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Abstract

This research is to explore how the change in temperature, average temperature, and
days of air pollution in several types affect the occurrences of Youth Asthma, Adult
Asthma, and Lung Cancer. This study tried to figure out whether there was interaction
among these variables and if any statistical models of climate change variables can
explain occurrences of these diseases. Through the data analysis, the research result
shown that high level of ozone, PM 2.5, and PM 10 did affect the occurrences of Adult

and Youth Asthma in a statistically significant way. No variables in the model signifi-
cantly affected the occurrences of Lung Cancer. The change in temperature and the
average temperature is significantly affected on Youth and Adult Asthma, but the
change in temperature does not affect Lung Cancer. The results of this study indicate
there is strong correlation between Oz, PM 2.5, and PM 10 and Pediatric and Adult
Asthma.
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1. Introduction

Climate change is an ongoing problem. The Greenhouse effect is one of its most known factors affecting our planet health.
The Greenhouse gases stay in the atmosphere for a long time. The plants and oceans cannot absorb the enormous amounts of
carbon dioxide, so it continually increases [1, 2]. This causes the average temperature to go up, which is harmful for many
reasons. Heat waves have wreaked havoc in Europe [3-5]. With climate change causing the rise in average temperature, these
may become more apparent.

The emissions of the gases from the U.S. commonly come from the uses of transportation, electricity, and industry: 29%
came from transportation, 28% from electricity, and 22% from industry [6-8]. The emissions of transportation primarily come
from burning fossil fuel for cars, trucks, trains, ships, and planes [9, 10]. These emissions may consist of ozone, carbon mo-
noxide, nitrogen dioxide, sulfur dioxide, and lead [11-13].

These chemicals can cause damage to the human respiratory system. More than 4 in 10 Americans live in places with un-
healthy air quality/pollution [14, 15]. Ozone pollution is a type of pollution that happens in warmer areas and is known to
cause the “sunburn of the lung” [1, 16, 17]. This can cause more Americans to obtain asthma and shorten lives. Particle pollu-
tion is commonly found in places where wildfires, burning wood, or coal fired plants are frequent [18] [15]. Once these harm-
ful particles enter the bloodstream and lungs, they can lead to cancer, heart attacks, strokes, asthma, and other complicated
health problems [12] [19] [20]. For this research, this study was decided to focus on Asthma and Lung Cancer to see how they
are affected by climate change related variables.
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2. Methods
2.1 Study design

The U.S. Air quality Index (Airnow.gov) is a tool to check air quality. Data about 43 metropolitan areas of the United States
was collected from the American Lung Association, Climate Central, and NOAA (NCEI) [21] [16]. State and national data was
collected from NCEI “Climate at a Glance,” and individual station data from the Applied Climate Information System. The
temperature change data was retrieved from amazonaws.com
(https://ccentralassets.s3.amazonaws.com/presents/2021EarthDay_data.zip)). It is calculated from the temperature change from
1970 to 2020.

2.2 Measures

In the model analysis, recorded occurrences of pediatric asthma, labeled as PediAsthma in the model, occurrences of adult
asthma as AdultAsthma, and occurrences of lung cancer cases as LungCancer, are dependent variables. All are from year 2020.

The independent variables include temperature change from 1970 to 2020 as TempChange, average temperature from 2015
to 2020 as TempMean, unhealthy days for sensitive groups 2020 as UnhealthyDays2018, number of unhealthy days of nitrogen
dioxide of year 2018 as DaysNO2, number of unhealthy days of particulate matter with radii of 2.5 micrometers in 2020 as
DaysPM25, and number of unhealthy days of particulate matter with radii of 10 micrometers in 2020 as DaysPM10, number of
unhealthy days for with harmful effects from Ozone 2020 as DaysOzone.

3. Results and Analysis

R studio is used to analyze the data; the three regression models results are listed (Tables 1, 2, and 3). R script is also at-
tached as appendix at the end of the paper.

TempChange| TempMean | Pedidsthma | AdultAsthma | tungCancer | UnhealthyDays2018 | DaysNO2 | DaysOzone | DaysPM25 DaysPMIC
TempChange 1
TempMean 0.3179) 1
PediAsthma 0.1589) 10,3795 1
AdultAsthma 0.14921 0.2931! 0.9673 1
LungCancer 10,1203 0. 1866 0.1475 £.1398 1
UnhealthyDays2018 10,3355 0.429 0.5452 0.5495 0.1954 1
DaysNO2 0.3729] 0. 250 0.2115 01950 -0.0434 0.4340 1
DaysOzone D.lEE' -D.2231| -0.22431 -0.2116 -0.1193 0.0979 0.1079 1
| DaysP M25 -0.1955 0.17% 0.1523 0.0970 0.0444 -0.1817] -0.1729 -0.8548 1
DaysPM10 D.2116| 0.203 0.3696 4643 0.2096 0.3509 -0.0285 0.0670 -0.3639] 1

Figure 1. Correlation Matrix.

Figure 1 indicates that the correlation coefficients between independent variables are low enough (mostly <0.4) to include
them in a regression model so no worries of multicollinearity, which is bad for linear regression analysis. There is high correla-
tion between independent and dependent variables, which is good. DaysOzon and DaysPM25 are highly negatively correlated
(-0.8548), which means they almost cancel out effects from each other. I decide to just include DaysPM25 in the models.

Table 1. Pediatric Asthma

Model 1: PediAsthma over
TempChange+TempMean+UnhealthyDays2018+DaysNO2+DaysPM25+DaysPM10
Call: Im(formula = PediAsthma ~ TempChange + TempMean + UnhealthyDays2020 +DaysNO2 + DaysPM25 + DaysPM10, data = cli-

matedata)
Coefficients:
Estimate Std. Error t-value Pr(>|t])
(Intercept) -7648.35 18133.08 -0.422 0.67562
TempChange -1344.43 4359.24 -0.308 0.75950
TempMean 74.38 244.76 0.304 0.76291
UnhealthyDays2018 411.64 145.29 2.833 0.00742 **
DaysNO2 134.62 204.78 0.657 0.51498
DaysPM25 84.37 33.64 2.508 0.01664 *
DaysPM10 164.69 69.09 2.384 0.02238 *

Signif. codes: 0 “**** 0.001 “*** 0.01 “** 0.05°."0.1°" 1
Residual standard error: 12870 on 37 degrees of freedom. Multiple R-squared: 0.4549, Adjusted R-squared: 0.3665. F-statistic: 5.146
on 6 and 37 DF, p-value: 0.000623
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Table 1 shows the results about the relationships between occurrences of Pediatric Asthma and the independent variables. A
regression of number of cases of Pediatric asthma is done over these independent variables. Significantly low p-values are
marked with asterisks (*).

F-statistic: 5.146 on 6 and 37 degree of freedom, and p-value: 0.000623, mean that overall model fitness is very
good. Multiple R-squared: 0.4549, meaning 45% of the variations in pediatric asthma can be explained by these variables.
P-values for unhealthydays2020, DaysPM2.5, and DaysPM10 are significant, meaning unhealthy days of ozone and particle
pollution levels have huge impacts on pediatric asthma occurrences.

Table 2. Adult Asthma

Model 2: AdultAsthma over
TempChange+TempMean+UnhealthyDays2018+DaysNO2+DaysPM25+DaysPM10

Call: Im(formula = AdultAsthma ~ TempChange + TempMean + UnhealthyDays2018 +DaysNO2 + DaysPM25 + DaysPM10, data =
climatedata)

Coefficients:

Estimate Std. Error t-value Pr(>|t])

(Intercept) 10945.1 62015.0 0.176 0.86087

TempChange -5375.6 14908.6 -0.361 0.72047

TempMean -453.1 837.1 -0.541 0.59155
UnhealthyDays2018 1491.1 496.9 3.001 0.00480 **

DaysNO2 592.7 700.3 0.846 0.40281
DaysPM25 3135 115.0 2.725 0.00976 **
DaysPM10 795.5 236.3 3.367 0.00178 **

Signif. codes: 0 “***’ 0.001 “*** 0.01“*’0.05°"0.1°" 1

Residual standard error: 44010 on 37 degrees of freedom.
Multiple R-squared: 0.4968,Adjusted R-squared: 0.4152.
F-statistic: 6.089 on 6 and 37 DF, p-value: 0.000166

Table 2 is the result from the regression of AdultAsthma on the independent variables. It displays the relationships between
occurrences of Adult Asthma and the independent variables. Same conclusions can be made. F-statistic: 6.089, and p-value:
0.000166. Overall model fitness is very good. Multiple R-squared: 0.4968, meaning about 50% of the variations in adult asth-
ma can be explained by these variables. P-values for unhealthydays2020, DaysPM2.5, and DaysPM10 are significant, meaning
number of unhealthy days and particle pollution levels have huge impacts on adult asthma occurrences.

Table 3 shows the result from the regression of LungCancer on the independent variables. This table displays the relation-
ships between occurrences of Lung Cancer and the independent variables. F-statistic: 0.6778, and p-value: 0.6683. Overall
model fitness is not good. The variables seem not valid in explaining the occurrence of lung cancer. All P-values are too big to
be significant. Notice there are no significantly low p-values for any of the relationships between the occurrences of lung can-
cer and the independent variables.

Table 3. Lung Cancer

Model 3: LungCancer over
TempChange+TempMean+UnhealthyDays2020+DaysNO2+DaysPM25+DaysPM10

Call: Im(formula = LungCancer ~ TempChange + TempMean + UnhealthyDays2018 +DaysNO2 + DaysPM25 + DaysPM10, data =
climatedata)

Coefficients:
Estimate Std. Error t-value Pr(>|t])
(Intercept) -1408.341 2183.194 -0.645 0.523
TempChange 242.702 524.846 0.462 0.646
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TempMean 11.616 29.469 0.394 0.696
UnhealthyDays2018 14.061 17.492 0.804 0.427
DaysNO2 -18.169 24.655 -0.737 0.466
DaysPM25 2.401 4.050 0.593 0.557
DaysPM10 6.911 8.318 0.831 0.411

Residual standard error: 1549 on 37 degrees of freedom.
Multiple R-squared: 0.09903, Adjusted R-squared: -0.04707.
F-statistic: 0.6778 on 6 and 37 DF, p-value: 0.6683

The three dependent variables in the research were studied to be affected at least in some way by some of the independent
variables. So, it was interesting to see that the occurrence of lung cancer had no significant relationships with any of the inde-
pendent variables. One reason is that cancer is a result of long-term development. So, it is less associated with one-year data of
air pollution. Pediatric and adult asthma were both shown to be significantly affected by unhealthy levels of ozone, particulate
matter 2.5, and particulate matter 10 as asthma is often more acute and can attack suddenly by even one-day deterioration of
weather and air conditions.

The days of Ozone pollution is not included in the models as the variable cancels impacts from Unhealthy days of PM 2.5. |
tried a regression by replacing DaysPM25 with Days Ozone in the model 1. The result gets worse, not as good as with
DaysPM25 included. The coefficient of Days Ozone is negative as opposite to that of DaysPM25. A regression by replacing
DaysPM25 with Days Ozone was assessed in the model 2. The coefficient of Days Ozone is negatively large. Both regressions
confirm what the correlation between DaysPM25 with Days Ozone tells.

4. Discussion and conclusions

In this study it is easy to see those unhealthy days for sensitive groups, PM 2.5 pollution, and PM 10 pollution have consi-
derable influence on adult and pediatric Asthma. The coefficients of these variables in models 1 and 2 are big, have signifi-
cantly low p-values, indicating that the relationship was unlikely to be caused by chance. The results of this study are concur-
rent with a statement made in the CDC’s Asthma and Air Pollution Tool Kit, “Long-term exposure to ozone and particle pollu-
tion has been found to injure the lungs and has been shown to cause asthma in children” [18]. Therefore, to protect the envi-
ronment is important. Any policies, technologies, and investment to reduce emission and pollution should be encouraged and
supported. Governments and businesses, societies, and communities all over the world should work together, work hard, and
team together to reduce the impacts from climate changes. The limits in this research are: 1) the data was only collected from
43 metropolitan areas in the United States. A bigger sample size certainly make analysis better, especially if the data can be
retrieved from other continents. But the data collection is always the most challenging job for this type of research. 2) There
should be other factors of concern, which can also affect these respiratory system related diseases. Future analysis should try to
include more variables with a bigger data set. 3) the impacts from Ozone pollution are a myth from the data, worth further re-
search with larger data sets.
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Appendix

R scripts for data analysis

Software package

#Read the climate data in .csv from disk to an R console session as dataframe climate-
data

climatedata<-read.csv("climatedata.csv")

#Verify the data is in the session and display the column names of the data set.
colnames(climatedata)

#modify the output width to 220
options(width=220)

#Use cor()function to calculate the coorelation matrix of the columns concerned.
cor(climatedata[,4:12])

#use Im() to run regression of climate variables on pediAsthma, adultAsthma and
Luncancer separately

#Modell uses PediAsthma as the dependent variable

cldmo-
dell<-Im(PediAsthma~TempChange+TempMean+UnhealthyDays2018+DaysNO2+D
aysPM25+DaysPM10, data=climatedata)

summary(cldmodel)

#Model2 uses AdultAsthma as the dependent variable

cldmo-
del2<-Im(AdultAsthma~TempChange+TempMean+UnhealthyDays2018+DaysNO2+
DaysPM25+DaysPM10, data=climatedata)

summary(cldmodel2)

#Model3 uses PediAsthma as the dependent variable

cldmo-
del3<-Im(LungCancer~TempChange+TempMean+UnhealthyDays2018+DaysNO2+D
aysPM25+DaysPM10, data=climatedata)

summary(cldmodel3)

https://cran.r-project.org/

https://cran.r-project.org/web/packages/neuraln

et/neuralnet.pdf,_

https://www.rstudio.com/
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