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ARTICLE INFO SUMMARY
Article history: Background and aim: Low-grade inflammation (LGI) and metabolic dysfunction are tightly linked pro-
Received 20 October 2025 cesses central to the onset and progression of complex diseases and aging. LGI acts both as a driver and a

Accepted 25 May 2026 consequence of metabolic disturbances and represents a hallmark of “inflammaging”, the chronic,

systemic inflammatory state arising from sustained immune activation that characterizes aging and
Keyworfjs-', . underlies many age-related pathologies. Targeting LGI through lifestyle changes, particularly diet, offers
Systemic inflammation a promising approach for healthy aging. Epigenetic clocks have recently emerged as biomarkers of

E[:ee;lth 20in biological aging, capturing the cumulative effects of environmental and lifestyle factors, including diet.
Epigensétif clicks This study aims to assess whether the inflammatory potential of the diet influences epigenetic age
DNA methylation acceleration (EAA), as measured by several next-generation epigenetic clocks, and whether this rela-
Nutrigenomics tionship is mediated by LGI.

Methods: This study included 691 participants from the Lifelines-DEEP cohort. Habitual dietary intake
was assessed using food frequency questionnaires to derive overall diet quality and the intake of pro-
and anti-inflammatory dietary components. Circulating biomarkers of LGl were measured and com-
bined into composite inflammatory scores alongside individual markers. EAA was estimated from blood
DNA methylation data using next-generation principal component-based epigenetic clocks (PCPheno-
Age and PCGrimAge) and the DunedinPACE clock, selected for their enhanced sensitivity to lifestyle-
related exposures compared with traditional clocks. Multivariable regression models were applied to
examine associations between dietary inflammatory profiles and EAA, and mediation analyses were
conducted to evaluate the contribution of LGI to these relationships.
Results: Overall diet quality was significantly associated with EAA, particularly when assessed using the
PCGrimAge clock, which showed the strongest and most consistent associations among the analyzed
clocks. PCGrimage EAA was further related specific food categories: consumption of high-energy bev-
erages (HHB) and NOVA4 foods was positively associated with EAA, whereas intake of vegetables and
tea showed inverse associations. Mediation analyses indicated that the link between overall diet quality
and PCGrimage EAA involved both direct and indirect components. Specifically, the positive associations
of HHB and NOVA4 foods with EAA were largely explained by higher LGI levels, whereas the inverse
associations observed for beneficial food categories (i.e., NOVA1, vegetables, tea) reflected both direct
effects and indirect effects mediated by lower LGI. For the other clocks, associations with dietary fea-
tures were no longer significant after accounting for LGI mediation.
Conclusions: These findings support PCGrimAge as a particularly informative epigenetic clock for capturing
nutritional influences on the epigenome, emphasizing that diet, inflammation, and epigenetic aging are
interrelated yet distinct processes that should be jointly considered when assessing long-term health risk.
© 2026 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
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1. Introduction

Aging and age-related diseases burden modern society, making
strategies to slow aging a global priority. The exposome (which
encompasses lifelong environmental and lifestyle exposures,
including dietary habits) plays a central role in shaping health
trajectories. Accordingly, tools for monitoring the impact of life-
style and environmental factors on biological aging are essential.
Such tools hold promises for enabling risk stratification and
guiding precision interventions that target modifiable factors to
promote healthy aging and prevent age-associated diseases.

Investigating and mapping the intricate molecular pathways
through which the exposome impacts aging cannot overlook epi-
genetics [1]. Epigenetic modifications change with aging across the
genome, reflecting the impact of social, environmental, and behav-
ioural factors on health [2,3]. These changes often also drive detri-
mental processes such as genomic instability, chronic inflammation,
and oxidative stress, which are recognized hallmarks of aging and
major drivers of age-related diseases [4]. To assess the impact of the
exposome on the epigenome, researchers have developed a range of
epigenetic clocks aimed at predicting age-related and phenotypic
outcomes [5,6]. The most widely used epigenetic clocks focus on
DNA methylation (DNAm) at specific CpG sites, where methylation
levels are regressed against chronological or phenotypic age. Bio-
logical age acceleration is measured by estimating the discrepancy
between an individual's epigenetic age and their actual chronological
age [7]. This difference, known as epigenetic age acceleration (EAA),
reflects shifts in the methylome beyond the age-related drift typi-
cally observed over lifespan, potentially estimating the impact of
environmental and lifestyle exposures on health [3,8].

Epigenetic clocks have evolved through successive generations,
each designed to improve the estimation of biological aging and its
responsiveness to health-related exposures. Among the various
epigenetic clocks developed [9], second and third-generation
clocks (or next-generation clocks), have been identified as the
most powerful in tracking the impact of lifestyle-associated ex-
posures on the epigenome [10,11]. Clocks emerging as the most
responsive to lifestyle interventions include the PhenoAge,
Grimage, and DunedinPace clocks [12]. PhenoAge was developed
by incorporating DNAm patterns from multiple CpG sites along
with clinical biomarkers related to aging, such as cholesterol
levels, blood pressure, and inflammation markers. GrimAge was
defined as a composite biomarker (weighted linear combination)
of seven DNAm surrogates of plasma proteins, a DNAm-based
estimator of smoking pack-years, age, and sex [13]. GrimAge
relied on the fact that some plasma protein levels can be estimated
based on cytosine methylation levels. Thus, it combines DNAm-
based plasma protein estimates, DNAm pack-year estimates, and
observed age and sex as a function of mortality risk [13]. GrimAge
has been shown to be a very powerful morbidity and mortality
predictor, outperforming other widely used DNAm biomarkers of
aging [13]. DunedinPACE is derived from analysis of longitudinal
data collected from a cohort of individuals who are all the same
chronological age [14]. It reflects differences in the rate of deteri-
oration in system integrity occurring in the individuals over a fixed
time interval, age 26 to age 45 years [14]. Additionally, to further
minimize technical noise and enhance the application of epige-
netic clocks in both basic and translational research, principal
component-based clocks (PCClocks) have been developed. These
PCClocks are trained using principal components instead of indi-
vidual CpGs, significantly improving reliability and sensitivity
while reducing background noise [15]. As a result, PCClocks are
considered the most suitable tools for studies aimed at tracking
the lifestyle footprint on the epigenome.
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Considering the central role of inflammaging, the chronic,
low-grade systemic inflammation (LGI) state driven by persis-
tent immune activation that emerges with age [16], in shaping
aging trajectories [17], systemic inflammation is likely an
interdependent or co-occurring process with the factors on
which these clocks were trained. As a result, inflammation may
account for a significant proportion of the variance in these
clocks [18]. This suggests that part of the effectiveness of these
clocks in tracking the influence of lifestyle exposures on future
pathophysilogies may lie in their ability to capture inflammag-
ing. However, studies suggested that, while both systemic
inflammation and DNAm age acceleration are risk factors for
mortality, they may represent different biological processes that
independently capture different dimensions of overall risk
[18,19].

LGI is a well-established common state that may link various
non-communicable diseases to lifestyle habits, particularly diet
[20-23]. Numerous studies have emphasized the pro- or anti-
inflammatory effects of different diets [24-29], indicating that
dietary impact on sterile inflammation could be a critical factor in
mediating the onset of complex diseases [30,31]. Of note, this
aspect might also differ between metabolically healthy or un-
healthy individuals, both within the context of normal weight and
obese phenotypes. Indeed, individuals living with metabolically
healthy obesity (MHO) or metabolically unhealthy obesity (MUO)
have been suggested to be different in terms of their epigenetic
patterns [32].

Despite evidence linking diet to inflammation and inflam-
mation to epigenetic aging, the extent to which dietary habits
relate to EAA, and the degree to which LGI may account for or
modify such associations, remains unclear. Based on prior
literature, we hypothesized that dietary patterns and specific
food categories previously linked to pro- or anti-inflammatory
properties would also show corresponding associations with
EAA, and that LGI would explain part of these relationships by
acting as a potential biological intermediary between dietary
intake and epigenetic aging. Accordingly, we first focused on
overall diet quality and subsequently extended the analyses to
specific dietary components, including EDIP-related pro- and
anti-inflammatory food groups and NOVA food categories, to
identify the dietary drivers underlying the observed associa-
tions. The EDIP-related categories were selected because they
represent food components empirically associated with in-
flammatory potential in multiple epidemiological inves-
tigations[33-35]. NOVA groups were included because highly-
processed foods have emerged as an independent predictor
of metabolic risk and LGI [36-40] and has recently been
associated with adverse trajectories of healthy aging [40-42].
This approach allowed us to capture both broad dietary pat-
terns and the contribution of distinct food groups, offering a
comprehensive evaluation of how different facets of diet relate
to LGI and EAA.

The main objective of this study was therefore to examine
the associations between overall diet quality and specific pro-
or anti-inflammatory food category intake with next-
generation EAA measures in the Lifelines-DEEP cohort [43].
We further evaluated whether these associations remained
significant after accounting for LGI by assessing its potential
mediating role. Finally, we explored how LGI and EAA relate to
broader metabolic status. By testing these hypotheses using
multiple epigenetic clocks and established LGI markers, our
study aims to clarify how diet, inflammation, and biological
aging interrelate, providing new insights into modifiable
pathways relevant for healthy aging.
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2. Methods
2.1. Recruitment and samples collection

This study utilized data from the Lifelines Cohort, a large pro-
spective cohort and biobank designed to support FAIR (findable,
accessible, interoperable, and reusable) research on healthy aging
[44]. Lifelines is a multidisciplinary, population-based cohort
study that uniquely examines the health and health-related be-
haviors of 167729 individuals living in the northern Netherlands
through a three-generation design. The study employs a wide
range of investigative methods to assess biomedical, socio-
demographic, behavioral, physical, and psychological factors
contributing to the health and disease of the general population,
with a particular focus on multi-morbidity and complex genetics.
The Lifelines protocol was approved by the University Medical
Centre Groningen (UMCG) Medical Ethical Committee (approval
number 2007/152), and all participants provided informed con-
sent. The research was conducted in accordance with the World
Medical Association's Code of Ethics (Declaration of Helsinki).
Recruitment began with a baseline assessment conducted be-
tween 2007 and 2013, followed by follow-up assessments until
2023. Additional details about the Lifelines cohort can be found on
its dedicated website (https://www.lifelines-biobank.com/). A
subset of 1500 participants from the LifeLines study actively
participated in the LifeLines-DEEP cohort [43], contributing addi-
tional molecular data to better understand the relationship be-
tween genetic and phenotypic variations. These include analysis of
DNAm from whole blood. For this study, the following inclusion
and exclusion criteria were applied. Inclusion criteria: Participants
with available data on chronological age, sex, and DNAm suitable
for second- and third-generation epigenetic clock calculations, as
well as confirmed fasting status at baseline. Exclusion criteria:
Diagnosis of cancer (based on baseline and 6-year follow-up data),
missing information on sex or age, no fasting during the baseline
assessment, missing DNAm data.

2.2. Anthropometry and body composition

Data on sex, age, dietary and smoking habits were collected
through questionnaires. Anthropometric measurements were
taken by trained staff at the Lifelines research facilities. Height
(cm) and body weight (kg) were measured without shoes or heavy
clothing, using the SECA 222 stadiometer (Seca GmbH, Hamburg,
Germany) for height and the SECA 761 scale (Seca GmbH,
Hamburg, Germany) for body weight. Waist (cm) and hip cir-
cumferences (cm) were measured to calculate the waist-to-hip
ratio (WHR), an indicator of body composition and a predictor of
obesity-related complications [45]. Basal metabolic rate (BMR)
[46] was calculated using the Schofield equation [47]. To adopt a
conservative approach and in line with relevant literature indi-
cating that central obesity is a more accurate marker of metabolic
health than BMI [48,49], we used WC to classify metabolic status
in subsequent analyses.

2.3. Blood composition data and clinical parameters

Assessments of blood composition of fresh blood samples were
performed at the laboratory center of the UMCG, that is certified
according to NEN-EN-ISO 9001:2015 and NEN-EN-ISO 15189:2012
standards. We retrieved information concerning Basophilic Gran-
ulocytes (10°/L), Erythrocytes (10'%/L), Eosinophilic Granulocytes
(10°/L), Leukocytes (10°/L), Lymphocytes (10°/L), Mononuclear
Cells (10°/L), Neutrophilic Granulocytes (10°/L), Thrombocytes
(10°/L) in EDTA Sysmex. Also, we retrieved data about high-
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sensitivity CRP (hs-CRP) in heparin (mg/L), HDL cholesterol in
heparin (mmol/L), LDL cholesterol in heparin (mmol/L) and tri-
glycerides in heparin (mmol/L). Detailed information can be found
in the dedicated and publicly available LifelinesWiki page (https://
wiki.lifelines.nl/doku.php?id=blood_analyses).

2.4. LGI quantification and metabolic health status definition

Definition of LGI is a controversial topic, we therefore employed
a multi-biomarker approach to assess this complex state. Primary
among these was high-sensitivity CRP (hs-CRP). Although hs-CRP
is classically considered an acute-phase reactant, persistent mild
elevation (3-10 mg/L) is thought to be consistent with LGI [50].
Despite its limited specificity, chronically elevated hs-CRP serves
as both an LGI marker and an independent predictor of vascular-
and all-cause mortality [51]. Also, LGI can be estimated by the
neutrophils to lymphocyte ratio (NLR). NLR is firstly an important
marker of immune homeostasis, reflecting the balance between
innate immunity (via neutrophils) and adaptive immunity (via
lymphocytes). Zahorec [52] has suggested a normal range for NLR
of 1-2, with values falling <0.7 or >3.0 considered abnormal, and
an NLR of 2-3 considered a borderline range consistent with
subclinical inflammation or LGI. A normal NLR is considered to be
1 to 2, although a wide range of cut-offs has been used in the
literature to define an elevated NLR) [52,53]. In addition, given
previous literature suggesting the ability of Mediterranean diet to
modulate risk for CVD through the effect on neutrophil-to-
erythrocyte (NEER) and neutrophil-to-HDL (NHR) ratios, we also
calculated these parameters as indices of risk [31]. Also, the sys-
temic immune-inflammation index (SII), a novel biomarker for
inflammation previously associated with malignancy and coronary
artery disease prognosis [54,55], was calculated as follows:
(neutrophil count) x (platelet count)/(lymphocyte count). Finally,
we calculated the INFLA-score proposed by Shivappa and col-
leagues [56], which quantitatively assesses chronic LGI by inte-
grating CRP, white blood cell count, platelet count and
granulocyte-to-lymphocyte ratio [56]). The granulocyte count is
inclusive of neutrophil, eosinophil and basophil counts. Each
biomarker was categorised into scoring levels based on their decile
range: the highest range (7th to 10th deciles) received a positive
score of + 1 to + 4, the fifth and sixth deciles were assigned a value
of 0 and the lowest range (1st to 4th deciles) was assigned a
negative score of —4 to — 1. The INFLA-score is the sum of the
scores obtained for these four indicators, ranging from —16 to +16,
reflecting an individual's chronic LGI level, with a higher score
suggesting heightened inflammatory status [57,58]. This score has
previously been used to investigate the association between
overall LGI and dietary habits [36,59], as well as to examine the
relationship between LGI and disease risk [58,60-62]. Also, in or-
der to evaluate LGI in the specific context of obesity and metabolic
health, data about circulating levels of adipokines (leptin, adipo-
nectin and resistin), previously determined as described by Kur-
ilshikov et al. [63], were retrieved from the Lifelines Biobank. The
use of individual circulating cytokines (e.g., IL-1p, IL-6, IL-8, IL-10,
IL-12, and TNF-a) was considered but ultimately excluded because
of the limited availability of data and the highly skewed and zero-
inflated distributions of these measures, which would have
compromised the statistical reliability and interpretability of the
analyses.

As for the categorization of the metabolic status based on the
Adult Treatment Panel III criteria [64], we divided the cohort into
4 groups according to the presence of central obesity (WC > 102
in man or WC > 88 cm in women) and to the metabolic health
status (metabolically healthy vs unhealthy). Metabolically un-
healthy individuals were defined by the presence of at least 2 of
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the following risk factors [65]: diastolic blood pressure
>85 mmHg; systolic blood pressure >130 mmHg; fasting glucose
>100 mg/dl; TG > 150 mg/dl; HDL < 1 mmol/L for man or HDL
<1.3 mmol/L for women; currently being administered with
medication for diabetes or hypertension or high cholesterol. As a
result, the cohort was divided in to 4 groups: 1) lean and meta-
bolically healthy (healthy); 2) lean but metabolically unhealthy
(MUL); 3) affected by central obesity but metabolically healthy
(MHO); 4) affected by central obesity and metabolically un-
healthy (MUO).

2.5. Data collection on dietary habits

In the Lifelines cohort study, data on participants' habitual di-
etary intake were gathered using the Flower Food Frequency
Questionnaire (FFQ). This questionnaire was developed by Wage-
ningen University utilizing the Dutch FFQTOOL™ [66], with food
items selected based on the Dutch National Food Consumption
Survey of 1997/1998 [67]. The FFQ reference period is one month,
based on the assumption that food consumption patterns remain
stable over a longer period [68]. The validation of this tool for
estimating habitual dietary intake, including data on energy
intake, macronutrients, micronutrients, and food items, has been
previously published [66]. The food consumption data were then
converted into daily energy and nutrient intake using the Dutch
food composition database from 2011 [69].

In this study, we adopted a food-category-based approach to
examine how dietary characteristics are associated with biological
outcomes. Accordingly, we first quantified the intake of food cat-
egories that have been empirically identified as key contributors to
the proinflammatory potential of the diet within the dietary in-
flammatory patter (EDIP) score [33,34]. This score based on food
groups (expressed as portion/day) was developed in a US-based
prospective cohort and its validity evaluated by using data from
2 independent US-based prospective cohorts of health pro-
fessionals [33]. In the original paper from Tabung et al., the
component food groups comprising the EDIP are as follows: in-
takes of processed meat, red meat, organ meat, fish (other than
dark-meat fish), other vegetables (i.e., vegetables other than
green-leafy vegetables and dark-yellow vegetables), refined grains,
high-energy beverages (cola and other carbonated beverages with
sugar, fruit drinks) (HEB), low-energy beverages (low-energy cola
and other low-energy carbonated beverages) (LEB), and tomatoes
were positively related to concentrations of the inflammatory
markers. Intakes of beer, wine, tea, coffee, dark-yellow vegetables
(comprising carrots, yellow squash, and sweet potatoes), green-
leafy vegetables, snacks, fruit juice, and pizza were inversely
related to concentrations of the inflammatory markers. From
Lifelines FFQ, we calculated the intake of the same variables
considered in the EDIP score expressed as portion/day as defined
in the original article [34]. In particular, each Lifelines FFQ variable
was mapped to a corresponding EDIP food group using detailed
food descriptions from the Dutch Healthy Diet index (DHD) vari-
ables and FFQ metadata. Because EDIP variables are defined in
portions/day rather than grams/day, we converted Lifelines food
intake into EDIP-equivalent portions using either: (i) Direct cor-
respondence, when serving sizes were the same (e.g., 1 glass of
wine, 1 cup of coffee, 1 glass of fruit juice), or (ii) Gram-based
conversion, using mean portion sizes from USDA [70] or DHD
[71-73] references. Specific details for each food group, including
mappings, serving sizes, and conversion formulas, are provided in
Supplementary Table 1. In the present study, we analysed these
components individually rather than computing the cumulative
EDIP score. This choice reflects both the methodological focus of
our work (i.e., assessing the associations between EAA and the
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intake of specific food categories) and the fact that calculation of
the composite EDIP score requires complete data for all included
food items. Because the presence of missing values prevents
computation of the cumulative score, and imputation of dietary
variables was deemed inappropriate in this context, the full EDIP
index could be derived for only a limited number of participants
within the selected cohort, preventing its use in subsequent
analyses.

Consumption of processed food was also estimated according
to the NOVA food intake classification [74,75]. NOVA is one of the
most popular systems used to classify foods according to
processing-related criteria, dividing food items into four cate-
gories: (1) unprocessed or minimally processed foods (e.g., fresh
vegetables/fruits, unprocessed meat), (2) processed culinary in-
gredients (e.g., butter/oil for cooking, sugar, salt), (3) processed
foods (e.g., canned vegetables/fish, fruits in syrup), and (4) ultra-
processed foods (UPF) (e.g., processed meat, soft drinks). NOVA
food categories are expressed in grams of the intake of that specific
food categories over 1000 kcal of the total food intake per day
(energy ratio). In addition, an index of overall diet quality, the
Lifelines Diet Score (LLDS) was calculated as described elsewere
[69,76]. LLDS is a fully food-based and evidence-based tool to
assess relative diet quality. Its highest scores represent diets ex-
pected to be most beneficial in light of the prevention of nutrition-
related chronic diseases. The reliability of this index has been
previously validated [67,69] and numerous studies used this index
to test association between diet quality and several health out-
comes [77-82]. In addition, we retrieved from the Lifelines
dataset also the DHD2015-index to evaluate overall diet quality
using an additional metric and to assess adequacy of the intake of
vegetables, processed meat and red meat. The DHD2015-index is a
measure of adherence to the 2015 Dutch dietary guidelines [83,84]
and has been previously validated and associated with health
outcomes [85-88]. The index consists of sixteen components, each
scored with a minimum of 0 points to a maximum of 10 points
(with a higher score indicating a better adherence to the guide-
lines) [71,73]. As for vegetables, DHD is based on the recommen-
dation to consume at least 200 g of vegetables daily. The cut-off
was set at 200 g as quantified in the guideline. Concerning red
meat, this group included beef, pork, duck, pheasant, offal and
game products. The Netherlands Nutrition Centre advises to
consume less than 300 g of red meat weekly (about 45 g/d). The
cut-off value was thus set at an intake of 45 g/d. The Health Council
of the Netherlands indicated that with a consumption of 100 g/d or
more negative health effects were observed. Consequently, the
threshold value was set at an intake of 100 g/d. As for processed
meat (both red and white), the Health Council of the Netherlands
indicated that negative health effects of processed meat are
observed at intakes of 50 g/d or more, and therefore this was set as
threshold value [73]. Further methodological details are provided
in references [73,83,84].

Additionally, in a subset of the cohort of 383 individuals, di-
etary intakes of vitamin C, folate (vitamin B9), vitamin B12,
riboflavin (vitamin B2), and vitamin B6 were examined, given
their established roles in one-carbon metabolism and their pre-
viously reported associations with epigenetic regulation and
obesity-related traits [89-94]. Moreover, lipid quality was esti-
mated by calculating the atherogenicity index (Al) = SFA/
(MUFA + PUFA) [95,96], and the dietary intake of eicosapentae-
noic acid (EPA) and docosahexaenoic acid (DHA) was evaluated.
These additional analyses were motivated by evidence indicating
that both one-carbon metabolism and fatty acid composition
influence inflammatory pathways, DNA methylation processes,
and metabolic health, all of which are implicated in healthy aging
[41,97-104].
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2.6. Methylation data analysis: second- and third-generation
epigenetic clocks calculation

Genome-wide DNAm data from Lifelines-DEEP cohort partici-
pants were generated as described previously [105]. The original
IDAT files were generated using the Illumina iScan BeadChip
scanner. Quality control for both probes and samples was per-
formed as outlined in Bonder et al. [105]. B-values deposited in the
Lifelines data repository were used to calculate epigenetic age
according to several second- or third-generation clocks. We
selected the principal component-based epigenetic clocks
(PCClocks), developed by Higgins-Chen and colleagues from the
Levine's Laboratory, due to the higher sensitivity, which makes
them more suitable for tracing the impact of lifestyle-related
factors [15]. In detail, we focused our analyses on PCPhenoAge,
PCGrimAge, and DunedinPACE clocks, which have shown stronger
and more consistent associations with lifestyle-related factors and
aging-related outcomes in previous studies [14,15,106,107].
PCPhenoAge and PCGrimAge have been developed to improve the
reliability of DNA methylation-based aging measures by reducing
technical noise while preserving biologically meaningful signals.
Unlike conventional CpG-based clocks, which rely on a limited
subset of individual CpGs selected through supervised machine
learning and may be affected by substantial technical variability,
PCClocks apply principal component analysis to genome-wide
CpG methylation data to capture shared patterns of covariation
across many CpGs and dilute noise from individual sites. Elastic
net regression is subsequently used to retain components that
contribute to prediction while minimizing the influence of noise-
related components [15]. By minimizing technical variation, PC-
based clocks yield more stable estimates of epigenetic age and
EAA and show stronger and more consistent associations with
aging-related phenotypes, behavioral factors, and environmental
exposures [14,15], supporting their use in epidemiological and
clinical research settings. This improved reliability is particularly
important in observational studies, where technical noise may
obscure true but modest associations between environmental or
lifestyle-related exposures, such as diet, and biological aging. The
original training outcomes of the clocks (e.g., mortality risk, clin-
ical outcomes, or pace of aging) were not modeled as dependent
variables in the present analyses, as these aspects have been pre-
viously validated in the original development studies. In this study,
epigenetic clocks were applied as established continuous biolog-
ical aging measures to examine their associations with dietary
exposures, in accordance with the study objectives.

Calculation was performed using the methyAge function from
the publicly available and peer-reviewed ‘dnaMethyAge’ R package
[108], following the developers' recommended implementation
and default parameters. No retraining, recalibration, or validation
of the underlying epigenetic clock algorithms was performed in
the present study. As described in the original publication by Wang
et al. [108], the methyAge function requires DNA methylation
B-values as input and returns continuous epigenetic age estimates
for each sample. EAA was obtained directly from the package
output, which internally calculates EAA as the residuals from the
regression of DNA methylation-based age on chronological age.
Additional details on the underlying algorithms and exact
computational steps are provided in the original reference [108]. A
flowchart illustrating the participant selection process is provided
in Supplementary Fig. 1.

2.7. Statistical analysis

Data analysis and visualization was performed using R Studio
(version 4.2.2) and Statistics for Data Analysis (SPSS V.28.0.1.1).
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Adjusted p values have been calculated according to the
Benjamini-Hochberg procedure to correct for multiple compari-
sons, setting a false discovery rate of 0.05, where indicated. This
method is widely regarded as appropriate for controlling the ex-
pected proportion of false positives in settings involving multiple
hypothesis testing [109-111]. A pairwise deletion procedure was
employed for missing data in correlation analyses, while listwise
deletion was applied in regression models. Dietary variables with
extensive missingness (e.g., refined grains and tomatoes) were
excluded from the analyses, as their inclusion would have caused
substantial reductions in sample size due to listwise deletion,
markedly compromising statistical power and the stability of es-
timates. Multiple imputation was not considered appropriate,
given the large inter-individual variability and non-random miss-
ingness typical of FFQ-derived dietary data. The difference in mean
EAA across quartiles of intake for each EDIP variable or metabolic
health status was tested using the Kruskal-Wallis test, followed by
the Dunn post-hoc test for multiple pairwise comparisons be-
tween groups, with p-values adjusted according to the Holm
method. Associations between continuous variables were tested
by multivariate robust linear regression models by including di-
etary parameters as independent variables and different measures
of inflammation or EAA as an outcome. Robust linear regression
models were fitted using the Imrob function from the robustbase
package (version 0.99.6), which estimates regression coefficients
through an MM-estimator initialized by a highly robust S-esti-
mator. This approach provides robustness to outliers and de-
viations from normality, thereby yielding more stable and reliable
estimates in datasets characterized by skewed distributions and
heterogeneous variance. Models were adjusted for covariates as
specified in each single test and displayed in the tables describing
results. Since WHR is considered a more accurate indicator of
metabolic health than BMI and better reflects levels of abdominal
fat (including dangerous visceral fat) [45,48], we used WHR as
covariate to adjust for body composition. Principal Component
Analysis (PCA) was employed to reduce the dimensionality of the
blood composition data (erythrocytes, platelets basophilic, eosin-
ophilic and neutrophilic granulocytes, mononuclear cells, lym-
phocytes). The first three principal components (PC1, PC2, and
PC3), which cumulatively explained 62% of the variance and had
eigenvalues greater than 1, were selected based on a scree plot and
used as confounding factors in the linear models where indicated.
To identify the LGI marker showing the most robust and consistent
pattern of associations with dietary exposures, we performed a
comparative summary analysis across all diet-inflammation
regression models adjusted for age, sex, smoking status, and
WHR. From these models, four summary metrics were derived: (i)
the number of significant associations after false discovery rate
correction (FDR-adjusted p < 0.05); (ii) the aggregate signal
strength, calculated as the sum of —logqo(FDR-adjusted p-values)
across associations surviving FDR correction; (iii) the mean abso-
lute standardized regression coefficient, reflecting the average
magnitude of diet-marker associations on a standardized scale,
and (iv) a global p-value obtained from Fisher's combined proba-
bility test applied to the set of raw p-values for each marker.
Together, these complementary metrics were used to quantita-
tively compare the strength, robustness, and consistency of
diet-inflammation association patterns across LGl biomarkers and
to guide the selection of the primary LGI marker for subsequent
analyses. Lavaan package (version 0.6.20) was used to perform
mediation analysis. Mediation analysis was conducted to examine
whether the association between dietary habits (independent
variable, X) and PCGrimAge-derived epigenetic age acceleration
(EAA; dependent variable, Y) was mediated by systemic low-grade
inflammation, quantified by the INFLA-score (mediator, M) [112].
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Structural equation modelling (SEM) was employed to estimate
the direct effect of each dietary component on EAA, the indirect
effect via INFLA-score, and the total effect (sum of direct and in-
direct effects). All models were adjusted for relevant covariates,
including age, sex, smoking status, WHR and caloric surplus.
Parameter estimation was performed using maximum likelihood
(ML) with bootstrapped standard errors and bias-corrected 95%
confidence intervals based on 5000 resamples to ensure robust-
ness against non-normality. Model adequacy was evaluated using
conventional fit indices, Comparative Fit Index (CFI), Tucker-Lewis
Index (TLI), Root Mean Square Error of Approximation (RMSEA),
and Standardized Root Mean Square Residual (SRMR), with
acceptable fit defined as CFI and TLI >0.90 and RMSEA and SRMR
<0.08. When models were just-identified (degrees of
freedom = 0), fit indices could not be interpreted. In such cases,
inference was based on parameter estimates, their bootstrap
confidence intervals, and information criteria (Akaike Information
Criterion [AIC] and Bayesian Information Criterion [BIC]) for
comparative model evaluation.

3. Results
3.1. Descriptive statistics

In this study, we analyzed a subset (N = 691) of the Lifelines-
DEEP cohort. Among participants, 42.3% were male and 57.5%
were female. Mean age of participants was 44.8 years, with a range
of 18-80 years. 17.5% of the participants were smokers. According
to the Adult Treatment Panel III criteria [64], individuals defined as
metabolically unhealthy (MU) were 248 over 443 individuals
metabolically healthy (MH). As for body composition, 12.7%
(N = 88) had a BMI>30, while 31.5% (N = 218) were affected by
central obesity considering waist circumference (WC) as criterion
(i.e., WC> 102 cm for men or WC > 88 cm for women). By crossing
these two variables, 133 individuals having a BMI<30 were clas-
sified as affected by central obesity according to the WC. Consid-
ering WC as criterion to define central obesity, 103 subjects were
classified as affected by central obesity but metabolically healthy
(MHO), while 133 were lean but metabolically unhealthy (MUL).
340 subjects were lean and healthy (MHL), while 115 were both
affected by central obesity and metabolically unhealthy (MUO).

Parameters defining LGI and circulating adipokines in this
cohort are shown in Table 1. Correlations between different mea-
sures of LGI are shown in Supplementary Materials Fig. 2. While all
parameters were significantly correlated, none demonstrated
complete concordance across all others. Among these, INFLA-score
emerged as the biomarker that most comprehensively summa-
rizes LGl in our dataset. From a statistical perspective, INFLA-score
showed the strongest and most consistent correlations across the
panel of inflammatory markers, with correlation coefficients
ranging from r = 0.596 to r = 0.805 for single immune-cell ratios
(NLR, NHR, SII, NEER) and r = 0.613 for hs-CRP, all with extremely
small p-values (p < 107%%), indicating robust and stable associa-
tions. Importantly, INFLA-score also correlated in the expected
direction with adipokines, positively with leptin (r = 0.327) and
resistin (r = 0.289), and negatively with adiponectin (r = —0.119),
demonstrating that it captures not only immune-cell derived
inflammation but also metabolic-inflammatory pathways. Addi-
tional descriptive statistics related to metabolic characteristics and
blood composition of the cohort are provided in Supplementary
Materials Table 2.

Regarding EAA, we computed epigenetic age estimates from
raw DNA methylation data using the PCPhenoAge, PCGrimAge, and
DunedinPACE clocks for the 691 participants included in the
analysis, and subsequently derived EAA measures from these
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Table 1
Descriptive statistics of biomarkers of LGI and adipokines in the cohort analyzed.
Min = minimum; Max = maximum; SD = standard deviation.

N Min Max Mean SD

hs-CRP (mg/L) 609 0.20 9.90 2.19 1.75
INFLA-score 609 —15.00 16.00 -0.23 6.11
NEER 691 0.23 1.93 0.69 0.23
NI 691 73.78 1560.32 401.42 195.99
NHR 691 0.46 8.15 229 1.16
NLR 691 0.50 7.98 1.67 0.69
Adiponectin (pg/mL) 644 0.2 144 4.05 2.06
Resistin (ng/mL) 644 5 53 15.64 6.06
Leptin (ng/mL) 644 0.8 100.00 16.35 17.01

estimates. All clocks and corresponding EAA measures were suc-
cessfully obtained. Descriptive correlations with chronological
age, as well as pairwise correlations among the different biological
age measures, were then assessed and are presented in
Supplementary Fig. 3. Chronological age showed strong positive
correlations with the epigenetic age estimates mAge_PCPhenoAge
(r=0.897, p <0.001) and mAge_PCGrimAge (r = 0.955, p < 0.001),
indicating a close agreement between these biomarkers and
chronological aging. A more moderate but still significant associ-
ation was observed between chronological age and mAge_Dune-
dinPACE (r = 0.286, p < 0.001), consistent with its interpretation as
a measure of the pace of aging rather than accumulated age.
Additionally, mAge_PCPhenoAge and mAge_PCGrimAge were
highly correlated with each other (r = 0.923, p < 0.001), while both
showed moderate correlations with mAge_DunedinPACE
(r = 0431, p < 0.001), suggesting that these metrics capture
overlapping but distinct aspects of biological aging.

3.2. Association between diet and LGI markers and circulating
adipokines

Association with LGI metrics was tested for the intake of food
groups previously linked to the pro- or anti-inflammatory poten-
tial of diet according to the EDIP score categories (EDIP_variables).
Descriptive statistics for the EDIP_variables are shown in Supple-
mentary Materials Table 3. Due to missing data and a limited
number of cases successfully calculated for refined grains
(N = 285) and tomatoes (N = 175), these specific EDIP_variables
were excluded from subsequent analyses. The EDIP_variables were
categorized into quartiles to account for non-parametric distri-
butions, and mean differences between quartiles for each variable
were analyzed for various indices of LGI (Supplementary Materials
Table 4). Among EDIP food categories, the most pronounced and
consistent differences in LGI biomarkers across intake quartiles
were observed for tea, beer, and HEB, each showing statistically
significant differences in more than three inflammatory markers
(Supplementary Table 4). In particular, HEB displayed the clearest
pattern of quartile differences, with highly significant effects for
NHR (adj-p = 5.1 x 10~7), NEER (adj-p = 0.004), and INFLA-score
(adj-p = 0.049), and an additional difference observed for adipo-
nectin (adj-p = 0.049). Beer intake also showed strong evidence of
quartile differences, particularly for leptin (adj-p = 8.1 x 10724),
adiponectin (adj-p = 2.7 x 107°), and NLR (adj-p = 0.037). Tea
consumption demonstrated a comparable multi-marker profile,
with significant differences across quartiles for leptin (adj-
p = 1.8 x 107%), adiponectin (adj-p = 0.013), resistin (adj-
p = 0.049), and NHR (adj-p = 0.008). Full detailed results of all
EDIP-LGI quartile comparisons are reported in Supplementary
Table 4. To validate and further investigate the association be-
tween food categories and LGI controlling for confounding factors,
we used robust linear regression models (adjusted for age, sex,
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Table 2
Associations between LGl markers and different measure of EAA tested by robust linear regression adjusted for sex, age, WHR, and smoking status. Effect sizes are reported as
raw and standardized beta coefficients (Raw ; Std ). P-values were corrected for multiple testing using the Benjamini-Hochberg procedure (Adj-p).

EAA LGI descriptor Raw B Std g SE Statistic p Adj-p
PCPhenoage InAdiponectin (pg/mL) —0.464 —0.049 0.411 -1.128 0.260 0.270
PCPhenoage INFLA-score 0.261 0.335 0.031 8.476 1.9E-16 1.0E-15
PCPhenoage InLeptin (ng/mL) 0.988 0.209 0.255 3.874 1.2E-04 1.9E-04
PCPhenoage InResistin (ng/mL) 1.899 0.141 0.568 3.342 0.001 0.001
PCPhenoage Inhs-CRP (mg/L) 0.816 0.148 0.228 3.571 3.8E-04 0.001
PCPhenoage NEER 8.105 0.392 0.767 10.571 2.9E-24 4.0E-23
PCPhenoage SI 0.012 0.469 0.001 11.687 7.6E-29 2.1E-27
PCPhenoage NHR 1.419 0.334 0.167 8.513 1.1E-16 7.5E-16
PCPhenoage NLR 3.916 0.542 0.439 8.924 4.3E-18 3.9E-17
PCGrimage InAdiponectin (pg/mL) —0.123 —0.021 0.208 —0.592 0.554 0.554
PCGrimage INFLA-score 0.098 0.202 0.017 5.677 2.2E-08 3.9E-08
PCGrimage InLeptin (ng/mL) 0.191 0.066 0.142 1.347 0.178 0.193
PCGrimage InResistin (ng/mL) 0.805 0.097 0.271 2.973 0.003 0.004
PCGrimage Inhs-CRP (mg/L) 0.303 0.090 0.114 2.658 0.008 0.009
PCGrimage NEER 3.611 0.280 0.456 7.922 9.7E-15 3.3E-14
PCGrimage NI 0.004 0.278 0.001 8.289 6.2E-16 2.8E-15
PCGrimage NHR 0.671 0.252 0.094 7.130 2.6E-12 7.1E-12
PCGrimage NLR 1.527 0.338 0.214 7.137 2.5E-12 7.1E-12
DunedinPACE InAdiponectin (pg/mL) —0.025 —0.124 0.009 —2.673 0.008 0.009
DunedinPACE INFLA-score 0.004 0.231 0.001 5.761 1.3E-08 2.6E-08
DunedinPACE InLeptin (ng/mL) 0.036 0.353 0.005 6.829 2.0E-11 4.3E-11
DunedinPACE InResistin (ng/mL) 0.028 0.096 0.012 2.309 0.021 0.024
DunedinPACE Inhs-CRP (mg/L) 0.032 0.272 0.005 7.048 4.9E-12 1.2E-11
DunedinPACE NEER 0.121 0.270 0.018 6.818 2.1E-11 4.3E-11
DunedinPACE SII 9.8E-05 0.178 2.5E-05 3.934 9.2E-05 1.6E-04
DunedinPACE NHR 0.028 0.302 0.003 7.993 5.8E-15 2.2E-14
DunedinPACE NLR 0.034 0.214 0.010 3.488 0.001 0.001
Table 3

Associations between different dietary features and EAA resulting from robust linear regression models adjusted for sex, age, WHR, caloric surplus and smoking. Effect sizes
are reported as raw and standardized beta coefficients (Raw p; Std B). P-values were corrected for multiple testing using the Benjamini-Hochberg procedure (Adj-p).

EAA Diet feature Raw B Std SE statistics p Adj-p
PCPhenoage LLDS —0.058 —0.069 0.034 -1.728 0.084 0.147
PCPhenoage DHD index score —0.035 —0.104 0.013 —2.606 0.009 0.034
PCPhenoage sqrtNOVA1 —0.083 —0.086 0.047 -1.769 0.077 0.142
PCPhenoage sqrtNOVA4 0.172 0.099 0.068 2.531 0.012 0.038
PCPhenoage Processed meat (DHD score) 0.007 0.004 0.069 0.098 0.922 0.922
PCPhenoage sqrtHEB (EDIP_portion/day) 0.659 0.078 0.333 1.981 0.048 0.106
PCPhenoage sqrtLEB (EDIP_portion/day) 0414 0.028 0.511 0.810 0.418 0.482
PCPhenoage sqrtTea (EDIP_servings/day) -0.179 —0.025 0.302 -0.593 0.554 0.571
PCPhenoage Vegetable intake (DHD score) —0.088 —0.047 0.070 -1.255 0.210 0.289
PCPhenoage sqrtCoffee (EDIP_portion/day) 0.250 0.038 0.313 0.800 0.424 0.482
PCPhenoage Red meat intake (DHD score) 0.283 0.067 0.184 1.540 0.124 0.195
PCGrimage LLDS —0.053 —-0.101 0.017 —3.082 0.002 0.015
PCGrimage DHD index score -0.023 -0.113 0.007 —3.554 0.000 0.007
PCGrimage sqrtNOVA1 —0.049 —0.080 0.024 -2.070 0.039 0.092
PCGrimage sqrtNOVA4 0.100 0.092 0.034 2914 0.004 0.017
PCGrimage Processed meat (DHD score) —0.044 —0.044 0.034 -1.304 0.193 0.277
PCGrimage sqrtHEB (EDIP_portion/day) 0.530 0.100 0.175 3.033 0.003 0.015
PCGrimage sqrtLEB (EDIP_portion/day) 0.172 0.019 0.268 0.640 0.522 0.556
PCGrimage sqrtTea (EDIP_servings/day) -0.337 -0.076 0.148 -2.283 0.023 0.058
PCGrimage Vegetable intake (DHD score) -0.113 -0.097 0.037 —3.051 0.002 0.015
PCGrimage sqrtCoffee (EDIP_portion/day) 0.265 0.065 0.138 1.924 0.055 0.113
PCGrimage Red meat intake (DHD score) 0.123 0.046 0.074 1.663 0.097 0.160
DunedinPACE LLDS —0.002 —0.092 0.001 -2.278 0.023 0.058
DunedinPACE DHD index score —0.001 -0.111 0.000 -2.999 0.003 0.015
DunedinPACE sqrtNOVA1 —0.001 —0.044 0.001 -0.863 0.389 0.475
DunedinPACE sqrtNOVA4 0.004 0.100 0.001 2.677 0.008 0.031
DunedinPACE Processed meat (DHD score) —0.001 -0.026 0.001 -0.663 0.508 0.556
DunedinPACE sqrtHEB (EDIP_portion/day) 0.030 0.161 0.007 4.049 0.000 0.002
DunedinPACE sqrtLEB (EDIP_portion/day) 0.016 0.051 0.011 1.509 0.132 0.198
DunedinPACE sqrtTea (EDIP_servings/day) -0.011 -0.074 0.006 -1.851 0.065 0.125
DunedinPACE Vegetable intake (DHD score) -0.004 —0.088 0.001 —2.443 0.015 0.045
DunedinPACE sqrtCoffee (EDIP_portion/day) 0.007 0.047 0.006 1.165 0.245 0.323
DunedinPACE Red meat intake (DHD score) —0.003 -0.031 0.003 -0.909 0.364 0.462

smoking and WHR) to examine the association between LGI and variables. The variables examined included indicators of overall
dietary parameters commonly linked to the pro- or anti- diet quality (LLDS and DHD index), intake of specific food cate-
inflammatory properties of the diet described as continuous gories (vegetables, unprocessed and ultraprocessed foods as
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Table 4
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Mediation analysis testing the impact of overall diet quality on EAA measured by different clocks, accounting for the mediation of INFLA-score and adjusting the models for
sex, age, WHR, smoking status and energy surplus. SE: Standard Error; Z: z-score; p: p value; Cl: confidence interval.

Model Effect Estimate SE z p CI low Cl up
LLSD - PCPhenoage Indirect -0.073 0.015 —4.862 1.12e-06 -0.103 —-0.045
LLSD - PCPhenoage Direct —0.004 0.033 -0.117 0.906 -0.070 0.062
LLSD - PCPhenoage Total -0.076 0.035 —2.208 0.027 —-0.145 —-0.010
LLDS - PCGrimage Indirect -0.035 0.008 —4.533 5.8e-06 —-0.051 -0.021
LLDS - PCGrimage Direct —-0.046 0.019 —2.292 0.021 —-0.086 —0.007
LLDS - PCGrimage Total —0.081 0.020 —3.936 8.3e-05 -0.122 —-0.040
LLDS - DunedinPACE Indirect —0.0009 0.00023 —3.880 1.0e-04 —0.001 —5.0e-04
LLDS - DunedinPACE Direct —0.0001 0.00076 -0.157 0.874 —-0.001 0.001
LLDS - DunedinPACE Total —-0.0010 0.00073 -1.418 0.156 —0.002 —4.0e-04
DHD - PCPhenoage Indirect —0.024 0.005 —4.506 6.6e-06 —0.035 —0.014
DHD - PCPhenoage Direct -0.015 0.013 -1.109 0.267 —-0.040 0.011
DHD - PCPhenoage Total —-0.039 0.014 —2.807 0.005 —0.065 —-0.011
DHD - PCGrimage Indirect —0.008 0.002 —3.638 2.7e-04 —-0.013 —0.004
DHD - PCGrimage Direct -0.015 0.007 -2.159 0.031 —0.029 —0.001
DHD - PCGrimage Total —-0.024 0.007 —3.308 0.001 —-0.038 -0.010
DHD - DunedinPACE Indirect —3.1e-04 8.5e-05 -3.670 2.4e-04 —4.9e-04 —1.6e-04
DHD - DunedinPACE Direct —3.0e-04 2.8e-04 —1.094 0.274 —0.001 2.5e-04
DHD - DunedinPACE Total —-0.001 2.7e-04 —2.244 0.025 —-0.001 —~7.1e-05

defined by NOVA classification, HEB, LEB, red meat, processed
meat, wine, coffee, and tea), as well as selected nutrient intakes
(EPA + DHA, lipid quality, carbohydrate quality, alcohol, and vi-
tamins B9 and C). Full results of the adjusted regression models are
reported in Fig. 1. The heatmap revealed a heterogeneous but
biologically coherent pattern. The heatmap revealed a heteroge-
neous but biologically coherent pattern of associations between
dietary factors and LGI. Intake of NOVA4 group was positively
associated with multiple LGI markers, including INFLA-score (Std
B = 0.200; adj-p = 1.2 x 10~4), NEER (Std p = 0.190; adj-p < 0.002),
NHR (Std B = 0.140; adj-p < 0.002), and circulating leptin (Std
B = 0.160; adj-p = 5 x 107>). In particular, HEB intake was posi-
tively associated with INFLA-score (Std p = 0.150; adj-p = 0.0036),
leptin (Std p = 0.110; adj-p < 0.003), and NHR (Std g = 0.100; adj-
p <0.01). LEB intake also showed positive associations with INFLA-
score (Std B = 0.140; adj-p = 0.0035), NEER (Std p = 0.140; adj-
p <0.01), and NHR (Std g = 0.110; adj-p < 0.01). In contrast, higher
adherence to dietary guidelines, as captured by the LLDS and the
DHD index, was associated with lower INFLA-score (Std
B = —0.210; adj-p < 4 x 107), NEER (Std p = —0.160; adj-
p <5 x 107°), hs-CRP (Std p = —0.130 to —0.140; adj-p < 0.005),
and leptin (Std B ~ —0.120; adj-p < 0.01). Finally, selected micro-
nutrients involved in one-carbon metabolism were also inversely
associated with inflammatory markers. Vitamin B9 and B2 were
inversely associated with INFLA-score (Std p = —0.280 and —0.270,
respectively; both adj-p < 1 x 10™%), NEER (Std p ~ —0.180
to —0.200; adj-p < 0.001), and hs-CRP (Std B =~ —0.150; adj-
p < 0.01). Pyridoxine (vitamin B6) also showed a modest inverse
association with INFLA-score (Std § = —0.160; adj-p = 0.044).
Among all LGI biomarkers, INFLA-score exhibited the most
consistent and multi-domain associations with dietary exposures,
showing significant relationships with several independent di-
etary factors. Summary metrics for each LGI biomarker were
derived from robust linear regression models relating dietary ex-
posures to inflammatory outcomes, with the aim of identifying
which LGI biomarker most consistently captured associations with
dietary features (Supplementary Materials Table 5). Based on these
comparative metrics, the INFLA-score showed a strong and
consistent overall performance, with 11 significant associations
(FDR <0.05), a high cumulative -logjp(adjusted p-value)
(X = 31.276), the largest mean absolute standardized effect size
(mean |Std B| = 0.124), and a highly significant Fisher global p-
value (p = 8.8 x 1072%). While some individual biomarkers
exhibited a similar or higher number of significant associations,

they were characterized by smaller average standardized effect
sizes and/or lower cumulative statistical evidence. Based on this
multi-metric comparison, the INFLA-score was selected as the
primary indicator of diet-related LGI for subsequent analyses.

3.3. Epigenetic age acceleration, LGI and blood composition

Associations between EAA and LGI markers were assessed us-
ing robust linear regression models adjusted for sex, age, waist-to-
hip ratio, and smoking. Results are reported in Table 2 and revealed
consistent associations across all three EAA measures. PCPheno-
Age displayed the strongest overall associations, with the largest
effect sizes observed for NLR (Std p = 0.542; adj-p = 3.9 x 10°17),
SII (Std p = 0.469; adj-p = 2.1 x 102?7), and NEER (Std p = 0.392;
adj-p = 4.0 x 10723), alongside robust associations with INFLA-
score (Std p = 0.335; adj-p = 1.0 x 10~) and NHR (Std
B = 0.334; adj-p = 7.5 x 107'%). PCGrimAge showed a similar
profile, with its strongest associations observed for NLR (Std
B = 0.338; adj-p = 7.1 x 107'2), NEER (Std p = 0.280; adj-
p =33 x 107"), and SII (Std p = 0.278; adj-p = 2.8 x 10~ ),
together with significant associations for NHR (Std g = 0.252; adj-
p = 71 x 107'?) and INFLA-score (Std p = 0.202; adj-
p = 3.9 x 10%). DunedinPACE exhibited a partially distinct pattern,
with the strongest associations involving leptin (Std g = 0.353; adj-
p =43 x 107, NHR (Std p = 0.302; adj-p = 2.2 x 10~ %), hs-CRP
(Std p = 0.272; adj-p = 1.2 x 10~ 11), and NEER (Std p = 0.270; adj-
p = 4.3 x 107, as well as a robust association with INFLA-score
(Std p = 0.231; adj-p = 2.6 x 1078).

After additional adjustment for blood cell composition
(Supplementary Materials Table 6), the associations between EAA
and LGI markers that are independent of blood composition,
namely hs-CRP, leptin, adiponectin, and resistin, were largely
confirmed. Importantly, INFLA-score remained significantly asso-
ciated with all three epigenetic clocks (PCPhenoAge: Std g = 0.519,
adj-p = 1.7 x 10~7; PCGrimAge: Std p = 0.256, adj-p = 1.1 x 10~5;
DunedinPACE: Std p = 0.280, adj-p = 4.6 x 10~%), indicating that
the relationship between systemic LGl and biological aging is
robust to adjustment for circulating immune cell distributions.

3.4. Epigenetic age acceleration and LGI in different metabolic
status

EAA values were compared across groups defined by metabolic
status (Healthy, MUL, MHO, MUO) using Dunn's post-hoc tests
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Fig. 1. Heatmap summarizing the associations between LGI markers and dietary parameters, based on robust linear regression models adjusted for age, sex, smoking status, and
WHR. The dietary variables include components commonly linked to the pro- or anti-inflammatory properties of the diet, as well as EDIP-derived food categories identified as
significant in prior analyses. Colours represent standardized beta coefficients (Std ), and BH-adjusted p-values are indicated by significance symbols within each cell.

following Kruskal-Wallis analysis. While PCPhenoAge and
PCGrimAge showed only modest discrimination across metabolic
groups (Figure 2A and B), clear differences emerged when EAA was
assessed using the DunedinPACE clock (Fig. 2C). In particular,
DunedinPACE values were significantly higher in all metabolically
altered groups compared with Healthy individuals, with increases
of approximately 3.3% in MUL (p = 0.007), 51% in MHO
(p = 3.3 x 107%), and 7.1% in MUO (p = 3.6 x 1078) relative to
healthy controls (Fig. 2C, overall p = 3.1 x 10~2). No EAA measure
differed significantly between MHO and MUO groups across any of
the clocks, indicating that these epigenetic clocks did not detect
significant differences in the epigenetic aging process between
these two metabolic phenotypes in this cohort. To assess whether
LGI varied according to metabolic status, we compared INFLA-
score across the same groups (Fig. 2D, overall p = 2.3 x 1077).
Compared with healthy individuals, INFLA-score values were
significantly higher in both MHO and MUO participants (mean
differences = +3.35 and + 3.20 units, respectively; p = 2.4 x 107>
and p = 3.9 x 107%), whereas no significant difference was
detected between Healthy and MUL subjects (p > 0.05). INFLA-
score was also higher in MHO than in MUL (p = 0.045), with a
trend toward higher values in MUO compared with MUL
(p = 0.066), while no difference emerged between MHO and MUO
(p > 0.05). Notably, DunedinPACE was the only biomarker capable
of discriminating all metabolically altered groups (MUL, MHO,
MUO) from healthy participants, indicating a sensitivity to meta-
bolic dysregulation that was not observed for the LGI score or for
the other epigenetic clocks.

3.5. Diet pro- or anti-inflammatory features and epigenetic age
acceleration

Dividing the population into quartiles for each EDIP variable
(portion/day) revealed significant differences in EAA distribution
across groups, especially for PCGrimage (Supplementary Materials

Table 7). This analysis confirms that PCGrimage is the most sen-
sitive among the selected clocks to detect associations between
EAA and EDIP food categories (i.e., processed meat, organ meat,
dark yellow and green leafy vegetables, coffee, tea, HEB and beer).
Notably, HEB intake was the only EDIP category associated with
EAA across all three clocks (PCGrimAge, PCPhenoAge, and Dun-
edinPACE). Supplementary Fig. 4 illustrates the differences in
PCGrimage across quartiles for the variables that showed signifi-
cant associations.

For each dietary feature previously linked to inflammatory re-
sponses, we fitted a dedicated robust linear regression model
adjusted for age, sex, smoking status, WHR, and caloric surplus
(Table 3). Results indicate that the association between EAA and
several dietary features within this cohort (measured with first-
generation clocks in a previous study [76]) is confirmed even
when using second-generation clocks and PC versions, particularly
for overall diet quality measures and for ultra-processed food
intake (NOVA4), including HEB. Across epigenetic clocks, higher
intake of NOVA4 foods was consistently associated with higher
EAA, with significant positive associations observed for PCPhe-
noAge (raw f = 0.172; Std p = 0.099; adj-p = 0.038), PCGrimAge
(raw p = 0.100; Std B = 0.092; adj-p = 0.017), and DunedinPACE
(raw B = 0.004; Std p = 0.100; adj-p = 0.031). This pattern was
particularly evident for HEB, which showed robust positive asso-
ciations with PCGrimAge (raw B = 0.530; Std B = 0.100; adj-
p = 0.015) and DunedinPACE (raw p = 0.030; Std g = 0.161; adj-
p = 0.002), whereas the corresponding association with PCPhe-
noAge did not remain significant after multiple-testing correction.
Among the clocks, PCGrimAge exhibited the most comprehensive
dietary association profile, showing significant inverse associa-
tions with overall diet quality (LLDS: raw g = -0.053; Std
B = —0.101; adj-p = 0.015; DHD index: raw p = —0.023; Std
B = —0.113; adj-p = 0.007) and vegetable intake (raw g = —0.113;
Std p = —0.097; adj-p = 0.015), alongside positive associations
with NOVA4 and HEB intake. Two additional inverse associations
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Fig. 2. Differences in EAA measured by PCPhenoage (A), PCGrimage (B), DunedinPACE (C) or INFLA-score (D) in different metabolic health status. Healthy (MHL), N = 340;
Metabolically Unhealthy Lean (MUL), N = 133; Metabolically Healthy Obese (MHO), N = 103; Metabolically Unhealthy Obese (MUO), N = 115. *p < 0.05; **p < 0.01; ***p < 0.001.

were observed for NOVA1 and tea consumption that were statis-
tically significant at the nominal level (sqrtNOVA1: p = 0.039; tea:
p = 0.023), although they showed only a trend after FDR correction
(adj-p = 0.092 and adj-p = 0.058, respectively). DunedinPACE also
showed significant associations with overall diet quality as
assessed by the DHD index (Std g = —0.111; adj-p = 0.015), vege-
table intake (Std p = —0.088; adj-p = 0.045), NOVA4 intake (Std
B = 0.100; adj-p = 0.031), and HEB intake (Std g = 0.161; adj-
p = 0.002), whereas the association with LLDS was only nominal
(adj-p = 0.058). In contrast, PCPhenoAge displayed fewer and
weaker associations, with diet quality assessed by the DHD index
(Std p = —0.104; adj-p = 0.034) and NOVA4 intake (Std p = 0.099;
adj-p = 0.038) emerging as the most consistent correlates. Full
details are provided in Table 3.

Given the strong associations observed for PCGrimAge and its
known sensitivity to smoking-related methylation signatures, we
conducted a sensitivity analysis restricted to non-smokers to
further assess potential residual confounding by smoking that
cannot be captured by considering the smoking status as covariate.
This approach was adopted because quantitative smoking data
(number of cigarettes per day) were available for only 108
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participants, which was insufficient for stable dose-response
modelling. Results showed that associations observed in the full
cohort were largely confirmed in the non-smoker subgroup
(Supplementary Materials Table 8), indicating that residual con-
founding by smoking is unlikely to be a major driver of the
observed relationships. Although residual confounding by smok-
ing in the full cohort cannot be completely excluded, this risk is
expected to be minimal because smoking status captures the
major behavioural distinction relevant for confounding control,
and the main findings were confirmed in the sensitivity analysis
restricted to non-smokers.

Finally, in light of the significant associations observed between
multiple dietary features and PCGrimAge, we extended the anal-
ysis for this clock to additional dietary components with known
pro- or anti-inflammatory properties, as well as to key dietary
intermediates of one-carbon metabolism, whose intake may be
relevant to epigenetic aging. As shown in Supplementary Materials
Table 9, vitamin B9 and vitamin C intake were inversely associated
with PCGrimAge EAA. Specifically, higher vitamin B9 intake was
associated with lower PCGrimAge acceleration (raw $ = —0.006;
standardized p = —0.156; p = 0.006; adj-p = 0.028), and a similar
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Mediation analysis testing the impact of different dietary features on EAA measured by PCGrimage accounting for the mediation of INFLA-score adjusting the models for sex,
age, WHR, smoking status and energy surplus. SE: Standard Error; Z: z-score; p: p value; CI: confidence interval.

Dietary feature Effect Estimate SE z p CI_lower CI_upper
NOVAT1 (energy ratio) Indirect 0.041 0.011 3.621 2.9E-04 0.019 0.063
NOVAT1 (energy ratio) Direct 0.041 0.038 1.060 0.289 -0.035 0.116
NOVA1 (energy ratio) Total 0.082 0.039 2118 0.034 0.006 0.158
NOVA4 (energy ratio) Indirect -0.024 0.007 —3.348 0.001 -0.039 -0.010
NOVA4 (energy ratio) Direct —0.030 0.026 -1.172 0.241 —0.081 0.020
NOVA4 (energy ratio) Total —0.055 0.026 —2.094 0.036 —0.106 —0.004
Vegetables intake (DHD score) Indirect —0.019 0.009 -2.011 0.044 —0.037 0.000
Vegetables intake (DHD score) Direct -0.122 0.038 -3.182 0.001 -0.197 —0.047
Vegetables intake (DHD score) Total —0.141 0.039 —3.594 3.3E-04 -0.218 —0.064
HEB (EDIP_portion/day) Indirect 0.174 0.052 3.307 0.001 0.071 0.276
HEB (EDIP_portion/day) Direct 0.219 0.191 1.148 0.251 —0.155 0.592
HEB (EDIP_portion/day) Total 0.392 0.192 2.042 0.041 0.016 0.769
Tea (EDIP_portion/day) Indirect —0.061 0.038 -1.615 0.096 -0.135 0.013
Tea (EDIP_portion/day) Direct —0.409 0.157 —2.599 0.009 -0.717 —0.101
Tea (EDIP_portion/day) Total —0.470 0.161 -2.917 0.004 -0.785 —0.154
Vitamin C (mg/die) Indirect —0.001 0.001 —1.409 0.159 —0.003 0.000
Vitamin C (mg/die) Direct —0.010 0.003 —3.204 0.001 —0.016 —0.004
Vitamin C (mg/die) Total -0.011 0.003 —3.477 0.001 -0.017 —0.005
B9 intake (pg/die) Indirect —0.045 0.021 -2.152 0.031 ~0.086 ~0.004
B9 intake (pg/die) Direct —0.162 0.076 —-2.132 0.033 —-0.311 —0.013
B9 intake (pg/die) Total -0.207 0.077 —2.681 0.007 —0.358 —0.056
inverse association was observed for vitamin C (raw p = —0.009; HEB, showed significant indirect effects through INFLA-score (e.g.,

standardized g = —0.135; p = 0.005; adj-p = 0.027). In contrast, no
significant associations were detected for vitamins (B12, B2, B6),
EPA + DHA intake, or alcohol consumption after correction for
multiple testing (Supplementary Materials Table 9).

3.6. Effect of low-grade inflammation in mediating the impact of
diet on EAA: a mediation analysis

Given the observed associations between dietary features and
LGI markers, we next evaluated whether the relationship between
diet quality and EAA could be explained, at least in part, by LGI.
Because INFLA-score emerged as the most responsive and
comprehensive LGI indicator in this cohort, integrating both
circulating inflammatory biomarkers and blood cell composition
and showing the most consistent associations with dietary fea-
tures (Supplementary Table 5), it was selected as the LGI estimator
to be used as the mediator in this analysis. We first tested whether
INFLA-score mediated the association between EAA measured
with different clocks and the two overall diet quality measures
(LLDS and DHD) (Table 4). Mediation models showed significant
direct effects only for PCGrimAge, for both LLDS (direct
estimate = —0.046, p = 0.021) and DHD (direct estimate = —0.015,
p = 0.031), resulting in significant total effects. In contrast, for
PCPhenoAge and DunedinPACE, direct effects were not statistically
significant, suggesting that the associations between diet quality
and EAA for these clocks were largely explained by the indirect
pathway through LGI. Complete mediation estimates, including
effect sizes, confidence intervals, and statistical significance for all
models, are reported in Table 4.

Since the PCGrimage was the most responsive to diet in pre-
vious analyses, we further tested in mediation analysis the asso-
ciation of EAA measured by PCGrimage with specific dietary
features (i.e., NOVA1, NOVA4, HEB, vegetables intake, tea, vitamins
B9 and C), considering INFLA-score as mediator. Results indicated a
significant mediating effect of INFLA-score on the relationship
between multiple dietary features and PCGrimAge EAA, as re-
flected by significant indirect effects across all tested dietary var-
iables (Table 5). In particular, dietary components typically
considered pro-inflammatory, such as NOVA4 energy ratios and
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NOVA4 indirect effect = —0.024, p = 0.001; HEB indirect
effect = 0.174, p = 0.001), while their direct effects on PCGrimAge
were not statistically significant (p > 0.05). This pattern suggests
that the associations of these dietary features with EAA were
largely explained by their relationship with LGI. In contrast,
several beneficial dietary components displayed significant direct
associations on PCGrimAge that were independent of INFLA-score.
In particular, vegetable intake showed both a significant indirect
effect (p = 0.044) and a direct effect (estimate = -0.122,
p = 0.001), resulting in a robust total association (p = 3.3 x 10~4).
Similarly, tea intake, vitamin C, and B9 exhibited significant direct
effects on PCGrimAge (tea: p = 0.009; vitamin C: p = 0.001;
vitamin B9: p = 0.033). Overall, these findings indicate that both
pro- and anti-inflammatory dietary features relate to EAA through
their association with LGI, but that beneficial dietary components
rich in vitamins and bioactive compounds also show direct asso-
ciations with PCGrimAge beyond LGI mediation. Complete medi-
ation estimates, including indirect, direct, and total effects with
confidence intervals, are reported in Table 5.

4. Discussion

LGI and metabolic health critically influence complex disease
development. LGI both results from and exacerbates metabolic
dysregulation, and it represents a core feature of inflammaging, a
consequence of intricate immune interactions involving cascades
and feedback loops [113]. Given the chronic and multifactorial
nature of these processes, addressing LGI is considered a prom-
ising strategy for disease prevention and promotion of healthy
aging. Lifestyle modifications have been proposed as practical
approaches to control LGI and improve metabolic health, thereby
supporting healthy aging. Among these, diet represents a key
modifiable factor, acting as a source of food-derived signals rele-
vant to biological aging within a systems and precision nutrition
framework [114]. Evidence from a large prospective cohort of US
women and men followed for 30 years has recently strengthened
the evidence linking diet to healthy aging [41]. Tessier and col-
leagues have showed that higher intakes of fruits, whole grains,
vegetables, added unsaturated fats, nuts, legumes, and low-fat
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dairy were associated with greater odds of healthy aging, whereas
higher intakes of trans fats, sodium, total meats, and red and
processed meats were associated with lower odds [41].

The ability to track the impact of diet on the aging process
provides a promising approach to evaluate the effectiveness of
nutritional interventions and monitor progress. In this context,
emerging evidence suggests that epigenetic clocks may serve as
promising tools to monitor the biological impact of dietary
changes on aging and health. Data corroborating the hypothesis
that dietary intervention can shape EAA has been growing
[115-120]. For a comprehensive review on the impact of nutrition
strategies on DNAm, including global DNAm and epigenetic clocks,
see Garcia-Garcia et al. [121]. Our previous findings from the
Lifelines-DEEP cohort identified a significant link between certain
dietary factors and first-generation aging clocks [76]. In the pre-
sent study, we extended the investigation to second- and third-
generation clocks in their PC version to further validate the rela-
tionship between diet and these aging markers.

Our findings specifically confirmed the association between
overall diet quality and EAA as measured by PCGrimage, that
emerged as the more sensitive to dietary features among the
analyzed clocks, based on the magnitude and consistency of sta-
tistically significant associations observed across multiple dietary
features. Moreover, our results highlight several associations be-
tween EAA and food categories with proposed pro- or anti-
inflammatory properties. These include HHB and foods classified
under the NOVA4 category (which showed consistent positive
associations across all the clocks) but also intake of vegetables,
NOVAT1 category, tea, folate and vitamin C which were inversely
associated with PCGrimAge EAA in adjusted models. In this cohort,
processed meat, red meat, and coffee were associated with the
selected estimators of EAA when comparing quartiles of their
intake; however, these associations lost significance in robust
linear regression after adjusting for covariates, indicating that
these relationships were not robust to multivariable adjustment.
Effect sizes were small. Nevertheless, modest slowing of the pace
of aging can have profound effects on population health [122,123],
as discussed also by Waziri et al. [124]. We did not observe sig-
nificant associations between EAA and fat quality, nor did we
detect robust associations with omega-3 intake in multivariable
models, and thus we were unable to further support findings from
recent studies reporting an association between EAA and omega-3
supplementation [125,126]. However, our results are consistent
with existing evidence demonstrating the beneficial effects of
vegetable consumption and associated bioactive molecules and
vitamins, such as folate and vitamin C, on EAA. Specifically, our
findings align with studies reporting the positive impact of diets
rich in raw and nutrient-dense foods on epigenetic aging, as shown
in the randomized controlled trial DIRECT PLUS [127], that partly
attributed the effect also to their high polyphenol content. The
importance of adequate vitamin intake in mitigating EAA is rein-
forced by an additional trial, which measured a normalization of
EAA in individuals receiving tHcy-lowering B-vitamin treatment
(N = 107) compared to the placebo group (N = 110) [104].
Accordingly, Bozack and colleagues recently showed that serum
folate concentration was associated to lower EAA in the NHANES
cohort [103]. Our findings also support previous evidence showing
that diets high in fast food, processed red meat, and HHB and low
in fruits and vegetables are associated with accelerated biological
aging even in young adulthood [118]. Recent evidence from an
observational study has confirmed a direct association between
the intake of various bioactive molecules and micronutrients and
EAA in a cohort of 3969 postmenopausal women, utilizing a data-
driven exploratory analysis approach [128]. An additional recent
trial suggests a possible benefit of combined nutritional
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supplementation (including vitamin B3, C, D, omega 3 fish oils, and
other bioactive molecules) especially in individuals with an
accelerated epigenetic age and inflammaging [116]. All these
findings are consistent with current knowledge indicating that
food-derived macro- and micronutrients, along with dietary phy-
tochemicals, play a crucial role in reducing oxidative stress and
inflammation [129].

Notably, in this cohort, overall diet quality (measured by LLDS
and DHD score), as well as specific food categories and nutritional
components, were also associated with LGI levels, as demon-
strated by statistically significant associations with several LGI
biomarkers in multivariable models, particularly the composite
INFLA-score. This was particularly evident for HHB, NOVA4 foods,
folate and vitamin C intake, though not limited to these factors.
Given that both epigenetic modifications and inflammation are
key molecular mechanisms influencing the rate of aging [130], and
that both can be affected by dietary habits [129,131-138], it is
particularly interesting to consider how diet may modulate EAA by
influencing LGI, which is also entangled with changes in blood
composition. This is a clinically relevant question, as controlling
LGI might represent a key strategy for protecting against complex
diseases and promoting healthy aging. This hypothesis is sup-
ported by evidence from Sanchez-Cabo et al. reporting a mediatory
role for proinflammatory pathways in association between
Grimage EAA and subclinical atherosclerosis [ 139]. Key biomarkers
for increased systemic inflammation, including an increase in total
number of platelets and white blood cells, plasma C-reactive
protein level, and neutrophil to lymphocyte ratio, were found to be
strongly correlated with EAA. In parallel, previous evidence high-
lights the pivotal role of diet in regulating subclinical inflamma-
tion [140,141], a precursor to chronic diseases [23,56,142], which is
also intrinsically connected to inflammaging [143]. Therefore, we
investigated whether the impact of diet on PCGrimage EAA was
primarily mediated by its effect on LGI levels using mediation
analysis. Our results revealed that overall diet quality is associated
with PCGrimage EAA through both direct and indirect pathways.
Specifically, when examining individual dietary features, we found
that the association between EAA and unhealthy dietary habits,
such as the intake of HHB and NOVA4 foods, was largely accounted
for by variation in the INFLA-score (used as an indicator of LGI),
with negligible residual direct associations with EAA in this
experimental setting. In contrast, beneficial dietary features,
including the intake of vegetables, tea, and folate, were associated
with lower EAA both in relation to lower INFLA-score values and
through additional direct pathways independent from this marker.
Our findings align with previous studies demonstrating associa-
tion between epigenetic aging and inflammation, suggesting that
inflammaging and EAA may represent two different biological
processes, connected but not completely overlapped, that inde-
pendently capture complementary aspects of overall risk [18].

Also, it should be noticed that a link between diet and blood cell
composition exists, with findings indicating a significant medi-
ating role in the beneficial effects of dietary patterns on non-
communicable disease prevention. For example, recent evidence
from the CARDIOPREV intervention study has highlighted the
protective role of healthy dietary patterns, particularly the Medi-
terranean diet, in mitigating complex diseases like cardiovascular
disease (CVD), potentially through modulation of neutrophil count
[144]. In this study, adherence to a Mediterranean diet is associ-
ated with lower neutrophil levels and regression of atherosclerosis
over time (decreased carotid intima-media thickness), under-
scoring a novel dietary strategy for atherosclerosis management
via neutrophil-targeted interventions and suggesting a mecha-
nistic pathway for CVD risk reduction. While dietary patterns are
known to influence LGI and shape blood cell composition, our
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findings indicate that these factors alone do not fully account for
the observed associations with EAA.

Coming back to the relationship between diet and inflamma-
tion, our findings are in accordance with prior observations on a
large cohort of 4510 adults from the Moli-Sani Study, where bio-
logical aging was estimated from 36 blood parameters. In this
cohort, a high adherence to well-known anti-inflammatory dietary
patterns (e.g., Mediterranean Diet and DASH) and dietary poly-
phenols consumption were associated with delayed biological
aging, while diet pro-inflammatory potential was linked to an
acceleration of this parameter [21,145,146]. Previous studies have
also shown an association between EAA and elevated levels of
inflammatory markers, including cytokines and molecules such as
IL-6, CRP, TNF-a, IL-18, IL-18BP, and leptin. [106,147-149]. A recent
study of 22 plasma-based inflammatory markers and four clocks
(PhenoAge, GrimAge, DunedinPoAm, and Zhang) found associa-
tions between higher CRP and IL-6 and DNAm EAA, but other in-
dicators of inflammation were inconsistent [19]. They also found
that epigenetic aging and inflammaging were strongly and inde-
pendently associated with mortality. Other authors, using data
from the Health and Retirement Study (N = 3113), generated a
continuous latent variable for systemic inflammation (from seven
measured indicators of inflammation) which was positively asso-
ciated with DNAm age acceleration for 10 of the 13 epigenetic
clocks measured adjusting for covariates (adjusting for socio-
demographics and chronic disease risk factors) [ 18]. However, they
did not consider dietary habits in the analysis. Notably, the authors
observed stronger associations for inflammation with clocks that
were trained on mortality, mitotic division, or biomarkers of aging,
including GrimAgeAA, than for clocks trained on chronological age
or phenotypic aging. They suggest that systemic inflammation is
likely an interdependent or co-occurring process with the factors
used to train these clocks, causing the inflammation latent variable
to explain a larger proportion of variance in these models. Our
findings align with this observation and further suggest that LGI
cannot fully explain the association between diet and EAA.

Indeed, our study also underscore the importance of leveraging
multiple biomarkers to characterize the effect of diet on inflam-
maging in aging research. In our analysis, INFLA-score values were
significantly higher in individuals with obesity (both MHO and
MUO) compared with healthy participants, indicating a greater
inflammatory burden in these groups. However, no significant
differences were observed between healthy subjects and meta-
bolically unhealthy lean (MUL) individuals, suggesting that INFLA-
score may be more sensitive to adiposity-related inflammatory
changes than to metabolic impairments occurring in the absence
of excess fat mass. In contrast, DunedinPACE captured distinctions
that were not detectable through inflammatory profiling alone.
DunedinPACE values were higher not only in obese groups but also
in MUL compared with healthy subjects, revealing sensitivity to
metabolic dysregulation independent of adiposity and suggesting
a faster pace of aging in these groups. This pattern aligns with
previous evidence showing that DunedinPACE exhibits stronger
associations with metabolic dysfunction, insulin resistance, and
adiposity-related biological aging than other epigenetic clocks
[150]. Overall, these findings suggest that epigenetic aging metrics
(particularly DunedinPACE) may provide additional resolution
beyond traditional inflammatory markers when distinguishing
metabolic phenotypes, underscoring the potential value of
combining inflammation-based and methylation-based bio-
markers to more comprehensively assess metabolic health in ag-
ing research.

A key limitation of this study is the observational design,
which prevents determining the directionality of the
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inflammation-EAA relationship. Additionally, EAA was linked to
UPF intake using the NOVA classification, which has known
limitations [151]. The deleterious effects of UPFs consumption
on health can likely be ascribed to the increased presence of
harmful components prevalent in foods categorized as ultra-
processed, such as excessive calories, sugars, and saturated
fats, among others. This attribution extends beyond the out-
comes of the technological processes employed by the food in-
dustry alone. As a result, we refrain from directly linking
industrial food processing per se to the acceleration of epigenetic
or biological age. Nonetheless, our findings show that the con-
sumption of foods classified under NOVA group 4 (especially
HHB) exhibit an acceleration of this parameter. Considering that
consumption of UPFs is reaching high prevalence all over the
world, especially in USA [152], and given the association be-
tween UPFs intake and the risk of numerous complex pathol-
ogies [40,153-158], these findings underscore the urgent need
for additional research to enable the translation of this evidence
into actionable dietary recommendations for healthy aging.

In conclusion, this study extends previous evidence on diet
and biological aging by showing that dietary patterns and specific
food categories are differentially associated with EAA depending
on the epigenetic clock considered. Among next-generation
clocks, PCGrimAge and DunedinPACE emerged as the most
responsive to dietary variation, with consistent associations
observed for overall diet quality and NOVA4 food intake, partic-
ularly HHB. PCPhenoAge showed weaker and less consistent re-
lationships in this cohort. Importantly, our findings indicate that
LGI, captured by a composite score integrating circulating bio-
markers and blood cell composition, accounts for a substantial
part of the association between diet quality and EAA. However,
mediation analyses also revealed residual direct associations for
selected beneficial food categories, suggesting that inflammatory
pathways alone do not fully explain the link between diet and
EAA. Given the intricate interplay between chronic inflammation
and other hallmarks of aging, which collectively drive cellular
decline [159], targeting chronic inflammation, including through
dietary interventions, holds high translational potential for miti-
gating age-related diseases. While the observational design pre-
cludes causal inference, this work provides a framework for
future longitudinal and interventional studies including multiple
biomarkers of inflammaging aimed at disentangling the biological
pathways through which diet relates to aging and age-related
disease risk.
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