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Project 1: Individual-based Air Pollution and Health Risk Study

This study models health risk of ozone pollution at the individual level. Traditional population-level
studies assume all people in the same place (a city or a county) are exposed to the same level of
air pollution and health risk. This study models air pollution level by considering land use, weather,
and human activities through much finer spatial and temporal scales (Fig. 1.1).

A space-time air pollution cube supported by a large database was constructed. Individual
trajectories can be plugged into the space-time cube, and personal level physical activities and
physiological characteristics can be considered to predict individual level pollution exposure and
health risk, tailored to particular travel time, route, and other patterns (Fig. 1.2).
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Where we live matters to our health. Physical environment, socioeconomic conditions, and accessibility to healthcare
services affect the health of an individual. Geospatial data science employs spatial analytics methods to analyze massive geographically-
referenced data. It helps us gain insights about how location, place, community characteristics, accessibility to healthcare services,
delivery of healthcare, and individual behaviors contribute to various health disparities. These insights can be used to develop better
healthcare policies and enhance healthcare practices to improve the overall health of all citizens in the nation.

Fig. 1.1  Hourly Prediction of Ozone Pollution Level 
in Houston Region (Dec 27th - 28th, 2010).

Fig. 1.2  The personal air pollution danger zones for 
a volunteer in Houston on Dec 27th-28th, 2010.

Project 2: Overweight and Obesity 
among Texas School Children

More than one-fifth of Texas children are
overweight or obese. In the 2012-13 school
year, more than 60% of Texas students were
considered economically disadvantaged.
Using campus level physical fitness data, this
study investigates if and how the prevalence of
obesity among Texas school children (Fig 2.1) is
related to their socioeconomic status (SES) (Fig.
2.2), and if such a relationship shows regional
patterns.

Our examination shows that both Household
Socioeconomic Status (SES) and Neighborhood
SES (Fig. 2.2) affect childhood obesity. Lower
household SES is associated with higher rate of
childhood obesity. This relationship is especially
strong in three regions as highlighted in Figure
2.3. Future study will examine how
neighborhood SES affects childhood obesity.

Fig. 2.1 Prevalence of obesity among school children 
across Texas school districts.

Fig. 2.2 Spatial distribution of two Socioeconomic Status (SES) 
factors across school districts in Texas.

Fig. 2.3 Regional Patterns of the relationship between the prevalence 
of obesity among Texas school children and the two SES factors.

Project 3: Spatially Informed Strategies for Cancer Intervention

Project 4: Geospatial Data Science for Environmental Health Research

With more than 10 million new cases every year
worldwide, cancer poses an enormous burden
on society and affects almost all families. The
burden can be disproportionally higher in
certain underserved population groups and
communities. This disproportionate burden is
called cancer disparity and must be addressed.

This project develops spatially informed
cancer intervention strategies to reduce cancer
disparities. The strategies will make targeted and
personalized delivery of cancer intervention
programs in underserved population groups
and communities possible. The two example
maps at the left show the census tract level
disparities of cervical cancer (Fig. 3.1) and
colorectal cancer (Fig. 3.2) in Texas.

Fig. 3.1 Disparities of advanced-stage cervical cancer at diagnosis 
in Texas: Hispanics and African Americans, 1995-2008.

Fig. 3.2 Colorectal cancer mortality disparities in African
Americans (left) and Hispanics (right) in Texas when non-Hispanic
whites is used as a reference group, 1995-2003. (Note: Red census tracts
are areas where African Americans/Hispanics have significantly higher mortality rates. Pink
census tracts are areas where non-Hispanic whites have significantly higher mortality rates)

Acknowledgment. Some of the projects reported in this poster were in part supported by a grant from Texas State University,
grants from the Texas Department of State Health Services, and a grant from the USEPA-STAR Program. The contents are solely the responsibility
of the researchers involved in these projects and do not necessarily represent the official views of the funding agencies or organizations.

The identification of risk factors associated with a specific illness is a
challenging task. Geospatial data science combines the analytical power
of visual geospatial analytics and the availability of rich geographically-
referenced data to discover new knowledge about these risk factors.

Researchers in Texas State Geography developed new tools and used
large datasets to examine risk factors associated with certain adverse
health conditions. Fig. 4.1 is an example map showing the geographic
distribution of estimated maleic anhydride intensities in Texas in 2008. The
odds ratio in Fig. 4.2 suggests that maternal residential exposure to maleic
anhydride increases the risk of Spina Bifida in offspring.

Fig. 4.1 Distribution of estimated maleic anhydride 
intensities in Texas in 2008.

Fig. 4.2 Odds ratio showing maternal residential exposure to maleic
anhydride as a potential risk factor for Spina Bifida in offspring.
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