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Abstract: The frequency and intensity of extreme precipitation and temperature events has been
increasing over the past decades. These changes could impact daily exposure to high concentrations
of pollutants like SO2, NO2, Ozone and particulate matter (PMx), exacerbating risks for numerous
health problems. We used monitor based measurements of daily concentrations of seven common
pollutants and raster based climate datasets to test associations of precipitation and temperature with
daily pollutant levels for the years 2005 to 2022. Concentrations and climate change data were mapped
using latitude longitude locations of pollution monitors. We visualized daily measures of pollutants
and temperature to explore possible same-day correlation between each. To explore lag associations of
pollutants and climate variables, we used cross correlation functions and identified lag days where
the association was strongest. We found that Ozone and PM10 had strong positive correlations with
temperature (Pearson corr: .31 and .25 respectively), while NO2 had strong negative correlations (Pear-
son corr: -.21). Precipitation was negatively associated with nearly all pollutants. Cross-correlations
suggested that there were important lag associations of temperature and precipitation pollutants,
but that specific predictive lag days varied by pollutant. Further study of pollutant concentration
patterns would allow researchers to better predict airborne pollutant exposures based on available
daily weather data, thus better assessing potential risks to human health for at risk populations.
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1. Introduction
The intensity, frequency and duration of extreme weather events including heatwaves and

catastrophic precipitation events has been increasing across the world [1,2]. Ambient air pollutants
such as particulate matter (PM), carbon monoxide (CO), ozone (O3) and sulfur dioxide (SO2) all have
demonstrated impacts on human mental and physical health [3–5] and contribute significantly to
global mortality, particularly from respiratory causes [6–8]. Some research has suggested that the
combination of concentrations of various air pollutants and temperature and precipitation might have
synergistic effects on health [9]. Understanding patterns of association of climate variables such as
temperature and precipitation with concentrations of important air pollutants would help to better
characterize short and long term changes in specific health risks.

Previous research demonstrates that elevated levels of ozone concentration due to temperature
changes might results in increases in worldwide mortality from a number of causes [10]. High
concentrations of PM10 and PM2.5 might increase incidence of death and increase health expenditures
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[11,12] and the inhalation of PM10 associated microplastics might also have important implications
for health [13]. NO2 might have implications for urban health as it is a precurser gs to the formation
of Ozone and common in auto emissions [14]. Air pollution exposures might rise with changes in
patterns of temperature and precipitation by influencing the photo-chemical production of secondary
pollutants and increasing particulate emissions [15].

Our research examines temporal associations of concentrations of common pollutants with
patterns of temperature and precipitation to provide information to support efforts to predict health
outcomes. We want to examine how temperature change and precipitation would lead to changes in
temporal patterns of specific air pollutants. We also seek to discover whether there are lag associations
of climate variables that might be used to predict sudden or intense changes in airborne concentrations
of various air pollutants.

This research explores associations of climate variables with seven common air pollutants using
raster-based data for temperature and precipitation and monitor-based air pollution measurements.
We will not only describe same-day associations of temperature and precipitation and air pollutant
concentrations, but will also explore lag associations. We will explore how not only daily changes
in climate impact air pollutant concentrations but will also explore how short-term past changes in
precipitation are associated with concentrations of specific air pollutants today. This research will add
to a growing literature on climate and air pollution and hope that the results of our work will extend
to explorations of health risks.

1.1. Hypotheses to be tested

This research will test two main hypotheses:

1. Hypothesis 1: Temporal patterns of temperature and precipitation will be correlated with tempo-
ral patterns of specific air pollutants. We suspect that the patterns of association of temperature
and precipitation will differ both in magnitude and direction by air pollutant.

2. Hypothesis 2: There will be lag patterns of associations of temperature/precipitation with specific
ambient air pollutants. The impacts of temperature/precipitation on air pollutant concentrations
will not be felt instantaneously, but rather will arise days or weeks after temp/precip changes.

2. Methods
2.1. Data

This research uses freely available daily air pollutant monitor data from Environmental Protection
Agency of the United States [16]. This system comprises more than 4,000 outdoor monitoring stations
located throughout the United States and its territories. Each monitor measures concentrations of up to
six or more pollutants on a daily basis. Data are collected from each monitoring station and added the
Air Quality System database [16], which is made available for free to the public. This research focuses
on six classes of air pollutants: Ozone (O3), Particulate matter (PM10 and PM2.5), Carbon monoxide
(CO), Nitrogen dioxide (NO2), Sulfur dioxide (SO2), and lead (Pb). These six common air pollutants
each present unique health risks documented in numerous research studies.

Researchers downloaded daily data for each site, retaining the monitor identification number (ID)
and county for the all available observations between January, 2005 and February, 2022. Target states
included the Midwestern "Great Lakes" States of Illinois, Indiana, Michigan, Ohio, Pennsylvania and
Wisconsin, which are all demographically and developmentally similar states in temperate region of
the United States.

Daily maximum temperatures and precipitation (rain+melted snow) for every county in each of
the target states were extracted from raster-based data sets obtained from the PRISM Climate Group at
Oregon State University [17]. We merged temperature and precipitation based on the county location
of air pollution monitors. Though we recognize that both precipitation and temperature can be highly
localized, it might also be highly variable at that location, due to a number of factors. As one of the
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goals of this research is to identify possible contributions of average temperature and precipitation over
a wide space in order to support possible efforts to predict changes in ambient pollutant concentrations,
it was decided that county level averages would be sufficient.

2.2. Statistical Methods

We visualize all six pollution measures, temperature and precipitation by plotting the series of
daily means to evaluate any possible seasonality and trend. Next, we calculated Pearson’s correlation
coefficients of daily data for all pollutants with temperature and precipitation at every location. We then
calculate cross-correlations of all pollutants with temperature and precipitation to explore same day
and lag associations of pollution with climate variables. The sample cross correlation function (CCF)
can help identify lags of the one variable that might a useful predictor of another. Cross correlations
can be expressed in lags of x before or after observation y. This can help us assess how changes in
one variable are associated with changes in another, both for x with y and for y with x. That is, we
can explore which variable leads another and which variable might follow. The method allows us to
shift the position of each series relative to one another by k time units and calculating a correlation
coeffcient between the two series for each unit shift k. We can then compare the series for a range of
time differences and determine the time lag where the correlation between the two series is strongest.
For this research, we use the ccf() function in R. This function uses the standard deviations and the
stationary mean of the two series to calculate the correlation allowing for temporal autocorrelation
within time series. We visualize the cross-correlations. We then numerically find the lag at which
correlations between pollutants and temperature/precipitation are strongest.

3. Results
After compiling all pollutant data recorded between January 1, 2005 and February 1, 2022, we

found missing daily observations in several of the monitor sites. Some sites contain only observations
for short periods of time, presumably due to time of initial construction of the monitor or device failure.
Ozone and PM2.5 have the most monitor sites. For PM10, SO2, CO, and NO2, there were few monitors
until the year 2016. For Pb, there are few monitors across the time frame, and many monitors worked
only for a short period of time. For this research, we only used monitor data with relatively complete
(>95% non-missing) data within the target time window.

We visualized the time series of each pollutant, temperature and precipitation. We observed strong
seasonal patterns of Ozone, CO and NO2. We confirmed seasonality by time series decomposition
(not shown). Variability of NO2, PM2.5, PM10 and SO2 decreased over time. Concentrations of CO
have increased since 2015. See Figure 1 for daily time plots for each of the other the pollutants. Ozone
and CO concentrations did not decrease over time. However, NO2 has decreased since 2011. We
observed the decreasing trend of PM2.5 since 2005, resulting from regulations of PM2.5. PM10 reaches
its maximum in 2017, but has decreased since then. Years 2005-2008 displayed increasing SO2, but SO2

has decreased and reached a constant value since 2015. Though we did not find a significant trend in
Pb concentration, we can see that Pb concentrations are very high in the year 201 but decreases then.
See Figure 2 for full results.
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Figure 1. Mean concentration of pollutants and associated precipitation and max temperature from 2005-01-01
to 2022-02-01. First row: CO, NO2, Ozone. Second row: Pb, PM2.5, PM10. Third row: SO2, Max temperature,
Precipitation.
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Figure 2. Cross correlations of pollutants with temperature

We visualized the two climate variables and observed seasonal patterns in daily maximum tem-
peratures across all counties in target states. We also observed seasonal patterns in daily precipitation,
noting maximum precipitation changes over time and which counties have increased chance of extreme
precipitation events.

Table 1 shows the mean daily concentrations for each of the seven pollutants we examined. While
each measure the concentrations of pollutants, the scale of each pollutant is different. We standardized
each pollutant to allow comparisons across all of the. we found a negative association between
temporal patterns of precipitation and temporal patterns of specific air pollutant concentrations such
as NO2, SO2, PM10, PM2.5, Ozone. There was no observable association with CO and Pb. Temperature
was positively associated with temporal patterns of Ozone and PM10 concentration. No observable
association with Pb, NO2, SO2, PM2.5 and CO was found.

Table 1. Pollutant’s correlation with climate variables

Pollutants Pollutant mean (sd) Correlation Temp mean (sd) Correlation Precip mean (sd)
CO 0.44 (0.25) -0.02 (0.07) -0.08 (0.05)
NO2 20.35 (12.22) -0.21 (0.12) -0.18 (0.03)

Ozone 0.04 (0.01) 0.31 (0.14) -0.14 (0.04)
Pb 0.01 (0.04) 0.14 (0.13) -0.13 (0.09)

PM2.5 9.18 (6.02) 0.04 (0.13) -0.15 (0.03)
PM10 21.74 (13.79) 0.25 (0.11) -0.19 (0.05)
SO2 5.85 (11.62) 0.08 (0.09) -0.10 (0.04)

We used pre-whitening strategies to assess the climate data and examine the lag response of the
pollutant concentration. We found that maximum temperature is positively associated with CO concen-
tration after 1 and 3 days. Maximum temperature is positively associated with NO2 concentration after
3 and 7 days, and negatively associated with NO2 concentration after 6 days. Maximum temperature
is positively associated with SO2 concentration after 3,5,13,16 days, and negatively associated with
SO2 concentration after 4 and 12 days. Maximum temperature is positively associated with PM2.5

concentration 1 day and 2 days afterward. Maximum temperature is positively associated with PM10

concentration after 1 and 5 days, and negatively associated with PM10 concentration after 4 days.
Maximum temperature is positively associated with Pb concentration after 5 days, and negatively
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associated with Pb concentration after 4 and 6 days. Maximum temperature is positively associated
with Ozone concentration after 1 and 2 days.

We found that precipitation is positively associated with CO concentration after 8 days. We found
no significant association between lag response of NO2 concentration and precipitation. Precipitation
is negatively associated with SO2 concentration after 1 day. Precipitation is positively associated with
PM2.5 concentration after 4 days. Precipitation is negatively associated with PM10 concentration after 8
days. Precipitation is negatively associated with Pb concentration after 5 days and positively associated
with Pb concentration after 6 days. Precipitation is positively associated with Ozone concentration
4-10 days afterward.

Figure 3. Cross correlations of pollutants with precipitation

Table 2. Significant lag associations between pollutants and climate variables.

Pollutants Lag temp Lag precip
CO 3 8
NO2 7 NA

Ozone 2 10
Pb 5 6

PM2.5 2 4
PM10 4 8
SO2 12 1

4. Discussion
We found a moderately strong positive correlations between PM10, Ozone and daily maximum

temperature, suggesting that over all increases in temperatures or sudden extreme heat events might
lead to rapid increases in exposure to these pollutants. As PM10 and Ozone both have bean associated
with serious physical and mental health risks [18,19], changes in climate might exacerbate incidence
for health conditions association with these pollutants.

Nearly all pollutants showed lag associations with daily max temperature and precipitation, but
the association varied by pollutants. In the future, we may use these associations and detection of
extreme climate events to predict the level of air pollutants, incorporating the level of air pollutants
into weather forecast. The precise prediction of changing patterns of pollutants can be useful for those
who need to avoid absorbing certain air pollutants. For example, people with heart or lung diseases
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are acute to short-term and long-term exposure to PM2.5. Infants, children and older adults should
limit their exposure to PM2.5. A thorough understanding of associations between pollutants and
climate variables would allow for better public health outcomes.

The limited spatial distribution of air quality impacts the ability to test associations of climate and
pollutant concentrations across a varied set of contexts. Most air quality monitors were located in or
around urban centers. While concentrations of air pollutants are generally lower and air quality better
in rural areas of the United States compared to urban areas [20], there might be strong variation by
context, the nature of local agricultural activities [21,22] and by level of urbanicity [23,24]. The lack of
pollutant monitors in rural areas complicates making comparisons between rural and urban exposures,
biases results to developed cities, and obscures rural-specific air pollution risks [25].

If daily maximum temperature and precipitation are important causal predictors of concentrations
of some pollutants, climate data can be easily leveraged to create early warning systems or help inform
public health professionals where to allocated resources to prevent air quality related health problems.
Through modelling and the breadth of data available, we can design systems to protect the public
health. Future efforts might also explore differences in patterns of climate and air pollution in different
geographic and demographic areas of the United States.
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