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a b s t r a c t

This study characterized the within- and between-child variability in dimethylthiophosphate (DMTP)

levels in the urine of 44 children living in an agricultural community in central Washington State in

December 1997 and 1999. The goal of this analysis was to investigate these variability components

during periods when organophosphate pesticides were and were not actively applied to orchards in

that community. Each child provided between 10 and 26 biweekly urine samples over a 21-month

period, and these samples were analyzed for six dialkylphosphate (DAP) metabolites common to

organophosphate pesticides, including DMTP. Previous analysis of this dataset found that DAP concen-

trations were elevated during months when organophosphate pesticides were applied to orchards in

this region. The current analysis demonstrates that the within-child component of day-to-day vari-

ability was much greater than the between-child component of variability by a factor of 3–7 across the

DAP metabolites that were analyzed. Therefore, organophosphate pesticide exposure appeared to vary

more than 3 times from day-to-day than from child-to-child. This finding has important implications

for epidemiologic and exposure pathways research, since accounting for within-child variability may

increase the power of a study and allow for the detection of differences that would not otherwise be

possible without an analysis that separates out the within-child variability.

& 2011 Elsevier Inc. All rights reserved.
1. Introduction

Individuals experience different levels of exposure to environ-
mental contaminants from day-to-day, and therefore it is recom-
mended that repeated measurements on the same individual be
taken routinely in order to effectively evaluate exposure (Boleij et al.,
1995). Variations, both within individuals over time and between
individuals, are important elements of consideration in exposure
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analysis (Kromhout et al., 1993). Repeated sampling allows for
analysis of this variation and identification of its unique components
and can be crucial in correctly characterizing exposure (Heederik
et al., 1991). Longitudinal sampling with repeated measures is a
method that has long been used in studies of occupational exposures
(Kromhout et al., 1993; Symanski et al., 1996).

A number of studies have employed biological monitoring of
children to examine pesticide exposure pathways (Adgate et al.,
2001; Bradman et al., 2005; Coronado et al., 2006, 2009; Curl
et al., 2002; Lu et al., 2000; Royster et al., 2002; Shalat et al., 2003;
Thompson et al., 2003, 2008). Implicit in these studies is the
notion that a single (or in some cases two) biologic sample is a
representative measure of exposure that can be used as a
dependent variable to test various independent variables thought
to be predictors of exposure. This approach makes sense if
between-child variability is relatively high compared to within-
child variability. However, if the day-to-day variability in
children’s biological sample measurements is high, this approach
may result in a misclassification of children as to whether their
exposures were high or low. Studies that have longitudinal
measurements can provide estimates of the within- and
between-child variability.

In a study of organophosphate pesticide exposures (Koch et al.,
2002), biweekly urine samples were collected from a group of
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pre-school children over the course of 21 months covering
two agricultural spray seasons for dimethyl organophosphate
pesticides and two spray seasons for diethyl organophosphate
pesticides. These samples were analyzed for the five dialkylpho-
sphate (DAP) compounds that are common metabolic products of
many organophosphate pesticides. Children enrolled in this study
were aged 2–5 years and lived in an agricultural community in
central Washington with orchard crops. Geometric mean concen-
trations of both dimethyl and diethyl DAPs in the urine samples
collected during the spray months were found to be significantly
higher than those collected during the non-spray months. The
longitudinal measurements in that study permit characterization
of the exposure variability and allow the estimation of the
within- and between-child components of this variability. This
is particularly relevant given the temporal variation found in
the pesticide exposures of these children. In the current study,
we compute these variability components and assess their
significance.
2. Methods

Participants in this study included 44 children living in an agricultural

community. Study participants were recruited from a Central Washington

Women, Infant and Children’s Clinic, which provided health services to parents

with young children (Koch et al., 2002). Participants willing to participate in a

study, which included collection of biweekly urine samples over a period of one

year were recruited and consented regardless of their residential location or

occupation. Initial recruitment took place in December 1997 and because of

attrition additional families were recruited in April 1998. Each family completed a

questionnaire and was interviewed four times: once during enrollment, twice

during an interim period, and once during an exit interview. Information collected

included date of birth of children, weight, parental occupations, household

pesticide use, and children’s activities. Koch et al. (2002) analyzes this data in

detail. All procedures were reviewed and approved by the University of Washing-

ton Division of Human Subjects before we started data collection (UW IRB

application number 12,542) (Koch et al., 2002). Urine samples were analyzed for

five DAP metabolites: dimethylphosphate (DMP), dimethylthiophosphate (DMTP),

dimethyldithiophosphate (DMDTP), diethylphosphate (DEP), and diethylthiopho-

sphate (DETP). A global positioning system unit (Entertech, Mountain View, CA)

was used to record the location of each child’s residence. Global positioning

system data were plotted on 1998 digital aerial photographs of the area (US Forest

Service), and the distance from each residence to the nearest orchard was

determined using ArcView 3.2 (ESRI, Redlands, CA), an analysis software applica-

tion that links databases of geographic and feature information. In the analysis,

distance was categorized as close to (o60 m) or far from (460 m) agricultural

fields.

A component of variance model was used to estimate the mean urinary

concentrations of DAPs in each time period and the within- and between-child

components of variance. This model had a component describing how children

varied between each other and a component describing how much a single child

could vary from day-to-day. These two components are summarized by a standard

deviation for how much children vary between each other across the population,

and a standard deviation describing the day-to-day variation within a child. Each

child has one mean value and the between-child standard deviation describes how

the children’s mean values vary across the population. The within-child standard

deviation describes for each child how they vary from day-to-day about their

mean value. A single within-child standard deviation describes the within-child

variability in the population. In addition to the two components of variance we

estimate seasonal trends as a mean value for each time period to describe how the

average values change across time (Cox and Solomon, 2002; Pinheiro and Bates,

2000).

A five-dimensional multivariate normal model was used to describe the three

dimethyl metabolites, DMP, DMTP, and DMDTP, and the two diethyl metabolites,

DEP and DETP. A multivariate normal distribution was used because correlations

between the metabolites inform us about the censored values below a limit of

detection (Egeghy et al., 2005; Hughes, 1999; Lyles et al., 2001; Schisterman et al.,

2003; Thiebaut and Jacqmin-Gadda, 2004; Vigoren et al., Unpublished results). In

a single urine sample a value of any of the metabolites above the limit of detection

alters the probability distribution of other metabolites below the limit of detection

due to correlations between metabolites. For example, if DMTP is above its limit of

detection and DMP and DMDTP are below their limits of detection then the

particular value observed for DMTP informs us about the distribution of possible

values for DMP and DMDTP through their correlations with DMTP. Correlations

among the five metabolites are significant in this dataset. Estimation of the

parameters of the components of variance multivariate normal model is
complicated by the fact that many of the metabolite values are below the limit

of detection. A common method for dealing with observations below the limit of

detection is to substitute a constant value such as half of the limit of detection for

the value—these methods assume that it is known where the censored values

should be placed. In this analysis we chose to deal with the values below the limit

of detection as censored values, that is, in this analysis the distribution of these

values was constrained to be below the limit of detection and was conditional

upon the observed values of the other metabolites in the same sample. This

method provides more reliable statistical estimation and inference than do

conventional methods. The components of variance model can be expressed as

lnðXjklÞ �MVN5ðykþmj ,SwÞ for j¼ 1,2,. . .,44, k¼ 1,. . .,12,

and l¼ 1,2,. . .,njk mj �MVN5ð0,SbÞ ð1Þ

where MVN5 is a five-dimensional multivariate normal distribution of the three

dimethyl metabolites, DMP, DMTP, DMDTP, and two diethyl metabolites, DEP,

DETP, Xjkl is the vector of the measured DMP, DMTP, DMDTP, DEP, DETP

concentrations of the jth child in the kth exposure period on the lth collection

day, mj is the vector of the means of the 5 metabolites for the jth child, yk is the

vector of the means of the 5 metabolites for kth exposure period, Sw is the within-

child variance–covariance matrix (5�5) for metabolites, Sb is the between-child

variance–covariance matrix (5�5) for metabolites, and njk is the number of urine

sample collected for the jth child during the kth exposure period.

For observations below the limit of detection for a particular metabolite, the

value of the limit of detection is used to describe the upper limit of the censored

lower left hand tail of the probability distribution described above. The compo-

nents of variance model sets up the conceptual framework for the analysis of the

data. Because of the large number of censored values, distributions of the model

parameters were estimated using a Bayesian Markov chain Monte Carlo method

known as Gibbs sampling. Bayesian methods treat parameters as random

variables and thus provide posterior estimates of the distribution of parameters

based upon the data and prior distributions of the parameters. In our analysis to

minimize the effects of the prior distributions on the final estimates, we used

uninformative priors that provide little preference for any particular value of the

parameter. In our calculations we used a flat prior for the mean values and a

Wishart distribution for the precision (inverse variance) of the multivariate

normal distributions. We utilized the WinBUGS 1.4.3 software program available

at www.mrc-bsu.cam.ac.uk/bugs to perform all calculations (Lunn et al., 2000).

Further considerations can be found in the Technical appendix of the Supplemen-

tary material.

We used a multivariate normal distribution to model the logarithms of the

metabolites to simultaneously analyze all of the metabolites. The correlations

between the metabolites are used to provide more precise and representative

estimates of the means and variances. This is particularly important in this dataset

where we have over 50% of the metabolites below the limit of detection for DMP,

DMDTP, DEP, and DETP during at least one sampling season. The method used to

estimate the parameters of the components of variance model in (1) use the

observed values and correlations among the metabolite measurements above the

limit of detection and assume that the same relationship holds for those values

below the limit of detection. Thus, the estimates of the parameters in (1) are based

on the values above the limit of detection in conjunction with the number of

values falling below the limit of detection for each metabolite. As the fraction

of values below the limit of detection for a metabolite increases, the uncertainty of

the parameter estimate for the metabolite increases.

The multivariate normal distribution of the logarithms of the metabolites can

be easily related to other forms of analysis such as a regression analysis of the

values of one of the metabolites to the other metabolites. There are simple

relationships between the slope and intercept of a regression line and the means,

standard deviation and correlations estimated in (1) (Neter and Wasserman,

1974). We choose to use the multivariate normal distribution in (1) to describe the

analysis since it more clearly expresses the observational nature of the study, in

that none of the variables are under control of the investigator and that each of the

metabolites provides important aspects for understanding the exposure of

children to organophosphate pesticides.
3. Results

A total of 44 children (one child per family) were enrolled in
this study. Koch et al. (2002) reported demographic information
such as age, gender, and ethnicity. Each of the 44 children
provided between 10 and 26 urine samples; all samples were
collected over a 21-month period between December 1997 and
August 1999. Table 1 shows the calendar time periods when urine
samples were collected categorized by 12 time periods spanning
the 21-month interval during which they were collected. When
children had more than one observation in a given time period
all were included in the analysis. Dimethyl organophosphate

www.mrc-bsu.cam.ac.uk/bugs
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Table 1
Time periods used to categorize collection intervals showing times during which

dimethyl and diethyl organophosphate pesticide (OP) spraying occurred.

Time

period

Dates Dimethyl

OP

Diethyl

OP

1 December 15, 1997 to February 28,

1998

2 March 1, 1998 to April 30, 1998 Spraying

3 May 1, 1998 to June 15, 1998 Spraying

4 June 16, 1998 to July 31, 1998 Spraying

5 August 1, 1998 to September 15, 1998

6 September 16, 1998 to October 31,

1998

7 November 1, 1998 to December 15,

1998

8 December 16, 1998 to January 31, 1999

9 February 1, 1999 to March 15, 1999 Spraying

10 March 16, 1999 to May 31, 1999

11 June 1, 1999 to July 15, 1999 Spraying

12 July 16, 1999 to August 30, 1999 Spraying

Table 2
Summary of urinary metabolite results during spray and non-spray seasons

showing the number of samples for which the results of the chemical analysis

were above or below the limit of detectiond or for which the reference standard

was not reliable (percentages are in parentheses).

Total number Detectable Non-detectable No valuea

DMPb

Spray 275 77 (28) 198 (72) 0 (0)

Non-spray 697 181 (26) 514 (74) 2 (0.3)

DMTPb

Spray 275 219 (80) 55 (20) 1 (0.4)

Non-spray 697 483 (69) 211 (30) 3 (0.4)

DMDTPb

Spray 275 97 (35) 178 (65) 0 (0)

Non-spray 697 186 (27) 510 (73) 1 (0.1)

DEPc

Spray 119 92 (77) 26 (22) 1 (0.8)

Non-spray 853 361 (42) 491 (58) 1 (0.1)

DETPc

Spray 119 98 (82) 21 (18) 0 (0)

Non-spray 853 408 (48) 444 (52) 1 (0.1)

a ‘‘No value’’ indicates the number of samples for which there were laboratory

difficulties in determining the concentration of the particular metabolite. Analysis

of DEDTP was particularly problematic because the reference standard was

unstable, and DEDTP could not be standardized within several of the batch runs.

This led to high numbers of samples with No Value, and therefore DEDTP results

are excluded from this analysis.
b For the dimethyl metabolites DMP, DMTP, and DMDTP, spray season denotes

samples collected during the dimethyl organophosphate pesticide application

period of May–July of 1998 and June–August of 1999. Non-spray samples denote

samples collected at all other times.
c For the diethyl metabolites DEP and DETP, spray season denotes samples

collected during the diethyl organophosphate pesticide application period of

March–April of 1998 and February–March of 1999. Non-spray samples denote

samples collected at all other times.
d Among the 972 urine samples there were only 28 (4%) samples for which all

five metabolites were above the detection level, 104 (11%) samples with the three

dimethyl metabolites, DMP, DMTP, DMDTP, above the detection limit, and 72 (7%)

with the two diethyl metabolites DEP, DETP above the detection limit. Overall 54%

of the analyses were below the limit of detection for the five metabolites.

Table 3
Total, mean number, and range of urine samples collected from the 44 children

during the dimethyl organophosphate pesticide spray and non-spray periods of

the study.

No. of
samples

No. of samples per child

Mean Min Max

Total 972 22 10 26

Spray months 275 6.3 2 11

Non-spray months 697 16 5 22
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pesticides (e.g. azinphos-methyl and phosmet) were applied to
fields in central Washington State in May, June, and July of 1998
and June, July, and August of 1999 for crop protection.

A total of 972 samples were collected and analyzed for these
five DAP compounds. Urine samples were analyzed for six DAP
metabolites: dimethylphosphate (DMP), dimethylthiophosphate
(DMTP), dimethyldithiophosphate (DMDTP), diethylphosphate
(DEP), diethylthiophosphate (DETP), and diethyldithiophosphate
(DEDTP), as described by Moate et al. (1999). Analysis of DEDTP
was problematic due to an unstable analytic standard, and DEDTP
concentration could not be standardized within several of the
batch runs. Therefore, DEDTP was excluded from the statistical
analysis. The limits of detection for the remaining compounds
were 59 nmol/L for DMP, 7.8 nmol/L for DMTP, 45 nmol/L for
DMDTP, 43 nmol/L for DEP, and 7.1 nmol/L for DETP.

Table 2 summarizes the results of the urinary analysis and lists
the number of samples, which were detectable, non-detectable,
and those for which there was a laboratory problem preventing
analysis (‘‘No value’’). Four of the five metabolites were found in
detectable concentrations in fewer than 50% of the samples
during at least one of the sampling seasons (Table 2). DMTP,
however, was found at detectable concentrations in 80% of
the samples during the time of year when dimethyl pesticide
agricultural spray was occurring and 69% of the samples during
the time of the year when spray was not occurring. A summary of
the sample sizes during the dimethyl spray and non-spray periods
is presented in Table 3. Our analyses focus primarily on DMTP,
since it was the only metabolite detected more than 50% of the
time, and secondarily on the other metabolites.

The estimated mean values for each metabolite for each time
period, yk, k¼1,y,12, are shown in Fig. 1 with standard errors.
These plots show the effects of spray seasons on the concentra-
tions of metabolites excreted in urine. Fig. 1 shows that the
dimethyl pesticide metabolites were observed to differ between
the two non-spray periods (December 1997 through April 1998,
and August 1998 through May 1999), and between the two spray
periods (May through July of 1998 and June through August of
1999) (Koch et al., 2002). The trend is particularly evident with
the dimethyl metabolites and specifically for DMTP. The effect of
the spray season in this dataset has been shown previously for
these data and that there was a lower level of metabolites in the
second year (Koch et al., 2002).

The within- and between-child variability are presented in
Table 4 as geometric standard deviations and their 95% prediction
intervals for the five metabolites. The within-child geometric
standard deviations are much larger than the between-child
geometric standard deviations and differ by a factor of 3–7 across
the five metabolites. Also shown in Table 4 are the intra-class
correlation coefficients. The intra-class correlation coefficient is
commonly used to compare variance components and measures
the fraction of total variability in a measurement (the sum of the
within- and between-child variance on the log scale) accounted
for by the between-child variance. In our analysis the intra-class
correlation coefficient is relatively similar for the five metabolites,
varying from 0.050 to 0.078.

Table 5 shows location and activity measurements for study
participants. Two questionnaire items from the study were
considered relevant to the between-child variability component:
parents had been asked how many hours per day on average their
child spent away from the residence, and how many hours per
day on average their child spent outdoors while at the residence



Fig. 1. Estimated geometric mean concentration of metabolites for each of the 12 time periods used in this analysis. Error bars show standard errors. The lines immediately

above the time period axis show the periods when spraying was occurring for dimethyl organophosphate pesticides and diethyl organophosphate pesticides.

Table 4
Geometric Standard Deviations for within- and between-child variability for three dimethyl metabolites, DMP, DMTP, and DMDTP, and two diethyl metabolites, DEP and

DETP, of organophosphate pesticides. The intra-class correlation coefficient measures the fraction of total variability in a measurement (the sum of the within- and

between-child variance on the log scale). Values in parentheses are 95% confidence intervals.

DMP DMTP DMDTP DEP DETP

Geometric Standard Deviation
Within-child 8.86 (7.00,11.7) 5.04 (4.60,5.57) 11.2 (8.99,14.5) 14.9 (10.6,21.4) 6.19 (5.37,7.29)

Between-child 1.89 (1.51,2.56) 1.51 (1.34,1.76) 1.88 (1.52,2.50) 1.86 (1.43,2.75) 1.70 (1.45,2.10)

Intra-class Correlation
0.078 (0.033,0.157) 0.060 (0.031,0.111) 0.064 (0.028,0.126) 0.050 (0.016,0.126) 0.078 (0.039,0.143)

Table 5
Mean, standard deviation, minimum, and maximum values for location and

activity information for study participants.

Time spent
away from
residence
(h/day)

Time spent
outdoors while
at residence
(h/day)

Distance from
the nearest
orchard (m)

Mean 4.1 1.5 670

Std dev 4.3 1.5 430

Minimum 0 0 12

Maximum 12 8 1300
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(Table 5). There was a high degree of variability in the responses
to these questions. While some children spent no time away from
the residence on an average day, some children spent as much as
12 h elsewhere. The average time spent away from the residence
was 4.174.3 h. Additionally, parents reported that while some
children spent as much as 8 h outdoors at home, others did not go
outside at all on an average day. The mean time spent outdoors at
home was reported to be 1.571.5 h.

The distance from the residence to the nearest orchard was
also considered a relevant characteristic that might lead to a
significant between-child variability component during the active
spray season. Table 5 presents a summary of the results of the
analysis of the participants’ residential proximity to the nearest
orchards measured with a global positioning system that had a
2–3 m outdoor resolution (Elgethun et al., 2003). Again, there was
a large amount of variability in these results. The closest home
was 12 m (40 ft) from an orchard, and the furthest was 1300 m
(4400 ft). The mean distance to the nearest orchard was 670 m
(2200 ft) with a standard deviation of 430 m (1400 ft).
4. Discussion

The use of repeated sampling in this study was a strength that
enabled us to characterize the within- and between-person
components of variability. The day-to-day within-child compo-
nent of variability was found to be much larger than the between-
child component, regardless of whether or not pesticides were
being actively sprayed in the community when the samples were
collected. These findings suggest that individual factors did
contribute significantly to organophosphate pesticide exposures
during the months when pesticides were being applied to nearby
fields.

Other factors influencing variability might include the location
of a child’s home relative to spray or spray drift or the frequency
with which a particular child plays in nearby fields. However, no
clear association was found between either child behavior
patterns or residential proximity to orchards and urinary DAP
metabolite levels (Koch et al., 2002), but this is not surprising,
given that no data were available on the timing of the pesticide
applications in the specific orchards near each of the homes, or
which pesticides were applied during these applications. Further,
no information was available on child location when children
were not at home, or how many hours per day children spent
outdoors at a location other than their residence. The high degree
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of variability present in the available child location and activity
data suggests that these other factors may vary greatly by child
as well.

These information gaps highlight an important limitation of
this study, that we were not able to elucidate the potential causes
of large day-to-day variability in children. If the pesticide applica-
tion dates were known for the specific orchards adjacent to
participating homes, the temporal distance between application
and sample collection could be characterized by child. Addition-
ally, if the specific locations and activities of the children were
known, such as whether or not they played in or near treated
fields either at their home or elsewhere, the relationship
between-child location and metabolite concentration could be
investigated. Other research has investigated child activity on a
macro-scale by tracking child location over time using small,
portable global positioning system units (Elgethun et al., 2003).
This type of refined analysis might help to explain the significant
between-child variability found during the active spray season.

Another limitation is the unknown amount of preformed
DAP metabolites to which the children were exposed.
Zhang et al. (2008) have shown that preformed DAP metabolites
of organophosphate pesticides occur in the environment and in
foods with a mean mole fraction of preformed DAPs/
(DAPsþorganophosphate pesticides) of 0.62. These could account
for a portion of the excreted metabolites in this population. Our
other research measuring organophosphate pesticides in orchard
workers homes during spray seasons have shown, however, that
levels of organophosphate pesticides are correlated with the DAP
metabolites (Coronado et al., 2006, 2010; Curl et al., 2002). This
suggests that the large relative differences between spray and
non-spray seasons in DAP metabolites may be due to organopho-
sphate pesticides in the home environment. Whether the parent
works in pome or non-pome orchards affects the levels of DAP
metabolites measured in the urine of children (Coronado et al.,
2006, 2009).

Despite these limitations, the finding of high within-child
variability in biologic pesticide exposure samples has important
implications for epidemiologic and exposure pathways research.
Mainly, if the within-child variability is not separated out from
the total variability then there may not be sufficient power to
detect differences between groups. The between-child variance is
used to determine the differences between groups in an analysis.
When the within-child variance is large compared to the
between-child variance it would require much larger sample
sizes to detect the differences (Curwin et al., 2007; Kromhout
and Heederik, 2005; Liu et al., 1978; Preller et al., 1995a, 1995b).

Often, however, studies are not designed or analyzed to
estimate within-child variability, and several related studies can
be cited to illustrate this point. Curl et al. (2002) reported a weak
association between pesticide concentrations in house dust and
organophosphate pesticide metabolite concentrations for 211
children from urine samples composited from 2–3 urine voids.
The confidence with which these associations could be made
might have increased if non-composited voids from multiple days
were available. Royster et al. (2002) collected spot urine samples
four weeks apart from 15–17 children, and used each set of urine
data separately to test for an association between residential
proximity to treated fields and exposure. No significant associa-
tion was found in either case, but estimation of within-child
variance could have improved the analysis of the study. Shalat
et al. (2003) collected a single spot urine sample from 41 children
and reported a poor association between pesticide house dust
concentrations and exposure. None of these studies discussed
within-person variability in the biological measurements.

Because our study had a longitudinal design and took repeated
samples per person, our analysis was able to characterize the
within- and between-child variability in organophosphate pesti-
cide exposure of children living in an agricultural area in central
Washington State. Future work, including repeated biological
sampling measurements, will be necessary to help explain the
high day-to-day variability in organophosphate pesticide expo-
sure to children. In addition, further studies combining data
on child behavior and location, spray events, and longitudinal
biomonitoring analysis could allow examination of the specific
factors that contribute to increased between-child variability in
urinary metabolite levels during agricultural spray seasons.
5. Conclusion

The use of repeated sampling enables researchers to charac-
terize the within- and between-person components of variability.
This type of analysis can elucidate the magnitude of day-to-day
and person-to-person variations in exposures, and can determine
whether or not groups of individuals are uniformly exposed. The
current study describes the variation in organophosphate pesti-
cide exposure over a 21-month period in a group of 44 children
living in an agricultural community. The day-to-day within-child
component of variability was found to be much larger than the
between-child component, regardless of whether or not pesti-
cides were being actively sprayed in the community when the
samples were collected.
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