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ABSTRACT

Background: DNA methylation (DNAm) has unique properties which makes it a potential biomarker for lifestyle-related exposures. Epigenetic clocks,
particularly DNAm-based biological age predictors [epigenetic age (EA)], represent an exciting new area of clinical research and deviations of EA from
chronological age [epigenetic age acceleration (EAA)] have been linked to overall health, age-related diseases, and environmental exposures.
Objectives: This observational study investigates the relationships between biological aging and various dietary factors within the LifeLines-DEEP
Cohort. These factors include diet quality, processed food consumption, dietary glycemic load, and intake of vitamins involved in maintaining the
epigenetic homeostasis (vitamins B-9, B-12, B-6, B-2, and C).

Methods: Dietary records collected using food-frequency questionnaires were used to estimate diet quality [LifeLines Diet Score (LLDS)], measure the intake
of unprocessed/ultraprocessed food according to the NOVA food classification system, and the adequacy of the dietary intake of vitamins B-9, B-12, B-2, B-6,
and C. EA using Horvath, Hannum, Levine, and Horvath2 epigenetic clock models and DNAm-predicted telomere length (DNAm-TL) were calculated from
DNAm data in 760 subjects. Associations between dietary factors and EAA were tested, adjusting for sex, energy intake, and body composition.

Results: LLDS was associated with EAA (EAA_Horvath: f: —0.148; P =1 X 1074; EAA Hannum: f: —0.148; P =9 X 1073, EAA Levine: f: —0.174;
P=1 %1075 and EAA Horvath2: B: —0.176; P = 4 x 1076) and DNAm-TL (B: 0.116; P = 0.003). Particularly, EAA was associated with dietary
glycemic load (EAA_Horvath: f: 0.476; P = 9 x 107'%; EAA Hannum: p: 0.565; P = 1 x 10~'3; EAA Levine: p: 0.469; P = 5 x 10 °; EAA -
Horvath2: f: 0.569; P =1 x 10~'3; and DNAmMTL adjusted for age: f: —0.340; P =2 x 1075) and different measures of food processing (NOVA classes
1 and 4). Positive EAA was also associated with inadequate intake of vitamin B-12 (EAA_Horvath: f: —0.167; P = 0.002; EAA Hannum: p: —0.144; P
= 0.007; and EAA_Horvath2: f: —0.126; P = 0.019) and C (EAA_Hannum: p: —0.136; P = 0.010 and EAA Horvath2: f: —0.151; P = 0.005).
Conclusions: Our findings corroborate the hypothesis that nutrition plays a pivotal role in influencing epigenetic homeostasis, especially DNAm, thereby
contributing to individual health trajectories and the pace of aging.
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Introduction and cause noisy transcription, which has been suggested to contribute
to the aging phenotype [6]. Indeed, both environmental exposures [7]
DNA methylation (DNAm) [1,2] is a stable chemical modification and aging [8] have been shown to modulate the cell methylome, and
changes in the DNAm landscape correlate with health trajectories
[9-11]. Owing to its capacity for inheritance during cell replication and
susceptibility to modification by environmental influences, DNAm
emerges as a promising tool to record the past and predict the future
[12,13].

with a central role in cell fate decisions, identity [3], and function in
normal development [4], physiology, and disease [3,5]. DNAm serves as
a responsive and dynamic mechanism allowing cells and organisms to
adapt to environmental stimuli throughout their lifespan. Environmental
stress accumulated over the lifetime may alter the epigenetic landscape
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DNAm-based biological age [epigenetic age (EA)] has been sug-
gested as a useful biomarker of age-related conditions [14], with a
number of models developed to predict lifespan. Epigenetic clocks are
age estimators that are based on combinations of methylation values that
change with age at specific CpGs in the genome. In 2013, Hannum [9]
and Horvath [10] proposed the first epigenetic clocks trained to predict
chronological age from DNAm data. Since then, an updated iteration of
the Horvath clock has been released [15]. The Levine clock estimates
PhenoAge [16], or “phenotypic age,” defined as a function of both
chronological age and a number of clinical biomarkers related to mor-
tality (for example, C reactive protein and blood composition). The de-
viation between predicted DNAm age and chronological age is termed
epigenetic age acceleration (EAA), and found to be a biomarker for aging
and related to overall survival and age-related diseases onset [17-19].

Numerous biological, social, and environmental factors have been
investigated for their relationship to epigenetic age acceleration and
deceleration [20,21]. Among environmental factors, nutrition has been
demonstrated to impact life expectancy [22]. The field of nutriepige-
nomics has revealed that food and nutrients possess the capability of
modulating DNAm patterns [23-25]. This occurs through the alteration
of substrate and cofactor availability and the modulation of epigenetic
enzyme activity [26-28]. Notably, the 1-carbon metabolism (1CM)
plays a pivotal role in this context, with folate (vitamin B-9) serving as
the main substrate of S-adenosyl-methionine, the universal methyl
donor, and other B vitamins (for example, vitamins B-2, B-6, and B-12)
acting as cofactors [29]. It has been proposed that nutrients involved in
the 1CM may impact epigenetic regulations and EA [23,29-34].
Vitamin C can affect DNAm by modulating the activity of 10-11
translocating (TET) enzymes [35,36] and maintaining redox balance
[37], which is tightly related to the epigenetic homeostasis [38].

Several studies indicate an association between epigenetic aging and
specific nutrient intake, such as ®-3 polyunsaturated fatty acids [39], as
well as specific foods like vegetables, fish, and poultry [39,40], but
investigations related to the impact of overall diet quality on EA remain
limited, with few studies addressing this aspect [41-43]. Furthermore,
the effect of ultraprocessed food intake (which has been linked to
various adverse health outcomes [44,45]) on EA has not been studied.

A recent systematic review [46] has summarized the evidence
suggesting the ability of nutrition to affect telomere length (TL). It is
worth noting that all the studies measured TL using PCR-based
methods (which has various limitations [47-50]), and none of them
explored the correlation between diet and TL estimated from DNAm
(DNAmMTL), which has demonstrated higher performance than TL in
correlating with age, mortality, cardiovascular diseases, and even some
dietary parameters [51].

The primary objective of this study is to offer additional insights
into the association between biological aging estimators based on
DNAm (specifically EAA and DNAmTL) and diet quality and con-
sumption of processed foods. As secondary outcomes, this investiga-
tion explores the link between EAA and specific dietary features, such
as the intake of nutrients involved in the 1CM and epigenetic ho-
meostasis and dietary glycemic load.

Methods

Recruitment and samples collection

The study presented here analyzed data from the LifeLines Cohort, a
large prospective cohort and Biobank designed to facilitate FAIR
(findable, accessible, interoperable, and reusable) research on healthy
aging [52]. LifeLines is a multidisciplinary prospective population-based
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cohort study examining in a unique 3-generation design the health and
health-related behaviors of 167,729 persons living in the North of the
Netherlands. It employs a broad range of investigative procedures in
assessing the biomedical, sociodemographic, behavioral, physical, and
psychological factors that contribute to the health and disease of the
general population, with a special focus on multimorbidity and complex
genetics. The LifeLines protocol was approved by the UMCG Medical
ethical committee under number 2007/152. All participants signed an
informed consent form. The work described has been carried out in
accordance with The Code of Ethics of the World Medical Association
(Declaration of Helsinki). Recruitment started with a basal assessment
carried out from 2007 to 2013. Follow-up assessments were conducted
until 2023. Additional information on the LifeLines Cohort can be
found at dedicated website (https://www.lifelines-biobank.com/).

Data on sex, age, dietary habits (see details below), and smoking
and physical activity were obtained from questionnaires. Anthropo-
metric measurements were conducted by well-trained staff at the
LifeLines research facilities. Height (cm) and body weight (kg) were
measured without shoes and heavy clothing. Height was measured
using the SECA 222 stadiometer (Seca GmbH); body weight was
measured using the SECA 761 scale (Seca GmbH). Waist (cm) and hip
circumferences (cm) were measured to calculate the waist-to-hip ratio
(WHR) as an estimator of body composition and predictor of obesity
complications [53,54]. Basal metabolic rate (BMR) [55] was calculated
according to the Schofield equation [56]. Caloric surplus over the basal
metabolic rate (kcal/BMR) has been determined by dividing the daily
caloric intake by the BMR. A subset comprising 1500 participants from
the LifeLines study actively participated in the LifeLines-DEEP Cohort
[57]. For these participants, additional molecular data has been
generated, facilitating a more comprehensive exploration of the asso-
ciation between genetic and phenotypic variation. For this study, the
following inclusion/exclusion criteria were applied. Inclusion criteria
for this study are: available data on chronological age and sex, and
available DNAm data, fasting at baseline assessment. Exclusion
criteria for this study are: diagnosis of cancer (from data collected at
baseline and during 6y follow up); missing information about sex or
age; no fasting at baseline assessment; missing DNAm data. A flow-
chart showing the selection of participants included in the study is
available as Supplemental Figure 1.

Data collection on dietary habits, diet quality estimation,
and processed food intake

Within the LifeLines Cohort Study, data on habitual dietary intake
were collected using the Flower food-frequency questionnaire (FFQ)
[58]. The questionnaire was developed by Wageningen University using
the Dutch FFQTOOL™, in which food items were selected on the basis
of the Dutch National Food Consumption Survey of 1997/1998 [59].
The reference period of the FFQs is 1 mo, assuming that food con-
sumption patterns detected are stable over a longer period of time [60].
The validation of this tool in estimating the habitual dietary intake of
participants, including data on the intake of energy, several macro- and
micronutrients, and food items, has been previously published [58].
Questions pertaining to frequency were completed by selecting answers
ranging from “never” to “6—7 d/wk.” Portion sizes were estimated using
natural portions (for example, slices of bread and pieces of fruit) and
commonly used household measures (for example, cups and spoons).
From data on food consumption obtained with the Flower FFQ, average
daily intake of foods was calculated. Data on food consumption were
also converted into daily energy and nutrient intake using data from the
Dutch food composition database of 2011 [61].
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To generate an index of overall diet quality, the LifeLines Diet
Score (LLDS) was developed [61]. Briefly, FFQ items were catego-
rized into 22 food groups, based on the food-based 2015 Dutch Dietary
Guidelines [62]. This categorization is based on current internationally
available scientific evidence on the relation of foods and dietary pat-
terns with chronic diseases and gone through extensive revision in
meta-analyses [61]. The food groups were categorized as positive,
negative, neutral, or unknown. Nine “positive” groups (vegetables,
fruit, whole grain products, legumes and nuts, fish, oils and soft mar-
garines, unsweetened dairy, coffee, and tea), 1 “neutral” group (eggs), 3
“negative” groups (red and processed meat, butter and hard margarines,
and sugar-sweetened beverages), and 9 “unknown” groups, for which
health evidence is either absent or weak (potatoes, refined grain
products, white unprocessed meat, cheese, savory and ready products,
sugary products, soups, sweetened dairy, and artificially sweetened
products) were defined. The 9 positive and 3 negative food groups were
combined into the LLDS. The LLDS represents relative diet quality,
and takes into account differences in energy intake between in-
dividuals. The intake of the food groups was expressed in grams per
1000 kilocalories (kcal) instead of grams per day. The sum of the
component scores resulted in an LLDS score ranging from 0 to 48,
where higher scores are associated with better diet quality. The reli-
ability of this index have been previously validated [59,61].

In addition, the consumption of processed food was recorded ac-
cording to the NOVA food intake classification [63,64]. NOVA is one
of the most popular systems used to classify foods according to
processing-related criteria [65]. Its purpose is to classify “all foods
according to the nature, extent, and purposes of the industrial processes
they undergo” [66]. According to the NOVA classification, ultra-
processed food is mostly formulated from food substances and in-
dustrial ingredients that undergo a series of chemical and physical
manufacturing processes. The NOVA classification categorizes all food
items into 4 categories: /) unprocessed or minimally processed food
(for example, fresh vegetables/fruits and unprocessed meat), 2) pro-
cessed culinary ingredient (for example, butter/oil for cooking, sugar,
and salt), 3) processed food (for example, canned vegetables/fish and
fruits in syrup), and 4) ultraprocessed food (for example, processed
meat and soft drinks) [63]. The intake energy ratio, which indicates the
energy ratio (g/1000 kcal) of a specific category in the total diet of a
day, was calculated. Also, the proportion (weight ratio) of the intake of
ultraprocessed food to the total weight of food and beverages
consumed per day (g/d) was calculated. The weight ratio of ultra-
processed food intake accounts also for the food that does not provide
energy (for example, artificially sweetened beverages) as well as
non-nutritional factors (for example, additives and by-products during
processing).

The adequacy of vitamin intakes was defined according to the
EFSA dietary reference values (DRVs): vitamin B-9 [population
reference intake (PRI): <330 pg/d]; vitamin B-12 [adequate intake
(AI): 4 pg/d]; intake of vitamin B-2 (PRI: 1.6 mg/d); vitamin B-6 (PRI:
1.6 mg/d), and vitamin C (PRI: 95 mg/d) [67].

Methylation data and epigenetic clock calculation
Genome-wide DNAm data were generated by Bonder et al. [68], as
previously described. Briefly, 500 ng of genomic DNA extracted from
whole blood was bisulfite treated using the EZ DNA Methylation kit
(Zymo Research) and then hybridized to Illumina 450K arrays ac-
cording to the manufacturer’s protocols. The original IDAT files were
generated by the Illumina iScan BeadChip scanner. QC for both probes
and samples was performed as detailed in Bonder et al. [68]. M values
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for 820 samples from the LifeLines-DEEP Cohort have been calculated
for samples that passed QC and have been deposited in the LifeLines
data repository. From this sample set, 4 nonfasting samples and 10
samples missing for phenotypic variables (for example, sex or chro-
nological age) were eliminated from further analysis. Because
methylation patterns are strongly altered in cancer [69], we removed
additional 46 samples that had cancer before or after blood sampling
(data from prospective observations). Thus, 760 samples were used for
the following analyses (Supplemental Figure 1). M values were used to
calculate the epigenetic clocks using the Methylclock package [70]
from Bioconductor [71]. Normalization was performed according to
the BMIQ method, proposed by Teschendorff et al. [72] using Hor-
vath’s robust implementation that consists of an optimal R code
implementation and optimization procedures. This normalization is
recommended by Horvath because it improves the predictions for his
clock. The imputation of missing data was performed by a fast impu-
tation method that imputes missing values by the median of required
CpGs (as recommended in Bohlin et al. [73] and recommended for
large datasets by the Methylclock package developers [70]). The
function DNAmAge computes age in years. The following epigenetic
clocks were used for calculation:

e Horvath’s clock: It uses 353 CpGs described in Horvath [10]. It was trained

using 27K and 450K arrays in human samples from 51 healthy tissues and

cell types.

Hannum’s clock: 1t uses 71 CpGs described in Hannum et al. [9]. It was

trained using 450K arrays in blood samples.

Horvath’s skin+blood clock (Horvath?2): Epigenetic clock for skin and blood

cells. It uses 391 CpGs described in Horvath et al. [15]. It was trained using

450K and EPIC arrays in skin and blood samples.

e Levine’s clock (also known as PhenoAge): It uses 513 CpGs described in
Levine et al. [16]. It was trained using 27K, 450K and EPIC arrays in blood
samples.

EAA was computed both as the difference between DNAm and
chronological ages (EAA) and as the epigenetic age calculated as re-
siduals from regressing predicted epigenetic age on chronological age
(EAA_UR). Results described in the main manuscript rely on EAA.
Results based on EAA UR are shown in supplementary materials.
Individuals with negative EAA are considered to be biologically
younger than their chronological age, and vice versa.

In addition, DNAm-TL was computed according to Lu et al. [S1].
This epigenetic biomarker was developed by regressing measured TL
on blood methylation data from 2256 individuals and then validated in
another large dataset (N = 9345) [51]. Although both DNAm age and
TL were associated with chronological age, they exhibit only weak
correlations with each other after adjusting for age [74-76]. This
suggests that the underlying mechanisms of DNAm aging and TL are
distinct [51].

Statistical analysis

Descriptive statistics to explore the distribution of participants’
dietary patterns, processed food intake (according to NOVA), 1CC
vitamins intake as well as their age, sex, BMI, and WHR was per-
formed. The normality of data distribution was evaluated using the
Kolmogorov—Smirnov test. Parameters with skewed distributions
were appropriately log-transformed before the analyses. Associations
between continuous variables were tested by multivariate linear
regression models by including dietary parameters as independent
variables and different measures of EAA as an outcome. Variance
inflation factor was calculated to check for multicollinearity. All linear
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models meet the assumptions of linearity, independence, homosce-
dasticity, and normality for linear regression. Multivariate logistic
regression was used to test the association between EAA and ade-
quacy of vitamin intakes (as categorical variable, that is, 0: suboptimal
intake; 1: AI). Models were adjusted for covariates as specified in each
single test and displayed in the table describing the results.
Tables show both nominal P values and adjusted P values according to
the Benjamini—-Hochberg procedure to correct for multiple compari-
sons, setting a false discovery rate of 0.05. For missing data on
chronological or biological age, a listwise deletion procedure was
implemented. A pairwise deletion procedure was employed for
missing data regarding other variables. Data analysis and visualization
was performed using R Studio (version 4.2.2) and Statistics for Data
Analysis (SPSS V.28.0.1.1).

Results

Descriptive statistics

We calculated the EA for 760 individuals from the LifeLines-DEEP
Cohort [see Measurements of biological aging (EA, EAA, and
DNAmMTL) section for details]. A total of 42.8% of the subjects were
male and 57.2% were female. The cohort showed a broad age distri-
bution (min = 18; max = 80; mean = 46 + 13; median = 46; IQR =
20; modal = 49 y/o), rendering it a well-suited sample for EA as-
sessments. The average BMI was 25.55 £+ 4.18 (IQR: 4.81) and the
mean WHR was 0.92 + 0.07 (IQR: 0.10). According to BMI values,
1.2% of individuals are underweight, 49.2% are of normal weight,
35.9% are overweight, and 13.7% are obese. This confirms that this
cohort is representative of the European population because WHO
estimates that 59% of adults are living with overweight or obesity, with
more than half of adults in 50 out of 53 Member States in the European
Region living with overweight or obesity [77,78]. Regarding dietary
patterns, the average total energy intake for the entire group was
2024.39 + 678.5 kcal/d. The overall diet quality (LLDS) was nega-
tively correlated with the total energy intake (p = —0.323; P =1 x
10710). Descriptive statistics of diet quality (LLDS), processed food
intake (NOVA classification), and other features of the dietary habits of
the participants are shown in Table 1. LLDS was significantly higher in
females than that in males (M: 23.18 =+ 5.69 compared with F: 26.32 +
5.70; 2-sided ¢ test P = 2.7 x 10_13) and was correlated with chro-
nological age (p = 0.177; P =2 X 1076). Coherently, chronological
age was correlated with the intake of NOVA food group 1 (p = 0.346; P
= 4.9 x 1072%) and group 4 (p = —0.274; P = 4.3 x 10~'%), but not

TABLE 1
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with group 2 (p = 0.055; P = 0.136) and group 3 (p = 0.122; P =04
% 10~%). The intake of NOVA food group 1 (P =2.6 x 10~ %) and 2 (P
=8 x 107°) was higher in females than that in males, whereas no
differences between sex were observed for NOVA food group 3 (P =
0.061) or 4 (P = 0.647). Age was also negatively associated with total
diet glycemic load (p = —0.172; P =2 x 1076).

The intake of vitamins B-9, B-12, B-2, B-6, and C estimated from
the FFQ is shown in Table 2. According to the DRVs for the analyzed
vitamins [67], 86.7% of the subjects had a suboptimal intake of vitamin
B-9 (PRI: <330 pg/d); 58.1% had a suboptimal intake of vitamin B-12
(AL 4pg/d); 71.5% had a suboptimal intake of vitamin B-2 (PRI: 1.6
mg/d); 71.3% had a suboptimal intake of vitamin B-6 (PRI: 1.6 mg/d);
and 46% had a suboptimal intake of vitamin C (PRI: 95 mg/d).

LLDS was positively correlated with the intake of vitamin B-9 (p =
0.233; P=5 x 10~°) and vitamin C (p = 0.292; P = 8 x 10~?) but not
associated with the intake of vitamin B-12 (p = —0.092;P = 0.075),
vitamin B-2 (p = —0.001; P = 0.988) or vitamin B-6 (p = —0.074; P =
0.151).

Measurements of biological aging (EA, EAA, and
DNAmTL)

Descriptive statistics for EA calculated from DNAm with Hor-
vath’s, Hannum’s, Levine’s, and Horvath2 clocks, as well as DNAmTL
are shown in Table 3A. Strong correlations between chronological age
and all assessed epigenetic biomarkers of aging were found (Figure 1).
EAA, measured as the difference between EA and chronological age,
as well as DNAmTL adjusted for age (DNAmMTL adjAge) are shown
in Table 3B. Pairwise correlations between different measures of bio-
logical aging are shown in Supplemental Figure 2. Measures of EAA as
residuals from regression (EEA_UR) and pairwise correlations be-
tween them are shown in Supplemental Table 1 and Supplemental
Figure 3, respectively. Also, correlations between EAA and EAA UR
for the same clock are shown in Supplemental Figure 4.

Overall diet quality (LLDS), total caloric intake, and
measures of biological age (EAA and DNAmMTL_adjAge)
Significant correlations between EAA measurements and LLDS
were detected for all analyzed epigenetic clocks (Figure 2). Because of
the potential role of confounding factors such as sex, body composition,
or energy intake (especially if in excess compared with BMR), we tested
the association between EAA and LLDS in multivariate linear regres-
sion models. Total caloric intake was associated with EAA measure-
ments (except for AA_Levine) adjusting the model for sex and WHR

Descriptive statistics of total energy intake, diet quality (LLDS) and processed food intake (NOVA classification) in the overall population, including both g/1000
keal and g/d classifications. Also, descriptive statistics for glycemic load are shown.

N Min. Max. Mean SD IQR
Total energy intake 742 18.6 7768.02 2024.39 678.5 786.8
LifeLines diet score (LLDS) 728 8.0 40.0 25.0 5.9 8.0
NOVA classification 1: unprocessed or minimally processed food (g/1000 kcal) 731 118.8 1775.1 665.4 260.5 330.3
NOVA classification 2: processed culinary ingredient (g/1000 kcal) 737 0.0 29.5 4.6 5.6 4.8
NOVA classification 3: processed food (g/1000 kcal) 738 0.0 53.0 14.9 9.5 11.0
NOVA classification 4: ultraprocessed food (g/1000 kcal) 737 0.0 837.4 380.1 119.8 135.3
NOVA classification 1: unprocessed or minimally processed food (g/d) 742 238.9 2771.7 1266.7 422.6 527.8
NOVA classification 2: processed culinary ingredient (g/d) 742 0.0 120.4 10.3 14.5 9.9
NOVA classification 3: processed food (g/d) 742 0.0 187.3 304 22.9 24.1
NOVA classification 4: ultraprocessed food (g/d) 742 0.0 3257.1 784.7 3552 421.5
Glycemic load (all food item per day) 742 0.4 411.3 128.1 46.4 54.7

Abbreviations: Max., maximum; Min., minimum; SD, standard deviation.
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TABLE 2

Descriptive statistics of vitamins intake available for the analyzed population.
Vitamin intake N Min. Max. Mean SD
Vitamin B-2 (mg/d) 383 0.041 3.723 1.397 0.483
Vitamin B-6 (mg/d) 383 0.096 3.284 1.431 0.445
Vitamin B-12 (pg/d) 383 0.431 14.158 4.125 2.084
Vitamin B-9 (pg/d) 383 10.2 648.8 250.7 81.7
Vitamin C (mg/d) 383 0.385 428.46 103.34 48.61

Abbreviations: Max., maximum; Min., minimum; SD, standard deviation.

TABLE 3

Descriptive statistics for (A) chronological age, epigenetic age, and DNAmTL
and (B) age acceleration measured as the difference between different
epigenetic clocks and chronological age (EAA) and DNAmTL adjusted for
age.

A N Min. Max. Mean SD

Age of participants (y) 760 18 80 46.1 13.5
Horvath age (y) 760 19.7 69.5 449 9.5

Hannum age (y) 760 325 97.4 57.7 10.4
Levine age (y) 760 20.5 91.3 53.9 11.5
Horvath2 age (y) 760 15.2 66.7 39.7 10.0
DNAmTL 760 7.2 8.5 7.9 0.2

B N Min Max Mean SD
AA_Horvath (y) 760 -213 11.9 -1.2 5.7
AA_Hannum (y) 760 —-8.0 27.4 11.6 5.4
AA_Levine (y) 760 —11.0 24.7 7.9 5.8
AA_Horvath2 (y) 760 —23.0 49 —6.4 4.5
DNAmTL_adjAge 760 —24.6 26.6 -2.6 7.3

Abbreviations: AA, age acceleration; DNAmMTL_adjAge, DNA methylation-
predicted telomere length adjusted for chronological age; Max, maximum;
Min., minimum; SD, standard deviation.

(Table 4). On the contrary, surplus of caloric intake compared with
BMR (kcal/BMR) was not directly linked to EAA (Table 4). To exclude
that the effect of diet on EAA was driven by imbalanced caloric intake
rather than diet quality, we incorporated kcal/BMR as a covariate when
assessing the relationship between EAA and LLDS. Of note, the asso-
ciation between LLDS and all the EAA was significant even adjusting
the model for sex, WHR, and energy surplus (kcal/BMR) (Table 4). This
evidence demonstrates that EAA is more closely associated with diet
quality rather than overnutrition in terms of calories. A significant
correlation with LLDS was also observed for DNAmMTL adjAge (r =
0.143; P = 0.003). Of note, the association remained significant even
after adjusting the model for sex, WHR, and kcal/BMR (Table 4). Partial
correlation plots for multivariate linear regression testing the association
between LLDS and EAA or DNAmMTL adjAge are shown in Supple-
mental Figures 5-9. Results for EAA UR are shown in Supplemental
Figure 10 and Supplemental Table 2.

Intake of processed food (NOVA food groups) and
measures of biological age (EAA and DNAmMTL_adjAge)
Intake (NOVA _energyratio, that is, grams per 1000 kcal of the total
food intake per day) of minimally processed food (NOVA class 1) was
independently and negatively associated with EAA, adjusting the
model for sex, WHR, and overall diet quality (LLDS) (Table 5). No
significant association with EAA and NOVA class 2 and 3 food was
detected after the correction for multiple comparisons (Table 5A),
except for AA Hannum and NOVA class 3. A significant positive
associations was observed between EAA and NOVA class 4 foods (that
is, highly processed food) (Table 5A). The association between EAA
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and NOVA group 1 or 4 remains confirmed even when considering the
intake of NOVA groups measured in grams per kilogram of food per
day (NOVA_weightratio), which accounts for noncaloric food and
beverages (Table 5B).

DNAmTL adjAge was associated with the intake of NOVA food
groups 1 and 4, both in terms of grams per 1000 kcal of the total food
intake (NOVA_energyratio) and grams per kilogram of food per day
(NOVA weightratio) (Table 5). Results for EAA UR are shown in
Supplemental Table 3.

Association between intake of vitamins linked to the
epigenetic homeostasis and biological age (EAA and
DNAmMTL_adjAge)

Associations between EAA and intake of various vitamins involved
in epigenetic regulations (vitamins B-9, B-12, B-2, B-6, and C)
(descriptive statistics in Table 2) were tested. The cohort was divided
into 2 groups on the basis of adequate or inadequate intake of vitamins
according to the EFSA DRVs. Notably, suboptimal intake of vitamin
B-12 (observed in 58.1% of the population) was significantly associ-
ated with increased EAA across the majority of DNAm clocks
(Table 6). We also found a significant association between suboptimal
vitamin C intake (observed in 54% of the cohort) and increased Han-
num and Horvath2 EAA (Table 6). In contrast, no associations between
EAA and inadequate intake of vitamin B-9 (observed in 13.3% of the
cohort), vitamin B-2 (observed in 28.5% of the cohort), or vitamin B-6
(observed in 28.7% of the cohort) were measured (Table 6). Also, no
associations between the adequacy of vitamin intakes and TL estimated
by DNAm were detected (Table 6). Results for EAA_UR are shown in
Supplemental Table 4.

Measurements of biological age (EAA and
DNAmTL_adjAge) and diet glycemic load

The associations between diet glycemic load (from total intake of
food in a day) and EAA measured by different clocks, adjusted for sex,
WHR, overall diet quality (LLDS), and kcal/BMR are shown in
Table 7. Significant positive associations were measured for all DNAm
clocks. Also, dietary glycemic load was negatively associated with
DNAmMTL_adjAge (Table 7). Results for EAA UR are shown in
Supplemental Table 5.

Discussion

Several nutriepigenomic studies have revealed that nutrition in-
fluences and shapes the DNAm landscape [79-85], providing
compelling reasoning to expect possible effects of environmental fac-
tors (diet in particular) on fundamental biological processes, including
aging [23]. Our study reinforces the potential of healthy diets to in-
fluence the (healthy) aging process. Using the LifeLines-DEEP Cohort,
we observed an association between EAA and diet quality estimated by
the LLDS. Of note, we showed that diet quality, rather than caloric
intake (considering the BMR) is associated with EAA in our cohort.
Our findings are in agreement with previous observational studies
using different estimators of diet quality. Kim et al. [42] showed a
correlation between EAA and quartiles of the Dietary Approaches to
Stop Hypertension (DASH) score, which is a diet score targeted to
control hypertension. Kresovic et al. [41] found an association between
EAA and the DASH index, the Healthy Eating Index, and the Alter-
native Mediterranean (aMed) index, in a cohort of non-Hispanic white
females. Confirmation of associations between different dietary



L. Bordoni et al.

Chronological_Age

Horvath_Age Hannum_Age

0.03-
0.02-
0.01-
0.00-

70-

60 -
50-

40-
30-

20-
100~

30-
20-

60 80

40

40 60 80 20 30 40 50 60 70

20

1020

The American Journal of Clinical Nutrition 120 (2024) 1143-1155

Levine_Age Horvath2_Age DNAmMTL

Corr

Corr

0.904 0.969 -0.840

aby|eajBojouciyn

Corr
0.946%**

0.888*** 0.810

8By UjenioH

Corr

0.919

Corr Corr

0.957 0.890***

by wnuueH

Corr

0.921%**

by auine]

8By zuienion

JLWYNG

7.5 8.0 8.5

20 30 40 50 60

60 80

40

FIGURE 1. Pairwise plot showing Pearson’s correlations between chronological age and EA [based on different epigenetic clocks] or DNAmMTL. DNAmTL:

DNA methylation-predicted telomere length; EA, epigenetic age. N = 760.

indexes and EAA in a cohort of post-menopausal females was recently
provided by Reynolds et al. [43].

Of the essential nutrients consumed, vitamins (especially those
involved in the 1CM) show important roles in regulating epigenetic
homeostasis. Changes in DNAm have been associated with higher
intake or increased levels in the blood of folate, vitamins B-2, B-6, or
B-12 [32,86-89]. However, conflicting evidence can be found in
literature [31,90]. Sae-Lee et al. [30] studied the effect of 2 y of daily
supplementation with 400 pg folic acid 4+ 500 pg vitamin B-12 in 44
individuals. In this small sample set, EA estimated by the Horvath
clock did not significantly change following the intervention. However,
differential methylation at the 353 epigenetic clock loci was observed.
In our study, the inadequate intake of vitamin B-12 is associated with
accelerated EA. As a cofactor of the methionine synthase, vitamin B-12
plays a central role in the ICM [91], and vitamin B-12 deficiency is not
uncommon in human diets [92,93]. The risk is particularly high in
vegans [94], but also in any other diet with low intakes of
animal-sourced foods as well as in many less-industrialized countries
[95]. Malabsorption can also lead to vitamin B-12 deficiency. In
addition, we measured a significant association between EAA and
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inadequate dietary intake of vitamin C. This finding reinforces the
well-established correlation between redox balance, epigenomics, and
healthy aging. In addition to its role as an antioxidant, vitamin C also
plays an important role for Fe?t+
dioxygenases [96]. This class of enzyme includes the Jumonji-C
domain-containing histone demethylases and the TET family of
DNA hydroxylases. Thus, vitamin C can contribute to the regulation of
both histones and DNA (de)methylation, having a direct impact on the
epigenetic homeostasis both in health and disease [97,98]. Our findings
support the hypothesis that Al of vitamin B-12 and C contributes to the
maintenance of epigenetic homeostasis and healthy aging.
Additionally, an independent association between EAA and the
consumption of foods with varying degrees of processing was identi-
fied in our cohort. Specifically, a higher intake of ultraprocessed foods
(NOVA group 4) was linked to EAA, whereas a higher intake of raw
foods (NOVA group 1) was associated with a decelerated EA. This
latter finding is particularly intriguing, considering that NOVA food
group 1 is rich in vitamins and bioactive molecules that may promote
health, potentially through the regulation of epigenetic homeostasis.
Despite the established association between the consumption of

and a-ketoglutarate-dependent
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FIGURE 2. Pearson’s correlations between EAA measured by different clocks (A and B) and diet quality measured according to the LLDS. N = 728. EAA,

epigenetic age acceleration; LLDS, LifeLines Diet Score.

TABLE 4

Multivariate linear regression describing associations between EAA measured by different clocks, total kcal intake, and LLDS.
Outcome Predictor Covariates N Adj R P value of  VIF B CI (95%) p P FDR-adj P

squared  the model

AA_Horvath keal Sex, WHR 742 0.077 2x 107 1.177  0.001 0.001, 0.002 0.139 3x 1074 7x107*
AA_Hannum keal Sex, WHR 742 0.096 6x 1077 1.177  0.001 0.000, 0.001 0.113 0.003 0.007
AA_Levine keal Sex, WHR 742 0.015 0.003 1.177  0.001 0.000, 0.001 0.069 0.083 0.129
AA_Horvath2 keal Sex, WHR 742 0.088 3x 107 1177 0.001 0.001, 0.001 0.153 6x107° 1x107*
DNAmTL adjAge  kcal Sex, WHR 742 0.041 2x1077 1177 —0.001 —0.001, 0.000 —0.057  0.147 0.220
AA_Horvath keal/BMR  Sex, WHR 742 0.062 8x 107" 1.010 0.501 —0.472, 1.474 0.036 0312 0.410
AA_Hannum keal/BMR  Sex, WHR 742 0.090 6x 107"  1.010 0275 —0.634, 1.183 0.021 0.553 0.648
AA_Levine kealBMR  Sex, WHR 742 0.015 0.011 1.010  —0256 —1.287,0.776 —0.018  0.627 0.691
AA_Horvath2 kcal/BMR  Sex, WHR 742 0.074 3x 10712 1.010 0493 —0.274, 1.259 0.045 0.207 0.292
DNAmTL adjAge kca/BMR  Sex, WHR 742 0.039 5% 1077 1.010 0.176 —1.106, 1.1459  0.010 0.787 0.831
AA_Horvath LLDS Sex, WHR, kca/BMR 728  0.081 3x 1073 1161 —0.140 —0212, —0.069 —0.148 1x107* 2x107*
AA_Hannum LLDS Sex, WHR, kcallBMR 728  0.106 1x107"7 1161 —0.133 —0.199, —0.066 —0.148 9 x 107> 3 x10°*
AA_Levine LLDS Sex, WHR, kca/BMR 728  0.036 4x107° 1161 —0.170 —0245,-0.095 —0.174 1x107° 3 x10~°
AA_Horvath2 LLDS Sex, WHR, kca/BMR 728  0.097 4x107% 1161 —0.132 —0.187,-0.076 —0.176 4x107° 2x107™*
DNAmTL adjAge LLDS Sex, WHR, kca/BMR 728  0.049 4x107% 1161 0143 0.238, 0.049 0.116 0.003 0.006

Abbreviations: AA, age acceleration; Adj, adjusted; BMR, basal metabolic rate; CI, confidence intervals (lower bound, upper bound); DNAmTL _adjAge, DNA
methylation-predicted telomere length adjusted for chronological age; FDR-adj, false discovery rate adjusted; LLDS, LifeLines diet score; VIF, variance inflation

factor; WHR, waist-to-hip ratio.

ultraprocessed food and the risk of numerous complex pathologies
[99], the current challenge lies in defining the concept of ultraprocessed
food when assessing its impact on health [100]. The deleterious effects
of ultraprocessed food consumption on health can likely be ascribed to
the increased presence of harmful components prevalent in foods
categorized as ultraprocessed, such as excessive calories, sugars, and
saturated fats, among others.

Additionally, diet quality was associated with TL predicted by
DNAm (DNAmMTL adjAge), adjusting the model for sex, body
composition, and energy surplus. DNAmMTL was also linked to the
intake of NOVA food groups 1 and 4. These findings point out a

significant association between diet and TL, in line with evidence from
other studies [46], even where TL is estimated from DNAm data, and
not by PCR-based methods.

Lastly, we observed a significant association between total glycemic
load and both EAA and DNAmMTL. Although the total intake of car-
bohydrates may not necessarily indicate an unhealthy diet, it is widely
recognized that a high dietary glycemic load can contribute to the onset
of insulin resistance, resulting in unfavorable long-term health conse-
quences [101]. Our results provide further evidence for this hypothesis,
indicating that a high dietary glycemic load may contribute to the ac-
celeration of aging biomarkers.

1149



0STI

TABLE 5
Multivariate linear regression models describing associations between measures of biological age acceleration (that is, EAA and DNAmTL_adjAge) and intake of NOVA food groups (1-4) expressed as (A) g/1000
kcal of the total food intake per day (NOVA_energyratio) or (B) g/kg of food per day (NOVA_weightratio).

A Outcome Predictor Covariates N Adj R P value of VIF B CI (95%) [§} P FDR-adj P
squared the model

AA_Horvath NOVA_energyratio_1 Sex, WHR, LLDS 727 0.175 6 x 1073 1.857 —0.474 —0.575, —0.374 —0.426 2% 107" 1x 107"
AA_Hannum NOVA_energyratio_1 Sex, WHR, LLDS 727 0.178 2x107%° 1.857 —0.391 —0.486, —0.296 —0.37 3x 1078 7 x 1071
AA_Levine NOVA_energyratio_1 Sex, WHR, LLDS 727 0.075 2x 10712 1.857 —0.327 —0.437, —0.217 —0.284 8 x107° 5x10°°
AA_SkinHorvath NOVA_energyratio_1 Sex, WHR, LLDS 727 0.18 8 x 107! 1.857 —0.351 —0.430, —0.272 —0.399 2 x 107" 7 x 107'°
DNAmTL_adjAge NOVA_energyratio_1 Sex, WHR, LLDS 727 0.091 6x 107" 1.857 0.422 0.284, 0.559 0.290 3x107° 2x 1078
AA_Horvath NOVA_energyratio_2 Sex, WHR, LLDS 722 0.088 2% 1071 1.049 —0.358 —0.711, —0.004 —0.072 0.047 0.080
AA_Hannum NOVA_energyratio_2 Sex, WHR, LLDS 722 0.108 9 x 10718 1.049 —0.05 —0.381, 0.281 —0.011 0.766 0.820
AA_Levine NOVA_energyratio_2 Sex, WHR, LLDS 722 0.034 9% 10°° 1.049 —0.076 —0.451, 0.300 —0.015 0.693 0.753
AA_Horvath2 NOVA_energyratio_2 Sex, WHR, LLDS 722 0.104 4x 1077 1.049 —0.277 —0.554, 0.000 —-0.071 0.05 0.083
DNAmTL_adjAge NOVA_energyratio_2 Sex, WHR, LLDS 722 0.048 6x107° 1.049 0.040 —0.431, 0.511 0.006 0.866 0.877
AA_Horvath NOVA_energyratio_3 Sex, WHR, LLDS 727 0.08 4x1078 1.035 —0.092 —0.419, 0.234 —0.02 0.579 0.668
AA_Hannum NOVA_energyratio_3 Sex, WHR, LLDS 727 0.155 4x107" 1.035 —0.451 —0.754, —0.148 —0.104 0.004 0.008
AA_Levine NOVA_energyratio_3 Sex, WHR, LLDS 727 0.033 1x10°° 1.035 —0.041 —0.386, 0.304 —0.009 0.816 0.85
AA_Horvath2 NOVA_energyratio_3 Sex, WHR, LLDS 727 0.101 9 x 107" 1.035 —0.227 —0.532, —0.023 —0.077 0.033 0.061
DNAmTL_adjAge NOVA_energyratio 3 Sex, WHR, LLDS 727 0.048 5% 1078 1.035 0.275 —0.157, 0.707 0.046 0.212 0.294
AA_Horvath NOVA_energyratio_4 Sex, WHR, LLDS 723 0.105 3% 107" 1.174 0.334 0.185, 0.484 0.167 1x107° 3%x107°
AA_Hannum NOVA_energyratio_4 Sex, WHR, LLDS 723 0.131 7 x 1072 1.174 0.319 0.180, 0.458 0.169 8 x107° 3% 1077
AA_Levine NOVA_energyratio_4 Sex, WHR, LLDS 723 0.054 8 x107° 1.174 0.311 0.152, 0.469 0.151 1x107* 2x107*
AA_Horvath2 NOVA_energyratio_4 Sex, WHR, LLDS 723 0.128 3% 1072 1.174 0.298 0.182, 0.415 0.189 7 %1077 3% 107°
DNAmMTL adjAge NOVA_energyratio_4 Sex, WHR, LLDS 723 0.066 8 x 1071 1.174 —0.396 —0.594, —0.197 —0.153 9 x107° 2% 107

B Outcome Predictor Covariates N Adj R P value of VIF B CI (95%) B P FDR-adj P

squared the model

DNAmMTL _adjAge NOVA_energyratio_4 Sex, WHR, LLDS 723 0.066 8 x 107! 1.174 —0.396 —0.594, —0.197 —0.153 9 x107° 2% 107
AA_Horvath NOVA_weightratio_1 Sex, WHR, LLDS 728 0.127 2% 1072 1.301 —-0.232 —0.305, —0.159 —0.247 7% 10710 8 x 1077
AA_Hannum NOVA_weightratio_1 Sex, WHR, LLDS 728 0.134 1x10°° 1.301 —0.17 —0.239, —0.102 —0.192 1x10°° 4x107°
AA_Levine NOVA_weightratio_1 Sex, WHR, LLDS 728 0.061 4x1071° 1.301 -0.183 —0.260, —0.105 —0.189 5% 107° 2% 1073
AA_Horvath2 NOVA_weightratio_1 Sex, WHR, LLDS 728 0.134 1x 1072 1.301 —0.152 —0.209, —0.094 —0.205 3x 1077 2x107°
DNAmTL_adjAge NOVA_weightratio_1 Sex, WHR, LLDS 728 0.079 5% 1071 1.301 0.248 0.151, 0.346 0.204 7% 1077 3x107°
AA_Horvath NOVA_weightratio_4 Sex, WHR, LLDS 726 0.117 2x 107" 1.441 0.228 0.145, 0.310 0.227 8 x 107" 5% 1077
AA_Hannum NOVA_weightratio_4 Sex, WHR, LLDS 726 0.135 1x107% 1.441 0.194 0.117, 0.271 0.205 9 x 1077 4x10°°
AA_Levine NOVA_weightratio_4 Sex, WHR, LLDS 726 0.048 5% 1078 1.441 0.152 0.064, 0.240 0.148 7x107* 0.001
AA_Horvath2 NOVA_weightratio_4 Sex, WHR, LLDS 726 0.141 1x10°% 1.441 0.198 0.134, 0.262 0.251 2%x107° 1x10°8
DNAmTL_adjAge NOVA_weightratio_4 Sex, WHR, LLDS 726 0.062 4x1071° 1.441 —-0.193 —0.303, —0.083 —0.149 7x107* 0.002

Abbreviations: AA, age acceleration; Adj, adjusted; BMR, basal metabolic rate; CI, confidence intervals (lower bound, upper bound); DNAmMTL_adjAge, DNA methylation-predicted telomere length adjusted for
chronological age; FDR-adj, false discovery rate adjusted; LLDS: LifeLines diet score; VIF, variance inflation factor; WHR, waist-to-hip ratio.
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TABLE 6

The American Journal of Clinical Nutrition 120 (2024) 1143-1155

Multivariate linear regression models describing associations between EAA and adequacy of vitamin intakes according to the EFSA dietary reference values
(DRVs) for the analyzed vitamins: B-9 [population reference intake (PRI): <330 pg/d]; B-12 [adequate intake (Al): 4 pg/d]; intake of vitamin B-2 (PRI: 1.6 mg/d);

vitamin B-6 (PRIL: 1.6 mg/d); and vitamin C (PRI: 95 mg/d); N = 375.

Outcome Predictor Covariates Adj R P value of VIF B CI (95%) 8 P FDR-adj P
squared the model
AA_Horvath Vitamin B-9 Sex, LLDS, kcal 0.039 8 x 107 1.338 0.639 —1.165, 2.442 0.041 0.487 0.589
AA_Hannum Vitamin B-9 Sex, LLDS, kcal 0.083 3% 1077 1.338 —1.181 —2.912, 0.550 —0.077 0.181 0.266
AA_Levine Vitamin B-9 Sex, LLDS, kcal 0.012 0.079 1.338 —0.041 —2.042, 1.960 —0.002 0.969 0.969
AA_Horvath2 Vitamin B-9 Sex, LLDS, kcal 0.069 3%x107° 1.338 0.382 —1.048, 1.812 0.030 0.600 0.671
DNAmTL_adjAge Vitamin B-9 Sex, LLDS, kcal 0.048 2x107* 1.338 2.270 —0.131, 4.679 0.188 0.065 0.105
AA_Horvath Vitamin B-12 Sex, LLDS, kcal 0.063 1x107° 1.137 -1.809 -2.945, -0.672 -0.167 0.002 0.004
AA_Hannum Vitamin B-12 Sex, LLDS, kcal 0.096 2x 1078 1.137 —1.530 —2.631, —0.430 —0.144 0.007 0.014
AA Levine Vitamin B-12 Sex, LLDS, kcal 0.023 0.012 1.137 —1.373 —2.645, —0.102 —0.116 0.034 0.062
AA_Horvath2 Vitamin B-12 Sex, LLDS, kcal 0.072 2x107° 1.137 —1.088 —1.994, —0.182 —0.126 0.019 0.036
DNAmTL_adjAge Vitamin B-12 Sex, LLDS, kcal 0.042 5% 107 1.137 0.971 —0.575, 2.517 0.067 0.218 0.297
AA_Horvath Vitamin B-2 Sex, LLDS, kcal 0.049 2x107* 1.322 —1.378 —2.725, —0.031 —0.117 0.045 0.078
AA_Hannum Vitamin B-2 Sex, LLDS, kcal 0.085 2x 1077 1.322 —1.068 —2.365, 0.230 —0.092 0.106 0.162
AA_Levine Vitamin B-2 Sex, LLDS, kcal 0.014 0.058 1.322 —0.664 —2.164, 0.836 —0.051 0.384 0.488
AA_Horvath2 Vitamin B-2 Sex, LLDS, kcal 0.066 6 x107° 1.322 —1.000 —2.069, 0.069 —0.106 0.067 0.106
DNAmTL_adjAge Vitamin B-2 Sex, LLDS, kcal 0.040 7x107* 1.322 0.717 —1.097, 2.532 0.045 0.437 0.546
AA_Horvath Vitamin B-6 Sex, LLDS, kcal 0.041 8 x 107* 1.400 0.668 —0.720, 2.056 0.057 0.345 0.446
AA_Hannum Vitamin B-6 Sex, LLDS, kcal 0.078 7% 1077 1.400 0.115 —1.221, 1.451 0.010 0.866 0.877
AA_Levine Vitamin B-6 Sex, LLDS, kcal 0.013 0.064 1.400 0.561 —0.979, 2.101 0.044 0.474 0.582
AA_Horvath2 Vitamin B-6 Sex, LLDS, kcal 0.059 3%x107° 1.400 0.298 —0.803, 1.400 0.032 0.595 0.671
DNAmTL_adjAge Vitamin B-6 Sex, LLDS, kcal 0.040 8 x 107 1.400 0.575 —1.288,2.432 0.036 0.544 0.647
AA_Horvath Vitamin C Sex, LLDS, kcal 0.049 1x107* 1.153 —1.191 —2.339, —0.043 —0.110 0.042 0.075
AA_Hannum Vitamin C Sex, LLDS, kcal 0.095 3x 1078 1.153 —1.441 —2.541, —0.341 —0.136 0.010 0.019
AA_Levine Vitamin C Sex, LLDS, kcal 0.016 0.040 1.153 —0.829 —2.107, 0.448 -0.070 0.202 0.291
AA_Horvath2 Vitamin C Sex, LLDS, kcal 0.078 7 %1077 1.153 —1.304 —2.210, —0.398 —0.151 0.005 0.010
DNAmTL_adjAge Vitamin C Sex, LLDS, kcal 0052 5x 107 1.153 0.912 —0.633, 2.457 0.063 0.246 0.329

Abbreviations: AA, age acceleration; Adj, adjusted; CI, confidence intervals (lower bound, upper bound); FDR-adj, false discovery rate adjusted; LLDS:

LifeLines diet score; VIF, variance inflation factor.

TABLE 7
Multivariate linear regression models describing associations between measures of biological aging and total glycemic load (total intake of food in a day); N =
728.
Outcome Predictor Covariates Adj R P value of  VIF B CI (95%) B P FDR-adj P
squared  the model
AA_Horvath Total glycemic ~ Sex, WHR, LLDS,  0.107 4x 107" 4899  0.057 0.039, 0.075 0.476 9x 107" 1x107?
load kcal/BMR
AA_Hannum Total glycemic ~ Sex, WHR, LLDS,  0.150 7x 1072 4899  0.064 0.047, 0.081 0.565 I1x107%  1x107"?
load kcal/BMR
AA_Levine Total glycemic ~ Sex, WHR, LLDS,  0.055 3x107° 43899  0.058 0.039, 0.077 0.469 5x107° 4x1078
load kcal/BMR
AA_Horvath2 Total glycemic ~ Sex, WHR, LLDS,  0.140 4x1072 4899  0.054 0.040, 0.068 0.569 1x107%  1x10712
load kcal/BMR
DNAmTL_adjAge  Total glycemic ~ Sex, WHR, LLDS,  0.061 3x 1071 4899 0053 —0.077, —0.029 0340 2x10°  6x107°
load kcal/BMR

Abbreviations: AA, age acceleration; Adj, adjusted; BMR, basal metabolic rate; CI, confidence intervals (lower bound, upper bound); DNAmMTL adjAge, DNA
methylation-predicted telomere length adjusted for chronological age; FDR-adj, false discovery rate adjusted; LLDS, LifeLines Diet Score; VIF, variance inflation

factor; WHR, waist-to-hip ratio.

In conclusion, it is becoming evident that loss of epigenetic homeo-
stasis and altered epigenetic signatures can contribute to aging. Novel
approaches to reverse these changes can improve health in experimental
animal models [102]. The use of epigenetic clocks to identify strategies to
slow down the aging process is met with enthusiasm [11,103]. However,
the specific biological mechanisms linked to the alterations of DNAm
remain limited, despite some initial attempts [104]. Currently the sensi-
tivity of the epigenetic clocks is unclear. We observed differences related
to the EAA between different epigenetic clocks. It remains to be verified
how sensitive these epigenetic clocks are to small interventions. Given
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the high stability and faithful maintenance of DNAm patterns, we expect
that long-term exposure is more likely to be measured than those of recent
exposures, but this requires further investigations. Recent interventional
studies have indicated that diet can have causal effects on epigenetic age
acceleration/deceleration [105,106]. Caloric restriction, in particular, has
been shown to affect EAA [107]. However, some findings associating
dietary changes with EA reversal are based on few individuals and
short-term interventions [108,109].

Limitations: Because of the observational nature of this study,
causality on the effects of diet on EAA cannot be demonstrated. Dietary
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intake measured by FFQ has drawbacks in terms of reliability [110].
The associations between EAA and vitamin intakes has been validated
in a reduced number of samples. Future studies using accurate bio-
markers of food intake will help to verify the associations with EAA.
Because environmental factors related to EAA are numerous, we
decided to adjust the analysis only for covariates that are tightly related
to dietary habits (that is, body composition and caloric intake over
BMR). Further studies addressing the role of the cumulative effect of
the exposome on EAA should also consider other environmental fac-
tors that might contribute to the EAA (that is, smoking, physical ac-
tivity, and drugs). Finally, the association between diet features and
EAA are limited in their effect size. Because it is not clear if these may
have clinical implications, results should be interpreted with caution
and additional confirmatory studies are essential before considering
their translation into clinical practice.

Despite these limitations, our study emphasizes the value of epige-
netic clocks in human nutrition research as a cutting-edge tool capable
of revealing novel associations and assisting in the assessment of the
effectiveness of nutritional interventions. It may develop into an early
biological sensor capable of capturing diverse pathways [111-113] and
allowing us to monitor the influence of lifestyle (including dietary
habits) on human health. This holds the potential to anticipate unfa-
vorable outcomes of lifestyle, including accelerated aging and chronic
diseases. Our findings corroborate the hypothesis that overall diet
quality (rather than specific food items) has a central role in shaping
human health and that its impact can be traced by using molecular
biomarkers. Further interventional studies aimed at validating this hy-
pothesis and elucidating which dietary interventions can actively
decelerate the epigenetic clock are warranted. These studies will help to
translate findings into effective dietary guidelines that may effectively
promote health and prevent nutrition-related complex diseases.
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