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Abstract
In time-series studies of ambient air pollution and health in large urban areas, measurement errors
associated with instrument precision and spatial variability vary widely across pollutants. In this
paper, we characterize these errors for selected air pollutants and estimate their impacts on
epidemiologic results from an ongoing study of air pollution and emergency department visits in
Atlanta. Error was modeled for daily measures of 12 air pollutants using collocated monitor data to
characterize instrument precision and data from multiple study area monitors to estimate population-
weighted spatial variance. Time-series simulations of instrument and spatial error were generated
for each pollutant, added to a reference pollutant time-series, and used in a Poisson generalized linear
model of air pollution and cardiovascular emergency department visits. Reductions in risk ratio due
to instrument precision error were less than 6%. Error due to spatial variability resulted in average
risk ratio reductions of less than 16% for secondary pollutants (O3, PM2.5 sulfate, nitrate and
ammonium) and between 43% and 68% for primary pollutants (NOx, NO2, SO2, CO, PM2.5 elemental
carbon); pollutants of mixed origin (PM10, PM2.5, PM2.5 organic carbon) had intermediate impacts.
Quantifying impacts of measurement error on health effect estimates improves interpretation across
ambient pollutants.

Introduction
Exposure measurement error is inherent to time-series studies of ambient air pollution and
health in large populations and its assessment has been cited as a research priority [1-4]. Zeger
et al. [5] describe three components of measurement error: (1) differences between individual
exposures and average personal exposure, (2) differences between average personal exposure
and ambient levels, and (3) differences between measured and true ambient concentrations. In
this paper, we investigate this third component of measurement error, which can be divided
into two subcategories [6]: (a) instrument error, which results from inaccuracy and imprecision
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in the ambient monitor observations, and (b) spatial error, which results from the inability of
a single time-series to accurately represent the ambient levels throughout the study area.

Instrument error can be examined through analysis of measurements from collocated monitors.
Discrepancy between independent measurements at the same location may be due to instrument
calibration and drift as well as errors in sample preparation, collection, analysis, data
acquisition, and data processing. Uncertainty estimates based on laboratory tests often
underestimate error associated with actual use of the instrument when assessed from collocated
instrument data [7-8].

A second source of error addressed here is that resulting from the use of a single measure (e.g.,
central monitor data or spatial average estimates using data from multiple monitors) to
characterize ambient pollutant levels over a study area. Both micro- and macro-scale variations
in ambient air pollution have been observed in metropolitan areas [9]. Spatial variation, if not
independent of ambient concentration, can bias effect estimates in time-series health studies.
Sheppard et al. [10] found that measurement error resulting from spatial variability led to an
attenuation of acute health effect estimates of 7.7% for PM2.5 mass when exposure was
estimated from a single monitor. Wilson et al. [11] observed associations between ambient
PM2.5 and cardiovascular mortality to be lower in geographical subpopulations farther from a
central monitoring site compared with populations close to the central site in a daily time-series
study. While investigating three spatial models in a study of airborne particles and respiratory
emergency hospital admissions, Chen et al. [12] found that effect estimates of PM10 were
underestimated when a nonspatial approach was used. In a recent study of ambient air pollution
and emergency department visits, effect estimates for spatially heterogeneous pollutants (CO
and NO2) were dependent on which monitor was used, whereas observed associations for
spatially homogeneous pollutants (O3 and PM2.5) were similar regardless of the monitoring
site [13]. These results suggest that there may be greater attenuation of health risk estimates
for spatially heterogeneous primary pollutants than for spatially homogeneous secondary
pollutants, as one might expect.

In this paper, we address the need for a comprehensive examination of measurement error
impacts on health risk estimates in a study of air pollution and emergency department (ED)
visits for cardiovascular disease (CVD) in Atlanta. Our objectives were, first, to characterize
and model measurement error using ambient air monitoring data, and, second, to assess the
impact of measurement error by rerunning epidemiologic models using reference pollutant
data with modeled error added. For selected ambient air pollutants in the metropolitan Atlanta
region, we provide a detailed characterization of both instrument precision error and error due
to spatial variability as these errors have been previously demonstrated to be the relevant
sources of potential bias in regression coefficients in time-series studies [14]. This study is
limited to variability in ambient air pollution as assessed from regulatory and regional study
monitors at fixed locations throughout the area of interest; microscale variability, such as that
associated with near-roadway concentrations, is not addressed; nor is temporal microscale
variability addressed, such as that associated with meteorological events on subhour time
scales. Microscale spatial and temporal variability in pollutant levels may be sources of error
in etiologic investigations of acute health effects from air pollution, but this study examines
the impact of error on health risk estimates for ambient levels of pollutants measured in
accordance with regulatory specifications. Finally, this study addresses the effects of
instrument imprecision and spatial variability, not the effects of instrument inaccuracy and
spatial heterogeneity (e.g., urban-rural differences in primary air pollutant concentrations). The
former result in day-to-day lack of correlation between air pollutant measurements at either
the same location with different instruments or at different locations; the latter reflect
systematic differences in pollutant concentration measurements between instruments or over
space.
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Methods
Our approach for characterizing measurement error and assessing its impact in a time-series
health study involves five steps: (1) collection of ambient air pollutant data; (2) characterization
of instrument precision by analyzing collocated instrument data; (3) characterization of spatial
variability using geostatistical methods; (4) generation of simulations by adding modeled error
to reference pollutant data; and (5) use of the simulations in epidemiologic models and
comparison of results with those obtained using the reference time-series data. Methods used
in each of these steps follow.

Ambient Air Pollutant Data
Twelve pollutants were assessed: NO2, NOx, O3, SO2, CO, PM10 mass, PM2.5 mass, and
PM2.5 components sulfate (SO4), nitrate (NO3), ammonium (NH4), elemental carbon (EC),
and organic carbon (OC). Metropolitan Atlanta area monitors are shown in Figure 1. Air
pollution measurements from three sources were utilized: the US EPA's Air Quality System
(AQS), including State and Local Air Monitoring System and Speciation Trends Network for
PM2.5 component measurements; the Southeastern Aerosol Research and Characterization
Study (SEARCH) network [15], including the Atlanta EPA supersite at Jefferson Street [16];
and the Assessment of Spatial Aerosol Composition in Atlanta (ASACA) network [17]. To
assess measurement error due to instrument imprecision and spatial variability, 1999-2004 data
sets were used, except where noted.

For several pollutants, different measurement methods were used. SEARCH monitors (sites
A and B) independently measure NO and NO2, whereas the AQS NOx measurement may
include additional oxides of nitrogen. For SO2 measurement, less SO2 is lost by water
condensation in the SEARCH sampling system than in the AQS measurement. For PM2.5 mass
measurements, both Federal Reference Method (FRM) instruments, which provide 24-h
average filter-based measurements, and Tapered Element Oscillating Microbalance (TEOM)
instruments, which provide 1-h semicontinuous data, were used. The TEOM analyzers were
operated to minimize loss of semivolatiles [18]. For PM2.5 components, data were obtained
from particle composition monitors (PCM) providing 24-h filter samples, except for collocated
data which were obtained using continuous methods. Ions (SO4, NO3, NH4) were detected by
chromatographic analysis; for carbon data, SEARCH uses the thermal optical reflectance
method for differentiating EC and OC, whereas AQS uses the thermal optical transmittance
method. The EC-OC split differs between these methods [19]; however, the measures are
highly correlated [20]. The differences between measurement methods are expected to have
little impact on the assessment of instrument error in this study because error here is based on
the correlation, not the bias, between measurements.

Instrument Precision
Collocated instrument data during 1999-2004 were available for NO2, NOx, and O3 at Yorkville
(Figure 1, site B) from AQS and SEARCH monitors. For PM2.5 total mass and major
components, collocated filter-based measurements and unadjusted continuous data [18] at the
Jefferson Street SEARCH site (Figure 1, site A) were used over the six-year period 2002-2007.
For SO2, CO, and PM10, collocated instrument data were not available.

Continuous PM2.5 ion measurements tend to underestimate concentrations[21-22], which has
been attributed to excess water in the instrument and reductions in flash volatilization efficiency
at high concentrations [21,23]. For carbon fractions, the filter-based EC and OC measurements
were compared with aethalometer measurement of black carbon and a semicontinuous total
carbon measurement with the aethalometer black carbon subtracted, respectively.
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Compounded error in the continuous OC estimates is expected to result in conservatively high
estimates of instrument error for this pollutant.

Spatial Variability
The semivariogram provides information on the spatial correlation of data and has been used
previously for air pollutant data [24-25]. In this study, modified semivariograms were used to
assess spatial variability error over the entire six-year study period. In the raw semivariogram,
γ(h), defined here as one-half of the variance of the differences between observations (Cj and
Ck) at two locations (j and k) located a distance h apart over all days, is plotted versus h. Here,
the semivariance is normalized by the temporal variance of the average of two observations to
yield a scaled semivariance, γ′.

(1)

Thus, γ′ represents the spatial semivariance scaled to a quantity indicative of the range of
exposures over which health risk is being assessed; it is unitless and allows for comparison
across pollutants. It can be shown that this scaled semivariance is related to the Pearson
correlation coefficient (R) between observations at two sites as follows [25].

(2)

Thus, a scaled semivariance value of 0 corresponds to perfectly correlated observations (R =
1) and a value of 1 corresponds to perfectly uncorrelated observations (R = 0). The scaled
semivariance as defined by eqs 1 and 2 is, therefore, a measure of spatial variability for the
entire study period that can be compared across pollutants. Since the power to observe an
association in a time-series health study depends on the temporal variability of pollutant
concentrations, the impact of error due to spatial variability will depend on how large the spatial
variance is relative to the temporal variance, evaluated for the entire study population over the
entire study period.

Assuming the spatial variation of air pollutants to be isotropic, the scaled semivariance was
modeled as a function of the distance between observations, h, as follows.

(3)

Here, , called the nugget, is the semivariance when monitors are collocated and, therefore,
represents instrument precision error scaled by the temporal variance. Collocated monitor data
were analyzed to determine the nugget semivariance and, thus, characterize instrument

precision error. The sill, , is the asymptote of the semivariance, and the range, 3ae, is the
distance at which 95% of the sill is reached. The exponential model above provided a
reasonable fit to the data, as will be shown.

We used the theoretical semivariogram to compute an average scaled semivariance relative to
the urban center for the entire study population for each pollutant. Data from the 2000 census
for 660 tracts in the metropolitan Atlanta study area were used to develop the following

Goldman et al. Page 4

Environ Sci Technol. Author manuscript; available in PMC 2011 October 1.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



relationship between population density, P(r), and distance from the urban center, r
(Supporting Information, Figure S1).

(4)

Parameters A and B are regression coefficients. This relationship (eq 4) was used with the
modeled semivariogram (eq 3) to calculate an integrated population-weighted semivariance,

, for each pollutant.

(5)

Here, the radius of the Atlanta study area, R, is 80 km, B is 0.052 km−1, and the nugget ,

partial sill  and range (3ae ) are determined for each pollutant (Supporting Information,
Table S1). Since a nonzero nugget is included in the integration, the population-weighted
semivariance includes instrument imprecision effects. We hypothesize that this integrated
scaled semivariance can be used to predict the impact of error due to spatial variability on
health risk estimation.

Simulations
To develop simulated data sets with modeled instrument and spatial error added to
measurements, the steps shown in Figure 2 were taken. First, a reference time-series was chosen
so that impacts on health effect estimates of adding error for each pollutant could be compared
to the same base case. Based on preliminary epidemiologic model results, we chose the 1-h
maximum CO time-series at a central monitor (site A) as our base case because of its significant
positive association with ED visits for CVD. Site A was chosen as the base case because it is
a former EPA supersite and is heavily used in epidemiologic studies in Atlanta. Second, the
log-normally distributed CO concentrations were normalized to avoid negative concentrations
and preserve log-normality after error is added.

(6)

Here,  is the normalized concentration on day i and μlnC and σlnC are the mean and standard
deviation, respectively, of the log concentrations over all days; thus, the mean and standard
deviation of  are 0 and 1, respectively. Third, error in the normalized concentration was
modeled as a function of concentration based on the observed dependence of error on pollutant
concentration.

(7)

Here, εχi is the modeled error in  for day i, Ni is a random number with distribution ~ N(0,1)
and inclusive of short-term temporal autocorrelation, and a and b are constants obtained by
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optimization under the constraints described below. Fourth, the simulated error was introduced
to normalized data (eq 8), and, fifth, to provide simulations of CO data with error added that
have similar distributions to the original CO data, these were denormalized (eq 9).

(8)

(9)

Here, σχis the standard deviation of χi , which is slightly larger than 1 due to the error added
to . Thus, the simulations with error added (Zi) have the same log mean and standard deviation
as the central monitor CO data. These simulations represent alternative time-series derived
from the same base case (i.e., the “true” time-series, Z*) with error added and with similar
distributions as the base case.

For each pollutant, two semivariograms were constructed, one using log-concentration data
and the other using concentration data directly. The corresponding two semivariogram nuggets
and two population-weighted semivariances provide constraints for optimizing a and b for
instrument imprecision and spatial variability, respectively. These constraints are calculated
from the semivariogram nuggets and population-weighted semivariances by inverting eq 2, as
shown in eq 10 and eq 11, respectively.

(10)

(11)

For instrument error, since the relationship between measurements is known but the
relationship between measurement and truth is not, simulated time-series datasets are
constrained to have inter-correlations, R(lnZ1,lnZ2) and R(Z1,Z2), that equal those from
collocated instruments (Ro). It was found that these constraints yielded error of the same
magnitude and concentration dependence as observed in the data (Supporting Information,
Figure S2). For spatial error, defined here as the error that results from extrapolating central
site exposures to locations removed from the central site, simulated time-series datasets are
constrained to have correlations with the base case, R(lnZ,lnZ*) and R(Z,Z*), that equal the
average of correlations of ambient pollution time-series datasets at residences of all people in
the study area with a central ambient pollutant time-series (R̄). This optimization procedure
was repeated 20 times to obtain average a and b values for use in 1000 Monte Carlo simulations.

Three measurement error models were developed for each of 12 pollutants in order to simulate
three scenarios: (1) instrument error with semivariogram nuggets constrained and temporal
autocorrelation of error included; (2) spatial error with population-weighted semivariances
constrained and temporal autocorrelation of error included; (3) spatial error simulations with
population-weighted semivariances constrained but without temporal autocorrelation of error
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included. Thus, 36 sets of 1000 simulated time-series for the six-year period 1999-2004 of
central monitor (site A) CO data with error added were produced.

Epidemiologic Model
Relationships between daily measures of ambient air pollution and daily counts of ED visits
for CVD (including ischemic heart disease, dysrhythmia, congestive heart failure, and
peripheral/cerebrovascular disease) were assessed using methods described elsewhere [26] and
briefly summarized here. There were 166,950 ED visits for CVD in the 20-county metropolitan
Atlanta area during 1999-2004. Lag 0 associations between daily pollutant concentration and
the daily count of ED visits were assessed using Poisson generalized linear models that
accounted for overdispersion. The general form of the epidemiologic model is

(12)

where Yi is the count of emergency department visits on day i, Zi is the pollutant concentration
on day i at a central monitor, and confoundersi is the vector of potential confounders on day
i. The specific potential confounders included in the model were indicator variables for day-
of-week, season, and when a hospital entered or left the study; cubic terms for maximum
temperature and dew point; and a cubic spline with monthly knots for day of follow-up. The
parameter α is the intercept, β is the log of the rate ratio for a change in pollutant concentration,
and γ is the vector of regression coefficients for the suspected confounders included in the
model. The risk ratio (RR) is given by eq 13.

(13)

Using data from the central monitor (site A), preliminary epidemiologic assessments were
performed for all air pollutants and ED visits for CVD. Consistent with previous findings
[26], significant positive associations were found for several traffic-related pollutants,
including 1-h maximum NOx, 1-h maximum CO, and 24-h average EC. To compare the impacts
of adding error across all pollutants, we selected 1-h maximum CO for our base case time-
series. Monte Carlo simulations of instrument and spatial error added for each pollutant to the
base case were used to test the impact of measurement error on epidemiologic analyses. With
this approach, the actual central monitor CO observations are considered the “true” values
(Z*), and the simulated data sets with error added are the “measured” values (Z). A total of
36,000 epidemiologic analyses were performed using simulated time-series.

Results and Discussion
Ambient Air Quality Data

Daily metrics for 12 ambient air pollutants were calculated: 1-h maximum NO2, NOx, SO2 and
CO, 8-h maximum O3, and 24-h average PM10, PM2.5, and PM2.5 components NO3, SO4,
NH4, EC, and OC. These measures were found to be best described by lognormal distributions.
Lognormal distribution properties (geometric mean, μg, and standard deviation, σg) for all 12
pollutants measured at the central SEARCH monitor (site A) and at the rural SEARCH monitor
(site B) are listed in Table 1. Data completeness for 1999-2004 (2192 days) ranged from 82%
to 97% across the pollutants. Levels of primary pollutants (NO2, NOx, SO2, CO, and EC) are
much higher at the urban monitor and much less spatially correlated (urban-rural R ranging
from 0.10 to 0.43). For pollutants of largely secondary origin (O3, NO3, SO4, and NH4), the
average levels are similar at urban and rural sites and the spatial correlation is much higher
(urban-rural R ranging from 0.72 to 0.92). Pollutants of mixed origin (PM2.5, PM10, and OC)
have an intermediate level of spatial heterogeneity and spatial correlation.
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Instrument Precision Error
The collocated instrument correlations in Table 1 are indicative of the amount of instrument
error for each pollutant. For PM2.5 total mass and major constituents, the correlations between
filter-based measurements and measurements using continuous methods are lower than
correlations between collocated data from a Centreville, Alabama site using identical filter-
based instruments (shown in parentheses). Thus, our instrument error estimations are
conservative in that they include some variability due to different instruments or analytical
methods. The collocated OC observations were least correlated, likely due to compounded
error in the continuous OC measurement involving taking the difference between total carbon
and black carbon observations.

Collocated instrument time-series were used to calculate nugget semivariance values on a
concentration basis and a log-concentration basis, which characterize instrument precision in
the error simulation model. In the case of CO, SO2, and PM10 for which we did not have
collocated instrument data, a value fitted by the semivariogram was used. All nugget
semivariance values are listed in Supplemental Information, Table S1.

In general, instrument error was observed to increase with increasing concentration; this
concentration dependence was modeled via eq 7. Short-term temporal autocorrelation of error
was also observed, with correlation coefficients averaged across all pollutants of 0.59 ± 0.13
(standard deviation) and 0.33 ± 0.17 for one-day and two-day lags, respectively; this was
modeled by using a three-day running average of random numbers for Ni (eq 7). The desired
level of error autocorrelation was verified in all models, as was the concentration dependence
of the magnitude of error. The most extreme outliers in the observed error were not captured,
however (Supporting Information, Figure S2).

Spatial Variability Error
Correlations between observations from all pairs of monitors measuring the same pollutant
during 1999-2004 were calculated on a concentration basis and log concentration basis. As
shown in Figure 1, there were six NO2 and NOx monitoring sites, five sites each for SO2, CO,
and O3 (with three O3 sites providing only March-November data), eight PM10 sites (with five
providing data only every 6 days), nine PM2.5 mass sites (with four providing data only every
3 days), and five sites with PM2.5 composition monitors. Scaled semivariograms were
constructed for both concentrations and log concentrations, using eq 2, and plotted as a function
of distance between monitors. In Figure 3, log concentration semivariograms are shown for all
pollutants. Exponential theoretical semivariograms were fit to the data (eq 3) by using least-
squares regression to determine the range, assuming a sill of 1 and using a nugget derived from
the instrument precision analysis.

Secondary pollutants (O3, NO3, SO4, and NH4) have large range values (from 1100 km to 3000
km), indicating their greater spatial autocorrelation. Primary pollutants (NO2, NOx, SO2, CO,
and EC), conversely, have lower range values (from 100 to 330 km), demonstrating greater
spatial variability of these pollutants. Scatter in the raw semivariogram suggests a degree of
anisotropic behavior (i.e., directional dependence) in the data in addition to observational error.

Population-weighted semivariances were derived from both the concentration and log
concentration semivariograms (Supporting Information, Table S1). While nuggets were all
small (<0.1), indicative of low levels of instrument error, population-weighted semivariograms
suggest much larger error due to spatial variability. As mentioned previously, secondary
pollutants exhibit much less spatial variability than primary pollutants. Ozone exhibits the least
spatial variability, and SO2 the most. Moreover, SO2 spatial variability is likely underestimated
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due to an insufficient number of monitors for this pollutant whose emissions are dominated by
a few point sources.

Simulations with Modeled Error Added
Optimization yielded values of parameters a and b that were very similar across the 20 trials
(Supporting Information, Table S2) for each error type and each pollutant, indicative of a
relatively stable solution to the error model optimization routine. After optimization of model
parameters a and b, 1000 simulations were generated for each pollutant by adding instrument
precision error and error due to spatial variability, both with and without temporal
autocorrelation, to the reference time-series via the procedure outlined in Figure 2. Average
correlation coefficients between simulations agreed with expected values, with wider ranges
of results from spatial error models of primary pollutants (Supporting Information, Figure S3).
The range of simulation results is consistent with the observed variability in yearly intermonitor
covariance.

Error Impact on Health Risk Assessment
For the base case of 1-h maximum CO exposures (Z*) and CVD outcomes, a risk ratio of 1.0139
was observed, with p-value of 0.000009. Differences between this result and results from the
regression of the same health outcome data against the simulations with error added instead of
the CO data reflect the impact of error. Results of 1000 epidemiologic models for 12 air
pollutants and three error scenarios are summarized in Table 2. The degree to which the risk
ratio observed using the simulations is decreased toward one (the null hypothesis) from the
risk ratio observed using the base case data can be expressed as a percent bias-to-null in the
risk ratio.

(14)

Here, β* is the effect estimator when CO central monitor data (Z*) were used in the
epidemiologic model, and β is the effect estimator when simulations with error added (Z) were
used.

The addition of instrument precision error to monitor data was found to have little impact on
risk ratio and significance estimates. Average risk ratios ranged from 1.0131 to 1.0143
(compared to 1.0139), and median p-values ranged from 0.000010 to 0.000045 (compared to
0.000009). In comparison, the impact of error due to spatial variability was much larger. Loss
of significance of association at the 95% level was observed for SO2 and NO2. For primary
pollutants, risk ratios on average ranged from 1.0045 for SO2 to 1.0079 for NOx, corresponding
to average bias-to-null estimates of 68 to 43%, respectively. For pollutants largely of secondary
origin, the results exhibited less bias-to-null, with risk ratios on average ranging from 1.0117
for NH4 to 1.0145 for NO3; these correspond to average bias-to-null estimates of less than
16%. For pollutants of mixed origin, intermediate levels of bias-to-null were observed. The
presence of temporal autocorrelation in spatial error slightly decreased the bias-to-null and
increased significance, likely due to the fact that the air pollution data themselves have temporal
autocorrelation.

In Figure 4, average values of the bias-to-null from all models are shown as a function of the
integrated scaled semivariance, which is a measure of the magnitude of error added. These
results support our hypothesis that the impact of error due to spatial variability depends on how
large the spatial variance is relative to the temporal variance, evaluated for the entire study
population over the entire study period.
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This investigation was limited to error associated with the lack of correlation between exposure
measurements. Results are limited to single pollutant analyses. Our results can be used directly
to reinterpret results from single pollutant models across multiple pollutants, with health effect
estimator attenuation varying across pollutants. Our modeling framework could be extended
for use in multipollutant models as well by including joint variance effects in the semivariogram
analysis.

In this paper, we have shown the relative impacts of measurement error on health risk
assessment using simulated time-series of ambient levels. The amount of error was derived
from observations; however, bias in the health response estimate is dependent on both the
amount and type of measurement error. In terms of the latter, two extremes in the conceptual
framework for error type have been proposed: classical error and Berkson error [5,10]. The
type of error simulated in this work is neither classical nor Berkson (Supporting Information,
Figures S4 and S5). In ongoing work, we are exploring the impact of varying error type, while
keeping the amount of error constant, on health effect estimation by relaxing the assumption
that the simulations with error added have the same distribution as the true values.

Brief

Ambient air pollutant measurement error due to instrument imprecision and spatial
variability is characterized and its impacts on health risk estimates are assessed.
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FIGURE 1.
Map of 20-county metropolitan Atlanta study area. Census tracts, interstate highways, and
ambient air pollutant monitoring sites are shown.

Goldman et al. Page 12

Environ Sci Technol. Author manuscript; available in PMC 2011 October 1.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



FIGURE 2.
Time-series simulation flow chart. For each error type and each pollutant, the procedure was
repeated 20 times to obtain average of a and b and then repeated without optimization (dashed
lines) to generate 1000 simulated time-series.
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FIGURE 3.
Semivariograms for the log normalized pollutant concentrations. Exponential curves are fitted
to the data. Similar semivariograms were constructed for normalized pollutant concentrations.
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FIGURE 4.
Percent reduction in risk ratio due to instrument precision error and spatial variability error

versus semivariogram nugget (γo) and integrated population-weighted semivariance ( ),
respectively, on concentration basis with one-sided error bars indicating the standard deviation

of the 1000 simulations. Spatial variability error points are labeled in order of increasing .
For reference, a one-to-one line is shown.
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