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Abstract
Using geographic information systems to link administrative databases with demographic, social, and
environmental data allows researchers to use spatial approaches to explore relationships between expo-
sures and health. Traditionally, spatial analysis in public health has focused on the county, ZIP code, or
tract level because of limitations to geocoding at highly resolved scales. Using 2005 birth and death data
from North Carolina, we examine our ability to geocode population-level datasets at three spatial resolu-
tions – zip code, street, and parcel. We achieve high geocoding rates at all three resolutions, with
statewide street geocoding rates of 88.0% for births and 93.2% for deaths. We observe differences in
geocoding rates across demographics and health outcomes, with lower geocoding rates in disadvantaged
populations and the most dramatic differences occurring across the urban-rural spectrum. Our results
suggest that highly resolved spatial data architectures for population-level datasets are viable through
geocoding individual street addresses. We recommend routinely geocoding administrative datasets to the
highest spatial resolution feasible, allowing public health researchers to choose the spatial resolution used
in analysis based on an understanding of the spatial dimensions of the health outcomes and exposures
being investigated. Such research, however, must acknowledge how disparate geocoding success across
subpopulations may affect findings.

1 Introduction

Geographic Information Systems (GIS) and spatial analysis are of growing importance in
public health research, outreach, and policy. The increasing availability and evolving method-
ologies of GIS technology and spatial statistics enable researchers to explore the connections
between public health endpoints and relevant demographic, social, and environmental condi-
tions by integrating across previously disparate datasets (Krieger et al. 2005; Mindell and
Barrowcliffe 2005; Bergquist and Rinaldi 2010; Robinson et al. 2010; Comer et al. 2011;
Eisen and Eisen 2011; Miranda and Edwards 2011; Goldberg and Jacquez 2012).

Administrative datasets, such as birth certificates, immunizations, student enrollments,
notifiable diseases, and death records, are an important resource for public health researchers,
as these data often cover large populations and extended periods of time. Using GIS to display
these data can reveal spatial patterns which may help generate hypotheses for future research,
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provide information for targeting community outreach, or motivate policy efforts and prior-
ities. Using GIS to link these administrative databases with relevant demographic, social, and
environmental data via shared geography can allow for spatial statistical approaches to
explore relationships between exposures and health endpoints. With key administrative
datasets containing information covering many years, these data may be even more valuable in
that they can enable spatio-temporal analysis of health outcomes as populations shift and
exposures change over time.

Geocoding, the process of converting address information into latitude and longitude
coordinates, is the key to leveraging the valuable information already collected in administra-
tive datasets for use in spatial analyses. Four key measures of geocoding quality have been
identified: completeness, resolution, matching algorithm criteria, and positional accuracy
(Goldberg and Jacquez 2012). Much of the research on geocoding has focused on the posi-
tional accuracy of different geocoding techniques (Krieger et al. 2001; Ratcliffe 2001; Bonner
et al. 2003; Cayo and Talbot 2003; Bow et al. 2004; Ward et al. 2005; Duncan et al. 2011;
Bell et al. 2012; Goldberg and Cockburn 2012; Healy and Gilliland 2012; Jacquez 2012).
Errors in positional accuracy can lead to incorrect assignment of areal units such as Census
tract or even county, leading to misclassification errors (Goldberg and Cockburn 2012;
McLafferty et al. 2012). Completeness of geocoding and matching algorithm criteria are diffi-
cult to compare across many studies due to a lack of detail describing the geocoding process in
many papers (Robinson et al. 2010).

At least three important advances have occurred that can lead to improvements in
geocoding of administrative datasets: (1) address information in administrative datasets has
become more complete and standardized; (2) reference layers have been updated, standard-
ized, and more completely populated (Rushton et al. 2006); and (3) geocoding processes and
methodologies have improved (Zandbergen and Chakraborty 2006; Goldberg et al. 2007).
Inevitably, however, there are records in any dataset that cannot be geocoded, and understand-
ing systematic issues in geocoding completeness is important for understanding the types of
research that can be undertaken with a particular dataset and the bias to which such research
may be subject.

In this article, we focus on two of the key measures of geocoding affected by these
advances: completeness and spatial resolution. Focusing on 2005 birth and death certificate
data from the State of North Carolina, we explore our ability to construct complete spatial
datasets for large population-level administrative datasets at highly resolved spatial scales. If
we are able to geocode administrative datasets thoroughly and at refined spatial scales, this
will have important implications for the spatial scale at which public health research can be
undertaken. Using data for the entire state, we assess geocoding completeness, or match rates,
at different spatial resolutions across various subpopulations and regions.

2 Methods

2.1 Data

We used two large administrative datasets from North Carolina (NC) – the detail birth record
(DBR) and the detail death record (DDR). Through a data sharing agreement, the NC State
Center for Health Statistics provided individually-identified birth and death record data with
key demographic, health, and geographic variables for all births and deaths occurring in North
Carolina in 2005. Each record provided geographic information that was collected at the time
of the birth or death, including county of residence, ZIP code, and street address. Note that
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the street address provided in the DBR is actually the mailing address, with a variable to indi-
cate if this was also the residential address. Quality of the DBR data has been studied and
reported elsewhere (Buescher et al. 1993; Vinikoor et al. 2010), with studies indicating demo-
graphic and outcome data is fairly well recorded. No studies were available on the quality of
the DDR data.

Race, age, education, marital status, and select health outcome variables provided in the
DBR and DDR allowed us to examine trends in geocoding rates in the state overall, as well as
within demographic subgroups. Births and deaths were subsetted by race into non-Hispanic
white (NHW), non-Hispanic black (NHB), Hispanic (H), and Asian/Pacific Islander (A/PI); all
records falling into other race categories were dropped from race-stratified analysis due to small
sample size. Educational attainment of the decedent (DDR) and of the mother (DBR) was classi-
fied as less than 9th grade, some high school, high school degree, some college, and college
degree+. For the DBR, maternal age was classified into 5-year age groups for those women aged
15–44. For the DDR, the age of the decedents was classified as <20 years, 20–29 years, 30–39
years, 40–49 years, 50–59 years, 60–69 years, 70–79 years, 80–89 years, and ≥90 years. Preterm
birth (<37 weeks gestational age at delivery) and diabetes-related death were selected as example
public health outcomes to which geospatial analysis might be applied.

In addition, we used data from the National Center for Health Statistics (NCHS) to assign
each birth and death an urbanization level based on the reported county of residence. The
NCHS classifies all US counties into one of six levels of urbanization: large central metro, large
fringe metro, medium metro, small metro, micropolitan (nonmetro), and noncore (nonmetro)
(US Centers for Disease Control and Prevention et al. 2012). Figure 1 shows the distribution
of these urbanization levels across NC.

2.2 Geocoding

Residential addresses were geocoded using Esri ArcGIS 9.3 (Redlands, California) at three
levels of spatial resolution – ZIP code, street, and parcel. Figure 2 displays how the same
address would be spatially located using the three methods. Geocoding to an areal unit (e.g.

Figure 1 County urban-rural designations as classified by the National Center for Health Statistics
(NCHS) and the seven counties selected for parcel geocoding
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ZIP code or parcel) typically assigns an address the latitude and longitude of the centroid of
the areal unit with the corresponding address information. Street geocoding places the obser-
vation proportionally along a street segment, taking into account the address range of the
street segment and the street number of the address. Rushton et al. (2006) provide a more
in-depth description of how spatial location is assigned during the geocoding process.

The US Census Zip Code Tabulation Area 2000 geography (US Census Bureau 2012) was
used as the reference layer for ZIP code level geocoding. Only records with a ZIP code that
exactly matched a ZIP code in the reference layer were geocoded.

Figure 2 Differences in assigned location of an address using three different geocoding methods

Geocoding Population-level Public Health Data 589

© 2013 John Wiley & Sons Ltd Transactions in GIS, 2014, 18(4)



Street level geocoding located residential street addresses based on the 2006 Topologically
Integrated Geographic Encoding and Referencing system (TIGER) street centerlines file (US
Census Bureau and Geography Division 2007). Similar to the manual geocoding improvement
approach (Goldberg et al. 2008), street level geocoding occurred in three batches. First, we
geocoded addresses that exactly matched to the road reference layer’s street address compo-
nents. Unmatched addresses from this first batch were standardized to be more compatible
with the road reference layer by removing apartment, unit, suite, and lot numbers; formatting
highways and routes numbers; and obtaining street addresses for common apartment com-
plexes, housing developments, and mobile home parks. For the second batch, we geocoded
those standardized addresses matching exactly to street address components in the reference
layer. The final batch required a GIS technician to examine candidate matches for all remain-
ing unmatched records and select candidate matches for geocoding when appropriate. An
inexact match might be selected as the geocoded location for a DBR or DDR record due to,
for example, spelling errors in an address; incorrect street type or direction; and units within
housing developments, apartment complexes, or mobile home parks.

The parcel geocoding process referenced data provided by county tax assessor offices in
order to assign records to individual tax parcels based on the physical address of each parcel
(i.e. not the owner’s mailing address). Geocoding to the tax parcel level was done using the
same three tiered batch process described above (exact matches with original address, exact
matches with standardized address, and hand matching).

ZIP code and street level geocoding were performed statewide for both the DBR and DDR
data; however, parcel geocoding could not be undertaken statewide as not all NC counties have
developed GIS layers of their tax parcel data and reporting of physical address within parcel data
varies by county. The seven most rural counties in NC did not have any parcel GIS data, and
rural counties also included physical address in parcel data less frequently than more urban
counties. Thus, parcel geocoding of births and deaths was undertaken in seven select North
Carolina counties: Buncombe, Cabarrus, Durham, Guilford, Pitt, Sampson, and Wilson. These
counties are highlighted in Figure 1. While additional counties have developed tax parcel GIS
layers, these seven counties were chosen for their distribution across the state and as examples of
geographic areas with different levels of urbanization. In order from most urban to most rural,
these counties are classified as large fringe metro (Cabarrus), medium metro (Buncombe,
Durham, Guilford), small metro (Pitt), micropolitan (Wilson), and noncore (Sampson).

While ZIP code geocoding was undertaken for all records, street and parcel level
geocoding were only undertaken for those records for which a residential street address was
reported. Records were considered to be missing residential street address if the address field
was blank, only a mailing address was provided, a partial street name was provided, a post
office box was reported, or rural route box was reported. Missing addresses were identified
manually. The inclusion of a residential street address in a record does not guarantee the
address can be geocoded. Records may not be able to be geocoded due to incomplete residen-
tial address (e.g. missing street direction or type), incomplete reference layer data, or inability
to determine the address of a multi-residence facility. The geocoding match rate is defined as
the proportion of all records (both those reporting and those not reporting an address) that
were able to be successfully assigned a spatial location at a specific spatial resolution.

2.3 Statistical Analysis

We tested for differences in reporting of residential street address and geocoding match rates
across demographic (race, age, education, marital status, and urbanization) and outcome
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(preterm birth for births and diabetes-related death for deaths) subgroups using Chi-squared
tests. For both births and deaths, differences in address reporting and geocoding rates were
assessed for each level of geocoding – ZIP code, street, and parcel (select counties only). Since
this analytic approach required conducting a large number of tests, we would expect to find
significant results purely by chance. To address this issue and be more confident that our
results highlight true differences in reporting and geocoding rates, we calculated adjusted
p-values using the false discovery rate (FDR) method of controlling error under multiple com-
parisons. This method controls for the expected proportion of tests that are incorrectly identi-
fied as significant, and attempts to balance the desire for power to identify true difference and
the desire to be conservative in falsely identifying tests as significant. For the DBR and DDR
analyses separately, the false discovery rate was controlled at 0.05, thus tests with adjusted
p-values less than 0.05 were considered significant and we could expect that, on average, 5%
of the differences found may not actually be significant.

3 Results

In 2005, there were 121,248 births and 73,016 deaths reported in North Carolina’s detailed
birth and death records, respectively. Tables 1 and 2 present the distribution of births and
deaths, respectively, across demographic subgroups, as well as residential street address report-
ing rates within each group. Most births were to mothers who were NHW, less than 30 years
old, married, and with at least a high school education. Most deaths were of individuals who
were 60 years of age or older, not married, and with at least a high school education. Both
births and deaths were most commonly among residents of medium metro and micropolitan
counties.

3.1 Address Reporting

The proportion of records that included a residential street address represent an upper limit on
geocoding match rates for street and parcel level geocoding efforts (ZIP code geocoding only
requires a ZIP code, not a full street address). Statewide, 92.7% of birth records and 99.2% of
death records included a residential street address. In the DBR, missing addresses were pre-
dominantly due to reporting of mailing address rather than residential address (95%). In the
death data, post office and rural route boxes accounted for almost half of the records missing
addresses, with partial addresses accounting for 42% and no street address information for
8% of these records.

Birth and death records from more rural areas were less likely to include a street address
(FDR-adjusted p < 0.05); however, while address reporting rates in the death record remained
above 98% in all urban-rural classifications, the reporting rate in the birth record dropped to
as low as 73.5% in non-core counties. Address reporting among births varied by maternal
race, age, education, and marital status (FDR-adjusted p < 0.5). Generally, births to women at
higher risk for adverse pregnancy outcomes – minority women, extremely young or old
mothers, women with low educational attainment, and single women – were less likely to
report a street address in the DBR. Preterm births were also slightly less likely to report a
street address than were term births (92.9% for term versus 92.0% for preterm births; FDR-
adjusted p < 0.05). In the death record data, although there were differences in residential
street address reporting by race, age, marital status, and education (FDR-adjusted p < 0.5), dif-
ferences across subgroups were small.
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Among the seven counties selected for parcel geocoding, residential street address report-
ing in the birth data generally followed the statewide pattern of more urban areas having
higher reporting rates than more rural areas; however, address reporting among births in Bun-
combe County, a medium metro area, was more on par with Wilson County, a micropolitan
area, than with other medium metro counties. Among births in Sampson and Buncombe
Counties, differences in address reporting across race/ethnicity were observed, with Hispanic
women in Sampson County and NHW women in Buncombe County having lower levels of
address reporting (FDR-adjusted p < 0.5). In Durham County, births to older mothers were
less likely to report a street address (FDR-adjusted p < 0.5). In Buncombe, Pitt, and Sampson
Counties, reporting rates in the DBR generally increased with education (FDR-adjusted p <
0.5). In all seven of these counties, address reporting rates for the death record were at least
99%. Reporting rates among younger decedents and those of Hispanic ethnicity were lower in
Durham County (FDR-adjusted p < 0.5), but no other differences in address reporting across
demographic and outcome subgroups within these counties were noted.

3.2 ZIP Code Geocoding

ZIP code geocoding rates were high (see Tables 3 and 4), with 96.8% of births and 97.7% of
deaths able to be geocoded at this level of spatial resolution. While geocoding rates did vary by
race, age, education (in DDR only), marital status, and urbanization (FDR-adjusted p < 0.5),
differences across subgroups were small, within ±3 percentage points. Among the seven coun-
ties selected for closer examination, Buncombe County had the lowest ZIP code geocoding
rate for births at 96.5% and Durham County had the lowest rate for deaths at 97.5%. In
Durham County, small differences in ZIP code geocoding rates across race, age, and education
were observed (FDR-adjusted p < 0.5).

Over 500 ZIP codes reported in either the DBR or DDR were not able to be geocoded.
ZIP codes were not geocoded because they were not in NC (42% of the unmatched ZIP
codes), not real ZIP codes (16% of the unmatched ZIP codes), or not found in the NC ZCTA
data (42% of the unmatched ZIP codes). Non-geocoded ZIP codes that actually exist in NC
were distributed across the state, occurring in 67 of the 100 NC counties; however, there were
clusters of these ZIP codes in the most urban areas of NC, including Mecklenburg, Wake,
Forsyth, and Guilford Counties. These ZIP codes may have been established since the 2000
ZCTA data were created.

Births and deaths in counties with parcel data that included data on the physical address of
each parcel (i.e. could potentially be used for geocoding) were slightly less likely to be geocoded
at the ZIP code level than births and deaths in counties lacking parcel data. For example, 96.3%
of births in counties with parcel data that included an address were geocoded, while 97.1% of
births in counties without such data were geocoded. This may reflect the creation of new ZIP
codes in urban areas that typically have more complete parcel data.

3.3 Street Geocoding

County street-level geocoding rates for both the DBR and DDR data are displayed in
Figures 3a–b. The maps are drawn on the same legend using a monochromatic chloropleth in
which higher geocoding rates are represented by darker shading and lower geocoding rates are
represented by lighter shading. As highlighted by the darker overall color of the map in
Figure 3b (death data) compared to the map in Figure 3a (birth data), street geocoding rates
were higher for the death record (93.2%) than the birth record (88.0%). Both maps also

594 S E Edwards, B Strauss, and M L Miranda
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reveal geographic variation in street-level geocoding rates across the state. This geographic
variation is at least partially due to urbanization, which was significantly associated with
geocoding rates for both datasets (FDR-adjusted p < 0.5). Similar spatial patterning was not
observed for county ZIP code level geocoding rates; county street and ZIP code level
geocoding rates were not correlated.

Street geocoding rates for the entire state also varied by race, age, education, and marital
status (FDR-adjusted p < 0.5). Generally, minority race, lower educational attainment,
younger age, not being married, and residence in more rural areas were associated with lower
geocoding rates. Street geocoding rates for the DBR data were also slightly higher for term
(88.1%) than for preterm (87.1%) births (FDR-adjusted p < 0.5), and rates for the DDR data
were slightly higher for not diabetes-related (93.3%) than for diabetes-related (92.3%) deaths
(FDR-adjusted p < 0.5). Across the state, street geocoding rates for both births and deaths
were slightly lower in counties with parcel data that included data on the physical address of
parcels than births and deaths in counties without such parcel data.

Although street geocoding rates for the seven selected counties generally followed the
statewide pattern of higher geocoding rates in more urban areas and lower geocoding rates in
more rural areas, Cabarrus County, the most urban of the seven counties, had only the third
highest geocoding rate for births and fourth highest geocoding rate for deaths. Street
geocoding rates for the birth data were quite disparate across the seven counties, ranging from
97.5% in Guilford County to 76.5% in Sampson County. The range of geocoding rates for the
death data, on the other hand, was much smaller, ranging from 97.0% in Guilford County to
92.2% in Wilson County.

Within the counties, differences in geocoding rates were observed across each of the demo-
graphic variables considered. Geocoding rates for Hispanics were significantly lower than

Figure 3 County street geocoding rates for 2005 NC births (a) and deaths (b)
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other race/ethnicity groups for deaths in Cabarrus and Pitt Counties, as well as births in
Sampson County (FDR-adjusted p < 0.05). On the other hand, geocoding rates were lowest
for NHBs among births in Pitt and Durham Counties (FDR-adjusted p < 0.05). Street
geocoding rates increased with maternal age among Buncombe County births (FDR-adjusted p
< 0.05). Lower educational attainment was associated with lower geocoding rates for births in
Buncombe, Guilford, Pitt, and Sampson Counties (FDR-adjusted p < 0.05). Births to married
mothers were more likely to be street geocoded in Pitt and Sampson Counties (FDR-adjusted p
< 0.05).

3.4 Parcel Geocoding

Since tax parcel GIS layers with address information are not available for the entire State of
North Carolina, parcel geocoding was only undertaken in the seven selected counties. As was
the case with street geocoding rates, parcel geocoding rates for each of the seven counties fol-
lowed the general pattern of geocoding rates increasing with urbanization. In Sampson
County, the most rural of the seven counties, parcel geocoding rates lagged far behind the
other counties at 39.8% for births and 46.5% for deaths. Parcel geocoding rates in all other
counties were at least 80% for both datasets.

Parcel geocoding was far less successful among Hispanics than among NHWs and NHBs
for Sampson County births and Buncombe, Pitt, and Wilson County deaths (FDR-adjusted p <
0.05). Geocoding rates generally increased with age for deaths of residents of Buncombe,
Durham, Guilford, Pitt, and Wilson Counties, and with maternal age for births to residents of
Buncombe and Pitt Counties (FDR-adjusted p < 0.05). Geocoding rates varied by education
among births in Buncombe, Cabarrus, Guilford, Pitt, and Sampson Counties, as well as among
deaths in Pitt County (FDR-adjusted p < 0.05). Marital status was associated with geocoding
rate for Buncombe County deaths and Pitt County births (FDR-adjusted p < 0.05). Finally, in
Guilford County, records for deaths related to diabetes were more likely to be parcel geocoded
than records for deaths not related to diabetes (93.8% vs. 88.9%, respectively; FDR-adjusted
p < 0.05).

4 Discussion

Population-level administrative datasets contain vast amounts of important public health
information. Converting these databases into spatial datasets through geocoding also allows
administrative data to be linked with key environmental and social exposure data that could
not be linked using traditional aspatial data architectures. However, public health researchers
can only take advantage of the advances in GIS and spatial statistics if key datasets can be suc-
cessfully geocoded at appropriately refined spatial scales.

In this article, we investigate geocoding completeness of public health data at the popula-
tion scale and highlight issues related to geocoding completeness that may impact research
relying on geocoded data. We find that population-level geocoding of administrative birth and
death records for North Carolina can be undertaken at highly resolved spatial scales with high
geocoding completeness. The minimum geocoding rate for producing a reliable spatial dataset
has been established at 85% (Ratcliffe 2004), and our ZIP and street geocoding rates exceed
or approach this mark in nearly all cases. Our geocoding rates at the ZIP code and street level
were on par with previous studies (Krieger et al. 2002; McElroy et al. 2003; Zandbergen
2008), and our parcel rates, often over 80% and even 90%, were quite high compared with
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previous work in which parcel geocoding rates rarely exceeded 70% (Zandbergen 2008). Our
parcel geocoding rates did, however, fall below the 85% mark in more rural counties where
parcel reference layers are less fully developed.

These findings have implications for the spatial resolution at which population-level
public health research is undertaken. Traditionally, public health research has focused on large
geographic scales such as county, ZIP code, or Census tract (Rushton et al. 2006; Zandbergen
and Chakraborty 2006) because geocoding to more highly resolved scales was difficult. We
know, however, that the spatial resolution at which health research is conducted has important
implications for our understanding of health and place (Moore and Carpenter 1999; Krieger
et al. 2002; Dolinoy and Miranda 2004; Rushton et al. 2006; Leonard et al. 2011; Root
2012). Analysis at coarse spatial resolution may obscure within-unit spatial heterogeneity,
hiding relationships that become apparent when analyses are conducted at a finer spatial reso-
lution (Krieger et al. 2002; Dolinoy and Miranda 2004; Billaudeau et al. 2011; Leonard et al.
2011; Root 2012). In addition, exposures of interest may not coincide with the boundaries
defined by governmental organizations and may vary at short distances (Rushton et al. 2006;
Root 2012). The high geocoding match rates we achieved for population-level birth and death
data indicate that it is possible to create high quality, highly resolved geocoded data layers
from large administrative datasets. Such datasets can support research in which analytical
approaches are determined based on the research question of interest rather than driven by
limitations of the spatial data available. We thus support routinely geocoding to the highest
spatial resolution feasible in order to provide researchers with the flexibility to aggregate data
in a variety of ways to support the broadest range of analyses (Rushton et al. 2006; Leonard
et al. 2011).

While we were able to geocode at highly resolved spatial scales, which can support spatial
analysis at more refined geography, it is important to note that we did observe differences
in geocoding success across subpopulations, which can affect the interpretation and
generalizability of analytical findings based on the resulting datasets (Krieger et al. 2001;
Oliver et al. 2005). Importantly, we noted differences in our ability to geocode data across
health outcomes. In the birth data, address reporting was slightly lower for preterm births
than for term births (92.0% vs. 92.9%). Street geocoding rates were slightly higher for term
births than preterm births (88.1% vs. 87.1%), although there was considerable variability
across counties (e.g. street geocoding match rates were higher for preterm births in four of the
seven counties we investigated in detail). Generally, parcel geocoding rates were higher for
term births than for preterm births, although not so in two of the seven detailed counties.
Results varied similarly in geocoding match rates for non-diabetes-related deaths and diabetes-
related deaths. In the death data, statewide street geocoding rates were one percentage point
higher for deaths not related to diabetes than for deaths related to diabetes.

In addition, geocoding rates were lower for disadvantaged and/or higher risk demographic
subgroups. The largest differences we observed were in our ability to geocode at the street level
across urbanization categories. For example, statewide, just 65.5% of births in noncore coun-
ties were able to be street geocoded, compared to 81.9% of births in the next most rural coun-
ties (micropolitan areas) and 95.7% of births in the most urban counties (large central
metros). This difference in geocoding success by urbanization, which has also been noted in
previous studies (Bonner et al. 2003; Cayo and Talbot 2003; McElroy et al. 2003), reflects the
more complete reference layers in more urban areas and indicates a need to help lower-
resourced rural counties improve their GIS infrastructure. For other demographics, the magni-
tude of the differences in street geocoding rates across demographic subgroups was less than
10 percentage points for statewide data; although within some of the seven counties consid-
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ered in more detail, we did see some large differences in geocoding across race groups at the
street and parcel levels, with births and deaths to Hispanics proving especially difficult to
geocode, particularly in rural areas.

Research using geocoded data must be careful to note how variations in geocoding rates
across key demographic groups and health outcomes may impact analytical findings and how
these differences in geocoding rates may be pertinent to the outcomes under investigation (e.g.
impact of residential instability, access to care, etc.)

We also note that geocoding rates were lower for the birth record than the death record
data (e.g. street geocoding match rates of 88.0% and 93.2%, respectively). This difference,
however, does not reflect a true difference between the two datasets in our ability to locate
addresses. Rather, the difference in the geocoding rates is primarily due to the higher rate of
residential street address reporting in the death record. For example, if we only consider
records that included a residential street address, then the proportion of NC birth and death
records that could be street geocoded are actually quite similar at 94.9% and 93.9%, respec-
tively. Since we are interested in our ability to geocode these datasets at the population-level,
we cannot ignore records with missing address information. This suggests the importance of
improving reporting of residential street addresses in administrative datasets.

This study is not without limitations. For small subpopulations, such as very young
decedents, certain minority groups, or very rural communities, small changes in the number
of records may translate to large changes in address reporting rates and/or geocoding rates.
Additionally, we only studied birth and death certificate data in North Carolina. The quality
and consistency of reporting of address information in corresponding datasets may vary by
state, and thus have important implications for geocoding these data. Other administrative
datasets, even those covering North Carolina, such as immunizations, blood lead screening,
disease registries, and educational outcomes may also vary in the ability to be successfully
geocoded. Finally, we assess geocoding completeness at various spatial scales, but are not
able to comment on the positional accuracy of geocoded locations. Positional accuracy is
another important metric of geocoding quality, and may vary across the urban-rural spec-
trum, thus potentially compounding the differences in completeness we note across this same
spectrum.

An additional caveat of this work is that we did not utilize some recent advances in
geocoding technology; however, we believe many health researchers may have to make a
similar choice. Advances in geocoding in the ArcGIS platform, including both web- and
desktop-based services, may produce high quality geocoded datasets more quickly than the
geocoding methodology we used here, but this may be at the expense of confidentiality and
spatial resolution. While web-based geocoding services can be both fast and accurate, these
technologies require that data be passed over a web connection to a remote server. Data
sharing agreements and security protocols may not permit such sharing of confidential health
data over the Internet. Data confidentiality concerns lead us to forego the web-based
geocoding options in favor of traditional, locally-based geocoding methods. We acknowledge,
however, that in instances when data confidentiality is not a concern, the recently developed
web-based geocoding options and other geocoding products may produce quality geocoding
results. In addition, advances have also been made in the desktop-based address locators
included with the ArcGIS platform; however, these locators may geocode at lower levels of
resolution, for example ZIP code or city level, if they cannot match a street address. Thus, use
of these locators requires careful attention to their underlying methodology and to the inter-
pretation of the resulting geocoded datasets. For this analysis, we selected our geocoding meth-
odology, including the use of TIGER streets as our address reference layer, based on our desire
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to protect confidentiality and control spatial resolution. Furthermore, TIGER streets align spa-
tially with Census boundaries, making it easier to spatially join our geocoded births and
deaths with demographic and socioeconomic data for future research.

While we demonstrate high geocoding rates for both births and deaths at the population
level and within key demographic subgroups, we were not able to geocode all records in either
administrative dataset. In most datasets, there will inevitably be records that cannot be
geocoded to the individual address level. Methods are being developed to combine data
geocoded at different levels in order to allow researchers to use all records (Hibbert et al.
2009; Goovaerts 2012). Simultaneously pursing the further development of such methodol-
ogies and efforts to improve our ability to geocode administrative data at highly resolved
spatial scales through improved reference layers and address reporting will create a multitude
of new research opportunities in spatial public health analysis.

5 Conclusions

Overall, we find that we are able to successfully geocode population-level birth and death cer-
tificate data in North Carolina at highly resolved spatial scales. The spatial scales at which we
were able to achieve high geocoding completeness allow for analysis at a more refined spatial
scale than has traditionally been used for public health research. More spatially refined analy-
ses allows for better characterization of associations between exposures and outcomes exhibit-
ing spatial heterogeneity within larger areal units such as ZIP codes.

This work affirms that highly resolved spatial data architectures for population-level
administrative public health datasets are viable through geocoding of street address informa-
tion. We concur with previous work that has recommended geocoding to the highest spatial
resolution feasible given consideration of the other dimensions of geocoding quality (complete-
ness, accuracy, and matching algorithm criteria) (Rushton et al. 2006; Leonard et al. 2011).
We recommend routinely geocoding administrative health data to the street level and, even
more ideally, the parcel level where good quality reference data are available. As more admin-
istrative datasets are geocoded with high levels of completeness at highly resolved scales, the
decision of the spatial resolution at which research is conducted need not be dictated by limi-
tations of geocoding, but can instead be determined by our understanding of the biological
processes and social and environmental exposures being investigated. Such research, however,
must acknowledge how disparate geocoding success across subpopulations may affect findings.
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