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Abstract: Determining an accurate depiction of population distribution for urban areas in
order to develop an improved “denominator” is important for the calculation of higher-precision
rates in GIS analyses, particularly when exploring the spatial dynamics of disease. Rather than
using data aggregated by arbitrary administrative boundaries such as census tracts, we developed
the Cadastral-Based Expert Dasymetric System (CEDS), an interpolation method using ancillary
information to delineate areas of homogeneous values. This method uses cadastral data, land-use
filters, modeling by expert system routines, and validation against various census enumeration
units and other data. The CEDS method is presented through a case study of asthma hospitaliza-
tions in the borough of the Bronx in New York City, in relation to proximity buffers constructed
around major sources of air pollution. The analysis using CEDS shows that asthma hospitaliza-
tion risk due to proximity to pollution sources is greater than previously calculated using tradi-
tional disaggregation methods. [Key words: Dasymetric, asthma, population distribution,
pollution exposure, cadastral.]

THE GEOGRAPHY OF ASTHMA AND AIR POLLUTION IN THE BRONX

The objective of this research note is to demonstrate the utility of developing a more
accurate way to map and estimate population distribution using a high-resolution geo-
graphic unit of analysis and an expert system, in order to understand the spatial dynamics
of disease. A case study of asthma and air pollution in the borough of the Bronx in New
York, illustrates this new method, the Cadastral-Based Expert Dasymetric System
(CEDS).
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The past two decades have seen a significant increase in the prevalence of asthma, and
research has demonstrated that parts of New York City have among the highest rates in
the United States. According to the Asthma Facts Report, asthma hospitalization in the
Bronx for children is 70% higher than in New York City as a whole, and 700% higher
than New York State, excluding the city of New York (New York City Department of
Health [NYC DOH], 1999). “Overall, in recent years, the Bronx is the New York City
borough with the highest rates of both asthma hospitalizations and deaths” (New York
City Department of Health [NYC DOH], 2003, p. 2). Poor air quality may be one of the
major factors contributing to these elevated rates. Recent studies have shown the associ-
ation between asthma events and certain criteria and volatile air pollutants (e.g., ozone,
particulate matter; Brunekreef and Holgate, 2002; Hoek et al., 2002; Mortimer et al.,
2002; Delfino et al., 2003; Chaix et al., 2006). Additionally, researchers have reported a
spatial correspondence between asthma-related illnesses and major sources of air pollu-
tion (Brauer et al., 2002; Gauderman et al., 2005, 2007; Molitor et al., 2006).

Proximity to stationary air pollution point sources, such as Toxic Release Inventory
(TRI) facilities, as well as mobile sources, such as highways, has been linked to increased
respiratory ailments (Peters et al., 1999; Jerrett and Finkelstein, 2005).

This relationship is especially important in the Bronx, because this borough contains
multiple major sources of air pollution located within or near densely populated areas
(Maantay, 2001). Understanding the magnitude and spatial distribution of this pollution
and the exposure impact on susceptible populations has been problematic, because
neither the pollution nor the population is distributed evenly, particularly in a hyper-
heterogeneous urban environment such as the Bronx.

Previous research (Maantay, 2005/2007) examined the spatial association between
major sources of air pollution and residences of individuals hospitalized for asthma dur-
ing 1995–1999 in the Bronx. Four major categories of air pollution sources were included
in that study: TRI facilities, other major stationary point sources (SPS) from the National
Emissions Inventory, limited access highways (LAH), and major truck routes (MTR).
Standard distances (i.e., proximity buffers) from each pollutant source were developed as
a proxy for exposure impact (Fig. 1).

The buffers constructed for that study were based on distances established as standards
by environmental agencies or used most often by other researchers as the zones of great-
est potential impact from sources. One-half mile (approximately 800 m) radius buffers
were constructed around TRI facilities (Chakraborty and Armstrong, 1997; Neumann et
al., 1998); one quarter mile (approximately 400 m) radius buffers were established
around other major stationary point sources of U.S. EPA-defined criteria pollutants
that cause smog, acid rain, and other health hazards, including sulfur oxides (SOx),
nitrogen oxides (NOx), and particulate matter (PM; New York City Mayor’s Office of
Environmental Coordination, 2001); and a 150 m buffer from roadway centerlines around
both limited access highways and major truck routes (Hitchins et al., 2000; Zhu et al.,
2002). “The distance within which concentrations of primary vehicle traffic pollutants are
raised above ambient background levels” (Venn et al., 2001, p. 2177) is 150 m from a
main road. The majority of similar studies found significant associations between traffic-
related emissions and respiratory symptoms within the 100–200 m range (Nitta et al.,
1993; Edwards et al., 1994; Livingstone et al., 1996; Wilkinson et al., 1999).
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Because record-level asthma hospitalization data were used in this and the previous
phases of our study (as opposed to data aggregated by census tract, zip code, or some
other geographic unit), we were able to geocode actual patient street addresses, and
thereby calculate more precisely how many cases were located within the pollution
impact buffer zones, versus how many occurred outside them. The limitations of the
asthma hospitalization data include the fact that these data consist only of hospital admis-
sions, not emergency room or physician visits; nor should they be confused with asthma
prevalence or incidence. Currently, hospitalization data are the only data consistently and
reliably available at the patient-record level. Furthermore, there are general issues with
geocoding accuracy and inclusiveness of the data that are discussed extensively in an
earlier study by the senior author Maantay (2005/2007). These inaccuracies are mainly
artifacts of the geocoding routines in the software plus ambiguities inherent in the spatial
data to which the geocoded points are matched. Incomplete or incorrect addresses in the
table to be geocoded also lead to suboptimal results. Some of the nearly 50,000 asthma
hospitalization patient records for the five-year period had missing or incomplete
addresses and thus could not be reliably geocoded, but approximately 85% of the street
addresses were successfully geocoded, which is considered to be a very acceptable match
rate.

Two common problems in spatial analysis using aggregated data are the Modifiable
Area Unit Problem (MAUP) and ecological fallacy. MAUP occurs when changing the
boundaries of the spatial units results in different findings (Openshaw, 1984). Depending
upon where the boundaries are drawn when aggregating data, the geographic pattern

Fig. 1. Pollution proximity buffers used in the asthma hospitalization analyses. SPS = stationary point
sources; TRI = Toxic Release Inventory facilities; MTR = major truck routes; LAH = limited-access highways;
COMB = combined buffers; ME = multiple-exposure buffers. Sources: SPS: National Emission Inventory
(EPA, 2006); MTR: New York City Department of Transportation (2002); U.S. Bureau of the Census TIGER
files (2001b); LAH: U.S. Bureau of the Census TIGER files (2001b); TRI: U.S. EPA, Toxic Release Inventory
(2002). 
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displayed (by the distribution of health events, noxious facilities, populations, etc.) can
change substantially. It is generally believed that using the smallest feasible spatial unit
possible will minimize the MAUP effect (Kreiger et al., 2002). Ecological fallacy is a
related concept, which entails assigning characteristics of the group or area to the individ-
ual (King, 1997). This is unwarranted, because it assumes homogeneity, either spatially
or by aspatial variables (e.g., income, race). This typically happens when aggregated data
are misused to impute attributes of the individual. The method we outline below is
designed to minimize the problems of ecological fallacy and MAUP by not having to
assume uniform distribution of the population within these areas, and using the smallest
feasible spatial unit with which to aggregate data.

PROXIMITY ANALYSIS AND AREAL INTERPOLATION

Rates of asthma hospitalization inside and outside the buffers were generated using
census population data as the denominator. Because buffer boundaries are not typically
coincident with census unit boundaries, we used an interpolation method (areal weight-
ing) to estimate total population within partial census units. Based on these areally
weighted population numbers, we were then able to calculate rates of asthma hospitaliza-
tion within the buffers versus those outside the buffers.

Areal interpolation is a common method for calculating disaggregated population val-
ues. It is defined as “the transfer of data from one set (source units) to a second set (target
units) of overlapping, nonhierarchical, areal units” (Langford et al., 1991, p. 56). A
simple type of areal interpolation is to weight the variable’s values by a ratio derived from
the relative areal measurements of the two types of zones (source and target; Goodchild
and Lam, 1980). Areal weighting is based on the assumption that population (or another
variable) is distributed homogeneously throughout the “source” zone (the original unit of
data aggregation). The quantity of population estimated to be in the intersecting zone (or
“target” zone) is assumed to be proportional to the quantity of area in the source zone
versus the target zone. The ratio of area of source zone to target zone is then applied to
population in the source zone to yield the population total in the target zone. In our study,
for instance, if 25% of the census unit’s area was within a pollution impact buffer, then it
was assumed that 25% of that unit’s population was also within that buffer.

The main limitation of the areal weighting method is that it assumes that population
is homogeneously distributed throughout the census unit, which is rarely the case
(Goodchild et al., 1993). This assumption is especially faulty in a hyperheterogeneous
urban environment, where even within very small census units, population is not distrib-
uted uniformly, due to extremely diverse mixes of land uses. Therefore, rates developed
from these denominators may be over- or underestimated.

Applying odds ratios to the asthma hospitalization rates show that it is 30% more
likely for people living within the combined buffers to be hospitalized for asthma than
people residing outside them. Within some of the individual buffers, such as TRI and
major stationary point sources, it is 60% and 66% more likely, respectively, to be hospi-
talized for asthma than if living outside the buffers (p < .01; Maantay, 2005/2007). In
hierarchical regression analysis, even after controlling for potential confounding factors,
such as race/ethnicity and poverty status, the correlation between asthma hospitalization
and proximity to air pollution sources remains significant. For example, in examining the
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multiple exposure buffers, although race/ethnicity and poverty status account for most of
the variance in the model, proximity to multiple sources of pollution remains significant
(R2 = .429; p < .001). Proximity to any major pollution source (residence within the com-
bined buffers) yields similar results (R2 = .452; p < .05; Fletcher, 2006).

Although the analysis conducted with areal weighting found that people within the
buffers were much more likely to be hospitalized for asthma than those residing outside
the buffers, the risks vary depending on the type of buffer. Living within TRI and major
stationary point source buffers poses a higher risk than living within the limited access
highway and major truck route buffers, according to the proximity and odds ratio analy-
ses. People within the highway and truck route buffers generally do not appear to have an
increased risk of asthma hospitalization. This contradicted the findings of other studies
(Peters et al., 1999; Jerrett and Finkelstein, 2005) and did not conform to our expectation
based on long-term anecdotal evidence, so we wondered what could have caused these
counterintuitive results. We speculated that these neutral findings for the truck routes and
highways may be an artifact of how the population numbers within the buffers were cal-
culated. The areal weighting algorithm used to estimate population within the buffered
areas assumed population was spread evenly throughout the census block group. How-
ever, these highway buffer areas may, in fact, be less densely populated than the remain-
der of the block group, for various reasons including building clearances at the time the
highways were constructed. If the population next to the highways is actually smaller
than that estimated by the areal weighting script, then the denominator used to calculate
rates would be too high, making the asthma hospitalization rates lower than they actually
are within these buffers. These limitations of areal weighting inspired us to think about a
better way to estimate population in spatial units with noncoincident boundaries, such as
partial census units.

DASYMETRIC MAPPING

A refinement of the areal weighting method is filtered areal weighting (FAW), where
an ancillary dataset, usually of land use or land cover, is used to filter out or mask areas
having few if any inhabitants. Areas containing parks, water bodies, and other normally
uninhabited spaces are thus “removed” from census areal units, and the populations are
redistributed to the remaining areas, based on areal proportion. This is a type of dasymet-
ric mapping, which refers to a process of disaggregating spatial data to a finer unit of
analysis, using additional (or “ancillary”) data to help refine locations of population or
other phenomena (Mennis, 2003). However, even recalculating population distribution
with FAW did not yield sufficiently accurate results in an area containing such hyper-
heterogeneous land uses as the Bronx. The need to develop a method to obtain a more
accurate denominator with which to generate disease rates was critical in order to reflect
the reality of asthma hospitalization’s connection to air pollution.

Although dasymetric mapping has been used in many studies to map population,
existing methods generally did not result in a sufficiently high spatial resolution to be
suitable for our needs. Methods such as the Three-Class and Limiting Variable methods
(Eicher and Brewer, 2001), the Image Texture method (Liu et al., 2006), Heuristic
Sampling method (Mennis, 2003), Kernel Density Surface from Population-Weighted
Census Centroids (Bracken and Martin, 1989; Martin et al., 2000; Martin, 2006),
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and Street-Weighted Interpolation (Reibel and Bufalino, 2005; Weichselbaum et al.,
2005), were evaluated as to applicability in the asthma and air pollution study; nonethe-
less, all were deemed to be not effective enough in providing an accurate denominator
due to either comparatively lower spatial resolution of the ancillary dataset and/or attri-
bute data inaccuracy.3 Therefore, we decided to develop our own method of dasymetric
mapping, using the very high resolution New York City property tax lot data as our ancil-
lary dataset to disaggregate census unit population by tax lot (Fig. 2).

METHODOLOGY FOR DERIVING POPULATION ESTIMATES 
USING THE CADASTRAL-BASED EXPERT DASYMETRIC SYSTEM (CEDS) 

VERSUS FILTERED AREAL WEIGHTING (FAW)

This section will describe and compare the methodologies for developing FAW and
CEDS. The goal of the data disaggregation is to estimate the population residing inside
versus outside the proximity buffers, in order to obtain a better denominator. The reason
FAW was selected to use as a comparison to CEDS is that areal weighting interpolation
is one of the most frequently used methods of disaggregating data, and filtered areal

3A full review of these methods is provided in Maantay et al. (2007).

Fig. 2. Diagrammatic comparison of population disaggregation methods. (A) Areal Weighting (AW): block
group intersected by an impact buffer. (B) Filtered Areal Weighting (FAW): block group intersected by an
impact buffer, and showing an uninhabited area (dark rectangle). (C) CEDS: Block group showing tax lot
boundaries.
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weighting is a further refinement of AW, which yields good results with minimal extra
expenditure of time and effort. We considered that FAW was basically the current state-
of-the-art for many spatial analyses, and therefore the comparison between CEDS and the
FAW method would be the most compelling.

In this analysis, the four types of impact buffers (plus the combined buffers and multi-
ple exposure buffers) in the Bronx were created in ArcGIS using geoprocessing tools.
The distances from each source, as determined by the standards cited in the literature that
were detailed in the previous section, range from 150 m around the linear sources to an
800 m radius around the point sources. The residential locations for five years (1995–
1999) of asthma hospitalization cases were then selected as either being within a given
buffer or not, providing the numerator for asthma hospitalization rate calculations (Fig.
3). By using individual patient-level data geocoded to street addresses (obtained from the
New York Statewide Planning and Research Cooperative System–SPARCS), we avoided
the pitfalls inherent in using aggregated health data, and thus were able to conduct a fine-
grained buffer analysis by pinpointing actual patient location with respect to the buffer
boundaries.

Fig. 3. Asthma hospitalizations in a portion of the Bronx, showing cases in and out of the pollution buffers.
Due to patient confidentiality requirements, only hypothetical locations of asthma hospitalization cases are
shown here. The actual address locations, however, were used in the spatial analyses to derive the in- and out-
of-buffer rates.
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For our comparison of methods, the denominator was calculated in two ways: (1)
using filtered areal weighting (FAW); and (2) using the cadastral-based expert dasymetric
system (CEDS). FAW population estimation is a relatively straightforward process.
Known unpopulated locations (e.g., parks, water bodies, cemeteries, other open spaces)
were used to “mask” the land area of the Bronx, similar to using a cookie cutter. The
remaining land was then overlain with the proximity buffers. New area measurements
were made for portions of census block groups falling inside and outside the buffers.
Finally, the census population was redistributed based on the ratio of the block group–
filtered areas that fall inside or outside the buffers with the unbuffered filtered census
block group areas (equation 1).

POPFAW = POPBG * AREABG_BUFF/AREABG (1)

where POPFAW is the estimated portion of the block group population inside the buffer
using filtered areal weighting; POPBG is the census block group population;
AREABG_BUFF is the filtered census block group area that is also inside the buffer; and
AREABG is the filtered census block group area (unpopulated areas excluded). FAW pop-
ulation estimates for areas outside of the proximity buffers can be calculated by simply
replacing the AREABG_BUFF term of equation 1 with the filtered area within the block
group that does not intersect the buffer.

In the present study, we compared the FAW results to those obtained with CEDS. This
dasymetric system does not assume homogeneity across census units, and instead redis-
tributes the population based on cadastral information (either the number of residential
units [RU] or the residential area [RA]) at the tax lot level. The field “Residential Units”
designates the number of dwelling units on the tax lot, while the field “Residential Area”
consists of the square footage of the building that is used for residential purposes. Both of
these serve as proxies for the population in each tax lot, neither one being an exact esti-
mator of residential population. Because we do not know from the tax lot data how many
people live within each tax lot as a whole or within each residential unit on the lot, or how
many square feet of residential area there are for each person, we can only estimate the
population by disaggregating from the census data, using RU or RA as proxies (equation 2).

RX_POPLOT = POPBG * ULOT/UBG (2)

where RX_POPLOT is the dasymetrically derived lot-level population using either RU or
RA; POPBG is the census block group population; ULOT is thenumber of proxy units at
the tax lot level (RU or RA); and UBG is the number of proxy units at the census block
group level (RU or RA).

In New York City, there are on average 150 tax lots per census block group. This fine
spatial resolution allows for the detection of the large variation in population density,
which is dependent upon the characteristics of the tax lot (i.e., high-density residential
buildings, single family homes, commercial/industrial structures). This heterogeneity in
land use and tax lot characteristics appears even at the relatively small census block group
level. Block Group 1002 is an example of the heterogeneous nature of land use in the
Bronx (Fig. 4). Note that much of the land use adjoining the highway is industrial or
commercial, with most of the residential buildings concentrated in the northern corner of
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the block group. Figure 4A is an aerial photo of Block Group 1002; Figure 4B is a land
use map; Figure 4C shows the estimated population within a Limited Access Highway
(LAH) pollution buffer, illustrating the comparison between FAW and CEDS. FAW-
derived population is calculated by estimating the percentage of area within the buffers
(in this case, 56.5%) and assigning the same ratio to the block group population. There-
fore, 56.5% of the population is assumed to reside within the pollution buffer, which
equals 329 people. This is an overestimation of population, when viewed against the
CEDS-derived data.

An expert system is used to determine which cadastral metric (RU or RA) is most
accurate for each block group. The expert system is a computerized decision-making

Fig. 4. Sample heterogeneous block group (A) aerial photo, (B) land use map, and (C) population estimate
and LAH pollution buffer. Sources: U.S. Bureau of the Census (2001a), Department of Information Technol-
ogy and Telecommunications (2003), LotInfo (2003). 
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program that has been instructed to “decide,” based on heuristic rules and the input of
“expert judgment,” which among several variables in the tax lot dataset to use for disag-
gregating the census data to calculate the optimally accurate tax lot–level population.
Expert systems often utilize “if – then – else” rules, as in a hierarchical decision tree. The
disaggregation is accomplished by estimating the census block group populations (i.e.,
treating block group populations as unknown) by redistributing the census tract popula-
tion using CEDS. The difference in the performance of each proxy unit is assessed, and
the one that most accurately predicts the census-supplied block group population is used
to disaggregate all the block groups within that given census tract to the tax lot level
(equation 3).

IF RU_POPDIFF <= RA_POPDIFF, THEN POPLOT = POPRU_BG,
ELSE POPLOT = POPRA_BG (3)

where RU_POPDIFF is the the absolute difference between the census block group popu-
lation and the estimated block group population based upon number of residential units;
RA_POPDIFF is the absolute difference between the census block group population and
the estimated block group population based upon residential area; POPLOT is the final
estimated tax lot population dasymetrically derived from the census block group popula-
tion (not the census tract); POPRU_BG is the estimated tax lot population dasymetrically
derived from the census block group population (not the census tract) based on number of
residential units; and POPRA_BG is the estimated tax lot population dasymetrically
derived from the census block group population (not the census tract) based on the resi-
dential area.

Based on the results of the expert system (whether the variable RA or RU was the most
accurate predictor for a given census tract), the data are then disaggregated in a second
step from the census block group data. The tax lot–level population estimates are then
designated as either inside or outside the proximity buffers by using the centroid method,
a simple spatial selection technique. In densely populated heterogeneous areas such as the
Bronx, CEDS has been shown to perform better than FAW when estimating residential
population, as validated against census data (Maantay et al., 2007). The difference
between the two population estimation techniques, and the resulting potential disparity in
accuracy when dealing with complex urban environments, is shown in Figure 4C.

In order to determine the possible relationship between proximity to major sources of
air pollution and asthma hospitalization rates in the Bronx, exposure was classified in the
following ways: (1) spatial coincidence with a proximity buffer (LAH, MTR, TRI, or SPS
individually); (2) spatial coincidence with any proximity buffer (all buffers combined);
(3) spatial coincidence with more than one proximity buffer (multiple exposure); and (4)
no spatial coincidence with any proximity buffers (unexposed population). Asthma hos-
pitalization rates were then calculated by dividing the number of hospitalizations by the
population estimates (FAW and CEDS) for each universe of exposed populations.

RESULTS

The difference between asthma hospitalization rates when using FAW- or CEDS-
derived populations as the denominators is easily seen when categorized by exposure
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type in the Bronx (Fig. 5). We used odds ratios to compare the asthma hospitalization rate
(five-year average from 1995 to 1999) of the exposed populations versus that of the
“unexposed” population (i.e., population which does not spatially coincide with any
proximity buffer). As can be seen in Figure 6, both population estimation methods found
a statistically significant increased risk (95% Confidence Interval) of asthma hospitaliza-
tions for populations residing in any single buffer, all buffers, or multiple-exposure buf-
fers, when compared with those who do not reside in any buffer. Moreover, it should be
noted that the CEDS-derived odds ratios show an elevated risk when compared to the
traditional FAW technique, particularly with regard to proximity to limited access high-
ways (OR of 1.14 and 1.37, respectively, for FAW and CEDS).

Fig. 5. Asthma hospitalizations (five-year averages, 1995–1999) in the Bronx by proximity buffer type:
FAW vs. CEDS. The dotted line represents the asthma hospitalization rate for the entire Bronx. SPS = station-
ary point sources; TRI = Toxic Release Inventory facilities; MTR = major truck routes; LAH = limited-access
highways; COMB = combined buffers; ME = multiple-exposure buffers; UNEX = unexposed (not within any
buffer).

Fig. 6. Odds ratios for asthma rates (five-year averages, 1995–1999) by buffer type vs. unexposed popula-
tion: FAW vs. CEDS.
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DISCUSSION AND CONCLUSION

The conventional wisdom that proximity to air pollution sources is correlated with
asthma hospitalizations in the Bronx is supported by both the FAW and CEDS methods.
However, CEDS provides a more realistic model for population distribution and expo-
sure, and therefore estimates rates with increased accuracy. In this case study, FAW,
assuming homogeneity across census units, tends to overestimate the population that
resides close to the pollution sources when compared to CEDS, resulting in higher
denominators and therefore lower rates inside the proximity buffers. Essentially, this sug-
gests that CEDS is a better reflection of reality.

We recognize that there are certain limitations to this analysis. For example, the use of
fixed buffers as a proxy for exposure is a binary model, which is a simplified reflection of
reality (e.g., a case is characterized as being either “exposed” or “unexposed” based on its
location vis-á-vis the buffer boundary). It should be noted that this constraint applies to
any analysis using discrete boundaries rather than a continuous surface. Both FAW and
CEDS are equally affected by this limitation.

Another limitation associated with fixed impact buffers is the fact that they do not
necessarily represent the actual fate and transport of pollutants, as potentially affected by
meteorological conditions, topography, physical properties of the pollutants, and the built
environment. Air dispersion modeling, resulting in pollution plume buffers rather than
fixed-distance buffers, may be able to provide a more realistic depiction of the extent of
pollutant impact.

Lastly, our population numbers for the denominators rely on census data, which are
known to often be inaccurate, having evinced serious problems with undercounting cer-
tain populations, especially in large urban areas. Additionally, census data only take into
account the residential location of population, and do not include other locations (e.g.,
workplace, school) that may be at some distance from the residential address. Since expo-
sure to air pollution occurs during the day, when people may or may not be at home, as
well as in the evening when people are more likely to be home, this analysis, by using
only residential locations, potentially assigns more weight than is realistic to exposure
resulting from proximity of home to pollution sources.

Even after considering these caveats, it is clear that improving understanding of popu-
lation distribution will enable the emergence of a more accurate picture of the spatial
dynamics of disease. Additionally, fields such as crime pattern analysis, hazard and risk
assessment, urban planning, environmental analysis, economic development, transporta-
tion planning, and public health provision could benefit from the CEDS method. Having
more precise insights as to where people live, particularly in hyperheterogeneous urban
environments, is critical when looking at any spatio-human issue.
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