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Abstract While the spatial resolution of exposure surfaces has greatly improved, our ability to locate
people in space remains a limiting factor in accurate exposure assessment. In this case-control study, two
approaches to geocoding participant locations were used to study the impact of geocoding uncertainty on the
estimation of ambient pesticide exposure and breast cancer risk among women living in California's Central
Valley. Residential and occupational histories were collected and geocoded using a traditional point-based
method along with a novel area-based method. The standard approach to geocoding uses centroid points

to represent all geocoded locations, and is unable to adapt exposure areas based on geocode quality, except
through the exclusion of low-certainty locations. In contrast, area-based geocoding retains the complete area
to which an address matched (the same area from which the centroid is returned), and therefore maintains
the appropriate level of precision when it comes to assessing exposure by geography. Incorporating the total
potential exposure area for each geocoded location resulted in different exposure classifications and resulting
odds ratio estimates than estimates derived from the centroids of those same areas (using a traditional point-
based geocoder). The direction and magnitude of these differences varied by pesticide, but in all cases odds
ratios differed by at least 6% and up to 35%. These findings demonstrate the importance of geocoding in
exposure estimation and suggest it is important to consider geocode certainty and quality throughout exposure
assessment, rather than simply using the best available point geocodes.

Plain Language Summary Understanding the relationship between environmental exposures
and cancer development is limited by how precisely we can locate people. While ideally all estimates would
be based on building-level precision, epidemiologic research must accommodate varying levels of locational
accuracy, and is dependent on input address data quality (often patient addresses). This study uses traditional
point-based geocoding and a novel method of geocoding (area-based) to estimate the relationship between
ambient pesticide exposure and breast cancer. Although a “point” representing a geocoded location implies
precision, point coordinates can be based on anything from an exact building centroid to an entire city and
may miss relevant exposure for larger areas. Using area-based geocoding, exposure estimation for an address
resolved only to its ZIP Code is based on the entire ZIP Code area. We identified more individuals with
potential pesticide exposure using area-based geocoding. Importantly, the proportion of exposed cases and
controls was inconsistent across geocoding methods and varied by pesticide, resulting in changes in the
estimated exposure-disease relationship. Geocoding quality plays a critical role in environmental exposure
research, and misclassification may not be consistent or readily predictable. Methods incorporating spatial
uncertainty (e.g., area-based geocoding), may shed more light on this issue and support improvements.

1. Introduction

In environmental exposure research, geocoding is typically used to convert text-based location information (i.e.,
addresses) into spatial data that can be overlaid onto exposure surfaces to estimate individual exposure poten-
tial. Spatially referenced data have been developed for a variety of exposures and have been effectively used to
estimate exposures that would otherwise be impractical or impossible to assess on a population basis, such as
traffic-related air pollutants (Ghosh et al., 2012, 2013; Wilhelm et al., 2012), lifetime ultraviolet exposure (Linos
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et al., 2017; Wojcik et al., 2019), ambient pesticide exposures (Cockburn et al., 2011; Costello et al., 2009; Fitz-
maurice et al., 2014; Narayan et al., 2017), and even the impacts of the local built environment and greenspace on
disease outcomes (Clarke et al., 2010; Gatto et al., 2009, 2010; Gomez et al., 2010; Jia et al., 2019; Manthripraga-
da et al., 2010; Shariff-Marco et al., 2014; Twohig-Bennett & Jones, 2018). Such approaches not only allow for
estimation of both current and past exposures, but they also offer efficient alternatives to traditional methods of
collecting exposure data longitudinally, enhancing the utility of existing large cohorts by updating exposures
when improved exposure surfaces become available (Chang et al., 2011; Heck et al., 2013; Henry et al., 2013).
Despite the increased availability of high-resolution exposure data, the ability to locate individuals on these ex-
posure surfaces continues to pose a challenge to exposure assessment research.

The impacts geocoding can have on the analysis itself have been shown to not be insignificant (Ganguly
et al., 2015; Goldberg & Cockburn, 2012; Zandbergen, 2009), however geocoding accuracy is still often over-
looked (Jacquez, 2012). Geocoding systems typically return a pair of latitude/longitude coordinates representing
the centroid of the smallest unambiguous area derived from each input address. Depending on the completeness
of an address, the accuracy of these coordinates can range from as precise as the centroid of a rooftop to as coarse
as the centroid of a county (Zandbergen, 2008, 2009). Geocoding systems often return some measure of the
precision associated with each geocoded address, such as a certainty score, and provide a categorical description
of the matched area used as a spatial reference, such as parcel, ZIP Code tabulation area (ZCTA) or city (Sahar
et al., 2019). These approaches fail to recognize variability within each of the aforementioned geographical units,
geolocation, exposure surface, and/or covariate estimates.

Controlling for geocoding uncertainty by removing locations associated with less precise geographic boundaries
is undesirable for several reasons. First, each subgroup is composed of a wide range of area sizes, and elimination
based on boundary type fails to account for variations in coarseness. ZIP Codes in the US have more than 100-
fold variability in area; segments of streets can vary in size from a city block of 100 m to rural street sections of
many kilometers. Further, substantial variations in geocode quality have been shown to bias estimates (Bichler
& Balchak, 2007; Goldberg & Cockburn, 2012; Oliver et al., 2005; Schootman et al., 2007; Zandbergen &
Green, 2007). Prior work has found geocode quality to be spatially autocorrelated (Zimmerman & Ji, 2010), and
removing or failing to account for this variation has the potential to introduce bias related to either geographic
characteristics (i.e., rurality) (Krieger et al., 2002; Oliver et al., 2005) or individual-level characteristics (i.e., eth-
nicity or age) (Gilboa et al., 2006). If locational accuracy is not related to the exposure or outcome this will result
in bias towards the null; if, as is almost always the case, locational accuracy is related to exposure or outcome,
bias becomes unpredictable in both direction and magnitude (Cockburn et al., 2011).

One approach to addressing uncertainty is to manually resolve geocoded addresses using supplemental loca-
tional information (such as landmarks or street intersections) collected along with address histories (Cockburn
etal., 2011; Tayour et al., 2019). While this approach represents an effective way to eliminate much of the geoco-
ding uncertainty, it is not always possible or practical to manually resolve geocodes, especially for data sets where
participant contact is not possible. Many existing data sets may not have the information needed to manually re-
solve locations, and newer data sources being leveraged for geolocation (e.g., credit reports indicating residential
addresses) do not provide opportunities for patient contact to obtain additional spatial descriptors. Furthermore,
manual resolution is human-intensive and not practical for large data sets (Goldberg, Wilson, et al., 2008).

To accommodate a wide variety of data and applications, we have developed a geocoding approach that records
the exact spatial extent of each geocoded location and fully contains the spatial range in which the address (and
therefore the study participant) is known to be located. Instead of limiting analysis to only the most precise data
(e.g., records resolved to address points or tax assessor parcel level), which will likely introduce either selection
bias, measurement error, or both, this approach allows every record to be used in analysis, accompanied by the
appropriate information on variability for both exposure and covariates. Instead of relying on a single point to
represent all geocoded locations regardless of the quality and size of the area, this approach returns the complete
linear (in the case of street segments) or areal feature matched to each location. These features can then be com-
pared against the exposure surface in a GIS to calculate exposure based on known location. In the case of roof-
top-level accuracy, exposure measurements for the centroid point and the parcel area may not differ substantially,
but as geocode quality worsens, differences in exposure potential may become large enough to impact results,
particularly if the exposure surface is not uniform across these relatively large areas.
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The aim of this study was to compare exposure to a select group of pesticides using: (a) locations geocoded to
points; and (b) locations geocoded to areal or linear features. Both approaches to geocoding were applied to data
used in a prior case-control study evaluating the role of pesticides on the development of breast cancer among
women living in California's Central Valley (Tayour et al., 2019). The availability of long-term Pesticide Use
Reports (PUR; CalEPA, 2013) in California makes it possible to quantitatively measure exposure to etiologically
relevant chemicals that may be present in the air surrounding an individual's home or workplace as a result of
pesticide drift (Goldberg, Zhang, et al., 2007; Rull & Ritz, 2003; Tayour et al., 2019). Pesticide exposure is spa-
tially heterogenous, and as a result represents a useful test case for the evaluation of these geocoding methods.

2. Materials and Methods
2.1. Study Setting

California is the most agriculturally productive state in the US, and accounts for about one quarter of all pesti-
cides used in the country (CalEPA, 2011). Kern, Tulare, and Fresno counties rank as the top three counties for
agricultural density and commercial pesticide use in the US (CalEPA, 2011), and are relevant to this study due
to the potential for pesticides applied in these counties to drift into residential areas, causing ambient residential
pesticide exposures (Cockburn et al., 2011). In highly agricultural regions, pesticide drift from neighboring ap-
plication sites presents a major source of non-occupational exposure (Deziel et al., 2015; Harnly et al., 2009; Lu
et al., 2000; Quirds-Alcala et al., 2011).

2.2. Study Population

This case-control study utilized a study population recruited for a previous study on breast cancer and ambient
pesticide exposure and has been previously described in detail (Tayour et al., 2019). The study population in-
cludes 155 cases and 150 controls living in Kern, Tulare, and Fresno counties in the Central Valley of California
at the time of diagnosis (cases) or interview (controls). Cases were recruited in 2011 through 2013 from the
California Central Cancer Registry, aged 55-74 years, of non-Hispanic white ethnicity, and with postmenopausal
histologically confirmed breast cancer diagnosed in 2007 and 2008.

Controls were originally recruited for a study of Parkinson's disease in the same geographic area from 2001
through 2011. Controls were recruited from Medicare listings, randomized mailings to tax assessor parcel ad-
dresses using Internet searches, and marketing companies. Beginning in 2009, additional controls were recruit-
ed during randomized home visits. More information on control recruitment can be found elsewhere (Narayan
et al., 2013; Wang et al., 2014). From this population, we identified postmenopausal women, aged 55-74, of
non-Hispanic white ethnicity. Women who had been diagnosed with breast cancer or other female reproduc-
tive cancers were excluded, along with those who opted to complete a shortened questionnaire without lifetime
residential and occupational histories. Both cases and controls were excluded if they did not live in California
for at least five years prior to recruitment. To determine exposure, cases and controls were asked to recall their
complete residential and occupational histories up to diagnosis or interview, to complete a job history question-
naire, and to participate in a comprehensive risk factor phone interview. No P.O. Boxes were collected as part of
residential or occupational histories.

2.3. Geocoding

Address histories for cases and controls were geocoded using the Texas A&M geocoding service (http://geos-
ervices.tamu.edu/Services/Geocode), which follows the traditional organization of a geocoding system detailed
many places in the literature (e.g., Goldberg, Wilson, & Knoblock, 2007; Sahar et al., 2019). Input postal ad-
dresses are standardized to the USPS Publication 28 format using a deterministic approach wherein the input
address is split into tokens based on whitespace. Each token is tagged with a set of candidate address fields (street
name, pre/post directional, suffix, etc.). A rule-based approach is used to assign the most likely address field to
each address token based on the tags associated to itself and the tags for tokens which precede and follow it. A
deterministic feature matching algorithm generates a series of SQL queries which are issued to the reference data
sources by combining the raw and Soundex value for the street name series of tokens with combinations of the
USPS Zip Code and City (along with alias names for each city, where applicable). The NAACCR-recommended
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ordering of GIS Coordinate Quality Codes (Havener & Thornton, 2008, p. 169, Data Item #366) is used to pri-
oritize queries to the set of reference layers—authoritative address point reference sources collected by the team
over a number of years from commercial and public sources would be queried first. If no suitable match is found,
commercial and public parcel and street centerline layers collected by the team are queried (in that order) to at-
tempt to locate an address level match. If a street level match cannot be found, USPS ZIP Codes and US Census
ZCTA reference sources are used, followed by US Census Places, Minor Civil Divisions, Counties, and State
layers (each in this respective order). The addresses contained in the reference feature layers are standardized
using the same approach described above.

This geocoding platform uses the deterministic match scoring approach (Goldberg, 2008, p. 71) whereby each
candidate match from each reference source found by the system is assigned a match score using a deterministic
weight-based approach. In this model, the values for each component of an address are assigned a weight. A
non-perfect agreement between the components of an input address and reference feature will undergo a result
penalty computation determined via string similarity measures including edit distance, word length, synonyms,
and others. The penalties for each component are multiplied by the weight for that component and aggregated to
compute an overall match score for each candidate. An 88% match score threshold is used as a cutoff to define
a potential valid candidate as a “match.” Valid point level matches are returned directly as candidate results; ad-
dress-range interpolation is used to compute linear-interpolation based results for street centerline matches; and
center-of-mass calculations are used to produce an output for areal unit-based matches (ZIP Codes, parcels, etc.).
All candidates from a reference source are scored simultaneously, and the candidate with the highest score at or
above the acceptable match score (88%) is returned as the result if one exists. If one does not exist, the system
continues searching through the rest of the reference layer hierarchy in the order described above. In cases where
the input address is matched to multiple features with the same geographic resolution, the geocoding service
returns the most precise geographic feature shared by all possible matches (Goldberg, Swift, & Wilson, 2008).
For example, if an address was matched to two street segment features within a common ZCTA, the ZCTA was
be returned, because this is the smallest known geography that unambiguously describes the location. If these
street segments were located in separate ZCTAs but were within the same city, the city is returned (Goldberg,
Swift, & Wilson, 2008).

In additional to returning a pair of coordinates associated with each matched feature's centroid or point location
(point-based), users can also request the underlying spatial data (areas or lines) for each matched feature from
which the coordinates are derived (area-based). The matched feature remains the same regardless of the output
type selected. As described above, possible feature matches include address point, parcel, street segment, US
Postal Service (USPS) ZIP Code, ZCTA, city, county sub-region, and county and are dependent on the accuracy
or completeness of each input address. For the point-based method, all these matches are represented using the
centroid of the matched geographic boundary. For the area-based version, the entire extent of the matched geo-
graphic boundary is returned as either a linear (street segments) or areal feature. Because an address point is not
associated with an area, address points were manually joined to their respective parcels for area-based analyses.

We evaluated exposure using all available addresses for point-based and area-based geocodes. We also compared
these two approaches to a selective point-based geocoding approach, a commonly used method to control for
geocode quality by evaluating exposure only for address-years associated with high-certainty geocoded loca-
tions (exact address points, parcels, and street segments). Because all individuals had at least one address with a
high-certainty geocoded location, no individuals were removed from this selective point-based analysis.

2.4. Selection of Pesticides

We evaluated a group of organochlorine pesticides with known estrogenic effects that are most likely related to
breast carcinogenesis (aldrin, chlordane, dicofol, dieldrin, endosulfan, lindane, methoxychlor, and toxaphene)
(Coumoul et al., 2001; Kojima et al., 2004; Lemaire et al., 2006; Louis et al., 2017; Soto & Sonnenschein, 2010;
Valerén et al., 2009) as well as three pesticides (chlorpyrifos, diazinon and 1,3-dichloropropene) detected at
levels of concern to human health in air monitoring conducted over one year in a farming community in Fresno
County (Wofford et al., 2014). Endosulfan and Dicofol are responsible for 82.6% of all organochlorine exposures
in our study. In addition, several pesticides with highly similar chemical profiles and estrogenic properties were
also included in our organochlorine group because they are used too infrequently to be examined for exposure
independently (Kaushik & Kaushik, 2007).
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2.5. Exposure Surface Generation

Exposures were determined using GIS-Based Residential Ambient Pesticide Estimation System (GRAPES) soft-
ware, version 4.2 (University of Southern California, Spatial Sciences Institute, Los Angeles, CA). GRAPES uses
a combination of California land use data and pesticide use reports (PUR), which document the active ingredient
of the pesticide applied, the amount of pesticide applied in pounds, the acreage and crop type of the field, and the
date and method of application (California Department of Pesticide Regulation, 2011; Rull & Ritz, 2003). Each
pesticide application is associated with the Public Land Survey System (PLSS) section in which it was applied.
This PLSS grid, which has a spatial resolution of about one square mile, is then associated with crop field loca-
tions identified by the land use data to improve the spatial resolution of the exposure surface (Rull & Ritz, 2003).

To determine exposure, GRAPES overlays each geocoded address onto the data described above and exposure
is calculated within a user-defined buffer around the point, line or polygon associated with the address. A buffer
distance of 500-meters was chosen to maintain consistency with previously published work (Tayour et al., 2019).
The GRAPES output was used to categorize individuals as either unexposed or exposed (at either residences or
workplaces). Participants were classified as exposed if they had any exposure for the time period 1984 to inter-
view or diagnosis.

2.6. Statistical Analysis

The relationship between ambient pesticide exposure and breast cancer in postmenopausal women was estimated
using unconditional logistic regression. Odds ratios (ORs) and 95% confidence intervals (Cls) were calculated for
study participants exposed to specific pesticides compared to those not exposed. An individual was considered
exposed to a pesticide when the pounds per acre of applied pesticide within the buffer area was greater than zero
at either their residence, workplace, or both during the period from 1984 until the year of diagnosis for cases and
the year of interview for controls. All analyses were conducted using SAS, version 9.3 software (SAS Institute,
Inc., Cary, NC).

Years with missing residential addresses due to incomplete recall or unresolved geocodes were imputed with the
average exposure across all known years for each person (Weinberg et al., 1996). Gaps in workplace histories
where women did not report addresses because they were unemployed, worked from home, cared for children at
home, or were retired or disabled were imputed with that participant's residential exposure for the respective time
frame. Pesticide exposure could not be identified for addresses outside of California since the exposure model in-
cludes only California PUR data; therefore, these locations were considered unexposed. The institutional review
boards at the California Health and Human Services Agency and the University of Southern California approved
the study protocol for cases participating in this study. The Institutional Review Board at the University of Cal-
ifornia, Los Angeles approved the study protocol for controls used in this study. Informed consent was obtained
for all participants.

3. Results
3.1. Address Completeness, Geocoding, and Geocode Precision

Geocode feature matches for each person's address-years are found in Table 1. In this table, there are 4,079
yearly residential locations for cases and 4,011 for controls, and yearly occupational location totals of 4,221 for
cases and 4,154 for controls. These counts include instances of multiple addresses per year during years where a
residential or occupational move occurred (exposure was averaged in these instances). Cases had an average of
2.4 residences and 3.5 workplaces and controls had an average of 3.2 residences and 4.2 workplaces from 1984
to year of diagnosis or interview. Because geocode quality is closely related to area size, differences in geocode
quality across cases and controls may impact exposure potential. More than 70% of residential case and control
addresses matched to address points/parcels or street segments, the two most precise feature types. Overall ad-
dress quality was lower for occupational addresses, with roughly 60% of addresses matching to address points/
parcels or street segments. Average area sizes for all addresses differed between cases and controls by approxi-
mately 8.1 km? for residential addresses and 9.3 km? for occupational addresses, with controls less precise in both
cases (Mann-Whitney p-value <0.001 and <0.01, respectively).
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Table 1

Area Size Statistics for Each Geocoded Address (Multiplied by the Number of Years it was Used to Determine Individual Exposure), Grouped by Geography Type

Geocoded address Area? (km?)

Geography type n % Mean Median Std. Dev. Min Max

Cases, Residential
Address point/parcel 2,650 64.97 0.03 0.0009 0.14 0.0001 0.79
Street segment 287 7.04 0.01 0.0044 0.01 0.0023 0.04
ZCTA/USPS ZIP 466 11.42 250.78 194.73 285.52 0.32 992.21
City 650 15.94 116.35 36.00 151.84 0.79 1,362.45
County 12 0.29 3,667.53 2,856.30 2,192.64 92.33 7,063.88
Unmatchable 14 0.34 - - - - -
Overall 4,079 100.00 58.20 0.0032 267.82 0.0001 7,063.88

Controls, residential
Address point/parcel 2,733 68.14 0.0069 0.0008 0.04 0.0001 0.79
Street segment 280 6.98 0.0095 0.0043 0.02 0.0004 0.08
ZCTA/USPS ZIP 342 8.53 278.89 84.20 322.11 0.84 1,229.54
City 509 12.69 171.42 60.29 238.12 0.12 1,362.45
County 33 0.82 2,290.66 1,572.61 2,583.45 1,406.97 16,037.94
Unmatchable 114 2.84 - - - - -
Overall 4,011 100.00 66.27 0.0012 349.30 0.0001 16,037.94

Cases, occupational
Address point/parcel 2,134 50.56 0.05 0.0021 0.15 0.0001 1.07
Street segment 321 7.60 0.01 0.0043 0.03 0.0004 0.13
ZCTA/USPS ZIP 551 13.05 308.82 204.61 344.23 0.32 1,229.54
City 1,150 27.24 174.53 100.23 192.44 0.79 1,362.45
County 7 0.17 2,777.22 2,335.57 1,986.22 698.83 7,063.88
Unmatchable 58 1.37 - - - - -
Overall 4,221 100.00 93.78 0.06 238.30 0.0001 7,063.88

Controls, occupational
Address point/parcel 2,006 48.29 0.04 0.0014 0.17 0.0001 2.62
Street segment 421 10.13 0.0049 0.0032 0.0043 0.0004 0.02
ZCTA/USPS ZIP 473 11.39 218.84 39.41 284.83 1.18 1,229.54
City 1,074 25.85 230.85 290.88 243.61 0.12 1,362.45
County 41 0.99 1,518.49 1,127.62 2,379.34 445.43 16,037.94
Unmatchable 139 3.35 - - - -
Overall 4,154 100.00 103.06 0.02 338.60 0.0001 16,037.94

2All areas presented in this table were calculated prior to adding the 500 m buffer used in exposure assessment. The area of a 500 m buffered point is 0.79 km?. 500 m

buffers added to larger features will result in a greater area growth than smaller features.

3.2. Exposure Classification Differences Between Area- and Point-Based Approaches

As expected, inclusive point-based geocoded locations classified fewer individuals as exposed than area-based
geocoded locations. However, the magnitude of this difference varied by pesticide (Table 2). Across all partic-
ipants (n = 305), chlorpyrifos experienced the smallest percent change in number of individuals exposed (—63
people, —25.4%), while 1,3-dichloropropene experienced the greatest percent change in number of individuals
exposed (—121 people, —59.6%). For organochlorines and diazinon, we found slightly greater changes in ex-
posure prevalence than for chlorpyrifos (—84 people, 29.1% and —73 people, —33.3%, respectively). Selective
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Table 2

A Comparison of Area-Based Geocoding to Inclusive and Selective Point-Based Geocoding Methods to Estimate Breast
Cancer Risk From Ambient Exposure to Selected Pesticides Based on Residential and Occupational Address Histories
Among Women in Kern, Tulare, and Fresno Counties Using Linked Pesticide Use Reports Data for 1984-2011

Controls Crude OR
Change in Change in Change
Exposure No. (%) exposure No. (%) exposure Estimate 95% CI in OR
Organochlorines*
Area-based
Unexposed 23 (14.8) 31(20.7) 1.00
Exposed 132 (85.2) 119 (79.4) 1.50 0.83,2.71
Point-based, inclusive
Unexposed 56 (36.1) 143.5% 71 (47.3) 129.0% 1.00
Exposed 99 (63.9) —25.0% 79 (52.6) —33.6% 1.59 1.01, 2.51 6.0%
Point-based, selective”
Unexposed 80 (51.6) 247.8% 86 (57.3) 177.4% 1.00
Exposed 75 (48.4) —43.2% 64 (42.7) —46.2% 1.26 0.80,1.98 —16.0%
Chlorpyrifos
Area-based
Unexposed 26 (16.8) 31 (20.7) 1.00
Exposed 129 (83.2) 119 (79.4) 1.29 0.73, 2.30
Point-based, inclusive
Unexposed 51(32.9) 96.2% 69 (46.0) 122.6% 1.00
Exposed 104 (67.1) —19.4% 81 (54.0) —31.9% 1.74 1.09,2.76  34.9%
Point-based, selective®
Unexposed 71 (45.8) 173.1% 84 (56.0) 171.0% 1.00
Exposed 84 (54.2) —34.9% 66 (44.0) —44.5% 1.51 0.96,2.37 17.1%
Diazinon
Area-based
Unexposed 24 (15.5) 29 (19.3) 1.00
Exposed 131 (84.5) 121 (80.7) 1.31 0.72,2.37
Point-based, inclusive
Unexposed 66 (42.6) 175.0% 71 (47.3) 144.8% 1.00
Exposed 89 (57.4) -32.1% 79 (52.7) —34.7% 1.21 0.77,1.90 -7.6%
Point-based, selective®
Unexposed 92 (59.4) 283.3% 84 (56.0) 189.7% 1.00
Exposed 63 (40.7) —51.9% 66 (44.0) —45.5% 0.87 0.55,1.37 -33.6%
1,3-Dichloropropene
Area-based
Unexposed 53 (34.2) 49 (32.7) 1.00
Exposed 102 (65.8) 101 (65.2) 0.93 0.58, 1.50
Point-based, inclusive
Unexposed 113 (72.9) 113.2% 110 (73.3) 124.5% 1.00
Exposed 42 (27.1) —58.8% 40 (26.7) —60.4% 1.02 0.62, 1.70 9.7%
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Table 2
Continued
Cases Controls Crude OR
Change in Change in Change
Exposure No. (%) exposure No. (%) exposure Estimate 95% CI in OR
Point-based, selective®
Unexposed 129 (83.2) 143.4% 122 (81.3) 149.0% 1.00
Exposed 26 (16.8) —74.5% 28 (18.7) —72.3% 0.88 049,158 -54%

2Aldrin, chlordane, dicofol, dieldrin, endosulfan, lindane, methoxychlor, and toxaphene. "Selective point-based geocoding
refers to the standard approach of retaining only high-certainty geocodes (parcels and street segments) and excluding low-
certainty geocodes.

point-based geocoding reduced the number of exposed individuals even further since it excluded the exposures
for all years associated with low-certainty geocoded locations.

Table 3 illustrates the impact selective point-based geocoding had on the residential history data sets by case/
control status. Selective point-based geocoding disproportionately removed addresses dated more than a decade
prior to diagnosis (or recruitment). Selective point-based geocoding also tended to remove more addresses among
women who were older at diagnosis; Cases and controls over the age of 65 (the median age at diagnosis or recruit-
ment across all participants) had 1 and 2 more low-certainty person-years, respectively, than those diagnosed at
age 65 or younger. Further, despite cases and controls having similar proportions of low-certainty person-years
(32.2% and 28.2%, respectively), 31.3% of low-certainty person-years among cases were located in micropolitan
and rural areas, while only 20.5% of low-certainty person-years among controls were located in micropolitan and
rural areas (USDA Rural-Urban Commuting Area Codes, 1990, 2000, and 2010 [United States Department of
Agriculture, 2021]).

Examples of exposure estimate changes for select low-certainty residential geocoding results near the city of
Fresno are shown in Figure 1. These five example geocoding results matched to either ZCTAs (Z1, Z2, Z3) or
cities (C1, C2), two relatively low-certainty geocoding categories. By considering the entire ZCTA or city asso-
ciated with each address (the smallest/most precise feature matched to the input address), we observe substantial
opportunities for exposure to organochlorines in 2003, particularly within Z1 and Z2. However, exposure classifi-
cations using buffered centroid points would classify the geocoded locations matched to Z1 and Z2 as unexposed.
Regardless of the geocoding type used (point or area), we know only that the address falls somewhere within the
ZCTA. Point-based geocoding leaves spatial information (and thus exposure potential) on the table that can be
incorporated into exposure assessment using area-based geocoding.

In contrast, because chlorpyrifos exposure is relatively uniform across Z1 and Z2, the point estimate did correctly
classify exposure to chlorpyrifos. Z1 and Z2 were classified as exposed to chlorpyrifos using both point- and
area-based geocoding results. Population-weighted centroids, when available, may reduce the likelihood of expo-
sure misclassification for point-based geocodes, but still only represent one of many possible points within often
large areas of uncertainty. Note that applying a selective point-based approach (excluding low-certainty geocodes
from analysis) would exclude all the example locations in Figure 1, which has the same effect as classifying all
the geocoded locations in Figure 1 as unexposed.

Figure 1 also demonstrates the potential for exposure misclassification due to the range of area sizes within a geo-
graphic boundary type: The area of Z3 is substantially smaller than Z1 and Z2 because it is associated with a rel-
atively population-dense area of Fresno, while Z1 and Z2 refer to less densely populated areas. Though all three
addresses resolved to ZCTAs, the likelihood of exposure misclassification is substantially higher for Z1 and Z2.

3.3. Exposure Misclassification and Odds Ratio Estimates

In addition to geocoding method influencing the numbers of individuals classified as exposed, the proportions
of individuals exposed also differed by case status across each of the three geocoding strategies, to varying de-
grees depending on the pesticide. Using entire matched feature areas to determine exposure estimation, we find
elevated breast cancer risk estimates associated with exposure to some pesticides, but none of the odds ratio es-
timates were statistically significant. More than 75% of cases and controls were found to have potential exposure
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Table 3
Count of Person-Years With Low-Certainty Geocodes by Case-Control Status, Location Type, and Time to Diagnosis
(Under or Over 10 Years)

Total person-years Unmatchable geocodes? Low-certainty geocodes®
Cases Controls Cases Controls Cases Controls

Residential

0-10 years before dx 1,550 1,500 0 (0%) 10 (0.7%) 247 (15.9%) 181 (12.1%)

>10 years before dx 2,252 2,123 8 (0.4%) 35 (1.7%) 686 (30.5%) 542 (25.5%)
Occupational

0-10 years before dx 1,550 1,500 10 (0.7%) 9 (0.6%) 476 (30.7%) 360 (24.0%)

>10 years before dx 2,252 2,123 44 (2.0%) 58 (2.7%) 1,040 (46.2%) 957 (45.1%)

Note. Low-certainty geocoded locations do not include unmatchable geocodes.

aPerson-year has no addresses which could be geocoded (address was “unmatchable” in geocoder). PPerson-year has no
addresses which could be geocoded to a parcel or street segment.

to organochlorines, chlorpyrifos, and diazinon at their residences, workplaces or both locations during the study
period (Table 2). Breast cancer was more likely to occur among women exposed to organochlorines (OR = 1.50;
95% CI: 0.83, 2.71), chlorpyrifos (OR = 1.29: 95% CI: 0.73, 2.30) and diazinon (OR = 1.31; 95% CI: 0.72, 2.37),
but confidence intervals were fairly wide and none of these estimated effects were statistically significant. In
contrast, breast cancer was slightly less likely to occur among individuals exposed to 1,3-dichloropropene, though
this effect estimate was very close to null and also characterized by wide confidence intervals (OR = 0.93; 95%
CI: 0.58, 1.50).

1,3-Dichloropropene

Chlorpyrifos

Organochlorines

Diazinon

0 50100 200 Km
Levadial

Fresno
PLSS Exposed (2003) County

Figure 1. Examples of low-certainty point and area-based geocoding results near the city of Fresno, overlaid on Public Land Survey System (PLSS) based pesticide
exposure for 1 year (2003). Geocoded location boundaries labeled with a “Z” represent ZCTA matches, those labeled with a “C” represent city matches. The smallest
ZCTA area shown here is 27 km?, and the largest ZCTA area shown is 482 km?.
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In contrast to area-based geocoding, point-based geocoding relies on a uniform feature (i.e., a centroid point
buffered by 500 m) to estimate exposure across all locations, regardless of the matched feature and its associ-
ated spatial precision (or lack thereof). The percentage of individuals exposed to a given pesticide were lower
for point-based geocoded locations, with a 19% reduction in the percentage of cases exposed to chlorpyrifos on
the low end, and a 60% reduction in the percentage of controls exposed to 1,3-dichloropropene on the hight end
(Table 2). Breast cancer was statistically significantly more likely to occur among women exposed to organochlo-
rines (OR = 1.59; 95% CI: 1.01, 2.51) and chlorpyrifos (OR = 1.74; 95% CI: 1.09, 2.76) using exposure deter-
mined from point locations. Across both of the aforementioned pesticides, odds ratio estimates were elevated and
confidence intervals were narrower than those associated with area-based estimates. Contrastly, the odds ratio
estimate for diazinon was slightly attenuated compared to the area-based estimate (OR = 1.21; 95% CI: 0.77,
1.90). The marginally protective effect estimate associated with area-based exposure to 1,3-dichloropropene was
absent using point-based geocoded locations. Exposure to 1,3-dichloropropene was not found to be associated
with breast cancer (OR = 1.02; 95% CI: 0.62, 1.70).

Odds ratio estimates for breast cancer risk were consistently attenuated when based on selective point-based
geocoded locations versus an inclusive data set of point-based geocoded locations. Across three of the four pes-
ticides, odds ratios based on selective point-based geocoded locations were also lower than area-based estimates.
Breast cancer was more likely to occur among women exposed to chlorpyrifos (OR = 1.51; 95% CI: 0.96, 2.37),
though this effect estimate was not statistically significant and fell between inclusive point- and area-based esti-
mates. Breast cancer risk had a slight association with exposure to Organochlorines (OR = 1.26; 95% CI: 0.80,
1.98), but again this effect was not significant and was attenuated compared to estimates based on the other two
geocoding methods. A slight protective effect was found for exposure to both Diazinon (OR = 0.87; 95% CI: 0.55,
1.37) and 1,3-dichloropropene (OR = 0.88; 95% CI: 0.49, 1.58).

4. Discussion

This case-control study evaluated the impact of geocoding and geocode uncertainty on the measurement of am-
bient pesticide exposure and its role in breast cancer development. Though prior work has identified the need to
develop approaches to incorporate geocoded data of varying qualities into analyses, this is the first study to in-
corporate the spatial resolution of geocoding results into exposure assessment, accounting for the true variability
in geocoding certainty by allowing the spatial unit used to determine exposure to vary according to geocoding
quality. In contrast to limited prior work focused on the development of statistical tools aimed at reducing error
introduced by low-certainty geocoding results (Zimmerman, 2008), the approach described here addresses un-
certainty on a case-by-case basis for each address, incorporating the precise area of uncertainty generated by each
geocoding result. We elected to use a 500-m buffer for points and areas in the present study, but acknowledge that
different buffer sizes would result in different exposure estimates.

The traditional approach of using a single buffered point to represent geocoded locations is inherently subject
to misclassification, implying that all addresses are geocoded to an exact point location. Except under perfect
conditions, point locations are derived from larger areas of varying sizes, and analyses based on geocoded point
locations fail to account for the geocoding precision gradient. Though slightly more informative, categorical de-
scriptions of geocode precision fail to recognize and account for the wide range of area sizes within each category.
Locations resolving to cities or ZCTAs tend to be larger than those resolving to streets or exact parcels or address
points, but each of these categories encompasses a wide range of sizes.

Treating each geocoded location equally (using a point-based approach) or selectively removing low-certainty
categories of geocoded locations (e.g., ZCTA and city matches) can not only result in the removal of informative
data, it it also likely to generate selection bias (Gilboa et al., 2006; Oliver et al., 2005). Variations in the spatial
precision of geocoded locations tend to be unevenly distributed across population characteristics (i.e., covariates).
If, for example, individuals representing a particular demographic (age, racial/ethnic group, socioeconomic sta-
tus) disproportionately reside in less population-dense areas, their geocoded locations are likely to be represented
by larger geographic units (particularly those which prioritize population over area, such as ZCTAs). Using a
single point to represent those areas is more likely to result in exposure misclassification for some categories of
the covariate.
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If the highest precision achieved by a geocoding service for an address is the ZCTA of that address, it is unlikely
that the (unknown) true location of that address is sufficiently near the centroid of that ZCTA to be adequate-
ly represented by that interpolated centroid point and its buffer, resulting in spatial aggregation error (Hewko
et al., 2002; Rushton et al., 2006). Though ZCTAs are often proportional to population density, their relationship
to exposure patterns is likely to vary, generating variability within areas that is not captured using a single point.
When using a point-based approach, the probability that the centroid point represents where a person actually
resides, and therefore the chance that their exposure status was correctly classified using that centroid, is lower
for larger areas (i.e., exposure classification for individuals residing in larger rural ZCTAs vs. smaller, urban
ZCTAs). This is especially problematic when the area is substantially larger than the size of the exposure buffer
applied around the point, increasing the likelihood that the true location falls entirely outside of the buffer from
which exposure is measured. In the case of point-based geocoding, it is possible to misclassify exposure for an
address in either direction (classifying unexposed as exposed or vice versa). In contrast, area-based geocoded
locations guarantee the inclusion the true location of each address through the retention of the entire area in which
an address is known to be located. Thus, we can confirm that an individual classified as unexposed was truly
unexposed and that this exposure attribution was not made due to locational error when placing the buffer around
the centroid point. However, since this area-based approach maximizes the sensitivity of exposure at the expense
of specificity it tends to systematically move the effect estimate toward the null.

Adapting the geocoding service to return the complete areas from which these points are derived provides a more
appropriate representation of the known precision of a geocoded location, which is reflected in the wider confi-
dence intervals seen when estimating risk using area-based locations. Although it may seem counter-intuitive to
suggest that a larger area is more accurate than a single point, in each case the same knowledge about location
is known. If a single, interpolated point is used to represent locations regardless of whether it is derived from a
parcel or a ZCTA, we fail to incorporate the appropriate level of certainty about geolocation, even though both
methods result in exposure misclassification.

4.1. Variability in Geographic Units and Sizes

Whether using a point or area-based approach to geocoding, geocoding certainty should be similar across cases
and controls. Regarding the point-based approach, if cases and controls have distinct distributions of geocoded lo-
cation quality and one group is resolving to centroids of larger areas, it is more likely that the estimates of risk will
be a product of geocoding quality differences rather than true exposure differences (Bichler & Balchak, 2007;
Goldberg & Cockburn, 2012; Oliver et al., 2005; Schootman et al., 2007; Zandbergen & Green, 2007). Using
either the point- or area-based approach, individuals with low-certainty addresses are more likely to be misclas-
sified as exposed, though only point-based geocoding can incorrectly classify individuals as unexposed. In the
present study, controls have larger area sizes than cases on average for both residential (66.27 and 58.20 km?,
respectively) and occupational locations (103.06 and 93.78 km?, respectively). This is partly influenced by the
presence of one large county-matched area greater than 10,000 km?. Removing this county match from residen-
tial and occupational control areas reduced the area mean to 62.17 and 99.09 km?. Because this creates more
opportunity for exposure among controls, this difference in the location of controls may have resulted in slightly
attenuated odds ratios. While both approaches have limitations and produce answers which are influenced by
geocode quality, area-based geocoding is able to capture these uncertainties while point-based geocoding is not.

The ability to quantify the degree of uncertainty associated with each geocoded locations and the study popula-
tions in aggregate allows for an examination of potential bias that would not be possible if a geocoding service
provided only centroid points and categorical descriptions of the matched feature type. The sizes of areal units
matched by a geocoding system vary both within and between classes of geographic features. ZIP codes in urban
areas are small and in rural areas are large. In contrast, cities are large in urban areas and small in rural areas. In
agricultural regions, even parcels can be of large size. So, the feature type (ZIP, parcel, city, etc.) alone cannot be
used to assess geocode quality since no single class of geographic objects have a minimum or maximum size or
relation to the size of other classes. As demonstrated by Table 1, using the frequencies of categorical descriptions
to estimate locational certainty would suggest controls have higher-quality geocoded locations because they have
a slightly higher proportion of address point, parcel and street segment matches.
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4.2. Exclusion of Low-Certainty Geocodes

In the present study, we observe some examples of the bias that may be introduced by excluding low-certainty
geocodes from exposure assessment (selective point-based geocoding). Low-certainty geocodes disproportion-
ately occurred among older addresses (those lived and worked in more than 10 years prior to diagnosis). Although
more likely to have incomplete information due to recall and changes to the built environment, more temporally
distant exposures (occurring decades prior to diagnosis) may be the most etiologically relevant to breast cancer
(Verner et al., 2008) and it is important to incorporate historical data into exposure research (Alavanja et al., 2013;
Rodgers et al., 2018). Selective point-based geocoding also excluded slightly more addresses among women who
were older at diagnosis (or recruitment), and similar bias associated with individual-level characteristics has also
been observed in prior work (Gilboa et al., 2006).

We also found that a disproportionate amount of the excluded low-certainty addresses among cases were located
in micropolitan (15.8% vs. 9.0% for high-certainty locations) and rural (15.5% vs. 8.6%) census tracts, with fewer
low-certainty addresses occurring in metropolitan locations. The exclusion of addresses based on geocode qual-
ity was more likely to remove rural locations among cases than among controls (or than metropolitan locations
among cases). Pesticide use is more prevalent in rural areas, so if there is a true association between pesticides
and breast cancer, this rural-urban bias in exclusion likely results in the underestimation of exposure in cases but
not controls, and may be a contributing factor to the attenuation of odds ratios associated with selective point-
based geocoding in this analysis. This rural-urban bias in geocode quality has been noted elsewhere (Krieger
et al., 2002; Oliver et al., 2005).

4.3. Variability in Exposure Misclassification by Case Status and Pesticide

The magnitude of exposure misclassification between point- and area-based geocoding varied by pesticide, as
shown in Table 2 and demonstrated in Figure 1. Because the points and areas used to determine exposure consist
of the same locations, the only differences between point- and area-based exposure classifications are due to the
use of “area” as a proxy for geolocation certainty in the latter. Area-based geocoding will classify an individual
as exposed if there is any exposure potential in the geocoded area, whether that area is a residential parcel or an
entire county. Point-based geocoding will classify an individual as exposed (or unexposed) based on exposure at
the arbitrary centroid point of the area. Within either geocoding method, all participants resolved to the same ZIP
Code, County, etc., will be assigned the same exposure status for a given year.

Area-based geocoding (with low-certainty geocodes) is likely to overestimate exposure when compared to the
true (unknown) point locations, while point-based geocoding (with low-certainty geocodes) can over or underes-
timate exposure. However, area-based geocoding does not overestimate exposure in comparison to point-based
geocoding unless the arbitrary centroid (point-based) is unexposed, but there is exposure in the geocoded area—
in which case a classification of exposed is the best answer based on what is known about the location (e.g.,
exposure to organochlorines or diazinon in Z1 and Z2 in Figure 1).

If the change in exposure classification within each pesticide was consistent across case and control groups, it
would suggest that point-based geocoding and ignoring geocoding uncertainty does not impact our ability to esti-
mate the effect of pesticide exposure on breast cancer risk (aside from a predictable attenuation of risk estimates
due to non-differential misclassification). Instead, once we consider the complete area location for each address,
we identify several more individuals with exposure potential that was missed using centroid point locations. The
degree of misclassification varied by case status. For example, compared to area-based geocoded locations (in-
clusive), point-based estimates of exposure to chlorpyrifos were 31.9% lower for controls, and only 19.4% lower
for cases.

Across all pesticides, using precise points to represent low-certainty locations resulted in odds ratios which
changed by at least 6% and up to 35%. The pesticide with the greatest difference in number of individuals exposed
(1,3-dichloropropene) experienced a relatively moderate change in its breast cancer odds ratio estimate (9.7%).
For organochlorines and chlorpyrifos, point-based geocoding resulted in higher and statistically significant odds
ratio estimates, with increases in point estimates of 6.0% and 34.9%, respectively. While the estimated effect
for both of these pesticides remained higher, area-based geocoding identified additional exposure opportunities
(slightly more so among controls) that were previously not detected, and this increase in sensitivity resulted
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in attenuated odds ratios and widened confidence intervals, suggesting we lack the spatial precision needed to
confirm a statistically significant difference between cohorts. In contrast with the aforementioned pesticides, the
estimated effect for breast cancer risk associated with diazinon exposure became stronger using area-based geoc-
oded locations (vs. points). Differences in magnitude and direction of this change in breast cancer risk estimates
occurred for all four pesticides, suggesting that exposure misclassification due to geocoding uncertainty affects
the odds ratios for the outcome in an inconsistent manner that cannot easily be predicted, modeled or adjusted for.

Though not a perfect solution, using area-based geocoding we have removed some of the opportunity for misclas-
sification to occur by relaxing the requirement that all geocoded locations need to be represented with a singular
point regardless of quality. Truly unexposed locations will be correctly classified as such, and all exposure poten-
tial will be captured regardless geocode certainty. While this does result in widened confidence intervals, these
confidence intervals represent the true spatial precision of our geocoded locations.

We have established that point-based geocoded locations do not capture potential locational variability when
used to assign exposures, predominantly because the location of the point is unlikely to fall at the true location of
the address when geocoding is incomplete (i.e., when an exact address match cannot be found by the geocoding
service). While area-based exposure geocoding addresses this issue through the retention of complete geocoded
feature areas, it does not provide the high level of spatial precision that characterizes high-resolution exposure
surfaces. For more coarse exposure pathways, or those with a relatively uniform distribution across the study
area, differences between geocoders may be smaller. However, in the case of pesticides (and likely many other
exposures), geocoding uncertainty, when unaccounted for by centroid points, leads to exposure misclassification
and affects risk estimates in an unpredictable manner.

4.4. Implications for Ongoing Work

The development of an approach to geocoding that incorporates the true known area for each address ensures our
ability to capture complete exposure potential for each geocoded location and to correctly assign those who are
unexposed. Compared to point-based geocoding, confidence intervals accurately reflect the level of specificity
we are able to obtain based on address quality. Area-based geocoding also provides an opportunity to investigate
the relationship between the exposure surface and geocoding certainty, since the amount of pesticide applied (in
pounds of chemical) can be determined for an area. A limitation of this approach is that, if the underlying data
used are characterized by a high degree of locational uncertainty (thus relying on large areal features for exposure
assessment), our ability to detect differences in exposure between study populations may be reduced. The next
step for refining this approach is to improve the resolution of these areas. This can be achieved through the use of
spatially referenced population data (such as census blocks and/or building footprints) to refine geocoded areas to
portions of those areas where the population is found. This approach has been described in Langholz et al. (2020).
If high-resolution population data is unavailable for a study area, a distance decay weighting function could be
used to assign exposure values based on distance from the centroid of a feature. The centroid point minimizes
positional error and receives the highest weighting, while the exposure values of areas closer to the edge are given
incrementally lower influence.

5. Conclusions

We introduce an alternate approach to geocoding which retains the complete area range for each geocoded lo-
cation. Point-based geocoding is unable to effectively incorporate information about the spatial uncertainty of
geocoded locations and produces exposure estimates based on false spatial precision and characterized by narrow
confidence intervals that cannot adapt to varying geocode certainty conditions. Selective point-based geocoding,
often used in an attempt to address geocode uncertainty, is likely to introduce bias due to individual and area-level
characteristics which are more likely to result in low-certainty geocoded locations. Area-based geocoding reduces
or eliminates the need to exclude geocoded data with low-certainty, and reduces the potential for bias to be intro-
duced by the removal of lower-quality geocoded locations. This approach may be especially important for data
that cannot be manually resolved, does not contain complete addresses information, or requires historic address
information that may be subject to poor recall. Area-based geocoding is able to capture complete exposure poten-
tial and does not rely on centroid points that are, especially for larger geographic boundaries, unlikely to represent
actual location. The use of area-based geocodes often resulted in wider confidence intervals, which represent an
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appropriate reduction in certainty. While area-based estimates lie within the confidence intervals of our original
point-based estimates, the difference between risk estimates varies by pesticide and differs by case status. Prior
work using point-based geocoded locations do provide estimates of the appropriate magnitude, but the use of ar-
ea-based geocoded locations adds additional understanding of variability, particularly in this relatively small data
set. For studies with the ability to manually correct geocodes or with exact address matches across all locations,
the geocode feature type used (points or areas) would not affect exposure estimates.

Though more research is needed in this area, our work suggests that the magnitude and direction of exposure
misclassification resulting from the use of point-based geocoded locations varies by exposure (pesticides in this
case) and can vary by case status, favoring a solution that accounts for geocoding uncertainty at the individual
address level and which does not rely on a generalized model (e.g., categorial removal of geocoded locations as
seen with selective point-based geocoding). To further improve the area-based approach, Langholz et al. (2020)
has developed a method for population-weighted exposure assessment within larger geographic boundaries. This
approach uses census block population data to identify populated locations within these areas and calculate
exposure for these populated areas, effectively refining area-based exposure assessment (Langholz et al., 2020).
Next steps for this work include applying this approach to a case-control data set such as the breast cancer data.
Continued work aimed at improving and evaluating methods accounting for locational uncertainty is important
to further understanding of the impacts of geocoding method on exposure assessment and to inform ongoing
research on the role pesticides in the development of certain cancers.
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