
Xu et al. J. Environ. Expo. Assess. 2025, 4, 25
DOI: 10.20517/jeea.2025.32

Journal of Environmental 
Exposure Assessment

© The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution 4.0 
International License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, sharing, 
adaptation, distribution and reproduction in any medium or format, for any purpose, even commercially, as 

long as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and 
indicate if changes were made.

www.oaepublish.com/jeea

Open AccessResearch Article

Associations of urinary phthalate metabolites with 
DNA methylation algorithms of aging among U.S. 
adults: 1999-2002 NHANES data
Ya-Qian Xu1,2, Chong-Yu Ding1, Yu-Lu Gong1,2,3, Da-Rong Hao1,3, Jing Wang1, Hui Zhang1,2, Tong-Yan An4, Io 
Hong Cheong2,5, Xiang-Wei Li1,2

1School of Global Health, Chinese Centre for Tropical Diseases Research, Shanghai Jiao Tong University School of Medicine, 
Shanghai 200025, China.
2Hainan International Medical Center, Shanghai Jiao Tong University School of Medicine, Qionghai 571434, Hainan, China.
3School of Public Health, Shanghai Jiao Tong University School of Medicine, Shanghai 200025, China.
4School of Public Health, Zhengzhou University, Zhengzhou 450001, Henan, China.
5State Key Laboratory of Oncogenes and Related Genes, Center for Single-Cell Omics, School of Public Health, Shanghai Jiao 
Tong University School of Medicine, Shanghai 200025, China.

Correspondence to: Dr. Xiang-Wei Li, School of Global Health, Chinese Centre for Tropical Diseases Research, Shanghai Jiao 
Tong University School of Medicine, 227 South Chongqing Road, Shanghai 200025, China. E-mail: li.xiangwei@sjtu.edu.cn

How to cite this article: Xu, Y. Q.; Ding, C. Y.; Gong, Y. L.; Hao, D. R.; Wang, J.; Zhang, H.; An, T. Y.; Cheong, I. H.; Li, X. W. 
Associations of urinary phthalate metabolites with DNA methylation algorithms of aging among U.S. adults: 1999-2002 
NHANES data. J. Environ. Expo. Assess. 2025, 4, 25. https://dx.doi.org/10.20517/jeea.2025.32

Received: 15 May 2025  First Decision: 15 Jul 2025  Revised: 4 Aug 2025  Accepted: 14 Aug 2025  Published: 20 Aug 2025

Academic Editor: Stuart Harrad  Copy Editor: Pei-Yun Wang  Production Editor: Pei-Yun Wang

Abstract
Urinary phthalate (PAE) metabolites are prevalent environmental pollutants linked to various health risks. Although 
several promising DNA methylation (DNAm) algorithms have emerged as strong predictors of biological age and 
adverse health outcomes in older adults, the specific relationship between exposure to these chemical 
contaminants and DNAm algorithms remains largely unexplored. This study aimed to evaluate this association of 
urinary PAE metabolites with five widely used DNAm-based aging signatures in a representative sample of U.S. 
adults. Data from the National Health and Nutrition Examination Survey 1999-2002 were analyzed, focusing on 
urine samples from 831 participants for seven PAE metabolites. Methylation data were generated using the EPIC 
array (Illumina, San Diego, CA, USA), and five DNAm-based aging signatures, the HannumAgeacc, 
SkinBloodAgeacc, PhenoAgeacc, GrimAgeMortacc, and GrimAge2Mortacc, were estimated and employed in linear 
models to investigate their relationships with urinary PAE metabolite concentrations. Significant associations (P-
values: 0.0001-0.0393) were observed between MBzP and all five DNAm aging algorithms, with multivariable 
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adjusted β values ranging from 0.22 (95%CI: 0.07-0.38) for GrimAgeMortacc to 0.68 (95%CI: 0.18-1.18) for 
PhenoAgeacc. In males, significant associations between MBzP and PhenoAgeacc, GrimAgeMortacc, and 
GrimAge2Mortacc were noted (P-values: 0.0027-0.0205). Among participants aged 50-64, MBzP exhibited 
significant associations with all five DNAm aging algorithms (P-values: 0.0012-0.0155), with multivariable adjusted 
β values ranging from 0.30 (95%CI: 0.10-0.51) for GrimAgeMortacc to 0.93 (95%CI: 0.34-1.52) for PhenoAgeacc. 
These findings suggest that MBzP may accelerate biological aging in older populations, particularly in males aged 
50-64.

Keywords: Epigenetic clocks, biological age acceleration, CpG dinucleotide methylation, aging, environmental 
exposure

INTRODUCTION
The accelerating trend of population aging imposes substantial demands on healthcare systems and societies 
worldwide, highlighting the need for advanced measures of aging[1-3]. Biological age, often quantified 
through biological aging clocks, has emerged as a valuable metric for assessing aging processes that extend 
beyond chronological age alone. By capturing complex biological mechanisms, biological age reflects the 
internal, external, and functional dimensions of aging that influence health and longevity[4-6].

Recently, several promising DNA methylation (DNAm) algorithms, such as DNAm phenotypic age 
(PhenoAge)[7,8], DNAm GrimAge (GrimAgeMort)[9,10], and GrimAge2Mort[11], have been developed, offering 
promising insights into biological aging. The residuals of these algorithms from chronological age, termed 
epigenetic age acceleration (Acc) metrics (e.g., PhenoAgeacc and GrimAgeMortacc)[12-14], have shown strong 
predictive capabilities for mortality[15,16], and associations with risk of multiple diseases including chronic 
conditions such as neurological disorders, cardiovascular diseases, and cancer[17-19].

In addition to genetic and physiological factors, environmental exposures, particularly to prevalent 
pollutants, may significantly impact DNAm algorithms[20-22]. Phthalates (PAEs), a series of synthetic 
compounds widely used as plasticizers in various consumer products, are pervasive environmental 
contaminants with an annual U.S. production volume exceeding 470 million pounds[23]. Known endocrine 
disruptors such as PAEs and their metabolites have been linked to adverse health effects, including 
carcinogenicity, reproductive toxicity, and developmental abnormalities[24-26]. Epidemiological evidence also 
links PAE exposure to health issues such as neurobehavioral disorders and diminished physical 
function[27,28], suggesting PAEs may influence biological aging through epigenetic alterations. Growing 
evidence from human populations supports this epigenetic link. Studies have demonstrated that prenatal 
PAE exposure alters placental miRNA expression, potentially disrupting developmental pathways[29]. In 
adults, PAE metabolites (e.g., MEHHP, MiBP) interact with site-specific DNAm (e.g., DRD4 CpG sites), 
exacerbating neurobehavioral deficits in sensitive populations[30]. Critically, recent multi-cohort studies of 
reproductive-aged men revealed that preconception PAE exposure is associated with accelerated sperm 
epigenetic aging (SEA) and widespread differential methylation in genes regulating spermatogenesis and 
embryonic development[31,32]. Despite growing evidence, the relationship between PAE exposure and 
DNAm-based aging algorithms remains underexplored.

To address this research gap, we leveraged data from the National Health and Nutrition Examination 
Survey (NHANES) 1999-2002 to explore the associations between PAE metabolites (all with > 75% 
detection frequency) and five widely used DNAm-based algorithms in a representative sample of U.S. adults 
aged ≥ 50 years (n = 831). Additionally, analyses stratified by sex and age provide insights into demographic-
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specific associations that may further clarify the impact of PAEs on biological aging.

EXPERIMENTAL
Study participants
NHANES is an annual, nationally representative survey of non-institutionalized civilians in the U.S., 
conducted by the Centers for Disease Control and Prevention (CDC) through the National Center for 
Health Statistics (NCHS)[33]. Utilizing a complex sampling design that includes oversampling of specific 
subgroups[34], NHANES gathers demographic and health data from participants who provide blood and 
urine samples at mobile examination centers and give written consent[35]. For our study, we combined data 
from two cycles (1999-2002) in accordance with NCHS recommendations.

Quantification of urinary PAE metabolite concentrations
Using data from the publicly available NHANES database, we analyzed urinary concentrations of several 
PAE metabolites: mono-ethyl phthalate (MEP), mono-n-butyl phthalate (MBP), mono-cyclohexyl phthalate 
(MCHP), mono-(2-ethyl) hexyl phthalate (MEHP), mono-n-octyl phthalate (MOP), mono-benzyl phthalate 
(MBzP), mono-isononyl phthalate (MiNP), mono-(2-ethyl-5-hydroxyhexyl) phthalate (MEHHP), mono-
(2-ethyl-5-oxohexyl) phthalate (MEOHP), mono-(3-carboxypropyl) phthalate (MCPP), and mono-isobutyl 
phthalate (MiBP). Quantification of urinary PAE metabolite concentrations followed NHANES 
guidelines[36,37]. In summary, urine samples underwent enzymatic deconjugation of glucuronides, followed 
by solid-phase extraction. Chromatographic separation of PAE metabolites was achieved using reversed-
phase high-performance liquid chromatography (HPLC), with detection performed using atmospheric 
pressure chemical ionization tandem mass spectrometry (APCI-MS/MS). Metabolites were quantified 
through isotope dilution, and assay precision was enhanced by incorporating 13C4-labeled internal standards 
for each analyte, along with a conjugated internal standard to assess deconjugation efficiency. Urinary 
concentrations of the PAEs below the level of detection (LOD) were assigned the limit of detection divided 
by the square root of two as recommended by NHANES[38]. This standardized approach, consistently 
adopted in peer-reviewed analyses of NHANES 1999-2002 biomarker data[39], ensures methodological 
alignment with established protocols for handling left-censored observations in this cohort. We included 
only PAE metabolites with detection frequencies ≥ 75%. This detection frequency (75%) was selected 
following the established methodology for urinary PAE analyses in the NHANES 1999-2002 dataset, as 
implemented in the study of PAEs and leukocyte telomere length[39].

DNAm aging algorithm measurements
Following NHANES DNA Methylation Array and Epigenetic Biomarkers Data Documentation[40], we 
assessed DNAm using blood samples from adults aged ≥ 50 years. These samples were collected during the 
1999-2000 and 2001-2002 survey cycles. Methylation profiling employed the Illumina EPIC array (San 
Diego, CA, USA), with preprocessing and normalization conducted per manufacturer protocols in Dr. 
Yongmei Liu’s laboratory at Duke University.

We computed five established epigenetic aging biomarkers: HannumAge[41], SkinBloodAge[42], PhenoAge[43], 
GrimAge[44], and GrimAge2[45]. For each algorithm, we calculated age-adjusted residuals (epigenetic age 
acceleration metrics) to quantify deviations from chronological age. Designated as HorvathAgeacc, 
SkinBloodAgeacc, PhenoAgeacc, GrimAgeMortacc, and GrimAge2Mortacc, these metrics indicate accelerated 
or decelerated aging, providing insight into biological aging relative to chronological age.

Covariates
To control for potential confounders, we included the following covariates: demographic characteristics 
(age in years, continuous; sex), lifestyle factors (smoking pack-years and alcohol consumption), leukocyte 
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composition, urine creatinine, and C-reactive protein levels, along with survey years. As previously 
described[46,47], age, sex, and alcohol consumption data were collected through self-report questionnaires. We 
categorized alcohol consumption as Never, Ever, Current, and Don’t Know based on the question: “In any 
one year, have you had at least 12 drinks of any type of alcoholic beverage?” Smoking pack-years were 
estimated using a DNAm-based method[44], while leukocyte composition was determined via the Houseman 
algorithm[48]. Urinary creatinine (ng/mL) was measured via a Jaffe rate reaction on a CX3 analyzer and 
entered into models as a natural log-transformed variable.

Statistical analysis
We summarized baseline demographic characteristics using standard descriptive methods, with analyses 
weighted for urinary PAE subsamples per NCHS recommendations. Using Spearman correlation 
coefficients, we assessed correlations among age, urinary PAE metabolites, and the five DNAm aging 
algorithms, presenting results in a correlation matrix plot.

We examined associations between urinary PAE metabolites and DNAm aging algorithms using linear 
regressions. Model 1 was adjusted for age, sex, leukocyte composition, and survey years, while Model 2 
included additional adjustments for smoking pack-years, alcohol consumption, natural log-transformed 
urine creatinine, and natural log-transformed C-reactive protein. We also stratified analyses by sex and age 
to explore demographic-specific associations specific to demographic groups, which could further elucidate 
how PAEs impact biological aging. To rigorously evaluate the assumption of linear dose-response 
relationships between PAEs and DNAm aging algorithms, we employed generalized additive models 
(GAMs) using the “mgcv” package (v1.8-42) in R.

All analyses were performed using SAS, version 9.4 (SAS Institute, Inc., Cary, NC) and R, version 4.3.1. 
Statistical significance was defined as a two-sided P-value < 0.05.

RESULTS AND DISCUSSION
Population characteristics
Table 1 presents the characteristics of the study population, which consists of 831 participants with an equal 
distribution of males and females. The average age was 66.66 years in the 1999-2000 cycle and 65.13 years in 
the 2001-2002 cycle, with no significant difference between the two cycles. Additionally, alcohol 
consumption, body mass index, smoking pack-years, and C-reactive protein levels were comparable across 
the two cycles.

Profiles of PAE metabolites in urine
Table 2 summarizes the distribution of urinary PAE metabolites in the study population and lists the LOD 
values provided by NHANES[49]. MEP, MEHP, MBzP, and MBP were highly detectable across all 
participants, with detection frequencies of 99%, 78%, 96%, and 99%, respectively. The average 
concentrations of MEP, MEHP, MBzP, and MBP were 551.86, 6.31, 16.26, and 40.39 ng/mL, respectively. 
MEP and MBzP concentrations were significantly higher in males than in females. MEP levels also differed 
significantly between participants aged 50-64 years (average: 669.55 ng/mL) and those aged ≥ 65 years 
(average: 443.97 ng/mL). This finding aligns with a notable negative correlation between age and MEP (P-
value = 0.0005, r = -0.12), suggesting that MEP exposure declines with increasing age [Figure 1]. These 
results indicate that MEP is the predominant PAE metabolite in humans, and males aged 50-64 years may 
face greater health risks from MEP exposure.
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Table 1. Characteristics of the study population

Characteristics 1999-2000 (n = 389) 2001-2002 (n = 442) P-value

Age (years, mean ± SD) 66.66 ± 9.64 65.13 ± 10.19 0.1313

Sex (N/%) 0.6285

Men 195 (50.13) 229 (51.81)

Women 194 (49.87) 213 (48.19)

Race/ethnicity, N (%) < 0.0001

Non-Hispanic White 148 (38.05) 202 (45.70)

Non-Hispanic Black 68 (17.48) 108 (24.43)

Mexican American 134 (34.45) 91 (20.59)

Other Races-Including Multi-Racial 8 (2.06) 17 (3.85)

Other Hispanic 31 (7.97) 24 (5.43)

Educational levels (N/%)a < 0.0001

Low (≤ 9 years) 213 (54.76) 159 (35.97)

Intermediate (10-11 years) 67 (17.22) 95 (21.49)

High (≥ 12 years) 109 (28.02) 188 (42.53)

Body mass index (kg/m2, mean ± SD)b 28.68 ± 5.53 28.49 ± 5.27 0.4701

Smoking pack-years (pack-year, mean ± SD) 19.77 ± 13.25 18.79 ± 13.84 0.4029

Alcohol consumption (N/%)c 0.9384

Never 73 (18.77) 77 (17.42)

Ever 70 (17.99) 77 (17.42)

Current 226 (58.10) 266 (60.18)

Don’t know 20 (5.14) 22 (4.98)

Creatinine, urine (mg/dL) 116.96 ±7 4.8 115.20 ± 66.16 0.0409

C-reactive protein (mg/dL) 0.71 ± 1.84 0.59 ± 1.28 0.4236

aData missing for 3 participants. bDNAm predicted pack-years of smoking. cData missing for 144 participants. SD: standard deviation; DNAm: 
DNA methylation.

Correlations of age, PAE metabolites, and DNAm algorithms
Assessments of acceleration values from the five DNAm algorithms showed 0.89 for HannumAgeacc, -1.50 
for SkinBloodAgeacc, -10.47 for PhenoAgeacc, 0.31 for GrimAgeMortacc, and 6.15 for GrimAge2Mortacc 
[Table 3]. Significant differences were observed: HannumAgeacc, GrimAgeMortacc, and GrimAge2Mortacc 
were higher in males than in females, and individuals aged 50-64 years exhibited greater accelerations 
compared to those aged ≥ 65 years. MBzP showed notable correlations with GrimAgeMortacc (P-values = 
0.0001, r = 0.13) and GrimAge2Mortacc (P-values < 0.0001, r = 0.14) [Figure 1].

Associations between PAE metabolites and acceleration of DNAm algorithms
Table 4 presents the associations between MEP, MEHP, MBzP, and MBP with the five DNAm algorithms. 
After multivariable adjustments, MBzP exhibited significant associations with all DNAm algorithms, with 
P-values ranging from 0.0001 to 0.0393 and β coefficients varying from 0.22 (95%CI: 0.07-0.38) for 
GrimAgeMortacc to 0.68 (95%CI: 0.18-1.18) for PhenoAgeacc. In contrast, MEP, MEHP, and MBP did not 
demonstrate significant associations with any DNAm algorithm.

Sex-stratified analyses [Table 5] revealed that MBzP was significantly associated with PhenoAgeacc, 
GrimAgeMortacc, and GrimAge2Mortacc in males, with the strongest effect observed for PhenoAgeacc (β = 
0.75, 95%CI: 0.12-1.38, P-value = 0.0205). Among females, a significant association was identified only 
between MBzP and GrimAge2Mortacc (β = 0.36, 95%CI: 0.05-0.66, P-value = 0.0250). These findings are 
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Table 2. Distribution of urinary phthalate metabolites in all participants, categorized by sex and age

By sex By age
Phthalate metabolite (ng/mL) Abbr. LOD All (N = 831)

Males (n = 424) Females (n = 407) P-value 50-64 years (n = 396) ≥ 65 years (n = 435) P-value

Mono-ethyl phthalatea MEP 1.21 551.86 ± 1,421.32 697.66 ± 1,671.65b 399.58 ± 1,082.09c 0.0025 669.55 ± 1,658.36d 443.97 ± 1,153.87e 0.0224

Mono-(2-ethyl)-hexyl phthalate MEHP 0.86 6.31 ± 12.42 6.41 ± 10.09 6.21 ± 14.47 0.8084 6.66 ± 12.36 6.00 ± 12.48 0.4427

Mono-benzyl phthalate MBzP 0.47 16.26 ± 40.24 20.06 ± 52.35 12.29 ± 20.57 0.0053 17.67 ± 51.38 14.97 ± 26.26 0.3330

Mono-cyclohexyl phthalate MCHP 0.93 1.02 ± 1.28 1.08 ± 1.44 0.96 ± 1.08 0.1825 1.02 ± 1.57 1.02 ± 0.94 0.9681

Mono-isononyl phthalate MiNP 0.79 1.15 ± 2.34 1.19 ± 2.91 1.11 ± 1.54 0.6261 1.15 ± 2.12 1.15 ± 2.52 0.9953

Mono-n-octyl phthalate MOP 0.77 1.46 ± 3.23 1.58 ± 4.40 1.33 ± 1.08 0.2509 1.37 ± 2.54 1.54 ± 3.76 0.4464

Mono-n-butyl phthalate MBP 0.94 40.39 ± 163.42 44.98 ± 221.13 35.61 ± 60.06 0.4090 36.40 ± 66.32 44.03 ± 216.89 0.5013

Mono-(2-ethyl-5-hydroxyhexyl) phthalatef MEHHP / 35.55 ± 80.48 36.25 ± 85.50g 34.79 ± 74.9h 0.8489 35.60 ± 84.68i 35.48 ± 75.86j 0.9877

Mono-(2-ethyl-5-oxohexyl) phthalate MEOHP / 23.63 ± 57.43 24.46 ± 62.40 22.73 ± 51.68 0.7525 23.50 ± 61.19 23.77 ± 53.19 0.9599

Mono-(3-carboxypropyl) phthalate MCPP / 4.84 ± 15.17 5.61 ± 19.49 4.00 ± 8.32 0.2661 4.39 ± 13.85 5.32 ± 16.51 0.5225

Mono-isobutyl phthalate MiBP 0.70 4.29 ± 6.57 4.12 ± 5.29 4.46 ± 7.72 0.5841 4.46 ± 6.05 4.10 ± 7.1 0.5680

Sample size: a, b, c, d, e = 828, 423, 405, 396, 432; f, g, h, i, j = 442, 229, 213, 230, 212. LOD: the level of detection.

Table 3. Five DNAm aging algorithms for all participants, categorized by sex and age

By sex By age
Total (N = 831)

Males (n = 424) Females (n = 407) P-value Aged 50-64 years (n = 396) Aged ≥ 65 years (n = 435) P-value

HannumAgeacc 0.89 ± 6.31 1.6 ± 5.98 0.15 ± 6.57 0.0009 2.73 ± 5.31 -0.79 ± 6.68 < 0.0001

SkinBloodAgeacc -1.50 ± 5.73 -1.21 ± 5.49 -1.80 ± 5.96 0.1407 0.06 ± 4.40 -2.92 ± 6.40 < 0.0001

PhenoAgeacc -10.47 ± 7.55 -10.27 ± 7.17 -10.69 ± 7.92 0.4198 -8.79 ± 6.29 -12.00 ± 8.24 < 0.0001

GrimAgeMortacc 0.31 ± 5.61 2.16 ± 5.53 -1.62 ± 5.02 < 0.0001 2.51 ± 5.21 -1.69 ± 5.20 < 0.0001

GrimAge2Mortacc 6.15 ± 6.14 7.68 ± 6.17 4.54 ± 5.70 < 0.0001 8.63 ± 5.69 3.88 ± 5.66 < 0.0001

DNAm: DNA methylation.

corroborated by Supplementary Figure 1, which illustrates that MBzP and other metabolites correlate with GrimAgeMortacc and GrimAge2Mortacc in males 
[Supplementary Figure 1A], whereas no associations were observed in females [Supplementary Figure 1B].

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202508/jeea4032-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202508/jeea4032-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202508/jeea4032-SupplementaryMaterials.pdf
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Figure 1. Spearman correlation among age, urinary phthalate metabolites, and the five DNAm aging algorithms in the entire participant 
population. ***P < 0.001; **P < 0.01; and *P < 0.05. DNAm: DNA methylation.

Age-stratified analyses [Table 6] indicated significant associations between MBzP and all five DNAm 
algorithms in participants aged 50-64 years (P-values = 0.0012-0.0155), with β values ranging from 0.30 
(95%CI: 0.10-0.51) for GrimAgeMortacc to 0.93 (95%CI: 0.34-1.52) for PhenoAgeacc. In the ≥ 65 age group, 
significant associations were observed between MEP and GrimAgeMortacc (β = -0.17, 95%CI: -0.31 to -0.03, 
P-values = 0.0212) and between MBzP and GrimAge2Mortacc (β = 0.33, 95%CI: 0.05-0.62, P-values = 
0.0239). These associations are emphasized in Supplementary Figure 2, which shows correlations for MBzP 
across all five DNAm algorithms in the 50-64 age group [Supplementary Figure 2A]. Overall, significant 
associations between GrimAge2Mortacc and MBzP were observed in the general sample, with particularly 
stronger correlations between PhenoAgeacc and MBzP among males (P-interaction < 0.0001) and those aged 
50-64 (P-interaction < 0.0001). GAMs detected no significant nonlinearity in the associations between PAEs 
and epigenetic aging (all nonlinearity P > 0.05), validating the use of linear regression in this analysis.

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202508/jeea4032-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202508/jeea4032-SupplementaryMaterials.pdf
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Table 4. Associations of urinary phthalate metabolites with five DNAm algorithms of aging

Model 1 Model 2
Phthalate metabolite

β (95%CI) P-value β (95%CI) P-value

MEP

HannumAgeacc 0.01 (-0.22-0.23) 0.9593 0.01 (-0.23-0.26) 0.9192

SkinBloodAgeacc -0.02 (-0.24-0.20) 0.8709 0.01 (-0.23-0.25) 0.9571

PhenoAgeacc 0.11 (-0.17-0.38) 0.4593 0.13 (-0.17-0.42) 0.3973

GrimAgeMortacc 0.06 (-0.13-0.25) 0.5266 -0.04 (-0.14-0.05) 0.3735

GrimAge2Mortacc 0.11 (-0.09-0.32) 0.2819 -0.01 (-0.13-0.11) 0.8958

MEHP

HannumAgeacc -0.10 (-0.53-0.33) 0.6576 -0.08 (-0.53-0.38) 0.7440

SkinBloodAgeacc 0.02 (-0.40-0.44) 0.9302 0.09 (-0.36-0.53) 0.7081

PhenoAgeacc -0.13 (-0.66-0.39) 0.6227 -0.14 (-0.69-0.41) 0.6161

GrimAgeMortacc 0.10 (-0.25-0.46) 0.5633 -0.06 (-0.23-0.11) 0.4946

GrimAge2Mortacc 0.14 (-0.25-0.53) 0.4752 -0.07 (-0.29-0.15) 0.5245

MBzP

HannumAgeacc 0.39 (0.03-0.74) 0.0326 0.52 (0.11-0.94) 0.0142

SkinBloodAgeacc 0.27 (-0.08-0.61) 0.1296 0.43 (0.02-0.84) 0.0393

PhenoAgeacc 0.53 (0.09-0.96) 0.0173 0.68 (0.18-1.18) 0.0079

GrimAgeMortacc 0.52 (0.24-0.81) 0.0004 0.22 (0.07-0.38) 0.0058

GrimAge2Mortacc 0.68 (0.37-1.00) < 0.0001 0.39 (0.19-0.58) 0.0001

MBP

HannumAgeacc 0.06 (-0.30-0.41) 0.7544 0.10 (-0.34-0.53) 0.6714

SkinBloodAgeacc -0.14 (-0.49-0.20) 0.4141 -0.14 (-0.57-0.29) 0.5210

PhenoAgeacc 0.00 (-0.43-0.44) 0.9926 -0.06 (-0.58-0.47) 0.8366

GrimAgeMortacc 0.38 (0.09-0.67) 0.0099 0.06 (-0.10-0.23) 0.4635

GrimAge2Mortacc 0.53 (0.21-0.84) 0.0013 0.19 (-0.02-0.40) 0.0778

Model 1, adjusted for age, sex, leukocyte composition, and survey years. Model 2, similar to model 1, additionally adjusted for smoking pack-years, 
alcohol consumption, urine creatinine, and C-reactive protein (natural log-transformed). DNAm: DNA methylation; CI: confidence interval; MEP: 
mono-ethyl phthalate; MEHP: mono-(2-ethyl)-hexyl phthalate; MBzP: mono-benzyl phthalate; MBP: mono-n-butyl phthalate.

Discussion
Our study demonstrates that urinary MBzP is significantly associated with accelerated epigenetic aging, 
particularly affecting GrimAge-based algorithms in the overall population and PhenoAgeacc in males aged 
50-64 years. This association persisted after multivariable adjustment and remained robust in age- and sex-
stratified analyses. Notably, MBzP exerted stronger effects in males and middle-aged participants (50-64 
years), suggesting demographic-specific susceptibility. In contrast, despite their high detection rates, MEP, 
MEHP, and MBP showed no significant associations with DNAm aging biomarkers.

This demographic-specific association points to intersecting biological vulnerabilities. First, MBzP exposure 
is linked to anti-androgenic effects in humans, as evidenced by its correlation with delayed pubarche in 
girls[50]. This property may synergize with age-related testosterone decline in males, creating a unique 
window of susceptibility[51]. Second, MBzP directly induces oxidative stress in human erythrocytes by 
increasing reactive oxygen species (ROS) and hydroxyl radicals at concentrations ≥ 5 μg/mL, while 
simultaneously altering superoxide dismutase and glutathione peroxidase activity[52]. Middle-aged males 
demonstrate reduced plasma antioxidant capacity, which could exacerbate MBzP-induced DNA damage[53]. 
This is supported by epidemiological evidence showing that the association between MBzP and uterine 
fibroid risk is mediated by oxidatively generated DNA damage (8-OHdG)[54].
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Table 5. Associations of urinary phthalate metabolites with five DNAm algorithms of aging by sex

Males Females
Phthalate metabolite

β (95%CI) P-value β (95%CI) P-value
Pinteraction

MEP

HannumAgeacc 0.10 (-0.20-0.40) 0.5046 -0.17 (-0.59-0.25) 0.4255 0.6132

SkinBloodAgeacc 0.06 (-0.24-0.36) 0.6913 -0.11 (-0.51-0.30) 0.6073 0.6662

PhenoAgeacc 0.08 (-0.29-0.45) 0.6731 0.28 (-0.21-0.77) 0.2582 0.0012

GrimAgeMortacc 0.03 (-0.09-0.15) 0.6782 -0.12 (-0.27-0.04) 0.1319 < 0.0001

GrimAge2Mortacc 0.07 (-0.08-0.23) 0.3634 -0.10 (-0.29-0.09) 0.2874 0.0780

MEHP

HannumAgeacc -0.24 (-0.82-0.34) 0.4109 -0.09 (-0.82-0.63) 0.8066 0.7387

SkinBloodAgeacc 0.00 (-0.58-0.59) 0.9922 0.07 (-0.63-0.77) 0.8512 0.4470

PhenoAgeacc -0.20 (-0.91-0.51) 0.5861 -0.17 (-1.01-0.67) 0.6959 0.1848

GrimAgeMortacc -0.07 (-0.31-0.16) 0.5283 -0.09 (-0.35-0.17) 0.5040 0.0005

GrimAge2Mortacc -0.07 (-0.37-0.23) 0.6607 -0.11 (-0.43-0.21) 0.5041 0.1489

MBzP

HannumAgeacc 0.46 (-0.05-0.98) 0.0798 0.51 (-0.19-1.21) 0.1572 0.0087

SkinBloodAgeacc 0.39 (-0.13-0.91) 0.1417 0.38 (-0.29-1.06) 0.2676 0.0307

PhenoAgeacc 0.75 (0.12-1.38) 0.0205 0.46 (-0.36-1.28) 0.2694 < 0.0001

GrimAgeMortacc 0.32 (0.11-0.52) 0.0027 0.11 (-0.15-0.37) 0.3992 0.0423

GrimAge2Mortacc 0.41 (0.14-0.68) 0.0027 0.36 (0.05-0.66) 0.0250 0.1049

MBP

HannumAgeacc 0.32 (-0.27-0.90) 0.2892 -0.24 (-0.92-0.44) 0.4939 0.4182

SkinBloodAgeacc -0.14 (-0.73-0.45) 0.6360 -0.26 (-0.92-0.40) 0.4382 0.8257

PhenoAgeacc 0.11 (-0.61-0.83) 0.7621 -0.34 (-1.13-0.45) 0.4014 0.0116

GrimAgeMortacc 0.13 (-0.10-0.37) 0.2654 0.00 (-0.25-0.24) 0.9810 < 0.0001

GrimAge2Mortacc 0.26 (-0.05-0.56) 0.0999 0.11 (-0.19-0.41) 0.4685 0.6109

Models were adjusted for age, sex, leukocyte composition, smoking pack-years, alcohol consumption, urine creatinine, C-reactive protein (natural 
log-transformed), and survey years. DNAm: DNA methylation; CI: confidence interval; MEP: mono-ethyl phthalate; MEHP: mono-(2-ethyl)-hexyl 
phthalate; MBzP: mono-benzyl phthalate; MBP: mono-n-butyl phthalate.

These findings provide context for prior research on PAE. While Oluwayiose et al. reported broad links 
between PAEs and epigenetic age in sperm, with MBzP showing only a non-significant positive trend (β = 
0.24, P = 0.10)[32], our study identifies MBzP as a significant driver of systemic aging in blood-derived 
DNAm algorithms among vulnerable demographics. This divergence highlights tissue-specific effects and 
underscores MBzP’s distinct role in systemic biological aging. The association between MBzP and aging 
measures appears to vary across populations. In elderly Koreans (samples 2012-2014), MBzP had a lower 
detection frequency (731 out of 1,190) but a higher average urinary concentration (2,190 ng/mL)[54]. In this 
elderly group, linear correlations were observed between urinary MBzP quartiles and measures of physical 
performance[54]. In contrast, a recent study of children (2017-2019) reported a very high MBzP detection 
frequency (99.5%) with a lower average concentration (11.8 ng/mL)[55]. Furthermore, compounds with lower 
detection frequencies (< 75%) in our study (MEHHP, MEOHP, MCPP, MiBP) were highly detectable in 
children’s urine (100%, 100%, 99.4%, 100%) with average concentrations of 28.5, 6.42, 1.78, and 20.1 ng/mL, 
respectively[55]. The attenuated MBzP-aging association in elderly Koreans contrasts with heightened 
susceptibility in children, further emphasizing population-specific vulnerabilities, where age-dependent 
exposure sources and metabolic shifts modulate risks[55,56]. This aligns with observations of progressive 
declines in antioxidant capacity during aging, which could amplify susceptibility to MBzP-induced 
oxidative stress in midlife[53].
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Table 6. Associations of urinary phthalate metabolites with five DNAm algorithms of aging by age

50-64 years ≥ 65 years
Phthalate metabolite

β (95%CI) P-value β (95%CI) P-value
Pinteraction

MEP

HannumAgeacc 0.10 (-0.20-0.39) 0.5239 -0.07 (-0.46-0.32) 0.7326 < 0.0001

SkinBloodAgeacc 0.12 (-0.15-0.39) 0.3671 -0.08 (-0.48-0.32) 0.6971 < 0.0001

PhenoAgeacc 0.30 (-0.05-0.65) 0.0896 -0.01 (-0.49-0.47) 0.9662 < 0.0001

GrimAgeMortacc 0.10 (-0.02-0.22) 0.1141 -0.17 (-0.31-0.03) 0.0212 < 0.0001

GrimAge2Mortacc 0.13 (-0.03-0.29) 0.1108 -0.13 (-0.30-0.04) 0.1493 < 0.0001

MEHP

HannumAgeacc -0.25 (-0.81-0.30) 0.3673 -0.02 (-0.75-0.70) 0.9506 < 0.0001

SkinBloodAgeacc 0.12 (-0.38-0.63) 0.6316 -0.05 (-0.79-0.68) 0.8905 0.0003

PhenoAgeacc -0.07 (-0.72-0.57) 0.8229 -0.27 (-1.15-0.61) 0.5454 < 0.0001

GrimAgeMortacc 0.03 (-0.19-0.26) 0.7757 -0.17 (-0.44-0.09) 0.2008 < 0.0001

GrimAge2Mortacc -0.01 (-0.32-0.29) 0.9281 -0.16 (-0.47-0.16) 0.3277 < 0.0001

MBzP

HannumAgeacc 0.74 (0.23-1.24) 0.0044 0.36 (-0.30-1.02) 0.2835 < 0.0001

SkinBloodAgeacc 0.57 (0.11-1.03) 0.0155 0.38 (-0.29-1.05) 0.2688 < 0.0001

PhenoAgeacc 0.93 (0.34-1.52) 0.0022 0.47 (-0.33-1.27) 0.2494 < 0.0001

GrimAgeMortacc 0.30 (0.10-0.51) 0.0042 0.16 (-0.08-0.40) 0.1942 < 0.0001

GrimAge2Mortacc 0.46 (0.18-0.73) 0.0012 0.33 (0.05-0.62) 0.0239 < 0.0001

MBP

HannumAgeacc 0.21 (-0.36-0.79) 0.4641 0.00 (-0.65-0.66) 0.9932 < 0.0001

SkinBloodAgeacc 0.15 (-0.37-0.67) 0.5765 -0.38 (-1.04-0.28) 0.2604 < 0.0001

PhenoAgeacc 0.49 (-0.18-1.16) 0.1514 -0.54 (-1.33-0.25) 0.1845 < 0.0001

GrimAgeMortacc 0.11 (-0.13-0.34) 0.3748 0.01 (-0.23-0.24) 0.9559 < 0.0001

GrimAge2Mortacc 0.23 (-0.09-0.54) 0.1564 0.16 (-0.13-0.44) 0.2833 < 0.0001

Models were adjusted for age, sex, leukocyte composition, smoking pack-years, alcohol consumption, urine creatinine, C-reactive protein (natural 
log-transformed), and survey years. DNAm: DNA methylation; CI: confidence interval; MEP: mono-ethyl phthalate; MEHP: mono-(2-ethyl)-hexyl 
phthalate; MBzP: mono-benzyl phthalate; MBP: mono-n-butyl phthalate.

The mechanistic basis for MBzP’s potency involves its direct biological activities. First, MBzP induces 
oxidative stress by elevating ROS and hydroxyl radicals in human erythrocytes, leading to DNA damage (8-
OHdG) that mediates disease pathogenesis[52,54]. Second, MBzP exposure elevates systemic inflammation 
markers (C-reactive protein and interleukin-6) and promotes hyperuricemia through immune 
inflammation mediation[57,58]. Third, MBzP correlates with altered DNAm patterns in human sperm and 
urine (this study), confirming its potential to disrupt epigenetic processes[31]. These pathways converge on 
epigenetic aging mechanisms, through which MBzP-induced inflammation promotes GrimAge acceleration, 
a recognized mediator of cognitive impairment[59]. The stronger association in males aged 50 to 64 likely 
reflects three synergistic factors: (1) Interaction between MBzP’s anti-androgenic effects and age-related 
hormonal changes[50,53]; (2) Compromised antioxidant defenses in midlife males[53]; and (3) Enhanced 
sensitivity to inflammaging, as GrimAge incorporates inflammatory mortality predictors[59]. These findings 
shift focus from general PAE exposure to specific risk scenarios: MBzP exposure during midlife in males 
represents a critical window for the acceleration of biological aging. Future studies should validate these 
associations longitudinally while measuring oxidative stress and inflammation biomarkers to confirm 
mechanistic pathways.
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Several limitations should be considered when interpreting the findings. First, as an observational study, it is 
susceptible to potential biases, including reverse causality and the influence of unmeasured or residual 
confounding factors (such as diet, occupation, or other environmental/lifestyle factors). These limitations 
restrict the ability to establish causal relationships between urinary PAE metabolites and DNAm-based 
aging algorithms. Second, the study sample comprised only U.S. participants aged 50 years and older. While 
the sample shares key sociodemographic characteristics with the broader U.S. population, it is not a random 
sample. This constrains the generalizability of the findings to younger populations, other geographical 
regions, or more diverse cohorts. Third, DNAm signatures were assessed at a single time point, limiting the 
ability to track their stability or changes over time. Longitudinal data would be necessary to better 
understand the temporal dynamics of these signatures and their associations with health outcomes. Finally, 
further validation in independent studies involving more diverse populations with varying age ranges and 
risk profiles is essential to confirm the robustness and generalizability of these results.

CONCLUSIONS
This study identifies MBzP as a significant predictor of accelerated epigenetic aging, particularly affecting 
GrimAge-based algorithms in the overall population. Crucially, males aged 50-64 years exhibited the 
strongest associations, with MBzP showing robust links to PhenoAge acceleration (β = 0.75, 95%CI: 0.12-
1.38). In contrast, metabolites like MEP, MEHP, and MBP demonstrated no significant associations with 
DNAm aging biomarkers. Age-stratified analyses further revealed that MBzP’s effects were pronounced in 
middle-aged adults (50-64 years), which aligns with the observed decline in MEP exposure among older 
adults (≥ 65 years). These findings highlight MBzP as a sex- and age-specific risk factor for biological aging, 
warranting targeted investigation into its mechanistic pathways and the development of public health 
interventions for vulnerable demographics.
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