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Multiomics insights into eating timepatterns
and cardiovascular risk among Chinese
children

Qin Liu1,7, Jingyu Chen1, Xizhou An1, Lanling Chen1, Bo Bai2, Lijing Chen1,
Daochao Huang1, Jun Ma3, Lun Xiao4, Shuanggui Yuan5, Jianxin Li 6 &
Xiaohua Liang 1,7

As the prevalence of cardiovascular risk factors in children continues to rise
globally, identifying modifiable lifestyle factors becomes increasingly impor-
tant for early prevention. Here, using data from a large-scale cohort
(2021–2024) involving 7459 Chinese children from three provinces, we
examine the association between eating timing patterns and multiple cardio-
vascular parameters. Participants are classified into three eating patterns:
extended eating window (duration more than 12.5 hours), late eating window
(duration 12.5 hours or less with last meal after 20:00), and early eating win-
dow (duration 12.5 hours or less with lastmeal at or before 20:00). Early eating
window is associated with a 26% lower risk of elevated blood pressure (odds
ratio: 0.74, 95% confidence interval: 0.65–0.84, p < 0.001) compared to
extended eating window.We conduct a nested case-control study (n = 51) with
comprehensive lipidomic and proteomic analyses. Proteomics identifies 83
differentially expressed proteins, with enrichment in cardiac muscle contrac-
tion and lipid metabolism pathways. Mediation analysis demonstrates that
triacylglycerolsmediate 64.8%of the effect between eating patterns andblood
pressure. Our findings suggest associations between early eating windows and
protective cardiovascular parameters in children, potentially mediated
through lipid metabolism pathways.

Cardiovascular diseases (CVDs) remain the leading cause of global
mortality, with their pathophysiological foundations often established
during childhood and adolescence1,2. The alarming rise in cardiovas-
cular risk factors among youth worldwide represents a critical public
health challenge requiring innovative preventive approaches beyond
traditional interventions3. While nutritional research has historically

emphasized dietary composition, emerging evidence suggests that the
temporal patternof energy intake—specificallywhenwe eat—maybe as
important as what we eat for cardiometabolic health4,5.

This temporal dimension of nutrition aligns with our expanding
understanding of circadian biology—the intricate system of molecular
clocks that orchestrates physiological processes, including vascular
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tone, cardiac contractility, glucose homeostasis, and lipid
metabolism5. These endogenous circadian rhythms are synchronized
by both photic cues (light exposure) and non-photic zeitgebers, par-
ticularly feeding patterns, creating an intricate bidirectional relation-
ship between meal timing and cardiometabolic function6–8. Time-
restricted eating (TRE), the practice of limiting food intake to specific
daily time windows without necessarily restricting calories, has
emerged as a promising strategy for improving cardiovascular health
in adults9–11. Compelling evidence from clinical investigations demon-
strates that later last meal timing is consistently linked with elevated
blood pressure (BP), obesity, and adverse lipid profiles12. Building on
thesefindings, recent studies have revealed that restricting food intake
to earlier parts of the day confers enhanced cardiometabolic benefits
compared to later time-restricted eating patterns5,13,14, suggesting that
both the duration and timing of eating are critical determinants of
cardiovascular health.

Despite this robust evidence in adults, research examining meal
timing patterns and cardiovascular health in pediatric populations
remains notably limited. This research deficit is particularly significant
in light of the global shift in youth eating patterns, which increasingly
feature extended grazing behaviors and progressively delayed last
meal timing15,16. These temporal shifts in energy intake are occurring
during a pivotal developmental window when vascular structure,
autonomic regulation, and metabolic programming are being estab-
lished, potentially creating a compounding effect with dietary com-
position that may influence cardiovascular health trajectories
throughout the lifespan17. Furthermore,while adult studies have begun
to identify candidate molecular pathways underlying the cardiovas-
cular effects of eating timing18, the specific mechanisms by which
eating timing characteristics influence cardiovascular health in devel-
oping children remain largely unexplored, limiting our ability to
develop targeted preventive strategies for this vulnerable population.

This study aims to investigate the relationships between eating
timing characteristics and comprehensive cardiovascular parameters

Table 1 | Baseline characteristics of participants by sex

Characteristics N Boys
(n=3848)

Girls
(n = 3611)

P value

Age, mean (SD), year 7459 10.8 (2.3) 10.8 (2.4) 0.71

Height, mean (SD), cm 7459 142.9 (14.8) 141.8 (13.5) 0.11

Body mass index, mean
(SD), kg/m2

7459 18.2 (3.6) 17.9 (3.5) <0.01

Waist-to-height ratio,
mean (SD)

7459 0.4 (0.1) 0.4 (0.0) <0.01

SBP, mean (SD), mmHg 7459 102.7 (11.9) 100.5
(10.3)

<0.01

DBP, mean (SD), mmHg 7459 60.7 (8.1) 61.3 (7.7) <0.01

TC, mean (SD), mmol/L 1498 4.3 (0.8) 4.2 (0.8) 0.78

HDL-C, mean (SD),
mmol/L

1498 1.5 (0.3) 1.4 (0.3) <0.01

LDL-C,mean (SD),mmol/L 1498 2.5 (0.7) 2.5 (0.7) 0.40

TG, mean (SD), mmol/L 1498 1.1 (0.6) 1.1 (0.6) <0.01

Glucose, mean (SD),
mmol/L

1498 4.9 (0.7) 4.7 (0.7) <0.01

Right baPWV, mean (SD),
cm/s

1641 978.8
(246.7)

959.9
(199.2)

0.15

Left baPWV, mean (SD),
cm/s

1641 972.1 (256.2) 961.6
(231.1)

0.53

Right cIMT, mean
(SD), mm

990 0.49 (0.06) 0.48
(0.06)

0.05

Left cIMT, mean (SD), mm 990 0.49 (0.06) 0.48
(0.07)

0.01

LVDd, mean (SD), mm 990 40.8 (4.3) 39.7 (4.0) <0.01

LVDs, mean (SD), mm 990 24.5 (3.1) 24.0 (3.1) 0.03

EF, mean (SD),% 990 70.3 (5.7) 70.3 (4.6) 0.24

FS, mean (SD),% 990 39.9 (4.6) 39.3 (3.9) 0.05

Daily PA, mean (SD),
MET-hour

6595 2.3 (1.0) 1.9 (0.8) <0.01

Daily energy intake, mean
(SD), kcal

6595 1583.4
(431.2)

1548.8
(413.7)

<0.01

Daily protein energy ratio,
mean (SD), %

6595 19.4 (8.4) 19.7 (8.9) 0.64

CHEI score, mean (SD) 6595 36.6 (8.2) 36.2 (8.1) 0.02

Urban, n (%) 7459 2434 (63.3) 2154 (59.7) <0.01

Hypertension family his-
tory, n (%)

6951 424 (11.9) 397 (11.7) 0.88

Parental marital status,
n (%)

7359 0.01

Married 3278 (86.4) 3050
(85.6)

Divorce 327 (8.6) 280 (7.9)

Other 190 (5.0) 234 (6.6)

Father’s education, n (%) 7235 0.24

Junior high school
and below

1710 (45.8) 1671 (47.7)

High school/Vocational
high school

876 (23.5) 815 (23.3)

College/Undergraduate
and above

1144 (30.7) 1019 (29.1)

Mother’s education, n (%) 7235 0.03

Junior high school
and below

1724 (46.2) 1729 (49.3)

High school/Vocational
high school

959 (25.7) 852 (24.3)

College/Undergraduate
and above

1047 (28.1) 924 (26.4)

Father’s occupation, n (%) 7166 0.16

Workers/Migrant worker 1234 (33.6) 1160 (33.2)

Table 1 (continued) | Baseline characteristics of participants
by sex

Characteristics N Boys
(n=3848)

Girls
(n = 3611)

P value

Farmer 340 (9.3) 379 (10.9)

Management/Soldier/
Technician

820 (22.3) 754 (21.6)

Other 1280 (34.8) 1199 (34.3)

Mather’s occupation, n (%) 7167 0.57

Workers/Migrant worker 801 (21.8) 735 (21.0)

Farmer 411 (11.2) 404 (11.6)

Management/Soldier/
Technician

532 (14.5) 477 (13.7)

Other 1931 (52.5) 1876 (53.7)

Annual household
income, n (%)

6855 0.02

<50,000 Yuan 1518 (43.1) 1559
(46.8)

50,000 ~ 100,000 Yuan 787 (22.3) 694 (20.8)

100,000 ~ 150,000 Yuan 449 (12.7) 403 (12.1)

>150,000 Yuan 768 (21.8) 677 (20.3)

N is the number of participants with non-missing value.
SD standard deviation, SBP systolic blood pressure, DBP diastolic blood pressure, cIMT carotid
intima-media thickness, baPWV brachial-ankle pulse wave velocity, LVDd left ventricular dia-
meter in diastole, LVDs left ventricular diameter in systole, EF ejection fraction, FS fractional
shortening, TC total cholesterol, LDL-C low-density lipoprotein cholesterol,HDL-C high-density
lipoprotein cholesterol, TG triglycerides,METmetabolic equivalent, PA physical activities, CHEI
Chinese healthy eating index. Statistical analysis: Continuous variables were compared using
two-sided Student’s t-test; categorical variables were compared using chi-square test. P values
are shown for sex comparisons.
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in a large cohort of children and adolescents. By integrating detailed
cardiovascular assessments with lipidomics and proteomics analyses,
we seek to elucidate the molecular mechanisms underlying these
relationships. This integrative approachmay provide insights into how
eating patterns are associated with cardiovascular health during cri-
tical developmental periods, potentially informing evidence-based
recommendations for early cardiovascular risk prevention through
optimized meal timing strategies.

Results
Baseline characteristics and study population
Among the 7459 participants (3848boys and 3611 girls), significant sex
differences were observed in anthropometric and cardiovascular
parameters (Table 1). Boys demonstrated higher body mass index

(BMI) (18.2 ± 3.6 vs 17.9 ± 3.5 kg/m², P <0.01), waist-to-height ratio
(WHtR) (0.4 ± 0.1 vs 0.4 ± 0.0, P < 0.01), systolic BP (SBP, 102.7 ± 11.9 vs
100.5 ± 10.3mmHg, P <0.01), higher daily physical activity levels
(2.3 ± 1.0 vs 1.9 ± 0.8 metabolic equivalent (MET)-hours, P <0.01), and
daily energy intake (1583.4 ± 431.2 vs 1548.8 ± 413.7 kcal, P <0.01).
Cardiovascular parameters showed that boys had marginally higher
carotid intima-media thickness (CIMT) bilaterally (right: 0.49 ±0.06 vs
0.48 ±0.06mm, P <0.05; left: 0.49 ± 0.06 vs 0.48 ±0.07mm, P < 0.05)
and larger cardiac dimensions.

Associations between eating window and last meal timing with
cardiovascular parameters
After comprehensive covariate adjustment, participants with longer
eating windows showed significantly adverse cardiovascular

Fig. 1 | Associations between eating timing patterns and elevated blood pres-
sure. a Restricted cubic spline analysis showing the non-linear relationships
between eating window (left) or last meal time (right) and hypertension risk. His-
tograms show the distribution of exposures. Solid red lines indicate odds ratios
(ORs); dashed lines represent 95% confidence intervals (CIs). P10, P50 and P90
represent the 10th, 50th and 90th percentiles, respectively. Statistical analysis was
performed using restricted cubic spline analysis with mixed-effects logistic
regression (two-sided). b Forest plot of hypertension risk stratified by eating pat-
terns. Results are presented as ORs and 95% CIs. Eating timing patterns were
categorized as: Extended EW (eating window >12.5 h), Late EW (eating window

≤12.5 h with last meal after 20:00), and Early EW (eating window ≤12.5 h with last
meal no later than 20:00). The Extended EW group served as the reference. All
models were adjusted for sex, age, height Z-score, waist-to-height ratio, area of
residence, physical activity, total caloric intake, macronutrient composition, diet-
ary quality score, parental education, parental occupation, annual household
income, parental marital status, and family history of hypertension. Results are
presented as odds ratios and 95% confidence intervals, where the odds ratio
represents the point estimate and the confidence interval bars represent the
uncertainty range. Statistical analysis was performed using mixed-effects logistic
regression with false discovery rate correction (two-sided).
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parameters (Fig. 1a, Supplementary Table 1). Each additional hour of
eating window duration was associated with higher systolic BP
(β =0.312, 95%confidence interval (CI): 0.177–0.446, P.adj <0.001) and
diastolic BP (β = 0.354, 95% CI: 0.246–0.462, P.adj < 0.001). Eating
window duration positively associated with bilateral CIMT (right:
β = 0.010, 95% CI: 0.008–0.012, P < 0.001; left: β =0.010, 95% CI:
0.007–0.012, P.adj<0.001). Cardiac structural parameters demon-
strated that longer eating windows were associated with larger left
ventricular dimensions and reduced cardiac function indices. Brachial-
ankle pulse wave velocity (baPWV) measurements did not show

statistically significant associations (right: β = −4.866, 95% CI:
−11.486–1.753, P.adj = 0.15; left: β = −3.757, 95% CI: −11.146-3.632, P.adj
= 0.32).

Later last meal timing was independently associated with adverse
cardiovascular profiles (Fig. 1b, Supplementary Fig. 2b, Supplementary
Table 1). Each hour delay in lastmeal timingwas associatedwith higher
systolic BP (β =0.360, 95% CI: 0.208–0.512, P <0.001) and diastolic BP
(β =0.294, 95% CI: 0.172–0.416, P <0.001). Structural cardiovascular
parameters showed that later meal timing was associated with
increased bilateral CIMT and larger cardiac dimensions.

Fig. 2 | Proteomic signatures of three eating timing patterns. a Volcano plot
showing differential protein expression across three comparison groups. The y-axis
represents log2 fold-change (negative values indicate down-regulation, positive
values indicate up-regulation). Red dots represent significantly differentially
expressed proteins (FDR-adjusted P <0.05), while blue dots represent non-
significant proteins. Differential expression analysis was performed using DESeq2
with false discovery rate adjustment (two-sided). b Weighted Gene Co-expression
Network Analysis (WGCNA) cluster dendrogram showing module assignment
based on proteomic data from 1958 quantified proteins. Colors represent different
protein modules (n = 36 modules) identified by hierarchical clustering, with the

y-axis showing the dissimilarity between proteins based on their co-expression
patterns. c Venn diagram illustrating the overlap between differentially expressed
proteins (DEPs) and proteins identified in significant WGCNA modules. d Protein-
protein interaction network of key differentially expressed proteins. e Functional
enrichment analysis of the differentially expressed proteins from the intersection
analysis. The dot plot shows significantly enriched Gene Ontology (GO) terms
(adjusted P <0.05), with dot size representing gene count and color intensity
representing statistical significance level. The GO analysis is categorized into three
main domains: Biological Process (BP), Cellular Component (CC), and Molecular
Function (MF).
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Eating timing pattern classification and cardiovascular
outcomes
Restricted cubic spline analysis identified optimal thresholds at
12.5 hours for the eatingwindowand20:00 for lastmeal timing (Fig. 1a,
Supplementary Table 2, 3). Binary threshold analysis revealed that an
eating window of more than 12.5 hours was associated with sig-
nificantly higher risk of elevated BP compared to 12.5 hours or less
(odds ratio (OR) = 1.32, 95%CI: 1.17–1.48, P < 0.001). Similarly, lastmeal
timing after 20:00 was associated with increased risk compared to
meals at or before 20:00 (OR = 1.53, 95% CI: 1.37–1.72,
P <0.001) (Fig. 1b).

Based on identified thresholds, participants were classified into
three distinct eating timing patterns. Using the Extended Eating Win-
dow (Extended EW) as the reference group, both Late EWand Early EW
demonstrated protective associations. Late EW was associated with
reduced risk of elevated BP (OR =0.83, 95% CI: 0.69–0.99, P =0.04),
while Early EW showed the strongest protective effect (OR =0.74, 95%
CI: 0.65–0.84, P <0.001) after comprehensive covariate adjust-
ment (Fig. 1b).

Subgroup analyses of eating timing patterns
Stratified analyses demonstrated consistent protective associations of
Early EW compared to Extended EW across diverse population sub-
groups (Supplementary Table 4). Early EWshowedprotective effects in
both males (OR =0.67, 95% CI: 0.56–0.80, P <0.001) and females

(OR =0.81, 95% CI: 0.67–0.97, P = 0.025), across age groups, and in
both normal weight and overweight participants.

Sensitivity analyses
We conducted sensitivity analyses using alternative thresholds (Sup-
plementary Table 5). Using a 12-hour threshold for eating window
duration yielded consistent results, with extended eating windows
(>12 h) showing significantly higher risk compared to restricted win-
dows (≤12 h) (OR = 1.24, 95% CI 1.08–1.42, P =0.003). Alternative last
meal timing thresholds of 19:00 (>19:00 vs ≤19:00: OR = 1.24, 95% CI:
1.05–1.47, P < 0.05) and 21:00 (>21:00 vs ≤21:00: OR = 1.11, 95% CI:
0.96–1.23, P =0.16) showed consistent directional effects. Analysis
without multiple imputation for missing values yielded similar asso-
ciations (Early EW vs Extended EW: OR =0.78, 95% CI: 0.68–0.89,
P <0.001; Late EW vs Extended EW: OR =0.85, 95% CI:
0.70–1.03, P = 0.09).

Proteomic signatures associated with eating timing patterns
In the nested case-control component (n = 51), we observed the
extended EW group exhibited significantly higher BP (SBP:
127.2 ± 12.8mmHg; DBP: 74.5 ± 8.8mmHg) and arterial stiffness com-
pared to both early (SBP: 104.9 ± 10.0mmHg; DBP: 63.2 ± 7.7mmHg)
and late EW groups (P < 0.001) (Supplementary Table 9). Proteomic
analysis identified 112 differentially expressed proteins (58 up-regu-
lated, 54 down-regulated) across the three eating timing patterns

Fig. 3 | Lipidomic profiles across eating timing patterns. a Principal component
analysis (PCA) score plot. Principal Component 1 (PC1) and PC2 explain 43.7% and
16.6% of the total variance, respectively. b Bubble plot of differential lipid species.
Lipid classes are defined as: BMP bis(monoacylglycero)phosphate, CE cholesteryl
ester, CER ceramide, DAG diacylglycerol, DGDG digalactosyldiacylglycerol, FFA
free fatty acid, HCER hexosylceramide, LPC lysophosphatidylcholine, LPE lyso-
phosphatidylethanolamine, LPI lysophosphatidylinositol, LPS lysopho-
sphatidylserine, PC phosphatidylcholine, PE phosphatidylethanolamine, PG

phosphatidylglycerol, PI phosphatidylinositol, SM sphingomyelin, TAG triacylgly-
cerol. c Heatmap of the top differential lipids. d Pathway enrichment analysis for
differential metabolites. The outer circle represents the total metabolites in each
pathway, and the inner circles show hit counts and enrichment factors. The outer
ring represents the total number of metabolites in each pathway, and inner rings
showhit counts and enrichment factors, with color intensity representing statistical
significance levels.
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(Source Data File). The volcano plot analysis (Fig. 2a) revealed sig-
nificant differential protein expression. Notable differentially expres-
sed proteins included myosin light chain 1 (MYL1), insulin-like growth
factor binding protein 1 (IBP1), parvalbumin alpha (PRVA), apolipo-
protein H (APOH), and alcohol dehydrogenase 4 (ADH4). WGCNA
identified multiple protein modules associated with eating timing
patterns, as visualized in the cluster dendrogram (Fig. 2b and Sup-
plementary Fig. 3). The analysis identified 1597 proteins (total 1958
proteins quantified) organized into 36 modules showing strong asso-
ciations with cardiovascular parameters, particularly SBP and DBP
(Supplementary Fig. 4). The Venn diagram (Fig. 2c) demonstrates the
substantial overlap (83 proteins: 47 up-regulated, 36 down-regulated)
between DEGs and Weighted gene co-expression network analysis
(WGCNA) module proteins. Functional enrichment analyses further
demonstrated that early eating windows were associated with favor-
able regulation of cardiac muscle contraction pathways and lipid
metabolic processes (e.g., fatty acid degradation, cholesterol meta-
bolism), while extended windows activated pathways implicated in
cardiomyopathy and cellular stress responses (Fig. 2e and Supple-
mentary Fig. 5). Protein-protein interaction network analysis high-
lighted apolipoprotein A4 (APOA4), cholesteryl ester transfer protein
(CETP), and phospholipid transfer protein (PLTP), as hub proteinswith
high connectivity, which are critical for lipid transport and

metabolism, suggesting their central regulatory roles in the molecular
networks associated with different eating timing patterns (Fig. 2d).

Lipidomic profiles across eating timing patterns
Principal component analysis demonstrated clear separation among
the three eating patterns, with PC1 and PC2 explaining 43.7% and 9.4%
of the total variance, respectively (Fig. 3a). The extended EW group
exhibited a lipid profile distinctly separated from both early and late
EW groups along PC1, while early and late EW groups showed partial
overlap with distinguishable cluster centers. Altered lipid classes
included phosphatidylethanolamines (PE), sphingomyelins (SM), and
triacylglycerols (TAG), with participants in the extended EW group
exhibiting elevated levels of specific SMs and TAGs compared to the
early EW group (Fig. 3b). Hierarchical clustering of the top differential
lipids revealed distinct patterns across the three eating patterns
(Fig. 3c). Two major lipid clusters were identified: one predominantly
comprising TAGs that were elevated in the extended EW group, and
another mainly consisting of PEs that were downregulated in the
extended EW group compared to early and late EW groups. Notably,
TAG species with longer carbon chains and higher unsaturation (TAGs
52-58) showed the most pronounced elevation in the extended EW
group. Pathway enrichment analysis of differential metabolites
revealed significant perturbations in multiple metabolic pathways

Fig. 4 | Machine learning-based identification of blood pressure-associated
lipid biomarkers. a Down-regulated Lipid Features Selected by 4 Models. Venn
diagram showing overlap of down-regulated lipid features (from Extended Eating
Window (EW) versus Early EW) that were selected by four machine learning algo-
rithms as associated with elevated blood pressure (HBP) (Random Forest (RF),
Support Vector Machine (SVM), XGBoost, Elastic Net). The intersection of all four
methods identifies the most robust down-regulated biomarkers with consensus
support across all analytical approaches. bUp-regulated Lipid Features Selected by
4Models. Venn diagram showing overlap of up-regulated lipid features (from Early
EW versus Extended EW comparison) that were selected by four machine learning
algorithms as associated with elevated blood pressure. c Heatmap of high-

confidence hub lipid metabolites selected by at least three algorithms. d Core Hub
Metabolites Expression by HBP Status. Box plots comparing the expression levels
of the six core hub metabolites between normotensive controls (n = 25) and chil-
drenwith elevated bloodpressure (n = 26). Box plots show themedian (center line),
interquartile range (box bounds: 25th–75th percentile), whiskers extend to 1.5×
interquartile range from box bounds, and outliers are shown as individual points.
Statistical analysis was performed using a two-sidedWilcoxon rank-sum test. Exact
P values are displayed on the figure. *P <0.05, **P <0.01, ***P <0.001. TAG tria-
cylglycerol, FA fatty acid, PC phosphatidylcholine, PE phosphatidylethanolamine,
Hex2Cer dihexosylceramide, HexCer hexosylceramide.
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(Fig. 3d). The most significantly enriched pathways were related to
obesity, hypertension, and glycerophospholipid metabolism.

Hub metabolites
From lipidomic profiles comparing early versus extended eating win-
dows, we identified blood pressure-associated lipid biomarkers
through consensus analysis of four machine learning algorithms
(Supplementary Figs. 6–11). Six lipids were consistently selected as
core hubs by all algorithms, with an additional 21 high-confidence hubs
identified by ≥3 algorithms. (Fig. 4). This heatmap demonstrates clear
separation between case (elevated BP) and control groups, with mul-
tiple TAGs consistently upregulated in participants with elevated BP
(Fig. 4c). Box plots of core hub metabolites selected by all four
machine learning models further confirmed these patterns (Fig. 4d).
TAG(52:2)_FA14:0, TAG(56:6)_FA18:1, TAG(56:6)_FA20:5, andTAG(56:6)
_FA22:5 showed significantly higher expression levels in participants
with elevated BP, while PC(18:0/18:0) and PE(O/16:0/18:1) showed
lower levels. Parallel mediation analysis revealed that down-regulated
lipid metabolites had a significant total indirect effect of −0.229 (95%
CI: −0.403, −0.054), with these mediators accounting for 64.8% of the
total effect between dietary pattern and elevated BP. (Supplemen-
tary Fig. 12).

Discussion
This study provides a comprehensive investigation of associations
between eating timing patterns and cardiovascular health in children
through an integrative approach combining clinical parameters with
molecular profiling. Our findings demonstrate that eating timing
characteristics—specifically duration and last meal timing—indepen-
dently influence cardiovascular parameters, with extended eating
windows (>12.5 hours) showed a 32% higher risk of elevated blood
pressure compared to those with shorter eating windows
(≤12.5 hours), and last meal timing after 20:00 showed a 53% higher
risk compared to ≤20:00. These associations were accompanied by
measurable differences in subclinical cardiovascular parameters,
including elevated carotid intima-media thickness and modest chan-
ges in cardiac dimensions. While these differences remain within
clinically normal ranges, their presence during childhood may have
implications for long-term cardiovascular health trajectories, though
longitudinal studies are needed to establish this relationship.

Our findings align with emerging evidence from adult chron-
obiology research, where extended eating windows and delayed meal
timing have been consistently linked to elevated blood pressure and
metabolic dysregulation9,10,19–25. Despite these compelling adult find-
ings, pediatric populations have remained conspicuously under-
represented in cardiovascular-focused chronutrition research, with
existing studies primarily examining metabolic outcomes in adoles-
cents with established obesity or Type 2 diabetes26,27. Our investigation
addresses this critical gap by examining temporal eating patterns in
healthy children, revealing that these behavioral dimensions may
represent previously underrecognized modifiable factors for early
cardiovascular risk stratification. The remarkable consistency of
associations across diverse demographic subgroups—including sex,
age, weight status, and residential location—underscores the general-
izability of these relationships within similar populations.

The temporal association between late last meal timing (after
20:00) and elevated blood pressure risk merits particular emphasis
within the pediatric developmental context. This finding extends adult
epidemiological studies demonstrating 55% increased coronary heart
disease odds with late-night eating28, and 17% higher metabolic syn-
drome prevalence among individuals consuming late dinners29. Our
timing-dependent effects during childhood suggest that dietary tem-
poral organization may establish cardiovascular risk trajectories dur-
ing critical developmental windows, when metabolic programming
and vascular architecture undergo fundamentalmaturation processes.

The elevated CIMT observed among children with extended eat-
ingwindows represents ourmost clinically significant finding, given its
established predictive value for future cardiovascular events30. CIMT
serves as a validated surrogate marker for systemic atherosclerotic
burden, with even modest pediatric elevations predicting accelerated
disease progression and premature cardiovascularmorbidity in young
adults31. The detection of measurable CIMT differences during child-
hood—when atherosclerotic processes are typically nascent—suggests
that eating timing patterns may influence vascular health through
mechanisms that manifest earlier in the life course than previously
recognized. These structural vascular changes likely reflect early
endothelial dysfunction and adaptive arterial wall remodeling in
response to chronic circadian misalignment-inducedmetabolic stress.
The parallel observation of subtle but significant cardiac dimensional
changes further supports this interpretation, as these modifications—
while remaining within normal pediatric ranges—have been pro-
spectively linked to adverse ventricular remodeling and cardiovascular
complications in longitudinal studies. Collectively, these subclinical
findings underscore the potential long-term cardiovascular implica-
tions of eating timing patterns established during formative
childhood years.

Our integrated multi-omics analysis unveiled distinct molecular
signatures associated with different eating patterns, offering pre-
liminary mechanistic insights into the pathways potentially mediating
our observed clinical associations. Notably, the decreased expression
of APOH in early eating window participants warrants attention, given
APOH’s established associations with metabolic syndrome, diabetes,
and cardiovascular disease risk32. While this expression pattern aligns
with potential cardioprotective mechanisms, experimental confirma-
tion of causality remains essential. Conversely, the enhanced expres-
sion of muscle-contractile proteins (MYL1, MYH1) in early eating
windowparticipants suggests augmented skeletalmuscle function and
metabolic capacity33,34. Pathway enrichment analysis revealed that
early eating windows were associated with favorable modulation of
cardiac muscle contraction and lipid metabolic pathways, while
extended eating windows activated stress response and cardiomyo-
pathic signaling cascades. Network topology analysis identified key
hub proteins—including APOA4, CETP, and PLTP—that occupy central
positions in lipid transport and reverse cholesterol transportnetworks,
suggesting that eating timing may influence cardiovascular risk
through modulation of lipoprotein metabolic efficiency.

The lipidomic profiles revealed distinct patterns associated with
different eating window categories, with the most striking differences
observed in PE and TAG. Early eating window participants showed
enrichment of phosphatidylethanolamines—essential membrane con-
stituents critical for mitochondrial bioenergetics and cellular energy
homeostasis35–37. This lipid profile suggests that optimal eating timing
may enhance mitochondrial function and reduce oxidative stress,
contributing to improved cardiovascular health through fundamental
cellular metabolic mechanisms. Conversely, extended eating window
participants exhibited elevated concentrations of longer-chain, highly
unsaturated triacylglycerols (particularly TAGs 52-58), species pre-
viously implicated in arterial stiffness and hypertension
pathogenesis38. Our mediation analysis demonstrated that specific
triacylglycerol species collectively mediated 64.8% of the total effect
linking eating timing patterns to elevated blood pressure risk—a sub-
stantial proportion suggesting that lipid metabolic alterations may
serve as a primary pathway through which eating timing influences
pediatric cardiovascular health. However, these observational findings
cannot establish causality; experimental validation through controlled
intervention studies is required to confirm whether modifying eating
timing directly induces these metabolic and cardiovascular changes.

From a clinical perspective, our findings suggest that systematic
assessment of eating timing patterns could augment conventional
pediatric cardiovascular risk management. Current clinical
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recommendations for childhood cardiovascular risk reduction
emphasize dietary quality, physical activity, and weight management.
Our findings suggest that temporal eating organization—specifically,
encouraging earlier meal completion and avoiding extended eating
windows—may represent an additional dimension worthy of clinical
consideration. Given the high prevalence of cardiovascular risk factors
in children globally and the challenges associated with implementing
dietary composition changes3, optimizing meal timing represents a
complementary and potentially more feasible intervention strategy.
Additionally, through consensus machine learning analysis incorpor-
ating four independent algorithms, we identified six core hub meta-
bolites: TAG(52:2), TAG(56:6), TAG(56:6)_FA20:5, TAG(56:6)_FA22:5,
PC(18:0/18:0), and PE(O-16:0/18:1). These species demonstrated con-
sistent discriminatory capacity for eating timing-associated cardio-
vascular risk, showing promise as interventionmonitoring biomarkers.
However, translating these research findings into clinical practice
requires several critical validation steps, including replication in larger,
ethnically diverse cohorts and demonstration of intervention efficacy
through randomized controlled trials.

This study’s strengths include its large-scale cohort, comprehen-
sive cardiovascular phenotyping including subclinical markers, and
multi-omics analyses in pediatric chronunutrition research. The con-
sistent associations observed across demographic subgroups suggest
potential robustness of the primary findings. However, several limita-
tions must be acknowledged. The observational design precludes
causal inference, and residual confounding by unmeasured factors
cannot be excluded, including unmeasured dietary components
(specific bioactive compounds, food processing methods), timing-
specific physical activity patterns, sleep behaviors, and genetic back-
ground. The omics component’s sample size, while providing valuable
exploratory insights, limits generalizability and necessitates external
validation. Our study population comprised Chinese children from
southwest provinces, potentially limiting applicability to other popu-
lations given ethnic, cultural, and lifestyle differences in dietary
behaviors and circadian biology. Future research should prioritize
larger multi-omics studies with external validation, randomized con-
trolled trials testing eating timing interventions in diverse pediatric
populations, and longitudinal investigations examining whether
childhood eating patterns influence adult cardiovascular outcomes.

Methods
Study design and participants
Cohort study. This research complies with all relevant ethical regula-
tions. Ethical approval was obtained from the Ethics Committee of the
Children’s Hospital of Chongqing Medical University (No. 2021.97),
and all procedureswere conducted in accordancewith the Declaration
of Helsinki. Written informed consent was obtained from all partici-
pants and their legal guardians. Participants did not receive monetary
compensation but received free health examination results and per-
sonalized health recommendations. A large-scale cohort study was
conducted to investigate the impact of eating timing patterns on
cardiovascular health in children and adolescents. A two-stage cluster
sampling method was employed for participant recruitment. Partici-
pants aged 6–17 years old with continuous residence in the target
region for at least six months were eligible for inclusion, and both
parents and children signed the informed consent form. Exclusion
criteria included: (1) congenital heart disease or other cardiovascular
anomalies; (2) kidney disease or endocrine disorders including dia-
betesmellitus; (3) current use of medications affecting blood pressure
or lipid metabolism; (4) acute infectious illness within two weeks prior
to assessment; (5) serious digestive system diseases or metabolic dis-
orders affecting nutritional metabolism; or (6) inability to complete
assessments due to physical or cognitive limitations. The cohort was
established between 2021 and 2023, with staggered recruitment
timelines across three provinces in Southwest China: Sichuan Province

(n = 2111) in 2021, Chongqing Municipality (n = 5232) in 2022, and
Guizhou Province (n = 2506) in 2023, yielding an initial cohort of 9849
participants. After applying exclusion criteria, our final analytical
sample comprised 7459 participants. Follow-up assessments were
conducted in Chongqing in 2023 (first follow-up, n = 3830) and 2024
(second follow-up, n = 2314), and in Guizhou and Sichuan in 2024 (first
follow-up, n = 3274). Follow-up assessments yielded 15,662 blood
pressure measurements, 4920 pulse wave velocity assessments, 2862
echocardiographic evaluations, and 3203 biomedical analyses. Sup-
plementary Fig. 1 presented the detailed participant flow diagram.
Detailed information about the study design has been published
previously39.

Nested case-control study. For the nested case-control study, parti-
cipants were selected during the second follow-up period using a
systematic protocol. Eligibility criteria included completion of all
available assessment points, consistent eating pattern across baseline
and follow-up assessments, no disease or use of medications affecting
metabolic parameters, and agreement to provide additional blood
samples for omics analyses. Sample size was calculated using the for-
mula nA = κnB and nB = (1 + 1/κ)(σ(Z1-α/2 + Z1-β)/(μA-μB))

2. With para-
meters α =0.0167 (adjusted for multiple comparisons), statistical
power=93%, and anticipated effect size based on pilot data (σ = 4.0),
we determined that 12 participants per group would provide sufficient
statistical power. To account for potential sample quality issues, we
increased the sample size to 17 participants per group. From eligible
participants, we randomly selected 17 individuals from each eating
pattern category (Extended EW, Late EW, and Early EW) using
computer-generated random numbers, verifying balance in age, sex,
and height distribution across groups. The final nested case-control
sample comprised 51 participants, who provided additional fasting
blood samples for comprehensive lipidomics and proteomics
analyses.

Measurement of eating timing characteristics
Eating timing information was collected using a standardized protocol
that remained consistent across all study sites40,41. Validated eating
pattern questionnaires were administered to all participants at base-
line and during subsequent follow-up visits. For children aged 6–11
years, parents/guardians completed the questionnaires with input
from the children, while for participants aged 12–17 years, ques-
tionnaires were self-administered with parental verification. Partici-
pants reported their typical first and last mealtimes over the past
month preceding each assessment, including any caloric beverages or
snacks. The primary eating timing parameters were: (1) eating window
duration, calculated as the time interval between the first and last
energy intakeof the day; and (2) lastmeal timing, recorded as the clock
time (24-hour format) of the final energy intake each day. To deter-
mine optimal thresholds for eating window categorization, we
employed restricted cubic spline analysis withmodel selection criteria
(Akaike Information Criterion and Bayesian Information Criterion) to
identify natural inflection points in the relationship between eating
window and cardiovascular outcomes. The analysis consistently iden-
tified the primary inflection point at 12.5 hours (corresponding to the
50th percentile of our eating window distribution), indicating a
meaningful change in the dose-response relationship. Similarly, spline
analysis for last meal timing identified 20:00 as the optimal threshold,
representing the median last meal timing in our population. Based on
these parameters, participants were categorized into three distinct
eating pattern groups: (1) Extended Eating Window (Extended EW):
eating window >12.5 hours, regardless of last meal timing (e.g., first
meal at 07:00, lastmeal at 20:30, duration = 13.5 hours), (2) Late Eating
Window (Late EW): eating window ≤12.5 hours with last meal after
20:00 (e.g., first meal at 08:00, last meal at 20:30, duration =
12.5 hours), and (3) Early Eating Window (Early EW): eating window
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≤12.5 hours with last meal no later than 20:00 (e.g., firstmeal at 07:00,
last meal at 19:30, duration = 12.5 hours).

Measurement of cardiovascular indicators
Blood pressure. BP was measured using an arm-type electronic
sphygmomanometer (HEM-7051, OMRON, Japan) following standar-
dized protocols42. Three consecutive measurements were taken at
2-minute intervals with participants remaining silent and still, and the
average of the three measurements was used for analysis. Elevated BP
was defined as mean systolic and/or diastolic blood pressure ≥90th
percentile based on age-, sex-, and height-specific reference standards
for Chinese children43.

Cardiovascular structure. Cardiac structure and function indicators
were evaluated using standardized echocardiography (Acuson
Sequoia 512 system,Siemens,Germany) by certified sonographerswho
were blinded to participants’ clinical information. Parasternal long-
axis, short-axis, and apical views were obtained following American
Society of Echocardiography guidelines. Left ventricular end-diastolic
diameter (LVDd) and end-systolic diameter (LVDs) were measured
from M-mode recordings, with measurements averaged across three
cardiac cycles. Ejection fraction (EF) and fractional shortening (FS)
were calculated using standard formulas. For CIMT measurement,
high-resolution B-mode ultrasound images were obtained from both
common carotid arteries, with measurements taken 1 cm proximal to
the carotid bulb. The mean value of three measurements on each side
was used for analysis.

Arterial stiffness. Arterial stiffness was assessed using brachial-ankle
pulse wave velocity (baPWV) measured with an automatic arterio-
sclerosis detection device (BP-203RPE III, OMRON, Japan). Measure-
ments were performed in a temperature-controlled room (22–25 °C)
after participants rested in a supine position for 10minutes. BP cuffs
were applied to both brachial and ankle arteries, and baPWV was cal-
culated as the distance betweenmeasurement points divided by pulse
wave transit time. The average of left and right baPWV values was used
for analysis. Anthropometric measurements were performed by
trained nurses using standardized procedures.

Biochemical Parameters. Fasting blood samples were drawn by
trained nurses between 07:00 and 09:00 AM after an overnight fast of
at least 8 hours. The samples were processed within 2 hours of col-
lection. Plasma lipid profile (Total cholesterol (TC), triglycerides (TG),
low-density lipoprotein cholesterol (LDL-C), high-density lipoprotein
cholesterol (HDL-C)), fasting glucose, and liver function tests
were analyzed using a fully automatic biochemical analyzer
(ADVIA 2400, Siemens, Germany). Non-HDL-C was calculated as the
difference between total cholesterol and HDL-C. Quality control-
maintained CV < 10% with external assessment through Fuwai Hospi-
tal, Beijing.

Lipidomics analysis
Fasting blood samples were collected between 07:00 and 09:00 AM.
After 1 h stratification, samples were centrifuged at 1000 × g for 10min
at room temperature. The supernatants were immediately frozen in
liquid nitrogen for 15min and stored at −80 °C. Hemolyzed samples
were excluded. Lipids in plasma samples were extracted using a
modified Bligh and Dyer method, followed by analysis on an ultra-
HPLC-tandem mass spectrometry system (Q Exactive HF - X, Thermo
Fisher Scientific). Quality control (QC) was strictly implemented, with
QC samples analyzed every 10 samples. A total of 683 lipid species
from 24 lipid classes were quantified, with relative standard deviation
<30% in QC samples and detection rate > 80% across all study samples.
The detailed lipid extraction, chromatographic separation, and mass
spectrometry conditions were in accordance with the methods

described in published literature, ensuring the reliability and repro-
ducibility of the lipidomic data44.

Proteomics analysis
High - abundance proteins were depleted using the Multiple Affinity
Removal System to improve thedetection of low - abundance proteins.
The remaining proteins were then subjected to tryptic digestion.
Peptide samples were analyzed using a nano-UPLC system (Evosep
One) coupled with a high - resolution mass spectrometer (timsTOF
Pro2, Bruker). To ensure reproducibility45, a pooled quality control
(QC) sample was created from equal volumes of all digested samples
and analyzed repeatedly throughout the analytical sequence. QC
samples demonstrated technical reproducibility with Pearson corre-
lation coefficients >0.95. Data processing was performed using Spec-
tronaut software against the UniProt human database, with the false
discovery rate (FDR) controlled at 1% for both peptides and proteins. In
total, 1958 proteins were identified and quantified. The proteomics
data analysis, including peptide identification, protein quantification,
and FDR control, was based on the methods described in published
literature44,46–48. Detailed methods for lipidomics and proteomics
analysis were provided in the Supplementary Methods. All lipidomics
and proteomics measurements were conducted by Shanghai Biotree
Biomedical Technology Co., Ltd.

Anthropometric measurements
Height was measured to the nearest 0.1 cm using a stadiometer, and
weightwasmeasured to the nearest0.1 kg using a calibrated electronic
scale, with participants wearing light clothing and no shoes. Waistline
was measured at the midpoint between the lower border of the rib
cage and the iliac crest to the nearest 0.1 cm. BMI was calculated as
weight (kg)/height(m)2, and WHtR was calculated as waist circumfer-
ence(cm)/height(cm). Overweight and obesity were defined using age-
and sex-specific BMI cutoffs based on Chinese national standards49,
where ≥85th percentile indicates overweight and ≥95th percentile
indicates obesity.

Assessment of covariates
Demographic and lifestyle information was collected through stan-
dardized questionnaires administered by trained interviewers. Physi-
cal activity was evaluated using the Physical Activity Questionnaire for
Adolescents (PAQ-A), which provided detailed information on fre-
quency and duration of activities based on MET values50. Compre-
hensive dietary assessment used validated semi-quantitative food
frequency questionnaires adapted for Chinese pediatric populations,
capturing total caloric intake, macronutrient composition, and dietary
quality scores based on the Chinese Residents’ Balanced Diet Pagoda,
which captured the frequency and portion size of commonly con-
sumed foods51–53. Dietary variables included: (1) total daily caloric
intake (kcal/day); (2) macronutrient composition expressed as per-
centages of total calories from carbohydrates, fats, and proteins; (3)
dietary quality score basedon adherence to theChineseHealthy Eating
Index for children. The area of residence was classified as urban or
rural based on the current living address. Socioeconomic status indi-
cators included parental education level (categorized as junior high
school and below, high school/vocational school, or college and
above), occupation (categorized asworkers/migrant workers, farmers,
management/soldiers/technicians, or others), and annual household
income. Family history of hypertension and parental marital status
(married, divorced, or other) were also recorded.

Sex and gender considerations
Sex was considered in the study design with stratified analyses by sex.
Biological sexwasdeterminedbasedon legal identificationdocuments
(household registration) as verified by parents/guardians. All analyses
were adjusted for sex, and sex-stratified results are presented in the
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subgroup analyses. Sex-disaggregated data are provided in Table 1
(baseline characteristics separately for boysn = 3848 andgirlsn = 3611)
and in Source Data files.

Quality control and standardization
Comprehensive quality control measures were implemented across all
measurement sites. All personnel underwent standardized training
programs including theoretical instruction (2 hours) and hands-on
practice (24 hours). Equipment was calibrated daily (blood pressure
monitors, scales) or weekly (ultrasound systems, pulse wave velocity
devices) using certified standards. For cardiovascular measurements,
1% of assessments were repeated by independent observers to ensure
reliability. All blood samples were processed locally within 2 hours and
analyzed at a central laboratory to ensure consistency. External quality
assessment through the National Center for Cardiovascular Diseases.
Cross-site standardization wasmaintained through inter-site reliability
assessments with standardized operators, and comprehensive equip-
ment maintenance by certified technicians.

Statistical analysis
Descriptive statistics were presented as means ± standard deviations
for continuous variables and frequencies (percentages) for categorical
variables. Between-group differences were assessed using Student’s
t-tests for continuous variables and chi-square tests for categorical
variables. Height Z-scores were calculated to standardize values across
age and sex groups. Missing data patterns were assessed, with missing
rates of socioeconomic status, dietary intake questionnaires, and
physical activity assessments. Missing data (<30% for any variable)
were handled using multiple imputations with the expectation-
maximization algorithm (five imputations). Mixed-effects models
were employed to account for repeated measurements and within-
individual variations in our longitudinal data. Participant ID was
included as a random effect for within-person correlations over time.
Covariates included sex, age group, height z-score, waistline-to-height
ratio, area of residence, total daily caloric intake, macronutrient
composition, dietary quality scores, physical activity levels, parental
education and occupation, annual household income, parental marital
status, and family history of hypertension. Mixed-effects linear
regression models assessed associations between eating timing pat-
terns and cardiovascular indicators. FDR correction using the
Benjamini-Hochberg method was systematically applied across all
cardiovascular outcomes within each analysis domain. Mixed-effects
logistic regression models evaluated relationships with elevated BP
risk, estimating odds ratios (OR) and 95% CIs. All mixed-effects models
underwent a comprehensive diagnostic evaluation. Restricted cubic
spline analysis explored non-linear associations, with knots placed at
the 10th, 50th, and 90th percentiles of the exposure distribution.
Subgroup analyses stratified the sample by sex, age (<12 years/≥12
years), obesity status (normal weight/overweight or obese based on
age- and sex-specific BMI cutoffs), dietary quality (above/below med-
ian Chinese Healthy Eating Index score), and residence (urban/rural).
Sensitivity analyses examined robustness of findings using alternative
thresholds: eating window duration (≤11 h vs >11 h, ≤13 h vs >13 h) and
last meal timing (≤19:00 vs >19:00, ≤21:00 vs >21:00). Additional sen-
sitivity analysis excludedmultiply imputeddata to assess the impact of
missing data handling.

For the nested case-control component (n = 51), comprehensive
multiomics analyses were performed to investigate molecular
mechanisms. Proteomic analysis included differential expression ana-
lysis (DESeq2) to compare the three eating window groups (Extended
EW, Late EW, and Early EW) (FDR-adjusted P <0.05 considered sig-
nificant). WGCNA was applied to identify protein co-expression mod-
ules, and module-trait relationships were calculated to associate these
modules with cardiovascular parameters using Pearson correlation

coefficients (Supplementary Fig. 13). Functional enrichment analyses
(GO terms, KEGG pathways) of differentially expressed proteins were
performed to identify significantly enriched biological pathways.
Protein-protein interaction networks were constructed using the
STRING database to visualize functional relationships among differ-
entially expressed proteins. Lipidomic analysis employed a compre-
hensive two-stage analytical framework: (1) differential expression
analysis to identify eating pattern-associated lipids, and (2) machine
learning-based feature selection to identify blood pressure-related
lipid biomarkers. In the first stage, differential expression analysis was
performed using the limma package with empirical Bayes moderation
to compare lipid profiles among eating timing groups. Extended EW
served as the reference group representing the most circadian-
misaligned pattern. Significantly different lipids from the Early EW vs
Extended EW comparison were classified as up-regulated or down-
regulated and carried forward for machine learning analysis. In the
second stage, four optimized machine learning algorithms were
applied to identify lipids predictive of elevated blood pressure status
(elevated vs. normal): Random Forest using random Forest package
with systematic parameter optimization (mtry: 1–15, ntree: 100–1500)
and features selected by variable importance >0.05; Elastic Net using
glmnetpackagewith alphaoptimization (0-1, increment0.1) via 10-fold
cross-validation and features selected at lambda.1se; SVM-RFE using
the e1071 package with cost (0.001–1000) and gamma (0.00001-10)
optimization employing adaptive recursive feature elimination; and
XGBoost using the xgboost package with comprehensive hyperpara-
meter tuning and 5-fold cross-validation. Lipid species selected by all
four methods were defined as “core hub” biomarkers, while those
selected by ≥ 3 methods were classified as “high confidence hub”
biomarkers. Mediation analysis was conducted using the mediation
package to examine the mediating effects of selected lipids on the
relationship between eating patterns and blood pressure. Mediation
analyses using bootstrapping methods (500 iterations) examined
whether specific lipid species potentially mediated the relationships
between eating timing patterns and cardiovascular outcomes. These
analyses explored potential pathways based on the biological
assumption of temporal ordering (eating patterns → metabolic chan-
ges → cardiovascular outcomes). All mediation models included iden-
tical covariate adjustment as primary analyses, and the proportion of
effect mediated was calculated for each significant mediator. Follow-
ing the same machine learning framework as the lipidomic analysis,
proteins selected by all four methods were defined as “core hub”
biomarkers. All statistical analyses were performed using R software
(version 4.3.2) and SAS (version 9.4). Two-sided p-values < 0.05 were
considered statistically significant, with appropriate corrections for
multiple comparisons where applicable.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The mass spectrometry proteomics data generated in this study have
been deposited in the ProteomeXchange Consortium via the PRIDE
partner repository under accession code PXD06646654. [https://www.
ebi.ac.uk/pride/archive/projects/PXD066466]. The proteomics data
are available under restricted access for research purposes that com-
ply with the informed consent and ethical approval of this study;
access can be obtained by submitting a data request to the corre-
sponding author (Dr. Xiaohua Liang, xiaohualiang@hospital.cqmu.e-
du.cn) and signing a data use agreement. Requests will be responded
to within 4 weeks. The raw lipidomics data generated in this study are
protected and available under controlled access due to ethical
restrictions concerning sensitive health information from minors and
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compliance with Chinese data protection regulations (Personal Infor-
mation Protection Law of the People’s Republic of China). Access to
raw lipidomics data requires: (1) submission of a research proposal to
the corresponding author (Dr. Xiaohua Liang, xiaohualiang@hospi-
tal.cqmu.edu.cn); (2) approval by the Ethics Committee of Children’s
Hospital of Chongqing Medical University; (3) execution of a data use
agreement that specifies permitted uses, prohibits re-identification
attempts, and requires data destruction upon project completion.
Requests will be responded to within 4 weeks. The processed lipi-
domics data (lipid intensities and differential abundance results) are
provided in the Source Data file. The summary statistics and processed
datasets supporting the findings of this study are available in the
Supplementary Information file and the Source Data file. De-identified
participant-level data (clinical, anthropometric, and dietary data) are
available from the corresponding author upon request, subject to
review and approval of a research proposal and a signed data access
agreement. Source data are provided with this paper.

Code availability
The source code, including scripts for cardiovascular data processing,
mixed-effects modeling, differential expression analysis, machine
learning feature selection,mediation analysis, and data visualization, is
publicly available on GitHub at (https://github.com/LQ-doctor/Eating-
Time-Patterns) and has been archived on Zenodo with DOI: (https://
doi.org/10.5281/zenodo.17996048).
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