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Highlights

Public health relevance—How does this work relate to a public health issue?

• Organophosphate pesticide (OP) exposure remains widespread among US adults
despite regulatory efforts.

• Understanding the association between OP environmental exposures and biological
aging is important for disease prevention and healthy aging.

Public health significance—Why is this work of significance to public health?

• Our study is the first known to assess the association between Urinary OP metabolites
and biological aging using nine clinical biomarkers.

• Adults with detectable urinary OP metabolites exhibited higher phenotypic age accel-
eration after adjustment for demographic characteristics.

Public health implications—What are the key implications or messages for practitioners,
policy makers and/or researchers in public health?

• Low-level environmental pesticides can also contribute to modest acceleration in
biological aging.

• Strengthening environmental health policies and further regulating pesticide exposure
may promote healthier aging in the U.S.

Abstract

Biological aging, quantified through molecular and physiological biomarkers, provides a
dynamic assessment of the aging processes. Although organophosphate (OP) pesticide
exposure is known to disrupt cellular and metabolic functions, causing inflammation, its
relationship with phenotypic (biological) aging acceleration (PAA) remains understud-
ied. We examined data from 1999–2008 and 2015–2018 National Health and Nutrition
Examination Survey to determine the relationship between OP and PAA. Urinary levels of
6 Dialkyl-phosphate metabolites were used to assess OP exposure; participants were con-
sidered exposed if they had at least one urinary OP metabolite above the highest lower limit
of detection (LLOD). Phenotypic age was estimated using BioAge R package combining
nine laboratory biomarkers. PAA was derived as the residual from regressing phenotypic
age onto chronological age. The association was assessed using survey-weighted linear
regression. A total of 8988 participants with complete urinary, sociodemographic, and

Int. J. Environ. Res. Public Health 2026, 23, 1126 https://doi.org/10.3390/ijerph23091126

https://crossmark.crossref.org/dialog?doi=10.3390/ijerph23091126&domain=pdf&date_stamp=2026-09-02
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/ijerph
https://www.mdpi.com
https://orcid.org/0009-0005-9072-732X
https://orcid.org/0009-0006-4616-2744
https://doi.org/10.3390/ijerph23091126


Int. J. Environ. Res. Public Health 2026, 23, 1126 2 of 15

laboratory data were included; mean chronological age was 44.95 years (SE = 0.29), while
mean phenotypic age was 43.19 years (SE = 0.31). In the fully adjusted model, individuals
with detected OP metabolites had higher PhenoAgeAccel (β = 0.65; 95% CI: 0.14–1.17). OP
metabolite detection was associated with greater PAA, extending limited literature and
supporting further investigation of its implications for healthy aging.

Keywords: aging biomarkers; phenotypic aging; aging acceleration; organophosphate
pesticides; environmental exposure

1. Introduction
Aging is a complex process that involves changes at the genetic, molecular, physi-

ological, and environmental levels [1]. Chronological age is the number of years lived
since birth [2,3]. As such, chronological age is a fixed measure of time lived and does
not fully capture functional health, disease risk, or morbidity across individuals of the
same chronological age. Therefore, chronological age is an imperfect measure of the aging
process [1], which fails to adequately capture individual health variations.

Biological age, an integrated value of biophysiological measures, may outperform
chronological age in predicting the degree of aging and ultimately mortality [4–6]. This
is because people age at faster or slower rates depending on genetics, lifestyle, and envi-
ronmental factors, and on the changing dynamics of these factors throughout one’s life
course [1]. Human physiology exhibits certain phenotypic characteristics with aging and
morbidity. Biological age can be assessed using phenotypic features of aging, which include
a range of biomarkers, DNA methylation patterns, clinical indices, and resilience [2,7]. In
contrast to chronological age, biological aging is not a fixed process; rather, the clinical
biomarkers that comprise biological aging are modifiable through healthy lifestyle changes
and other such interventions.

Phenotypic aging, one measure for quantifying biological age, is estimated using clini-
cal laboratory biomarkers to measure age-related physiological decline that is associated
with functional health and risk of disease [5,6]. PhenoAge was first introduced by Morgan E.
Levine in 2018 [6] and is a validated measure of biological age based on the Gompertz mor-
tality model-a mathematical model that studies the rate of aging and age-specific mortality
rates in adults [8]. Phenotypic age is estimated using nine clinical biomarkers: albumin,
alkaline phosphatase (ALP), creatinine, glucose, C-reactive protein (CRP), lymphocyte
percent, mean cell volume (MCV), red cell distribution width (RDW), and white blood cell
(WBC) count, and regressing it against chronological age [6]. Phenotypic aging acceleration
(PhenoAgeAccel; PAA) is calculated as the residual from regressing phenotypic age on
chronological age. A positive PhenoAgeAccel indicates accelerated aging, suggesting the
person’s physiological condition is biologically older than expected for their age, while a
negative value indicates decelerated or slower aging relative to their chronological age [9].
Studies have shown that this phenotypic aging acceleration significantly correlates with
physiological decline such as frailty, disability, and all-cause mortality [6,10,11]. Further-
more, phenotypic aging acceleration is significantly associated with systemic inflammation,
frailty [12,13], adverse cardiovascular disease [14,15], as well as chronic respiratory dis-
eases, decreased lung function, and cognitive performance metrics overall [16,17]. Thus,
phenotypic age and phenotypic aging acceleration capture both functional decline and
whole-system dysregulation (inflammation, metabolic function, organ integrity), which
may not be captured by chronological age alone, or are insufficiently captured by other
aging-based metrics, like epigenetic aging [13].
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Environmental and occupational exposures have been linked to deviation from ex-
pected aging trajectories [7,18]. Pesticides are a mixture of toxic organic compounds used
in agriculture to destroy and/or repel pests according to the Environmental Protection
Agency (EPA) [19]. Among these, organophosphate (OP) pesticides are a widely used class
of pesticide [20]. Although OP pesticides were previously deemed safe compared to their
organochloride counterparts; today, due to their bioaccumulative potential, environmental
persistence, and human health hazards, OP pesticides usage has raised public health con-
cerns [21]. Despite the ban on residential use of organophosphorus pesticides, US citizens
still appear to be highly exposed [20]. Prior studies have demonstrated that higher body
levels of pesticides were linked to aging-related morbidity, such as neurodegenerative
diseases [20–24], cardiovascular diseases [25], and airway obstruction pathogenesis [26],
including whole-systemic physiological degradation [18,22]. In addition, pesticides induce
oxidative stress, dysregulation of metabolic and inflammatory pathways, and disrupt
endocrine homeostasis [26,27]. Studies have also found that high exposure to pesticides
can cause shortened telomere length [22,28,29], and epigenetic aging acceleration [30].

Prior research has examined OP pesticide exposure in relation to other types of biolog-
ical aging measures such as early-generation epigenetic clocks and/or telomere length [22].
Previous studies have reported that OP pesticide exposure was associated with shortened
telomere length [28,29], while other studies reported that OP exposure was associated with
accelerated epigenetic aging [30]. Evidence regarding OP pesticide exposure on phenotypic
aging, based on clinical biomarkers, remains limited. Further research is needed as pheno-
typic aging acceleration may serve as a valuable and immediate tool for disease assessment
in clinical practice. Additionally, because PhenoAgeAccel is a residual-based measure that
controls for age-related trends and variability across the lifespan, it may help isolate the
effects of environmental and behavioral exposures on biological aging [9].

A gap remains in the literature, as there is a dearth of studies looking at the effect of
OP exposure on phenotypic aging. In this study, we used a U.S. population-representative
dataset to assess whether OP pesticide exposure is associated with phenotypic aging
acceleration. The primary objective of this study was to examine the association between
urinary OP pesticide metabolite detection and phenotypic aging acceleration among U.S.
adults using NHANES data. We hypothesized that detection of organophosphate pesticide
metabolites would be associated with greater phenotypic aging acceleration. The secondary
objective of this study was to evaluate the associations between OP metabolite detection
and the individual clinical biomarkers comprising the phenotypic age algorithm.

2. Materials and Methods
2.1. Data Source

Data were obtained from the National Health and Nutrition Examination Survey
(NHANES), a large, nationally representative, cross-sectional survey conducted by the
U.S. Centers for Disease Control and Prevention (CDC) as part of their National Center for
Health Statistics (NCHS) program. NHANES is comprised of surveys, laboratory tests, and
physical examinations designed to assess the health and nutritional status of American
adults and children. The survey is conducted and released in biennial cycles, and the
NHANES datasets are de-identified and publicly available. The NHANES study protocol
was approved by the NCHS Ethical Review Board with written informed consent obtained
from all participants [31,32]. For this study, adult participants (≥20 years) were eligible
when surveyed during the 1999–2008 or 2015–2018 NHANES cycles, as the 2009–2010
and 2011–2014 cycles could not be used due to missing relevant data. Specifically, the
2009–2010 cycle was excluded due to lack of urinary laboratory data for these metabolites,
and the 2011–2014 cycles were excluded because they did not have all relevant laboratory
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values necessary to calculate phenotypic age. NHANES laboratory measurements are
collected using standardized quality assurance and quality control procedures. However,
some laboratory methods and instrumentation changed for some analytes across survey
cycles. Hence, NHANES-recommended biomarker-specific calibration equations and units’
harmonization were incorporated during data preprocessing, where applicable, including
calibration of serum creatinine measurements for the 1999–2000 and 2005–2006 cycles.

A total of 101,316 participants from NHANES cycles 1999–2008 and 2015–2018 were
initially considered. Participants younger than 20 years (n = 46,235) were excluded. Of the
remaining 55,081 adults, individuals missing one or more laboratory measures required for
the calculation of phenotypic age were excluded (n = 17,498). An additional 3339 partici-
pants with missing sociodemographic variables (i.e., annual family income categories) were
excluded, resulting in an analytic sample of 34,244 individuals. NHANES subsampled
approximately one-third of participants to survey for environmental chemicals, including
urinary organophosphate metabolites. For pesticide-specific analyses, participants missing
urinary pesticide metabolite measurements were excluded (n = 25,256). This constituted
the final analytical sample for this study, yielding a sample size of 8988 participants with
complete data on phenotypic age biomarkers, OP pesticide metabolites, and demographics
(Figure 1).

In this manner, we restricted the sample to those who were ≥20 years old, had all nine
laboratory values needed to calculate biological aging measures of interest (phenotypic
aging acceleration), OP urinary metabolites data, and complete sociodemographic variables.
Since organophosphate metabolites were surveyed in one-third sub-sample from the entire
NHANES participants, the corresponding sub-sample weights were applied. All models
accounted for the NHANES complex survey design using strata, primary sampling units,
and the appropriate pooled survey weights according to NHANES analytic guidelines [32].

2.2. Main Outcome—Phenotypic Aging Acceleration

Phenotypic age (also termed “PhenoAge”) was proposed by Morgan E. Levine et al.
as a measure of biological aging derived from nine clinical biomarkers: albumin, alkaline
phosphatase (ALP), creatinine, glucose, C-reactive protein (CRP), lymphocyte percentage,
mean cell volume (MCV), red blood cell-distribution width (RBD), and white blood cell
count (WBC) [6].

Levine’s established methodology for estimating phenotypic age relied on NHANES
III data, where phenotypic age is calculated as a linear combination of chronological age and
nine biomarkers, weighted by coefficients from Cox models of mortality from the NHANES
III as the reference population. This phenotypic age represents an individual’s expected
biological age relative to their chronological age and corresponds to that individual’s
estimated mortality risk within the reference population [6,33].

In this study, phenotypic age was calculated using the validated algorithm developed
by Levine et al., which incorporates nine clinical biomarkers and chronological age. Prior
literature has described this algorithm and thorough calculation methods for PhenoAge
(Appendix A) [6,33–35]. For this study, the R package BioAge was used for calculating
phenotypic age and regression residuals (PhenoAgeAccel) [36]. PhenoAge was first com-
puted using BioAge (based on NHANES III) and projected to our continuous NHANES
dataset using the published coefficients. Phenotypic aging acceleration (PhenoAgeAccel)
was calculated as the residuals obtained from regressing phenotypic age on chronological
age using a univariable linear model. A positive residual indicated that an individual’s
phenotypic age is higher than their chronological age. This residual-based method effec-
tively controls for age-related trends and isolates variability due to biological differences,
environmental exposures, or behavioral factors [9]. This is important, as aging predictions
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vary across the lifespan, with varying clinical biomarker ranges in different chronological
age groups. The formula used to calculate phenotypic age is reported in Appendix A.

Figure 1. Flow diagram of inclusion and exclusion criteria for U.S. adults aged ≥20 years from
NHANES 1999–2008 and 2015–2018 used in the analytic sample (unweighted n = 8988). Note on Miss-
ingness: Participants were excluded sequentially. Of the 101,316 eligible NHANES adult participants,
46,235 were excluded due to being less than 20 years old, and the remaining 17,498 participants were
excluded due to missing biomarkers (out of the nine clinical indices) needed to calculate PhenoAge.
An additional 3339 participants were excluded due to missing sociodemographic variables (income
categories). In addition, NHANES measures environmental chemicals in a randomly selected 1/3rd
subsample of the total population. In this manner, the final analytic sample (N = 8988) included
participants with complete data for all covariates, exposure, outcome, and survey design variables for
a complete-case analysis. Because pesticide biomarkers were collected in a subsample, appropriate
subsample survey weights were applied in all analyses.
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2.3. Organophosphorus (OP) Pesticide Exposure

Dialkylphosphate (DAP) metabolites are measurable in the urine and are considered
proxies of the collective exposure to organophosphorus (OP) pesticides [20]. In the US,
according to the EPA, 2/3rd of all OPs used are metabolized to produce one or more of
the following six DAP compounds: Dimethylphosphate (DMP), Diethylphosphate (DEP),
Dimethylthiophosphate (DMTP), Diethylthiophosphate (DETP), Dimethyldithiophosphate
(DMDTP), and Diethyldithiophosphate (DEDTP) [20,37]; these 6 DAPs were therefore
used to quantify pesticide exposure from NHANES in the present study. A one-third
subsample of participants aged ≥ 6 years from available cycles was randomly selected by
NHANES to undergo laboratory assessment for environmental chemical exposures [38].
Urine specimens were kept appropriately frozen until shipment to the National Center
for Environmental Health—Division of Laboratory Sciences for testing. Analyte levels
were quantified by isotope dilution tandem mass spectrometry. Additional information on
laboratory methods is detailed in the official NHANES laboratory procedures manual [39].

Presence of urinary organophosphate pesticide metabolites was binarized around the
highest lower limit of detection (LLOD) that was reported among NHANES cycles. A
binary OP metabolite detection variable was used to evaluate the presence versus absence
of any detectable urinary DAP metabolites, consistent with the primary objective of this
study. For each urinary organophosphate metabolite (DMP, DEP, DMTP, DETP, DMDTP,
and DEDTP), the highest LLOD reported across all included NHANES cycles was used
to create binary indicators: 0 for values below the LLOD and 1 for values at or above
the LLOD. The maximum LLOD across NHANES cycles was used as the criterion to
establish binary variables for each metabolite. The LLOD values for each metabolite were
as follows: DMP = 0.58 µg/L; DEP = 0.37 µg/L; DMTP = 0.55 µg/L; DETP = 0.56 µg/L;
DMDTP = 0.51 µg/L; DEDTP = 0.39 µg/L (Table A1). Due to changes to detection limit
(DL) over time, the most conservative DL for each OP was used. When urine DAP levels fell
below the DL, a DL/

√
2 value was imputed in accordance with the common substitution

method in environmental exposure studies [20,40,41]. This approach provided consistent
exposure classification across survey years despite differences in laboratory sensitivity.
Participants who had at least one metabolite above the lower limit of detection (LLOD)
were deemed exposed. This measure was intended to assess metabolite detection rather
than quantify the magnitude of OP exposure. As such, the primary exposure/predictor
in this study was organophosphate pesticide exposure (at least one metabolite above the
lower limit of detection [LLOD] vs. none).

2.4. Covariates

Covariates were selected a priori based on hypothesized relationship between OP
exposure and phenotypic aging, supported by previous studies [9,42]. Sociodemographic
variables extracted from NHANES included race/ethnicity, sex, and annual family income.
Models were adjusted for these covariates, defined as: race/ethnicity (Non-Hispanic White
[reference category], Non-Hispanic Black, Hispanic, Other); sex (Male [reference cate-
gory], Female); Annual Family Income (0–24,999 USD [reference category], 25,000–54,999,
55,000–74,999, ≥75,000). Additional lifestyle and occupational factors were considered;
however, their inclusion was limited by substantial missingness, limiting statistical power.

2.5. Statistical Analysis

Data were combined into a single continuous NHANES file after being downloaded
cycle-wise using ‘RNHANES’ package in R statistical software (v4.4.2; 2024). Using the
published coefficients (trained on NHANES III), PhenoAge was calculated using BioAge
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software and projected to our continuous NHANES dataset. PhenoAgeAccel was computed
as the residual of PhenoAge regressed on chronological age.

A survey-weighted multivariable linear regression was used to determine the asso-
ciation between OP pesticide metabolites and PhenoAgeAccel. Covariates were selected
a priori based on prior knowledge and literature to appropriately adjust for confounding.
The multivariable linear regression model included sociodemographic (race/ethnicity and
sex) factors and socioeconomic (annual family income) as covariates. All models accounted
for the NHANES complex survey design using strata, primary sampling units, and the ap-
propriate pooled survey weights. Participants with NHANES-assigned zero OP subsample
weights (n = 414) were retained in the analytic dataset (n = 8988) but did not contribute to
survey-weighted descriptive and regression analyses. Thus, all survey-weighted estimates
were based on 8574 participants with NHANES-assigned positive OP subsample weights.

To further examine potential underlying biology, survey-weighted multivariable linear
regression models were used to assess the association between OP pesticide detection and
individual clinical biomarkers comprising the phenotypic age algorithm. C-reactive protein
was log-transformed due to its skewed distribution. Models were adjusted for age, sex,
race/ethnicity, and annual family income, incorporating NHANES subsample weights.

As a sensitivity analysis, we additionally adjusted for individual biennial NHANES
survey cycles to account for potential temporal differences in exposure distributions, labo-
ratory methods, and population characteristics across survey periods.

Data preparation and phenotypic age calculation were performed using R Statisti-
cal Software (v4.4.2; R Core Team 2024). Regression analyses and visualizations were
conducted using SAS software, version 9.4 (SAS Institute, Cary, NC, USA).

3. Results
3.1. Study Sample

A total of 8988 adult participants from NHANES cycles 1999–2008 and 2015–2018 were
included in this analysis. Participants with NHANES-assigned weights of zero (n = 414)
did not contribute to survey-weighted estimates. Thus, all survey-weighted analyses
were conducted using 8574 participants with positive survey weights. Among these
7667 participants, (corresponding to a survey-weighted prevalence of 88.5% US adults) had
detectable OP levels of at least one OP metabolite in their urine; while 907 (corresponding
to a survey-weighted prevalence of 11.5%) were below LLOD. Males (88.7%) and females
(88.4%) had approximately comparable OP detection rates (p = 0.7138). Across racial/ethnic
groups, OP detection prevalence differed significantly (p = 0.0522). Non-Hispanic Blacks
had the highest prevalence of OP detection (90.6%), followed by Hispanic (90.2%), and
the ‘Other/Multi-ethnic’ category had the lowest detection rate (86.9%) compared to
Non-Hispanic White (88.1%). OP detection was ubiquitous across annual family income
groups, with the highest detection observed in the highest income group ($75,000+) at
89%, followed by the middle-income group between $25,000–$54,999 (88.9%) (p = 0.6145).
Participants with detected OP were chronologically older (mean 45.22 ± SE 0.31 years; 95%
CI: 44.61–45.84) compared to the non-detected group (42.86 ± SE 0.61 years; 95% CI: 41.65
to 44.07; p = 0.0003). Similarly, mean phenotypic age was higher among those with detected
OP metabolites (43.55 ± SE 0.32; 95% CI: 42.91–44.19) vs. (40.39 ± SE 0.69 years; 95% CI:
39.02–41.76; p < 0.0001). In the case of Phenotypic Age Acceleration, while both groups
showed lower phenotypic age than chronological age, nevertheless the non-detected group
had significantly lower age acceleration (−1.19 ± SE 0.25; 95% CI: −1.69 to −0.70), while
PhenoAgeAccel was higher in the OP-detected group (−0.48 ± SE 0.10; 95% CI: −0.67 to
−0.29; p = 0.0097) (Table 1).

https://doi.org/10.3390/ijerph23091126

https://doi.org/10.3390/ijerph23091126


Int. J. Environ. Res. Public Health 2026, 23, 1126 8 of 15

Table 1. Survey-weighted baseline demographic characteristics of NHANES participants aged
≥20 years (N = 8574) * Stratified by Organophosphate (OP) Detection Status: 1999–2008 and 2015–2018
NHANES cycles.

Demographic Characteristics OP Non-Detected
(n = 907; 11.5%)

OP Detected
(n = 7667; 88.5%) p Value

Mean ± SE or n (%) Mean ± SE or n (%)

Age
Chronological Age (years) 42.86 ± 0.61 45.22 ± 0.31 0.0003
Phenotypic Age (years) 40.39 ± 0.69 43.55 ± 0.32 <0.0001
PhenoAgeAccel (years) −1.19 ± 0.25 −0.48 ± 0.10 0.0097

Sex 0.7138
Male 453 (48.4%) 3722 (49.1%)
Female 454 (51.6%) 3945 (50.9%)

Race/Ethnicity 0.0522
Non-Hispanic White 458 (71.7%) 3408 (68.5%)
Non-Hispanic Black 166 (8.5%) 1562 (10.7%)
Hispanic 212 (11.5%) 2038 (13.7%)
Other (inc. multi-racial) 71 (8.3%) 659 (7.1%)

Annual Family Income 0.6145
$0–$24,999 315 (25.6%) 2608 (24.7%)
$25,000–$54,999 274 (28.8%) 2446 (30.0%)
$55,000–$74,999 114 (15.1%) 860 (13.3%)
$75,000+ 204 (30.5%) 1753 (32.1%)

Note: n represents unweighted sample size. Continuous variables are presented as weighted
Mean ± Standard Error (SE). Categorical variables are presented as unweighted frequencies (n)
and survey-weighted percentages (%). PhenoAgeAccel represents the residual of phenotypic age
regressed on chronological age. P-values were derived from Rao-Scott chi-square tests for cate-
gorical variables and survey-weighted linear regression for continuous variables. * Participants
with NHANES-assigned weights of zero (n = 414) were retained in the analytic sample but did not
contribute to survey-weighted estimates.

3.2. Association Between OP Exposure and PhenoAgeAccel

Across all models, detection of organophosphate (OP) metabolites was positively
associated with PhenoAgeAccel. In the unadjusted model, participants with detected OP
metabolites had, on average, 0.71 years higher PhenoAgeAccel compared to those not
detected (β = 0.71; 95% CI: 0.18, 1.25; p = 0.0097). After adjustment, OP detection was
associated with 0.65 years higher PhenoAgeAccel compared to those below the LLOD
(β = 0.65; 95% CI: 0.14, 1.17; p = 0.0138) (Tables 2 and A2).

Table 2. Survey-weighted linear regression models examining the associations between organophos-
phate detection and phenotypic age acceleration (N = 8547).

OP Detection Status Unadjusted Adjusted
β (95% CI) β (95% CI)

Not Detected Reference Reference
Detected 0.71 (0.18, 1.25) 0.65 (0.14, 1.17)

Note: Adjusted for sex, race/ethnicity, and annual family income. All results account for NHANES
complex survey design and sampling weights.

3.3. Sensitivity Analysis: Association Between OP and PhenoAge Biomarkers

We further examined the association between OP pesticide exposure and individ-
ual clinical biomarkers comprising the phenotypic age algorithm. In survey-weighted
multivariable regression analyses, OP metabolite detection was significantly associated
with higher red cell distribution width (RDW) (β = 0.21; 95% CI: 0.12, 0.31; p < 0.001),
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corresponding to an absolute increase of 0.21 percentage points. No statistically signifi-
cant associations were observed for log-transformed C-reactive protein, albumin, alkaline
phosphatase, creatinine, glucose, mean cell volume, white blood cell count, or lymphocyte
percentage (Table A3).

In a sensitivity analysis, additionally adjusting for individual NHANES survey cycles,
the association between OP detection and PAA was substantially attenuated and was no
longer statistically significant (β = −0.01; 95% CI: −0.48 to 0.47; p = 0.975).

4. Discussion
Urinary organophosphate pesticide metabolite concentrations were significantly as-

sociated with phenotypic aging acceleration in a nationally representative sample of U.S.
adults, even after adjustment for sociodemographic covariates. To our knowledge, this
is the first study to examine urinary OP pesticide metabolites detection in relation to
phenotypic aging acceleration, a biological aging measure derived from routine clinical
laboratory indices.

Our results also highlight the importance of environmental exposures for biological
aging, and are in keeping with preclinical data, as treatment with a low-dose pesticide
mixture has been shown to induce accelerated aging in mesenchymal stem cells in vitro [43].
A meta-analysis of the relationship between pesticide exposure and biological aging, where
aging was measured using either telomere length or epigenetic clocks, reported mixed
results [22]. This suggests that the biological pathways through which environmental
exposures, like OP exposure, affect physiology may influence the accuracy of different
biological age assessment methods. For instance, a prior study reported that, for the associ-
ations between pesticide exposure and biological aging, a stronger effect was observed for
a certain first-generation epigenetic clock (i.e., Hannum) [30]. Perhaps, for some exposures,
clinical biomarkers may be the most appropriate. Epigenetic clocks (trained on methy-
lation patterns) [26,30], or telomere length [22], both capture molecular or cellular aging
processes, whereas phenotypic age reflects systemic physiological dysregulation. Given
that OP exposure is associated with oxidative stress, systemic inflammation, and disrup-
tions in metabolic and hematologic pathways (i.e., whole-body dysregulation) [22,27,30],
aging-related impacts may be better captured by clinical biomarkers [27].

When evaluating the nine clinical biomarkers separately as a sensitivity analysis, OP
pesticide exposure was associated only with higher red cell distribution width (RDW),
while the other phenotypic age biomarkers were not statistically significant. One potential
explanation may involve oxidative stress, a recognized mechanism of OP toxicity that can
contribute to mitochondrial dysfunction [44]. Oxidative stress can also affect erythrocyte
(red blood cell) integrity and turnover. As OP pesticides are known to induce oxidative
stress and mitochondrial dysfunction, this could plausibly disrupt red blood cell turnover
and increase heterogeneity in red blood cell size, thereby increasing RDW [45]. Thus, the
observed association with RDW may reflect one potential hematologic manifestation of
OP-related physiologic stress. However, further validation by future research is warranted.

Binary exposed/unexposed classification may have had limited variability to distin-
guish between participants with meaningfully different levels of OP exposure, particularly
because most participants were classified as OP exposed. To further evaluate potential
dose–response relationships between OP exposure and PAA, OP metabolite concentrations
were modeled as continuous exposures using both raw and log-transformed concentrations.
No statistically significant association was observed for raw OP metabolite concentrations
(β = −0.0008; 95% CI: −0.004 to 0.003; p = 0.627), whereas log-transformed OP metabolite
concentrations were significantly associated with PAA (β = −0.17; 95% CI: −0.33 to 0.01;
p = 0.048). These findings suggest that the association between OP exposure and PAA may
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differ depending on how exposure is characterized and do not provide consistent evidence
of a clear dose–response relationship. Further research is warranted to better understand
the relationship between OP exposure and phenotypic aging acceleration.

There is also some concern over urinary dilution. When adjusting for urinary crea-
tinine, the association between OP metabolite detection and PAA was attenuated and no
longer statistically significant (β = 0.35 years; 95% CI: −0.18, 0.87; p = 0.192). Part of the
association observed in the primary analysis may have been related to variation in urine
concentration/dilution. Additional studies using a larger sample size or other approaches
to account for urinary concentration are needed to clarify the association between urine
dilution in OP metabolites detection and biological aging.

In a sensitivity analysis accounting for individual NHANES survey cycles, the asso-
ciation was substantially attenuated and no longer statistically significant. This finding
indicates that the observed association may be sensitive to differences across survey cycles
and underscores the importance of accounting for temporal heterogeneity when combining
NHANES cycles. Future longitudinal studies with repeated exposure assessments are
warranted to evaluate whether temporal changes influence the OP-PAA association.

4.1. Strengths

A key strength of this study is its use of a large nationally representative dataset,
NHANES, which allows the findings to be generalized to the greater U.S. adult population.
Another key strength of this study is the use of laboratory-measured urinary OP metabolites
rather than self-reported exposure measurements. This reduces recall bias and exposure
misclassification, providing an objective indicator of OP pesticide exposure. Thirdly, for
outcome analysis, the study incorporates a validated laboratory biomarker-based measure
of biological aging, PhenoAgeAccel. Furthermore, open source ‘BioAge’ R package, which
uses the published PhenoAge algorithm, was used to calculate PhenoAge to obtain uniform
intra-study results. Additionally, a major strength of this study was the use of multiple
sensitivity analyses, including one using a continuous dose–response OP exposure metric
and another evaluating all nine biomarkers comprising the Phenotypic Age algorithm,
thereby providing a comprehensive assessment of the study findings.

4.2. Limitations

Nevertheless, this study is not without limitations. Firstly, there is no way to determine
whether the urinary metabolites used in our study were the result of food intake or due
to environmental pesticide exposure. Secondly, stress too can confound the measurement
of phenotypic age, yet the ability to quantify stress using NHANES data is limited [46].
Allostatic load (AL), a measure of chronic stress, makes use of clinical markers and may also
be collinear to the measurement of phenotypic age [46]. Additionally, although NHANES
employs standardized laboratory quality assurance, residual cross-cycle measurement
variability is still possible. In addition, several lifestyle-related variables were explored
conceptually; however, substantial missingness limited their inclusion in the final model. A
planned sensitivity analysis examining occupational categories could not be conducted due
to substantial missing data (≥50%), limiting the statistical power. Additionally, publicly
available NHANES data did not permit characterization of several potential determinants
of pesticide exposure, including details on geographic or residential environment and
food sources, such as commercially purchased versus home-grown foods. NHANES is an
observational dataset; thus, the statistical models reported here would be subject to unmea-
sured confounding (such as co-exposure to other environmental toxicants, physical activity,
and comorbidity) as well as selection bias occurring from complete-case analysis. Lastly,
a single urine specimen primarily reflects recent OP exposure and may not adequately
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capture long-term exposure patterns, for which longitudinal study is warranted. Future
studies should seek to quantify whether the association between OP pesticide exposure and
phenotypic aging acceleration differs across strata of occupational categories, psychosocial
stress, socioeconomic position, and/or smoking status through effect measure modification
assessments. Because this study used U.S. based NHANES data, the findings may not be
generalizable to populations outside the U.S, due to differences in demographics, pesticide
use, and regulations. Future studies in diverse international populations are needed to
assess the generalizability of the present study findings.

4.3. Public Health Implications

The findings build on our group’s prior work, illustrating that pesticide exposure
remains high in the US [20]. These findings also support continued efforts to reduce poten-
tially harmful pesticide exposure and encourage future longitudinal studies to evaluate
the relationship between OP exposure and aging. These findings should be interpreted
as preliminary. Future longitudinal studies incorporating repeated measures of OP ex-
posure are encouraged to clarify the temporal relationship between OP exposure and
phenotypic aging.

5. Conclusions
Biological aging provides a multidisciplinary framework linking molecular processes

with clinical function and may offer a more comprehensive understanding of health-span.
This study found that environmental exposure to organophosphate pesticides, quantified
using urinary OP metabolites (DAP), was associated with modestly increased phenotypic
aging acceleration. Although modest in magnitude, small increments in biological aging
may still have meaningful clinical implications at the population level. These findings
contribute to the limited literature examining environmental pesticide exposure in relation
to aging dysregulation, which can have important health-related consequences. Future lon-
gitudinal studies incorporating repeated exposure measurements can further characterize
this study’s preliminary findings.
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Abbreviations
The following abbreviations are used in this manuscript:

OP Organophosphate
DAP Dialkylphosphate
PAA Phenotypic Aging Acceleration
NHANES National Health and Nutrition Examination Survey
LLOD Lower Limit of Detection
DL Detection Limit
DMP Dimethylphosphate
DEP Diethylphosphate
DMTP Dimethylthiophosphate
DETP Diethylthiophosphate
DMDTP Dimethyldithiophosphate
DEDTP Diethyldithiophosphate
BMI Body Mass Index
CRP C-Reactive Protein
MCV Mean Corpuscular Volume
RDW Red Cell Distribution Width
WBC White Blood Cell
ALP Alkaline Phosphatase
EPA Environmental Protection Agency
CI Confidence Interval
CDC Centers for Disease Control and Prevention
NCHS National Center for Health Statistics
SE Standard Error

Appendix A

Table A1. Detection frequencies and LLOD values used for exposure binarization.

Metabolite Code Maximum LLOD
(µg/L) Below LLOD (n, %) At/Above LLOD

(n, %)
Maximum LLOD
NHANES Cycle

DMP_LLOD 0.58 4145 (46.12%) 4843 (53.88%) 1999–2000
DEP_LLOD 0.37 3731 (41.51%) 5257 (58.49%) 2005–2006
DMTP_LLOD 0.55 3247 (36.13%) 5741 (63.87%) 2005–2006
DETP_LLOD 0.56 5928 (65.96%) 3060 (34.04%) 2005–2006
DMDTP_LLOD 0.51 6857 (76.29%) 2131 (23.71%) 2005–2006
DEDTP_LLOD 0.39 8591 (95.58%) 397 (4.42%) 2005–2006

Note. The LLOD values represent the maximum lowest limit of detection reported for each metabolite
across NHANES cycles. “Below LLOD” refers to concentrations < maximum LLOD; “At/Above
LLOD” refers to concentrations ≥ that value.

Table A2. Adjusted survey-weighted linear regression model assessing association between
organophosphate metabolites presence and phenotypic aging acceleration (n = 8547).

Variable Estimates (β Coeff.) 95% CI p Value

Organophosphate Insecticides
At least 1 vs. no metabolite above LLOD 0.652 (0.14, 1.17) 0.014

Ethnicity
Non-Hispanic White Ref
Non-Hispanic Black 2.23 (1.72, 2.74) <0.0001

Hispanic 0.72 (0.27, 1.17) 0.002
Other, including multi-racial 0.15 (−0.44, 0.75) 0.613
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Table A2. Cont.

Variable Estimates (β Coeff.) 95% CI p Value

Gender
Female vs. Male (Ref) −1.53 (−1.83, −1.23) <0.0001

Annual Family Income (USD)
0–24,999 Ref

25,000–54,999 −0.63 (−1.03, −0.23) 0.002
55,000–74,999 −1.01 (−1.50, −0.52) <0.0001

75,000+ −1.46 (−1.93, −0.99) <0.0001

Note: CI = Confidence Interval. All covariates adjusted for each other in the table.

Table A3. Survey-weighted multivariable associations between organophosphate pesticide detection
and individual clinical biomarkers.

BIOMARKER UNITS BETA SE 95% CI p-Value

CRP (LOG) log-transformed −0.009 0.012 (−0.032, 0.015) 0.460
ALBUMIN g/L −0.142 0.157 (−0.455, 0.170) 0.368
ALP U/L 0.610 1.012 (−1.396, 2.616) 0.548
CREATININE µmol/L 0.374 0.515 (−0.647, 1.395) 0.469
GLUCOSE mmol/L 0.0525 0.053 (−0.054, 0.159) 0.329

RDW Percentage
points % 0.213 0.049 (0.117, 0.309) <0.0001

MCV Femtoliters (fL) −0.355 0.221 (−0.792, 0.081) 0.110
WBC Cells (109/L) −0.148 0.0798 (−0.306, 0.010) 0.067
LYMPH % Percentage % 0.630 0.320 (−0.005, 1.265) 0.0517

Note: β coefficients represent adjusted differences comparing participants with detectable versus
non-detectable OP pesticide exposure. C-reactive protein was log-transformed due to skewness; thus,
its coefficient reflects an approximate percentage difference, while coefficients for other biomarkers
represent absolute differences in their respective units.

The formula used to calculate Phenotypic Age Algorithm:

PhenotypicAge = 141.50 +
ln[−0.00553ln(1 − MortalityScore)]

0.09165

where

MortalityScore = 1 − exp
(
−1.51714exp(xb)

0.0076927

)
And: where xb represents the linear combination of biomarkers

xb = −19.907 − 0.0336 ∗ Albumin + 0.0095 ∗ Creatinine + 0.1953 ∗ Glucose + 0.0954 ∗ LnCRP
−0.0120 ∗ LymphocytePercentage + 0.0268 ∗ MeanCellVolume + 0.3306
∗ ErythrocyteDistributionWidth + 0.0019 ∗ AlkalinePhosphatase + 0.0554
∗ LeukocyteCount + 0.0804 ∗ ChronologicalAge
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