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Abstract

The Centers for Disease Control and Prevention’s National Environmental Public Health Tracking
Program created standardized sub-county geographies that are comparable over time, place, and
outcomes. Expected census tract-level counts were calculated for asthma emergency department
visits and lung cancer. Census tracts were aggregated for various total population and sub-
population thresholds, then suppression and stability were examined. A total of 5,000 persons
was recommended for the more common outcome scheme and a total of 20,000 persons was
recommended for the rare outcome scheme. Health outcomes with a median case count of 17.0
cases or higher should produce stable estimates at the census tract level. This project generated
recommendations for three sub-county geographies that will be useful for surveillance purposes:
census tract, a more common outcome aggregation scheme, and a rare outcome aggregation
scheme. This methodology can be applied anywhere to aggregate geographic units and produce
stable rates at a finer resolution.

Keywords
Aggregation; Census tract; Environmental health; Sub-county; Surveillance; Tracking

“Corresponding author at: ORISE Postdoctoral Fellow at the Environmental Public Health Tracking Section, National Center for
Environmental Health, Centers for Disease Control and Prevention, Atlanta, Georgia, United States, awerner@cdc.gov (A.K. Werner).
Authors’ contributions: AKW contributed to the conception and design of the study and was responsible for the acquisition of

data, geospatial work, statistical analyses, and interpretation of the results. AKW had primary responsibility for the manuscript. HS
contributed to the conception and design of the study, interpretation of results, and editing of the manuscript. All authors have read and
approved the final version of the manuscript.

Declaration of Competing Interest
The authors declare that they have no competing interests.

Supplementary materials
Supplementary material associated with this article can be found, in the online version, at doi:10.1016/j.sste.2020.100339.

Availability of data and materials: Please contact corresponding author for data requests.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Werner and Strosnider Page 2

1. Introduction

Assessments have shown that timely, locally relevant information, including sub-county
measures of health and associated factors, are important data needs for the public health
community to have actionable data at a local level (Nagasako et al., 2018, DeSalvo et al.,
2016, Castrucci et al., 2015). Despite what seems to be an explosion of data, technology,
and computational power, public health data largely remain spatially unresolved, lagging,
or all together unavailable. This underscores the importance of expanding the availability
and accessibility of sub-county data not only for routine public health surveillance but also
for decision-making and targeting interventions. The pressing need for sub-county data,
including the need for community-level health indicators, has been echoed by many others
(Nagasako et al., 2018, DeSalvo et al., 2016, Castrucci et al., 2015, Cutter et al., 1996,
Drewnowski et al., 2013, Dwyer-Lindgren et al., 2017, Luck et al., 2006, Shah et al., 2014,
Eisen and Eisen, 2007, Eisen and Eisen, 2008, Boothe et al., 2018).

Public health surveillance data resolved to the county level have been used to understand
health burden, identify and target populations at-risk, and to guide and evaluate
interventions. County health departments generally have administrative responsibility for the
public residing in those counties. While useful, county-level data are limited (Courtemanche
et al., 2015, Remington et al., 2015); in the way that state-level data can mask disparities
across counties, county-level data can also mask considerable disparities at a local level
(Drewnowski et al., 2013, Dwyer-Lindgren et al., 2017, CSTE 2017). Wide intra-county
variations in socioeconomic indicators and risks [may] exist meaning that county-level data
are useful, but local data are needed to measure and monitor what is happening (Cutter et
al., 1996) and to more effectively target resources and interventions. Finer resolution data
allow health departments to create community or neighborhood health profiles to better
understand health issues affecting certain areas within a county, prioritize needs, and take
action to advance policies and programs (Centers for Disease Control and Prevention 2013).
These health departments need locally relevant, reliable indicators so they can have effective
health promotion programs, provide better health services, and specific health planning and
management (Rahman, 2017), and are not as limited in their ability to detect hot spots,
identify determinants of health, and implement effective, targeted interventions (Boothe et
al., 2018).

For environmental health, the need for local-level data is also driven by local-level
heterogeneity in the environment. Counties often cover large areas and show environmental
variability (Eisen and Eisen, 2008), which could mean variation in exposure and in habitat
that are not uncovered without using finer geographic resolution data. While individual-level
data would eliminate the problem, this introduces issues of confidentiality and stability.
Often, this means that some form of aggregation, whether geographic or temporal, is
applied before data are made available for public health practitioners, researchers, or the
public. Aggregated data are commonly used in spatial epidemiologic studies because of data
availability and/or other data limitations (e.g., lack of confounder and exposure data at the
individual level) (Zhang et al., 2016, Beale et al., 2008), which allows for increased sample
sizes and greater precision (Jia et al., 2004).
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Established aggregations using administrative boundaries, such as census block groups
(aggregations of census blocks) or census tracts (aggregations of block groups), can be used
in sub-county analyses or surveillance. Typically, these spatial unit choices depend on data
accessibility and availability, and census tracts are often the default unit for most studies
where geography and health intersect (Lee et al., 2014). Census tracts are a reasonable
solution for public health surveillance data as most addresses can be accurately geocoded to
census tracts, population data are available for census tracts, and they are relatively stable
over a ten-year period. However, numbers can still be too small for unsuppressed, stable
displays, requiring further aggregation. Small numbers can create confidentiality issues
when an area has a small population size (i.e., small denominator) and data reliability issues
when an area has few cases (i.e., small numerator) (Colorado Department of Public Health
and Environment 2017, VanEenwyk and Macdonald, 2012).

The increased availability of sub-county data would be useful to—and would better inform
—a range of public and private organizations (Luck et al., 2006, Eisen and Eisen, 2008).

In at least two states, legislators required the health department to release local-level health
data to inform community action (Wu et al., 2018, New York State Department of Health
2017). With funding from the Robert Wood Johnson Foundation, CDC released census tract
life expectancy measures and city-specific estimates of important behavioral risk factors
(Centers for Disease Control and Prevention 2017, National Center for Health Statistics
2018). Lastly, the Institute of Medicine and the Public Health 3.0 initiative have called on
the public health community and the CDC to make local-level data more widely available,
accessible, and usable, linking environmental and human services data to health (DeSalvo et
al., 2016, Office of the Assistant Secretary for Health 2016, Institute of Medicine 2012).

The Centers for Disease Control and Prevention’s (CDC) Environmental Public Health
Tracking Program (Tracking Program) is moving towards building a system of sub-
county data to enhance the spatial resolution of data currently available in the National
Environmental Public Health Tracking Network (Tracking Network). A previous project
highlighted the need to address geographic aggregation and standardized geographies
(Werner et al., 2018). One of the recommendations was to create generic aggregation
schemes that would allow for tracking data over time (Werner et al., 2018).

While setting an aggregation scheme specifically for one outcome at one point in time
would produce the best scheme for that outcome, it would result in numerous aggregation
schemes over time. This means there would be different schemes for the many outcomes
covered by the Tracking Network, making it difficult to manage and creating problems

for comparisons over time and outcome. The goal of the Tracking Network is to provide
integrated health, exposure, and environmental data (McGeehin et al., 2004); therefore, one
or two standardized aggregation schemes that work well for multiple outcomes over time
would allow for trend analysis and comparisons in this context. These geographies could be
adopted by other entities for datasets not covered by the Tracking Network to expand the
amount of data that could be comparable over time or to allow others in different localities to
display their data at a finer resolution whilst protecting confidentiality and ensuring stability.
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The aim of this project was to develop two aggregation schemes using census tracts as the
foundation. One aggregation scheme would be for the Tracking Program’s health outcomes
that are considered more common and the other for the Tracking Program’s health outcomes
that are considered rarer. While there is no universal definition for rare health outcomes, they
are generally defined as diseases affecting fewer than 1 in 2000 persons (Andermann, 2013)
or having an average prevalence between 40 and 50 cases per 100,000 persons (Richter

et al., 2015). Using these two aggregation schemes will allow for the dissemination of
stable (i.e., reliable), unsuppressed data at the finest geography possible whilst enabling
comparison of data across time, place, and outcome. The main objectives were to pilot

a series of population thresholds for a number of states to determine which population
thresholds work best and to recommend parameters to guide these aggregation schemes.

2. Methods
2.1. Background

The Tracking Program worked on creating standardized geographies using census tracts as
the foundation, ensuring that the maximum number of sub-county geographies could be
displayed with minimal suppression and instability. While standardized geographies will
ultimately be created for all states, a subset of Tracking Program recipients were involved
with this project as recipients elect to participate in the workgroups. Health outcome data
used in this project represent what are considered more common and rarer outcomes in the
context of available Tracking Program data. Some recipients did not have data available for
both of the selected outcomes. These factors guided the states and datasets that were piloted.

2.2. Data

Population data were acquired from the U.S. Census Bureau 2010 decennial census for
population by age and sex categorized by census tract (U.S. Census Bureau 2017). County-
level asthma emergency department (ED) data, which recipient states routinely submit to
the Tracking Program, were selected for six recipients (Florida, Maine, Minnesota, New
Hampshire, New York, including New York City, and Wisconsin). This outcome represented
one of the Tracking Program’s more common outcomes. County-level lung and bronchus
cancer data, which come from the National Cancer Institute’s Surveillance, Epidemiology,
and End Results Program and CDC’s National Program of Cancer Registries, were obtained
for Colorado, Florida, Maine, Missouri, New Hampshire, New York, including New York
City, and Wisconsin. These data represented one of the Tracking Program’s rarer outcomes.
All health outcome datasets used 2010 data.

2.3. Calculating expected census tract-level counts

At present, privacy concerns prevent many Tracking recipients from submitting census tract-
level data to the Tracking Program without amending data use agreements. To overcome
this and to complete this pilot, annual expected case counts were calculated for 2010. SAS
9.3 was used for creating expected count datasets. Census tract-level population data were
aggregated to their respective counties within each state to calculate population totals for
each county by 5-year age group and gender. Case count data for each health outcome

were merged with the county-level population data, and county-level age- and sex-specific
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rates were calculated. County-level rate data were applied to census tract-level population
data. Expected counts were then calculated for each census tract (county rate * census tract
population) by age and gender. Table 1 provides an example of the expected case count data
for one census tract in a given county (with modified values), which shows how the age and
sex-specific county rates were applied to the census tract-level population data to obtain the
expected case counts.

Final datasets were exported for each health outcome containing census tract geographic
IDs, total population, population counts for those in the 0—4 year and 65+ year age groups,
and total expected case counts. Any census tracts with a population of zero were removed to
avoid aggregating these areas, which could artificially increase the size of an aggregated area
and skew the statistics.

2.4. Geographic aggregation

Census tract shapefiles were downloaded for each state from the U.S. Census Bureau (U.S.
Census Bureau 2017), and the files were imported into ArcGIS. The census tract-level
expected count tables were joined to the census tract shapefiles on matching geographic
IDs, resulting in one shapefile with 2010 tract boundaries, populations, and expected counts
for the selected health outcomes. This shapefile was used as the input for the Geographic
Aggregation Tool (GAT), an R or SAS program, which facilitates the creation of compact
geographic units that meet criteria specified by the user (Talbot and LaSelva, 2010). The R
version was used for this work.

Several population thresholds for aggregating census tracts were tested based on either

total population or based on a threshold sum of a sub-population (0—4 and 65+ year olds)
with preference given to within county aggregations. The sub-population was chosen as an
alternative threshold compared to the total population because it was thought that this would
be a marker for the overall population threshold (i.e., once the sub-population of 0-4 and
65+ year olds combined reached a certain size together, then it should be stable for the total
population as these age groups tend to be smaller).

Total population thresholds tested included 5000, 10,000, 15,000, 20,000, and 25,000
persons. For sub-population aggregation, 2010 Census data were examined to determine

the population distribution for 0-4 and 65+ year olds (Howden and Meyer, 2011). The
population for 0—4 year olds was 20,201,362 persons and the population for 65+ year

olds was 40,267,984 persons; therefore, the population thresholds in the GAT were set so
that the 65+ year old age group was twice as much as the 0-4 year old age group. The
sub-population thresholds were as follows: 1000 persons (333 persons 0—4 years old and
667 persons 65+ years old); 2500 persons (833 persons 0-4 years old and 1667 persons 65+
years old); and 500 0 persons (1667 persons 0—4 years old and 3333 persons 65+ years old).

A new shapefile representing a new aggregation level was produced by the GAT for each

health outcome, state, and population threshold, resulting in eight new shapefiles for each
state for each health outcome. Excel files were imported into SAS from the GAT-created

shapefiles.
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Readers can dynamically view the geographies via the Tracking Network’s Data Explorer
(https://ephtracking.cdc.gov/DataExplorer/#/). Census data can be viewed and evaluated to
compare the demographic and socioeconomic composition of the proposed geographies
compared to census tract and county.

cal calculations

SAS 9.3 was used for statistical calculations. Prevalence, confidence intervals (Cl), percent
suppressed, and percent unstable were calculated for each geographic unit in census tracts
and in each new aggregation level. Relative standard error (RSE) was used to measure the
stability or reliability of the data and was calculated as follows: (standard error/prevalence
rate) * 100 where standard error = prevalence rate/V(expected cases). So, RSE = 1/V
(expected cases)*100 (New York State Department of Health 1999). If there were no cases,
then the RSE was set to missing. Each geographic unit was flagged for suppression if

the number of expected cases was more than zero but less than 6 (following the Tracking
Network’s current rule). A RSE of <30% was considered acceptable and stable. Likewise,
a threshold of <30% was considered acceptable for the number of suppressed geographic
units.

The expected case count distribution was examined for census tract and for each new
aggregation level for each health outcome for each state. A series of scatterplots were
created to examine the number of expected cases relative to the RSE for each aggregation
level. Statistics were calculated to determine how the median population changed across
aggregation levels. The percent of suppressed and unstable geographies were reviewed

for each of the population thresholds. The results were examined to look for natural cut-
points where suppression and instability were minimized (i.e., <30%) and the number of
geographic units was maximized, balancing the need for data reliability and confidentiality.
This means that the optimal population threshold was where both suppression and instability
were generally less than 30%, selecting as low of a population threshold as possible, which
resulted in more geographic units.

2.6. Refining median case count ranges

After the new aggregation levels were reviewed, an optimal population threshold was
selected for the rarer outcome aggregation scheme and for the more common outcome
aggregation scheme. The median expected case counts for each state were examined for
each health outcome to recommend an aggregation scheme based on a median case count
range. For asthma, expected cases were subtracted from the states with the lowest median
case count to determine the lower limit of the median case count range for the common
aggregation scheme. Expected cases were also subtracted from states with higher median
case counts to determine the upper limit of the median case count range for the common
aggregation scheme. The upper limit would also serve as the cut-point for which census
tract-level data should be stable. For lung and bronchus cancer, cases (or a fraction thereof)
were added to the state with the lowest median case count to decide on the lower limit of the
median case count range that would be acceptable for the rare aggregation scheme.

Spat Spatiotemporal Epidemiol. Author manuscript; available in PMC 2022 February 14.
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3. Results

Spa

Asthma ED served as a suitable Tracking Program outcome to represent the more common
aggregation scheme. Fig. 1 shows the RSE as a function of asthma ED expected cases across
each population threshold for Florida. Each point on the graph represents one aggregated
sub-county geographic area. A reference line indicates the 30% RSE threshold, with the
goal of identifying the population threshold where the majority of the points were below the
reference line. The figures for the remaining pilot states are shown in Supplemental Figure
S1, which showed that generally, the RSE was acceptable (i.e., below 30) for the population
threshold of 5000 persons across all of the pilot states.

Table 2 provides more details, showing the descriptive statistics for the expected case counts
for each aggregation level, including the original census tract-level data, as well as the total
number of geographic units and the percentage of geographic units that were suppressed

or unstable. Census tract-level median asthma ED expected case counts ranged from 12.8
(NH) to 25.1 (NY) cases. Table 2 shows how the percent unstable column decreases with
increasing case counts across the different aggregation levels.

Without any aggregation, the percentage of unstable geographic units ranged from 10.2%
(NY) to 38.0% (MN). The lowest level of aggregation (total population of 5000 persons)
reduced instability to a range of 0% to 6.2% unstable, showing a marked decrease in the
number of geographic units that would be flagged as unstable. Likewise, the percentage

of census tract-level suppressed geographic units ranged from 1.4% to 11.3%, which was
reduced to 0% to 5.6% suppressed using an aggregation level of 5000 persons. Asthma ED
prevalence remained fairly similar across aggregation levels and increasing the aggregation
level resulted in tighter confidence intervals due to increasing stability, which was expected.

The lower and upper limits of the median expected case count range were tested to
determine the optimal range for which the common outcome aggregation scheme should

be used. For example, New Hampshire had the lowest median case count range (12.8 cases),
so expected cases were subtracted from this value to test where the aggregation level of 5000
persons was no longer stable. Additional testing for the lower limit of a suitable median case
count range for the more common aggregation scheme showed somewhere between 6.8 and
7.8 cases as acceptable, with a lower end of approximately 7.3 cases recommended for this
scheme.

Testing for the upper limit of a suitable median case count range showed approximately
16.9 cases as suitable based on the percentage of geographic units flagged as suppressed
and unstable. This was determined by subtracting expected cases from those states that had
higher median case counts at the census tract level (e.g., Florida) to determine where the
aggregation level of 5000 persons started to lose stability. Therefore, any health outcomes
with a median case count of 17.0 cases or higher at the census tract level should be
acceptable in terms of stability and suppression.

Lung and bronchus cancer served as a suitable Tracking Program outcome to test the rare
outcome aggregation scheme, with expected census tract-level median case counts ranging
from 1.6 (CO) to 3.6 (NH) cases. Fig. 2 shows the RSE as a function of lung and bronchus

t Spatiotemporal Epidemiol. Author manuscript; available in PMC 2022 February 14.
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cancer expected cases across each population threshold for New Hampshire. The figures for
the remaining pilot states are shown in Supplemental Figure S2. Generally, the RSE was
acceptable (i.e., below 30) for the population threshold of 20,000 persons.

More details are shown in Table 3, which include lung and bronchus cancer case count

data, the number of geographic units for each threshold, and the corresponding percentage
of geographic units that were suppressed or unstable. Census tract-level data showed the
percentage of geographic units (i.e., census tracts) that were flagged as unstable ranged from
98.3% to 100%, indicating that census tract-level data would not be suitable to display due
to small numbers and related data reliability issues. Census tract-level suppression ranged
from 84% to 98.7% of geographic units suppressed. As the aggregation level increases, the
percent unstable column decreases.

As expected, the percentage of unstable geographic units decreased with increasing
aggregation. Using the total population aggregation of 20,000 persons, the percentage of
unstable geographic units were reduced to 0.0% to 39.4% unstable and the percentage of
suppressed geographic units was reduced to 0.0% to 5.0% suppressed. As with the more
common outcome, lung and bronchus cancer prevalence was similar across aggregation
thresholds, as expected, and increasing the aggregation levels resulted in tighter confidence
intervals. The highest percentage of unstable geographies was attributed to Colorado, which
had a median census tract-level case count of 1.6 cases, whereas the other states ranged from
2.4 to 3.6 cases.

The lower limit of the common outcome aggregation scheme (i.e., 7.3 median expected
case count) dictated the upper limit for the rare outcome aggregation scheme. Therefore,

a median case count of 7.2 was a suitable upper limit for the rare outcome aggregation
scheme. Additional testing for the lower limit of a suitable median case count range for the
rare outcome aggregation scheme showed between 1.8 and 2.0 cases as acceptable, with a
lower end of approximately 1.9 cases recommended for this scheme. This was determined
by adding fractions of expected cases to the state with the lowest median expected case
count (i.e., Colorado with a median case count of 1.6 cases) to determine where the 20,000
person aggregation started to become more stable. It is suggested that any health outcomes
with a median case count of less than 1.9 use temporal aggregation in conjunction with
geographic aggregation to achieve stability.

Table 4 summarizes the recommended aggregation scheme, the corresponding median case
count ranges, and the population thresholds when looking at a single year of data.

4. Discussion

The aim of this study was to develop two aggregation schemes, including one for rarer
health outcomes and one for more common health outcomes, by piloting geographic
aggregation work with several Tracking recipients and examining data stability and
confidentiality issues. Ultimately, a range of median case counts was suggested for each
aggregation scheme with the goal of having data that are comparable across time, health
outcomes, and location. Any health outcomes with a census tract-level median case count
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of 17.0 cases or higher should be appropriate for these data to be displayed without
aggregation. The suggested common outcome aggregation scheme, using a total population
of 5000 persons, had a census tract-level median case count range of 7.3 to 16.9 cases. The
suggested rare outcome aggregation scheme, using a total population of 20,000 persons, had
a census tract-level median case count range of 1.9 to 7.2 cases.

Generally, most studies that have examined the link between local place effects and health
impacts have used administrative units (i.e., census areas) for the geographies, typically due
to the availability of underlying population data (Haynes et al., 2007). This was also done in
this study, using pre-defined administrative units (i.e., census tracts) as the base geography
for further geographic aggregation. In determining which aggregation levels worked best for
the two schemes, it was important to balance data stability and confidentiality issues whilst
keeping the geographic areas at the highest possible resolution.

The primary statistical issue with small areas is that of data stability and reliability because
of too few cases (National Association of Health Data Organizations 2004, Brownson et al.,
2010). When calculating rates, a larger numerator will allow for a rate to better estimate
the true/underlying rate of the population (Buescher, 2008). However, obtaining sufficient
numerators becomes problematic when using small areas, especially for rare outcomes.
This was seen with the differences in the total population required for each aggregation
scheme (i.e., 5000 persons versus 20,000 persons). There may also be times when the
numbers are too small and will require too much temporal and/or spatial aggregation to

be useful. With smaller numbers, it is desirable to have accompanying confidence intervals
to understand the uncertainty around point estimates (National Association of Health Data
Organizations 2004). This will be important for the Tracking Program to incorporate into
displays when shifting to sub-county data on the Tracking Network so users can better
understand associated uncertainties.

With this work, it is also important to recognize the modifiable areal unit problem (MAUP).
Grouping the data at different spatial resolutions (e.g., census tracts, aggregations of census
tracts, county) or grouping the data in different ways at the same scale can lead to variation
in the results and subsequent interpretation of those results (Beale et al., 2008). While the
MAUP remains unsolved (Zhang et al., 2016), generally, analysis is recommended for the
smallest area units with available data, and aggregation to larger units should be avoided
unless there is appropriate rationale (Pfeiffer et al., 2008). For this study, the smallest

area units (i.e., census tracts) were used, and aggregating to larger units was necessary to
calculate stable estimates and protect confidentiality, with the level of aggregation depending
on census tract-level median case counts. Without some form of aggregation, little to no
data would be displayed on the Tracking Network for most health outcomes at a sub-county
level, particularly for rarer health outcomes.

The creation of these sub-county geographies used geographic aggregation without
modelling, smoothing, or other estimation methods, which was chosen based on census
tract-level data availability, recipient input, and to facilitate user understanding and ease
of interpretation of the data when accessing the Tracking Network. Methodologies are
available for small area estimation, with the two major approaches being Bayesian
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modelling and spatial microsimulation (Koh et al., 2018). Spatial microsimulation creates
synthetic population datasets for small areas where existing data are unavailable (Rahman
et al., 2010). Spatial interpolation and smoothing (e.g., Bayesian modelling) use nearby
observations to fill in and/or improve estimates, which improves rates in areas with few
observations (Auchincloss et al., 2012). In one study, hierarchical Bayesian models were
used to estimate the prevalence of current smoking; however, the authors noted that
relatively low precision was obtained from these models and suggested aggregating census
tracts into larger areas (as in this study) or increasing temporal aggregation (Song et

al., 2016). For this work, we chose to use one of several spatial epidemiology methods
(Auchincloss et al., 2012), which was the use of aggregation.

Preliminary geographic aggregation work for the rare outcome aggregation scheme explored
health outcomes rarer than lung and bronchus cancer; however, these were not suitable for
use without temporal aggregation. Liver cancer was initially selected to test the rare outcome
scheme, which resulted in nearly all aggregation levels to show 100% of geographies as
suppressed. Non-Hodgkin’s lymphoma was then tested, but this still showed the majority of
aggregation levels as suppressed. Therefore, the work presented here used lung and bronchus
cancer to represent rarer outcomes. In 2014, some states had lung and bronchus cancer
incidence rates of 50 cases or fewer per 100,000 persons (Centers for Disease Control and
Prevention 2017).

This illustrates the fact that there are certain health outcomes (i.e., those with a median
case count less than 1.9 cases) where the proposed aggregation schemes will not work

for annual data and temporal aggregation will be required. However, temporal aggregation
would not allow for examination of time-trend differences (Jia et al., 2004). Additionally,
any area differences that are noted where geographic aggregation is used would require
spatial delineation, where possible, to explore these differences further (Jia et al., 2004).

This pilot project used readily available data to test and propose geographic aggregation
schemes for sub-county work. While this work relied on calculating expected counts

for census tracts, these aggregation schemes should be tested further using census tract-
level data from all Tracking recipients, where data are available. Recipient access to

these data may require changes to data use agreements. Future refinement of this work
includes testing nested aggregation schemes (i.e., aggregating the more common outcome
aggregation scheme within the rare outcome aggregation scheme) to have a hierarchical
structure of geographies and removing more rural areas where county boundaries may be
crossed. Different aggregation methods will be explored to account for certain geographic
features (e.g., waterbodies) or population density. Rural and urban differences could also
be investigated, determining if different aggregation methods should be used so as to avoid
grouping these areas together. Additional work could include accounting for other factors,
such as socioeconomic status or race/ethnicity, when aggregating geographies based on the
suggested aggregation schemes.

This work has several limitations. In calculating expected census tract-level case counts,
it was assumed that the prevalence was the same across all census tracts in a county
because of applying county-level rates to census tracts. This likely results in variation
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from actual census tract-level case counts, but the methodology is still applicable and will
be tested using census tract-level datasets when they can be obtained. Expected counts
were calculated using 2010 decennial census data. Certain states, or areas within states,
that experienced significant population growth or decline since the 2010 decennial census
may have expected counts that are not necessarily reflective of the present; however, there
are limitations, such as larger margins of error, associated with using other data sources
(e.g., American Community Survey estimates). Not all states included in the pilot had data
available for both datasets, so we were unable to test all of the states for both aggregation
schemes. Additionally, the outcomes that are defined as rare or common in this paper are
rare or common in the context of Tracking data and may not be defined that way elsewhere.
It should also be noted that densely populated cities could influence the median case counts
of a state. For example, the median case count for asthma ED visits for New York State was
heavily influenced by the case counts coming from New York City.

Preliminary examination of publicly available finer geographic resolution data, such as the
sub-county data that will be displayed on the Tracking Network in the future, can help

to develop novel hypotheses to explore further, particularly with more detailed datasets
(Boscoe et al., 2015). The methods presented in this pilot project are applicable more
broadly and demonstrate how geographic aggregation can be used for surveillance purposes
beyond the Tracking Program in the United States to achieve stable estimates whilst
considering confidentiality issues. There are limitations associated with these methods and
the display of data; however, the goal is to disseminate data at the sub-county level to

lead to more public health actions at the local level. Future work will help to refine these
methods, the aggregation schemes, and the usefulness of data being presented to users.
Ultimately, disseminating sub-county data (or finer resolution data in other countries) can
help address local environmental health decision-making, identify local variation, advance
understanding of environmental health processes and impacts, improve surveillance, and
target interventions (Castrucci et al., 2015).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Abbreviations:

CDC Centers for Disease Control and Prevention

Cl confidence interval

ED emergency department
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RSE relative standard error
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Fig. 1.

Reglative standard error (RSE) as a function of expected census tract-level asthma emergency
department cases for Florida. Each point on the graph represents one aggregated sub-county
geographic area. The reference line is where RSE=30, with stable RSEs displayed below the
line. See Figure S1 for graphs of the remaining states.
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Fig. 2.

Lung cancer cases

Relative standard error (RSE) as a function of expected census tract-level lung and bronchus
cancer cases for New Hampshire. Each point on the graph represents one aggregated sub-
county geographic area. The reference line is where RSE=30, with stable RSEs displayed
below the line. See Figure S2 for graphs of the remaining states.
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Table 4

Overview of aggregation schemes and the recommended median case count ranges and population thresholds
(for a single year of data).

Aggregation Median case count  Population threshold

scheme range

Census tract >17.0 cases Census tract ™

Common outcome 7.3 to 16.9 cases Total population 5000 persons
Rare outcome 1.9 to 7.2 cases Total population 20,000 persons

*
Note: The census tract population threshold is based on the fact that census tracts are built with an average population of 4000 persons (with a
wide range).
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