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ABSTRACT: Radon (**Rn) is a naturally occurring chemi-
cally inert, colorless, and odorless radioactive gas produced
from the decay of uranium (***U), which is ubiquitous in rocks
and soils worldwide. Exposure to **’Rn is likely the second
leading cause of lung cancer after cigarette smoking via
inhalation; however, exposure through untreated groundwater
is also a contributing factor to both inhalation and ingestion
routes. A land use regression (LUR) model for groundwater
*Rn with anisotropic geological and ***U based explanatory
variables is developed, which helps elucidate the factors
contributing to elevated **Rn across North Carolina. The
LUR is also integrated into the Bayesian Maximum Entropy
(BME) geostatistical framework to increase accuracy and

produce a point-level LUR-BME model of groundwater ***Rn across North Carolina including prediction uncertainty. The LUR-
BME model of groundwater **’Rn results in a leave-one out cross-validation r* of 0.46 (Pearson correlation coefficient = 0.68),
effectively predicting within the spatial covariance range. Modeled results of **’Rn concentrations show variability among
intrusive felsic geological formations likely due to average bedrock ***U defined on the basis of overlying stream-sediment ***U
concentrations that is a widely distributed consistently analyzed point-source data.

1. INTRODUCTION

Radon (**Rn) is a naturally occurring chemically inert,
colorless, and odorless radioactive gas' produced from the
decay of uranium (***U), which is ubiquitous in rocks and soils
worldwide. Outdoor air *’Rn levels are generally very low (<1
pCi/L, <0.037 Bq/L); however, when 222Rn enters a residential
home, through accumulation its concentration can increase to
levels that may lead to increased health risks." There is vast
literature supporting the conclusion that exposures via
inhalation of indoor air contaminated with radon lead to a
significantly increased risk of lung cancer morbidity in both
never-smokers and smokers.”~” Exposure to 2??Rn is likely the
second leading cause of lung cancer after smoking in the
US.**? Important routes of inhalation exposure result from
*2Rn gas directly escaping from soil and rock and accumulating
in the indoor environment; however, *?Rn can also degas from
untreated groundwater used for showering, dishwashing, and
clothes washing resulting in exposures in direct vicinity to the
breathing zone.'>"'

*Rn in groundwater is not only a concern because of its
contribution to indoor air **Rn but also due to the direct
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ingestion of drinking water with elevated **Rn. There is
evidence that exposure to **Rn through drinking water and
indoor air can lead to increased risk of stomach cancer;®'*
however, this human health end point is understudied
compared to lung cancer and there is not a consensus on the
extent of the risk.”

The association between groundwater **’Rn and underlying
geological formations has been shown in many previous studies.
Brutsaert et al."* found positive associations between **?Rn and
granites, metamorphic rocks, and other chemical parameters in
Maine, USA, through graphical and tabular comparison of
measured values. Further solidifying this relationship, Yang et
al."* showed increased risk for elevated **?Rn within a 5 km
distance to granitic intrusions in Maine, USA, using the
nonparametric Kruskal-Wallis one-way analysis of variance
(ANOVA). Likewise, associations between elevated **’Rn and
granites and granitic gneisses have been shown in North
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Figure 1. Radon data source spatial distribution detailed by its source. The three physiographic regions of North Carolina are detailed by color:
Coastal Plain is light pink, Piedmont is green, and Blue Ridge is light blue. (A) Frequency histogram of the radon data. Note its log-normal
distribution and the “x 10* multiplier on the x-axis label (e.g, 2 X 10* pCi/L).

Carolina."'® Prediction of groundwater **’Rn on medium to
large area scales (>10° km) has been implemented with Kriging
models'” and multivariate statistics accounting for **U
concentration and geology independently;18 however, their
models did not account for potential geochemical and geologic
interactions.

Previous studies have also attempted to find associations and
make predictions of groundwater **Rn based on ***U and
other hydrogeochemical parameters such as alkalinity and
conductivity. Yang et al.'* observed weak, but positive,
correlations at intermediate scales (10°—10' km) between
38U and *Rn in granitic bedrock aquifers of Maine, USA.
Salih et al.'” used Co-Kriging with U as the secondary
variable to map groundwater **’Rn in southeast Sweden, which
produced good predictions at unmonitored locations, but had
weak correlation with 28U (R* < 0.1).

About 25% of the Piedmont and Blue Ridge physiographic
regions of North Carolina are underlain with rocks commonly
associated with elevated **’Rn in water, namely felsic intrusive
rocks such as granites and granitic gneisses. Through water
sampling Campbell et al.'® have found 19 counties in North
Carolina that are particularly susceptible to elevated radon in
water. In this study, we use the samples from Campbell et al.'®
plus geocoded samples from private well sources and USGS to
model the groundwater *’Rn concentrations across North
Carolina.

Several counties in western North Carolina are classified as
EPA zone 1 counties, with predicted indoor air 22Rn
concentrations above the action level of 4 picocuries per liter
(pCi/L; 0.15 Bq/L).”**" Over 90% of wells sampled in that
region exceed the EPA’s proposed maximum contaminant level
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of 300 (11.1) pCi/L (Bq/L), and a large number exceeded the
alternate MCL of 4000 (148) pCi/L (Bq/L).'° Since
monitoring 22Rn concentration is not mandatory for private
well owners,”” elucidating the spatial distribution of radon
across the state is indispensable to inform the public about
exposure to waterborne **?Rn. Moreover, since North Carolina
has on average 1/3 of each county population relying on
untreated groundwater as its drinking water source,””
quantifying potential exposures is important. Furthermore,
the proportion of the population potentially exposed in North
Carolina is significantly higher than the United States
awerage.lé’20

Land use regression (LUR modeling is a proven
method that complements monitoring programs and provides
effective means for water quality exposure assessments.
Bayesian Maximum Entropy (BME) is a modern spatiotempo-
ral geostatistical framework for incorporating measurements as
well as various knowledge bases in a logical and theoretically
sound manner to produce estimates of variables of interest at
unmonitored locations.” It has been shown to successfully
estimate 3groundwater quality distributions of contami-
nants.”**"** An advantage of BME over purely spatial linear
geostatistical approaches is its ability to quantify spatial and
temporal variability, which is then used in the estimation
process at unmonitored locations. BME, like all geostatistical
methods, is data driven and can only provide reliable estimates
within the vicinity of measured values; however, BME provides
a sound framework to combine multiple sources of data. This
has been successfully demonstrated with incorporation of
deterministic mean trend functions, such as a LUR model, into
BME for groundwater contaminants.”*>*
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The objectives of this study are to (1) develop a linear
anisotropic LUR model for point-level groundwater **’Rn in
North Carolina, (2) integrate the LUR model into BME to
produce the first model for point-level groundwater **’Rn that
fully quantifies its distribution with a mean or median and error
variance, and (3) elucidate and develop hypotheses about
geological and hydrogeochemical factors associated with
groundwater *Rn and generalizable for easier extrapolation
to additional areas. To these ends, we create groundwater ***Rn
explanatory variables based on the recent published geological
and accompanying GIS information®® and stream sediment and
groundwater 2*U data.’® Results are of interest to a range of
stakeholders including (1) agencies that regulate drinking-water
sources or that monitor health outcomes from ingestion of
drinking-water, (2) agencies that monitor *?Rn and provide
remediation options to homeowners with increased risk of
elevated radon, (3) builders and development planners, (4)
geologists and hydrogeologists interested in environmental and
human health applications of geological surveys, and (5) well
owners and the general public.

2. METHODS

2.1. Radon Data and Spatial Explanatory Variables.
Groundwater ?Rn data®>*® (Figure 1) were obtained from
state agencies and private companies to form a database with
over 2000 observations across North Carolina. Details on the
data sources are available in the Supporting Information.

Spatial explanatory variables representing the underlying
geology were calculated prior to model development. For a
given geology feature, the corresponding geological variable was
calculated as the percentage of that geological feature within an
elliptical buffer centered on each radon measurement. All of the
explanatory variables have an inherent spatial distance
parameter, which hereinafter is referred to as the hyper-
parameter.”*”” Bach geological variable is characterized by a set
of ellipse hyperparameters and its geological classification scale, as
follows:

(i). Ellipse Hyperparameters. The ellipse buffer used to
calculate the percent of a given geological feature captures the
anisotropy and spatial range of the corresponding geological
formation of interest. A given ellipse is defined using a set A =
(A}, Ay @) of three ellipse hyperpameters which are the major
and minor ellipse buffer radii 4, and 4,, respectively, and the
angle ¢ of ellipse rotation with respect to the horizontal axis.
Each variable is calculated with multiple hyperparameter values
since these are unknown a priori. In the final model selection
process a maximum of one ellipse hyperparameter set A is
allowed to be selected for each geological variable to avoid
multicollinearity and effectively optimize the hyperparameters.
The ellipse axis lengths included in this study are 1000, 2500,
5000, 7500, 10 000 m. The ellipse angles of rotation included
are 0° 45° 90° and 135°.

(ii). Geological Classification Scale. Geological features are
defined at three different geological spatial scales, which are
natural to lithological descriptions of geology and allow the
model to distinguish between large area and small area effects
of geology on groundwater **’Rn. The most general and largest
area scale is referred to as General Geological Descriptions
(subsequently referred to as general), and this includes
classifications such as intrusive felsic, intrusive mafic, and
orthogneiss. These large area scale descriptions are subdivided
into intermediate scale geologic descriptions referred to as
Lithotectonic Element (subsequently referred to as element),
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which are themselves subdivided into the most detailed
geologic descriptions referred to as units. Maps and details of
the geological classification at each scale are available in the
Supporting Information. These geological classifications are
based on the underlying geology provided by Hibbard et al.”’
The provided GIS attributes by Hibbard et al. were enhanced
with North Carolina-centric names based on North Carolina
Geological Survey information for interpretability; however, the
actual extent of each geological feature remains unchanged.

For a given ellipsoid and geological feature, we define the
geology percent variable, as well as several corresponding geology
and uranium variables, as follows:

(i). Geology Percent Variable. The percent GU(s; A) of
geological feature (I) within an ellipse (s, A) centered at spatial
location s and with hyperparameter set A is calculated as

n(A)
Z I;l)(s; A)

j=1

1

G(l)(s; A) = W

(1)

where Ij(l) is an indicator representing the presence/absence of
geological feature (I) at the jth pixel in the ellipse and #; is the
total number of pixels within the ellipse.

(2). Geology and Uranium Variables. For each stand-alone
geological percent variable we define several corresponding
geology and uranium variables that combine geological
information with uranium information obtained from the
National Uranium Resource Evaluation (NURE) Hydro-
geochemical and Stream Sediment Reconnaissance™®  data,
which are widely distributed consistently analyzed point-source
data intending to represent average bedrock **U.*® The
geology and uranium variable H(s; A) is calculated for
geological feature (1) within the ellipse (s, A) as the product of
the geological percent variable Gil)(s; A) times the average
uranium, or normalized uranium concentration, in that
geological feature within the ellipse, i.e.

mi(s;A)

> Uus; A)

j=1

0 — 0 1
HY(s; A) = GV(s; A

@)

where Uj(l)(s; A) is the concentration of 23U in the
groundwater or stream sediment, or the *®U centration
normalized by alkalinity, or ***U normalized by conductivity,
at the jth grid cell in the ellipse (s; A) that contains geology (1),
and m; (s; A) is the number of raster data grid cells for geology
(1) in the ellipse (s; A). **U normalized variables are included
as potential variables because they help remove *3*U
anomalies,®”*® and stream sediment variables are included
because ***U solubility and groundwater flow results in its
accumulation near streams. A summary description of the
variables is available in the Supporting Information (Table S1).
The details of eqs 1 and 2 are aided by Figure 2, which shows
an example of the total area within an ellipse, n(A), and a
geological formation of interest, m(s; A), within the ellipse.

2.2. Land Use Regression and Model Selection. We
implement a linear land use regression (LUR) model for ***Rn
concentration as follows:

L
Y,=8+ ) AX A + ¢
=1 (3)

where Y; is the log-transform of **’Rn concentration at point i,
XP(A) is the Ith source predictor variable at point i with
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Figure 2. Number of cells in ellipse (s; A) n(A) (black line) located at
s and with hyperparameters A and number of cells in the geology of
interest (red line) in the ellipse m(s, A). In this example, the light blue
represents the geological formation of interest, and m(s, A)
corresponds to the area outlined in red.

hyperparameter set A, f is its source regression coeficient, and
g; is an error term.

Variables are selected through a modified stepwise regression
procedure for LUR models with multiple hyperparameter
values called a distance decay regression selection strategy
(ADDRESS).*® Variables selected through ADDRESS provide
evidence about the scale (ie, general, elements, unit) and
geochemical factors associated with elevated ***Rn. To be more
physically meaningful, all variables are considered source terms
and are constrained to be positive. This model formulation
supports the hypothesis that regions of elevated **’Rn, or “hot
spots”, are due to the underlying geology and ***U and that,
while certain geological formations are associated with low
*Rn, geological formations do not physically decrease the
amount of ***Rn.

2.3. BME Estimation Framework for Space/Time
Mapping Analysis. To improve estimation accuracy, we
integrate the time-averaged LUR results into the Bayesian
Maximum Entropy (BME) method of modern spatiotemporal
geostatistics.”"*> We only provide the fundamental BME
equations for mapping **Rn. The reader is referred to other
works for more detailed derivations of BME equations*"** and
the LUR integration into BME.*

Let Z(p) be the space/time random field (S/TRF)
describing the distribution of groundwater log-**’Rn across
space and time, where p = (s, t), s is the space coordinate, and ¢
is time. The knowledge available is organized in the general
knowledge base (G-KB) about the space/time trend and
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variability (e.g, mean, covariance) of **’Rn across the study
domain, and the site-specific knowledge base (S-KB)
corresponding to the hard and soft data z; available at a set
of specific space/time points p;.

First, we define the transformation of log-**’Rn data z, at
locations p, as

Xp =2y — OZ(P,,)

4)

where o0,(p,) may be any deterministic offset that can be
mathematically calculated at any space/time coordinate p. We
then define X(p) as a homogeneous/stationary S/TRF
representing the variability and uncertainty with the trans-
formed data x,, i.e. such that x, is a realization of X(p). Finally
we let Z(p) = X(p) + o,(p) be the S/TRF representing
groundwater log-**’Rn. In this study, we consider two choices
for 0,(p): (1) a constant value determined by the statewide
log-**Rn mean resulting in a purely BME model and (2) the
LUR estimate, notated as L (p;), resulting in a LUR-BME
model.

The G-KB for the S/TRF X(p) describes its local space/time
trends and dependencies. In this work, the general knowledge
consists of the space/time mean trend function m,(p) =
E[X(p)] and the covariance function Cy(p, p’) = E[[X(p) —
m,(p)][X(p') — m(p’)]] of the S/TRF X(p). We calculate
isotropic and anisotropic experimental covariance values at four
directions of azimuth (0, 45, 90, 135). Additionally, we divide
the BME and LUR-BME analysis into three physiographic
regions (Figure 1) of North Carolina based on geological
properties: Blue Ridge, Piedmont, and Coastal Plain. The
covariance is modeled by physiographic region if there are
significant differences in model parameters between each
region. Furthermore, the principal anisotropic axis is
determined by examination of the experimental covariance
plots and the major axis of an ellipse fit to a rose diagram: a plot
of the spatial experimental covariance range as a function of the
azimuth. For anisotropic models, the range of the covariance is
always the range of the model along the principal axis and
coordinates are converted from the anisotropic to isotropic case
to produce a single data and coordinate set that accounts for
the anisotropy.

S-KB consists of hard data and soft data; with hard data, x;, =
z, — L,(p,), for data points where z, is observed over the
detection limit and soft data, X, is at locations p, where 22Rn is
observed below the detection limit. Following the work of
Messier et al,”®** the BME soft data for log—ZZZRn, £.(), is
modeled as a Gaussian distribution truncated above the log of
the detection limit.

The overall knowledge bases considered consist of G =
{m,(p), Cx(p, p')} and S = {f,(.), X;,}. In this case the BME set
of equations reduces to

foe () = A /dij (2, %, x)f (%) (s)

where fi(x;) is the BME posterior probability distribution
function (PDF) estimate for the offset-removed log-***Rn(x;)
at some unmonitored estimation point py, fg(xy, %, x;) is the
multivariate Gaussian PDF for (x;, x, x,) with mean and
variance-covariance given by G-KB, fg(x,) is the truncated
Gaussian PDF of X,, and A™" is a normalization constant. After
the BME analysis is conducted, o,(p) is added back to obtain
log-zzan concentrations.

2.4. Validation Statistics. Results between LUR, BME,
and LUR-BME are compared with a leave-one-out cross-
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Table 1. Land Use Regression Model Selected through ADDRESS

variable geological scale chemistry/percent ellipse (major, minor, angle) beta p-value
intercept 6.0829 0
intrusive felsic general sediment uranium 10 km/10 km/— 0.0470 0.0152
Laurentian metasedimentary and volcanics unit sediment uranium/alkalinity 5 km/2 km/135 0.2661 142 x 1077
Piedmont zone Eastern Blue Ridge element percent 10 km/7.5 km/180 0.0092 1.59 x 1072°
Grandfather Mountain Window unit sediment uranium 10 km/5 km/45 0.5487 6.84 x 10713
Carolina zone Raleigh Terrane element percent 10 km/2.5 km/135 0.0207 279 x 1075
Cherryville Pluton unit percent 7.5 km/2.5 km/90 0.0251 0.0018
Milton Terrane unit groundwater uranium/conductivity 7.5 km/2.5 km/180 0.6666 1.37 x 1077
Beech Pluton unit groundwater uranium/conductivity 10 km/1 km/90 54.75 423 x 10"
Deep River Basin element sediment uranium/conductivity 7.5 km/2.5 km/180 40.48 1.18 x 107°
Piedmont zone Tugaloo element percent 7.5 km/1 km/135 00135 4.27 x 10"
Late Paleozoic Plutons element percent S km/S km/— 0.0181 3.90 X 107%
Henderson Gneiss unit percent 10 km/7.5 km/135 0.0300 3.79 X 107%
Mecklenburg Pluton unit groundwater uranium/conductivity 7.5 km/2.5 km/90 2.814 3.67 X 107
Piedmont zone Eastern Blue Ridge Plutons element percent S km/2.5 km/90 0.0089 3.73 X 10™°
Piedmont zone Cat Square Terrane Plutons element percent 7.5 km/2.5 km/180 0.0262 531 x107°

validation (LOOCV).”*** In LOOCYV, each log-***Rn value Z
is removed one at a time, and re-estimated using the given
model based only on the remaining data. We assess the
accuracy and precision with the root mean squared error
(RMSE), the precision with R?, and the bias of the estimated
standard deviation with the root mean squared standardized
error (RMSS). Let Z*® be the re-estimate for method k, then
RMSE® = [l/n(z;'zl(Z]*(k) - Z}-)Z)]l/z, the cross-validation R-
squared is R%(Z, Z*®), and the RMSE® = [l/n(Z;‘zl(Zj*(k) -
ZI-)Z)/ 5;‘(’() 1'2, where 6'}*(1‘) is the prediction standard error.
RMSS should be close to one if the prediction standard errors
are valid.

2.5. Kruskal-Wallis Hypothesis Tests for LUR model
results. A major goal of this study is to help elucidate geologic
associations (i.e., intrageological differences) that result in local
groundwater **’Rn variability; or to explain anomalies in which
a general geological description is associated with elevated
22Rn but contains an element or unit that is associated with
low **Rn. The geology and uranium based explanatory
variables and the geological classification scales allow us to
generate and test hypotheses from our LUR model results. To
this end, we perform a Kruskal—Wallis nonparametric ANOVA
test" on the U or ?Rn concentrations within geological
formations that were selected to the final LUR model. For
instance, if a general classification scale variable is selected with
a geology and uranium based variable and there is an element
or unit that is a subset of the general variable with low observed
22Rn concentrations, then we can compare the distributions of
the ***U concentrations within the subset geological formation
to the larger group, to statistically test if the **U is significantly
higher in the larger group then the subset, thereby driving the
larger group’s intrageological **Rn variability. Similarly, we can
compare ***Rn distributions in geological formations and their
subset formations if both were selected (ie., element vs
general), testing whether subset formations contribute ***Rn
concentrations to groundwater in the larger group to varying
degrees. The Kruskal—Wallis does not make an assumption on
the normality of the data, and the null hypothesis is that the
two groups come from the same distribution with equal
medians.
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3. RESULTS

3.1. Land Use Regression. The results including the
geological scale, 28U concentrations, ellipse size and angles,
linear coeflicients, and p-values of the LUR model selected by
ADDRESS for groundwater ***Rn are summarized in Table 1.
With 15 explanatory variables selected plus an intercept, the
model obtained a R* of 0.33 (Pearson correlation coefficient =
0.57). The LUR maps of predicted **?Rn median (geometric
mean) and variance are available in the Supporting Information.

3.2. Spatial Covariance Analysis. The purely BME
analysis, with an offset of the global log-**Rn mean, was
modeled using an anisotropic covariance model with an
additive two exponential covariance model for the Blue Ridge
and Piedmont physiographic regions, where northeast trending
geologic formations result in anisotropic conditions, and an
isotropic additive two exponential covariance model for the
coastal plains region, where sand and gravel geology result in
overall isotropic conditions. Significant differences between the
sill (ie, total variance) and covariance range were found
between physiographic regions, which justifies using separate
covariance models by region. Additionally, the covariance range
differed significantly for the Blue Ridge and Piedmont regions.
The model parameters shown below were fit with a least-
squared approach:

Cy(r) = ¢, exp 3 + ¢, exp 3

a'fl n (6)
where the first component of the sill, ¢, = 1.31, 1.46, and 1.52
(log — (pCi/L))* for the Blue Ridge, Piedmont, and Coastal
Plain physiographic regions, respectively; the first spatial
covariance range, a4, = 1,170, 767, and 1113 m for the three
physiographic regions respectively; the second component of
the sill, ¢, = 0.52, 0.70, and 0.089 (log — (pCi/L))* for the
three physiographic regions respectively; and the second spatial
=206, 77, and 2399 km, respectively. The

principal axes of anisotropy are 45° and 90° for the Blue Ridge
and Piedmont physiographic regions, respectively. The BME
covariance model plots and rose diagrams are available in the
Supporting Information.

The LUR-BME residual covariance lacks anisotropy in all
three physiographic regions (see the Supporting Information),

covariance range, a,z
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Figure 3. (A) LUR-BME radon predicted median across North Carolina. (B) LUR-BME predicted variance binned according to five geometric
intervals. Geometric intervals are roughly quintiles but produce better visualization for non-normal distributions. The counties highlighted in 3B are
referenced as discussion points in the main manuscript text in section 4.1. Radon geometric variances are from 1 to 4.6 (pCi/L)? (0.037—0.17 (Bg/

L)?).

likely due to the elliptical based variables in the LUR model
successfully capturing the anisotropy. The model parameters
for the LUR-BME residual covariance are also fit with a least-
squared approach and are detailed as follows: ¢, = 1.31, 1.37,
and 1.46 (log — (pCi/L))* for the Blue Ridge, Piedmont, and
Coastal Plain physiographic regions, respectively; the first
= 881, 1,117, and 1113 m for the
three physiographic regions respectively; the Blue Ridge
physiographic is a one component exponential model; the
second component of the sill, ¢, = 0.11 and 0.07 (log — (pCi/
L))? for the Piedmont and Coastal Plain physiographic regions
respectively; and the second spatial covariance range, a, =

spatial covariance range, a,,

14.96 and 14.98 km, respectively. The covariance ranges for the
LUR-BME are significantly shorter than BME alone since the
LUR offset capture regional or long-range trends (see the
Supporting Information).

3.3. Land Use Regression—Bayesian Maximum
Entropy. The LUR model was integrated as the global offset
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to create a LUR-BME model, which resulted in a LOOCV R? of
0.46 (Pearson correlation coefficient 0.68; Supporting
Information Figure S15), a 28% improvement over LUR, and
a 4% improvement over BME, which obtained a R* of 0.44
(correlation = 0.66). Figure 3 maps the point-level groundwater
22Rn median concentration and variance across North
Carolina. The cross-validation results for the LUR, BME, and
LUR-BME models are summarized in Table 2.

3.4. Kruskal-Wallis ANOVA. The first variable selected in
the final LUR model was the mean sediment ***U within the
Intrusive Felsic general geological formations, which contains
many geological units known to have elevated groundwater
222Rn. However, the Greensboro Intrusive Suite is an intrusive

felsic unit that has low groundwater 222Rn levels. In order to
explore why the Greensboro Intrusive Suite unit has different
22Rn levels than its parent intrusive felsic formation, we
performed a Kruskal—Wallis ANOVA test on the distributions
of sediment ***U within the Greensboro Intrusive Suite versus
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Table 2. Leave-One-Out Cross-Validation Statistics for the
LUR, BME, and LUR-BME Methods for Estimation of
Point-Level log->**Rn“

method RMSE R? RMSS
LUR 1.20 0.33 0.82
BME 1.01 0.44 122
LUR-BME 0.99 0.46 1.20

“Equations for validation statistics are in section 2.4. RMSE is root
mean squared error; R* is the coefficient of determination; and RMSS
is the root mean squared standardized error. Units for RMSE = (log —
(pCi/L)); R% RMSS = unitless.

the rest of the intrusive felsic geology. The null hypothesis is
rejected with a p-value < 0.001, demonstrating significant
difference in the distribution of sediment uranium **U between
the Greensboro Intrusive Suite and other intrusive felsic
geologies.

The unit scale Henderson Gneiss, also classified as intrusive
felsic, was selected to the final LUR model as a percent geology
variable. A Kruskal-Wallis ANOVA test of observed **’Rn
distributions within Henderson Gneiss versus other intrusive
felsic was rejected with a p-value < 0.001, indicating an
underlying higher distribution of **?Rn within subcategories of
intrusive felsic geology such as Henderson Gneiss.

4. DISCUSSION

4.1. Groundwater Radon Maps. This study presents a
LUR model for point-level *?Rn concentration across North
Carolina that elucidates geological and chemical sources
affecting its variability, and then utilizes the strengths of BME
to create the first map of point-level *?Rn concentrations (R* =
0.46) and its prediction uncertainty (RMSS = 1.20). Several
major findings can be deduced from the first point-level
groundwater *?Rn maps of concentration and uncertainty
across North Carolina. First, several areas of high susceptibili
to elevated **Rn as determined by others'>'®*"* are
confirmed, including the areas underlain by Henderson Gneiss
(Henderson County (pink outline Figure 3B); Blue Ridge
physiographic region) and Rolesville Batholith (unit subset of
Late Paleozoic Plutons; Eastern Wake County (red outline
Figure 3B); Piedmont physiographic region). Second, the
uncertainty is the highest in the Coastal Plain physiographic
region due to the lack of data and thus the highest total
variance (ie, sill, ¢; + ¢, in eq 6) out of all three physiographic
regions; however, there is no area within the Coastal Plain with
a predicted median above 3000 pCi/L (111 Bq/L). This may
suggest a lower priority for radon sampling compared to the
priority in other regions of the state with higher predicted
groundwater radon values. Third, it may be prudent to allocate
limited resources for increased monitoring in the Piedmont
physiographic region in areas underlain by the Deep River basin
(element) and Late Paleozoic Plutons (element) (see the
element map in the Supporting Information). Our map is the
first to predict (Figure 3A) elevated **Rn above 3000 pCi/L
almost ubiquitously across the Deep River basin and some areas
above 10000 pCi/L (370 Bq/L) in Anson County (yellow
outline Figure 3B) due to its inclusion as an explanatory
variable. However, these predictions have high uncertainty
(Figure 3B) and are underlaid with explanatory variables that
greatly exceeded values used in the calibration of the model.
For instance, the maximum value of the Deep River Basin
variable (conductivity normalized sediment ***U) used in
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calibration was 0.05 ppb/(u€2/(cm)) whereas the maximum
value found in the extrapolation of the LUR model was 0.72
ppb/(#/(cm)). We limited the maximum value of explan-
atory variables in extrapolated regions to the maximum of the
calibration range due to the many orders of magnitude that
some explanatory variables cover; nonetheless, high values are
predicted due to the large value of its linear regression
coefficient (Table 1). Fourth, our map predicts new areas in the
Blue Ridge physiographic region with elevated groundwater
*Rn including areas underlain by the Beech Pluton (Avery
County, dark blue outline Figure 3B; unit) and Grandfather
Mountain Window (unit). The Beech Pluton is also an
intrusive felsic formation, which is known to be associated with
elevated groundwater 222Rn; however, the likely reason both
units were selected in the model was their vicinity to high
monitoring values in areas outside their spatial range. The
Beech Pluton itself only has one monitoring value within its
area; however, 16 monitoring locations with high values are
north and hence the Beech Pluton was selected as a long, thin
ellipse with a 90° azimuth.

4.2. LUR Model Interpretations. Our LUR-BME model
was the first geostatistical model to account for geometric
anisotropy of a groundwater contaminant through a LUR
model. Our LUR model can be thought of as a groundwater
version of Saito and Goovaerts*® Kriging model for cadmium in
air using predominant wind direction as an LUR variable that
accounts for geometric anisotropy.

The LUR model sheds light on important variables
associated with groundwater *’Rn through the model selection
process; however, a lack of selection does not necessarily
preclude a variable from an association with groundwater ***Rn.
Messier et al.*> showed with a 10-fold cross-validation that
LUR model selection procedures are robust for some selected
variables, but other variables may not be due to physical factors
like local variability and statistical factors like collinearity with
other potential variables. Unit variables selected such as the
Beech Pluton may not be robust to a significant change in
monitoring data; however, in our model they are all highly
significant (Table 1) and removing them from the model
results in at least a 4% reduction in the LUR-BME R-squared.
The LUR model also allows comparison and distinction
between scales of geological formations. For instance, we
found the general geological descriptions of intrusive felsic to
be important via its selection to the final model; moreover,
Henderson Gneiss, Cherryville Pluton, and Beech Pluton are
more detailed geologic units that are also intrusive felsic
selected to the final model. The linear, additive formulation of
the LUR model allowed intrusive felsic to be included and
provide a baseline for elevated **’Rn levels across much of
North Carolina, which is then refined by units with varying
local effects based on their coefficient values. Additionally, the
element scale variable Late Paleozoic Plutons and Piedmont
zone Eastern Blue Ridge Plutons were selected, which are also
at least partly intrusive felsic. Lastly, the difference in scales
allows for more significant extrapolation of potential elevated
22Rn areas that may have otherwise been missed. For example,
Late Paleozoic Pluton was selected, which contains the unit of
elevated **’Rn in Eastern Wake County known as the Rolesville
Batholith. If Rolesville Batholith was selected instead of Late
Paleozoic Plutons, then there would be less extrapolated high
values; but given the selection of Late Paleozoic Plutons, areas
in Anson County and Northwestern Guilford County also have
higher predicted values and thus identified as areas that may
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benefit from additional groundwater **Rn sampling. This
information can provide useful guidance on selecting and
prioritizing areas for new monitoring.

4.3. Associations within Radon Anomalies. The primary
mechanisms that release uranium and radon to water are
different because of differences in half-life, solubility, and
geochemical reactivity of these elements, which determine
uranium and radon concentrations in groundwater. Moreover,
near-surface chemical weathering mechanisms®’ could cause
local spatiotemporal variability in groundwater *’Rn and ***U.
Therefore, groundwater ***U is not always an optimal surrogate
for groundwater 222Rn concentration, at times not even in areas
of uranium-rich granite bedrock,"*’ which creates apparent
anomalies or an unexpected lack of correlation. Our LUR
model selection process, with multiple geological formation
specific bedrock **U surrogate variables, helps guide
appropriate hypothesis tests to evaluate factors associated
with geological radon anomalies. For instance, Campbell et al."®
and Vinson et al.” both noted positive associations between
elevated 2*?Rn and intrusive felsic formations; however,
Campbell et al. notes the apparent anomaly of the Greensboro
Intrusive Suite, which has low levels of groundwater 22Rn
despite being intrusive felsic. The Kruskal-Wallis ANOVA
null-hypothesis between sediment **U was rejected, which
means there is significant difference between the distributions
of sediment 2**U within intrusive felsic formations with elevated
222Rn and intrusive felsic formations with low **?Rn, thus
variability of groundwater **’Rn within intrusive felsic
formations is likely associated with average bedrock **U
concentrations as defined by sediment ***U concentrations.
This is supported by Vinson et al.” from data in the Rolesville
Batholith, an intrusive felsic formation, which they report has
groundwater ***U concentrations 1—2 orders of magnitude
higher than surrounding geology and by Yang et al.** which
found intermediate scale associations between groundwater
80U and **’Rn within granitic plutons.

4.4. Recommendations and Limitations. This study
presents a novel method whose result is a point-level mapping
with physical interpretations. Human health related recom-
mendations based on the results should however consider the
limitations of the study. The results of this study can be used as
the exposure assessment in a retrospective epidemiological
analysis as this represents the best estimate currently available
for groundwater **’Rn concentrations in North Carolina; but,
there is the potential for exposure misclassification, especially in
areas far away from monitoring data. We recommend that the
map of monitoring locations and prediction variance be used in
conjunction with predicted expected value for decision-making
purposes. Nonetheless, the LUR-BME provides better
estimates outside of the spatial covariance range of monitoring
locations due to the informed offset based on the LUR (see the
Supporting Information; Figure S16). Moreover, LUR-BME
also provides the benefit of an accurate quantification of
uncertainty (RMSS 1.20) to use in a risk assessment
framework.

The theoretical lower limit of the scale of our LUR estimates
is based on 1:1 500 000 map scale geological information used
in the study,”> which results in a theoretical lower limit for
detectable size of 1500 m and a raster grid cell size of 750 m.>’
However, when integrated into the BME framework with a
point-level groundwater **’Rn data, the mixed-scale LUR-BME
method can provide estimates at the point-level. The LUR-
BME method presented in this paper is also easily translatable
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to smaller areas. For instance, the USGS creates geological
“Quadrangle” maps at the 1:24 000 map scale, which would
allow fine scale geological controls to be resolved given
sufficient monitoring data as well. We considered using the
1:24 000 quadrangle maps for this study, but they do not cover
the entire study domain, and the level of detail is too refined
which results in a majority of zeroes or null explanatory
variables. Nonetheless, given sufficient groundwater 22Rn
samples in a local area, the quadrangle maps could be used
with our method to model point-level variability and elucidate
local scale effects of geology.

Groundwater **’Rn has been shown to be positively
correlated (R* = 0.37) with well and casing depth,* but this
information was only available for a small subset of our data
(<10%). Neither casing nor well depth were considered as
potential explanatory variables; however, given that the
geological information is also two-dimensional, depth informa-
tion would not elucidate additional geological controls.
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