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Results

Introduction
• Pollutants such as airborne particulate matter have been shown to increase human
risk of cardiopulmonary morbidity and mortality in cases of acute or chronic
exposure. This risk increases for groups sensitive to respiratory disease such as
the elderly and children. Consequently, it is important to predict and convey
elevated levels of air pollution to the public, especially for populations composed of
a significant fraction of at risk individuals.
• This research explored whether disadvantaged populations were at increased risk
due to disproportionate exposure to poor air quality, while also compiling population
data layers to be used in epidemiological health studies.
• In order to explore environmental justice and locally forecast health demand based
on events of elevated air pollution, an index was established to quantify indicators
of social and health vulnerability for census tract populations using air pollutant
levels forecast with the AIRPACT-5 forecast system in the Pacific Northwest.

Table 1: At Risk or Disadvantaged Categories for Health Risk Analysis
Social and Health Vulnerability
Percent Population Age < 5 Years
Percent Population Age > 65 Years
Percent Population below Twice the
National Poverty level
Percent Population Age > 25 Years with <
High School Education or Equivalency
Percent Population of Non-Caucasian
Ethnicity
Air Quality Health Index (AQHI)

Source
US Census 2010
US Census 2010
American Community Survey 5-Year
Estimates (2008-2012)
American Community Survey 5-Year
Estimates (2008-2012)
American Community Survey 5-Year
Estimates (2008-2012)
Calculated from AIRPACT-5 Air Quality
Forecast Model Output

Figure 2: Cumulative Risk Index during Wildfire Period

Figure 3: Cumulative Risk Index during Ozone Episode

Figure 4: AQHI Index during Wildfire Period

Figure 5: AQHI Index during Ozone Episode

Methodology
1. Compile an extensive demographic dataset from available census information.
2. Analyze population data to create population percent compositions by census tract.
3. Analyze available AIRPACT-5 data to establish significant timeframes during which
air pollution events occurred. Time periods chosen include:
• August 2015 – intense wildfire period used for analyzing elevated PM2.5
• July 2012 – a widespread ozone episode in the Pacific Northwest.
4. Calculate AQHI values from AIRPACT-5 model output to assign air quality
information to census tracts. AQHI is a multi-pollutant index calculated from
forecasted concentrations of PM2.5, O3 and NO2.
5. Calculate quantile distributions for all social and health vulnerability indicators.
6. Assign rankings to indicators based on quantile within each state.
7. Establish new quantile distribution for cumulative indicator risk rankings.
8. Assign rankings to cumulative indicator quantile for new 0-5 ranking.
9. Sum the rankings of social and health vulnerability indicators with the AQHI rankings
in order to create a cumulative risk index which ranks census tracts from 0 to 10, 0
representing missing data, and values greater than 1 representing an increasing
level of risk where 10 is most hazardous.

Figure 6: Distribution of Air Quality across different Social Indicator Quantiles during Ozone Episode in WA

Figure 1:
Flowchart detailing procedure used in assigning Cumulative Heath
Impact Index scores based on population quantiles.

Conclusions
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Analyses of the cumulative risk index and its contributory categories
indicate that disadvantaged populations did on average experience poorer
air quality during an ozone episode within Washington State. Within
Oregon and Idaho, little correlation was seen between disadvantaged
populations and poor air quality. While useful for health analyses, the
wildfire period demonstrated how chaotic distribution of air pollutants can
effectively mask any relation between air quality and social indicators.
Refinements in the data such as excluding outliers and extreme low
population tracts are necessary in order to further strengthen and identify
correlations between social factors and air quality throughout the entire
domain.
Future work will include:

• United States Census Bureau
TIGER/Line® with selected Demographic
and Economic Data

• Additional risk factors such as linguistic isolation, proximity to hazards, and
sensitive land use indicators.
• Forecasting of healthcare demand by census tract utilizing epidemiological
concentration response functions.
• Exposure estimations by industry occupation and method of commute.
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