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Abstract

In this paper, a new methodology is used to disaggregate county-level health data into a smaller
geography (e.g., census tracts). Then, the disaggregated data is used to estimate various models
of individual health condition as a function of socio-demographic, built environment, and
transportation system attributes. It is shown that the proposed approach can be applied to
disaggregate any aggregate data in an efficient way.

Introduction

The overall built environment, urban form, and elements of the transportation system can shape
households’ lifestyle; while lifestyle clearly impacts their health and well-being. Although such
an interaction between lifestyle and individual health seems highly expected, in many cases the
possible magnitude of the impacts are controversial due to the complexity of the involved factors
as well as scarcity of reliable data sources. Many researchers have attempted to examine the
individual role of various land-use factors on public health (1-11). However, many of such
efforts could not explore the health impacts of smaller geographic level regions due to the fact
that individuals’ health related information is kept strictly confidential and only aggregate level
data is publicly available (1). For example the world’s largest health data, Behavioral Risk
Factor Surveillance System (BRFSS), is only available in County level. That means that BRFSS
data records cannot be directly attributed to the local geography, land-use, and built environment
variables. It is highly desirable to develop a methodology that can accurately allocate such
aggregate data records into smaller geography, so that the causal effects of various health
elements and the influence of local physical environment could be properly studied. The
primary goal of the current study was to address all these concerns and a methodology is
represented to convert aggregate household data into disaggregate format with an acceptable
precision process. The methodology is then utilized to examine the effects of land-use and
transportation on public health.

Data

The health variables used in this study were extracted from Behavioral Risk Factor Surveillance
System (BRFSS) which is tracking health conditions of a large sample of adults in the United
States (12). The dataset records demographics, socioeconomics, and health-related information.
The dataset is however reported only in county level data as its geographical unit. A portion of
the BRFSS 2009 data was extracted that presents records from the six counties of Chicago
metropolitan area.

Several other sources of data are utilized in this study including U.S. Census SF3 data (2000) for
the disaggregation processing, Census Transportation Planning Package (CTPP 2000), the
Census 2000 TIGER/line Geographic Information System data, and National Household Travel
Survey (NHTS 2001) data by Federal Highway Administration (FHWA). A large set of
transportation and land use variables are obtained by overlaying GIS maps and matching census
tract level transportation and land-use shapefiles.



Disaggregation Methodology

Each record of BRFSS dataset represents an adult individual surveyed in the U.S. with a large set
of variables including health and demographics information and a county of residence identifier
variable. The primary objective of the disaggregation methodology is to allocate each record
with a known county of residence into an appropriate census tract. The BRFSS dataset contains
both individual and household attributes and demographics such as age, gender, number of
household members and household income level, among others. On the other hand, detailed
census tract level household and person level data for similar variables could be obtained from
Census SF3 files which also provide marginal distributions of those variables. This is the same
data that is typically used in many population synthesis practices. "Population synthesis
generally utilizes a sample of households at an aggregate geography combined with marginal
data on households at a disaggregate geography to generate a set of households which satisfy
known marginal at the small area level”(13). Therefore, it seems logical to utilize a similar
approach as in a population synthesis to assign BRFSS data records to smaller geography. The
only difference would be the use of BRFSS data instead of Census’ Public Use Microdata
Samples (PUMYS) files as the source of disaggregate data sample of households/individuals. The
census tract level SF3 data was also applied as the source of marginal distributions. It is
noteworthy that the precision of the final disaggregate result decreases as the disaggregate level
of geography requested gets smaller and smaller and this was the main reason why the authors
kept up with census tract level rather than block group or smaller geographic levels.

Two household level and two person level control variables were used in this study. The number
of household members and household income level were considered as the two household level
control variables and age and gender variables were used as person level control variables. These
four variables are available in both BRFSS and SF3 files with similar definitions. It should be
noted that in the new methodology, the objective is just to find an appropriate census tract of
residence for the BRFSS records rather than generating a full synthetic population for Illinois.
Therefore, the population synthesis procedure has been run over 20 times. Since the procedure is
a stochastic process, it is assumed that the higher frequency of observed assign of a person to a
census tract yields a better fit of individual’s controlled attributes to those of the census tract.
Thus, the pattern and frequency of allocation of each sample record to census tracts over 20 runs
are carefully examined and individuals are assigned to the census tracts with the highest
frequency of observed assignment to that census tract. The procedure was later validated for the
purpose of this study.

Methodology Validation

The purpose of the validation procedure was to examine whether the assignment of sample
BRFSS individuals to census tracts is valid. As noted earlier due to the stochastic nature of the
data synthesize procedure the assignment outcome changes from each iteration to another one.
This is mainly due to the nature of the population synthesis which is limited by the control
variables that are used in the procedure. In an ideal situation when many control variables are
used, the individual can be assigned to the exact census tract home of the person. However, data
and computational limitations prevent us from using many control variables. Therefore, to assess
the validity of the methodology, the procedure was implemented for five times, that means five



different census tract level datasets were generated and compared to examine the validity and
consistency of the procedure. Then the five datasets were combined in a regression model to
prove that the effect of each set of data is consistent within the regression model. For the purpose
of regression analysis, several land use variables of interest were also appended to the data sets.
As a result, each dataset consisted of a full scale of variables including individuals’ health factors
as well as land-use, transportation, and built-environment variables corresponding to the
allocated census tract residence of the individual.

A simple regression model was developed using Body Mass Index (BMI) as the dependent
variable and several census tract level land use variables as the independent ones for each of the
five datasets. For each of the land use variables used in the regression model, five new dummy
variables were created in the dataset representing each of the five datasets. The value for each of
the dummy variables is the same as its value in the corresponding dataset if the record is
attributed to the dataset and O otherwise. Table 1, shows few of these land-use dummy variables
and the way these five datasets were formed.

Tablel. Combined five disaggregate census tract level datasets (partial list of variables)

DN TU, TU, TU; TU, TUs RD; RD, RD3; RDs, RDs ID; 1D,

1 0.13 0 0 0 0 21.8 0 0 0 0 300 0
2 0 0.35 0 0 0 0 3£‘T.2 0 0 0 0 56.8
3 0 0 0.26 0 0 0 0 16.6 0 0 0 0
4 0 0 0 0.16 0 O 0 0 25.6 0 0 0
5 0 0 0 0 0.38 0 0 0 0 15.4 0 0

DN: Dataset Number for each record

TU;: Census Tract Transit Use for records in dataset i and O for other records

RD;: Census Tract Road Density for records in dataset i and 0 for other records

ID;: Census Tract Intersection Density for records in dataset i and 0 for other records

Equation 1 presents the multiple regression equation that was estimated and Table 2 presents the
estimated coefficients of the regression model.



BMI = B, + p,TU; + B,TU, + 3TU; + B, TU, + BsTUs + a,ED; + a,ED, + a3zED; +
aEDy + asEDs +y,PDy + y,PD, + y3PD3; + y4,PD, + y5sPDy
[1]

where:

BMI: Body Mass Index

TU;: Census Tract Transit Use for dataset i

ED;: Census Tract Employment Density for dataset i
PD; : Census Tract Population Density for dataset i

Table 2. Multiple regression model coefficients

Variable Parameter Standard t-value Pr> |t|
Estimates Error
Intercept 0.39964 0.00194 205.52 <.0001
TU; 0.06190 0.02024 3.06 0.0022
TU, 0.07966 0.02014 3.96 <.0001
TU3 0.09086 0.02008 453 <.0001
TU, 0.07033 0.02015 3.49 0.0005
TUs 0.08912 0.01989 4.48 <.0001
ED, -0.00227 0.00055 -4.14 <.0001
ED, -0.00220 0.00053 -4.15 <.0001
ED; -0.00260 0.00056 -4.61 <.0001
ED, -0.00253 0.00057 -4.41 <.0001
EDs -0.00316 0.00056 -5.62 <.0001
PD, 0.00135 0.00032 4.25 <.0001
PD; 0.00116 0.00030 3.88 <.0001
PD; 0.00131 0.00032 4.06 <.0001
PD, 0.00141 0.00032 4.40 <.0001
PDs 0.00160 0.00032 4.97 <.0001

Statistically, if we show that the estimated coefficients of the same variables (e.g., land-use
variable) for the five different datasets are equal with a high degree of significance, it can be
proved that the disaggregation process generated consistent results. Equation 2 presents the null
hypothesis of this statistical test.

Hy: By = B2 = B3 = Bs = Bs [2]

0(1=a2=a3=0(4=a5
Vi=V2=V3=VYsa=Vs

The hypothesis of the equally of the coefficients of regression model was tested and it was
proved that the null hypothesis could not be rejected at 99% confidence level suggesting that the
synthetic procedure of census tract allocation has generated consistent results.



Disaggregate Health Models

As mentioned earlier, the focus of this study is on the disaggregation methodology but the data
extracted from the methodology was applied in the health related models. Health indicator
variables that were examined in this study include general health, obesity, high blood pressure,
high blood cholesterol, and Asthma. Since most of these variables were defined as binary
variables in the main dataset, binary choice models were found to be appropriate for the exercise.
Table 3, represents several binary probit choice models and their estimated coefficients along
with t-statistics of the independent variable in the model with 95% confidence level.

The land-use data that was used in this study was expanded to accompany several mixed land-
use information for each census tract. Therefore, density of various land-uses like education
centers, retail stores and malls, medical centers, recreation and industrial centers were defined as
the number of such centers in a tract divided by the area of the tract. Several interesting results
that can be extracted from the table 3 are listed in the following statements:

e High correlation between health factors and demographics could be expected from the
coefficients.

e Neo-traditional developments with higher population densities are less consistent with
people’s general health condition.

e Transit Use has a positive impact on health by lowering obesity, risk of heart attack and
asthma rates.

e One of the interesting results of the models is related to several specific land-uses that
were examined in the models like positive impact of recreational facilities, malls and
retail store on public health.



Table 3. Results of the binary probit model

Variables General Obesity Heart High High Blood Asthma
Health Attack Blood Cholesterol
pressure
Constant 0.22 -1.37 -2.63 -1.39 -1.15 -0.91
Age -0.13 (-5.8) | 0.035(2.95) | 0.03(8.77) | 0.03(18.04) | 0.03(15.67)
Children -0.08(-1.82)
Exercise 0.52(7.97) | -0.18(3.58) -0.145(-2.45) | -0.17(-2.57) -0.25(-.375)
Education -0.04(-1.8)
Income 0.19(13.52) | 0.76(2.6) | -0.07(3.31) | -0.07(-5.2) | -0.09(-6.23)
Pop -0.004(-2.93) 0.006(1.9) | 0.0013(2.28) 0.002(1.97)
Density
Transit Use | 0.07(2.56) | -0.95(-1.9) [ -0.64(-2.45) -0.5(-1.86)
Retail Stores| 0.35(1.83) -0.24
(-1.96)
Medical cent 0.07 0.16(2.65)
(-2.15)
Recreation | 0.002(2.13) | -0.01(-1.85) -0.004 -0.007(-2.06) | -0.004 (-2.3)
Centers (:2.83)

Note: t-statistics are reported in the parentheses.

Conclusions
The study attempts to examine the effects of built-environment, land-use, and transportation on

public health. However, due to confidential nature of the individual level health data, such
analysis has been typically conducted in an aggregate level of geography. In this paper, a
methodology is developed and applied to disaggregate county-level health data into smaller

geography of census tract level. Then the disaggregated data is used to estimate various models
of individual health condition with specific attention to the effects of local level land-use, built

environment, and transportation. The methodology can be utilized in any condition where a
survey is conducted in a larger geography unit and there is a need to allocate the record to a
smaller geography.
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