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ABSTRACT: The appropriate use of human biomonitoring data to model population chemical exposures is challenging, especially
for rapidly metabolized chemicals, such as agricultural chemicals. The objective of this study is to demonstrate a novel approach
integrating model predicted dietary exposures and biomonitoring data to potentially inform regulatory risk assessments. We use
lambda-cyhalothrin as a case study, and for the same representative U.S. population in the National Health and Nutrition
Examination Survey (NHANES), an integrated exposure and pharmacokinetic model predicted exposures are calibrated to
measurements of the urinary metabolite 3-phenoxybenzoic acid (3PBA), using an approximate Bayesian computing (ABC)
methodology. We demonstrate that the correlation between modeled urinary 3PBA and the NHANES 3PBA measurements more
than doubled as ABC thresholding narrowed the acceptable tolerance range for predicted versus observed urinary measurements.
The median predicted urinary concentrations were closer to the median measured value using ABC than using current regulatory
Monte Carlo methods.

KEYWORDS: agricultural chemicals, National Health and Nutrition Examination Survey, exposure modeling, urinary biomarkers,
pyrethroids, human health risk assessment

H INTRODUCTION However, with a rise in the use of biomonitoring for
assessing pesticide exposures, it is also important to recognize
its limitations. Biomonitoring is often utilized in a cross-
sectional manner, with one or few measurements for each
individual, which can limit the interpretation of the results,
especially when exposures are episodic or in cases of rapid
clearance, causing substantial variation in biomarker concen-
trations over time.'””'* Additional issues to consider include
the precision of biomarker measurements, the difficulties of
separating variability over time from variability across
individuals when repeated measurements over time for the
same individuals are unavailable or scarce, and the still-
developing understanding of the relationships between
biomarker concentrations and potential health effects.>™"*
Finally, biomarker data have mostly been collected for
qualitative descriptive purposes and can be difficult to interpret
and incorporate into quantitative risk assessments, though
toxicokinetic modeling can facilitate this.'>"’

Regulatory agencies such as the United States Environmental
Protection Agency (US EPA) implement a robust regulatory
framework, based on legislation, to protect the environment
and humans through health-protective risk assessments.' " As
part of this framework, regulatory agencies have increasingly
looked for new ways to monitor potential pesticide or crop
protection chemical exposure in human populations. Although
potential exposure to pesticides can be measured by environ-
mental monitoring (i.e., air, water, sediments, etc.), these
approaches do not measure actual external exposures or
internal concentrations of pesticides for individuals.” Over the
last few decades, biomonitoring has become an important tool
to assess exposure to pesticides, providing a snapshot reflecting
internal concentrations of specific pesticides in individuals at
the exact time the biomarkers were collected, and potentially
informing human health risk assessments and regulatory
evaluations.®™'" Biomonitoring can be used to detect
concentrations of specific pesticides in a variety of bodily
fluids such as blood, urine, breast milk, or hair that result from Received: ~September 29, 2023 760D CHEMISTRY
integrated exposure across all exposure routes and pathways. Revised:  April 10, 2024 '
The ability of human biomonitoring methods to potentially be Accepted: April 12, 2024
both cost-effective and increasingly sensitive to low concen- Published: May 8, 2024
trations of chemicals identifies it as an extremely useful and

powerful tool for pesticide exposure assessment.' '
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Table 1. Urinary 3PBA (ug/L) Percentiles Measured by Demographic NHANES 2007—2010 (for Those Meeting the Eligibility

Criteria for Analysis)

demographic variables 25th percentile S0th percentile

total population 0.07 0.39
males 0.07 0.4

females 0.07 0.38
age 6—11 years 0.07 0.4

age 12—19 years 0.07 0.36
age 20—S59 years 0.07 0.42
age 60+ years 0.07 0.36
Mexican American 0.07 0.36
other Hispanic 0.07 0.44
non-Hispanic white 0.07 0.39
non-Hispanic black 0.07 0.44
other incl. multiracial 0.13 0.47

75th percentile

90th percentile 95th percentile sample size

1.05 2.85 6.04 4211
1.06 2.77 5.69 2035
1.04 2.95 6.40 2176
1.1§ 3.33 7.59 578
0.85 2.34 4.95 620
1.09 3.22 6.53 1977
0.98 2.42 5.40 1036
0.81 2.01 391 707
125 3.02 5.03 383
1.08 3.54 7.56 1792
122 2.92 5.80 716
113 2.56 5.042 178

Regardless of such limitations, the inherent advantage of
biomonitoring data as a direct indicator of individual
integrated dose has led to attempts to use such data in
regulatory assessments.””’ Due to the difficulties previously
mentioned, these assessments have often relied on conservative
assumptions to fill data gaps. For example, one recent risk
assessment assumed a urinary excretion rate of 25% and
steady-state pharmacokinetics in order to estimate a high-end
population-level daily exposure rate from the 95th percentile of
measured biomarker concentrations, ignoring the contribu-
tions of within-person temporal variation.” When using
biomonitoring data to estimate population-level pesticide
exposure, perform risk assessments, and make regulatory
decisions, a more robust statistical methodology that accounts
for these complexities is warranted. In particular, when
estimating population-level pesticide exposure from biomarker
data, analysis should account for the episodic nature of dietary
exposures, intra- and interindividual variability in behavioral
factors driving exposure, and interindividuality of physiological
parameters,'®'7*' 73

The purpose of the study was to address this complex
challenge of utilizing human pesticide biomonitoring data to
meaningfully inform exposure assessments. We present a novel
approach to integrate human biomonitoring data with
regulatory model predicted population dietary pesticide
exposures. Broadly, the present work builds on the U.S.
EPA’s existing higher-tier approach in modeling population
dietary exposures by adding an integrated Monte Carlo
exposure, absorption, distribution, metabolism, and excretion
(ADME) model to it, resulting in predictions of individual-
level pesticide metabolite/biomarker concentrations. The
utilization of biomonitoring data is then accomplished by a
Bayesian calibration method via measured pesticide biomarkers
used to account for temporal variation in exposure and account
for key sources of parameter variability/uncertainty in the
individual-level exposures.

Specifically, as a case study, we focus on dietary exposure to
lambda-cyhalothrin and one of its metabolites, 3-phenox-
ybenzoic acid (3PBA). We started with the U.S. EPA’s existing
higher-tier approach with the Dietary Exposure Evaluation
Model (DEEM), which utilized individual-level dietary recall
data from National Health and Nutrition Examination Survey
(NHANES) and pesticide residue data from the Pesticide Data
Program (PDP) to predict lambda-cyhalothrin dietary
exposure estimates for the NHANES subpopulation that only
included those individuals for whom 3PBA measurements were

available.”*™° Our approach then combined the DEEM
predicted individual dietary exposures with an ADME model
(one-compartment pharmacokinetic model) to predict the
urinary concentration of 3PBA (metabolized from lambda-
cyhalothrin) for each individual at the time of recorded urine
collection. Finally, the predicted urinary 3PBA concentrations
were compared to measured urinary 3PBA concentrations for
the same individuals using approximate Bayesian computing
(ABC) to remove unrealistic exposure estimates outside of
chosen acceptance thresholds. This approach is a significant
improvement over existing approaches to integrate biomoni-
toring data with exposure assessment outputs, can be
implemented as an easy add-on step to existing regulatory
consumer exposure assessment methods, and can realistically
inform crop protection chemical risk assessments and policy
decisions.

B METHODS

Data Sets. The population used in this study includes individuals
who participated in NHANES from 2007 to 2010. Although the
DEEM software incorporates individual-level dietary data from
NHANES 2005—2010, urinary 3PBA measurements are not available
in the 2005—2006 cycle, so the data from participants in that cycle
were excluded. For the 2007—2010 data sets utilized for this study,
there were 5525 individuals who had laboratory work done with 348
missing 3PBA measurements. The differences in NHANES measured
urinary 3PBA by demographic group were investigated, although only
the participants that met the eligibility criteria were included (Table
1). NHANES uses a complex multistage probability sampling design
to draw a nationally representative random sample of the U.S.
population (excluding groups such as those institutionalized,
members of the armed forces, citizens living abroad, and those living
in nursing homes). NHANES is conducted by the National Center for
Health Statistics (CDC NCHS), which operates as a branch of the
Centers for Disease Control and Prevention (CDC). NHANES
collects information about demographics, health, and nutrition while
also performing physical examinations and laboratory measurements.

NHANES conducts in-person dietary interviews with participants
wherein participants report all foods consumed and mealtimes within
the previous 24 h (midnight to midnight) on the day prior to the day
they visit a mobile examination center (MEC). The dietary
information in NHANES is collected via the What We Eat in
America (WWEIA) dietary survey. The EPA developed the Food
Commodity Intake Database to match recipes for each food listed in
the WWEIA survey so that they can be broken down into raw
agricultural commodities.”” These commodities can be matched to
the PDP data to then determine the potential dietary exposure of a
given person to a given pesticide based on the food they reported
eating in the WWEIA survey. During the MEC visit, participants
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provide blood and urine samples, which were analyzed for various
chemicals of interest including urinary 3PBA, which is a common
metabolite of several pyrethroid pesticides. Participants were
contacted again for a second 24 h dietary interview by telephone
3—10 days after the initial MEC visit. Both the dietary interview data
and measured urinary metabolite concentrations were used to
establish the PK model presented in this paper.

The United States Department of Agriculture (USDA) heads a
food safety initiative known as the Pesticide Data Program (PDP).**
This program randomly samples fruit, vegetables, dairy, and other
food types for pesticides and records residue levels for each food type.
While participation in the program is not mandatory, there are around
600 sites throughout the U.S. that participate in the program (PDP).
These residue data were used within the DEEM software to generate
estimates of potential exposure to lambda-cyhalothrin through food
ingestion with random sampling from among the different residue
measurements for any particular crop within each Monte Carlo
iterate.

Population Dietary Exposure Modeling. The US EPA
currently uses DEEM as the default regulatory model to estimate
dietary (food and drinking water) exposures to the U.S. general
population for use in pesticide risk assessments.”” DEEM-FCID
version 4.02, commonly referred to as “DEEM,” is a dietary exposure
model developed by Durango Software, LLC that is used to estimate
exposure to pesticides in foods in the diets of the U.S. population. The
software was based on food consumption data from the National
Health and Nutrition Examination Survey (NHANES) and the What
We Eat in America (WWEIA) survey. The DEEM model uses data
from the NHANES participant dietary consumption and measured
pesticide residue data (such as the PDP) to estimate dietary exposures
to a pesticide (see panel 1 in Figure 1). In specific cases where
matching NHANES participant’s biomonitoring data are available for
a pesticide and/or their metabolites, our novel approach (see panel 2
in Figure 1) first combines the standard DEEM model-based exposure
estimates with an ADME model to estimate internal biomarker
concentrations of the pesticide and/or their metabolites. Next, an
approximate Bayesian computing method is used to filter out
unrealistic exposure estimates from the standard DEEM model
outputs. Each of these models and methods is described in detail
below.

DEEM Exposure Estimates. We used the PDP pesticide residue
data as input in the DEEM program to develop acute exposure

11665

estimates to lambda-cyhalothrin through food ingestion for
individuals grouped into various subpopulations by age, replicating
the U.S. EPA’s 2017 acute dietary exposure assessment.’® Using the
pesticide residue data from PDP, crop residue files were created and
matched to the ingredients of each food in the dietary intake data
from NHANES participants from 2005—2010. The DEEM software
uses the percent crop treated as well as the residue levels to develop
exposure estimates. An acute assessment with Monte Carlo iterations
was then run. The Monte Carlo iterations randomly assign a crop
residue level appropriate for each food ingredient eaten by each
individual and multiply the residue value by the amount of each food
ingredient consumed. This is completed for each food ingredient,
summed for all foods consumed for each individual on each day of 24-
h dietary recall, and divided by that individual’s body weight to
estimate the individual’s dietary exposure on that day. This procedure
is repeated for each individual for the same number of times as the
Monte Carlo iterations chosen by the user (5 for this demonstration),
producing several plausible lambda-cyhalothrin exposure estimates for
each individual for each day of the NHANES dietary recall (Figure 1).

DEEM is a standard model used by the US EPA in their regulatory
risk assessments to estimate external dietary exposures for a
representative U.S. population and does not have any capability to
estimate internal exposures, ie. predict any specific biomarker
concentrations of pesticide and/or its metabolites. For this capability,
we will need an ADME model that incorporates several individual
participant-specific parameters, and our ADME model is described in
detail below; a similar approach can be taken for other pesticides,
provided necessary input data are available.

ADME Model. The ADME model was built using the R Statistical
software package, version 4.1.0, published by the R Foundation for
Statistical Computing, using R libraries Rlab, nhanesA, zoo, dplyr, and
chron and is based on previously published physiological parameters.
We validated the model by comparing the results of predicted urinary
measurements to the measured values reported in a separate
controlled lambda-cyhalothrin oral dosing study with 6 volunteers
with urinary 3PBA concentrations measured repeatedly for up to 120
h postdosing®" (see Supporting Materials).

After ingestion, lambda-cyhalothrin is rapidly metabolized to cis-3-
(2-chloro-3,3,3-trifluoroprop-1-en-1-y1)-2,2 dimethylcyclopropanecar-
boxylic acid (CFMP), 3-phenoxybenzoic acid (3PBA), and other
minor metabolites.”* Following the approach and data reported
previously,”® a one-compartment pharmacokinetic model was

https://doi.org/10.1021/acs.jafc.3c07071
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modified to account for the distribution and urinary excretion of
3PBA, assuming that approximately 25% of ingested lambda-
cyhalothrin is absorbed and quickly metabolized to 3PBA*"**
(Table 2), and accounting for mixing and storage in the bladder

Table 2. Key Parameters for 3PBA Pharmacokinetics

parameter description point estimate distribution

k; eliminatig}n rate from 0.108 k™' t,,, = y(24.2, 3.79)
plasma k = In(2)/half-ife

fi percentage of lambda 25% A(11.1, 31.4)
metabolized to 3PBA
in serum’"*

V; volume of 177 L 7(6.78, 0.38)
distribution®

R, percentage of urinary 58% $(7.76, 5.86)
[3PBA + 4OH3PBA]
as 3PBA*

void time between bladder Sh {4,5,6}, with equal
voids™”’ probability

prior to urinary excretion. The final step is to standardize the urinary
3PBA concentration compared to the serum creatinine concentration.
Demographic variables in NHANES were used to calculate clearance
with formulas developed in previous studies for adults®* and for
children (18 years or younger).>> With a piecewise constant dose rate
(ie., a constant lambda-cyhalothrin intake rate during any single hour,
but potentially changing from hour to hour), the predicted serum
3PBA concentration C;, (in mg/L) for participant i at time ¢ (in
hours) is given by

Ci= i,t—IeikY +.f;Di,t(1 - eiki)/ki‘/i

where k; is the elimination rate constant for 3PBA for participant i, f;
is the fraction of ingested lambda-cyhalothrin that is absorbed and
metabolized to 3PBA for participant i, D,, is the ingested dose of
lambda-cyhalothrin for participant i at time ¢, and V; is the volume of
distribution for 3PBA for participant i.

Creatinine-standardized concentration of 3PBA in urine entering
the bladder was modeled as U, (in ug of 3PBA per ug creatinine) for
participant i at time ¢ as

U;,t = Rici,tki‘/i/l\]i
where N; is the creatinine excretion rate for participant i, estimated
based on the individual’s body weight, height, age, and sex,>* and R;is
the percentage of urinary [3PBA + 4OH3PBA] as 3PBA for
participant i (Table 2). Finally, the bladder storage delay and mixing
is accounted for by averaging the urinary 3PBA concentrations
entering the bladder over a period of 4—6 h before urination.***’
Detailed descriptions of the parameter values for the dosing and
pharmacokinetic model follow.

Initial Conditions. Prior to the urine collection performed by
NHANES, there is no direct information about previous serum or
urinary concentrations of 3PBA for the participants. NHANES
records 2 days of dietary information, though day 2 is conducted days
after the urine collection, whereas day 1 consists of food consumption
24 h prior to the day of urine collection. In this model, exposure
estimates based on day 1 and day 2 dietary information are averaged
for each person and entered into the ADME model to generate a
steady-state concentration of serum 3PBA for each participant. This
steady-state concentration estimate is used as the initial condition at
midnight on the first day of dietary recall, allowing for a realistic
nonzero starting concentration of 3PBA in the body before dietary
data are tracked.

Hourly Dose Estimates on Day 1. Although there are 2 days of
dietary data for each participant, only the dietary exposures occurring
on the first day impact the urinary 3PBA concentrations measured for
each participant because the urine samples were collected on the day
after the first day of the dietary information (i.e., participants are
asked at the time of urine sample collection to recall their diet for the

previous day), and the second day of dietary information occurs at a
later date. Due to the short half-life of lambda-cyhalothrin, ingestion
on the day of urine collection could have an impact on 3PBA
measurements, but no information about foods eaten was collected
for the day of urine collection, only fasting times. To account for this,
it was assumed that the meals on the day of urine collection were
eaten at the same times reported by each participant for the previous
day (day 1) and included the same foods and amounts as day 1.
However, based on the length of fasting time prior to urine collection
reported by each participant, meals that would have been skipped
were excluded based on the reported fasting time. Because DEEM
lists total daily exposure and does not disaggregate by meal, the
assumption was made that the daily exposure to lambda-cyhalothrin
was equally divided among all of the meals consumed by the
participant on that day (ie., the total exposure estimated from DEEM
divided by the number of meals eaten that day), with each meal
consumed during the hour self-reported by the participant for that
meal time. Although some participants reported snacking at times
other than meals, which contributed to the total estimated daily dose
provided by DEEM, for simplicity, all food consumption was assumed
to occur at the reported mealtimes. Further, any meals eaten on the
day of urine sample collection were assumed to provide the same dose
of lambda-cyhalothrin as each meal on the previous day.

Food Washing Behavior. A food washing component was
included in the model. A Food and Drug Administration (FDA)
survey showed that 54—98% of respondents washed the queried
fruits/vegetables prior to consumption.39 Different food washing/
preparation techniques have been reported to reduce pesticide
residues by 18—90%.** A Bernoulli distribution was used to randomly
assign each participant as either a “washer” or “non-washer” (washes
food prior to eating or does not) for each Monte Carlo iterate, with
50% probability of being a food washer, set somewhat conservatively
near the low end of the reported range. For washers only, the
pesticide dosage was reduced by a washing factor or randomly
selected from a f distribution centered at 30% reduction to reflect
wide differences in the washing effectiveness depending on the
method.

ADME Parameters. The ADME model uses elimination half-life
and volume of distribution parameters for 3PBA that were described
previously.”> For Monte Carlo analysis, probability distributions
(Table 2) were assigned to the 3PBA elimination rate (k_i), the
percent 3PBA recovered in urine (percent 3PBA), and the volume of
distribution (V;) based on previously reported means and standard
deviations for these parameters.’** This allows for variation in these
values centered around their respective point estimates to create a
more realistic scenario in which these values are not identical for all
individuals.

Approximate Bayesian Computing. Finally, approximate
Bayesian computing (ABC) was used to combine the Monte Carlo
exposure estimates with the measured biomarker data. Briefly,
Bayesian statistical methods can be used to combine “prior”
information, such as DEEM lambda-cyhalothrin exposure estimates,
with relevant measurements, such as urinary biomarkers, to obtain
more realistic “posterior” estimates of the unknown individual
exposure doses. Bayesian methods were proposed previously as a
solution for integratin§ contact-based exposure estimates with
measured biomarkers,*"*> but applications have been scarce due to
the relatively complex algorithms and specialized software typically
used for their implementation. In contrast, ABC offers many of the
same advantages as fully Bayesian methods, but is simple to
implement with a single added step within ordinary Monte Carlo
simulation.*”** The primary theoretical difference between ABC and
fully Bayesian methods is that fully Bayesian approaches generate
exact or near-exact posterior distributions under a given model and
prior, whereas ABC relaxes the need for an explicit likelihood
function, focusing instead on comparing prior Monte Carlo iterations
to the measured values. The simplest form of ABC was used while
discarding the Monte Carlo exposure iterates that are too discrepant
from the corresponding biomarkers measurements to be plausible.”
For the ABC results, only exposure estimates producing predicted

https://doi.org/10.1021/acs.jafc.3c07071
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Figure 2. Predicted vs measured urinary 3PBA (log,, scale), without thresholding (A), rejecting model predictions more than 1 order of magnitude
away from the measured values (B), and rejecting model predictions more than 0.5 orders of magnitude away from the measured values (C). In all
panels, accepted model predictions are shown in black, and rejected model predictions are shown in red.

urinary 3PBA concentrations within thresholds of either an order of
magnitude or half an order of magnitude from their respective
measured values were accepted while rejecting the Monte Carlo
exposure iterates that fell outside of those thresholds, i.e., accept the
Monte Carlo iterate if the absolute value of the difference between
log;o measured urinary 3PBA and log,, modeled urinary 3PBA is less
than ¢, and reject otherwise, where ¢ is 1 for an “order of magnitude”
threshold and 0.5 for a “half an order of magnitude” threshold.
“Unfiltered” results were compared with all Monte Carlo exposure
iterates accepted regardless of the corresponding urinary biomarker
measurements.

Summary Statistics. Given the complex sampling design of the
NHANES survey data, it is necessary to include the survey weights
and design information when computing exposure percentiles to
generate representative results. To do this, the results of multiple
Monte Carlo iterations are averaged from each participant, and then
the “survey” package in R was applied, which allows the inclusion of
the pseudostratified primary sampling units (PSUs), the pseudos-
tratum, as well as the MEC exam probability weights available in the
NHANES data for each participant. Of note, since 4 years of
NHANES data were combined (2 cycles), we constructed the weights
by taking each MEC exam weight and dividing by 2 to account for the
2 cycles of data collection as recommended by NHANES. Although
the weighted statistics changed slightly from the unweighted statistics,
the overall differences between the measured and predicted data were
largely similar. As indicators of model fit, correlations and residuals
are presented using unweighted values.

B RESULTS

The present ADME model was validated by comparison to
repeated measurements of urinary 3PBA concentration
predictions over time in a controlled dosing study,”" resulting
in adequately realistic predictions. Figure 2 compares the
ADME model predictions of urinary 3PBA for NHANES
participants to their measured urinary 3PBA concentrations,
with Monte Carlo distributions to reflect parameter variability/
uncertainty. Included are two separate accuracy thresholds for
the model predicted urinary measurements (within either a full
or half degree of magnitude above or below their respective
measured values) to determine how this affects the correlation
of the predicted and observed values and the survey-weighted
percentiles for the exposure estimates. 80% of the model
predicted urinary 3PBA values are within an order of

magnitude of the NHANES measured values, and 48% are
within a half order of magnitude, indicating that the exposure
estimates and model predictions are largely reasonable
compared to measured urinary concentrations (Supporting
Figure 1). Although the unfiltered predicted values show a low
correlation of 0.01 with individual measured values (p =
0.051), restricting the predicted measurements to those within
a degree of magnitude of the NHANES measured values
increases the correlation coefficient to 0.31 (p < 0.001), and
the correlation coefficient is further increased to 0.69 (p <
0.001) using the half order of magnitude threshold.

ABC thresholding also changes the summary statistics for
predicted urinary 3PBA concentrations, bringing the values
closer to those of the original measured values in NHANES as
thresholds become more restrictive (Figure 2). The median of
the NHANES measured values is 3.5 X 1077 ug-PBA/ug-
creatinine. The median for the unfiltered model (panel A in
Figure 2) predicted values was 7.1 X 1077, but decreased to 6.8
X 1077 and 6.3 X 1077 for the slightly restrictive (panel B in
Figure 2) and most restrictive (panel C in Figure 2) thresholds
respectively. Finally, the original predicted lambda-cyhalothrin
exposures from DEEM for the entire set of unfiltered Monte
Carlo iterates to only those retained after ABC thresholding
were compared. The original exposure predictions from DEEM
had a median of 1.3 X 10™* mg/kg/day and a 95th percentile
of 3.4 X 107" mg/kg/day. The percentiles post-ABC
thresholding had similar medians and 90th percentiles as the
original unfiltered predictions, but showed progressively
reduced predicted values of exposure at the 95th and 99th
percentile with stricter ABC thresholding (Table 3). Similar
patterns were observed for predicted urinary 3PBA concen-
trations, with reduced values for the upper percentiles with
stricter thresholding (Supporting Table 1).

Bl DISCUSSION

Strengths of the Proposed Approach. The present
analysis demonstrated that reasonable estimates of urinary
3PBA concentrations can be obtained using dietary input from
NHANES, crop residue files for lambda-cyhalothrin, and
exposure estimates from DEEM in a literature-based ADME
model. In addition, using ABC to restrict predicted values to
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Table 3. DEEM Lambda-Cyhalothrin Exposure Estimates
(mg/kg/ day) before and after ABC

original DEEM 1 degree of 0.5 degree of
percentiles  exposure estimates magnitude ABC ~ magnitude ABC
median 13x 107 14 x 107 14 x 107*
90th 28 x 107 2.8 x 107 2.8 x 107
percentile
9Sth 3.4 x 107* 3.4 x 107 33 x 107
percentile
99th 49 x 107* 4.8 x 107 47 x 107*
percentile

within either a full degree or half a degree of magnitude above
or below the NHANES measured values both increases the
correlation of measured and predicted values while simulta-
neously bringing the median predicted values closer to the
measured values. Finally, the closer the modeled urinary 3PBA
concentrations were to the actual measured concentrations in
the same individuals, the lower the estimated exposure to
lambda-cyhalothrin was.

The ABC modeling approach is flexible, allowing for
alternative model equations and parameters to account for
differing ADME structures, multiple parent compounds and
metabolites, or additional exposure routes without necessarily
modifying the other model components or modifying the
Bayesian implementation. Moreover, the ABC acceptance
thresholds can be easily modified if desired, requiring
predictions to be within any specified threshold for all
measured metabolites. In the present example, the focus was
on the primary exposure route of a common synthetic
pyrethroid to demonstrate the method. In the future,
characterizing exposure to all parent pesticides/chemicals of
interest and measuring all their major metabolites could
facilitate the effectiveness and accuracy of exposure and ADME
models and better represent actual exposure to specific
pesticides and other chemicals.

The ability to match DEEM data with NHANES data for
both dietary data and urinary pesticide concentrations for the
same individuals over 3 NHANES cycles serves as a powerful
tool for studying a variety of exposures. In addition, this
method could be used to better inform regulatory risk
assessments for pesticides, for those pesticide-active ingre-
dients with NHANES biomonitoring data of the parent and/or
metabolite(s). Essentially, this approach could be a refinement
tool, where if the traditional health-protective DEEM model
exposure estimates result in any risks of concern, then
NHANES biomonitoring (matched by participant) can
potentially be used to compare measures and modeled dietary
exposures, and after taking into account all of the assumptions
and limitations of the modeling approach, it can be potentially
used to inform policy decisions based on the risk assessment.
This approach can also improve the understanding of the
extent and types of input data needed for proper integrated
dose reconstruction. While this has been presented as a
method to estimate pesticide exposure, this same method
could be applied to any other chemical monitored in
NHANES and could incorporate both dietary and other
routes of exposure.

Limitations. While the model appears to produce
reasonable results, there are potential limitations in both the
inputs to the model and within the model implementation
itself.

Model and Data-Related Limitations. There are only 2
days of dietary data available for each participant, only 1 day of
which was prior to the urine sample collection. Two days of
data may not be sufficient as a measure of a person’s normal
dietary habits and subsequent exposure to lambda-cyhalothrin,
considering that within-person variability may be greater than
between-person exposure.'”"” This is a limitation for several
reasons: (1) For nonfasting participants, exposure on the day
of urine collection could have a strong influence on the urinary
3PBA concentration later that day, (2) exposure on other days
prior to urine sample collection could also have some impact, if
unusually high dietary exposures occurred within a few days of
urine collection, and (3) intrapersonal variability in dietary
exposure could be a potentially large factor. For example, a
dinner providing 5 times the usual daily dose of lambda-
cyhalothrin would increase measured urinary 3PBA by about
10% 36 h later, but that dinner would likely not be captured by
the 24 h dietary recall instrument used in NHANES or in
DEEM, which only starts at midnight on the day before urine
sample collection. Although missing dietary data were
addressed with reasonable assumptions in this analysis (i.e.,
steady-state dietary exposure for prior days and identical
mealtimes and exposure amounts for meals on the day of and
the day before sample collection), prior meals and the baseline
serum concentration are expected to have minimal impact on
urinary excretion for most participants ~36 h later. An
additional limitation is a general lack of data regarding the
impact of food washing, peeling/trimming, cooking, and other
preparation behaviors on pesticide residue levels and dietary
exposure.

DEEM output is limited to 40,000 lines. Given that all
individual dose outputs to employ the ABC method are
necessary, performing a large number of Monte Carlo
iterations within a single run of DEEM for a large study
population is not feasible. It is possible to perform multiple
runs of DEEM under the same input conditions, merging
results across runs to generate larger numbers of Monte Carlo
iterations, but it is burdensome to combine large numbers of
separate outputs. Thus, the NHANES populations were
broken into subgroups, resulting in having to perform a low
number of iterations for each subgroup, and finally merge all of
the outputs back together to form Monte Carlo results with S
iterations for the entire NHANES population. Considering the
superior capabilities of modern computers and operating
systems, this limit on the output file size seems to be an
arbitrary software limitation that could be remedied in future
versions of DEEM or through a modern dietary modeling
platform like Cumulative and Aggregate Risk Evaluation
System—Next Generation (CARES—NG)."* Until then, it is
possible to repeat the DEEM runs as many times as desired,
combining multiple output files to obtain the desired number
of iterations.

Implementation Limitations. The present pharmacoki-
netic model functions to predict urinary 3PBA concentrations
after estimating lambda-cyhalothrin exposure based on dietary
data. 3PBA is not only a metabolite of lambda-cyhalothrin but
a metabolite common to many other pyrethroid insecticides.
Currently, 3PBA is the only lambda-cyhalothrin metabolite
measured in NHANES. The present model was not able to
track multiple different parent compounds or multiple
metabolites; thus, it was assumed that all of the measured
3PBA originated from lambda-cyhalothrin. Attributing all
urinary 3PBA to lambda-cyhalothrin did not account for the
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contribution of other pyrethroids that are metabolized to
3PBA, likely underestimating total pyrethroid exposure and
overestimating exposure to lambda-cyhalothrin. Had other
parent compounds been included in the exposure model, the
unfiltered urinary 3PBA predictions would have been higher,
resulting in preferential selection during the ABC step of
Monte Carlo iterates for which lambda-cyhalothrin explained a
smaller proportion of measured urinary 3PBA, rather than
most or all of it. This limitation was determined to be
acceptable in the present case as it results in a highly health-
protective exposure determination by assuming only one
source of the metabolite. Also, the PDP measurements used for
the present model did not distinguish between ¥ and lambda-
cyhalothrin and instead measured “total cyhalothrins” which
could include both compounds. This is a reasonable
assumption because the estimated usage of y cyhalothrin in
2018 was approximately 1% that of lambda-cyhalothrin
usage.” In addition, the co-occurrence of multiple pyrethroids
in the same food item and coexposure to multiple pyrethroids
in the same day may be less probable. Szarka and
Ramanarayanan®® analyzed the co-occurrence of conazole
fungicides in food commodities reported by PDP and found
that the probability of presence of multiple conazoles in single
food commodity samples is below 2%. Future work may
include a similar assessment of co-occurrence of pyrethroid
residues in food commodities reported by PDP.

The present study focused solely on dietary exposure to
lambda-cyhalothrin, but other exposure routes could also be
important. For example, residential exposure is not specifically
evaluated within NHANES, but there are recommendations
made by the EPA based on conservative models for residential
exposure values.”” While it was attempted to include these
residential exposure recommendations in the present modeling
effort, the resulting urinary 3PBA predictions that included
both dietary and residential exposure to lambda-cyhalothrin
proved highly unrealistic, as they were several orders of
magnitude greater than the values actually measured in
NHANES. Since the data did not support addition of
residential exposure to the model, this additional exposure
route was not included. These results also point to the need for
more realistic measures of residential exposure to pesticides.

Additionally, this analysis relies on a simple one-compart-
ment model. More sophisticated multicompartment models
could be created that would account for additional bodily
compartments and transfer rates. However, as shown in the
Supporting Materials, a two-compartment model did not
necessarily result in more accurate biomarker predictions. The
one-compartment model presented here appears to be
reasonably accurate and sufficient for this application.

Monte Carlo simulations were used with repeated draws
from the same population with some participants excluded
based on data availability and ABC thresholding. This resulted
in an issue with the normal method of applying NHANES
weights to the analysis, which are computed assuming all MEC
participants are included in the results exactly once. However,
the main interest of this study is to demonstrate and
understand the impact of applying ABC methodology within
an integrated exposure and dose modeling system and
comparing it to ordinary Monte Carlo analysis. Therefore,
we felt that averaging filtered or unfiltered Monte Carlo
iterations across each included participant prior to employing
the survey weights was acceptable and consistent with other
NHANES analyses with minor missing data exclusions. As a
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sensitivity analysis, we also tested applying the weights without
accounting for multiple draws of the same person or loss of
participants via missing variables or thresholding, and there
was very little (<5%) change in the results, though this is not
the most appropriate way to conduct weighted analysis.

Lessons for Future Work. It is useful to note that the
results of this study speak to the importance of data availability
in biomonitoring studies. First, it is important to analyze the
half-life of the chemical of interest in the body and include
repeated measurements over time in order to inform time-
dependent models. Also, if biomarkers are measured in urine,
measuring and reporting on creatinine would also be of value.
This would allow researchers to take interindividual variability
in urine volume into account by utilizing creatinine correction
for comparisons between individuals. Finally, collecting
detailed information regarding the different exposure factors
by the anticipated exposure routes such as dietary information
(types, amounts, and timing) both the day before and the day
of biomarker collection would be useful as well, considering
the impacts of recent exposures on measured biomarkers.

The presented model, despite inherent limitations, reason-
ably predicts urinary concentrations of 3PBA based on
estimated lambda-cyhalothrin ingestion from dietary recall.
The ability to combine biomarker data from NHANES
participants with exposure model results (for the same set of
NHANES participants) from DEEM serves as a powerful tool
for predicting pesticide metabolites in urine and for refining
Monte Carlo exposure estimates and could potentially be used
for various other chemicals. Previous assessments have relied
on very conservative assumptions and overly simplistic steady-
state models to interpret biomarker data; ABC and similar
approaches can improve the accuracy of Monte Carlo exposure
simulation and provide more insights into population pesticide
exposures.

B ASSOCIATED CONTENT

Data Availability Statement

The data sets analyzed during the current study are available in
the USDA PDP repository, https://www.ams.usda.gov/
datasets/pdp/pdpdata, and the CDC NHANES repository,
https://wwwn.cdc.gov/nchs/nhanes/.
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The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.jafc.3c07071.

Supporting materials: validation of ADME model, Table
S1 showing model predicted vs measured urinary 3PBA
values (ug 3PBA/ug creatinine) with and without
thresholding, Figure S1 showing a histogram of urinary
3PBA residuals (log Predicted—log Observed) with and
without ABC thresholding, and R code (Supplemental R
code S1-86) (PDF)
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Bl ABBREVIATIONS

3PBA 3-phenoxybenzoic acid

ABC approximate Bayesian computing

ADME absorption, distribution, metabolism, and ex-
cretion

CARES—NG Cumulative and Aggregate Risk Evaluation
System—Next Generation
CDC Centers for Disease Control and Prevention

CFMP cis-3-(2-chloro-3,3,3-trifluoroprop-1-en-1-yl)-
2,2 dimethylcyclopropanecarboxylic acid

DEEM Dietary Exposure Evaluation Model

FDA Food and Drug Administration

LOAEL lowest observed adverse effect level

MEC mobile examination survey

NCHS National Center for Health Statistics

NHANES  The National Health and Nutrition Examina-
tion Survey

PDP Pesticide Data Program

PSU primary sampling units

USDA The United States Department of Agriculture

US EPA United States Environmental Protection Agency

WWEIA ‘What We Eat In America
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