy was derived from fat); otherwise, a score of 1 was given. The DI-GM score is the sum of the scores for all components, ranging from 0 to 13.

Given the objective of this study, the DI-GM score was defined as the exposure variable. The DI-GM score was categorized into four groups (0–3, 4, 5, and ≥ 6) based on both established literature and our data distribution characteristics. This categorization aligns with previously published NHANES studies investigating DI-GM (21, 23). The thresholds were biologically meaningful and clinically relevant: scores ≤ 3 represent inadequate dietary support for GM, 4–5 indicate moderate support, and ≥ 6 reflect optimal dietary patterns for microbial health. Importantly, these cutpoints closely correspond to key percentiles in our data distribution - the 1st quartile (4), median (5), and 3rd quartile (6) - allowing for balanced group sizes while maintaining clinical interpretability.



2.3 Assessment of CKM stages

Participants were categorized into those without CKM syndrome (CKM syndrome stage 0) and patients suffering from CKM syndrome (CKM stages 1–4). The stages of CKM syndrome were defined according to the 2023 AHA Presidential Recommendation on CKM Health (1). Individuals in CKM stage 0 have no CKM-related risk factors. Stage 1 encompasses participants exhibiting either obesity or impaired glucose metabolism. Obesity is defined as a body mass index (BMI) ≥ 23 kg/m2 for individuals of Asian race and >25 kg/m2 for all other races and ethnic groups. Prediabetes is defined as a glycated hemoglobin (HbA1c) of 5.7% to < 6.5% or a fasting blood glucose of 100 mg/dL to < 126 mg/dL. Participants in CKM stage 2 have developed metabolic risk factors (such as elevated fasting serum triglycerides (≥ 135 mg/dL), hypertension, diabetes, and MetS) or moderate to severe CKD. Hypertension was defined as systolic blood pressure ≥ 130 mmHg, diastolic blood pressure ≥ 80 mmHg, or antihypertensive medication use. Diabetes was defined as HbA1c ≥ 6.5%, self-reported physician diagnosis, or antidiabetic medication use. MetS is diagnosed when an individual meets ≥ 3 of the following criteria: increased waist circumference, low high-density lipoprotein cholesterol level (< 40 mg/dL or < 50 mg/dL for men or women, respectively), fasting triglycerides ≥ 150 mg/dL, elevated blood pressure, or prediabetes. CKD stages were defined according to the estimated glomerular filtration rate [eGFR, calculated with the race-free CKD-EPI 2021 creatinine equation (24)] and urinary albumin to creatinine ratio (UACR). Moderate to severe CKD was identified by eGFR < 60 mL/min/1.73 m2 or UACR > 30 mg/g. Patients in CKM stage 3 have combined subclinical CVD. Subclinical CVD was defined as a 10-year CVD risk of 20% or more as predicted by the basic PREVENT equation (25). Participants in CKM stage 4 had been diagnosed with CVD, including coronary heart disease, angina, myocardial infarction, heart failure, and cerebrovascular accident. CKM syndrome was considered an outcome variable in this study. The history of CVD was assessed through validated self-reports of physician diagnoses.



2.4 Covariates

In line with previous studies, this study incorporated potential covariates to account for possible confounding factors (26). The covariates comprised sociodemographic, socioeconomic, and health behavior factors. BMI was not included as a covariate because body weight status is inherently embedded in the CKM staging system. Adjusting for BMI would statistically over-correct for a component already reflected in the outcome definition. Sociodemographic and socioeconomic factors included age, sex, race/ethnicity, marital status, educational level, and the poverty income ratio (PIR). Health-related behaviors encompassed smoking status, alcohol consumption, energy intake, and physical activity. Detailed assessment criteria for smoking, drinking status, and physical activity are presented in Supplementary Table 1.



2.5 Statistical analysis

This study utilized sample weights in all analyses to guarantee nationally representative results. For continuous variables, participant characteristics were presented as weighted means with standard errors (SE). For categorical variables, counts with weighted percentages were reported. Depending on the distribution of the data, differences in baseline characteristics between groups were compared using Student’s t-test, Wilcoxon rank-sum test, Kruskal-Wallis test, or chi-square test. Associations of DI-GM score and other covariates with the risk of CKM syndrome were evaluated by univariable weighted logistic regression. Three multivariable weighted logistic regression models were utilized to calculate the adjusted odds ratios (ORs) for DI-GM scores, as well as their corresponding 95% confidence intervals (CIs). In Model 1, no covariates were adjusted. Model 2 was adjusted for age, sex, and race/ethnicity. Model 3 was further adjusted for potential confounders, including age, sex, race/ethnicity, education, marital status, PIR, smoking, drinking, energy intake, and physical activity. Additionally, a restricted cubic spline (RCS) model with four knots was applied to determine the dose–response correlation between DI-GM scores and the risk of CKM syndrome. The RCS model was adjusted for age, sex, race/ethnicity, education, marital status, PIR, smoking, drinking, energy intake, and physical activity. Subgroup analyses and interaction tests were performed to explore possible subgroup-specific associations. Sensitivity analyses were conducted to validate the robustness of the results. Missing data for covariates were imputed, and the aforementioned analyses were repeated using the imputed dataset (27).

All statistical analyses were performed using R software (version 4.3.2). The “survey” package was used for weighted analyses. In sensitivity analyses, missing values for covariates were handled using multiple imputation with the “mice” package in R, employing a random forest algorithm. A p-value < 0.05 was considered statistically significant.




3 Results


3.1 Baseline population characteristics

The final analysis comprised 8,400 eligible adults aged 20 and older, 7,590 of whom had CKM syndrome. Consistent with previous studies (2), we found that nearly 90% of US adults met criteria for CKM syndrome, which may be related to the broad definition of CKM syndrome. As shown in Table 1, the proportions of Stage 1, Stage 2, Stage 3, and Stage 4 populations within the total study population were 24.5, 53.9, 2.4, and 7.9%, respectively. The average age of participants was 45.5 years, with 52.0% being male. Compared to participants without CKM syndrome, those diagnosed with CKM syndrome were significantly older (p < 0.001). Participants had a mean DI-GM score of 4.73 ± 0.03. Notably, participants diagnosed with CKM syndrome (4.69 ± 0.03) had significantly lower DI-GM scores than those without CKM syndrome (5.02 ± 0.07) (p < 0.001). Compared to non-CKM syndrome participants, individuals with CKM syndrome tend to be older (p < 0.001), more likely to be male (p < 0.001), have lower income levels (p = 0.008), and attain less education (p < 0.001). Moreover, they are also more likely to have a history of smoking or alcohol consumption and to be less physically active (p < 0.001). Supplementary Table 2 shows the baseline characteristics of participants categorized by their DI-GM scores. Participants with higher PIR and higher educational attainment were more likely to have higher DI-GM scores (p < 0.001). Compared to participants with lower DI-GM scores, those with higher DI-GM scores were more likely to have lower BMI (p < 0.001), HbA1c (p = 0.011), and serum creatinine levels (p = 0.024).


TABLE 1 Survey-weighted baseline characteristics of participants stratified by CKM syndrome.


	Characteristics
	Total (n = 8,400)
	Non-CKM syndrome (n = 810)
	CKM syndrome (n = 7,590)
	p-value

 

 	Age, mean (SE), years 	45.5 (0.3) 	34.2 (0.5) 	47.0 (0.3) 	<0.001


 	Sex, n (weighted %) 	 	 	 	<0.001


 	Female 	4,021 (48.0) 	520 (64.9) 	3,501 (45.8) 	


 	Male 	4,379 (52.0) 	290 (35.1) 	4,089 (54.2) 	


 	Race, n (weighted %) 	 	 	 	<0.001


 	Mexican American 	1,210 (7.7) 	82 (5.0) 	1,128 (8.1) 	


 	Non-Hispanic Black 	1,602 (10.2) 	96 (6.7) 	1,506 (10.7) 	


 	Non-Hispanic White 	3,810 (70.0) 	419 (75.1) 	3,391 (69.3) 	


 	Other Race 	1,778 (12.1) 	213 (13.3) 	1,565 (11.9) 	


 	PIR, mean (SE) 	3.10 (0.04) 	3.29 (0.07) 	3.08 (0.05) 	0.008


 	BMI, mean (SE), kg/m2 	28.69 (0.12) 	21.68 (0.10) 	29.62 (0.11) 	<0.001


 	Educational level, n (weighted %) 	 	 	 	<0.001


 	Less than high school 	579 (3.4) 	24 (1.4) 	555 (3.6) 	


 	High school or equivalent 	2,897 (31.2) 	202 (22.2) 	2,695 (32.3) 	


 	College or above 	4,924 (65.5) 	584 (76.4) 	4,340 (64.0) 	


 	Marital status, n (weighted %) 	 	 	 	<0.001


 	Widowed/Divorced/Never married 	3,289 (35.5) 	398 (43.0) 	2,891 (34.5) 	


 	Married/Living with a partner 	5,111 (64.5) 	412 (57.0) 	4,699 (65.5) 	


 	Smoking status, n (weighted %) 	 	 	 	<0.001


 	Never 	4,672 (56.0) 	575 (69.8) 	4,097 (54.1) 	


 	Former 	2,058 (25.3) 	93 (12.8) 	1,965 (26.9) 	


 	Now 	1,670 (18.8) 	142 (17.4) 	1,528 (18.9) 	


 	Alcohol drinking, n (weighted %) 	 	 	 	<0.001


 	Never 	972 (9.0) 	94 (8.9) 	878 (9.0) 	


 	Former 	1,128 (10.8) 	52 (5.5) 	1,076 (11.5) 	


 	Mild 	3,083 (39.3) 	305 (39.8) 	2,778 (39.2) 	


 	Moderate 	1,378 (18.3) 	173 (22.8) 	1,205 (17.7) 	


 	Heavy 	1,839 (22.6) 	186 (23.0) 	1,653 (22.5) 	


 	Physical activity, n (weighted %) 	 	 	 	<0.001


 	Mild 	1,548 (16.9) 	111 (11.4) 	1,437 (17.6) 	


 	Moderate 	3,376 (41.2) 	356 (45.7) 	3,020 (40.6) 	


 	Vigorous 	3,476 (41.9) 	343 (42.9) 	3,133 (41.8) 	


 	Hypertension, n (weighted %) 	 	 	 	<0.001


 	No 	5,145 (65.5) 	810 (100.0) 	4,335 (61.0) 	


 	Yes 	3,255 (34.5) 	0 (0.0) 	3,255 (39.0) 	


 	Diabetes, n (weighted %) 	 	 	 	<0.001


 	No 	6,898 (86.9) 	810 (100.0) 	6,088 (85.1) 	


 	Yes 	1,502 (13.1) 	0 (0.0) 	1,502 (14.9) 	


 	CVD, n (weighted %) 	 	 	 	<0.001


 	No 	7,650 (92.7) 	810 (100.0) 	6,840 (91.8) 	


 	Yes 	750 (7.3) 	0 (0.0) 	750 (8.2) 	


 	CKD, n (weighted %) 	 	 	 	<0.001


 	No 	7,204 (88.7) 	810 (100.0) 	6,397 (87.2) 	


 	Yes 	1,196 (11.3) 	0 (0.0) 	1,193 (12.8) 	


 	Total energy intake, mean (SE), kcal 	2,237.62 (13.02) 	2,211.61 (38.80) 	2,241.06 (14.59) 	0.499


 	SBP, mean (SE), mmHg 	120.16 (0.26) 	107.56 (0.36) 	121.82 (0.26) 	<0.001


 	DBP, mean (SE), mmHg 	70.10 (0.24) 	64.11 (0.41) 	70.89 (0.24) 	<0.001


 	WBC, mean (SE), 103/uL 	6.70 (0.04) 	6.00 (0.07) 	6.79 (0.04) 	<0.001


 	HGB, mean (SE), g/dL 	14.42 (0.03) 	14.11 (0.06) 	14.46 (0.03) 	<0.001


 	FBG, mean (SE), mg/dL 	104.79 (0.42) 	90.31 (0.25) 	106.70 (0.45) 	<0.001


 	HbA1c (%) 	5.56 (0.01) 	5.15 (0.01) 	5.62 (0.01) 	<0.001


 	TC, mean (SE), mmol/L 	4.98 (0.02) 	4.56 (0.04) 	5.03 (0.02) 	<0.001


 	TG, mean (SE), mg/dL 	120.95 (1.49) 	68.47 (1.18) 	127.90(1.60) 	<0.001


 	LDL, mean (SE), mmol/L 	2.96 (0.01) 	2.56 (0.04) 	3.02 (0.01) 	<0.001


 	SCR, mean (SE), umol/L 	77.09 (0.34) 	71.81 (0.57) 	77.78 (0.37) 	<0.001


 	eGFR, mean (SE), ml/min/1.73 m2 	98.01 (0.34) 	106.01 (0.73) 	96.95 (0.34) 	<0.001


 	UACR, mean (SE), mg/g 	25.50 (2.05) 	7.68 (0.28) 	27.86 (2.31) 	<0.001


 	ALT, mean (SE), U/L 	25.32 (0.23) 	19.72 (0.44) 	26.07 (0.25) 	<0.001


 	AST, mean (SE), U/L 	24.97 (0.20) 	23.14 (0.41) 	25.22 (0.22) 	<0.001


 	GGT, mean (SE), U/L 	26.86 (0.46) 	16.09 (0.39) 	28.29 (0.51) 	<0.001


 	DI-GM score, mean (SE) 	4.73 (0.03) 	5.02 (0.07) 	4.69 (0.03) 	<0.001


 	DI-GM group, n (weighted %) 	 	 	 	0.001


 	0–3 	1,968 (22.4) 	161 (17.6) 	1,807 (23.0) 	


 	4 	2,062 (23.4) 	194 (21.6) 	1,868 (23.6) 	


 	5 	1,935 (23.1) 	186 (23.7) 	1,749 (23.1) 	


 	≥ 6 	2,435 (31.1) 	269 (37.2) 	2,166 (30.3) 	





Continuous variables are described as weighted means (standard errors). For categorical variables, unweighted N reflects the study sample, while percentages represent survey-weighted values. CKM, cardiovascular-kidney-metabolic; SE, standard error; PIR, poverty income ratio; BMI, body mass index; CVD, cardiovascular disease; CKD, chronic kidney disease; SBP, systolic blood pressure, DBP, diastolic blood pressure; WBC, white blood cell; HGB, hemoglobin; FBG, fasting blood glucose; HbA1c, glycated hemoglobin; TC, total cholesterol; TG, fasting triglyceride; LDL, low-density lipoprotein; SCR, serum creatinine; eGFR, estimated glomerular filtration rate; UACR, urinary albumin creatinine ratio; ALT, alanine transaminase; AST, aspartate transaminase; GGT, gamma-glutamyltransferase; DI-GM, dietary index for gut microbiota.
 



3.2 Risk factors for CKM syndrome

To further investigate the underlying risk factors for CKM syndrome, univariable weighted logistic regression models were performed to analyze multiple potentially influential factors. The results are reported in Supplementary Table 3. Potential risk factors for CKM syndrome included advanced age, male sex, poverty, smoking, alcohol intake, and inadequate exercise (p < 0.05). Notably, DI-GM may be a key protective factor for CKM syndrome (p < 0.001). Therefore, to exclude confounding factors and further examine the relationship between DI-GM score and CKM syndrome risk, we adjusted for potential covariates by multivariable weighted logistic regression analysis and evaluated nonlinear associations by RCS analysis. The results indicated that a lower DI-GM score served as an independent risk factor for the onset of CKM syndrome (p < 0.001).



3.3 Association between DI-GM and CKM syndrome risk

The results of multivariable logistic regression analysis demonstrated a significant association between DI-GM scores and the prevalence of CKM syndrome. As presented in Table 2, a significant inverse correlation was detected between DI-GM scores and CKM syndrome in model 1 without covariate adjustment (OR = 0.89, 95% CI: 0.84 to 0.93, p < 0.001). The inverse correlation persisted consistently after accounting for multiple potential confounders in model 3 (OR = 0.87; 95% CI: 0.81 to 0.92, p < 0.001). Compared to participants with DI-GM scores of 0–3, those with DI-GM scores of 6 or higher had a 43% lower prevalence of CKM syndrome (Model 3: OR = 0.57, 95% CI: 0.44 to 0.75, p < 0.001). A significant decreasing trend in CKM syndrome risk was observed with increasing DI-GM scores (p for trend < 0.001). After adjusting for all covariates in model 3, the RCS result revealed a linear association between DI-GM score and CKM syndrome (p for nonlinear = 0.194, Figure 2).


TABLE 2 The association between DI-GM and CKM syndrome among adults in NHANES 2007–2018.


	Characteristics
	Model 1
	Model 2
	Model 3



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

 

 	DI-GM score 	0.89 (0.84, 0.93) 	<0.001 	0.84 (0.79, 0.89) 	<0.001 	0.87 (0.81,0.92) 	<0.001


 	DI-GM group 	 	 	 	 	 	


 	0–3 	Reference 	Reference 	Reference 	Reference 	Reference 	Reference


 	4 	0.84 (0.64, 1.09) 	0.176 	0.79 (0.59, 1.06) 	0.116 	0.82 (0.61, 1.10) 	0.184


 	5 	0.74 (0.58, 0.95) 	0.017 	0.70 (0.54, 0.91) 	0.008 	0.76 (0.58, 0.99) 	0.041


 	≥ 6 	0.62 (0.49, 0.78) 	<0.001 	0.51 (0.39, 0.66) 	<0.001 	0.57 (0.44, 0.75) 	<0.001


 	Trend test 	 	<0.001 	 	<0.001 	 	<0.001





Model 1 was not adjusted for any covariates. Model 2 was adjusted for age, sex, and race/ethnicity. Model 3 was adjusted for age, sex, race/ethnicity, marital status, education level, PIR, alcohol intake, smoking status, physical activity, and total energy intake. DI-GM, dietary index for gut microbiota; CKM, cardiovascular-kidney-metabolic; NHANES, National Health and Nutrition Examination Survey; OR, odds ratio; CI, confidence interval; PIR, poverty income ratio.
 

[image: Line graph showing the relationship between DI–GM (x-axis, 0 to 10) and odds ratio with 95 percent confidence interval (y-axis, 0 to above 2), where the red line decreases and shaded region narrows as DI–GM increases. Vertical and horizontal dashed lines intersect at DI–GM equals 5 and OR equals 1. Text displays “P for overall less than 0.001” and “P for nonlinear equals 0.194.”.]

FIGURE 2
 Association between DI-GM and the risks of CKM syndrome analyzed through a restricted cubic spline model. The restricted cubic spline analysis was adjusted for age, sex, race/ethnicity, marital status, education, PIR, alcohol intake, smoking, physical activity, and total energy intake. DI-GM, dietary index for gut microbiota; CKM, cardiovascular-kidney-metabolic; OR, odds ratio; CI, confidence interval.




3.4 Subgroup analysis and sensitivity analysis

Subgroup analyses and interaction tests were conducted to detect potential heterogeneity among diverse population subgroups. Subgroup analyses accounted for all covariates excluding stratification variables. As shown in Figure 3, the inverse correlation between DI-GM score and CKM syndrome remains consistent across various subgroups, including age, race, education, PIR, marital status, and physical activity (p for interaction > 0.05). Due to multiple comparisons in the subgroup analyses, p-values were adjusted for multiplicity (Supplementary Table 4). A significant interaction was identified between DI-GM score and sex subgroups (p for interaction = 0.004), indicating that the influence of DI-GM on CKM syndrome potentially differs by sex. Notably, the correlation was significantly stronger in females than males. False-positive results may arise from multiple subgroup analyses despite multiple testing adjustments. These findings need to be validated in independent samples. Moreover, missing values of all covariates were multiply interpolated for sensitivity analysis. In the sensitivity analysis, multivariable logistic regression showed a stable and significant inverse association between DI-GM score and CKM syndrome (Supplementary Table 5). The RCS model showed a linear connection between DI-GM score and CKM syndrome (p for nonlinear = 0.246; Supplementary Figure 1).

[image: Forest plot graphic showing odds ratios with 95 percent confidence intervals across subgroups by age, sex, race, marital status, education, poverty-income ratio, and physical activity for four categories, with p-values for interaction listed on the right.]

FIGURE 3
 Subgroup analysis for the association between DI-GM and CKM syndrome. Each stratification was adjusted for age, sex, race, marital status, educational levels, poverty income ratio, smoking behavior, alcohol consumption, physical activity, and total energy intake, unless the variable was already used as a stratification factor. DI-GM, dietary index for gut microbiota; CKM, cardiovascular-kidney-metabolic; OR, odds ratio; CI, confidence interval; PIR, poverty income ratio.




3.5 Development and validation of the prediction nomogram

The nomogram for predicting CKM syndrome risk was constructed using the variables in Model 3. Points are assigned to each factor based on its position along the respective scale (Figure 4). The total score is calculated by summing all individual points. Then, draw a vertical line from the total points to the “Risk of CKM syndrome” scale to estimate the predicted risk. We assessed the nomogram’s predictive accuracy using receiver operating characteristic (ROC) curve analysis (Figure 5). The nomogram showed good predictive power, with an area under the ROC curve (AUC) of 0.812 (95% CI, 0.798–0.827).

[image: Nomogram displaying the relationship between DI-GM, age, sex, race, educational level, marital status, PIR, smoking status, alcohol consumption, physical activity, and energy intake to calculate total points and estimate the risk of CKM syndrome.]

FIGURE 4
 A nomogram model for predicting the risk of CKM syndrome. The developed nomogram model was based on model 3, including DI-GM, age, sex, race, marital status, education level, PIR, alcohol intake, smoking status, physical activity, and total energy intake. The categorical variables are coded as follows. Race: 1 = Mexican American; 2 = Non-Hispanic White; 3 = Non-Hispanic Black; 4 = other race. Educational level: 1 = less than high school; 2 = high school or equivalent; 3 = college graduate or above. Marital status: 1 = never married; 2 = married/living with partner; 3 = divorced/widowed/separated. Smoking status: 1 = never; 2 = former; 3 = current. Alcohol consumption: 1 = never; 2 = former; 3 = mild; 4 = moderate; 5 = heavy. Physical activity: 1 = mild; 2 = moderate; 3 = vigorous. CKM, cardiovascular-kidney-metabolic; DI-GM, dietary index for gut microbiota; PIR, poverty income ratio.
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FIGURE 5
 ROC curve evaluating the predictive power of the nomogram model. ROC, receiver operating characteristic; AUC, area under the curve.





4 Discussion

This study conducted a national cross-sectional examination of the relationship between DI-GM and CKM syndrome using NHANES data from 2007 to 2018. DI-GM serves as a scientifically validated tool to evaluate how dietary patterns affect health through GM. Unlike previous studies that focused on isolated conditions (28, 29), the present study links DI-GM to multi-organ dysfunction. We found that the DI-GM score exhibited an inverse linear relationship with CKM syndrome risk. This inverse correlation remains significant even after comprehensive adjustment for covariates in model 3 (OR = 0.87, 95% CI: 0.81 to 0.92), which parallels DI-GM’s relationships on CKD (OR = 0.96, 95% CI: 0.94 to 0.98) (29) and metabolic dysfunction-associated fatty liver (OR = 0.94, 95% CI: 0.90 to 0.98) (23). Subgroup analyses suggested that the inverse association between DI-GM and CKM syndrome was stronger in women. Optimizing dietary patterns to improve DI-GM may be associated with a lower risk of CKM syndrome.

The identified inverse correlation between DI-GM and CKM syndrome risk is consistent with previous studies that reveal the significant role of GM diversity in CKM syndrome pathogenesis (9, 30). Numerous studies have identified GM dysbiosis in patients with CKM syndrome, characterized by an increase in pathogenic bacterial species and a reduction in the abundance of beneficial microorganisms (31–33). For example, GM diversity decreased with increasing 10-year CVD risk and BMI (34). GM dysbiosis drives the development and progression of CKD. Substantial evidence indicates that elevated levels of GM-derived harmful metabolites, including TMAO, indoxyl sulfate, and p-cresyl sulfate, are strongly related to various adverse clinical outcomes in CKD patients (35). The accumulation of these metabolites correlates with accelerated renal fibrosis, endothelial dysfunction, and a decrease in estimated glomerular filtration rate, resulting in a notable rise in the incidence and mortality of cardiovascular complications.

The diet significantly affects the diversity and function of GM (36). The Western dietary pattern features refined grains, red meat, processed meat, high-sugar foods, and high-fat dairy products. A meta-analysis indicated that the intake of both unprocessed and processed red meat contributes to an elevated risk of CVD, its subtypes, and diabetes, with more pronounced associations observed in Western populations (37). A low DI-GM diet may lead to GM dysbiosis, triggering inflammatory responses and increasing the risk of CKM syndrome (38, 39). Additionally, high-fat diets, particularly those rich in saturated fats, can cause microbial dysbiosis and increased intestinal permeability. High-fat diets reduce the levels of SCFAs, including acetate, 2-hydroxybutyrate, and 2-methylbutyrate (40, 41). Conversely, the Mediterranean diet, abundant in whole grains, vegetables, fruits, legumes, nuts, and olive oil, results in a significant reduction in the risk of CKM syndrome (42, 43). Evidence demonstrated that compliance with the Mediterranean diet is negatively correlated with the occurrence and death of CVD and significantly lowers blood pressure (44, 45). The benefits of the Mediterranean diet are attributed to its higher consumption of fiber, polyphenols, and unsaturated fatty acids, which regulate the GM and enhance metabolic health.

The association between DI-GM and the development of CKM syndrome could involve various mechanisms. GM may influence the onset and course of CKM syndrome by regulating metabolite production, inflammatory responses, and immune homeostasis. The abnormal accumulation and malfunction of adipose tissue, especially visceral adipose tissue, are primary contributors to the excessive release of pro-inflammatory factors (46). Individuals with CKM syndrome frequently endure a sustained low-grade inflammatory condition. Persistent inflammation triggers IR and endothelial dysfunction, exacerbating the development of atherosclerosis and ultimately affecting critical organs such as the heart and kidneys (47). Almonds are rich in fiber, monounsaturated fatty acids, and α-tocopherol. They have been found to inhibit cholesterol synthesis and improve endothelial dysfunction (48). Furthermore, a high DI-GM dietary pattern can enhance the proliferation of advantageous bacteria, including Bifidobacterium and Lactobacillus (49, 50). These beneficial bacteria can modulate the intestinal immune system and suppress the production of pro-inflammatory cytokines. For example, Bifidobacterium can regulate the Toll-like receptor signaling pathway and inhibit the activation of nuclear factor kappa B, thereby reducing the expression of pro-inflammatory cytokines such as tumor necrosis factor-alpha and interleukin-6 (51).

GM is involved in the metabolic processes of a wide range of substances, and its metabolites have profound effects on host health. SCFAs, which are generated by the degradation of dietary fiber and carbohydrates, play a significant role in the immune and metabolic systems (52). High DI-GM diets enhance the secretion of SCFAs, including acetate, propionate, and butyrate (53). An almond-based diet may effectively enhance the abundance of SCFAs-producing bacteria while reducing glycated hemoglobin and BMI among those with type 2 diabetes (54). Supplementation with SCFA-producing bacteria (such as Lactobacillus) or following a Mediterranean diet can considerably improve blood pressure and dyslipidemia (55). Interestingly, SCFAs regulate blood pressure via G protein-coupled receptor 41 and olfactory receptor 78 (56, 57). Butyrate reduces blood lipid levels and improves atherosclerosis (58). Furthermore, intestinal endocrine cells may release glucagon-like peptide-1 (GLP-1) in response to SCFAs (59). GLP-1 stimulates insulin secretion and improves IR, effectively improving the abnormal glucose metabolism common in CKM syndrome.

Interestingly, subgroup analysis indicated that the inverse correlation between DI-GM scores and CKM syndrome was more significant in women. These findings underscore the importance of recognizing sex differences in the management of CKM syndrome risk factors. There could be several mechanisms underlying the observed sex differences. First, estrogen levels in women may enhance the metabolic protective effects of dietary interventions by increasing the abundance of SCFA-producing bacteria (60). Reduced estrogen levels are closely associated with GM dysbiosis and chronic low-grade inflammation (60). Previous research has demonstrated that estrogen receptor β positively regulates GM diversity (61). Additionally, estrogen-related receptors can improve mitochondrial function by activating the PPARG coactivator (PGC)-1α pathway (62). The microbial metabolite indole-3-propionic acid has been shown to specifically interact with the PGC-1α pathway, upregulating genes related to mitochondrial biogenesis and antioxidant responses, thereby delaying the progression of diabetic kidney disease (62). Second, sex-specific differences in GM composition may contribute to this association (63). Studies have found that the abundance of Lactobacillus, Bacteroides, and Bifidobacterium is generally higher in females than males, which may enable females to produce protective metabolites such as butyrate more efficiently through dietary fiber metabolism (64, 65). Last but not least, sex differences in dietary behaviors and adherence may also play a role. Women may exhibit better adherence to and persistence with healthy diets, thereby amplifying the protective effects against CKM syndrome.

In conclusion, interventions targeting GM potentially open new directions in the management of CKM syndrome. These findings stress the importance of dietary strategies designed for enhancing GM health. Dietary patterns abundant in fiber (including whole grains, legumes, vegetables, and fruits) and fermented foods mitigate the risk of CKM syndrome. A personalized diet for CKM syndrome combined with probiotic or prebiotic supplementation can enhance the structure and function of GM and improve metabolic markers (66). There is an urgent need to promote specific dietary patterns, such as the Mediterranean diet and the Dietary Approaches to Stop Hypertension (DASH) diet. Plant-based diets and the Mediterranean diet have been demonstrated to increase the generation of favorable bacterial metabolites such as SCFAs while reducing TMAO levels, thereby lowering the risk of CKM syndrome (67–69). Reducing consumption of red meat, refined sugar, and saturated fat inhibits the proliferation of TMAO-producing bacteria and reduces the risk of atherosclerosis and kidney damage.

This study is the first to evaluate DI-GM in the context of CKM syndrome using national U. S. data. Through sex-stratified analyses of NHANES data, we identified significant effect modifications by sex in the DI-GM and CKM syndrome association. These findings underscore the necessity of sex-specific approaches in both clinical management and public health interventions for CKM syndrome. However, several limitations should be acknowledged. First, the cross-sectional design limits causal inference between DI-GM and CKM syndrome. Second, dietary intake data were collected through dietary recall interviews, which may be affected by recall bias. The use of 24-h dietary recall data may not reflect long-term dietary patterns. Moreover, although the DI-GM was developed based on well-established associations between dietary components and GM features, its direct validation against sequencing-derived microbial composition or functional profiles remains lacking. Additionally, limited to the U. S. adult population, the generalizability of these findings to other populations may be limited due to differences in living environments, dietary patterns, and microbiota profiles. Finally, factors like stress, medications, supplement use, and genetic predisposition were not included. Despite accounting for multiple covariates, residual confounding from unmeasured factors may still affect the detected associations. Despite these limitations, this study offers important insights into the potential role of DI-GM in CKM syndrome. Future studies should tackle these limitations by including longitudinal designs, refining dietary assessment methods, and exploring underlying mechanisms to better understand the association between DI-GM and CKM syndrome.



5 Conclusion

This study demonstrated an inverse correlation between DI-GM and the risk of CKM syndrome. Dietary interventions to improve GM diversity may be associated with a reduced risk of CKM syndrome. More in-depth research, including prospective studies and randomized controlled trials, is required to investigate the association between dietary patterns, GM, and CKM syndrome. Additional research is needed to confirm the reported sex differences.
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Cases Cohort Follow-up,y ~ NOS

score

Chen etal. (12) 2024 China CHNS 792 9,364 545 (9.4) 92 7

im et al. (30) 2024 us MCS (men) 33,304 66,357 59.0(8.7) 213 8

Kim etal. (30) 2024 us MCS (women) 31783 78,372 588 (8.8) 213 il
Delgado-Velandia 699 11,825 NA 109 8
etal. (27) 2024 Spain ENRICA
Zhou etal. (11) 2024 UK UK Biobank 9335 189,003 560 (8.0) 96 7
Shan etal. (29) 2023 us NHS 31,263 75,230 502(7.2) 36 bl
Shan etal. (29) 2023 us HPES 22,900 44,085 533 (9.6) 34 8
Chen etal. (26) 2022 China CLHLS 8,937 13,154 869 (11.4) 57 7
Jackson Heart 597 3,635 21-95 15 9
Weston etal. (13) 2022 us Study
Million Veteran 31,136 315919 655(19-104) 4 7
Wangetal. (31) 2022 us Program
Lietal. (25) 2022 us NHANES 4904 40,074 473 (194) 78 8
Kim etal. (25) 2021 South Korea | ARIC 3074 118,577 527 (82) 10 8
Kim etal. (14) 2019 us NA 5436 12,168 45-64 25 9

¥ year; NOS, Newcastle-Ottawa scale; NA, not available; CHNS, China Health and Nutrition Survey; MCS, Multiethnic Cohort Study; NHS, Nurses' Health Study; HPES, Health Professionals
Follow-up Study; CLHLS, Chinese Longitudinal Healthy Longevity Survey; NHANES, National Health and Nutrition Examination Survey; ARIC, Atherosclerosis Risk in Communiti
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Exposure Model 1 Model 2

Odds ratio (95% Cl) p-value Odds ratio (95% Cl) p-value

KDMage Continuous (Log2) 3.25(247,4.28) <0.0001 240(1.70,3.37) <0.0001

Q

@ 197 (1,57, 2.47) <0.0001 161(1.22,2.12) 0.0007

Q@ 256 (189, 3.46) <0.0001 191(1.32,277) 0.0006

Q 282(191,4.15) <0.0001 184(1.15,293) o011t

Non-accelerated aging Reference Reference

Accelerated aging 134 (1.19,151) <0.0001 120 (1.04,1.38) 00104
PhenoAge Continuous (Log2) 322(253,4.12) <0.0001 236(1.75,3.19) <0.0001

Q1 Reference Reference

@ 202(1.61,2.53) <0.0001 176 (1.3, 2.32) <0.0001

Q3 269 (1.98,3.65) <0.0001 1.98 (1.36,2.88) 0.0004

Qi 312209, 4.65) <0.0001 189 (1.16,3.06) 00103

Non-accelerated aging Reference Reference

Accelerated aging 151 (134, 1.69) <0.0001 124 (107, 1.44) 0.0042
Homeostatic Continuous (Log2) 133 (119, 1.49) <0.0001 111(0.97,1.27) 01421
dysregulation Q Reference Reference

Q 118 (099, 1.40) 0.0607 108 (0.88,1.33) 0.4651

Q 135 (113, 1.61) 0.0008 124 (1,00, 1.54) 00488

Qi 155 (1.29, 1.87) <0.0001 123(0.97,155) 0.0875

Model 1 was adjusted for age, sex, race, marital status, education level, and poverty income ratio. Model 2 was adjusted for age, sex, race, marital status, education level, poverty income ratio,
obesity, smoking, alcohol use, diabetes, high blood pressure, food insecurity, water consumption, serum calcium, and siting time.

Non-accelerated aging means that the residual of the regression of KDMAge or PhenoAge based on chronological age s < 0.

Accelerated aging means that the residual of the regression of KDMAge or PhenoAge based on chronological age is > 0.
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Variable Food sex od insecurity Total

Participants (%) 739.(83.8) 143(162) 882 (100.0)

Age Median (IQR) 140 (20) 14.0 (2.0) 14.0(2.0) 0.901

Sex Boys 323(43.7) 66 (46.2) 389 (44.1) 0,655
Girls 416 (56.3) 77(53.8) 493(55.9)

SES status Low SES 123 (166) 53(37.1) 176 (20.0) <0.001
Medium SES 405 (54.8) 67 (46.9) 472(53.5)
High SES 211(28.6) 23(16.1) 234(265)

Immigrant status Native 599 (81.1) 76 (53.1) 675(76.5) <0.001
Immigrant 140 (18.9) 67 (46.9) 207(23.5)

Type of schooling Public 586(79.3) 113.(79.0) 699 (79.3) 1.000
Private with public funds 183 (207) 30(21.0) 183 (207)

Area of residence Urban 535 (72.4) 111(77.6) 646 (73.2) 0.234
Rural 204 (27.6) 32(224) 236(26.8)

Number of siblings Median (IQR) 10(1.0) 20(10) 14(1.0) <0.001

Number of people at home Median (IQR) 30(10) 30(10) 33(10) 0018

Racefethnicity Caucasian 645 (87.3) 97(67.8) 742 (84.1) <0.001
Non-Caucasian 94(12.7) 46 (32.2) 140 (15.9)

Mother's educational level Primary education or lower 205 (27.9) 59 (41.5) 264 (30.1) <0.001
Secondary education 301 (41.0) 59 (41.5) 360 (41.1)
University education 228(31.1) 24(169) 252(288)

Father’s educational level Primary education or lower 233(326) 69 (50.7) 302(35.5) <0.001
Secondary education 306 (42.8) 54(39.7) 360 (42.3)
University education 176 (24.6) 13(9.6) 189(22.2)

Type of family Nuclear 633 (85.7) 102(713) 735(83.3) <0.001
Single-parent 35(47) 10(7.0) 45(5.1)
Extended 19(2.6) 6(42) 25(28)
Diverse 52(7.0) 25(17.5) 77 (8.7)

CESSM-S (score) Median (IQR) 00(00) 30(20) 00(10) <0.001

CFSSM-S, Child Food Security Survey Module in Spanish; IQR, interquartile range; SES, socioeconomic status, ‘Statistical significance determined by Pearson chi-square (7) test (for
categorical variables) or Mann-Whitney U test (for continuous variables).
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Predictor OR 95% LLCI 95% ULCI p-value

Age (per one year) 028 085 110 0.630
Sex

Boys Reference

Girls 084 056 125 0.389
SES status

Low SES Reference

Medium SES 076 047 124 0274

High SES 058 031 110 0,093

igrant status
Native Reference
Immigrant 241 138 421 0.002
Type of schooling
Public Reference
Private with public funds 100 060 166 1.000

Area of residence

Urban Reference

Rural 0.80 050 127 0339
Number of siblings (per one sibling) 116 093 146 0.182
Number of people at home (per one person) 106 086 132 0.581

Race/ethnicity
Caucasian Reference
Non-Caucasian 129 070 239 0414

Mother’s educational level

Primary education or lower Reference
Secondary education 106 0.66 169 0.821
University education 079 042 150 0.469

Father's educational level

Primary education or lower Reference
Secondary education 065 041 103 0.063
University education 036 017 074 0.005
“Type of family

Nuclear Reference

Single-parent 195 079 481 0149
Extended 148 051 428 0473
Diverse 200 110 379 0.024

LLCI, lower limit confidence interval; OR, odds ratios SES, socioeconomic status; ULC, upper limit confidence interval. Bold indicates a p-value < 0.05. Model performance: Pearson chi-
square (1°) = 87.447 (p < 0.001); Akaike information criterion (AIC) = 690.931; Bayesian information criterion (BIC) = 766.239; Nagelkerkes K
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Characteristic % (95% CI)*

Age,y (mean) 48.3 (47.6-49)
Gender
Male 45.4 (44.4-46.4)
Female 546 (53.6-55.6)

Income-to-poverty ratio

<130 21.3(19.7-23.1)
131-1.85 10.1(9.3-11)
1.86-4.99 37.3(35.4-39.2)
25.00 23.9(21.8-26)
Missing 7.4 (66-83)

Race and Hispanic origin
Non-Hispanic White 65.0(61.4-68.4)
Non-Hispanic Black 115(97-13.6)

144 (122-169)

Non-Hispanic Asian 57 (47-6.8)
Other* 34(3-39)

Sample sizes are unweighted. 'Unless otherwise noted. “Includes Mexican American.
‘Includes multi racial
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Characteristics All (n = 26,755) Kidney stone Non-kidney stone p-value

(n=2,577) (n =24,178)

Age (mean & SD) 50.14.%17.61 5642 16,00 149471764 <0001
Sex (N, %) <0.001

Male 12,742 (47.62%) 1,426 (55.34%) 11,316 (46.80%)

Female 14,013 (52.38%) 1,151 (44.66%) 12,862 (53.20%)
Race (N, %) <0.001

Hispanic 6,582 (24.60%) 597 (23.17%) 5,985 (24.75%)

Non-Hispanic White 11,456 (42.82%) 1,447 (56.15%) 10,009 (41.40%)

Non-Hispanic Black 5,803 (21.69%) 346 (13.43%) 5457 (22.57%)

Other races 2,914 (10.89%) 187 (7.26%) 2,727 (11.28%)
Education (N, %) 045

Less than high school education 6,098 (2281%) 603 (23.41%) 5,495 (22.75%)

High school graduate or higher 20631 (77.19%) 1973 (76.59%) 18,658 (77.25%)
Marital status (N, %) <0.001

Not married 12,871 (48.13%) 1,081 (41.98%) 11,790 (48.78%)

Married or living with a partner 13,872 (51.87%) 1,494 (58.02%) 12,378 (51.22%)
Poverty income ratio (mean & SD) 2535163 2524160 2535163 0.867
Obesity (N, %) & 10,485 (39.59%) 1,188 (46.64%) 9,297 (38.84%) <0.001
Smoking (N, %) 11,798 (44.10%) 1,310 (50.83%) 10,488 (43.38%) <0.001
Alcohol use (N, %) A 17,047 (68.26%) 1,616 (66.01%) 15,431 (68.50%) 0012
Diabetes (N, %) * 4,690 (20.08%) 717 (31.64%) 3,973 (18.83%) <0.001
High blood pressure (N, %) ** 14,035 (53.60%) 1,665 (65.60%) 12,370 (52.31%) <0.001
Food insecurity (N, %) 2,323 (8.79%) 264 (10.37%) 2059 (8.63%) 0.003
Water consumption (g) (mean + D) 1034.88 + 962.93 99331+ 980.92 103931 £ 960.91 <0001
Serum calcium (mg/dL) (mean £ SD) 939037 938039 939037 0.141
Sitting time (N, %) 0.625

<240 min/day 10,842 (40.71%) 1,020 (39.80%) 9,822 (4081%)

240-360 min/day 5,822 (21.86%) 556 (21.69%) 5,266 (21.88%)

360-480 min/day 4,668 (17.53%) 455 (17.75%) 4213 (17.50%)

2480 min/day 5,299 (19.90%) 532 (20.76%) 4767 (19.81%)

Dietary score (mean D)

AEHI 3857+ 1149 37.94£ 1107 3864 %1153 0.003
DASHI 356+ 118 3435115 357£119 <0.001
HEL-2020 516641203 5045+ 1149 5179 412,08 <0001
MEDI 3584104 3474100 3594105 <0.001
Indicators of aging S
KDMAge, years (mean £ SD) 483017.19 548251606 4758 £17.16 <0.001
PhenoAge, years (mean + SD) 485341993 5648 + 18.71 47.66 £ 19.86 <0.001
KDMAge accelerated aging (mean + SD) -2204652 ~1.8946.90 ~223+647 0,048
PhenoAge accelerated aging (mean + SD) ~194£693 ~02647.58 ~2124683 <0001
KDMAge accelerated aging (N, %) 5,482 (33.96%) 586 (36.62%) 4,896 (33.67%) 0018
PhenoAge accelerated aging (N, %) 5,147 (31.08%) 676 (41.42%) 4471 (29.94%) <0.001
Homeostatic dysregulation (mean  SD) 2224098 244105 2202097 <0.001

The data are shown as N (%) or the mean. The Kruskal- Wallis rank sum test was employed to establsh if it is a continuous variable. Using Fisher’s exact probabilty test, the p-value for
continuous variables with a theoretical value of less than 10 was found. Weighted chi-square was used to get the p-value for categorical data. The values are shown as means + SD or percentag.
SD, standards deviation.

& Body mass index of 30 kg/m” was considered obesity:

A Participants were classified as smokers if they had smoked at least 100 cigarettes in their lfetime.

AN Participants were considered alcohol users if tey had at least 12 alcoholic drinks in 1 year.

* Diagnosed diabetes was defined as a fasting glucose level of 7 mmol/L (126 mg/dL), a hemoglobin Alc level of 6.5%, or a diagnosed diabetes.

#* Systolic blood pressure of 130 mm Hg, diastolic blood pressure of 80 mm H, or the use of antihypertensive drugs was considered high blood pressure.

S Accelerated biological aging was defined as a KDMAge accelerated aging or PhenoAge accelerated aging greater than 0, whereas non-accelerated aging was defined as a KDMAge accelerated
aging o PhenoAge accelerated aging less than or equal to 0.






OPS/images/fnut-13-1773578/crossmark.jpg
©

|





OPS/images/cover.jpg
& frontiers | Research Topics

Nutritional epidemiology:
advances in the analysis
of healthy and sustainable
dietary patterns






OPS/images/fnut-12-1598664/crossmark.jpg
©

2

i

|





OPS/images/fnut-12-1586886/crossmark.jpg
©

|





OPS/images/fnut-12-1586886/fnut-12-1586886-g001.gif





OPS/images/fnut-12-1586886/fnut-12-1586886-g002.gif
Szssszzaezeo® 333233333 °

s srssszzze< 33z sa3333°





OPS/images/fnut-12-1586886/fnut-12-1586886-g003.gif
weighing.

[
weighing.





OPS/images/fnut-12-1504037/fnut-12-1504037-g003.jpg
Subgroup  OR(95%CI) P for interaction
Overall  0.89(0.82 10 0.97) ——
Age ! 0.098
20-40  0.83(0.74 0 0.93) —
>40  0.94(0.84 to 1.05) ——
Gender ' 0537
Male  0.87(0.78 t0 0.97) —
Female  0.91(0.8110 1.02) —
Race . 0.727
Mexican American  0.95(0.81 to 1.11) —
Non-Hispanic White ~ 0.87(0.77 to 0.98) —y |
Non-Hispanic Black 0.98(0.74 to 1.29) —_—
Other  0.87(0.75 to 1.00) —_—
Marital status ' 0.614
No  0.85(0.76 to 0.96) —_—
Yes  0.91(0.82t0 1.02) —_—
Education ! 0.471
Below high school ~ 0.97(0.84 to 1.11) ——
High School or above  0.88(0.80 to 0.96) o :
PR H 0.263
NotPoor  0.92(0.82 to 1.04) ——
poor  0.82(0.72t0 0.94) —_—
Smoking . 0.656
Never  0.89(0.81100.97) —
Former  0.86(0.72 o 1.03) —_—
Current  0.96(0.79 to 1.16) —_—
Drinking H 0171
former  0.85(0.66 to 1.09) —_—t
heavy ~ 0.91(0.76 t0 1.10) —i
mild  0.80(0.67 to 0.94) —_—
moderate  0.91(0.76 to 1.09) e
never  1.06(0.91t0 1.22) —t
Hypertension : 0.333
No  0.86(0.80 to 0.94) ——
Yes  0.93(0.81t0 1.07) —_—
Diabetes ; 0.716
No  0.89(0.82to 0.98) —
Yes  0.87(0.74 t0 1.03) —_—
High cholesterol : 0.883
No  0.89(0.82t0 0.97) —
Yes  0.88(0.74 to 1.04) | as—
05 i 12

protective factor risk factor





OPS/images/fnut-12-1504037/fnut-12-1504037-g004.jpg
Path C

Sarcopenia

Total effect: -0.012,P=0.004

Path C"

Sarcopenia

Direct effect: -0.011, P = 0.006

Proportion of mediation: 8.33%, P=0.010

Path A

Indirect effect: -0.001,P=0.010





OPS/images/fnut-12-1504037/fnut-12-1504037-t001.jpg
Characteristic Overall, N = 9,094 Non-sarcopenia, Sarcopenia, N = 788 p-value

(100%) N = 8,306 (92.7%) (7.3%)
Age (%) <0.001
20-40 4,785 (52%) 4,494 (53%) 291 (40%)
>40 4,309 (48%) 3,812 (47%) 497 (60%)
Gender (%) 0181
Male 4,419 (50%) 4,033 (49%) 386 (53%)
Female 4,675 (50%) 4,273 (51%) 402 (47%)
Race (%) <0.001
Non-Hispanic White 3246 (61%) 3,035 (62%) 211 (48%)
Other 2,594 (17%) 2,346 (16%) 248 (22%)
Non-Hispanic Black 1,893 (11%) 1,840 (12%) 53 (3.9%)
Mexican American 1,361 (11%) 1,085 (9.4%) 276 (26%)
Married/live with partner (%) 0874
No 3,645 (38%) 3,359 (38%) 286 (39%)
Yes 5,449 (629%) 4,947 (62%) 502 (61%)
Education level (%) <0.001
Below high school 1577 (12%) 1337 (11%) 240 (22%)
High School or above 7517 (88%) 6,969 (89%) 548 (78%)
PIR (%) <0.001
Not Poor 6911 (76%) 6,396 (77%) 528 (67%)
poor 2183 (24%) 1,910 (23%) 260 (33%)
Smoking (%) 0117
Never 5,580 (59%) 5075 (59%) 505 (61%)
Former 1,520 (19%) 1,370 (19%) 150 (22%)
Current 1,994 (21%) 1,861 (22%) 133 (17%)
Drinking (%) <0.001
Former 728 (8.0%) 648 (7.8%) 102 (13%)
Heavy 2,455 (27%) 2,243 (27%) 221 (28%)
Mild 3,092 (34%) 2,907 (35%) 197 (25%)
Moderate 1,910 (21%) 1,744 (21%) 110 (14%)
Never 909 (10.0%) 764 (9.2%) 158 (20%)
Hypertension (%) <0.001
No 6517 (73%) 6,053 (74%) 464 (58%)
Yes 2577 (27%) 2,253 (26%) 324 (42%)
Diabetes (%) <0.001
No 8,059 (91%) 7,464 (92%) 595 (80%)
Yes. 1,035 (8.8%) 842 (7.9%) 193 (20%)
High cholesterol (%) 0.004
No 6,849 (75%) 6,327 (75%) 522 (68%)
Yes 2,245 (25%) 1,979 (25%) 266 (32%)
PHDI [mean (SD)] 60.65(15.28) 60.81(15.33) 5855 (14.56) 0.013
PHDI (%) 0.062
I 3,099 (33%) 2,831 (33%) 268 (37%)
T 3011 (33%) 2,721 (33%) 290 (35%)
T 2984 (33%) 2754 (34%) 230 (28%)
NHHR [mean (SD)) 2.93(1.50) 290 (1.48) 337(172) <0.001
NHHR (%) <0.001
TI 3,033 (33%) 2,883 (34%) 150 (20%)
™ 2977 (33%) 2720 (33%) 257 (33%)
T 3,084 (33%) 2,703 (32%) 381 (48%)

Mean (D) for continuous variables: the P-value was calculated by the T-test.
Percentages (N, %) for categorical variables: the P-value was calculated by the chi-square test.

PHDI, Planetary Health Diet Index; NHHR, non-high-density lipoprotein cholesterol to high-density lipoprotein cholesterol ratio; PIR, ratio of family income to poverty.
Bolding indicates a p-value ofless than 0.05.
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Characteristics Model 1 [OR p-value Model 2 [OR Model 3 [OR p-value

(95% CI)] (95% CI)] (95% CI]

PHDI - Sarcopenia

Continuous (per 10-unit) 0.91(0.85,0.97) 0.005 0.89(0.83,0.96) 0.002 0.86 (0.79,0.94) 0.001
Tertile
T 1 (ref) 1 (ref) 1 (ref)
T2 0.93(0.74,1.18) 0.550 0.87(0.67,1.12) 0275 0.82(0.62,1.08) 0.200
T 0.73(0.53,0.99) 0.046 0.68 (0.49,0.95) 0.025 0.62(0.43,0.90) 0.013
Pfor trend 0.046 0025 0015

NHHR - Sarcopenia

Continuous 117 (1.11,1.24) <0.001 112 (1.06,1.18) <0.001 109 (1.03,1.16) 0.007
Tertile
Tl 1 (ref) 1 (ref) 1 (ref)
T2 172 (125.2.36) 0.001 156 (1.11,2.19) 0.007 1.43(1.00,2.06) 0.050
k&) 2.63(1.94,3.55) <0001 2.15(1.57,2.96) <0.001 187 (136,2.58) <0.001
Pfor trend <0.001 <0001 <0.001

Model 1: no covariates were adjusted
Model 2 age, gender, education level, marital, PIR, and race were adjusted.

Model 3 age, gender, education level, marital, PIR, race, smoking, drinking, hypertension, diabetes, total energy intake, protein intake, Urea level, and total serum protein were adjusted.
PHDI, Planetary Health Diet Index; NHHR, non-high-density lipoprotein cholesterol to high-density lipoprotein cholesterol rato: PIR, ratio of family income to poverty; OR, odds ratio; CI,
confidence interval,
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