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Abstract

Background: Life expectancy at birth (LE) has been calculated for states and counties. LE estimates at these levels
mask health disparities in local communities. There are no nationwide estimates at the sub-county level. We present
a stepwise approach for calculating LE using census tracts in New York state to identify health disparities.

Methods: Our study included 2751 census tracts in New York state, but excluded New York City. We used population
data from the 2010 United States Census and 2008–2010 mortality data from the state health department. Tracts were
assigned to 99.97% of the deaths. We removed tracts which had a majority of people living in group quarters. Deaths
in these tracts are often recorded elsewhere. Of the remaining 2679 tracts, 6.6% of the tracts had standard errors ≥ 2
years. A geographic aggregation tool was used to aggregate tracts with fewer than 60 deaths, and then aggregate
areas that had standard errors of ≥ 2 years.

Results: Aggregation resulted in a 9.9% reduction in the number of areas. Tracts with < 2% of population living below
the poverty level had a LE of 82.8 years, while tracts with a poverty level≥ 25% had a LE of 75.5. We observed differences
in LE in border areas, of up to 10.4 years, when excluding or including deaths of study area residents that
occurred outside the study area. The range and standard deviation at the county level (77.5–82.8, SD = 1.2 years) were
smaller than our final sub-county areas (64.7–92.0, SD = 3.3 years). The correlation between LE and poverty were similar
and statistically significant (p < 0.0001) at the county (r = − 0.58) and sub-county level (r = − 0.58). The correlations
between LE and percent African-American at the county level were (r = 0.11, p = 0.43) and at the sub-county
level (r = − 0.25, p < 0.0001).

Conclusion: The proposed approach for geocoding and aggregation of mortality and population data provides a
solution for health departments to produce stable empirically-derived LE estimates using data coded to the tract.
Reliable estimates within sub-county areas are needed to aid public health officials in focusing preventive health
programs in areas where health disparities would be masked by county level estimates.
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analysis
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Background
Life expectancy (LE) at birth is often used as an indicator
of the overall health of a population. This indicator is well
defined and well understood and summarizes mortality
patterns across all age groups. Life expectancy at birth is
an estimation of how long a newborn can expect to live,
based on the length of the lives of the people who were
born before them. Life expectancy has been used as an
indicator to highlight health disparities between counties
across the United States. Kulkarni et al. reported that life
expectancy at birth ranged from 65.9 to 81.1 for males
and 73.5 to 86.0 years for females across US counties [1].
Life expectancy estimates are useful at this scale for identi-
fying health disparities across the country, but counties
often have large populations and there can be significant
differences in health within a county. Over three quarters
of the US population live in counties with populations
over 100,000.
Large differences in sub-county LE estimates have been

shown for several US cities and counties. They include
Baltimore, MD; New York City (NYC), NY; Alameda
County, CA; Los Angeles County, CA; King County, WA;
Orleans Parish, LA; Richmond, VA; and Chicago, IL [2–9].
However, sub-county LE expectancy estimates have not
routinely been calculated for entire states or regions of the
country.
Currently, there are efforts to promote the systematic

production of sub-county estimates of LE in the US. The
US Centers for Disease Control and Prevention (CDC)
and the Council of State and Territorial Epidemiologist
have worked with state and local health departments on
the Sub-County Assessment of Life Expectancy (SCALE)
Project to evaluate, develop, and adopt methods to
produce LE estimates for small areas [10]. More recently
the CDC Environmental Public Health Tracking (EPHT)
Program [11] established a team to investigate the feasi-
bility of producing Nationally Consistent Data Measures
(NCDMs) of LE for sub-county areas which both state
health departments and CDC could display online. The
National Association for Public Health Statistics and
Information Systems, along with the National Center for
Health Statistics, have been working with vital statistics
offices to geocode, improve the timeliness of, improve
the quality of, and share mortality data.
There are modeling approaches for estimating LE for

small areas such hierarchal Bayes or adaptive spatial
filtering models [12]. These types of models rely on the
fact that rates of disease are often spatially autocorrelated
and that by borrowing data from neighboring areas the
uncertainty of estimates in small areas can be reduced.
Other approaches can be used which rely on the relation-
ship of health indicators with covariates such as income,
education, and race to estimate health indicators for small
areas. These two approaches can be combined to produce

small area estimates of LE [1, 13]. In NYS, our experience
indicates that the public may prefer empirically-derived
health indicators for diseases, such as cancer, which are cal-
culated only from the data of the defined areas. Indicators
derived from models may be viewed by the public as “black
boxes” which are difficult to interpret. As discussed in the
500 Cities project [14], modeled health indicator
estimates which are based on sociodemographic
characteristics are insensitive to actual mortality and
cannot be used to evaluate local interventions. Spatial
models do have an important place in public health
surveillance to better understand the factors leading to
local disparities in LE. They are particularly useful where
sampling is limited, or health conditions are rare.
We selected census tracts as our sub-county geographic

unit for calculating empirically derived estimates LE for
several reasons. Census tracts were originally designed to
have homogeneous populations with respect to socioeco-
nomic status. They do not cross county boundaries and
generally have populations between 2500 and 8000.
Census tracts were initially developed to retain their
geographic boundaries for long periods of time so changes
in population characteristics could be compared over time
[15]. Because the characteristics of neighborhoods change,
census tracts often become less homogeneous over time.
Census tracts can also be split or merged as population in-
crease or decrease within the tracts. The federal
government recognized the need for local expertise in
originally delineating and making changes in census tract
boundaries. Local committees of data users were set up to
assist the Census Bureau in creating and maintaining
census tracts to reflect both the Census Bureau and local
community needs. According to the US Bureau of the
Census, the census tract is the most widely used sub--
county statistical unit [15].
State and local health departments need a well-docu-

mented and systematic approach to calculate LE. This
paper presents a stepwise approach for calculating LE
using census tracts in New York state to identify health
disparities. However, there are several challenges to pro-
ducing LE estimates at the tract level. There are a lack
of mortality data accurately geocoded to a fine scale
such as the census tract. In 2013 only 47% of states
geocoded their mortality data [16]. There can be
inconsistencies in where health departments record
deaths compared to where the US Census enumerates
the populations which are used in the calculation of
LE. In the past, there has often been a lack of access
to death certificate data for residents who died in
neighboring jurisdictions. In addition, sparsely
populated tracts with few deaths have LE indicators
with large margins of error. Large margins of error
make it difficult to distinguish real differences in LE
versus differences due to chance.
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We have worked with both the SCALE and EPHT
Projects to evaluate and develop systematic methods to
produce LE estimates using census tracts. We were also
interested in linking fine scale life expectancy estimates to
sociodemographic indicators which have been associated
with mortality [17, 18] and to compare the associations of
LE and socioeconomic factors at the sub-county level to
the associations we observe at the county level.
This paper describes how we overcame the challenges

in calculating LE using census tracts in NY. We present
the decisions made and methods used with the hope that
others can learn from our experience.

Methods
We obtained death certificate data from the New York
State (NYS) Department of Health for deaths of residents
of NYS excluding NYC for the years 2008–2012. The data
included date of birth, date of death, sex, age at death, and
residential address. Each death was assigned to one of
nineteen age groups (< 1, 1–4, 5–9, 10–14, 15–19, 20–24,
25–29, 30–34, 35–39, 40–44, 45–49, 50–54, 55–59,
60–64, 65–69, 70–74, 75–79, 80–84, 85+ years of age).
We geocoded the residential addresses to census tract

using a stepwise approach. First, we used the NYS GIS
Program’s Geocoding Service [19] in conjunction with
ArcGIS version 10.3. We geocoded 96.9% of the street
addresses to the census tract. The geocoding reference
files included both accurate address point (roof top)
locations and street line files for the state. In some cases,
the addresses were incomplete and could not be
matched to the NYS address reference files. To improve
our geocoding match rates, the death certificate data
were next linked to hospital records to obtain more
complete or accurate address information. This allowed
us to geocode another 0.6% of the addresses. Using
MapInfo version 12, we next determined if any of the
unmatched records were in ZIP codes which were com-
pletely contained within a census tract. If so, we assigned
the death to a census tract. This allowed us to geocode
another 0.2%. In some cases, the address was not
geocoded to the census tract because the street number
was either missing or not entered correctly. We devel-
oped code in SAS version 9.4 to determine if the street
was completely contained in a tract, and if so, we could
assign a tract to the record without knowing the exact
location of the address on the street. This allowed us to
assign an additional 0.6% of the addresses to the tract.
We geocoded 98.3% of the addresses through these

batch processes, but we were concerned that the
remaining addresses might be clustered in individual
census tracts, which would bias our LE estimates. We
manually reviewed each of the remaining ungeocoded
records to correct typographical errors or find residential
locations not listed in the NYS street address reference

files. These locations included apartment complexes and
group living facilities. We used a variety of data sources
and search engines to check for correct address spellings
and locate residential facilities. This allowed us to geocode
an additional 1.2% of the deaths. A team member, trained
in interactive geocoding, evaluated addresses at a rate of
approximately one address per minute. Approximately
127 h were spent interactively geocoding. For the remaining
records, we used the ZIP code or town or county along
with race, ethnicity, and age to impute the 2010 census
tract following the method of Henry and Boscoe [20].
We obtained population data from the 2010 US Census

by census tract [21]. The population counts were grouped
into the same 19 age groups as the mortality data. In
addition, we obtained counts from the census of the
population living in group quarters. The US Bureau of the
Census also provided population counts for seven different
categories of group quarters. They include: correctional
facilities for adults, juvenile facilities, nursing facilities,
other health care facilities, college/university student hous-
ing, military group quarters, and other non-institutional
facilities. Non-institutional facilities include, shelters, adult
homes, work camps, convents, and monasteries. Death
certificates of residents of group quarters may have differ-
ent addresses from what the census uses. This can cause
deaths in group quarters being counted in different tracts
from where the census counts people. We excluded all
tracts where 50% or more of the population lived in group
quarters to reduce bias in the LE estimates. Estimates of
poverty, income, and race were obtained from the
2008–2012 American Community Survey [22] for each
census tract.
The counts of population and deaths by age group and

tract were imported into the Life Expectancy Calculator
created by the South East Public Health Public Observatory
(SEPHO) [23]. We used this Excel workbook to calculate
LE at birth for each census tract along with the standard
error (SE) of LE in years. The calculator used the methods
described by Chiang [24, 25]. The Chiang method is
adjusted to include the variance term for the final age
interval using the method described by Silcocks [26].
In calculating LE for small areas, investigators [27, 28]

recommend aggregating data so the SE of the LE
estimates are less than 2 years or a margin of error of ±4
at the 95% confidence level. An SE greater than two
would lead to LE estimates that may no longer be
meaningful due to random fluctuations in the estimates.
As the SE increase it becomes more difficult to determine
true differences in LE between areas. In addition, in areas
where there are small populations and few numbers of
deaths the LE calculator underestimates the SE [27, 28].
This can occur when there are number of zero deaths in
the different age categories in a census tract. To provide
less biased estimates of the LE SE and more stable
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estimates of LE, we used the Geographic Aggregation
Tool [29] in an iterative process to merge areas which had
less than 60 deaths. We set the GAT to keep the merged
areas from crossing county and larger city and/or town
boundaries (population ≥ 25,000) so the areas could be
more easily identified by the public and be useful to local
officials who might implement programs to improve the
well-being of their residents in local neighborhoods. A city
or town of 25,000 population typically has at least six
census tracts.
The Geographic Aggregation Tool has several options

for deciding how tracts are merged. We selected the
option to merge the nearest tracts, rather than the tracts
with fewest population or similar demographics. This
option creates the most compact areas. Census tracts
were first merged with neighboring tracts until at least
60 deaths were in each area. For our study population,
60 deaths occur on average in a population of 1440 over
the five-year study period, i.e., 7200 person-years. After
the first round of aggregation, we then calculated LE
and SE for each of the areas. Areas that still had a stand-
ard error of 2 years or greater, were assigned a value of
“1” to a new variable and areas that had an SE of less
than 2 years were assigned a value of “2” to this new
variable. We then ran areas based on this variable
through the GAT again until a value greater than or
equal to “2” was reached, after which we calculated life
expectancy. We repeated this process until all areas had
a SE of less than 2. We needed to run two iterations of
these steps to ensure all areas had an SE of less than 2
years. Figure 1 shows an example of which tracts were
merged in a medium size city with a population of
62,235 in upstate NY.

After aggregating census tract using the GAT we
thematically mapped the LE results. We noticed very
high life expectancies along our study area borders with
the neighboring states and NYC. We inferred that this
might be caused by deaths which occurred in health care
facilities outside the study area to residents of the study
area. We obtained additional death certificate reports
from other states and NYC for study area residents.
After adding these deaths to the sub-county areas, we
compared the results of our original life expectancy esti-
mates with the LE estimates after adding these deaths.
Next, we thematically mapped the areas by LE along

with sociodemographic variables such as race and poverty.
The flow diagram shown in Fig. 2 represents the steps we
took to calculate LE. We also aggregated tracts based on
sociodemographic characteristics of the tract rather than
geographic proximity, in order to describe the relationship
between LE and the sociodemographic characteristics of
the study population. The Spearman’s rank correlation
coefficients between LE and poverty, between LE and
income, and between LE and percent of African-American
population were calculated using SAS 9.4.

Results
Our study area included all of NYS except NYC. These 57
counties included, after aggregation, 2415 sub-county
areas. At the county level the percent of African-American
population ranged from 0.6% to 15.1% the percent of the
people living under the poverty level ranged from 5.8% to
20.0%, and the median household income ranged from
$42,975 to $97,049. At the sub-county level, the percent of
African-American population ranged from 0.0% to 96.1%,

Fig. 1 Example showing how census tracts were merged in the City of Utica, NY
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the percent of the people living under the poverty level
ranged from 0.0% to 68.0%, and the median household
income ranged from under $11,298 to over $250,000 [22].
Before creating aggregated census tract areas, 6.6% of

the census tracts had a SE of ≥2 years, 4.8% of the
census tracts had less than 60 deaths and 8.2% of the
tracts had either a SE of ≥2 years or fewer than 60 deaths.
As expected, as the number of deaths and population
increases in tracts, the likelihood of the tract having a SE ≥
2 diminishes. These results are presented in Table 1 and
in Fig. 3. As the number of deaths become very small, the
SE estimates become unreliable. For example, SEPHO tool
calculated nine of the 12 tracts which had fewer than 10
deaths with standard errors of 0.
Of the NYS Department of Health death certificates,

of residents in the study area who also died in the study
area, we assigned 99.97% of the death records to the
2010 census tract. We observed that in areas where most
of the population lived in group quarters, there were
many fewer deaths than expected. In some tracts, there

were populations of several thousand persons with no
deaths reported over the five-year study period. This oc-
curred in tracts with correctional and higher education
facilities. We also observed this effect on a large military
base in upstate NY which was comprised of two tracts.
We excluded these 54 tracts from further analyses, as
shown in Table 2. These tracts included only 1.5% of the
population and 0.47% of the deaths in our original study
area. Excluding these areas increased the LE expectancy
by only 9 days in the overall study area.
After exclusions, the number of deaths was 471,176

and the population was 11,035,707 in our study area.
The population of the tracts ranged from zero to 10,803.
The mean population per tract was 4119. There were
four tracts with no population that were included in our
final study area. These were aggregated to neighboring
tracts. Two of these tracts were on native American
Reservations, and one was a correctional facility which
bordered on another tract containing a correctional
facility. The fourth tract with no population had two

Fig. 2 Flowchart showing the steps used in calculating sub-county life expectancy using census tracts
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deaths. We verified this tract had occupied residences in
the tract. We believe the US Census incorrectly failed to
assign a population to this tract. Independent sources
showed occupied apartment complexes in this tract.
Running the 2679 tracts through the Geographic Aggrega-
tion Tool created 2415 areas. This resulted in a decline of
9.9% in the number of geographic areas. After geographic
aggregation, the minimum population size increased to
1044, maximum population size increased to 25,754, and
average population size increased to 4570.
We also compared LE estimates based only on deaths

in our study population which occurred in our study
area, with LE estimates we calculated after adding in
death records of our study population which occurred in
NYC and other states. Prior to adding the NYC and out-
of-state deaths, we noticed several of areas along the
borders of neighboring states and NYC with very long
life expectancies. We recalculated the LE in the 2415
areas after adding in 11,007 additional death records
from other states and 11,371 records from NYC. After
adding in these deaths, the number of deaths in our sub-
county areas ranged from 62 to 1011 and the average

number of deaths was 195. As shown in Fig. 4a up to
51% of the deaths in residents of border areas occurred
outside the study area. Once we added the NYC and
out-of-state deaths back in, we saw a decline in LE up to
10.4 years as seen in Fig. 4b.
The LE of the study area after the area exclusions and

adding out-of-state deaths and NYC deaths which oc-
curred to residents of the study area was 80.2 years. This
compares with the US life expectancy which ranged
from 78.1 in 2008 to 78.8 in 2012 [30, 31]. Figure 5
shows a normal distribution of the population by LE. In
the 2415 areas, the maximum LE was 92.0 years, the
minimum LE was 64.7 years, and the standard deviation
was 3.33 years.
We created choropleth maps of LE in conjunction with

the percent poverty, household income, and percent
African-American population. Figure 6 provides an
example showing the association between poverty and LE.
Choropleth maps sometimes can mask the geographic
relationships due to the varying sizes of the aerial units
and the how the class breaks on the map are selected [32].
To view these relationships, we aggregated the census

Table 1 Number of tracts, number of tracts with SE ≥ 2, and percentage of tracts with SE ≥ 2 by number deaths and population

Number of deaths in tract Number of tracts Number of tracts with SE≥ 2 Percent of tracts with SE≥ 2

0–9 12 12* 100.0

10–19 4 3 75.0

20–29 10 8 80.0

30–39 17 14 82.4

40–49 27 17 63.0

50–59 58 33 56.9

60–69 73 19 26.0

70–79 79 23 29.1

80–89 114 18 15.8

90–99 116 10 8.6

100+ 2169 21 1.2

Population of tract

< 1000 17 17* 100.0

1000–1499 51 30 58.8

1500–1999 133 57 42.9

2000–2499 233 26 11.2

2500–2999 287 14 4.9

3000–3499 279 8 2.9

3500–3999 345 10 2.9

4000–4499 325 5 1.5

4500–4999 261 4 1.5

> =5000 748 7 0.9

Total

Study area 2679 178 6.6

* Tracts with less than 10 deaths were included in this category since the SE could not be reliably calculated
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tracts based on sociodemographic variables and graphed
the results. For example, Fig. 7 clearly shows the positive
association between LE and household income in males
and females. Use of tables also provided another option in
displaying sociodemographic data in conjunction with LE
estimates. Table 3 provides LE estimates after aggregating
tracts based on race and poverty. From this table, we saw
little difference in LE in African-American communities
compared to non-African-American communities in areas
with percent of population living in poverty is below 10%.
However, this was not the case in the areas with the higher

poverty levels (≥25%) where communities in which the
majority of the population are African-American have a
4.4 year shorter LE compared to communities which
contain less than 2% African-Americans.
We compared the ranges and standard deviations (SD)

of our LE expectancy estimates, for the 57 counties and
the 2415 sub-county areas in our study area. As ex-
pected both the LE range and LE SD at the county level
(77.5–82.8, SD = 1.2 years) were much smaller than our
sub-county areas (64.7–92.0, SD = 3.3 years). We also
compared the correlations between the LE and

Fig. 3 Percent of tracts with standard errors greater than or equal to 2 years by number of deaths in each tract and population in each tract

Table 2 Number of tracts, population, percent of population, number of deaths and percent of deaths excluded from study area

# of tracts Population (% of population) # of Deaths (% of deaths)

Original study area 2751 11,202,969 (100.00) 473,356 (100.00)

Excluded tracts with only water area 15 0 (0.00) 0 (0.00)

Excluded with ≥50% pop. in group quarters 52 153,532 (1.37) 2121 (0.45)

Excluded military base 2 13,726 (0.12) 59 (0.01)

Excluded airports 2 4 (0.00) 0 (0.00)

Excluded unpopulated island 1 0 (0.00) 0 (0.00)

Final study area after exclusions 2679 11,035,707 (98.51) 471,176 (99.54)
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socioeconomic variables at the county level and sub-
county level. The Spearman’s Rank-order correlation
between LE and poverty were found to be similar and
statistically significant (p < 0.0001) at both county level
(r = − 0.58,) and at the sub-county level (r = − 0.58). We
obtained similar results for LE and income (r = 0.64 at
the county level, R = 0.64 at the sub-county level).
However, we saw different correlations between LE
and percent African-American at the county level (r = 0.11,
p = 0.43) than at the sub-county level (r = − 0.25, p <
0.0001).

Discussion
We demonstrated it is feasible to geocode deaths to census
tract with minimal loss of subjects. Census tracts were
found to be useful building blocks for creating the areas
used to produce choropleth maps of LE. We present a
framework that state and local health departments can use
to overcome many of the challenges in calculating LE for
census tracts. Problems with unstable estimates due to
small numbers can be overcome by temporally aggregating
deaths over a five-year period. Geographic aggregation is
used to ensure adequate numbers of deaths in sparsely

Fig. 4 Impact of adding out-of-state and NYC deaths to local estimates of life expectancy in aggregated areas. a Percentage of study area resi-
dents that died in NYC or out-of-state. b Change in life expectancy estimates after adding NYC and out-of-state deaths
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Fig. 5 Population by life expectancy. Aggregated areas were merged based on LE, and the number of people was calculated

Fig. 6 Thematic Maps of the New York State Capital District after aggregation. a by life expectancy. b by % poverty
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populated census tracts. Geographic aggregation did not
significantly degrade the geographic scale from the original
census tract level. We confirmed the need to acquire death
certificate data from neighboring jurisdictions to avoid
biased LE estimates in border areas.
The approach we used to calculate LE using census

tracts can be applied in other states since the tract popula-
tion sizes in our study area are comparable to other areas
of the country. The median population size of census
tracts in NYS excluding NYC is 3952 which compares to
3426 in NYC. Across all US states the median population
size of census tracts ranges from a minimum of 2785 in
North Dakota to a maximum of 4714 in Idaho [21].
Although deaths which occur while living at colleges,

military bases, or prisons are supposed to be coded to
these locations [33], we observed this was not the case.
We excluded these areas since the number of deaths in
these areas are unknown. These tracts however only rep-
resented a small portion of our study population and we
observed that excluding these tracts had little impact in
the LE estimate of the overall study area. However, there
may be a much larger upward bias in LE estimates in

some tracts if deaths which occur among residents of
these institutions are more likely to be miscoded to
specific tracts. Unfortunately, we did not have the data
to re-assign these deaths to the place of residence as
defined by the census or assign populations to where
these deaths were assigned after geocoding death records.
The data showed the range and variation of LE

estimates and sociodemographic indicators was much
larger at the sub-county level compared to the county
level. Therefore, looking at the data at the sub-county
level reveals the large disparities in socioeconomic status
and life expectancy between communities within a
county. For example, Nassau County, NY (population =
1,339,532) has lowest percentage of people living under
the poverty level (5.8%) of any of the 57 counties in our
study. Its population is 11.4% African-American, and it
has a high life expectancy of 82.2 years. However, a census
tract in the center of the county has a life expectancy of
only 70.7 years, one of the lowest of any our sub-county
areas (1st percentile). It has 15% of the population living
under the poverty level, and 48% are African-American.
The authors of SEPHO Technical [27] report recom-

mended that 5 years of mortality data be used to estimate
LE at census ward in the United Kingdom. Populations of
wards are comparable to US census tracts, with 99% of the
tracts and wards having populations of at least 1000. They
recommended at least 5000 person-years is needed to pro-
duce standard error estimates of 2 years, based on the
population age structure and mortality rates in England.
However, if a SE of 2 years is the average, then a large por-
tion of the areas of this population size would have a SE
above two. For tracts with populations between 1000 and
1499, we show 59% have standard errors ≥2 years (Table 1).
For a population size of 1440 (7200 person-years), we ex-
pect 60 deaths on average. When we aggregated tracts to
have a least 60 deaths, and then aggregated areas with a SE
error of greater than or equal to 2 years, we obtained sub--
county areas close to the original census tract level.
We would need to increase the spatial or temporal

aggregation to provide reliable LE estimates for males
and females separately. Expanding the study population

Fig. 7 Life expectancy by median household income for males and
females. Tracts were merged based on income level, and LE was
calculated for merged areas

Table 3 Life expectancy at birth and 95% confidence intervals (CI) by percent African-American and percent poverty in aggregated
census regions

Percent poverty

Percent African- American 0 - < 2% 2 - < 10% 10 - < 25% ≥ 25% Total

0 - < 2% 82.6 (±0.17) 81.4 (±0.08) 79.2 (±0.12) 78.5 (±0.42) 80.9 (±0.06)

2 - < 10% 83.4 (±0.27) 81.4 (±0.09) 79.0 (±0.13) 77.5 (±0.30) 80.7 (±0.07)

10 - < 25% 82.2 (±0.74) 80.5 (±0.22) 79.2 (±0.18) 74.7 (±0.26) 78.7 (±0.12)

25 - < 50% * 81.4 (±0.37) 77.8 (±0.29) 75.1 (±0.28) 77.7 (±0.18)

≥ 50% * 80.5 (±0.56) 77.5 (±0.40) 74.1 (±0.35) 76.4 (±0.24)

Total 82.8 (±0.14) 81.3 (±0.06) 79.0 (±0.07) 75.5 (±0.14) 80.2 (±0.04)

*Less than 90 deaths
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through aggregation would further reduce the spatial
resolution of the sub-county estimates. Expanding the
study period would be difficult due changes in the age
distribution of the population over time. Therefore, we
chose not to calculate LE by gender for the sub--
county areas.
There are several limitations in our methods. The LE

estimate is only a snapshot of the population currently liv-
ing in the tract, and not the measure of the environment
that the local population was exposed to over a lifetime.
We do not know how long people who die in a census
tract lived in the tract. People in poor health may move to
be closer to health care facilities, but people in good health
may move to areas where they can find employment
(healthy worker effect). LE estimates cannot differentiate
between “healthy places” and places where healthy people
migrate to (or the converse). Another limitation of the life
expectancy indicator is that it is not predictive for individ-
uals, but instead represents an aggregate health metric.
The predictive ability of life expectancy is limited due to
the shifting of health burdens over time in the population
due to medical advances, changes in behavior and other
risk factors. For example, all-cause and cardiovascular-
specific mortality rates have been historically declining
over the past 50 years, even as obesity- and diabetes-re-
lated complications are on the rise [34].
A third limitation is that estimating population by age

group over time can be problematic. We use a point
estimate of population from the 2010 to estimate the
population for our entire five-year study period, so if
there were large changes in the population age profile in
an area over this period it may also bias the result. We
preferred using the US Census estimates which is based
on a 100% count of the population as opposed to using
the American Community Survey (ACS) which only sam-
pled one in 12 occupied housing units in NYS during our
study period. The margin of error of ACS estimates by age
group are often large for census tracts in this survey. The
ACS also does not provide the population of children
under 1 year of age separately from the 1–4 year age
group. The SEPHO Calculator requires an estimate of the
< 1 age group to account for the effects of infant mortality
when constructing an abridged life table. However, it
would be feasible to use birth records to estimate the
population of infants in a census tract. Linear
interpolation can also be used to estimate populations in
the intercensal years, but we would need to wait for the
next release of the 2020 decennial census to use this
approach.
Lastly, estimating the true uncertainty of the LE estimates

is difficult. In addition to the stochastic error related to
small numbers, error is introduced when death certificates
are recorded, populations are enumerated, and deaths are
geocoded. The SEPHO LE calculator estimates the standard

error based solely on the population and number of deaths
placed into each age category. The calculator does not con-
sider the propagation of errors from our input files and
geocoding processes. As we improve the methods and
quality of the input data, errors are reduced. For example,
over the years, we have seen a reduction in the positional
error in geocoding as we moved from methods which esti-
mate the location of an address through the interpolation
of a street number along a street, to placement of the house
at the centroid of a property [35], to the assignment of the
address based on the rooftop of the house [19]. We are also
seeing improved sharing of death certificate data from
neighboring jurisdictions. Therefore, future LE estimates
may be more accurate than current ones.

Conclusion
Over the past several years there have been advances in
reference files used for geocoding, the development of
easy to use tools for calculating LE [23] and for aggre-
gating areas with small numbers [29] which now make it
feasible to create estimates of LE for sub-county areas
across the country.
The study area included over 2600 census tracts.

States and other large jurisdictions can easily aggregate
areas to create stable LE estimates using the Geographic
Aggregation Tool. However, smaller jurisdictions such as
cities should consider using local knowledge of their
neighborhoods to create areas for reporting health indica-
tors. An example of local health reporting districts can be
found on the NYC Department of Health and Mental
Hygiene web page [3] in which the city health department
created health profiles for 59 community districts which
include a variety of health indicators including the leading
causes of death and LE. Each district is made from an
aggregation of census tracts. The populations of these
districts ranged from 52,607 to 255,707, which is much
larger than our sub-county areas.
Although both the EPHT and SCALE LE teams were

formed to investigate creating sub-county estimates of
LE across the US, this might not be feasible in all areas.
According to the 2010 Census there were 163 counties
located across 24 states which have populations of less
than 3000 people. In these areas, producing empirically
derived stable sub-county estimates is not practical. For
example, if we were to break a county of 3000 people
into two areas with 1500 people in each area, we see
from Table 1 that there is about a 50% likelihood that
each of these areas would have an SE ≥2 years after
aggregating the deaths over 5 years. In addition, a
number of counties with small populations may only be
composed of one census tract since the average size of a
census tract is around 4000 people.
The framework for calculating LE using census tract

data is unique from previous approaches for calculating
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LE for small areas in that we: 1) coded all our deaths to
the census tract, 2) identified areas where LE may not be
reliable due to border effects or population living in
group quarters, and 3) ensured all small-area LE
estimates had a SE of less than 2 years.
Maps of LE can be used to identify areas with short life

expectancies so that public health actions can be taken.
They can be used to catch the attention of the public and
news media, which can provide an opportunity to deliver
public health messages.

Abbreviations
EPHT: Environmental Public Health Tracking; LE: Life expectancy; NY: New
York; NYC: New York City; NYS: New York state; SCALE: Sub-county
Assessment of Life Expectancy; SD: Standard deviation; SE: Standard error;
SEPHO: South East Public Health Public Observatory; US: United States

Acknowledgements
We thank Larry Schoen of the New York State Department of Health, Bureau
of Health Informatics, for providing the mortality data used in this project.

Funding
This work was funded in part by CDC’s National Environmental Public Health
Tracking Program, Federal Award ID Number U38EH000942, and the New
York State Health Department.

Availability of data and materials
The Geographic Aggregation Tool used in this project is available on-line
along with sample data for exploring the aggregation methods used in this
paper. The SEPHO Life Expectancy Calculator is also available on-line. The
internet link to both these tools can be found in the references.

Authors’ contributions
TOT designed the study and was the principal author of the manuscript. TOT
conducted the analyses including the LE calculations, spatial aggregation
steps, and produced all the figures and tables. DHD worked with GDB to
group mortality data by age group and census tract, and calculate
geocoding match rate statistics. DHD developed the methods to correct and
geocode addresses which could not be geocoded through batch processes.
GDB performed the automated geocoding and developed all the programs
both in MapInfo and SAS used to assign deaths to census tracts. Under the
direction of TOT, GDB developed the code for the Geographic Aggregation
Tool. All authors have reviewed and approved the final manuscript for
publication.

Ethics approval and consent to participate
This study linked death certificate data to census tracts based on address.
Cause of death and individual names were not used in this study. The study
received an expedited approval through the New York State Department
Institutional Review Board. No human subjects were contacted in this study.

Consent for publication
Not applicable

Competing interests
The authors declare that they have no competing interests.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Author details
1Department of Epidemiology and Biostatistics, University of Albany School
of Public Health, Rensselaer, NY, USA. 2Bureau of Environmental and
Occupational Epidemiology, New York State Department of Health, Albany,
NY, USA.

Received: 19 March 2017 Accepted: 16 January 2018

References
1. Kulkarni SC, Levin-Rector A, Ezzati M, CJL M. Falling behind: life expectancy

in US counties from 2000 to 2007 in an international context. Popul Health
Metrics. 2011;9:16.

2. Baltimore City Health Department. Baltimore City’s Health Begins Where We
Live, Learn, Work, and Play: 2013 Life Expectancy. http://baltimore.maps.
arcgis.com/apps/MapSeries/index.html?appid=
7c85a6d5b958496d863e738234373934. Accessed 8 Feb 2017.

3. New York City Department of Health and Mental Hygiene. New York City
Health Profiles https://www1.nyc.gov/site/doh/data/data-publications/
profiles.page. Accessed 7 Feb 2017.

4. Beyers M, Brown J, Cho S, Desautels A, Gaska K, Horsley K, Iton T, Lee T,
Maker L, Martin J, Murgai N, Schaff K, Witt S, Martin Anderson S. Life and
death from unnatural causes: health and social inequity in Alameda County.
Alameda County Public Health Department. 2008. http://www.acphd.org/
media/53628/unnatcs2008.pdf. Accessed 8 Feb 2017.

5. Los Angeles County Department of Public Health, Office of Health. Life
expectancy in Los Angeles County: How long do we live and why? A Cities
and Communities Report. Assessment and Epidemiology. 2010. http://www.
publichealth.lacounty.gov/epi/docs/Life%20Expectancy%20Final_web.pdf.
Accessed 8 Feb 2017.

6. Public Health Seattle and King County. Community health indicators a set
of indicators measuring the health of King County residents. http://www.
kingcounty.gov/depts/health/data/community-health-indicators.aspx. (2016).
Accessed 8 Feb 2017.

7. Joint Center for Political and Economic Studies. Place matters for health in
Orleans Parish: ensuring opportunities for good health for all. 2012. http://
jointcenter.org/research/place-matters-health-orleans-parish-ensuring-
opportunities-good-health-all. Accessed 8 Feb 2017.

8. Zimmerman E, Haley A, Walker A, Woolf S, Nguyen K, Shue W, Kelley L,
Hellman J, Chapman D. Health equity in Richmond, Virginia. Virginia
Commonwealth University Richmond, VA. 2016. http://societyhealth.vcu.edu/
media/society-health/pdf/RVAHealthEquityFINAL.pdf. Accessed 8 Feb 2017.

9. Hunt BR, Tan G, Whitman S. Life expectancy varies in local communities in
Chicago: racial and spatial disparities and correlates. J Racial Ethn Health
Disparities. 2015;2:425–33.

10. Sub-county assessment of life expectancy (SCALE) project. Council of State
and Territorial Epidemiologists. http://www.cste.org/page/SCALE/Sub-
County-Assessment-of-Life-Expectancy-SCALE-Project.htm. Accessed 1 Feb
2017.

11. Centers for Disease Control and Prevention. National Public Health Tracking
Program https://www.cdc.gov/nceh/tracking/. Accessed 7 Feb 2017.

12. Talbot T, Kulldorff M, Forand S, Haley V. Evaluation of spatial filters to create
smoothed maps of health data. Stat Med. 2000;19:2399–408.

13. Srebotnjak T, Mokdad AH, Murray CJL. A novel framework for validating and
small area measurement strategies. Popul Health Metrics. 2010;8:26.

14. Centers for Disease Control and Prevention. 500 Cities: Local Data for
Better Health. https://www.cdc.gov/500cities/faqs/using-data.htm.
Accessed 25 Aug 2017.

15. US Bureau of the Census. Geographic areas reference manual. November
1994 US Department of Commerce. https://www2.census.gov/geo/pdfs/
reference/GARM/GARMcont.pdf. Accessed 4 September 2017.

16. Hadler JL, Lampkins R, Lemmings J, Lichtenstein M, Huang M, Engel J.
Assessment of epidemiology capacity in state health departments-United
States, 2013. MMWR. 2015;64:394–8.

17. Cullen M, Cummins C, Fuchs VR. Geographic and racial variation in
premature mortality in the US: analyzing the disparities. PLoS One. 2012;7(4):
e32930.

18. National Center for Health Statistics. Health, United States, 2016: with
Chartbook on long-term trends in health. Hyattsville: US Printing Office;
2017. https://www.cdc.gov/nchs/data/hus/hus16.pdf. Accessed 4 Sept
2017.

19. NYS GIS Program Office Geocoding Services. New York State GIS Program
Office. 2016. https://gis.ny.gov/gisdata/inventories/details.cfm?DSID=1278.
Accessed 19 Dec 2016.

20. Henry KA, Boscoe FP. Estimating the accuracy of geographical imputation.
Int J Health Geogr. 2008; https://doi.org/10.1186/1476-072X-7-3.

Talbot et al. Population Health Metrics  (2018) 16:1 Page 12 of 13

http://baltimore.maps.arcgis.com/apps/MapSeries/index.html?appid=7c85a6d5b958496d863e738234373934
http://baltimore.maps.arcgis.com/apps/MapSeries/index.html?appid=7c85a6d5b958496d863e738234373934
http://baltimore.maps.arcgis.com/apps/MapSeries/index.html?appid=7c85a6d5b958496d863e738234373934
https://www1.nyc.gov/site/doh/data/data-publications/profiles.page
https://www1.nyc.gov/site/doh/data/data-publications/profiles.page
http://www.acphd.org/media/53628/unnatcs2008.pdf
http://www.acphd.org/media/53628/unnatcs2008.pdf
http://www.publichealth.lacounty.gov/epi/docs/Life%20Expectancy%20Final_web.pdf
http://www.publichealth.lacounty.gov/epi/docs/Life%20Expectancy%20Final_web.pdf
http://www.kingcounty.gov/depts/health/data/community-health-indicators.aspx
http://www.kingcounty.gov/depts/health/data/community-health-indicators.aspx
http://jointcenter.org/research/place-matters-health-orleans-parish-ensuring-opportunities-good-health-all
http://jointcenter.org/research/place-matters-health-orleans-parish-ensuring-opportunities-good-health-all
http://jointcenter.org/research/place-matters-health-orleans-parish-ensuring-opportunities-good-health-all
http://societyhealth.vcu.edu/media/society-health/pdf/RVAHealthEquityFINAL.pdf
http://societyhealth.vcu.edu/media/society-health/pdf/RVAHealthEquityFINAL.pdf
http://www.cste.org/page/SCALE/Sub-County-Assessment-of-Life-Expectancy-SCALE-Project.htm
http://www.cste.org/page/SCALE/Sub-County-Assessment-of-Life-Expectancy-SCALE-Project.htm
https://www.cdc.gov/nceh/tracking/
https://www.cdc.gov/500cities/faqs/using-data.htm%20
https://www2.census.gov/geo/pdfs/reference/GARM/GARMcont.pdf
https://www2.census.gov/geo/pdfs/reference/GARM/GARMcont.pdf
https://www.cdc.gov/nchs/data/hus/hus16.pdf
https://gis.ny.gov/gisdata/inventories/details.cfm?DSID=1278
http://dx.doi.org/10.1186/1476-072X-7-3


21. U.S. Census Bureau. 2010 Census Summary File 1: 2010 Census of
Population and Housing: Technical Documentation. 2012. http://www.
census.gov/prod/cen2010/doc/sf1.pdf. Accessed 8 Feb 2017.

22. US Census Bureau. 2008–2012 ACS 5-year Summary File Documentation. 2016.
http://www.census.gov/programs-surveys/acs/technical-documentation/
summary-file-documentation.2012.html. Accessed 8 Feb 2017.

23. Eayres D. Life expectancy calculator: LA and ward level. South East Public
Health Observatory. 2004. http://webarchive.nationalarchives.gov.uk/
20160701175349/http://www.sepho.org.uk/viewResource.aspx?id=8943.
Accessed 16 Dec 2017.

24. Chiang CL. The life table and its construction. Introduction to stochastic
processes in biostatistics. New York: Wiley; 1968. p. 189–214.

25. Newell C. Methods and models in demography. Chichester: Wiley; 1994. p.
63–81.

26. Silcocks PBS, Jenner DA, Reza R. Life expectancy as a summary of mortality
in a population: statistical considerations and suitability for use by health
authorities. J Epidemiol Community Health. 2001;55:38–43.

27. Williams T, Dinsdale H, Eayres D, Tahzib F. Technical report calculating life
expectancy in small areas. South East England Public Health Observatory.
2005. http://webarchive.nationalarchives.gov.uk/20160701122411/http://
sepho.org.uk/Download/Public/9847/1/Life%20Expectancy%20Nov%2005.
pdf. Accessed 9 Feb 2017.

28. Eayres D, Williams ES. Evaluation of methodologies for small area life
expectancy estimation. J Epidemiol Community Health. 2004;58:243–9.

29. Talbot T, LaSelva D. Geographic Aggregation Tool, R Version 1.33. New York
State Health Department. 2015. http://www.albany.edu/faculty/ttalbot/GAT/.
Accessed 9 Feb 2017.

30. Arias E. United States life tables, 2008, National vital statistics reports; vol 61
no 3. Hyattsville: National Center for Health Statistics; 2012.

31. Arias E, Heron M, Xu JQ. United States life tables, 2012, National vital
statistics reports; vol 65 no 8. Hyattsville: National Center for Health
Statistics; 2016.

32. Monmonier M. How to lie with maps. 2nd ed. Chicago: University of
Chicago Press; 1996.

33. National Center for Health Statistics. Medical examiners’ and coroners’
handbook on death registration and fetal death reporting:2003 revision,
Department of Health and Human Services Publication No. (PHS)2003–1110.
Hyattsville: Department of Health and Human Services; 2003. https://www.
cdc.gov/nchs/data/misc/hb_me.pdf. Accessed 4 Sept 2017.

34. Walls HL, Backholer K, Proietto J, McNeil JJ. Obesity and trends in life
expectancy. J Obes. 2012;2012:107989. https://doi.org/10.1155/2012/107989.

35. Cayo M, Talbot T. Positional error in automated Geocoding of residential
addresses. Int J Health Geogr. 2003; https://doi.org/10.1186/1476-072X-2-10.

•  We accept pre-submission inquiries 

•  Our selector tool helps you to find the most relevant journal

•  We provide round the clock customer support 

•  Convenient online submission

•  Thorough peer review

•  Inclusion in PubMed and all major indexing services 

•  Maximum visibility for your research

Submit your manuscript at
www.biomedcentral.com/submit

Submit your next manuscript to BioMed Central 
and we will help you at every step:

Talbot et al. Population Health Metrics  (2018) 16:1 Page 13 of 13

http://www.census.gov/prod/cen2010/doc/sf1.pdf%20
http://www.census.gov/prod/cen2010/doc/sf1.pdf%20
http://www.census.gov/programs-surveys/acs/technical-documentation/summary-file-documentation.2012.html
http://www.census.gov/programs-surveys/acs/technical-documentation/summary-file-documentation.2012.html
http://webarchive.nationalarchives.gov.uk/20160701175349/http://www.sepho.org.uk/viewResource.aspx?id=8943
http://webarchive.nationalarchives.gov.uk/20160701175349/http://www.sepho.org.uk/viewResource.aspx?id=8943
http://webarchive.nationalarchives.gov.uk/20160701122411/http://sepho.org.uk/Download/Public/9847/1/Life%20Expectancy%20Nov%2005.pdf
http://webarchive.nationalarchives.gov.uk/20160701122411/http://sepho.org.uk/Download/Public/9847/1/Life%20Expectancy%20Nov%2005.pdf
http://webarchive.nationalarchives.gov.uk/20160701122411/http://sepho.org.uk/Download/Public/9847/1/Life%20Expectancy%20Nov%2005.pdf
http://www.albany.edu/faculty/ttalbot/GAT/
https://www.cdc.gov/nchs/data/misc/hb_me.pdf
https://www.cdc.gov/nchs/data/misc/hb_me.pdf
http://dx.doi.org/10.1155/2012/107989
http://dx.doi.org/10.1186/1476-072X-2-10

	Abstract
	Background
	Methods
	Results
	Conclusion

	Background
	Methods
	Results
	Discussion
	Conclusion
	Abbreviations
	Funding
	Availability of data and materials
	Authors’ contributions
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Publisher’s Note
	Author details
	References

