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Abstract. Particulate matter 2.5 (PM2.s) are fine particles can penetrate deeply into our
lungs and other airways areas because of their small sizes. Sometimes these fine particles
may even enter the bloodstreams. Only a few researches studied the relation between
PMzs and lung cancers. In this paper, innovative machine learning and spatiotemporal
interpolation methods were used to compute historical PM2s interpolation data in the
contiguous United States. Time series analysis (including seasonal ARIMA models, lagged
regressions, generalized estimating equations) is then applied to lung and bronchial cancers
and PM2s data. Based on our current data covering a 15-year span (1999-2014), PM2s
doesn’t have a strong effect on lung and bronchial cancer rates in the United States at either
the national or state level. However, the most urban state, New Jersey, and highest PM2s
state, California, have a relatively greater tendency to have significant PM2.s effect among
all contiguous U.S. states.
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1 Introduction

According to the ISO 23210:2009 standard of the International Standards Organization,
particulate matter 2.5 or PM s are fine particles which pass through a size-selective air sampling
inlet with a 50% efficiency cut-off at 2.5 pm aerodynamic diameter size. Generally particulate
matter with a mass median aerodynamic diameter of < 2.5 pum are often termed as PMas. PM2s
can penetrate deeply into our lungs and other airways areas because of their small sizes.
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Sometimes these fine particles may even enter the bloodstreams. PM s can absorb gases or carry
other finer toxic and carcinogenic chemicals due to their large surface areas[1][2]. The findings
regarding the carcinogenicity of outdoor particulate matter are highly consistent in
epidemiological research [3][4], studies of lung cancers in experimental animal models[5], and
a wide range of in vitro studies focusing mechanisms related to cancer [6]. Increased risks of
lung cancers were consistently reported in large-scale cohort studies as well as case-control
studies involving millions of human subjects and thousands of lung cancer cases from different
countries from Europe, North America, and Asia [3][4]. However, most of these studies
addressed PMjo except a few epidemiological studies on the relationship between PM,s and
lung cancer mortality and incidences, which reported relative risks ranging from 1.04 to 1.43
with 95% CI ranging between 0.85 and 2.41[3][7][8][9]. Therefore, more information is
required on the associations between PM2s and lung cancer mortality using new analytical
approaches. In this study, we have explored innovative machine learning, spatiotemporal
interpolation and statistical methods to address this research issue.

2 Methods
2.1 Data Description

Lung and bronchial cancer data set and PM. data set are used in this project. Lung and
bronchial cancer rates from 1999 to 2014 in the United States were downloaded from the
National Program of Cancer Registries (NPCR) website at the national and states levels. Rates
are per 100,000 persons and are age-adjusted to the 2000 U.S. standard population [10].

The PM2 5 data was spatiotemporally interpolated and then aggregated at various spatial and
temporal levels. We downloaded daily PM, s data (1997-2015) in the contiguous U.S. from the
Environmental Protection Agency (EPA) Air Quality System and aggregated them into monthly
data with the schema (longitude, lattidue, month, year, mean PM;s). Attributes longitude and
latitude are to locate the centroids of a U.S. census block group, and mean PM_ s is the average
of daily values of PM2s in the month at the centroid. Using innovative machine learning and
spatiotemporal interpolation methods[11] [12], we trained the aggregated monthly data to find
the optimal interpolation parameters, then interpolated at the centroids of census blocks. We
then aggregated the mean PM. 5 values at every centroid in each state to obtain the mean PMa s
value for each state at each month. Since the lung and bronchial cancer rates were collected
annually, we also computed average of the mean PM2 s values at each month to get annual PM2 5
value for each state. Finally, we took average across all states to obtain national PM, s values.

The data of urban area was collected from U.S. Census Bureau. We used the ratio between
urban area of cartographic boundary and the overall state area to represent the urban percentage
[13].

2.2 Statistical Analysis

The main goal of this study is to examine the relation between lung and bronchial cancer
annual rates and PM;s values. Time series analysis including ARIMA models and seasonal
ARIMA models [14] were used to predict the trend of lung and bronchial cancer rates (annually)
and PM s values (both monthly and annually). The generalized estimating equation (GEE) [15]
was used to estimate the parameters of the generalized linear regression models to determine
possible association of urban percentage with lung and bronchial cancer rates and PM_ values,
respectively. Furthermore, lagged regression model [16] regressing lung and bronchial cancer
rates on its past time-series and PM s time-series was used.



3 Results
3.1 PMa2s

Average national PM2s has a trend over time and it decreases in the long run. The optimal
model by automatically model selection based on Bayesian Information Criterion (BIC) is
determined to be seasonal ARIMA (2,1,1) (2,0,0) [12]. Consistently in each year, PM2s is low
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Figure 1.Trend and Seasonal Effects of National PM2s
in the summer months and peaks between fall and winter (See Figure 1).

In the generalized linear regression model, annual PM. 5 value is strongly associated with
year and its value decreases consistently each year (estimate = -0.0272, p-value < .0001). This
is consistent with the ARIMA result. The regression analysis also discovered that annual PM2s
for individual state is significantly related to the urban percentage of that state - for every 1%
increasing in urban percentage, the PM.s value increases by 29.87% (with p-value = 0.0336).
As years passing by, the effect of urban percentage becomes lesser (estimate = -0.0148, p-value
= 0.0346).

3.2 National Lung and Bronchial Cancer Rates

Forecasts from ARIMA(0.2,1)

Figure 2. Lung Cancer Rates and Prediction for 2015-2018



National lung and bronchial cancer rates decreased over time. Particularly, it dropped greatly
since 2005 (See Figure 2). Interestingly, this observed decrease is matching with the
implementation of the fine particle (PM25) National Ambient Air Quality Standards by the US
Environmental Protection Agency (EPA) in 2005. The optimal time series model selected is
ARIMA (0,2,1) and we give the prediction of rates for year 2015-2018 based on this model (See
Figure 2). The national lung cancer rates seem to have strong association with national PM s,
lags of cancer rate, and lags of PM;s (See Figure 3 and Figure 4). However, further lagged
regression analysis with the two time series suggested that PM, s does not have strong causal
effect on lung and bronchial cancer. Even though lags of cancer rates and lags of PM;s are
individually significant, the final selected optimal model only includes lagl of cancer rate
(cancer rate from previous year), lagl of PM2s and lag5 of PM s, suggesting the time trend of
adjacent year for lung and bronchial cancer rates plays a major role leading to its current rate.
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Figure 4. Lags of Lung Cancer Rates

pmnyit-0} pmny(t-2)

o)
56 60 62 64 66 68 70
L1 1 11 Il
fer)
56 60 62 64 66 68 70
| I O
fer)
58 B0 62 f4 88 68 70
Il 1 Il Il Il Il

er(t)
58 60 62 B4 66 83 70

lcrtt)
53 B0 G2 64 66 6 70
TN Y R N N

er(t)
56 60 62 64 66 69 70

Figure 3. Lags of PM2.5 over Lung Cancer Rates

3.3 State Level Analysis

Since PM_ is strongly associate with the urban-percentage of states, we continue the analysis
for most rural state-Wyoming (WY, most urban state - New Jersey (NJ), Fully urban- District
of Columbia (DC), and the state with highest PM; s - California (CA).

Statistical analysis for those four areas carries similar results as the national level analysis.
Lung cancer rates in all the four areas have significant trend over time, but they weren’t



significantly affected by PM.s. Notice that for the most urban state-new Jersey (NJ) and highest
PM_ s state-California (CA), the p-value is 0.0572 and 0.17, respectively, for PM; s effect when
considering trend effect and PM 5 effect.

4 Discussion

According to the U.S. EPA factsheet, on September 8, 2005, the EPA proposed requirements
that state and local governments have to meet as they implement the national ambient air quality
standards for fine particulate matter (PM2s). EPA established the PM2s standards in 1997 and
designated areas as attainment or nonattainment in December 2004. This proposed rule was the
next step toward improving particle pollution air quality for the U.S. population. The proposed
rule described the implementation framework and requirements that state, local, and tribal
governments must and EPA instructed that implementation plan must show how an area that is
not attaining the PMys standards will reduce air pollutant emissions in order to meet the
standards as soon as possible.

Although a few previous US and European studies reported associations between particulate
matter and lung cancer in some selected populations groups, at both national level and state
level, we found that PM; s doesn’t have strong effect on lung and bronchial cancer rates in the
United States based on data of 15 years span (1999-2014) in the current study. Historic data of
PM2sand lung and bronchial cancers over a longer period of time would help future research to
see if there is an association between PM;s and lung cancer.

The most urban state - New Jersey (NJ) and highest PM.5 state - California (CA) have
relatively more tendency to have significant PM. s effect among all contiguous U.S. states. It
indicates when PM_ s level is higher, there might be some association between PM. s and lung
and bronchial cancer rates. Therefore, it would be very interesting to conduct similar research
in developing countries, such as in China and India, which have significantly higher PMas
concentration levels.

One limitation of the study is that the monthly and yearly PM; s were calculated at each state
in the contiguous U.S. using arithmetic mean of PM;s concentration values at the centroids of
census block groups for each state. We calculated these national estimates assuming the centroid
data in our study is a stratified random sample from the contiguous U.S. which may not be the
case thus the averages may not be accurate. Some weighted mean, such as based on the density
of centroids or population would be a better approach.

Urban percentage is found to be strongly related to PM.s. Current study only looked at the
national and state level. We can also group states with similar characteristics, such as by urban
percentage, population sizes, or/and geographical adjacency for future work.

The analyses can also be extended to finer-scale areas, for example by counties in United
states. While PM s data are available at this scale, the availability of lung and bronchial cancer
data may be a problem.

It takes decades to manifest lung cancer and there are many other factors (such has air
pollutants other than PM,s, family genetics and medical history, as well as behavior, indoor
environmental exposures, etc.) contributing to the development of the cancer. To further
investigate how air pollution contributes to lung cancer, mixture of different pollutants
combined other factors over a long-time span should be examined.
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