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Abstract

Several studies have recognized the link between infrastructure and temperature increases

through the Urban Heat Island effect (UHI). However, to date no studies have shown the impacts

of population on temperatures. Here, we assess how population growth has impacted temperature

changes across both rural and urban locations across the last half century. Specifically, we

compare changes in both the mean and variance of minimum and maximum daily temperatures

across urban and rural areas during the last half century, and compare those trends to population

change. Our data shows a positive increase in temperature trends as well as variance when

compared to population change within the last half century.

Question:

How have population increases across urban vs. rural locations in the continental United

States impacted minimum and maximum daily temperatures during the last half-century (ca.

1970 to 2020)?

Introduction/Background information:

Climate is simply the long term weather patterns in a specific area. When these average

patterns change, this is called climate change. Contemporary climate change is is being primarily

driven by increased emissions of carbon dioxide in the atmosphere from the combustion of fossil

fuels, such as petroleum, coal, and natural gas.. Many metropolitan cities are expected to have an

increase of temperature related mortalities within the next few years (Weinberger, Haykin, Eliot,

Schwartz, Gasparrini, Wellenius, 2017). Because climate change directly affects human life and

well being, it is important to learn more about human effects on climate change and mitigate it in

any way possible,
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On a global scale, climate change-related impacts – ranging from rising seawater levels to

increases in temperature related deaths – is something that will affect everyone within the

coming years. As carbon emissions rise and the world’s population becomes increasingly

urbanized, the connection between population growth and temperature change will become

increasingly crucial to understand. Urban Heat Islands (UHI) are one of the most well-known

links between population and temperature change. Research has highlighted the hourly impacts

of UHI on temperature. “Hotspots” is a term used to describe a higher temperature associated

with a more densely populated area (Hu, Wilhelmi, Uejio, 2018). Population is not the only

factor that can create these UHI: the infrastructure itself can also lead to an increase in

temperature trends. Use of materials like concrete and asphalt can influence the surface

temperature of a certain area (Rhee, Park, Lu, 2014). When looking for a relationship strictly

between population and temperature, one must take note that the infrastructure and its effects on

the temperature will always remain, even as the population decreases. One region where this can

be seen is within major cities in the Rust Belt of the United States. Cities such as Buffalo, New

York; Cleveland, Ohio; Detroit, Michigan; and Pittsburgh, Pennsylvania; have each experienced

a population decline of over 40% since the 1970’s (Hartley 2013). A prior study have shown that

sprawling metropolitan cities are more prone towards UHI-related temperature increases than

compact cities, but this study did not compare rural and metropolitan areas (Stone, Hess,

Frumkin, 2010).

This figure shows population decay and

growth. We removed all sites with a

population decay because our research
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question focuses strictly on population

growth since the 1970s.

The objective of our study is to identify a relationship between increasing temperatures

and population growth across urban vs. rural locations in the continental United States. The

predicted outcome of this study is that areas that have had a significant increase in population

will have a more drastic increase in average temperature than rural cities due to the urban heat

island effect. We also predict that the variance (representing the spread of daily temperatures)

across the sites will increase with population growth in both minimum and maximum daily

temperatures.

As climate change becomes more prevalent in everyday life, the use of this data will help

compare how humans have a direct impact on the environment, either from the carbon emissions

put into the atmosphere or the effects UHI’s have.

We will frame our statistical analyses around the following three questions:

1. Are the rates of minimum and maximum daily temperature change different when

comparing urban and rural locations?

Through data analysis, we will be able to look at the different rates of change through all the

locations to see if there is a clear correlation between population growth and temperature change,

using statistical regression analysis.

2. Are there changes in the variance of minimum and maximum daily temperatures

on a decade by decade basis for urban versus rural locations?

By using probability density functions (PDFs), we will assess changes in the overall distribution

of temperatures. PDFs are useful for showing changes in the overall distribution of temperatures,

which can provide insight into the probability of change in extremes in the future (for example, a
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trend towards wider PDF’s implies more variable temperatures, whereas a change towards

skinner PDF’s implies less variable, or more “predictable” temperatures).

Methods

Data Collection

Station temperature measurements were taken from the National Center for

Environmental Information’s (NCEI; a division of the National Oceanic and Atmospheric

Administration, NOAA) Global Surface Summary of the Day (GSOD) dataset. At the time of our

data collection (Oct. 19th, 2021), the GSOD contained over 3600 sites across the United States,

which largely consisted of government or military-operated meteorological stations from

airports. Each site provides hourly measurements of up to 18 surface meteorological parameters

(including, importantly, minimum and maximum daily surface temperatures, the two variables

targeted in this study). Further information on data attributes of the GSOD archive can be found

at https://www.ncei.noaa.gov/data/global-summary-of-the-day/doc/readme.txt. From our over

3600 sites, we then required that each site meet the following requirements:

1) derive from the continental United States only (i.e., no sites from Hawaii, Alaska, or

U.S. territories were permitted).

2) contain over 90% data availability during the period Jan. 1st, 1970 to Dec. 31st, 2019

(that is, we required sites to report minimum and maximum daily temperatures for at least

>16435 out of 18261 days).

Querying both criteria permitted a final dataset consisting of 368 sites (or, a total of ~7

million data points for average, minimum, and maximum daily surface temperature,

respectively). For each site, information on site name and location (e.g., airport/site name, state,

latitude, longitude, and elevation) were stored.
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Next, we gathered information on local population growth or decay for each of our 368

meteorological stations, using publicly available decadal-interval census count data generated by

the U.S. Census Bureau (https://www.census.gov/). Since our study is interested in the impact

that regional-scale metropolitan-area population growth spanning the last 50 years has had on

local temperature change, we assume that changes in the largest population center (i.e.,

town/city) situated within a 30 km radius of each of our meteorological stations is representative

of each site’s broader metropolitan-area growth/decay. Once successfully queried, information on

each of these resulting population centers, including town population growth/decay, township

area, location (i.e., city-center latitude and longitude), city name, and distance from its associated

meteorological station (a value between 0 and 30 km), were stored as data attributes for later use.

By looking at temperature data from 1970 to 2020 there are multiple factors to consider,;.

Broken thermometers (leading to missing data) or lack of consistent data collection methods are

both factors to consider when finding complete data. By developing a simple MATLAB™

coding script, we are able to parse out the most accurate data to use. Because our research project

is looking at cities that have increased in population, we also removed sites with a population

decay. We decided to do this in order to see how strictly population growth has an effect on

temperature increase, instead of looking at the effect infrastructure might have on a certain area.

First, we approximated the common global warming signal as the average temperature

anomaly across all sites. Why did we take the average temperature anomaly as opposed to just

the average temperatures of each site? It's because different sites have different average

temperatures! For example, even though the global warming trend might be similar between

Portland, Maine and Tucson, AZ, their average temps obviously aren't! Thus, we converted each

raw temperature time series to temperature anomalies by first subtracting each site's temperatures
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by each's respective average temperature between 1970 to 2020. The global warming signal was

then computed as the average of all sites' temperature anomalies. Finally, we subtracted each

site's temperature anomaly time series by our global warming signal. Doing so reduces the

amount of warming in all our sites: for sites that warmed more than our global warming signal,

those sites will still show warming. For sites that warmed less than our global warming signal,

those sites will show cooling after we subtract our global warming signal.

Data analysis and processing

Processing the Population Data

Since the US Census data is only available every ten years, we interpolated decadal

values to estimate annual population growth or decay. One thing we needed to take into

consideration was that some cities have lost population since the 1970s (e.g. Buffalo, New York

and other major cities in the Rust Belt). This complicates our analysis, because the infrastructure

in these cities that remains could continue to impact temperature despite the fact that there are

fewer people. We therefore decided to remove these cities in order to focus on areas that have

only increased in population.

The next decision that we had to make was how to treat our population growth data.

Since there were only a few sites that had a drastic change in population between 1970 to 2020,

the distribution of temperature growth for US cities is strongly cluttered towards the left across

several orders of magnitude: that is, the majority of our sites grew by several thousand people,

whereas a few cities grew by several million. The histograms shown in Figure 2 below show

how taking the log in the change of people (log(∆Population)) will make all the population data
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more symmetrical, similar to a bell curve.

Processing the Temperature Data

Question One:

One way to analyze the data was to look for patterns in Pearson correlation coefficients (

R values) between log(∆Population) and average minimum and maximum daily temperatures for

each year. To do this, we plotted the global warming- detrended temperature trends, then

calculated the regression line using log(∆Population) as the independent (x) variable. After

processing this data in MATLAB™, we produced a table of R values assessing the relationship

between each site’s log(∆Population) and its average daily minimum and maximum temperature

for each month, season, and annually. The R value will represent how close all of the data is to

the trend line, with 1 being the line going through all of the points (which would suggest

log(∆Population) perfectly explains each site’s temperature trend). If the R value is close to 0,

there is no direct relationship between the global temperature increase and population growth.

We also tested these relationships using weighted regression, by putting more weight on

the sites that had the airports closest to the city center (specifically, airport sites were given

weights of 1 divided by distance to city center), since some airports are further from the city

center. We hypothesize this weighted regression will improve our correlations, by more

accurately representing the temperature of the city center. The weighted regression follows the
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same process to get the R values as before, just that

airport sites closer to city centers have more weight. This

is a way to further evaluate our correlations and results

from the regular regression, and see if the trends are the

same.

This graphic demonstrates how we got the distribution to

be from 0, rather than a scaled amount, which will make

our data more local. This was done to remove the

common warming that has occurred in the United States

due to general global warming all over the world.

Therefore removing the US average warming

temperature from each site and detrending them. First,

we took the average of all the sites, then we subtracted

that average from all of the averages to get the

distribution to 0. This will make the correlation of all the

temperatures more accurate. Our distribution will now go

from -10 to 10 instead of 5 to 40, and this will make it

much easier to read as well.

Question Two:

In order to answer our second question related to

changing temperature variance, we had to create

Probability Distribution Functions (PDFs) from our daily
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temperature values. In order to do this we started out by grouping all the daily values for each

decade. The variance of the data will represent how variable the temperature may be.

When the rate of the variance is increasing, the temperatures are becoming less

predictable/more variable. When the rate of change is decreasing, the temperatures are becoming

more predictable/less variable. When the rate of change is near 0, the variance isn't changing.

Note, however, average can still be changing even when the variance is not
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Results

Results for Question 1

Regular regression R value
correlations for each month, season

and annually in regards to
population increase.

Month
Min Daily

Temperature
Max Daily

Temperature

Jan -0.01 -0.11

Feb 0.25 0.20

Mar 0.26 -0.07

Apr 0.37 0.11

May 0.38 0.16

Jun 0.34 0.04

Jul 0.31 -0.02

Aug 0.33 0.09

Sep 0.20 -0.12

Oct 0.31 0.24

Nov 0.23 -0.10

Dec 0.20 0.08

DJF2 0.18 0.09

MAM 0.37 0.06

JJL 0.35 0.04

SON 0.28 0.02

ANN 0.32 0.06

Weighted regression R value
correlations for each month, season

and annually in regards to
population increase.

Month
Min Daily

Temperature
Max Daily

Temperature

Jan -0.12 -0.33

Feb 0.29 0.17

Mar 0.19 -0.30

Apr 0.45 0.04

May 0.43 0.16

Jun 0.34 -0.02

Jul 0.36 -0.1

Aug 0.38 0.03

Sep 0.12 -0.25

Oct 0.38 0.24

Nov 0.08 -0.41

Dec 0.24 0.01

DJF 0.17 -0.08

MAM 0.40 -0.08

JJA 0.38 -0.04

SON 0.23 -0.21

ANN 0.32 -0.12

2 DJF, MAM, JJA, SON are representing the seasons. For example, DJF means the winter months of December,
January, and February.
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Regular regression results:

The average minimum daily temperature has a stronger correlation between population and

temperature than the average maximum temperature does. Correlations for spring and summer

are higher than winter and fall in minimum temperature. Maximum temperature correlation

annually is close to 0, meaning it barely follows the trend line.

Weighted regression results:

The average minimum daily temperature annually remains the same as the regular regression,

and the average maximum daily temperature annually slightly increases in correlation. There is a

high correlation in the spring and summer months for the minimum temperature, and a low

correlation in June, August, and December for the maximum temperature. Fall maximum

correlations are significantly higher than any other season, and the annual correlation.

For all of these  figures: The graph on the right is all the sites plotted against temperature change and population change. The red on the graph demonstrates a high correlation with population

(temperature increasing with increasing population). The deep blue is a high correlation with population, but temperature decreases. The white and light colors have a low or no correlation

between temperature change and increasing population.

Average annual temperature correlations with weighted regression:

Maximum annual temperature correlations with weighted regression:
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Minimum annual temperature correlations with weighted regression:

These graphs and maps were made using the weighted regression data since that accounts for

airports close to cities, which is the data we want to have the most impact.
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Results for Question 2

Unweighted regression correlation
coefficients (R values) for the

variance of each month, season, and
annually vs change in population for
all sites with increasing population

within the Continental United States.

Month
Min

Temperature
Max

Temperature

Jan 0 -0.07

Feb 0.20 0.18

Mar -0.23 -0.07

Apr -0.04 0.23

May -0.06 -0.05

Jun 0.11 0.04

Jul 0.04 0.19

Aug 0.11 0.17

Sep 0.12 0.28

Oct -0.13 -0.05

Nov 0.01 -0.07

Dec 0.22 0.23

DJF 0.19 0.11

MAM 0.02 0.18

JJL 0.03 0.12

SON -0.17 -0.02

ANN 0.20 0.08

Weighted regression correlation
coefficients (R values) for the

variance of each month, season, and
annually vs change in population for
all sites with increasing population

within the Continental United States.

Month
Min

Temperature
Max

Temperature

Jan 0.19 0.11

Feb 0.40 0.54

Mar -0.15 0.24

Apr -0.14 0.36

May -0.12 0.08

Jun 0.33 0.16

Jul -0.03 0.28

Aug 0.10 0.21

Sep 0.21 0.56

Oct -0.1 -0.38

Nov 0.33 -0.1

Dec 0.43 0.55

DJF 0.40 0.46

MAM 0.29 0.46

JJA 0.07 0.19

SON -0.02 0.1

ANN 0.39 0.29
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Similar to the results for question one; when looking at the weighted regression results,

the variance of each site has a higher R value correlation then the unweighted regression. The

table above shows that the minimum and maximum daily temperatures are becoming more

variable in the winter and spring months with an increase in population. The summer minimum

temperature variance is decreasing with an increase in population, meaning that the temperatures

are becoming less variable, and fall within a smaller range.

Discussion

Discussion for Question 1:

For the regular regression:

The average minimum daily temperature has a stronger correlation between population

and temperature than the average maximum temperature does. It also shows that the lowest daily

temperature (that usually falls in the nighttime) is more sensitive to population change compared

to the temperatures taken during the middle of the day. There could be many reasons for this

such as plant mass, or infrastructure but this relationship has not yet been looked into.

The correlations for spring and summer trend lines are higher than winter and fall, so we

can infer that winter and fall are experiencing more heat around the country than the trend line

would expect, leading to outliers to make the correlation weaker. The correlation trend line for

the average maximum temperatures annually compared to the actual data points on the graph is

close to 0, meaning it is barely following the line. This means that the country is experiencing

warmer temperatures annually than the predicted temperatures on the line of best fit.

While there is no reason known as to why certain seasons follow the trend higher than

others, some ideas may be that snowfall or precipitation make an area more or less susceptible to

temperature changes due to population growth.
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For the weighted regression:

The average minimum temperature has the same correlation as before, so we can assume

that it is pretty accurate. This furthers our hypothesis that the middle of the night has a stronger

correlation with the trend line, and the minimum temperatures are closer to what the expected

temperatures are than the maximum temperatures. There is a low correlation in June and August

for the minimum temperature, and this may mean that it is remaining warmer at night than the

trend line would expect. This could be due to the ozone layer trapping heat in more as global

warming increases around the country (Is there a connection between the ozone hole and global

warming?, 2017). Fall maximum temperature correlations are higher than any of the other

seasons and the annual correlation, so the temperatures in the fall season are closely explained by

the trend line. This is very different from the maximum fall temperature correlation on the

regular regression, where it was closer to 0. This could be because the sites with airports farther

from the city center were the outliers in the normal regression, so now they are not affecting the

weighted correlation as strongly.

Discussion for Question 2:

Because the results of our weighted regression vs. regular regressions were generally

consistent for question 1, we decided to just analyze the weighted regression for question 2. The

table suggests that temperatures became more variable in the winter and spring months compared

to the summer and fall season with increasing population. When comparing question 1 and 2,

you can see there is a weak but positive correlation (r = 0.17) between minimum daily average

temperatures and population growth during the winter months (DJF), but the relationship is

stronger when comparing the variance to population growth within the same time frame (r =

0.40).
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Limitations

There are many limitations to our experiment, such as the impacts of site altitude,

ecosystems, and airport locations on temperature. Some sites may be at a significantly higher or

lower altitude than others. Higher altitudes are typically colder and have more extreme climates

compared to sites situated at a lower altitude, this could create an outlier within our data . The

ecosystems of each site are also going to be different, with some being desert areas, forested

areas, or maritime areas. These will all affect the temperature changes at each respective site.

Weather trends also matter, such as if a location gets more precipitation than usual, the

temperatures will typically be cooler, or vice versa. Because we used data from airports, we had

to focus on larger cities, since many small cities do not have an airport within a 30 mile radius of

them. The airport may have originally been in a less populated area of the city, and then the city

spread towards the airport which would cause an urban heat island effect near the airport and a

rise in temperatures collected there. Or if the airport is on the outer edges of the city, the airport

weather data will not pick up on the urban heat island effect and warming temperatures in the

actual city, hence why we chose to use a weighted regression.

Further Research

There are multiple areas of study that were not focused on with our research project.

Things like microclimate, precipitation, and

elevation are all things that can be explored

with further research. All of these elements

play a key role in temperature change along

with population. Another area to research

would be how temperatures of certain
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regions of the Continental US are affected by population change. When looking at the map that

shows the variance across the US you can see that there are some areas within the country that

are under-represented on the tables in the results section of the table. There are areas within the

United States such as the midwest that are actually becoming less variable, but these regional

relationships are obscured by correlation analyses shown within our tables. To go about looking

at the regional areas you could write a code in order to single out certain areas based on their

latitude and longitude.

Another question of interest we would like further study is: Is there a trend in the timing

of the hottest day of the year in rural versus urban areas? This could be useful to further research

to see if the population affects when the hottest day of the year is in cities versus smaller

population areas, or if it has no effect.

Conclusion

The goal of our research project was to establish the relationship between population

growth and changes in both the temperature average and variance. From our research we

determined that the minimum temperature average was the most sensitive to population growth.

Many of the cities with high populations had the strongest correlation between temperature

increase and increasing populations. We found that minimum daily temperatures were in fact

becoming more variable in the winter months.

This research shows that climate change is having a significant effect on the country, and

that UHI’s are more susceptible to warmer temperatures as population is increasing, although

areas with smaller populations are getting warmer as well. Future research would need to be

done to fully understand the connection between population and climate change, and if

population growth is a significant cause.
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