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Executive Summary

I present a treatise on the radioactive noble gas, radon, and its economic and health effects. Radon is a col-

orless, tasteless, and odorless noble gas formed through the radioactive decay of naturally occurring uranium

and thorium in soil and rocks. Long-term exposure to radon is considered the second leading cause of lung

cancer among the general population and the primary cause among non-smokers. Acknowledging these risks,

the EPA developed a map of Radon Zones in 1993, which designated each county in the United States as high,

medium, or low risk. This map has remained the most comprehensive depiction of the distribution of indoor

radon potential across the contiguous US for the past 30 years. It has been referenced in state laws, local

laws, and building codes, serving as a catalyst for radon testing and mitigation efforts. Despite the risks high-

lighted by the EPA Map, the average radon testing rate among residential properties from 2005 to 2017 was

only 1.62 percent, resulting in over 21,000 annual lung cancer deaths attributed to radon exposure. The EPA

map serves as a descriptive tool and does not possess predictive capabilities, offering a simplified measure of

radon potential without the ability to extrapolate these potentials to observed indoor radon exposure.

Understanding and accurately estimating the distribution of long-term radon exposure is vital for deter-

mining appropriate mitigation strategies to reduce the burden of radon-attributed lung cancer among the US

population. However, achieving this task for the contiguous US has proven challenging due to limitations in

data, measurement error, selection bias, cost barriers, and issues of external validity. The natural geophysical

process that drives the production and movement of radon gas is inherently complex. Radon gas is generated

from radium, the parent isotope, and then migrates through the geology and soil via diffusion and advection,

ultimately encountering the diffusive barriers of a home.

Chapter 1 addresses these challenges and models the geophysical process that leads to the “production”

of radon gas in the atmosphere. This is accomplished by constructing the most comprehensive dataset to

date. The dataset combines information on underlying geology, the distribution of soil characteristics, terrain

features, uranium, thorium, and other radon accessory-forming minerals, daily weather patterns, outdoor

radon levels, housing characteristics, and indoor radon measurements from over twelve distinct data sources.

Utilizing these data, I develop a model of indoor radon at the household level and create an updated map

predicting long-term radon levels at the census tract level for the contiguous US. These contributions are

novel additions to the body of knowledge on the distribution of indoor radon and represent the first national

map of predicted indoor radon exposure ever created.

Chapter 2 utilizes the predictive model of indoor radon to examine the impact of radon exposure among

a specific subpopulation of US veterans. There are over 18 million veterans residing in the country and

lung cancer stands as the leading cause of death among veterans. While the Department of Veterans Affairs

acknowledges the potential health risks associated with radon exposure and provides guidance on mitigating

1



exposure for veterans and their families, the effects of radon gas exposure on the veteran population remain

relatively understudied. Chapter 2 aims to address this gap by investigating the prevalence of indoor radon gas

exposure and estimating the effects of long-term cumulative radon exposure on the likelihood of developing

lung cancer and mortality among veterans residing in seven southern states: Alabama, Arkansas, Kentucky,

Louisiana, Mississippi, Oklahoma, and Tennessee.

Lastly, Chapter 3 offers a novel analysis of the impact of short-term radon risk on home sale prices in

Davidson County (Nashville), Tennessee. This chapter contributes to the expanding literature on the eco-

nomic implications of radon exposure, the broader field of market hedonics, and the research on environmen-

tal economics and the capitalization of environmental risks by consumers.
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CHAPTER 1

A Model of Radon and A New Radon Map

1.1 Introduction

There are numerous challenges involved in developing a predictive model of indoor radon that can be applied

to the entire housing population across the United States. The primary and deepest source of radon gas lies

within the underlying geology, which comprises various minerals containing uranium and thorium. Ideally, a

model of the data-generating process of indoor radon would incorporate accurate measurements of uranium,

thorium, radium, and the geologic age. However, the current representation of geology across the US is

either relatively generalized or was conducted in a fragmented manner on a state-by-state basis. Geological

representations often employ geological units or indicators for rock lithology.1 Thus, the first challenge I

must overcome is constructing a seamless map of rock units and lithology for the contiguous US.

The presence of localized variation in deposits of radon-generating minerals poses a significant challenge.

There is a natural correlation between the average concentration of uranium and the lithology of the rock. For

example, granitoids typically have a mean uranium concentration of 3.3 ppm, with known ranges varying

from 0.4 to 7.8 ppm (International Atomic Energy Agency, 2003). However, an important question arises:

How does the uranium concentration in granite found in the Appalachian Mountains differ from that in

granite located in Minnesota or the Rocky Mountains? This limitation arises from the use of geological

rock formations and lithology as categorical indicators to predict concentrations of indoor radon. It becomes

apparent that local variation cannot be adequately accounted for using such indicators. Hence, the second

challenge revolves around obtaining the distribution of radon-forming minerals across the United States.

Moving forward, let’s suppose that both the geological units and the distribution of radon-forming min-

erals across the contiguous US are observed. The next challenge in modeling the data-generating process

of indoor radon pertains to the soil layer above the underlying geology. Given the extremely long half-lives

of uranium and thorium, the decay of these elements into radon gas has reached an equilibrium or steady

state (Kazkaz and Walsh, 2018). As a result, radon gas is being produced at a nearly constant rate within

the geology and soil. However, this gas must migrate through the soil pores, which may be filled with wa-

ter and other obstructing elements, in order to reach the surface and pose a potential risk of exposure. The

shape, size, structure, and texture of soil particles, combined with the characteristics of the pore space and

environmental conditions, influence the movement of fluids (Nazaroff (1992a), Chen et al. (1995), Klusman
1Geological units are typically identified by the prehistoric period during which the rock was formed and its general classification,

such as Quarternary volcanic rocks. On the other hand, lithology refers to the basic physical description of a rock unit and follows a
hierarchical structure: Igneous ⇐ Volcanic ⇐ Mafic-volcanic ⇐ Basalt.
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and Jaacks (1987), Pyngrope et al. (2022)). Thus, conditional on the underlying distribution of geology

and radon-forming minerals, the interactions between environmental conditions and soil characteristics will

mediate the flow of radon gas to the surface2.

Let’s proceed with the assumption that we have observed the amount of radon that has reached the surface.

The subsequent challenge in modeling the data-generating process of radon exposure involves considering

the exterior diffusive barriers of the home. These barriers hinder the movement of radon from the outdoor

and underground environments into indoor spaces. They encompass various factors, including basement

indicators, foundation types, exterior wall materials, passive radon resistance measures3, and the potential

implementation of active radon mitigation systems, among others. In an ideal situation, the researcher would

observe surface-level radon, weather, the complete set of building characteristics (including passive radon

resistance and radon mitigation), and long-term indoor radon test results for a representative sample of the

US housing stock. In practice, however, the challenges in modeling indoor radon in the current data envi-

ronment arise from the potential consequences of not observing passive radon resistance or radon mitigation.

Additionally, there may be sample selection biases introduced by conducting radon testing in homes that may

not be representative of the overall US housing stock.

I have successfully overcome all of the aforementioned challenges and have constructed the most com-

prehensive dataset ever created to model the data-generating process of indoor radon. To accomplish this, I

employ machine learning techniques to combine state-level geological maps with a conterminous geological

map of the United States, allowing for the prediction of rock lithology in a seamless distribution. This pre-

dicted geological map, along with soil survey data and long-term weather information, is utilized to predict

the distribution of radon-forming elements and accessory minerals based on a recent geochemistry survey

conducted across the conterminous US.

Furthermore, I integrate the predicted geology maps, soil data, predicted geochemistry, observed daily

weather, and model historical measurements of atmospheric radon.4. Additionally, I develop models to ac-

count for radon test sample selection and endogenous building characteristics by incorporating various factors

such as the EPA Map of Radon Zones, county testing rates, the complete distribution of exogenous housing

characteristics, soil conditions, and other geographical variables. Finally, I combine the predicted values of

atmospheric radon with housing characteristics, predicted endogenous building characteristics, radon testing

propensity scores, and over 1.1 million short-term indoor radon tests.

2Additionally, there may be impervious obstructions, such as asphalt or concrete, that limit the amount of radon gas that makes it to
the atmosphere.

3Passive radon resistance is a building technique that uses materials or methods that inherently make it more difficult for radon to
enter the home. For example, the placement of a polyurethane sheet under the foundation to work as an impermeable layer.

4I use bismuth-214 as a proxy for radon, a daughter isotope of radon-222, which has an extremely short half-life. More detailed
information regarding this proxy is discussed in Section 1.2
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By employing this comprehensive approach, I am able to construct an extensive model of the data-

generating process of short-term indoor radon. This model enables me to predict and map long-term indoor

radon at the census tract level. The combination of various data sources, including geological maps, soil data,

geochemical surveys, weather information, atmospheric radon measurements, housing characteristics, radon

testing rates, and other geographical variables, contributes to the development of the most expansive model

in this field. The predictive map provides insights into the distribution of long-term indoor radon exposure

across different regions and demonstrates significant radon exposure heterogeneity.

1.2 Radioactivity

Indoor radon is a naturally occurring radioactive noble gas that is produced through the decay of radium

isotopes. The longest-lived radium isotope, radium-226, has a half-life of approximately 1600 years, indicat-

ing that radon and radium originate from the decay of uranium and thorium that were deposited during the

formation of the Earth. Figure 1.1 depicts the decay chain for uranium-238.5 Radon-222 has a half-life of

about 3.8 days, allowing it to diffuse from the ground into homes before emitting harmful alpha radiation and

generating statically charged daughter particles that also emit alpha radiation.

Figure 1.1: The Radioactive Decay Chain of Uranium-238

It is worth noting the presence of the bismuth-214 isotope in Figure 1.1, which is part of the direct decay

5Figure 1.16 of Section 1.6 shows the decay chain for thorium-232, which produces radon-220. The short half-life of radon-220,
just 55 seconds, implies that it is unlikely to provide a significant source of indoor radon exposure. Nonetheless, as noted in (Nazaroff,
1992b), studies have found that advection is the primary process by which radon enters the atmosphere through uncovered soil. Since
the advection of radon-222 will be impacted by the amount of radon-220 that contributes to the advective velocities in the ground,
thorium-232 should be included in any model of indoor radon (in other words, thorium-232 shoots out alpha particles, and generates
radon-220 down the decay chain, which in turn increases the advective velocities in the soil that may co-determine the exhalation rates
of radon-222).
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chain of radon-222. Bismuth-214 has a short half-life of about 20 minutes, and the two preceding isotopes

(pb-214 and po-218) also have half-lives of less than 30 minutes. Due to the short half-lives of these daughter

isotopes of radon-222, bismuth-214 is an effective measurement for estimating the concentration of radon gas

in the immediate vicinity.6 This observation is critical and serves as the primary predictor of indoor radon

levels.

Suppose we observe a deposit of radium-226 in a closed setting. When the observation period begins, the

concentration of radon-222 will instantaneously increase as individual radium-226 nuclei randomly disinte-

grate into radon-222.7 In a closed setting, radon gas will reach a steady state within 5-7 days, during which

new radon-222 is produced from radium-226 at the same rate that current radon-222 decays into polonium-

218 (Lehnert and Kearfott, 2010). However, in the underlying rocks and soil, radon-222 has already reached

a steady state due to the 4.5 billion-year half-life of uranium-238. Therefore, as radon gas escapes from rocks

and soil, it continuously and almost instantaneously produces bismuth-214 along the decay chain, which

can be mathematically represented by the Bateman Equation.8 To see why this is the case, consider the

generalized form of the Bateman Equation:

Xn(t) = X1(0)
n−1

∏
k=1

λk

n

∑
i=1

n

∏
j=1

e−λit

λ j −λi
(1.1)

where X1(0) is the initial concentration of radon-222, t indexes time, and λ index the decay constants (for

rn-222, po-218, pb-214, and bi-214). Given a positive amount of initial radon-222 in time period 0, the

amount of bi-214 at time period 1 (say, 10 minutes later) is strictly positive (Xn(1)). For example, suppose

radon-222 is constant at ground level at 0.1 becquerels/m3. Then the Bateman equations estimate about 0.002

becquerels of bi-214 would have been produced after 10 minutes in every cubic meter of air. It is important

to note that radon-222 is a gas and subject to flow. Indeed, it is possible for radon-222 nuclei that have yet to

decay to travel a certain distance before bismuth-214 is produced along the decay chain.9 This introduces a

potential source of measurement error when using atmospheric bismuth-214 as a proxy for local atmospheric

radon-222 since the bismuth-214 measurements represent a combination of locally generated and transported

radon-222. However, despite this inherent limitation, atmospheric bismuth-214 remains an ideal proxy for

atmospheric radon-222 and offers valuable insights into the data-generating process that brings radon-222

6In fact, bismuth-214 is one of the isotopes used in gamma-ray counting to determine radon concentrations from indoor activated
charcoal radon tests.

7One gram of radium-226 decays at a rate of approximately 2.2 trillion decays per second. Radioactive measurements are commonly
expressed in picocuries per liter (piC/L) or becquerels per cubic meter (Bq/m3). One piC/L corresponds to 0.037 radioactive disintegra-
tions per second in every liter of air. As a reference, the average human lung capacity is about 6 liters, and one cubic foot of air holds
approximately 28.3 liters.

8The Bateman Equation describes the activities in a decay chain as a function of time and initial concentrations.
9In fact, radon-222 is the heaviest naturally occurring gas. As such, radon-222 at ground level will usually form low, flat clouds

which spread based on their own density and surrounding terrain. At some point, the heavy gas cloud of radon will dilute, and reach a
point where it is no longer heavy as its density becomes close to the surrounding air (Blackmore et al., 1982).
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to the surface. This study represents the first attempt to leverage atmospheric bismuth-214 measurements in

order to predict the distribution of indoor radon.

1.3 Empirical Methods

The objective of this paper is to enhance our comprehension of the distribution of indoor radon exposure,

aiming to utilize the predictive model in research applications. As outlined earlier, numerous challenges must

be tackled to develop a comprehensive model of indoor radon concentrations. This section provides a detailed

account of each challenge and the corresponding steps taken to address them.

1.3.1 Part 1: Distribution of Geological Units

The primary sources of geological information are derived from Horton et al. (2017). Although the provided

map represents a seamless spatial database of state-level geological maps, it is important to note that it is

not a fully integrated geologic map, as the units have not been harmonized across state boundaries. The

Horton et al. (2017) geological map includes rock unit lithology, which describes the physical characteristics

of the geological units in a hierarchical structure. Typically, the maps include up to five lithologies for major,

minor, and incidental rock formations within a specific geological unit. As an illustration, a sedimentary

rock might have five lithologies listed as sedimentary, clastic, mudstone, Shale, and black-shale. However,

some geological units may not have such detailed lithology determinations and might only include up to three

lithologies, such as sedimentary, clastic, and then mudstone. The varying precision in lithology categorization

needs to be addressed in order to utilize a generalized map of unit lithologies in predictive models for the

conterminous US.

To tackle this challenge, I leverage the hierarchical relationship of lithology and employ the Honest

Random Forest (Athey et al., 2018) machine learning technique to estimate the distribution of lithologies

for geological units with missing lithology categories. Figure 1.2 showcases a subset of lithology definitions

for sedimentary rocks depicted in the Horton et al. (2017) map. For instance, let’s consider a geological unit

in one state where the 3rd lithology is missing but the presence of the first and second lithologies indicates

sedimentary and carbonate, respectively. In such a case, we can infer that the 3rd lithology might be either

limestone or marlstone. By utilizing information about the distribution of lithology combinations across

the entire US, I impute missing lithology and generate a distribution of lithology indicators for each unique

geological unit depicted in the Horton et al. (2017) map.

The second challenge arises from the fact that the Horton et al. (2017) geological map has not been

reconciled consistently across state boundaries. While this would not pose a problem if the aim was to

construct individual state-level models of indoor radon, it would not lead to a coherent model for the entire
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Figure 1.2: A Subset of Geology Lithology

Notes: This table shows a subset of the Lithology definitions from Horton et al. (2017)

United States. To address this, I utilize another significant source of geological information from King and

Beikman (1974), which provides a seamless map across state boundaries and includes general geological

classifications. In King and Beikman (1974)’s map, geological units are classified as Quarternary Volcanic

Rocks or Miocene and Oligocene eugeosynclinal deposits, for instance.

To create a unified model, I utilize the King and Beikman (1974) map as the base map, which illustrates

the discontinuities of geological units across the United States and state boundaries. Subsequently, I perform

an intersection between the Horton et al. (2017) geological map and the King and Beikman (1974) map using

ArcGIS. This process allows for the assignment of lithology distributions to each distinct map/geological

unit represented in the seamless King and Beikman (1974) map10. The resulting map serves as the definitive

source of geological information used in the subsequent models. These final maps are available from the

author upon request.

1.3.2 Part 2: Distribution of Radon-Generating Minerals

The second challenge stems from the limited variation in the categorical lithologies presented in the final map

developed in Section 1.3.1. To overcome this limitation, I incorporate the geochemistry survey data obtained

from Smith et al. (2013). This survey encompassed 4,857 sites across the United States, examining the

10The foundation for the imputation procedure is based on the missForest R package (Stekhoven and Buehlmann, 2012). I adapted
the missForest R package to use Honest Random Forests from (Athey et al., 2018), which reduces bias through honest forest splitting
and was significantly faster on the data sources with hundreds of thousands to millions of observations. See (Stekhoven and Buehlmann,
2012) for details on the missForest algorithm and (Athey et al., 2018) for a discussion on Honest Random Forests.
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concentrations of 45 major and trace elements that contribute to near-total elemental content. The sampling

was conducted from 2010-2013, focusing on the A and C soil horizons, and utilized a generalized random

tessellation design with a density of 1 site per 1,600 km2. Figure 1.3 illustrates the distribution of these

sampling locations.

Figure 1.3: Geochemistry Sampling Locations

This map shows the sampling locations for the A and C soil horizons for the geochemistry elemental analysis. Source: (Smith et al.,
2013)

It is worth noting that the sampling density of the geochemistry sites is relatively low. Each sample

provides data for a small point in space, leaving the majority of the total land area of the conterminous US

unsampled. If one were to utilize these observed point values in any model of atmospheric bi-214 or outdoor

radon, it would require matching these points with the relevant outcome variable. However, these points

were randomly selected to be representative of the overall population of elemental concentrations, excluding

any obvious local anomalies such as uranium mine dust deposits. Based on this observation, I rely on a

predictive approach by overlaying these points with the new map of underlying geology lithology, complete

soil characteristics, long-term weather normals, and terrain features.

The soil characteristics are derived from the US General Soil Map (STATSGO2) sourced from (Soil Sur-

vey Staff, Natural Resources Conservation Service, 2016). This comprehensive dataset provides estimates of
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the physical and chemical properties at a 1:250,000 map scale. It includes information on horizon thickness,

specific gravity, hydraulic conductivity, and numerous other variables11. The weather normals are obtained

from the PRISM Climate Group (PRISM Climate Group, 2014), providing data on temperature, precipita-

tion, dewpoint temperatures, solar radiation, and vapor pressure deficits at a 4km resolution. Additionally,

digital elevation data from Danielson and Gesch (2011) is utilized, and I construct additional terrain features

using the terra R package12, and a measure of land imperviousness from Dewitz and U.S. Geological Survey

(2021).

In theory, long-term weather patterns interact with the underlying lithology and the physical and chemical

properties of the soil13 to generate the observed concentrations of minerals and elements in the geochemistry

samples. The selected minerals and elements are chosen based on their presence in uranium and thorium

minerals and their classification as common accessory rock-forming minerals (International Atomic Energy

Agency, 2003). To predict each element or mineral, I employ local nonparametric estimation that incorpo-

rates the latitude and longitude of each sampling location, along with the geology, soil, weather, and terrain

features14. As a result, complete maps of quartz, aluminum, bismuth, calcium, cerium, iron, potassium, mag-

nesium, niobium, phosphorous, lead, titanium, thallium, thorium, uranium, and yttrium for the conterminous

US are generated. These predicted maps are available upon request from the author.

1.3.3 Part 3: Modeling Atmospheric Bismuth-214

The third challenge revolves around the cleaning, leveling, and modeling of atmospheric bi-214 data obtained

from the National Uranium Resource Evaluation (NURE). The NURE program was initiated by the United

States government in the 1970s and 1980s as a comprehensive effort to identify and assess domestic uranium

resources. It was a response to the energy crisis of the time, which underscored the importance of reliable

domestic energy sources. Uranium, a crucial fuel for nuclear power plants, was recognized as a strategic

resource that could help reduce dependence on foreign oil. The program aimed to systematically evaluate the

uranium potential of the United States, covering both conventional and unconventional resources. The U.S.

Geological Survey (USGS) led the program in collaboration with state and local governments, universities,

and private industry, employing various activities such as geologic mapping, mineral resource assessments,

and airborne geophysical surveys. The NURE program encompassed multiple phases, with the initial phase

focusing on reconnaissance-level studies to identify areas with the highest potential for uranium deposits.

Subsequent phases involved more detailed investigations of these areas, including ground-based geophysical

11Some of which had missing values that were imputed using the modified missForest method mentioned above.
12I include elevation, slope, aspect, terrain ruggedness, and flow direction.
13Such as soil particle size, erodibility factor, pH, electrical conductivity, amount of readily exchangeable cations, and a measure of

soil exchangeable hydrogen ions, among others.
14This is accomplished using the Honest Random Forests with local linear corrections (Athey et al., 2018).

10



Figure 1.4: NURE Survey Flight Lines of the State of Florida

Notes: This figure shows the location of the aerial flight line surveys conducted as part of the NURE
program over the State of Florida.

surveys and drilling programs. The surveys generated approximately 36 million measurements of uranium,

thorium, potassium, atmospheric bismuth-214, and magnetic properties, with flight lines covering a sig-

nificant portion of the country. The flight surveys were conducted in “quadrangles”, defined as 2 degrees

longitude by 1 degrees latitude, with flight line spacing between 5 and 10 km. A total of 449 quadrangles

cover the conterminous US. It is important to note that there are gaps in the measurements, particularly in

Texas, and the flight lines only represent about 10 percent of the total land area of the United States. Figure

1.4 illustrates an example of the flight lines over Florida, where noticeable gaps in the measurements can be

observed between the flight lines.

To obtain accurate measurements of uranium, thorium, and potassium in the upper 30 cm of the ground,

the NURE surveys removed background radiation. Further details of the process can be found in (LKB

Resources Inc, 1979), but in essence, the radiometric results are derived from counts per second of gamma

radiation falling within specific energy windows15. Contractors responsible for the surveys conducted back-

ground corrections to eliminate cosmic and aircraft radiation, Compton scattering, and atmospheric bismuth

interference. For the measurement of atmospheric bi-214, each surveyor typically employed a secondary

radiospectrometer, which was extensively shielded from below with lead to ensure that the measurements

15Each radioactive isotope will release gamma rays with different energy intensities. These intensities are used to determine which
isotope generated a particular measurement of gamma radiation
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exclusively captured gamma radiation from above (LKB Resources Inc, 1979). To the best of my knowl-

edge, these background atmospheric bismuth measurements have been overlooked as a valuable source of

information for assisting in indoor radon mapping.

One apparent reason for the neglect of the bi-214 data is its availability exclusively in the raw NURE data

files, not appearing in the widely-used processed NURE data by (Duval et al., 2005).16 Figure 1.5 illustrates

the distribution of atmospheric bi-214 quantiles in the raw NURE data, clearly showing significant leveling

and measurement errors. Some survey quadrangles lack measurements entirely. Leveling errors occur when

adjacent surveys are conducted using different calibration settings and surveying instruments. The bright

yellow regions, including northern Texas through Nebraska, Pennsylvania/West Virginia, and other parts of

the United States, most likely represent these areas.

Figure 1.5: Atmospheric Bi-214 Measurements from NURE

Notes: This Figure shows the 10 quantiles of the raw atmospheric bismuth-214 measurements in radioactive
counts/second in the raw NURE data.

It is worth noting the count/sec range represented by the highest quantile, spanning from 10 to over 700

counts/sec. Approximately 97 percent of the 25.2 million measurements of atmospheric bi-214 fall below

34 counts/sec. If every measurement within a specific quadrangle surpasses 20 counts/sec (for example), it

is highly likely that this quadrangle is ”out-of-level” compared to the rest of the population. This observa-

tion is evident from the distinct blocks displayed in Figure 1.5. However, it is essential to consider that the

surveys were conducted under different environmental conditions. As a result, discrete boundaries observed

across survey areas may genuinely reflect accurate measurements of atmospheric bi-214 influenced by vari-

ations in weather conditions. Therefore, the challenge lies in distinguishing between variations attributable

16I downloaded the raw files from the USGS Online Publications directory https://pubs.usgs.gov/of/2009/1129/US/
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to weather fluctuations and those arising from leveling errors across different regions of the United States.

The process that generated these measurements involves the interplay between radon-producing elements,

soil and geological characteristics, and environmental conditions. Conditional on observing these variables,

any remaining differences between measurements are assumed to be leveling and measurement errors.

I integrate the predicted maps of lithology and geochemistry from Sections 1.3.1 and 1.3.2, along with

observed soil characteristics, terrain features, land imperviousness, and daily weather data to model the data-

generating process of daily atmospheric bi-214. The daily weather data used in this model is obtained from

historical measurements at a 6 km resolution, sourced from Livneh et al. (2013), and matched to the NURE

measurements based on survey coordinates and date.

To address leveling and measurement errors, I initially utilize k-means clustering with 5 clusters to iden-

tify surveys that require level adjustments. Each survey is assigned to a cluster based on the most common

cluster assignment of the points within that survey. For instance, if the majority of points belong to cluster 2,

the entire survey is categorized as a cluster 2 survey, indicating that it is ”out of level” compared to the rest of

the population. Using this approach, the major cluster is determined as the cluster with the highest number

of points. The major cluster, representing approximately 95 percent of the 25 million measurements when

using 5 clusters, generally exhibits atmospheric bi-214 levels below 35 counts/second.

In order to capture the underlying data-generating process, I utilize a semi-parametric linear modeling

approach. The natural logarithm of bi-214 is modeled as a linear combination of the mean function of

the major cluster, individual mean functions for each “out of level” quadrangle, a correction for flight line

direction, and quadrangle fixed effects for the “out of level” surveys:

ln(Bi) = m(x)m + γ
′m(x)q +βLDi +αqI{Quadi = q}+ εi (1.2)

where Bi represents the Bi-214 in radioactive counts/second, m(x)m represents the function of interest where x

includes daily weather, geology, soil, geochemistry, and terrain features. LD is the flight line direction that is

assumed to generate leveling/measurement error. I apply a Robinson (1988) style semi-parametric approach

to identify m(x)m. Note that I assume that conditional on x, the survey indicators contribute only to leveling

errors. This assumption seems plausible given the local nature of the estimation and the fact that the survey

grids represent exogenous discontinuities in the measurement across survey areas. The estimation procedure

is given by:

1. Use honest random forests of ln(Bi) on m(x)m using observations in the major cluster.

2. Use honest random forests to model ln(Bi) on m(x)q for each separate survey that requires leveling.
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3. For all data, I assume m(x)m ≈ m(x) so that E[m(x)m|X ] = E[m(x)|X ], and estimate E[m(x)q|X ],

E[LD|X ], and E[I{Quadi = q}|X ] using honest random forests.

4. Run OLS of ln(Bi)−m(x)m on [m(x)q −E[m(x)m|X ]], [LDi −E[LDi|X ]], and

[I{Quadi = q}−E[I{Quadi = q}|X ]] to obtain estimates of γ ′, β , and αq.

5. Use honest random forest of ln(Bi)− γ̂ ′m(x)q − β̂LDi − α̂qI{Quadi = q} to get a final estimate of

ˆm(x)m.

Figure 1.6: Raw Atmospheric Bi-214 Compared to Their Predicted Values

This figure presents the orignal observed values of atmospheric bi-214 in the NURE data as a reference in the
top map. The bottom map presents the predicted values after applying the semi-parametric modeling approach
represented by Equation 1.2. The final model is evaluated at the long-term weather normals so that the point
predictions can be compared based on the mean distribution of weather across the US.

Figure 1.6 displays the conclusive predicted values from the ˆm(x)m model, assessed using the long-term
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weather normals. The figure illustrates evident geographic variation, with no noticeable arbitrary disconti-

nuities emerging along the survey lines. Furthermore, the final model demonstrates exceptional accuracy in

forecasting adjusted atmospheric bi-214 values beyond the sample, achieving an impressive out-of-sample

R-squared value of 0.81.

1.3.4 Part 4: Indoor Radon

Let’s consider the scenario where we have observed the presence of radon on the surface, specifically as

bi-214. The subsequent challenge is to develop a model that captures the data-generating process for indoor

radon, which is measured through short-term activated charcoal tests. The infiltration of surface radon

into residential structures is influenced by various housing characteristics, some of which may not be directly

observable to the econometrician. To create a comprehensive model for indoor radon applicable to the diverse

housing stock across the contiguous United States, it is essential to address potential endogeneity issues

associated with building characteristics.

For instance, factors such as passive radon resistance and radon mitigation, which are not captured in the

housing data, are likely correlated with indoor radon levels and observable housing attributes like foundation

type. Additionally, since radon tests are not conducted randomly, if the decision to perform a radon test

is associated with unobservable characteristics that can influence the test results, sample selection becomes

another important concern that needs to be addressed. Therefore, the subsequent steps involve constructing

a model for endogenous building characteristics using exogenous variables and accounting for the sample

selection bias inherent in radon testing.

1.3.4.1 Building Endogeneity

The housing data utilized in this project is sourced from The Zillow Group’s ZTRAX database, which is the

largest real estate database in the United States. It encompasses more than 400 million comprehensive public

records from most U.S. counties. The dataset includes various property characteristics such as geographic

location, number of bedrooms, square footage, number of bathrooms, foundation type, number of stories,

roof material type, basement indicator, and more. These property details are primarily obtained from county

property assessment records. For the analysis, only single-family residences are considered, although there

is a plan to extend the analysis to other property types in future work.

One notable strength of the ZTRAX data is its extensive and detailed property records, similar to what

is typically available during a Zillow property search. However, certain property characteristics had missing

values and were imputed using the same imputation procedure employed in the previous sections. The im-

putation process involves generating a predicted distribution for categorical variables and conditional mean
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estimates for continuous characteristics. Table 1.1 provides summary statistics for some of the building prop-

erty variables in ZTRAX for a random sample of homes, categorized by EPA zone.

Table 1.1: ZTRAX 1% Descriptive Statistics

EPA Zone 1 EPA Zone 2 EPA Zone 3

Year Built 1968 1970 1978
Square Footage 2,085 (1,295) 2,090 (1,270) 2,261 (1,327)
Lot Size (Acres) 2.21 (9.83) 1.90 (8.22) 1.69 (7.50)
Number of Baths 2.10 (0.95) 2.14 (0.93) 2.19 (0.91)
Number of Stories 1.44 (0.46) 1.36 (0.43) 1.31 (0.42)
Basement Indicator 0.40 (0.47) 0.23 (0.40) 0.11 (0.28)
Uranium 2.13 (0.58) 1.95 (0.70) 1.48 (0.61)
Thorium 6.67 (1.77) 5.96 (2.47) 4.53 (2.32)
Foundation: Concrete Block 0.11 (0.22) 0.09 (0.17) 0.05 (0.14)
Foundation: Concrete 0.14 (0.30) 0.09 (0.21) 0.07 (0.20)
Foundation: Crawl Space 0.25 (0.27) 0.21 (0.22) 0.16 (0.25)
Foundation: Footing 0.07 (0.17) 0.08 (0.18) 0.08 (0.21)
Foundation: Slab 0.11 (0.15) 0.14 (0.21) 0.34 (0.41)
Exterior Wall: Brick 0.14 (0.31) 0.11 (0.25) 0.12 (0.28)
Exterior Wall: Siding 0.29 (0.44) 0.21 (0.39) 0.14 (0.33)
Exterior Wall: Wood 0.12 (0.28) 0.13 (0.27) 0.08 (0.22)
Exterior Wall: Stucco 0.04 (0.15) 0.08 (0.20) 0.13 (0.30)
Exterior Wall: Combination 0.05 (0.14) 0.07 (0.14) 0.07 (0.17)
Interior Floor: Combination 0.05 (0.11) 0.06 (0.12) 0.06 (0.16)
Interior Floor: Wood 0.12 (0.17 0.12) (0.16) 0.09 (0.18)
Interior Floor: Vinyl 0.05 (0.07) 0.05 (0.08) 0.04 (0.10)
Interior Floor: Carpet 0.25 (0.27) 0.23 (0.28) 0.33 (0.37)
Interior Floor: Concrete 0.08 (0.09) 0.08 (0.09) 0.08 (0.14)
Interior Wall: Drywall 0.43 (0.30) 0.40 (0.31) 0.51 (0.36)
Interior Wall: Wood 0.02 (0.06) 0.03 (0.06 ) 0.02 (0.07)
Interior Wall: Plaster 0.16 (0.19) 0.13 (0.14) 0.10 (0.17)
Interior Wall: Paneling 0.03 (0.09) 0.03 (0.09) 0.03 (0.11)
N 212,462 268,145 265,492

The building characteristics (foundation, exterior wall, interior walls and floors) that are shown four
or five out of more than 15 possible values for each. This is a 1 percent sample of the buildings in the
ZTRAX single-family home database.

Across the three EPA radon zones, there is a decrease in the number of ZTRAX homes with basements.

This observation aligns with expectations, considering that the EPA zone construction is based on county-

level foundation characteristics. The size of homes is relatively consistent across all EPA zones, with Zone 3

homes averaging 200 square feet larger. Additionally, homes in Zones 2 and 3 tend to be newer compared to

Zone 1 homes. Many other housing characteristics exhibit similar patterns across all three zones. However,

there is a notable difference in the frequency of slab foundations, which is substantially higher in Zone 3. This

finding is consistent with the EPA’s use of slab foundations in the zone delineation. To geocode all properties

in the ZTRAX database, ArcGIS was employed. Figure 1.7 displays the mapped locations of the properties,
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depicted in black. The ZTRAX database covers most of the United States, except for areas with limited

habitation and certain counties in Minnesota. The red points represent the point locations of the indoor radon

tests obtained for this project.

Figure 1.7: Locations of Single-Family Homes and Alpha Energy Radon Tests

This figure shows the geocoded locations of a 10 percent sample of ZTRAX single-family residences,
represented by black points. The red points are the locations of the Alpha Energy indoor radon tests.

In the model of building endogeneity and sample selection, I utilize the EPA Map of Radon Zones,

along with pre-mitigation and post-mitigation county testing rates from the CDC’s National Environmental

Public Health Tracking of indoor radon (CDC, 2018), as the primary ”instruments.” It is important to note

that while these variables are not technically instruments in the Two-Stage-Least-Squares approach due to

the use of nonparametric probability forests for estimation, they do serve as valuable predictors of building

characteristics and selection into radon testing.17

To elaborate further, the decision to build a basement is jointly determined by the designed foundation

type of a home prior to construction. However, the home design is likely influenced by the EPA county

designation, where builders are inclined to follow some of the radon-resistant guidelines outlined on the

EPA website.18 Moreover, given the observed housing characteristics, the assignment of a county as a high-

risk area for indoor radon likely prompted certain homes to install radon mitigation systems. For instance,

17The probability forest models come from Athey et al. (2018) and can be represented by the following equation:
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 (1.3)

where b indexes the trees of a forest of size B, L∗
b(x) is the set of observations falling in the same leaf (or terminal node) as x, and

I{Yi = yr} is an indicator function for outcome Y taking the value yr . In the full probability forest, it averages across all indicator
functions for each categorical value, thus generating a predicted distribution.

18https://19january2017snapshot.epa.gov/radon/building-codes-radon-resistant-new-construction-rrnc .html#states
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homes lacking passive radon resistance and featuring a basement are more likely to have installed mitigation

systems. Hence, the joint distribution of basement and foundation type serves as a probable source of building

endogeneity, as these factors correlate with unobserved radon resistance and mitigation. It is worth noting that

the ZTRAX single-family home data underwent imputation, resulting in homes with missing foundation types

having a predicted distribution rather than an indicator for a specific foundation type. Similarly, basements

were also imputed, providing some homes with a probability of having a basement. Thus, the process to

generate predictions of the joint distribution of basement and foundation type follows the following procedure

on a random sample of 200,000 ZTRAX properties:

1. Use k-means clustering, with two clusters, to determine the cut point that assigns a home a basement

based on their basement probability.

2. Using the predicted probability distribution of foundation type for individual observation, draw a ran-

dom foundation type.

3. Construct the joint distribution of the imputed basement and foundation type from the previous steps.

4. Model the joint distribution using Probability Random Forests from (Athey et al., 2018) using long-

term weather, long-term predicted atmospheric bi-214, NURE uranium and thorium, EPA region, the

exogenous building characteristics, the EPA Zone, and testing rates.

5. Repeat this process 10 times

6. Average the 10 predicted distributions to generate the final predicted joint distribution of basement and

foundation type.

7. Apply the final aggregate model to all 74 million single-family residences in Zillow.

1.3.4.2 Indoor Radon under Sample Selection

Suppose that all the building characteristics observed in the data-generating process of indoor radon are ex-

ogenous. Additionally, let’s assume that surface-level radon continues to be observed. The next challenge

is to account for sample selection, which could be influenced by unobservable characteristics. To tackle

this challenge and develop the final model for indoor radon, I obtained indoor radon test results from Alpha

Energy Laboratories. They provided 1.8 million indoor radon tests conducted between 2000 and 2021. Al-

pha Energy is a national radon testing lab based in Texas, and according to internal conversations with the

company, they analyze approximately one-third of all radon tests conducted in the US. To comply with the

confidentiality agreement, individual test results cannot be disclosed. After an initial cleaning process, I ob-

tained 1.6 million usable test results, which were then matched to the ZTRAX population based on address,
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achieving a match rate of 92 percent. The geocoded test locations are displayed in Figure 1.7 as red points,

covering a wide geographical distribution across the US.

Table 1.2 presents some summary statistics of the tests. On average, the test results for each EPA zone

were approximately 6, 4, and 2.4 picocuries per liter (piC/L), respectively. Of particular interest are the

standard deviations of the indoor radon tests. Zone 1 tests exhibit a standard deviation of 7 piC/L, while

even Zone 3 tests show a relatively large standard deviation of 3.2 piC/L. The median year built for the

Alpha Energy properties is remarkably similar across EPA zones, albeit somewhat newer than the ZTRAX

population. This similarity is not surprising considering that radon tests were conducted only over the past 20

years, while ZTRAX represents the entire housing stock population. It is interesting to note the resemblance

in building characteristics between the ZTRAX sample and the matched Alpha properties. The most apparent

difference is the percentage of properties with a basement, which aligns with the understanding that basements

are often associated with higher levels of radon.

Table 1.2: Alpha Energy Descriptive Statistics

Zone 1 Zone 2 Zone 3

Radon Test Result (piC/L) 5.99 (7) 4.08 (5) 2.41 (3.2)
Radon Test Decay Time 5.2 (2) 5.29 (2.1) 5.27 (2.1)
Mitigation Test 0.06 (0.24) 0.04 (0.20) 0.02 (0.13)
Air Temperature 282 (10.44) 282 (10.41) 286 (9.90)
Accumulated Precipitation 2.52 (3.75) 2.50 (3.79) 2.75 (4.23)
Year Built 1979 1979 1979
Square Footage 2,419 (1,328) 2,490 (1,419) 2,489 (1,316)
Lot Size (Acres) 2.06 (9.21) 1.87 (7.14) 1.61 (6.57)
Number of Baths 2.43 (0.94) 2.45 (0.94) 2.41 (0.93)
Number of Stories 1.51 (0.46) 1.47 (0.45) 1.47 (0.49)
Basement Indicator 0.51 (0.48) 0.43 (0.47) 0.30 (0.43)
Uranium PPM 2.15 (0.57) 1.87 (0.66) 1.53 (0.63)
Thorium PPM 6.93 (1.77) 5.91 (2.23) 4.71 (2.30)
Foundation: Crawl Space 0.23 (0.24) 0.22 (0.20) 0.21 (0.26)
Foundation: Slab 0.11 (0.14) 0.13 (0.18) 0.22 (0.33)
Exterior Wall: Brick 0.13 (0.30) 0.13 (0.29) 0.14 (0.31)
Exterior Wall: Siding 0.30 (0.44) 0.26 (0.42) 0.19 (0.38)
Exterior Wall: Wood 0.12 (0.28) 0.10 (0.24) 0.07 (0.21)
Exterior Wall: Stucco 0.05 (0.17) 0.08 (0.23) 0.10 (0.28)
N 474,321 281,576 67,850

Notes: Table shows the descriptive statistics for the Alpha Energy radon tests that were matched to
Zillow Single-Family Residences. Standard deviations are in parentheses.

There are some important limitations of the Alpha Energy radon test data. Data prior to 2012 did not

collect the test address independently of the mailing address in a systematic manner. Thus, data prior to

2012 is assumed that the mailing and test addresses are the same. Furthermore, some of the intermediate
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calculations (such as the Lower Limit of Detection or LLD) prior to 2012 weren’t stored in the database

and were recalculated under a new methodology. Thus, the LLD isn’t accurate in the data prior to 2012.

Some test results, about 10 percent, resulted in radon measurements below the LLD. In these cases, the

estimated radon measurements are confidently below the LLD, but are imprecise. At the risk of biasing the

probability distribution of indoor radon, I use the reported results. Of the 1.6 million test results, only about

1100 tests reported an exact 0 test result. Exact 0 results represent an error result according to Alpha Energy

Laboratories and were dropped from the analysis.

To adequately capture the complex data-generating process of indoor radon, I employ a non-parametric

local linear approach that accounts for building endogeneity and sample selection:

R∗
i = m(x1,x2)+ω (1.4)

x2 = π(z)+u (1.5)

si = h(z)+ v (1.6)

where R∗
i is the observed short-term radon test result, x2 represents the joint distribution of basement and

foundation type (which is endogenous), and si represents the sample selection model (an indicator function

that equals 1 when a radon test is performed). Sample selection is a potential problem if Cov(ω,v) ̸= 0. I

model sample selection as a nonparametric function of various factors, including long-term weather, long-

term predicted atmospheric bi-214, NURE uranium and thorium levels, EPA region, exogenous building

characteristics, EPA Zone, and the CDC county-level testing rate (CDC, 2018). The analysis includes a

random sample of 200,000 observations, consisting of an equal proportion of Alpha properties and non-

matched ZTRAX properties. Following the approach outlined in Das et al. (2003), I replace x2 with x̂2 and

include a function of the propensity score in 1.4:

R∗
i = m(x1, x̂2)+λ (ŝi)+ γ (1.7)

⇒ R∗
i = g(x1, x̂2, ŝi)+ γ (1.8)

where g(x1, x̂2, ŝi) ≡ m(x1, x̂2) + λ (ŝi). It is important to note that this paper does not aim to separately

identify the λ (ŝi) function or explore the factors influencing the decision to conduct a radon test. The primary

objective is to develop a predictive model of indoor radon that controls for sample selection and building

endogeneity, with estimates obtained from g(·). A comprehensive analysis of selection into radon testing is

left for future research.
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Nevertheless, it is worth providing a brief discussion of the sample selection model. I present the distri-

bution of propensity scores among Alpha Energy properties and a random sample of the ZTRAX population.

Figure 1.8 illustrates the density and cumulative density of the propensity scores, demonstrating sufficient

overlap between the two populations. Notably, all predicted propensity scores fall strictly within the range

of 0 and 1. Additionally, the cumulative density plot reveals that only 25 percent of the overall ZTRAX

population has propensity scores below 0.125. Neither ZTRAX nor Alpha Energy properties exhibit sig-

nificant counts of observations near the extremes of 0 or 1. Finally, both the EPA Zone designation and

CDC county-level testing rates exhibit strong predictive power in determining individual selection for radon

testing.19

Figure 1.8: Propensity Scores Densities and Cumulative Distributions

This Figure shows the densities and cumulative distributions of the predicted propensity
scores from the sample selection model. Matched Alpha Energy properties are shown in
orange, and a 10 percent random sample of ZTRAX properties is shown in blue.

Next, I present some descriptive results of the final model of indoor radon. First, it is important to note that

although radon mitigation is unobserved in the Zillow data, the Alpha radon tests include information that can

be used to identify if a test is a post-mitigation test. Controlling for this information increases the accuracy of

the model. However, radon mitigation is not observed in the ZTRAX population, so the mitigation variable

is omitted from the predictive model. If the mitigation rate in the Alpha properties is higher than in ZTRAX,

then omitting mitigation from the model and predicting indoor radon for ZTRAX will underestimate true

19Since the estimation procedure is nonparametric, this was observed from a simple measure of “variable importance”, which gener-
ates a weighted count of how many times in the forest a particular variable was chosen to determine a tree split.
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radon exposure. On the other hand, if the mitigation rate is lower in the Alpha properties, then this model

will overestimate true radon exposure.

There are a couple of observations that suggest the model underestimates radon exposure in the ZTRAX

population. Figure 1.9 shows that the out-of-sample predictions of the long-term alpha track test results

underestimate observed cumulative exposures. This is confirmed by the linear projection of the predictions

onto the observed exposures, represented by the blue line in Figure 1.9. The slope coefficient on the linear

projection is 0.98. On average, increasing the predictions by 1 piC/L is associated with a 0.98 increase in

the observed long-term test result. Furthermore, notice the significant portion of the long-term cumulative

test results that appear above a 45-degree line. There is a clear pattern that the observed values towards the

upper end of the cumulative exposure distribution have predictions that are much lower. In addition, it is

important to note that for the short-term test results, more than 53 percent of the 1.1 million predictions are

lower than the corresponding observed test result. This indicates that the majority of the predictions tend to

underestimate the short-term indoor radon levels.

Figure 1.9: Observed Long-Term Alpha-Track Radon Tests against
Long-Term Predictions

The Figure illustrates the comparison between observed cumulative radon concentra-
tions, obtained from long-term alpha-track radon tests conducted by Alpha Labs, and
their corresponding predictions. The tests measure the total disintegrations over the test-
ing period. To generate the long-term predictions displayed on the x-axis, each test was
associated with the monthly weather data for every month during the test deployment.
It is worth noting that long-term alpha track tests typically span between 90 and 365
days. For each month’s weather values, short-term predictions were generated using the
predictive model, and these individual predictions were then aggregated over the entire
testing period.
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Finally, it is important to note that the predictive accuracy of the short-term model, which was used

to forecast cumulative long-term exposures, exhibits an out-of-sample R-squared value of 0.30 among the

alpha track test results.20 This indicates that the model explains approximately 30 percent of the variance

in the observed long-term exposures, providing a reasonable level of predictive power. It suggests that the

model captures a substantial portion of the underlying factors influencing radon concentration levels in indoor

environments. However, it also suggests the presence of other factors that are not currently considered in the

model. These unaccounted factors contribute to the remaining variance in long-term exposures, highlighting

the potential for further enhancements and refinements in future iterations of the model.

1.4 Discussion

The preceding sections have discussed the extensive measures undertaken to overcome significant challenges

in order to develop a comprehensive model of indoor radon. This model can be utilized to estimate counterfac-

tual concentrations for the entire single-family housing stock in the United States, as represented in Zillow’s

database. To summarize, the following steps were undertaken. Firstly, a predictive map of rock lithology for

the contiguous United States was generated. This map was combined with geochemical surveys, long-term

weather data, soil characteristics, and terrain features to model the distribution of radon-accessory elements.

Next, the predicted lithology, distribution of radon-accessory elements, soil characteristics, terrain features,

land imperviousness, and other relevant factors were used to model the data-generating process of atmo-

spheric bi-214, a critical proxy variable for outdoor/surface-level radon. Subsequently, endogenous building

characteristics and sample selection were modeled, and these adjustments were combined with the daily pre-

dicted atmospheric bi-214, weather data, and remaining building characteristics to model the data-generating

process of indoor radon.

Each step in this process involved making various assumptions, each with its own set of limitations.

Currently, an important limitation of the final model is its inability to generate confidence and prediction

intervals for predicted indoor radon in the ZTRAX population. Due to the high computational cost associated

with generating predictions at each step, I am unable to provide estimates of uncertainty. This limitation is

particularly significant considering the nonparametric estimation techniques employed, where bootstrapping

the final indoor radon model would be the most straightforward approach. However, to generate monthly

predictions of indoor radon for all 74 million single-family homes, it is necessary to match these homes

with their monthly weather data, predict atmospheric bi-214 for each month, and subsequently predict indoor

radon. With approximately 10.6 billion predictions required for a single year across all 74 million homes,

20The long-term test results were held out of the model of indoor radon completely. The in-sample R-squared for the short-term radon
test results is 0.84
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one can imagine the additional computational burden that would arise from introducing bootstrapped indoor

radon models.

Moreover, at each step, a model is developed and utilized to predict or impute geology, geochemistry,

atmospheric bi-214, building characteristics, and ultimately indoor radon. Consequently, each set of predic-

tions introduces some error into each subsequent model. It is possible that this cumulative error could result

in large confidence and prediction intervals for long-term radon exposures, potentially limiting the usefulness

of a predicted long-term map. Furthermore, these errors could lead to attenuation bias in any application that

relies on indoor radon predictions, such as estimating the hedonic price of radon or assessing causal health

effects.

Fortunately, the precision of the estimates presented in Chapters 2 and 3 and moderate out-of-sample

prediction accuracy among long-term radon tests indicate that the final model of short-term indoor radon

adequately captures the underlying data-generating process.

1.4.1 A New Radon Map and its Implications

The models developed in this chapter represent significant contributions to the field and underscore the chal-

lenges associated with nationwide mapping of indoor radon. Based on the outlined procedures, modeling

assumptions, and data limitations, a New Map of Indoor Radon at the census tract level is presented. Addi-

tionally, square kilometer maps of the State of Tennessee and Davidson County, TN, showcase the detailed

mapping potential of the final model. Finally, radon-attributed lung cancer deaths are re-estimated using the

EPA’s radon dose-response, incorporating the full distribution of predicted indoor radon exposure across the

population of single-family homes.

1.4.1.1 Census Tract Map

Figure 1.10 depicts an updated radon map for the lowest level of single-family homes (top map) at the census

tract level, alongside the original 1993 EPA Map of Radon Zones (bottom map). A notable visual difference

between these maps is the reduced prevalence of Zone 1 areas in the updated version. The new predictive

approach indicates that approximately 10 percent of homes have long-term predicted radon values of 4 piC/L

or higher, contrasting with the EPA’s Zone 1 designations, which represented about 28 percent of homes.

According to the new model, the mean long-term concentration in the first floor of US single-family homes

is 1.8 piC/L, while in the lowest level of these homes, it is 2.2 piC/L.

The predictive map of indoor radon offers a markedly different risk profile compared to the 1993 EPA

map, suggesting that the latter is outdated and potentially misrepresents the long-term distribution of indoor

radon exposure. Several factors likely contribute to the disparities between the predictive and EPA maps.
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First, let’s consider the construction of the 1993 EPA map. The EPA Committee utilized five factors

Figure 1.10: A New Radon Map at the Census Tract and the EPA Map of Radon Zones

Notes: This figure provides a comparison between the new predictive map of long-term indoor radon and the original
EPA Map of Radon Zones. In the top figure, the ”New Zone” is assigned based on the average long-term prediction
at the census tract level. Census tracts with average long-term predictions exceeding 4 piC/L are classified as New
Zone 1, those with average long-term predictions ranging from 2 to 4 piC/L are designated as New Zone 2, and
census tracts with average long-term predictions below 2 piC/L are labeled as New Zone 3. The EPA Zones 1-3 are
defined similarly, except they represent ”probable” screening levels of indoor radon for an area.

known to be significant indicators of radon potential in order to establish the Zone designations for each

county in the US: (1) Indoor radon measurements; (2) Geology; (3) Aerial Radioactivity (NURE equivalent

uranium data); (4) Soil parameters; and (5) Foundation types. The Committee assigned points on a scale

of 3-17 based on their assessment of the individual contribution of each category to radon potential across

approximately 360 distinct geological provinces. Once the total point count was determined, the final zone

designation for each county was assigned based on the geological province(s) it overlapped, with counties

overlapping multiple provinces being assigned based on the majority rule of the total overlapping land area.

It’s worth noting that this method was developed at a time when computational and digital resources were
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still in their nascent stages. An evident limitation is how the EPA Committee assigned points based on the

NURE uranium data, taking the ”visual average” of the NURE points for each geological province. Addition-

ally, the committee relied on uranium in the first 30 cm as represented by the NURE measurements. However,

they failed to account for weather variations that influence the production and movement of radon from the

ground into the atmosphere. The EPA attempted to address this issue by supplementing the analysis with

aggregated soil parameters and local geological survey information (where available), but this approach is

susceptible to the same limitations discussed in Section 1.3. The categorical assignment of rock lithology and

its association with indoor radon cannot accurately capture the spatial variation of radon-forming elements

within geological units.

Furthermore, the EPA map was based on a relatively small sample of approximately 60,000 short-term

radon tests, which provide limited approximations of long-term concentrations. Short-term tests are subject

to significant variations influenced by weather conditions, and activated charcoal tests only capture the last

12-20 hours of exposure.

Lastly, it is essential to consider that new homes have been constructed with radon-resistant features,

and existing homes have undergone remediation measures. The perceived lower risk in Zone 1 areas may

be attributed to successful radon mitigation efforts in those counties. Exploring this possibility would be an

intriguing subject for further research.

An additional intriguing disparity between the predictive and EPA maps emerges in the identification of

counties initially categorized as EPA Zones 2 and 3, but now exhibit long-term predicted indoor radon levels

exceeding 4 piC/L. Remarkably, among the 74 million single-family residences, approximately 2.2 percent of

homes have been inaccurately classified (or about 1.6 million residences). It is unlikely that these households

have recognized their true long-term risk, given that radon testing and mitigation are heavily influenced by the

EPA map and are concentrated in Zone 1. Figure 1.11 depicts these areas and maps the percentage of homes

with long-term predicted indoor radon levels exceeding 4 piC/L, alongside the original 1993 EPA Map for

comparison. Notably, these misclassified regions predominantly concentrate in NV/ID, KS, NE/SD, TN, WI,

and NH. If the predictive model effectively captures long-term radon risks, a vital next step would involve

collaborating with the EPA to efficiently educate individuals residing in these areas about their escalated

radon risk.

Next, the census tract map provides significant policy-relevant information. An analysis of the mean long-

run indoor radon concentrations reveals some significant differences in household income at various levels

of radon exposure. Among all census tracts with median incomes less than the first quartile, those located

in the New Zone 1 (with predicted long-run indoor radon of 4 piC/L or more) have household incomes of

$900 on average less than those located in the New Zone 3 (less than 2 piC/L). This is a descriptive result but
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Figure 1.11: EPA Zone 2 and 3 Counties with the Percentage of Homes with more than 4
piC/L

Notes: The top figure provides a visual representation of the percentage of homes situated in the EPA Zones 2 and
3, yet possessing predicted long-term indoor radon levels surpassing 4 piC/L in the lowest livable level of the home.
The mapping is delineated by county, allowing for a comprehensive overview. To provide context, the bottom figure
displays the original 1993 EPA map of radon zones, serving as a reference point for comparison.

demonstrates the importance of understanding the heterogeneity in the characteristics of consumers that are

exposed to high levels of indoor radon. Additionally, it begs the question of whether indoor radon is driving

the income differences observed between these census tracts. From a public policy perspective, exploring

and understanding the implications of lower household incomes in high-radon areas compared to low-radon

areas is crucial for addressing any disparities and encouraging equitable outcomes. This is an interesting

future area of research and the models and maps developed in this dissertation can be used as tools in such

an analysis. Figure 1.12 shows the New Zones for census tracts with median incomes less than the 25th

percentile (top map), with the New Zone designations for the census tracts with median incomes greater than

the 75th percentile (bottom map). Future work could target homes that reside in the New Zone 1 depicted
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in the top map, which represent the poorest US residents. Compare this to the bottom map, which represent

relatively wealthier areas. Given that income is most likely a critical factor that drives mitigation and the

ability to avoid indoor radon exposure, understanding the distribution of indoor radon risk highlights the

need for targeted interventions to improve housing conditions, raise awareness about radon risks, and provide

resources for testing and mitigation in economically disadvantaged areas.

Figure 1.12: New Zone Designations among Poor and Wealthy Census Tracts

Notes: This figure shows the New Zone designations for the poorest and wealthiest census tracts. The top map
shows the New Zone designations based on the long-term predictions for census tracts with median household
incomes less than the 25th percentile of the US distribution from the 2010 Census. The bottom map shows the New
Zone designations for census tracts with median household incomes greater than the 75th percentile.

1.4.1.2 Square Kilometer Maps

As part of the pilot feature, I have generated a predicted long-term map of indoor radon for the State of

Tennessee at a 1 km resolution, as illustrated in Figure 1.13. The map showcases the average long-term radon

levels in the lowest livable level of homes and reveals substantial variation across the entire state.
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The next figure, Figure 1.14, provides a closer look at Davidson County (Nashville, TN) and highlights

the ten quantiles of predicted indoor radon, offering a more detailed understanding of the distribution. The

highest quantile, depicted by the bright yellow square kilometers, represents areas with long-term predicted

radon values ranging from 4 to 13.5 piC/L. Notably, the original EPA map does not provide any insights into

the distribution of indoor radon risk within counties or census tracts, making the new predictive approach

a valuable resource for assessing radon risk at a more localized level. This advancement significantly con-

tributes to the accurate and precise mapping of long-term indoor radon exposure levels across the United

States.

Figure 1.14: Predicted Long-Term Indoor Radon for Davidson County,TN

The figure presented illustrates the average long-term indoor radon predictions in the lowest level of a
home, averaged by square kilometer in Davidson County, TN.

1.4.1.3 Radon-Attributed Lung Cancer Deaths

Finally, the household predictions can be used to provide updated estimates of radon-attributed lung cancer

deaths by applying the EPA’s linear dose-response model for lung cancer risk due to radon exposure.21 Ad-
21Refer to the EPA’s table here: https://www.epa.gov/radon/health-risk-radon

30

https://www.epa.gov/radon/health-risk-radon


ditionally, assuming that the long-term predictions consistently approximate true exposures,22 I can estimate

the probability of lung cancer originating from each single-family home by applying the parameter estimates

of the linear dose-response to the continuous measures of predicted long-term exposures among all 74 million

single-family homes.

Several implicit assumptions are necessary to accomplish this estimation. First, a proportion of the US

population smokes, and the EPA provides separate linear models for smokers and non-smokers. To reflect

this, I randomly assign 12 percent of all single-family homes to the smoking linear model and the remaining

88 percent to the non-smoking linear model. Next, each home is assigned both a basement and first-floor

prediction, regardless of the basement indicator, which is imputed for a certain proportion of homes. For

simplicity, a home is given a basement value if its predicted value exceeds 0.5. Additionally, to assign

exposure levels, I make assumptions based on the amount of time residents spend in the basement or first

floor. Two exposure mechanisms are considered: the conservative approach uses only first-floor exposure,

while the second approach assumes that 60 percent of the time individuals are exposed to first-floor radon

and 40 percent to basement levels of radon.23 Finally, to estimate the radon-attributable fraction, I define the

reference group as 0-2 piC/L of exposure, medium risk as 2-4 piC/L, and high risk as greater than 4 piC/L,

following the EPA’s Zone designations.24

Based on these assumptions, new estimates of the radon attributable fraction range from 0.24 for 100

percent first-floor exposure to 0.28 for a split time between the basement and first floor. Applying these

estimates to the 127,000 lung cancer deaths in 2023 implies that radon causes between 30,480 and 35,560

yearly lung cancer deaths, representing a substantial 50 percent increase compared to the EPA’s estimates.

To align with the EPA estimates, one must assume a 25 percent lifetime exposure to the first-floor long-term

concentrations, averaging 1.3, 2.4, and 3.3 piC/L in the New Zones 3, 2, and 1, respectively.

The discrepancies between these estimates and the EPA estimates can primarily be attributed to the im-

plicit assumptions made in the EPA approach. In their calculations of the lifetime risks of radon-induced lung

cancer death, the EPA relied on life tables and assumed a constant mean exposure of 1.25 piC/L for the entire

US population, relative to the baseline lung cancer risk for the country (US Environmental Protection Agency,

2003). The mean exposure assumption was based on estimates from a study conducted by Marcinowski et al.

(1994), which sampled 5694 homes across the US. This study found long-term averages of 1.25 piC/L and a

standard deviation of 0.08 piC/L. However, it is important to note that this sample size represents less than

0.008% of the US housing stock, making it unlikely that extrapolating this assumed distribution accurately

22Furthermore, as discussed in Section 1.3.4.2, the long-term predictions tend to underestimate observed long-run indoor radon tests,
suggesting a likely underestimation of lung cancer cases as well.

23Basement levels of radon generally are higher than first-floor levels.
24For a discussion of the CDC’s method for estimating the attributable fraction of alcohol, refer to https://www.cdc.gov/alcohol/ardi/

methods.html.
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captures the true extent of exposure. On the contrary, the data from 1.1 million single-family radon tests

reveal significantly higher means (with expected higher standard deviations for short-term tests) compared to

the EPA assumptions, even within EPA Zone 3 areas. Additionally, the long-term radon tests conducted by

Alpha Energy indicate a mean concentration of 5.4 piC/L and a sample standard deviation of 4.5 piC/L.

Furthermore, it is crucial to account for the continuous nature of radon exposure when attempting to

estimate risks, particularly in EPA Zones 2 and 3. Given that there is no level of indoor radon deemed safe

and the dose-response is assumed to be linear, significant cases of lung cancer can result from exposures to

radon levels above 2 piC/L. In fact, under the predicted New Zones, nearly 35 percent of all homes have

indoor radon levels between 2-4 piC/L. Therefore, accurately estimating the true impact of indoor radon

exposure on the prevalence of lung cancer and death in the United States necessitates accounting for the full

distribution of radon exposure. These findings highlight the limitations of relying solely on small samples

and underscore the need to consider a broader and more comprehensive dataset when assessing the risks

associated with radon-induced lung cancer.

Finally, I estimate the cost-effectiveness of targeted remediation at the household level. Assuming a re-

mediation threshold of 2.7 piC/L, remediating homes accurately predicted above this limit could potentially

reduce yearly radon-attributed lung cancer deaths by approximately 8,800, considering the split-time as-

sumption of radon exposure between the basement and first-floor levels. The total costs, assuming $2,000 per

home for testing and remediation for accurately identified homes25 and $500 for those inaccurately predicted,

would amount to approximately $3.02 billion. This translates to approximately $354,545 per avoided lung

cancer death. Similarly, at the 4 piC/L remediation level, targeted remediation could save 992 yearly lung

cancer deaths at a cost of $333,000 per death averted. Assuming a 20/80 radon exposure split between the

lowest level and first floor, and a remediation threshold of 3 piC/L, targeted remediation saves 4,010 yearly

lung cancer deaths at a cost of about $400,000 per lung cancer death. These findings suggest potentially

significant increases in the cost-effectiveness of remediation using the predictions from this model.

1.5 Conclusions

Chapter 1 has aimed to address the significant challenges associated with accurately modeling and mapping

indoor radon exposure levels across the United States. Through a series of comprehensive steps and models,

this work has made notable contributions to the field and shed light on the limitations of existing approaches.

The initial focus of this chapter involved generating a complete map of rock lithology for the contiguous

United States. This map, combined with geochemical surveys, long-term weather data, soil characteristics,

25The short-term predictive model accurately identifies 72 percent of the homes with long-term average indoor radon values above
2.7 piC/L in the out-of-sample alpha track tests.
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and terrain features, allowed me to model the distribution of radon-accessory elements. Subsequently, I em-

ployed nonparametric estimation techniques to predict daily atmospheric bi-214, a critical proxy variable for

outdoor/surface-level radon, based on the imputed lithology, predicted radon-accessory element distributions,

soil characteristics, terrain features, land imperviousness, daily weather, and other relevant factors.

To further refine our understanding of indoor radon exposure, I developed models to account for endoge-

nous building characteristics, sample selection, and the daily predicted atmospheric bi-214, weather data,

and remaining building characteristics. This enabled me to model the data-generating process of radon that

migrates indoors.

Throughout this work, it has become evident that the modeling process involves a series of assumptions,

each with its own limitations. However, it is important to note that the current model lacks the ability to

generate confidence and prediction intervals for predicted indoor radon in the population represented in the

ZTRAX database. The computational cost associated with generating predictions at each step has posed

restrictions on providing estimates of uncertainty. Moreover, the use of nonparametric estimation techniques

and the extensive volume of predictions required for all single-family homes across the United States present

additional challenges in terms of computational resources.

Considering the lack of confidence and prediction intervals, it is crucial to acknowledge that the predictive

map, radon-attributable fraction, and cost-effective mitigation estimates presented in this study are still in the

process of development. These estimates are expected to undergo further refinement and enhancement as

additional data and iterations are incorporated, allowing for a more robust assessment of uncertainty.

Nevertheless, the findings have revealed significant differences between a predictive map of long-term

indoor radon and the original 1993 EPA Map of Radon Zones. The prevalence of Zone 1 areas, representing

higher radon levels, has reduced substantially in the predictive map. Approximately 10 percent of homes have

long-term predicted radon values of 4 piC/L or more, compared to about 28 percent represented by the EPA

Zone 1 designations. This indicates that the 1993 EPA map may be outdated and potentially misrepresents

the long-term distribution of indoor radon exposure.

The new map has also highlighted the misclassification of counties originally labeled as EPA Zones 2 and

3, but with long-term predicted indoor radon levels exceeding 4 piC/L. Approximately 2.2 percent of homes

among the 74 million single-family residences have been misclassified, raising concerns about the accurate

identification of long-term radon risks. Given the influence of the EPA map on testing and mitigation efforts,

it is crucial to collaborate with the EPA to educate individuals residing in these areas about their elevated

radon risk.

The development of a predicted long-term indoor radon map for the State of Tennessee at a high-resolution

level has further demonstrated the significant spatial variation in radon levels within counties and across the
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state. By providing information on the distribution of indoor radon risk within small geographical areas, the

predictive approach offers valuable insights that were previously absent from the original EPA map.

Furthermore, this research has provided new estimates of the radon-attributable fraction, indicating that

radon causes between 30,480 to 35,560 yearly lung cancer deaths, representing a 50 percent increase relative

to the EPA’s estimates. These estimates consider different exposure scenarios, and it becomes evident that

assuming a 25 percent lifetime exposure to first-floor long-term concentrations would align radon-attributed

lung cancer deaths with the EPA estimates.

I have also evaluated the cost-effectiveness of targeted remediation at the household level. Based on the

predictions, remediation of homes accurately identified above the WHO 2.7 piC/L threshold would potentially

reduce yearly radon-attributed lung cancer deaths by approximately 8,800. The estimated cost of testing and

remediation for accurately identified homes, along with the associated costs for testing inaccurately predicted

homes, amounts to approximately $3.02 billion. This translates to a cost of about $354,545 per avoided

lung cancer death. Similar exercises conducted at different remediation levels indicate potentially significant

increases in the cost-effectiveness of remediation using the predictions from our model.

In conclusion, this research has contributed to the advancement of accurately and precisely mapping long-

term indoor radon exposure levels across the United States. By addressing the limitations of existing models

and providing more nuanced insights, this research paves the way for improved risk assessment, mitigation

strategies, and public awareness regarding indoor radon exposure. Future studies should focus on refining

the models, incorporating additional data sources, and collaborating with relevant partners to further enhance

our understanding of this important public health concern.
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1.6 Appendix

1.6.1 The EPA Map

The Environmental Protection Agency (EPA) published the Map of Radon Zones in 1993, which is widely

used to provide information about indoor radon risks. The EPA map estimates that one-third of all continental

U.S. counties are high-risk zones for indoor radon. The Map of Radon Zones was developed to assist national,

state, and local governments and organizations in targeting their radon program activities and resources.

Each of the three Zone designations represents an estimate of radon potential in the lowest livable area of a

structure, but it cannot estimate actual exposures to radon.

The EPA Committee used five factors that were known to be important indicators of radon potential to

construct the Zone designations for each county across the US: (1) Indoor radon measurements; (2) Geology;

(3); Aerial Radioactivity (NURE equivalent uranium data); (4) Soil parameters; and (5) Foundation types.

The Committee assigned numerical values based on the assessment of each category’s individual contribution

to radon potential for about 360 separate geological provinces.

Figure 1.15: EPA Index Approach for Radon Mapping

The Committee acknowledges that this extrapolation may hide significant variation within counties. Fig-

ure 1.15 shows the index approach used by the EPA Committee to construct the Zones.
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1.6.2 Figures

Figure 1.16: The Decay Chain of Thorium-232
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Figure 1.17: Counties with Predicted Radon 4 piC/L or More

Notes: The top figure shows the percentage of homes that are located in the EPA Zones 2 and 3 with
predicted lowest-level indoor radon at 4 piC/L or more. The bottom map shows the 1993 EPA map of
Zones for reference.
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Figure 1.18: EPA Zone 3 Counties Missclassified

Notes: The top figure shows the percentage of homes that are located in the EPA Zone 3 that are
misclassified under the new map. A home is defined as misclassified if its long-term predicted radon
is not less than 2 piC/L, the definition of EPA Zone 3. The bottom map shows the 1993 EPA map of
Zones for reference.
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Figure 1.19: EPA Zone 2 Counties Missclassified

Notes: The top figure shows the percentage of homes that are located in the EPA Zone 2 that are
misclassified under the new map. A home is defined as misclassified if its long-term predicted radon
does not fall within 2-4 piC/L, the definition of EPA Zone 2. The bottom map shows the 1993 EPA
map of Zones for reference.
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Figure 1.20: EPA Zone 1 Counties Missclassified

Notes: The top figure shows the percentage of homes that are located in the EPA Zones 1 that are
misclassified under the new map. A home is defined as misclassified if its long-term predicted radon
is not greater than 4 piC/L, the definition of EPA Zone 1. The bottom map shows the 1993 EPA map
of Zones for reference.
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1.6.3 Tables

Table 1.3: Descriptive Statistics of Predicted Radon

Zone 1 Zone 2 Zone 3 Zone 1* Zone 2* Zone 3*

Lowest-Level Mean 3.28 2.16 1.38 4.86 2.85 1.36
Lowest-Level SD 1.27 0.98 0.49 0.83 0.56 0.29
First-Floor Mean 2.68 1.85 1.27 3.33 2.36 1.33
First-Floor SD 0.83 0.63 0.30 0.77 0.61 0.28
N 2,083,376 2,639,091 2,617,623 722,722 2,464,913 4,152,455

Table reports the descriptive statistics of the radon predictions among a 10 percent sample of the ZTRAX population of single-
family homes. The columns Zone 1 - Zone 3 are the original EPA Zone designations. The columns Zone 1* - Zone 3* are the
new zone designations under the predictive map.
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CHAPTER 2

An Application of the Radon Model: Evaluating the Health Effects of Long-Term Radon Exposure

among the Veteran Population

2.1 Introduction

This chapter aims to contribute to the existing literature on the health effects of indoor radon exposure by

examining the relationship between cumulative radon exposure and the probability of developing lung cancer

among United States veterans. While extensive research has been conducted to explore the association be-

tween radon exposure and lung cancer in the general population, limited evidence exists regarding the effects

of radon among specific subpopulations, including veterans. Furthermore, lung cancer is the leading cause of

death among veterans. Consequently, this study aims to bridge this gap by investigating the heterogeneous ef-

fects of cumulative radon exposure within this underserved population. By accurately quantifying the causal

effect of residential levels of cumulative indoor radon, this study offers valuable insights into the potential

widespread health implications of radon exposure for the overall veteran population.

While there is a considerable body of literature investigating the impact of radon exposure on lung cancer

within residential settings, this research has faced various challenges. These challenges include limitations

in data availability, measurement errors, utilization of non-random case-control study designs, and concerns

regarding external validity. In an ideal research scenario, indoor radon values would be randomly assigned

to the study population and continuously monitored throughout each participant’s lifetime, allowing for the

utilization of cross-sectional and time-series variation to identify causal effects. However, such an approach

raises ethical concerns. An alternative approach involves leveraging exogenous shocks to long-term indoor

radon levels, but this requires measurements of long-term indoor radon to identify underlying structural

relationships. Overcoming these challenges is further complicated by the hypothesis that residential levels

of indoor radon exposure have relatively small marginal effects on the probability of developing lung cancer,

particularly when compared to factors like smoking or exposure to high levels of occupational hazards. As a

result, precise estimates of these effects necessitate a sufficiently large sample size.

This paper aims to tackle these challenges by leveraging the predictive models developed in Chapter 1.

It combines administrative and claims data from the Veteran Health Administration (VHA) with residence

information obtained from the ZTRAX database and long-term weather data. This unique dataset, along with

the predictions of atmospheric bismuth-214 and indoor radon from Chapter 1, provides a practical approach

for estimating both reduced-form and structural models that examine the relationship between radon risk and
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the probability of developing lung cancer.

Let’s consider the reduced-form relationship between predicted atmospheric bi-214 and the risk of lung

cancer. Regardless of the origin of radon-222, which produces bi-214, a significant association between

atmospheric bi-214 and lung cancer development would suggest that radon-222 progeny contributes to lung

cancer risk. However, it is important to acknowledge the limitations inherent in any reduced-form analysis.

Outdoor levels of bi-214 and radon-222 generally represent low concentrations of exposure to environmental

radiation. Since the primary driver of lung cancer risk from radiation comes from elevated indoor exposures,

it is unlikely that atmospheric (outdoor) bi-214 plays a major role in lung cancer development. This is

particularly relevant considering that most individuals spend the majority of their time indoors. Therefore,

atmospheric bi-214 is likely capturing the effects of elevated indoor concentrations. Furthermore, interpreting

the marginal effects of outdoor bi-214 on lung cancer from a health policy perspective presents challenges:

what actionable measures can be taken to reduce the impact of natural background radiation in the atmosphere

on the development of lung cancer?

By providing both reduced-form and structural estimates, this study effectively addresses the potential

limitations associated with relying solely on a reduced-form analysis. The individual fixed-effects models for

both cumulative predicted atmospheric bi-214 and cumulative predicted indoor radon yield statistically and

economically significant effects on the probability of developing lung cancer within this specific population.

Notably, using natural log transformations of atmospheric bi-214 and indoor radon produces almost identical

marginal effects.

At the mean lung cancer risk, a 10 percent increase in atmospheric bi-214 or indoor radon leads to a 6.2

percent increase in the probability of developing lung cancer. Moreover, increasing cumulative radon by 50

percent results in a substantial 26 percent increase in the probability of lung cancer at the mean level. These

effects are remarkably large, especially when considering the predicted levels of long-term radon exposure.

In fact, the mean yearly indoor radon concentration is only 1.63 piC/L, and the 99th percentile reaches 3.89

piC/L. Even at these relatively low levels, indoor radon exposure demonstrates a significant impact on the

probability of developing lung cancer.

The results of this study yield fascinating insights when exploring the heterogeneous effects of radon

exposure among different subpopulations of veterans. Specifically, separate models are estimated based on

smoking status, combat history, and veterans diagnosed with chronic obstructive pulmonary disease (COPD).

The analysis focuses on estimating the probability of lung cancer and death as a function of cumulative radon

exposure and approximating the fraction of lung cancer deaths attributed to radon exposure.

The findings reveal that veterans diagnosed with COPD face the highest risk of dying from radon-

attributed lung cancer, with 35 percent of lung cancer deaths among COPD-diagnosed veterans attributed
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to radon exposure. Similarly, smokers exhibit high levels, with the radon-attributed fraction (RAF) hovering

around 28 percent. Notably, there is a distinct pattern wherein populations at greater risk or those considered

”sicker” demonstrate larger RAFs compared to their low-risk or ”healthier” counterparts. This finding may

appear surprising at first, as one might expect the radon effects relative to death risk to be higher among the

healthier population. However, it is important to consider the levels of radon exposure across the entire cohort

of veterans. Approximately 99 percent of these veterans have yearly predicted levels below 3.89 piC/L, and

75 percent have levels below 1.84 piC/L, well below the suggested remediation threshold of 4 piC/L. Given

these relatively low levels of yearly radon exposure, it is unlikely that cumulative exposure from radon alone

would generate lung cancer deaths among populations that are not already at an increased risk of lung cancer.

Understanding the heterogeneous effects of radon exposure among veterans holds significant public health

implications. By identifying subpopulations with higher susceptibility to radon-induced lung cancer, targeted

interventions and preventive strategies can be developed. Tailoring efforts towards at-risk groups, such as

smokers or individuals with COPD, may prove more effective in reducing the burden of lung cancer. Further-

more, the establishment of different remediation thresholds for these at-risk populations may be necessary.

In conclusion, this paper presents a novel analysis that leverages a unique dataset to estimate the effects of

radon exposure on the probability of lung cancer among veterans. The insights gained from this study enhance

our understanding of radon exposure risks within the veteran population and provide the first estimates of the

causal effects of long-term cumulative radon exposure on the risk of lung cancer at residential levels of

exposure among US veterans. The significant risk of lung cancer observed even at relatively low levels of

radon exposure, compared to the EPA’s suggested remediation threshold of 4 piC/L, suggests the need to

develop a new threshold specifically for veterans, particularly those with COPD or smoking history. Future

research should involve collaboration between the VHA and EPA to reduce veterans’ exposure to indoor

radon and alleviate the burden of lung cancer within this population.

2.2 Background

Despite the risks of radon gas, the economic and health literature on residential radon exposure is limited and

relies on small case-control studies and meta-analyses1. Darby et al. (1998) performed a case-control analysis

in southwest England with 4167 subjects and estimated that the relative risk of lung cancer increased by 0.08

per 100 Bq/m3 (2.7 pCi/L). Field et al. (2000) performed a similar case-control study of female Iowa residents

who occupied their current homes for at least 20 years. The study found noisy estimates, predicting excess

odds ratios of 0.5 for radon exposure at 148 Bq/m3. Darby et al. (2005) analyzed individual data from 13

1See Lubin et al. (1994),Pavia et al. (2003),Darby et al. (2005),Krewski et al. (2005),Darby et al. (2006),Krewski et al. (2006),Mali-
novsky et al. (2018),Li et al. (2020), and Chen et al. (2021).
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European case-control studies, finding a significant linear dose-response relationship between indoor radon

and lung cancer. They estimate increased relative risks of lung cancer by 0.16 per 100 Bq/m3, twice the effect

of Darby et al. (1998). A more recent meta-analysis performed by Malinovsky et al. (2018) analyzed the

results of 31 case-control studies from 13 countries and found statistically significant lung cancer risk for

radon concentrations above 92 Bq/m3.

The Committee on Biological Effects of Ionizing Radiation (BEIR) VI proposed a model relating radon

risk to lung cancer in 1999 using data from 68,000 metal miners from 11 international observational studies.

The BEIR VI found significant lung cancer risks for metal miners but relied on limited regression controls

to extrapolate the miner results to the general population and did not control for other potential confounding

factors. Cao et al. (2017) re-evaluated the estimates from the BEIR VI model while accounting for diesel

engine exhaust exposure, reducing the BEIR VI radon-attributed lung cancer estimates by 9-26 percent. This

study calls into question the EPA’s use of the BEIR VI model to develop the remediation threshold of 148

Bq/m3 (equivalent to 4 picocuries per liter and the EPA’s Zone 1 radon designation). Other studies have also

highlighted the uncertainty regarding the effects of residential radon exposure and lung cancer risk. Wilcox

et al. (2008) performed a case-control study in New Jersey involving 561 cases and 740 control subjects, find-

ing no statistically significant effect of indoor radon on lung cancer risk. Sandler et al. (2006) analyzed 1474

lung cancer cases against 1811 telephone-screened controls from Connecticut, Utah, and southern Idaho. The

study’s estimates of the excess relative risks for lung cancer weren’t statistically significantly different from

zero. Another case-control study found no significant risk for lung cancer among non-smoking women in

Germany using 234 female lung cancer patients and 535 population controls (Kreuzer et al., 2002). It is

clear that the literature on residential lung cancer contains contradictory and uncertain evidence regarding the

health effects of indoor radon. Non-random case-control designs combined with small sample sizes lack the

power to detect the effects of indoor radon on health outcomes for the residential population across the US.

2.3 Data

Demographic, socioeconomic, health history, and address data for veterans were obtained from the Cor-

porate Data Warehouse (CDW) hosted by the VA Informatics and Computing Infrastructure (VINCI). The

Institutional Review Board approved the study to include all veterans followed by the Veteran Health Ad-

ministration (VHA) from 2002 to the present. However, address histories were not available in the CDW

database, requiring additional data requests within VINCI. Considering data and computational constraints,

the analysis focused on veterans residing in Alabama, Arkansas, Kentucky, Louisiana, Mississippi, Okla-

homa, and Tennessee. The veteran address files contained information on the date of address updates, with

only the most recent address included. While some address changes may represent confirmations rather than
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actual changes, the assumption was made that the update date indicates when a veteran started living at the

address on file, which determined their inclusion in the analysis. These criteria resulted in a sample of 1.317

million veterans across the seven states.

Data on veterans’ demographics, socioeconomics, health histories, and addresses come from the Cor-

porate Data Warehouse (CDW) hosted by the VA Informatics and Computing Infrastructure (VINCI). The

Institutional Review Board application approved the study to include any veterans that were followed by the

Veteran Health Administration (VHA) in 2002 to the present. The veterans’ address histories are currently

unavailable within the CDW database and require additional data requests inside VINCI. Additionally, data

and computational restrictions would make analyzing the full US veteran population beyond the scope of

this paper. Given these considerations, I limited the analysis to veterans that reside in Alabama, Arkansas,

Kentucky, Louisiana, Mississippi, Oklahoma, and Tennessee.

The veteran address files contain information on the date for which a home address was updated and only

contain the most recent address. An address could be updated if an employee confirmed an address or altered

an address in any way. It is unclear if some address change dates simply reflect an employee confirming a

patient’s address, rather than an actual change of address. Regardless, I assume that the address update date

indicates when a veteran has started living in the address on file, and use this date to determine when a veteran

enters the analysis. These restrictions result in 1.317 million veterans across the seven states.

To match veterans to their residences, the addresses were compared to the Zillow ZTRAX database. The

matching algorithm prioritized minimizing false matches, resulting in a match rate of 71 percent and 936K

matched veterans.2. Restricting the sample further to veterans living in single-family homes yielded a cohort

of slightly over 700K veterans.

Demographic and health indicators were constructed using the administrative and claims data available in

the Corporate Data Warehouse (CDW). The demographic variables included race, age, sex, body mass index,

military service period, combat service, exposure to Agent Orange, exposure to ionizing radiation, prisoner of

war (POW) status, unemployability status, housebound status, military service-connected disability, Medicaid

eligibility, and receipt of VA pension or social security benefits. Ever-smokers were identified based on

ICD9/10CM diagnosis codes and health factor indicators extracted from electronic health records.

The inpatient and outpatient claims data were utilized to identify the year of lung cancer diagnosis and

determine if veterans received treatment for 16 chronic conditions. These conditions encompassed anemia,

congestive heart failure, coronary artery disease, dementia, diabetes, obesity, hypertension, hypothyroidism,

rheumatoid arthritis, pulmonary fibrosis, asthma, chronic obstructive pulmonary disorder (COPD), drug/al-

2Other choices for the match restrictions are possible that increase the match rate but decrease the accuracy. Spot-checking 1000
random matched addresses found 4 mismatches under the chosen algorithm. Note that the algorithm requires perfect matches on the
property number, city, and zip code, so mismatches most likely occur within a reasonable distance to the true location
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cohol dependence, drug/alcohol abuse, and alcohol use.

Furthermore, estimates of atmospheric bismuth-214 and indoor radon exposure were generated using the

models developed in Chapter 1 for each month that a veteran resided in the matched property. These monthly

estimates were averaged over each year to create a measure of mean long-term radon exposure. Cumulative

sums of these estimates were calculated for each year that a veteran was observed in the panel.

Table 2.1 presents summary statistics for the unique panel of veterans, while the summary statistics of

the yearly panel of observations are provided in Table 2.2. It is worth noting that the average indoor radon

prediction for this population is relatively low, with an average of approximately 1.6 piC/L. It is important

to emphasize that this value represents the yearly average of short-term predictions. While multiplying these

yearly means by 365 would estimate the total yearly exposure, it is common practice in the literature and EPA

guidelines to present thresholds and findings based on yearly means. On average, veterans are observed for a

period of 5.4 years, accumulating an average cumulative exposure of 8.7 piC/L.

2.4 Empirical Strategy

2.4.1 Lung Cancer

The objective of this paper is to estimate the health effects of cumulative radon exposure among US veterans.

I model the relationship between lung cancer and cumulative radon exposure using the following regression

equation:

LungCancerict = β log(rict)+X ′
ictγ +αc +αt +αct + ci + eict (2.1)

where LungCancerict is an indicator of lung cancer for individual i, who lives in county c, in year t. The coef-

ficient of interest is β , the marginal effect of cumulative indoor radon exposure (rict ). X ′
ict is a vector of veteran

characteristics (smoking status, race, Medicaid eligibility, flags for receiving VA disability receiving social

security benefits, if the veteran is considered unemployable, if the veteran is housebound, history of agent

orange and/or ionizing radiation exposure, combat service, military service period, sex, and second-order

polynomials of BMI and age, yearly averages of precipitation, minimum temperature, maximum tempera-

ture, dew point temperature, and vapor pressure deficits).

In order to account for various sources of heterogeneity and control for unobserved factors, this study

incorporates a high dimension of fixed effects. Specifically, county fixed effects (αc), year fixed effects (αt ),

and county-by-year fixed effects (αct ) are included in the analysis. The county fixed effects help control for

constant geographic differences that may impact lung cancer rates. The year fixed effects account for yearly

shocks that could affect the development or diagnosis of lung cancer among veterans as a whole. Lastly, the

county-by-year fixed effects flexibly capture location-time-varying shocks, such as changes in VHA policies
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Table 2.1: Veteran Cohort Summary Statistics

Mean Std Dev N

Lung Cancer 0.027 0.162 700,255
Died 0.375 0.484 700,255
Hypertension 0.551 0.497 700,255
Coronary Artery Disease 0.237 0.425 700,255
Anemia 0.204 0.403 700,255
Pulmonary Fibrosis 0.005 0.073 700,255
COPD 0.167 0.373 700,255
Rheumatoid Arthritis 0.027 0.162 700,255
Obesity 0.139 0.346 700,255
Hypothyroidism 0.085 0.279 700,255
Drug/Alcohol Use 0.008 0.086 700,255
Drug/Alcohol Dependence 0.057 0.233 700,255
Drug Abuse 0.168 0.374 700,255
Diabetes 0.275 0.446 700,255
Dementia 0.060 0.237 700,255
Congestive Heart Failure 0.080 0.272 700,255
Asthma 0.037 0.190 700,255
Race - White 0.806 0.395 700,255
Race - Black 0.179 0.383 700,255
Race - Other 0.015 0.122 700,255
Medicaid Eligible 0.009 0.084 700,255
Service Connected Disability 0.537 0.499 700,255
Agent Orange Exposure 0.088 0.283 700,255
Ionizing Radiation Exposure 0.002 0.046 700,255
SW Asia Service 0.024 0.150 700,255
Prisoner of War 0.004 0.048 700,255
Combat Service 0.171 0.350 700,255
Unemployable 0.066 0.248 700,255
VA Disability 0.483 0.499 700,255
PT Disability 0.182 0.381 700,255
Housebound 0.044 0.205 700,255
Receiving VA Pension 0.050 0.214 700,255
Receiving SS Benefit 0.131 0.258 700,255
Service Period - Korean 0.092 0.289 700,255
Service Period - Vietnam 0.354 0.478 700,255
Service Period - WWII 0.102 0.303 700,255
Service Period - Other 0.452 0.498 700,255
Ever-Smoker 0.373 0.483 700,255
BMI 29.230 5.307 700,255

Notes: Table reports summary statistics for the unique cohort of veterans.
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Table 2.2: Veteran Yearly Panel Summary Statistics

Mean Std Dev N

Lung Cancer 0.010 0.098 4,470,821
Died 0.059 0.235 4,470,821
Year 2014 4.9 4,470,821
Years in Panel 5.406 4.065 4,470,821
Yearly Mean Radon piC/L 1.625 0.656 4,470,821
Yealy Mean Atmospheric Bi214 counts/sec 0.00005 0.00003 4,470,821
Cumulative Radon piC/L 8.736 7.835 4,470,821
Cumulative Bi214 counts/sec 0.0003 0.0003 4,470,821
Precipitaiton 4.033 0.934 4,470,821
Maximum Temperature 22.627 2.223 4,470,821
Minimum Temperature 10.934 2.483 4,470,821
Mean Dew Point Temperature 10.383 2.564 4,470,821
Maximum Vapor Pressure Deficit 15.731 2.300 4,470,821
Minimum Vapor Pressure Deficit 1.005 0.534 4,470,821

Notes: Table reports summary statistics for the yearly panel dataset of the cohort of veterans.

or other local pollutants.

In addition to these fixed effects, individual-specific unobserved heterogeneity (ci) is considered in the

model. Accounting for ci is particularly crucial in this research context as it addresses the potential correlation

between unobserved individual characteristics and predicted radon exposure. If the unobserved heterogeneity

(ci) is uncorrelated with the predicted long-term radon (r̂it ) and other confounding factors (such as agent or-

ange exposure, smoking status, race, etc.), pooled OLS and random effects (RE) estimators provide consistent

estimates of β (with random effects being more efficient). However, if ci includes previous radon exposure

and there is systematic correlation with r̂it , pooled OLS and RE estimators would produce inconsistent results.

Similarly, if a veteran’s smoking history is correlated with their childhood second-hand smoke exposure and

an interaction term is estimated between r̂it and smoking status, the coefficients on these interaction terms

would be inconsistent without controlling for ci.

Furthermore, controlling for ci is essential in any analysis involving cumulative exposure. The average

number of years observed in the panel is 5.4, which is insufficient to capture the full latency period for

developing lung cancer, ranging from 10-30 years (Lipfert and Wyzga, 2019), and potentially up to 55 years

(Hu et al., 1994). Given these timeframes and the low levels of cumulative predicted exposure among this

population, it would not be expected to observe a significant positive coefficient on cumulative radon and lung

cancer risk. In fact, one might even anticipate a negative coefficient for low levels of cumulative exposure

due to the use of low radiation levels in radiation therapy. Indeed, Scott (2011) finds that low levels of radon

exposure inhibit the development of lung cancer. To control for linear unobserved heterogeneity, the fixed-
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effects (within) transformation is applied, which subtracts the means of the variables for each veteran. This

approach helps address the potential biases arising from unobserved time-invariant factors and allows for

more reliable estimation of the relationship between cumulative radon exposure and lung cancer risk.:

∆LungCancerict = β∆log(rict)+∆X ′
ictγ +∆αt +∆αct +∆eict (2.2)

where ∆ritsyg represents ritsyg = ritsyg − r̄itsyg under the fixed-effect (within) transformation. This model relies

on the crucial assumption that ci does not interact with observable characteristics and is constant over time.

I leave the analysis that allows ci to vary over time or interact with the observable characteristics, such as

random coefficient or correlated random effect models, as future work.

To address the limitations associated with distributional assumptions and incidental parameters in a panel

probit or logit model within an individual fixed effects framework, a linear probability model (LPM) is em-

ployed in this study. By utilizing the LPM as a linear projection, the analysis aims to examine the significance

of long-term radon exposure on the probability of developing lung cancer. The LPM provides straightforward

interpretations and facilitates the estimation of marginal effects.

Furthermore, to account for the sampling uncertainty of the generated regressor r̂it , nonparametric boot-

strapped coefficient and standard error estimates are presented in all results. Although the panel consists

of 4.5 million observations among 700K unique veterans, the sampling uncertainty is likely to be relatively

small. To address this uncertainty, the unique list of veterans is bootstrapped 100 times, with all yearly ob-

servations for the sampled individuals retained. In cases where a veteran is sampled multiple times, each

set of observations is treated as a separate individual in the analysis. It is important to note that increasing

the number of bootstraps significantly escalates computational costs while providing minimal gains in preci-

sion due to the large sample sizes. Hence, the decision to conduct 100 bootstraps strikes a balance between

computational efficiency and obtaining reliable estimates for the regression coefficients and their standard

errors.

2.4.2 Additional Models

2.4.2.1 Atmospheric Bi-214

I include an analysis of atmospheric bi-214 and lung cancer risk:

∆LungCancerict = γ∆log(Bi214ict)+∆X ′
ictγ +∆αt +∆αct +∆eict (2.3)
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2.4.2.2 Death

I model the effect of long-term radon exposure on death using the following reduced-form equation, also

utilizing the fixed-effects/within transformation:

∆Deathict = π1∆log(rict)+∆X ′
ictπ2 +∆Z′

ictπ3 +∆αt +∆αct +∆uict (2.4)

where rict , X ′
ict , and α’s are the same as above, Z′

ict is a vector of the chronic conditions (lung and other severe

cancers, hypertension, coronary artery disease, anemia, pulmonary fibrosis, COPD, rheumatoid arthritis,

obesity, hypothyroidism, drub abuse/dependence/use, diabetes, dementia, heart failure), and uict is the error

term.

2.4.2.3 Relative Risks and Radon Attributed Fraction

This paper differs from the literature composed of case-control studies and meta-analyses in the US by pro-

viding the first analysis of a panel of individuals over time. The results are in the form of marginal effects

and probabilities of lung cancer and death, whereas the epidemiological literature provides odds ratios and

relative risks. However, since the models are linear, it is relatively straightforward to generate results that are

comparable to the epidemiological literature on indoor radon exposure. Relative risks can be defined as:

RR =
p(LungCancer = 1|R = r+1,X)

p(LungCancer = 1|R = r,X)
(2.5)

where the numerator of equation 2.5 represents the probability of developing lung cancer from increasing

cumulative radon exposure by 1 piC/L. The denominator represents the baseline probability of lung cancer

risk among this population. I use the regression results to calculate estimates of the RR at the mean. Observe

that the denominator is approximately equal to the dependent variable mean. Then, since in the specification

that uses the natural log of cumulative radon exposure, the p(LungCancer = 1|R = r+1,X) is approximately

equal to β log[(r+1)/r] at the mean. Within each bootstrap sample, I estimate the following as a measure of

relative risks:

R̂R ≈ β̂ log[(r̄+1)/r̄]
ȳlung

. (2.6)

where ȳlung is the mean probability of lung cancer.

In population terms, the radon-attributed fraction (RAF) is defined as the number of lung cancer deaths

attributed to radon exposure. I use a similar approach to estimate the RAF using the following equation:

RAF =
p(LungCancer = 1|R = r+1,X)

p(Died = 1|R = r+1,X)
(2.7)
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where the numerator is the same as in equation 2.5, and the denominator represents the probability of dying

from increasing radon exposure by one unit. To include estimates of the RAF, consider the following. The

total number of observed lung cancer cases is approximately equal to the predicted probability of lung cancer

multiplied by the total number of observations (N). It follows that the increase in lung cancer cases from

increasing cumulative radon is simply the marginal effect multiplied by N. Similarly, for deaths attributed

to radon exposure: the total increase in deaths attributed to radon exposure is simply the marginal effect

multiplied by N. Thus, one can approximate p(LungCancer = 1|R = r + 1,X) ≈ ȳlung + β̂ · log[(r̄ + 1)/r̄]

when using the log specification of cumulative radon. Similarly, one can approximate p(Died = 1|R =

r+1,X)≈ ȳdied + π̂1 · log[(r̄+1)/r̄], where ȳdied is the mean probability of death. Within each bootstrapped

sample, I estimate the following:

ˆRAF ≈
ȳlung + β̂ · log[(r̄+1)/r̄]
ȳdied + π̂1 · log[(r̄+1)/r̄]

. (2.8)

2.5 Results

The analysis initially focuses on the impact of EPA Zone Designations, represented by three indicator vari-

ables, on the probability of lung cancer. Table 2.3 presents these results, with EPA Zone 3 as the reference

category, and each column representing a different combination of State by year fixed effects. It should be

noted that the EPA Zone is a county-level measure, and including county-fixed effects eliminates the pos-

sibility of estimating the parameter for EPA Zone. Similarly, employing individual fixed effects through a

within-transformation also removes the EPA measure from the regression. While these results do not establish

causal relationships, they provide valuable descriptive insights.

Compared to the mean lung cancer risk, veterans residing in EPA Zone 1 counties are approximately

12.5 percent more likely to receive a lung cancer diagnosis, relative to veterans in EPA Zone 3 counties. No

statistically significant difference in lung cancer risk is observed between Zones 2 and 3. Nevertheless, there

are several limitations when utilizing the EPA measure. Unobservable characteristics correlated with the EPA

zone designation at the county level cannot be controlled for in the analysis. Furthermore, interpreting the

results from a public policy perspective poses challenges, as EPA Zone 1 is already designated as a high-risk

zone, and the parameter estimates largely confirm the correlation between higher radon levels and lung cancer

risk among veterans. The estimates do not provide guidance on appropriate mitigation levels or acceptable

exposure thresholds.

Additional issues related to sorting and avoidance behavior may complicate the analysis, underscoring

the importance of leveraging exogenous changes in radon risks. Access to data before and after the release

of the EPA map in 1993 could potentially enable the identification of reduced-form effects of indoor radon
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Table 2.3: EPA Zone on Lung Cancer Probability among Veterans

Probability of Lung Cancer

(1) (2) (3)

EPA Zone 1 0.00120 0.00123 0.00117
(0.00028, 0.00190) (0.00034, 0.00194) (0.00030, 0.00190)

EPA Zone 2 0.00048 0.00050 0.00045
(−0.00019, 0.00121) (−0.00015, 0.00123) (−0.00023, 0.00117)

Mean Dependent
Variable 0.0096 0.0096 0.0096

Radon Mean 8.74 8.74 8.74
Zone 1 Effect

Relative to Mean 12.5% 12.8% 12.2%
Zone 2 Effect

Relative to Mean 5% 5.3% 4.7%

Fixed Effects
Veteran No No No
State by Year Yes No No
State by 2-Year No Yes No
State by 3-Year No No Yes

Notes: Table reports estimates of 2.1, using the EPA Zone designation as the measure of indoor radon. The excluded
category is the EPA Zone 3, the lowest risk designation. Each column includes a different set of State and year fixed
effects, since county fixed effects absorb the variation in the EPA Zone. All regressions include the veteran covariates of
smoking status, race, Medicaid eligibility, flag for receiving VA disability and/or receiving social security benefits, agent
orange exposure, combat service, sex, second-order polynomials of BMI and age, yearly weather (precipitation, min and
max temperatures, min and max dew point temperatures, vapor pressure deficit). Bootstrapped 95 precent confidence
intervals are given in parenthesis.

exposure on the probability of lung cancer. However, it is essential to recognize that estimates based on per-

ceived indoor radon risk alone cannot ascertain the precise levels of radon exposure that cause lung cancer or

capture the marginal effects of continuous exposure. This is where the structural estimates of radon exposure

on lung cancer risk, as offered by the models in Chapter 1, provide a notable contribution.

The analysis proceeds by estimating equations 2.2 and 2.3, incorporating individual veteran fixed effects

(equivalent to the within-transformation). The results are presented in Table 2.4 The parameter estimates for

cumulative atmospheric bi-214 and cumulative indoor radon are remarkably similar: a 10 percent increase

in either measure corresponds to a 6.2 percent increase in the probability of lung cancer. These findings

hold across various specifications and demonstrate both economic and statistical significance at the 1 percent

level. The striking similarity of the estimates obtained from different measures, namely atmospheric bi-214

and indoor radon, provides reassurance regarding the accurate representation of atmospheric radon-222 by

atmospheric bi-214.
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The magnitude of these effects is considerable, particularly when considering that the average yearly in-

door radon concentration is 1.6 piC/L, resulting in an average cumulative exposure of 8.7 piC/L. Importantly,

these effects persist even at levels of exposure below the suggested remediation threshold of 4 piC/L. The

results underscore the significant lung cancer risk posed by radon exposure among the veteran population

examined in this study.

Table 2.4: Bi-214 and Radon on Lung Cancer Probability among Veterans

Probability of Lung Cancer

(1) (2) (3)

Panel A: Cumulative Bi-214

Log Cumulative Bi214 0.00622 0.00646 0.00657
(0.00602, 0.00643) (0.00627, 0.00668) (0.00636, 0.00679)

Mean Dependent
Variable 0.0096 0.0096 0.0096

Bi-214 Mean 0.00026 0.00026 0.00026
10% Effect Relative

to Mean 6.2% 6.2% 6.2%
Relative Risk 1.07 1.07 1.07

Panel B: Cumulative Indoor Radon

Log Cumulative Radon 0.00624 0.00648 0.00658
(0.00603, 0.00646) (0.00629, 0.00671) (0.00637, 0.00681)

Mean Dependent
Variable 0.0096 0.0096 0.0096

Radon Mean 8.74 8.74 8.74
10% Effect Relative

to Mean 6.2% 6.2% 6.2%
Relative Risk 1.07 1.07 1.07

Fixed Effects
Veteran Yes Yes Yes
County by Year Yes No No
County by 2-Year No Yes No
County by 3-Year No No Yes

Notes: Table reports fixed-effect (within) estimates of equations 2.2 and 2.3. Panel A uses the natural log of cumulative
atmospheric bismuth-214 as the main variable of interest. Panel B uses the natural log of cumulative predicted indoor
radon. Each column includes a different set of County and year fixed effects. All regressions include the veteran covariates
of smoking status, race, Medicaid eligibility, flag for receiving VA disability and/or receiving social security benefits, agent
orange exposure, combat service, sex, second-order polynomials of BMI and age, yearly weather (precipitation, min and
max temperatures, min and max dew point temperatures, vapor pressure deficit). Bootstrapped 95 precent confidence
intervals are given in parenthesis.

Furthermore, the analysis explores the heterogeneous effects of radon exposure. The corresponding tables

are provided in the Appendix and consistently support a coherent narrative. Veterans with higher suscepti-
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bility to lung disease, such as ever-smokers and those diagnosed with COPD, exhibit substantially higher

marginal effects of cumulative radon exposure on lung cancer risk. However, it is noteworthy that the relative

effects compared to the mean cancer risk are relatively consistent across different populations. For instance,

Table 2.6 presents the results after stratifying the analysis for ever-smokers and never-smokers. In both cases,

the effects of radon on lung cancer risk are approximately 6 percent relative to the mean risk. A similar

pattern emerges when comparing veterans with a COPD diagnosis to those without. Conversely, non-combat

veterans display slightly higher marginal effects relative to their mean lung cancer risk compared to combat

veterans, albeit only marginally larger (5.1 percent vs. 6.3 percent). In summary, while the marginal effects

of radon exposure can vary significantly across different populations, they remain relatively consistent when

considering the relative risks in relation to the baseline risk for each respective population.

Moving forward, I present results from estimating the radon-attributed fraction (RAF) using Equation 2.8.

Particularly interesting are the comparisons between ever-smokers and never-smokers, as well as between

veterans with a COPD diagnosis and those without. Table 2.5 displays the results for ever-smokers vs.

never-smokers. The estimated RAF for ever-smoking veterans is approximately 28 percent, while the RAF

for never-smokers is only 8 percent. These findings are significantly different and somewhat unexpected.

One might anticipate that the RAF would be higher for the never-smoking population, considering that their

primary risk factor for lung cancer is radon exposure. However, a plausible explanation for this result is

that the level of indoor radon exposure is relatively low, and therefore does not generate sufficient risk to

cause radon-attributed lung cancer deaths among the never-smokers. It implies that non-smokers are not

experiencing lung cancer deaths at proportions similar to the smoking population, which aligns with the

understanding that radon primarily contributes to death through its impact on comorbidities. A similar pattern

emerges for veterans with COPD: the RAF for veterans diagnosed with COPD is approximately 35 percent,

whereas for those without COPD it is only 8 percent. These results raise an important concern: populations

with a significant risk of lung cancer death are at significantly higher risk of radon exposure, even at relatively

low levels. However, it should be noted that these results assume that the models accurately capture the causal

effects at the mean in both the lung cancer and death specifications.

Nevertheless, the evidence strongly suggests that veterans with COPD and smoking histories face an

elevated risk of indoor radon exposure. Therefore, it is crucial for the VHA to take action by notifying these

veterans and developing appropriate plans to reduce their exposure. Overall, the differential marginal effects

of radon exposure among various subpopulations within the VA underscore the importance of tailored public

health policies, targeted interventions, prevention strategies, awareness campaigns, and research endeavors.

By addressing the specific risks and vulnerabilities of these populations, such as smokers, non-smokers, and

individuals with COPD, health policies can effectively alleviate the burden of lung cancer associated with
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Table 2.5: Radon-Attributed Fraction by Subpopulation

Radon-Attributed Fraction

(1) (2) (3)

Panel A: Ever-Smoking Veterans

Radon-Attributed Fraction 0.282 0.282 0.282
(0.273, 0.290) (0.273, 0.290) (0.273, 0.291)

Mean Lung Cancer 0.0186 0.0186 0.0186
Mean Death 0.0615 0.0615 0.0615
Radon Mean 8.34 8.34 8.34

Panel B: Never-Smoking Veterans

Radon-Attributed Fraction 0.078 0.078 0.078
(0.074, 0.081) (0.074, 0.081) (0.074, 0.081)

Mean Lung Cancer 0.0048 0.0048 0.0048
Mean Death 0.0573 0.0573 0.0573
Radon Mean 8.95 8.95 8.95

Panel C: Veterans with COPD

Radon-Attributed Fraction 0.356 0.355 0.355
(0.347, 0.365) (0.346, 0.364) (0.346, 0.364)

Mean Lung Cancer 0.041 0.041 0.041
Mean Death 0.1056 0.1056 0.1056
Radon Mean 7.73 7.73 7.73

Panel D: Veterans without COPD

Radon-Attributed Fraction 0.078 0.078 0.078
(0.075, 0.081) (0.075, 0.081) (0.075, 0.081)

Mean Lung Cancer 0.0043 0.0043 0.0043
Mean Death 0.0507 0.0507 0.0507
Radon Mean 8.91 8.91 8.91

Fixed Effects
Veteran Yes Yes Yes
County by Year Yes No No
County by 2-Year No Yes No
County by 3-Year No No Yes

Notes: Table reports estimates of 2.8 using the parameter estimates from the fixed-effect (within) results of
radon on lung cancer and radon on death. Each panel presents the results among a different set of subpopu-
lations. Panel A subsets the data to only those veterans with a history of smoking. Panel B uses only those
veterans with no history of smoking. Panel C uses veterans with a COPD diagnosis. Panel B subsets the
data to only those veterans with no COPD diagnosis. Each column includes a different set of County and
year fixed effects. All regressions include the veteran covariates of smoking status, race, Medicaid eligibility,
flag for receiving VA disability and/or receiving social security benefits, agent orange exposure, copd service,
sex, second-order polynomials of BMI and age, yearly weather (precipitation, min and max temperatures,
min and max dew point temperatures, vapor pressure deficit). Bootstrapped 95 percent confidence errors are
given in parenthesis.

57



radon exposure.

2.6 Conclusion

This chapter has significantly improved our understanding of the health effects of indoor radon exposure

among United States veterans. By leveraging predictive models and unique datasets, I am able to estimate

the effects of long-term cumulative radon exposure on the probability of developing lung cancer, providing

valuable insights into the risks faced by this specific population.

The findings highlight the substantial impact of radon exposure on the probability of developing lung can-

cer among veterans, even at relatively low levels of exposure. A significant association between cumulative

radon exposure and the increased likelihood of lung cancer, particularly among subpopulations at higher risk,

such as ever-smokers and veterans diagnosed with chronic obstructive pulmonary disease (COPD). These

results emphasize the importance of targeted interventions and preventive strategies to reduce the burden of

lung cancer in these vulnerable groups.

Furthermore, the analysis of the radon-attributed fraction (RAF) revealed the proportion of lung cancer

deaths that can be attributed to radon exposure within specific veteran subpopulations. Veterans with COPD

exhibited a particularly high risk, with a substantial fraction of lung cancer deaths (35 percent) attributable to

radon. Similarly, ever-smokers had a RAF of approximately 28 percent. These findings underscore the urgent

need for tailored public health policies and interventions aimed at reducing radon exposure and its associated

health risks among high-risk individuals.

The comprehensive nature of this study allowed us to control for important confounding factors and

individual heterogeneity through fixed-effects models. This approach strengthens the validity of the findings

and provides a robust estimation of the effects of radon exposure on lung cancer risk within the veteran

population. However, the linear assumptions are critical in the interpretation of the results.

While this study has shed light on the health risks associated with radon exposure, further research is

needed to refine estimates and deepen our understanding of the mechanisms underlying these effects. In

particular, future work should investigate potential nonlinear models that allow for interactions between un-

observed heterogeneity or utilize address histories to more accurately capture true cumulative radon exposure.

Collaboration between the Veterans Health Administration (VHA) and the Environmental Protection Agency

(EPA) could facilitate ongoing efforts to develop more effective mitigation strategies, establish appropriate

radon exposure thresholds specifically tailored for veterans, and promote awareness of the risks posed by

radon.

In conclusion, this study provides compelling evidence of the detrimental effects of indoor radon exposure

on the probability of developing lung cancer among United States veterans. The findings emphasize the need
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for targeted interventions, awareness campaigns, and public health policies aimed at reducing radon exposure

and mitigating the burden of lung cancer within the veteran population. By addressing the specific risks

faced by different subpopulations, we can work towards minimizing health disparities associated with radon

exposure and improving the overall well-being of veterans.
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2.7 Appendix

2.7.1 Additional Results

Table 2.6: Radon on Lung Cancer Probability by Smoking History

Probability of Lung Cancer

(1) (2) (3)

Panel A: Ever-smoking Veterans

Log Cumulative Radon 0.01122 0.01158 0.01177
(0.01069, 0.01189) (0.01105, 0.01224) (0.01124, 0.01247)

Mean Dependent Variable 0.0186 0.0186 0.0186
Radon Mean 8.34 8.34 8.34
10% Effect Relative to Mean 5.7% 5.7% 5.7%
Relative Risk 1.068 1.068 1.068

Panel B: Never-Smoking Veterans

Log Cumulative Radon 0.00277 0.00300 0.00304
(0.00253, 0.00295) (0.00275, 0.00320) (0.00278, 0.00323)

Mean Dependent Variable 0.0048 0.0048 0.0048
Radon Mean 8.95 8.95 8.95
10% Effect Relative to Mean 5.5% 5.5% 5.5%
Relative Risk 1.061 1.061 1.061

Fixed Effects
Veteran Yes Yes Yes
County by Year Yes No No
County by 2-Year No Yes No
County by 3-Year No No Yes

Notes: Table reports estimates of 2.2 using the fixed-effect (within) estimator. Panel A subsets the data to only those veterans
with a history of smoking. Panel B subsets the data to only those veterans with no history of smoking Each column includes a
different set of County and year fixed effects. All regressions include the veteran covariates of smoking status, race, Medicaid
eligibility, flag for receiving VA disability and/or receiving social security benefits, agent orange exposure, combat service, sex,
second-order polynomials of BMI and age, yearly weather (precipitation, min and max temperatures, min and max dew point
temperatures, vapor pressure deficit). Bootstrapped 95 precent confidence intervals are given in parenthesis.
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Table 2.7: Radon on Lung Cancer Probability by COPD Diagnosis

Probability of Lung Cancer

(1) (2) (3)

Panel A: Veterans with COPD

Log Cumulative Radon 0.02153 0.02252 0.02298
(0.01939, 0.02279) (0.02048, 0.02355) (0.02107, 0.02415)

Mean Dependent Variable 0.041 0.041 0.041
Radon Mean 7.73 7.73 7.73
10% Effect Relative to Mean 5% 5% 5%
Relative Risk 1.064 1.064 1.064

Panel B: Veterans without COPD

Log Cumulative Radon 0.00257 0.00269 0.00274
(0.00240, 0.00272) (0.00253, 0.00284) (0.00257, 0.00289)

Mean Dependent Variable 0.0043 0.0043 0.0043
Radon Mean 8.91 8.91 8.91
10% Effect Relative to Mean 5.8% 5.8% 5.8%
Relative Risk 1.064 1.064 1.064

Fixed Effects
Veteran Yes Yes Yes
County by Year Yes No No
County by 2-Year No Yes No
County by 3-Year No No Yes

Notes: Table reports estimates of 2.2 using the fixed-effect (within) estimator. Panel A subsets the data to only those veterans that
have a diagnosis of COPD. Panel B subsets the data to only those veterans without a COPD diagnosis. Each column includes a
different set of County and year fixed effects. All regressions include the veteran covariates of smoking status, race, Medicaid
eligibility, flag for receiving VA disability and/or receiving social security benefits, agent orange exposure, combat service, sex,
second-order polynomials of BMI and age, yearly weather (precipitation, min and max temperatures, min and max dew point
temperatures, vapor pressure deficit). Bootstrapped 95 precent confidence intervals are given in parenthesis.
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Table 2.8: Radon on Lung Cancer Probability by Combat History

Probability of Lung Cancer

(1) (2) (3)

Panel A: Combat Veterans

Log Cumulative Radon 0.00635 0.00692 0.00719
(0.00553, 0.00694) (0.00614, 0.00744) (0.00638, 0.00781)

Mean Dependent Variable 0.0119 0.0119 0.0119
Radon Mean 7.87 7.87 7.87
10% Effect Relative to Mean 5.1% 5.1% 5.1%
Relative Risk 1.064 1.064 1.064

Panel B: Non-Combat Veterans

Log Cumulative Radon 0.00613 0.00633 0.00643
(0.00584, 0.00644) (0.00604, 0.00665) (0.00615, 0.00675)

Mean Dependent Variable 0.0092 0.0092 0.0092
Radon Mean 8.87 8.87 8.87
10% Effect Relative to Mean 6.3% 6.3% 6.3%
Relative Risk 1.071 1.071 1.071

Fixed Effects
Veteran Yes Yes Yes
County by Year Yes No No
County by 2-Year No Yes No
County by 3-Year No No Yes

Notes: Table reports estimates of 2.2 using the fixed-effect (within) estimator. Panel A subsets the data to only those veterans with
a history of combat Panel B subsets the data to only those veterans with no history of combat. Each column includes a different
set of County and year fixed effects. All regressions include the veteran covariates of smoking status, race, Medicaid eligibility,
flag for receiving VA disability and/or receiving social security benefits, agent orange exposure, combat service, sex, second-order
polynomials of BMI and age, yearly weather (precipitation, min and max temperatures, min and max dew point temperatures,
vapor pressure deficit). Bootstrapped 95 precent confidence intervals are given in parenthesis.
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Table 2.9: Radon-Attributed Fraction by Combat History

Radon-Attributed Fraction

(1) (2) (3)

Panel A: Combat Veterans

Radon-Attributed Fraction 0.140 0.139 0.140
(0.134, 0.149) (0.134, 0.149) (0.134, 0.149)

Mean Lung Cancer 0.0119 0.0119 0.0119
Mean Death 0.0781 0.0781 0.0781
Radon Mean 7.87 7.87 7.87

Panel B: Non-Combat Veterans

Radon-Attributed Fraction 0.155 0.155 0.155
(0.152, 0.159) (0.152, 0.159) (0.152, 0.159)

Mean Lung Cancer 0.0092 0.0092 0.0092
Mean Death 0.0558 0.0558 0.0558
Radon Mean 8.87 8.87 8.87

Fixed Effects
Veteran Yes Yes Yes
County by Year Yes No No
County by 2-Year No Yes No
County by 3-Year No No Yes

Notes: Table reports estimates of 2.8 using the parameter estimates from the fixed-effect (within) results of radon
on lung cancer and radon on death. Panel A subsets the data to only those veterans with a history of combat. Panel
B subsets the data to only those veterans with no history of combat. Each column includes a different set of County
and year fixed effects. All regressions include the veteran covariates of smoking status, race, Medicaid eligibility,
flag for receiving VA disability and/or receiving social security benefits, agent orange exposure, combat service, sex,
second-order polynomials of BMI and age, yearly weather (precipitation, min and max temperatures, min and max
dew point temperatures, vapor pressure deficit). Bootstrapped standard errors are given in parenthesis.

63



Table 2.10: Radon on Lung Cancer Probability by EPA Zone

Probability of Lung Cancer

(1) (2) (3)

Panel A: Veterans in EPA Zone 1

Log Cumulative Radon 0.00715 0.00743 0.00760
(0.00647, 0.00794) (0.00679, 0.00825) (0.00695, 0.00845)

Mean Dependent Variable 0.011 0.011 0.011
Radon Mean 12.84 12.84 12.84
10% Effect Relative to Mean 6.2% 6.2% 6.2%
Relative Risk 1.049 1.049 1.049

Panel B: Veterans in EPA Zones 2 and 3

Log Cumulative Radon 0.00598 0.00622 0.00631
(0.00572, 0.00640) (0.00595, 0.00664) (0.00604, 0.00672)

Mean Dependent Variable 0.0093 0.0093 0.0093
Radon Mean 7.72 7.72 7.72
10% Effect Relative to Mean 6.2% 6.2% 6.2%
Relative Risk 1.079 1.079 1.079

Fixed Effects
Veteran Yes Yes Yes
County by Year Yes No No
County by 2-Year No Yes No
County by 3-Year No No Yes

Notes: Table reports estimates of 2.2 using the fixed-effect (within) estimator. Panel A subsets the data to only those veterans
living in EPA Zone 1. Panel B subsets the data to only those veterans living in EPA Zones 2 or 3. Each column includes a different
set of County and year fixed effects. All regressions include the veteran covariates of smoking status, race, Medicaid eligibility,
flag for receiving VA disability and/or receiving social security benefits, agent orange exposure, combat service, sex, second-order
polynomials of BMI and age, yearly weather (precipitation, min and max temperatures, min and max dew point temperatures,
vapor pressure deficit). Bootstrapped 95 precent confidence intervals are given in parenthesis.
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CHAPTER 3

The Economics of Radon: A Case Study of Housing Prices and Radon in Nashville, Tenneessee1

3.1 Introduction

This paper aims to contribute to the literature by examining the relationship between radon risks and housing

prices in Davidson County, Tennessee, providing valuable insights into consumer behavior and the economic

costs of environmental exposure. The analysis in this paper builds upon the hedonic price literature, which

explores how various attributes of a property, such as location, size, and amenities, influence housing prices.

While previous studies have extensively examined the impact of housing characteristics and neighborhood

attributes on prices, relatively less attention has been given to the influence of radon on housing prices.

By incorporating radon risks into the hedonic price framework, this study extends the existing literature

and fills a crucial gap in understanding the economic implications of radon exposure. Within the broader

context of the economic costs of environmental exposure, this paper contributes to the understanding of how

individuals value and respond to environmental risks in the housing market. Environmental hazards, such as

air pollution, toxic substances, and natural disasters, have been shown to have significant effects on property

values. The inclusion of radon risks in the analysis expands the scope of environmental exposure research,

focusing specifically on a pervasive indoor pollutant with long-term health consequences. By quantifying

the relationship between radon risks and housing prices, this study provides insights into the economic costs

associated with environmental exposure and enhances our understanding of the tradeoffs that individuals

make in their housing decisions.

To achieve our objectives, this paper utilizes a comprehensive dataset that includes atmospheric bismuth-

214, predicted indoor radon concentrations, and over 165K single-family home transactions from 2001-2018

in Davidson County from the ZTRAX database. By leveraging these data sources, we are able to examine

both the reduced form relationship between atmospheric bi-214 and housing prices, as well as the structural

relationship between predicted indoor radon and housing prices. In particular, to estimate the structural effect

of radon on home prices, we complement the ZTRAX database with the predictive model of indoor radon

levels from Chapter 1. While radon tests are conducted by both potential buyers and sellers, they are often not

observable to the researcher. Furthermore, access to radon tests at the time of a sale is extremely difficult to

come by given the private nature of such tests and data use protections provided by the companies performing

such tests. Indeed, the point of developing the model in Chapter 1 is to overcome this challenge and allow

researchers to estimate the economic effects of radon exposure at scale. In fact, out of the 1.1 million single-

1This chapter is part of joint work with Dr. Zaragoza-Watkins
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family home radon tests that we received from Alpha Energy Labs that were used in the Chapter 1 model,

only 2,911 were conducted from 2005-2021 in Davidson County by Alpha Energy, and only 285 had a test

during the same year as a sale.2 Attempting to identify the expected small price effects of actual radon risk

would require leveraging an exogenous shock3 or some other form of arguably exogenous variation in radon

risk. Although not technically a Two-Stage Least Square approach, using the prediction from the Chapter 1

model provides a practical solution to estimate the hedonic price of radon in Davidson County.

By estimating the effect of radon on home sale prices using the ZTRAX database and a predictive model

of indoor radon, this study contributes to the growing body of research on the economic implications of radon

exposure, the broader literature of market hedonics, and the literature of environmental economics and the

capitalization of environmental exposures. We find results at the mean levels of first-floor radon concen-

trations, the price elasticity of indoor radon is about -0.025, indicating that a 10 percent increase in radon

reduces the mean sale price by 0.21%4, or about $477. A 65 percent increase in the mean radon risk, which

would increase radon levels to 4 piC/L, decreases the mean sale price of a home by about $2500, which is

well within the cost to install radon mitigation. Contrary to Pinchbeck et al. (2023), which find no evidence of

a positive implicit price on relatively low radon concentrations, we find evidence of a nonlinear relationship

between radon risk and the price. Using a nonparametric binned measure of indoor radon concentrations,

increasing the risk above the median radon level monotonically decreases the sale price. Conversely, de-

creasing the radon risk below the median radon level monotonically increases the sale price. The results are

robust to many specifications and the price should reflect consumers’ perception of radon risk, incorporate

the avoided cost of radon mitigation, and future costs of repeated tests, mitigation upkeep, and the potential

stigma associated with high radon risk (even in the presence of a mitigation system).

The findings of this study have important implications for policymakers and homeowners alike. Un-

derstanding how radon risks are capitalized in housing prices can inform policy decisions related to radon

mitigation and regulation. Moreover, homeowners can gain valuable insights into the potential impact of

radon on their property values and make informed decisions regarding radon testing and mitigation mea-

sures. Overall, this paper contributes to the literature by examining the relationship between radon risks and

housing prices in Davidson County. By extending the hedonic price framework to include radon exposure

and considering the economic costs of environmental exposure, this study sheds light on consumer behavior

and the impact of radon risks on the housing market in the United States.

2Of course, Alpha Energy does not conduct all radon tests, but this demonstrates the difficulty in obtaining radon tests at the time of
a sale and using this data in a research setting.

3A recent paper Pinchbeck et al. (2023) accepted by the Journal of the Association of Environmental and Resource Economists looks
at the price effect of indoor radon-induced by a change in a radon risk map in England. This study does not observe individual homes’
radon levels but provides “intent-to-treat” estimates of the effect of perceived radon risk on home prices.

4This is similar to Pinchbeck et al. (2023), which find price effects around 0.8% when moving from a no-risk category to a risk
category.
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3.2 Background

The relationship between housing prices and various attributes of a property has long been a topic of interest

in the field of economics. The hedonic price approach, developed by Rosen (1974), has been widely used to

quantify the value that individuals place on different characteristics of a house. By decomposing the price of a

property into its constituent attributes, researchers have been able to understand how factors such as location,

size, amenities, and neighborhood characteristics influence housing prices.

In the context of environmental economics, numerous studies have explored the impact of environmental

factors on property values. For instance, Chay and Greenstone (2005) examined the effect of air pollution

on housing prices in Chicago, finding that increased pollution levels led to decreased property values. This

study provided valuable insights into the economic costs associated with air pollution and highlighted the

importance of environmental considerations in housing market dynamics. Furthermore, Currie et al. (2015)

conducted a seminal study on the economic consequences of exposure to toxic substances emitted by indus-

trial plants. They investigated the relationship between proximity to these industrial sites and infant health

and housing prices in the United States. Their findings revealed that homes near toxic industrial sites ex-

perienced significant price depreciation, indicating the negative externality associated with environmental

exposure to pollutants.

While the hedonic price literature has extensively explored the impact of housing attributes and environ-

mental factors on property values, relatively limited attention has been given to the economic implications of

radon exposure. Radon, a naturally occurring radioactive gas, poses a significant health risk, particularly in

indoor environments. Prolonged exposure to elevated levels of radon is known to increase the risk of lung

cancer, making it a pressing public health concern. This paper aims to fill this gap by providing a compre-

hensive analysis of the economic consequences of radon risks in the Davidson County housing market in

the United States. By incorporating radon risks into the hedonic price framework, this study follows in the

footsteps of previous research that have examined the impact of environmental hazards on housing prices.

The findings of Chay and Greenstone (2005) and Currie et al. (2015) have demonstrated the relevance of

considering environmental factors in housing market dynamics and the associated economic costs. Building

upon this foundation, this paper extends the literature by focusing specifically on the economic implications

of radon exposure and its effects on housing prices in Davidson County.

This work resembles a recently accepted paper in the Journal of the Association of Environmental and

Resource Economists (Pinchbeck et al., 2023) investigates the economic impact of radon in England. Using

a unique dataset combining information on residential property transactions in England and detailed radon

risk maps, the study examines the relationship between changes in radon risk classifications and residential
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property prices. The analysis reveals a significant negative relationship, indicating that an upward reclassifi-

cation of properties into radon-affected areas reduces property prices by approximately 0.8%. Furthermore,

the study finds evidence of sorting, with higher-educated, home-owning, and higher social status residents

decreasing in areas with increased radon risk. This highlights the disproportionate impact of radon risk on

lower socio-economic groups, contributing to environmental injustice. The study also highlights the impor-

tance of information disclosure, as the availability of radon risk information to homebuyers influences market

responses. The estimated economic impact of radon in the studied setting suggests that unmitigated radon

presence would significantly reduce the total market value of residential properties in England. Similar to

(Pinchbeck et al., 2023), the current paper contributes to the literature on indoor air pollution and provides

the first economic analysis of indoor radon risk on housing prices in the United States.

3.3 Data

3.3.1 Housing Transactions

We obtain all the building and transaction data from Zillow’s ZTRAX database, which provides compre-

hensive and valuable real estate data for analysis and research purposes. These databases contain a wealth

of information on property transactions and building characteristics, offering insights into housing markets,

trends, and property valuation.

The ZTRAX transaction database comprises a vast collection of property transaction records. It includes

data on residential property sales, purchases, and transfers across different geographical locations. Each trans-

action record typically includes details such as the property address, sale price, transaction date, buyer and

seller information, and other relevant transaction-specific attributes. In addition to the transaction database,

Zillow’s ZTRAX also provides a building database that contains comprehensive information on various build-

ing attributes. This dataset encompasses both residential and commercial properties and encompasses diverse

features that describe the physical characteristics of the buildings. Examples of building attributes avail-

able in the database include property type (e.g., single-family home, condominium, commercial building),

square footage, number of bedrooms and bathrooms, lot size, year built, architectural style, and other rele-

vant details. This database allows for detailed property analysis, comparisons, and assessments of building

characteristics and trends. The building database is the same used in the sample selection and indoor radon

models in Chapter 1.

Zillow’s ZTRAX databases are updated regularly to incorporate new transactions and building informa-

tion. The data we currently use from the 2018 data extraction, and as such we limit the analysis to 2001-2018.

It is important to note that while Zillow’s ZTRAX databases offer a comprehensive and valuable resource for

real estate analysis, the datasets have their limitations. The data primarily focus on properties listed on Zil-

68



low’s platform and may not capture the entirety of the real estate market in a given area. Additionally, data

accuracy and completeness can vary, and it is crucial to consider potential biases and limitations when inter-

preting and drawing conclusions from the data. However, Gindelsky et al. (2020) used the ZTRAX database

and found it consistent with Census results on housing characteristics.

3.3.2 Indoor Radon

The indoor radon measures come from the predictive model presented in Chapter 1. To assign predictions

to the properties located in Davidson County, TN, we estimate first-floor and basement radon concentrations

using the month of the sale to extract the necessary weather values to run the prediction model. Recall, this

model corrects for sample selection bias and potential endogenous building characteristics. We also include

the predicted monthly values of atmospheric bi-214 to estimate the reduced form between outdoor radon and

housing prices. Table 3.1 provides descriptive statistics on the housing transactions and predicted indoor

radon values for this population.

Table 3.1: Housing Transactions Summary Statistics

Statistic Mean Median St. Dev. N

Sale Price ($) 231,822.9 172,000 249,492.3 165,343
Indoor Radon (piC/L) 2.4 2.2 0.9 165,343
Precipitation (mm) 112.9 108.0 56.2 165,343
Mean Temp (C) 16.4 17.6 8.1 165,343
Mean Vapor Deficit (hPa) 8.8 9.1 4.0 165,343
Mean Dew Point Temp (C) 9.4 10.3 8.0 165,343
Total Solar Radiation (m j/m2) 15.2 15.8 5.3 165,343
Transmission Solar Radiation 0.7 0.7 0.1 165,343
Lot Size (acres) 0.5 0.2 1.5 165,343
Lot Size Frontage (ft) 87.6 69.0 69.6 165,343
Lot Size Depth (ft) 176.3 150.0 87.7 165,343
Age 35.2 34.0 28.4 165,343
Year Built 1,974.3 1,975.0 28.1 165,343
Number Of Stories 1.3 1.0 0.4 165,343
Baths 2.1 2.0 0.9 165,343
Square Feet 2,854.3 2,579.0 1,507.8 165,343
Basement Probability 0.2 0.2 0.1 165,343

Notes: Table reports mean, median, and standard deviations for the homes with housing transactions from 2001-
2018. All of the weather variables are monthly averages matched to the housing transaction based on the month of
the sale. Indoor Radon is predicted using the model from Chapter 1 and represents the maximum of the first-floor
radon prediction and expected radon in the basement (expected basement radon is defined as the p(basement) ·
basement radon+(1− p(basement)) ·0.
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3.4 Empirical Strategy

3.4.1 Radon Hedonics

Our objective is to estimate the effect of short-term radon test results on the sale price of a home and

economists have been using the hedonic approach to model the economic value of non-market amenities (and

disamenities). The hedonic model was more rigorously explored by Rosen (1974) and provides the foun-

dation for analyzing differentiated products in a partial equilibrium setting. Hedonic prices are the implicit

prices of varying attributes of a good that consumers can discern from the observed prices of differentiated

goods. Thus, in theory, a negative amenity such as radon should be negatively correlated with the price of a

house. However, one might expect that this price need not be monotonic and will depend on the entire risk

distribution in a given market. For example, one might expect homes with a lower than the median risk to

exhibit positive radon prices, as this represents less risk relative to the available housing stock. The following

hedonic model attempts to recover the implicit price and consumer taste preferences for radon.

The model of consumer demand follows closely to that of Bajari and Benkard (2005) where a house

j ∈ J is represented by a vector of observed and unobserved characteristics, [Z1 j,x1 j,ψ j]. The vector Z1 j

contains a vector of exogenous characteristics and x1 j is a scalar representing the indoor radon level. In the

housing setting, the vector of exogenous variables may include housing characteristics such as square footage

and the number of bathrooms as well as location-specific amenities. The unobserved component ψ j is meant

to capture the fact that some housing characteristics will be unobserved by the economist.

Let t ∈ T index the market, which can represent location, time, or even location and time dimensions

simultaneously. Assume the price of house j, in market t is given by:

p j = Pt
(
Z1 j,x1 j,ψ j

)
(3.1)

where the function Pt(·) maps housing characteristics to prices. Consumers are assumed to maximize utility,

which is a function of housing characteristics and the numeraire good, c. Note that the identifying feature of

a hedonic model is that utility functions are defined over product characteristics rather than goods (Bajari and

Benkard, 2005). The price of the numeraire is assumed to be normalized to one. Thus, consumer i maximizes

utility subject to a budget constraint:

max
Z1 j ,x1 j ,ψ j ,c

ui
(
Z1 j,x1 j,ψ j,c

)
s.t. p jt + c ≤ yi (3.2)

This paper will assume that the utility function has a known parametric form such that

ui
(
Z1 j,x1 j,ψ j,c

)
= ui

(
Z1 j,x1 j,ψ j,c ;β i

)
.
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This hedonic model doesn’t assume that the unobserved error component ψ j is specific to both the choice

and the consumer, following the assumptions of Bajari and Benkard (2005). However, this hedonic model

still assumes individual taste preferences β i vary across individuals, and are drawn from some population

density f (β ). Bajari and Benkard (2005) develop conditions that guarantee the existence of an equilibrium

in the above hedonic model.

Characterizing the equilibrium nature of this model comes from solving the utility maximization problem.

Assuming the budget constraint binds, then the maximization problem can be written as:

max
Z1 j ,x1 j ,ψ j ,c

ui
(
Z1 j,x1 j,ψ j,c

(
yi,Z1 j,x1 j,ψ j

))
(3.3)

Then the first order condition with respect to x1 j (radon) is:

∂

∂x1 j
[ui

(
Z1 j,x1 j,ψ j,c

(
yi,Z1 j,x1 j,ψ j

))
] =

∂ui

∂x1 j
+

∂ui

∂c
∂c

∂x1 j

which equals 0 at the optimal choice of household radon level x∗1 j:

∂ui

∂x1 j

∣∣∣∣
x∗1 j

+
∂ui

∂c
∂c

∂x1 j

∣∣∣∣
x∗1 j

= 0

Substituting for the equilibrium quantity c∗ = yi −Pt

(
Z∗

1 j,x
∗
1 j,ψ

∗
j

)
, results in:

∂ui

∂x1 j

∣∣∣∣
x∗1 j

− ∂ui

∂c

∣∣∣∣
x∗1 j

∂Pt

(
Z∗

1 j,x
∗
1 j,ψ

∗
j

)
∂x1 j

= 0 (3.4)

which simplifies to:

∂ui/∂x1 j

∂ui/∂c

∣∣∣∣
x∗1 j

=
∂Pt

(
Z∗

1 j,x
∗
1 j,ψ

∗
j

)
∂x1 j

(3.5)

In future work, we hope to estimate consumers’ marginal willingness to pay to avoid radon using the

equilibrium condition 3.5. However, for the current paper, we seek to estimate the equilibrium pricing func-

tion 3.1. We follow the majority of the hedonic price literature and assume this function is linear in the log

sale price. Additionally, we let β be a fixed parameter for this paper, and leave the analysis to estimate the

distribution of βi as future work. We use the following equation to estimate the hedonic price of radon:

log(p jcmy) = β r jcmy +X ′
jcmyγ +αc +αcy +αmy + ε jcmy (3.6)

where p jcmy is the price of house j in census tract c, in month m and in year y. Equilibrium radon is given by
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r jcmy and X ′
jcmy is a vector of housing characteristics (square feet, number of baths, lot size, year built or age5,

the number of stories, and indicators for categorical features), and the α’s represent various fixed effects.

We are interested in the implicit price of radon, β , yet consumers are unlikely to observe the true long-term

radon concentration during a home transaction. Rather, it is likely that a radon test is placed in the lowest

livable level during the home inspection by the home inspection professional.6 Thus, consumers are most

likely responding to an individual, short-term radon test, which is performed in a basement if the home has a

basement and in the first floor otherwise. Since these test results are not observable, we rely on the generated

predictions from the model of Chapter 1 to estimate the implicit price of radon for Davidson County. In

particular, we generated both first-floor and basement predictions, regardless of the basement indicator of a

particular home using the model from Chapter 1. Recall, that as part of the model of indoor radon in Chapter

1, I estimated the joint distribution of basements and foundation types using the EPA Zone, county-level

testing rates, long-term atmospheric bi-214, the complete set of exogenous building characteristics, and other

soil/geological characteristics using a representative sample from the entire ZTRAX population of single-

family homes. Thus, the basement indicator in this model is a probability, taken from the predicted joint

distribution of basement and foundation type. Since the basement indicator is a probability, we cannot simply

assign the basement prediction for homes with basements (unless we assign the basement prediction a value

of 1 for some pre-determined threshold, say 0.5). Instead, observe that the basement radon value should take a

value of 0 if a home doesn’t have a basement and r∗b otherwise. To construct the basement radon measure, we

simply multiply the basement probability by the basement radon prediction.7. Furthermore, since consumers

most likely only observe the results of a basement test or first-floor test, we use the maximum of the predicted

first-floor radon and the expected basement radon as the measure of indoor radon8.

Our estimates include census tract (αc), census tract-by-year (αcy), and month-by-year (αmy) fixed effects.

The census tract fixed effects controls for any geographic differences within Davidson County that are fixed

over time. The census tract-by-year fixed effects flexibly control for any time-varying shocks to a census tract

(such as changes in demographic composition over time). Finally, the month-by-year fixed effects control

for seasonal variation across Davidson County. We also employ census tract-by-month-by-year fixed effects

in some specifications, which amounts to over 30,000 total fixed effects. These fixed effects flexibly control

5Note that the Year Built and Age variables are essentially collinear. We include these in separate specifications after creating binned
versions of these to control for the tenure of the housing stock. In our tests, simple linear controls for Age or Year Built do not adequately
capture the price variation due to the tenure of the homes on the market.

6Davidson County is a Zone 1 EPA designation and radon testing is heavily suggested. We expect most single-family housing
transactions do indeed conduct radon tests after an offer has been accepted and it is common practice for these tests to be administered
at the time of the professional home inspection.

7This constructs an expected value of basement radon, with the expectation taken over the exogenous probability that a home has a
basement: The calculation is simply r = p(basement) · r∗b +(1− p(basement)) ·0

8As robustness, we also include separate variables for the first-floor and expected basement radon, as well as specifications with their
interaction. The conclusions remain unchanged. These results are shown in Table 3.5
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for any census tract by sale month shocks to housing prices, and relies on the remaining variation in indoor

radon predictions within the census tract-month-year group.

3.4.2 Reduced Form of Atmospheric Bi-214

Recall that in Chapter 1, I constructed a model of daily atmospheric bi-214 from the NURE data (as a function

of daily weather, geological, soil, and other geographic variables) and that atmospheric bi-214 represents

99.96% of the parent radon-222 isotope (International Atomic Energy Agency, 2003). Thus, one could

imagine using atmospheric Bi-214 as an IV for indoor radon if indoor radon test results were observed around

the time of a housing transaction9. Since we do not observe the test results, however, we rely on the reduced

form of atmospheric bi-214 on housing prices using the following equation:

log(p jcmy) = π1log(bi214
jcmy)+X ′

jcmyΠ+αc +αcy +αmy +u jcmy (3.7)

where bi214
jcmy is atmospheric bi-214 at house j, located in census tract c, during month m, in year y. The

parameter π1 gives the reduced form relationship between housing prices and outdoor radon, net any housing

characteristics, and the full set of fixed effects captured by the α’s (which are defined identically as those in

Equation 3.6). A statistically and economically meaningful negative relationship between “outdoor radon”

(as bi-214) and the sale price of a home would imply that consumers respond to radon risk. Furthermore, since

random shocks to atmospheric bi-214 are completely unobserved by consumers and arguably exogenous,10

the parameter estimates of π1 are unlikely to be biased by any endogenous building characteristics or sorting

behavior.

3.5 Results

We first present results of Equation 3.7, the reduced form of atmospheric bi-214 and housing prices, shown in

Table 3.2. Each column of Table 3.2 shows the results from different specifications of fixed effects. Columns

(1) and (2) include census tract-by-year fixed effects. Columns (3) and (4) add census tract-by-month-by-year

fixed effects. Additionally, columns (1) and (3) use 9 bins of housing age and columns (2) and (4) use 17 bins

of housing age11. The point estimates on the log of atmospheric bi-214 are exceptionally consistent across the

four specifications and statistically and economically significant.12 The estimated elasticity is about -0.01,

which implies that a 10 percent increase in the counts/second of atmospheric bi-214 is associated with a $230

9Technically, the approach in this paper is not strictly 2SLS or an IV approach since radon tests for these homes are unobserved and
the model of indoor radon uses a local linear nonparametric random forest model.

10Chapter 1 of this paper is the only study to use the raw atmospheric bi-214 data from the NURE data for which we are aware.
11The 9 bins are [0,5), [5,12), [12,20), [20,34), [34,45), [45,53), [53,62), [62,75), and [75,217). The 17 bins are [0,1), [1,5), [5,8),

[8,12), [12,15), [15,20), [20,26), [26,34), [34,40), [40,45), [45,50), [50,53), [53,57), [57,62), [62,67), [67,75), and [75,217) years old
12Although, the loss of statistical power is evident in columns (3) and (4), which include over 30,000 additional fixed effects and limit

the variation in atmospheric bi-214 to within a census tract during the sale month in a given year.
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reduction in the mean sale price of a single-family home. Relative to the average atmospheric bi-214 counts

per second, 0.0000735, doubling the counts per second (an increase equal to about 1 standard deviation) is

associated with an average reduction in the mean sale price by about $1700.

Although the reduced form relationship between outdoor atmospheric bi-214 and housing prices is in-

formative, novel, and indicates that consumers respond to a form of radon risk, it is difficult to interpret

meaningful changes in atmospheric bi-214 that translate into perceived indoor radon risk by the consumer.

Indeed, the purpose of using predicted short-term radon (which uses the atmospheric bi-214 values in the

predictive model) is to address the limitations of a reduced-form analysis. Table 3.3 shows the estimates of

β from Equation 3.6, with the radon measure being the natural log of the maximum between the first-floor

and basement predicted radon. In other words, Table 3.3 gives estimates of the price elasticity of radon,

under various different fixed effect specifications13. First, observe that the point estimates are more than

twice the size of the price elasticity of atmospheric bi-214. The (negative) increase in the price elasticity of

indoor radon demonstrates the potential gains in estimating the structural relationship between radon risk and

housing prices and can more accurately capture any capitalized price effects in the housing market.

The estimates are extremely consistent across the various specifications and all are statistically (at the 95%

confidence level) and economically significant. The results in Column (4) are perhaps the most surprising.

Column (4) presents the estimates when the homes’ ages are grouped by 17 different bins and include year,

month, month-by-year, census tract, census tract-by-year, and census tract-by-year-by-month fixed effects.

This implies that consumers are responding to the random shocks to monthly indoor radon values driven by

the variation in weather, in a given year, within a given census tract. The point estimate in Column (4) is

-0.022, which implies that increasing the mean short-term radon by 10 percent, decreases the mean sale price

by 0.21%, or about $477 dollars. A 65 percent increase relative to the mean radon level (which would increase

mean radon to about 4.0 piC/L), reduces the sale price by $2495. Companies estimate initial installation

costs between $800-$2500 and a 10-year lifetime operating cost of $4800, implying that the estimates are

consistent with the expected costs of radon mitigation14. There is strong evidence that consumers respond

to indoor radon risks in Davidson County in an economically meaningful way, and this is capitalized in the

housing market.

Next, we present results using a “nonparametric” or binned measure of indoor radon concentrations. To

construct these bins, we separated out the quantiles of radon concentrations into 7 bins, with the center bin

(bin 4) being approximately centered around the median risk in Davidson County15. We force the omitted

category to be this median bin, with radon values between 2.04 and 2.39 piC/L.

13Both the point estimate and confidence intervals are products of 1000 bootstrapped samples of the housing transaction data.
14https://www.radonseal.com/radon/articles/mitigation-costs.htm
15The bin definitions are [0.712,1.45), [1.45,1.76), [1.76,2.04), [2.04,2.39), [2.39,2.85), [2.85,3.39), and [3.39,13.9) piC/L
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Table 3.4 presents the bootstrapped point estimates and corresponding 95% confidence intervals. Contrary to

Pinchbeck et al. (2023), we find consistent evidence that consumers are willing to pay more for homes that

are below the median radon risk and less for those above the median risk. First, notice that the coefficient

estimates increase monotonically, in absolute value, the further away from the median risk. This pattern is

consistent across all four columns. Second, the effects are both statistically and economically meaningful.

The one exception is column (4), which again isn’t surprising given the saturation of over 30,000 fixed effects.

Nonetheless, there is a clear pattern of willingness to pay more for safer homes and less for riskier homes. For

example, in Column (2), increasing the radon levels away from the median to those in bin 6 (between 2.85

and 3.39 piC/L), reduces the sale price by 1.5%, or about $3500 relative to the mean sale price. On the other

hand, reducing the radon levels to those in bin 2 (between 1.45 and 1.76), increases the sale price of a home

by 0.92%, or $2100. These results make economic sense: conditional on moving to Nashville, consumers

respond to radon risks based on the relative risks within the market in which they intend to purchase a home.

This makes even more sense when you consider the EPA’s assessment that homes with 2-4 piC/L should

consider installing mitigation and those with 4 piC/L or more should fix their home. Any home with a short-

term test result below 2 piC/L may be considered safe by the average consumer, and be willing to pay more

for the safest homes. The converse should be true for values above 2 piC/L. Indeed, these are the exact

patterns represented in the point estimates: the further away from the median risk, the larger the absolute

price effect.

The price of a home is set by the seller and local market conditions and if the radon test is performed

after the home goes under contract and reveals low radon, then the seller can’t increase the sale price after

accepting a bid. Additionally, it might be argued that the seller may be unaware that their home has low levels

of radon. However, these seem unlikely for a couple of reasons. When the current seller previously purchased

the home, they most likely conducted a radon test and so have some information regarding their indoor radon.

Second, if it is a new construction, then it is in the best interest of the builders to conduct radon tests. If the

seller knows that their home has low radon then they can increase the sale price by a marginal percentage as

Nashville is an EPA Radon Zone 1 designation. If a seller conducts the test and the results returned are high,

then they are obligated to disclose this known risk to any buyer by Tennessee law. This might seem like a

poor choice from the seller’s perspective. However, since Nashville is an EPA Zone 1, prospective buyers

that win the bid for the home will most likely conduct a radon test during the home inspection and confirm

what the seller already found. Thus, it makes sense for sellers to also perform radon tests before putting a

home on the market, and adjust the sale price accordingly. Overall, in both a reduced form of atmospheric

bi-214 and predicted indoor radon, there is strong evidence that radon matters to consumers and that these

costs are being capitalized within the Davidson County housing market.
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3.6 Conclusion

This study examines the relationship between radon risks and housing prices in Davidson County. By em-

ploying a comprehensive analysis that incorporates atmospheric bi-214 measurements, predicted indoor radon

concentrations, and various fixed effects specifications, we shed light on the extent to which consumers re-

spond to radon risks and the resulting impact on housing prices.

The findings of this study provide robust evidence that consumers in Davidson County are sensitive to

radon risks and that these risks are capitalized in the housing market. Through the analysis of atmospheric

bi-214 data, we establish a reduced-form relationship between outdoor radon levels and housing prices. The

consistent estimates across different fixed effects specifications suggest that a 10 percent increase in atmo-

spheric bi-214 counts per second is associated with a substantial reduction in the mean sale price of single-

family homes. This implies that consumers respond to radon risk, even after controlling for various fixed

effects capturing temporal and spatial variations. Moreover, the analysis of predicted indoor radon concen-

trations reveals even stronger price effects. We estimate the price elasticity of radon, which consistently

demonstrates a negative association between indoor radon levels and housing prices. The estimates indicate

that a 10 percent increase in short-term radon levels is associated with a significant decrease in the mean

sale price of homes. These findings underscore the economic significance of radon risks and suggest that

consumers are willing to pay a premium for homes with lower radon levels.

Furthermore, the study explores the relationship between different quantiles of radon concentrations and

housing prices. The results highlight a clear pattern of consumer preferences, with buyers willing to pay more

for homes with radon levels below the median risk and less for those above the median risk. This pattern

holds across various fixed effects specifications and is both statistically and economically meaningful. These

findings align with the EPA’s recommendations and demonstrate that buyers take into account relative radon

risks within the housing market when making purchasing decisions.

Addressing potential concerns regarding the setting of home prices by sellers and the timing of radon

tests, we argue that sellers are likely to have knowledge of indoor radon levels based on previous tests or new

construction regulations. Sellers can adjust the sale price based on radon test results, and buyers are likely

to conduct radon tests during home inspections. This indicates a rational behavior among buyers and sellers,

where information regarding radon risks is considered in the housing market.

Overall, this paper provides strong evidence of the significance of radon risks in the housing market of

Davidson County. The results underscore the economic impact of radon on housing prices and demonstrate

that consumers respond to radon risks in a meaningful way. By considering atmospheric bi-214 measure-

ments, predicted indoor radon concentrations, and various fixed effects specifications, this study contributes
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a novel understanding of the relationship between radon risks and housing prices in the United States.
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