1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Author manuscript
Environ Sci Technol. Author manuscript; available in PMC 2022 April 20.

-, HHS Public Access
«

Published in final edited form as:
Environ Sci Technol. 2021 April 20; 55(8): 5012-5023. doi:10.1021/acs.est.0c05239.

Machine Learning Models of Arsenic in Private Wells Throughout
the Conterminous United States As a Tool for Exposure
Assessment in Human Health Studies

Melissa A. Lombard,
New England Water Science Center, U.S. Geological Survey, Pembroke, New Hampshire 03275,
United States

Molly Scannell Bryan,
Institute for Minority Health Research, University of lllinois at Chicago, Chicago, Illinois 60612,
United States

Daniel K. Jones,
Utah Water Science Center, U.S. Geological Survey, West Valley City, Utah 84119, United States

Catherine Bulka,
University of North Carolina, Chapel Hill, North Carolina 27599, United States

Paul M. Bradley,
South Atlantic Water Science Center, U.S. Geological Survey, Columbia, South Carolina 29210,
United States

Lorraine C. Backer,
Centers for Disease Control and Prevention, National Center for Environmental Health,
Chamblee, Georgia 30341, United States

Michael J. Focazio,
Toxic Substances Hydrology Program, U.S. Geological Survey, Reston, Virginia 20192, United
States

Debra T. Silverman,
Occupational and Environmental Epidemiology Branch, National Cancer Institute, Rockville,
Maryland 20850, United States

Patricia Toccalino,
Northwest-Pacific Islands Region, U.S. Geological Survey, Portland, Oregon 97232, United States

Maria Argos,

Corresponding Author: Melissa A. Lombard — mlombard@usgs.gov.
The authors declare no competing financial interest.

ASSOCIATED CONTENT

Supporting Information

The Supporting Information is available free of charge at https://pubs.acs.org/doi/10.1021/acs.est.0c05239.

Tables and figures; reporting limits and number of wells below the reporting limits; number of wells used to develop each model;
predictor variable descriptions and sources; relative influence of predictor variables; regional classifications and regional model
estimate results; partial dependence plots; confidence intervals for model estimates (PDF)

Complete contact information is available at: https://pubs.acs.org/10.1021/acs.est.0c05239


https://pubs.acs.org/doi/10.1021/acs.est.0c05239

1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Lombard et al. Page 2

School of Public Health, University of llliois at Chicago, Chicago, lllinois 60612, United States

Matthew O. Gribble,
Gangarosa Department of Environmental Health, Emory University, Atlanta, Georgia 30322,
United States

Joseph D. Ayotte
New England Water Science Center, U.S. Geological Survey, Pembroke, New Hampshire 03275,
United States

Abstract

Arsenic from geologic sources is widespread in groundwater within the United States (U.S.).

In several areas, groundwater arsenic concentrations exceed the U.S. Environmental Protection
Agency maximum contaminant level of 10 pg per liter (g/L). However, this standard applies only
to public-supply drinking water and not to private-supply, which is not federally regulated and

is rarely monitored. As a result, arsenic exposure from private wells is a potentially substantial,
but largely hidden, public health concern. Machine learning models using boosted regression trees
(BRT) and random forest classification (RFC) techniques were developed to estimate probabilities
and concentration ranges of arsenic in private wells throughout the conterminous U.S. Three

BRT models were fit separately to estimate the probability of private well arsenic concentrations
exceeding 1, 5, or 10 wg/L whereas the RFC model estimates the most probable category <5, >5 to
<10, or >10 g/ L). Overall, the models perform best at identifying areas with low concentrations
of arsenic in private wells. The BRT 10 £g/L model estimates for testing data have an overall
accuracy of 91.2%, sensitivity of 33.9%, and specificity of 98.2%. Influential variables identified
across all models included average annual precipitation and soil geochemistry. Models were
developed in collaboration with public health experts to support U.S.-based studies focused on
health effects from arsenic exposure.

Graphical Abstract
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INTRODUCTION

Worldwide, it is estimated that more than 200 million people are chronically exposed

to arsenic from drinking water at concentrations greater than 10 zqg per liter (1g/L),

the World Health Organization (WHO) drinking water quality guideline.12 Contaminated
drinking water remains a major route of exposure3# and a particular concern for vulnerable
subpopulations, such as infants, children, the elderly, and those with compromised immune
systems.®8 Arsenic is more prevalent in drinking water from groundwater sources than from
surface water supplies, and in groundwater its occurrence is typically attributed to geogenic
sources.’

Through studying exposed populations, arsenic has been associated with an increased risk of
adverse health consequences across multiple organ systems,8 with evidence of pathological
effects on the pulmonary,®19 cardiovascular,11:12 reproductive,13 immune, 1415 nervous, 16
and endocrine systems,17 as well as the skin,18:19 liver,20.21 kidney,22 and bladder.23.24
Multiple lines of evidence suggest a connection between chronic arsenic exposure and
cancer and impaired child development.3:25-30

In 2001, the U.S. Environmental Protection Agency (EPA) lowered the maximum
contaminant level (MCL) for arsenic in public water supplies from 50 wg/L to 10 wg/L

based on an extensive review of available information including WHO drinking water
quality guidelines.2>6:31 EPA MCLs are enforceable drinking water standards based on
health-related data as well as technical and economic feasibility considerations.® In addition
to MCLs, the EPA promulgates nonenforceable MCL goals (MCLGs),8 based exclusively on
public health and defined as the threshold level at which no risk to public health is expected.
The EPA MCLG for arsenic is zero.>8

Some U.S. states and other countries have enacted more stringent MCLs for arsenic. In the
U.S., New Jersey has adopted an MCL of 5 g/L, and New Hampshire has proposed an
MCL of 5 ug/L to take effect in July 2021.32:33 Internationally, Denmark has an MCL of 5
1o/L,34 and water utilities in The Netherlands have a water quality goal for arsenic of less
than 1 ug/L.3°

The health consequences of chronic arsenic exposure have primarily been identified from
populations who were exposed to drinking water concentrations greatly exceeding the WHO
and EPA recommended level of 10 g/L.%1118 However, several epidemiological studies
suggest that low-level exposure to arsenic near or below 10 g/L may also increase the risk
of arsenic-associated diseases.12:24:36-39

Approximately 40 million Americans living in agricultural, rural, or other low population
areas rely on private-supply wells for drinking water, wells that supply <24 people or <14
hookups, and typically serve a single household.#%-42 The EPA is not authorized to monitor
or regulate private wells under the Safe Drinking Water Act,*3 and owner self-monitoring
is rare**45 due to high analytical costs and unfounded belief in taste and odor as a reliable
indicator of safety.#4~47 Local public health departments often require a water quality test
for private wells upon transfer of ownership; however, it is typically limited to bacteria

or nitrate and rarely includes arsenic or other contaminants. Arsenic is one of the most
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common contaminants (including all geogenic and anthropogenically sourced inorganic or
organic contaminants) detected above the MCL in private wells throughout the U.S.45:48.49
In two national studies of thousands of private wells, arsenic exceeded the 10 pg/L MCL

in 10.6% and 6.75% of the wells and exceeded the MCLG of zero (reported above 1

1m/L) in 51% and 46% of private wells.4>48 For comparison other inorganic contaminants
frequently detected above the drinking water MCL include uranium (4%) and nitrate (8%),
with organic contaminants rarely exceeding MCLs.#54849 These and other similar findings
have resulted in focused attention on the role that arsenic plays in degrading the quality of
private well water and its role in human health outcomes. Understanding arsenic occurrence
in private wells is important for understanding human health effects associated with this
generally unmonitored arsenic exposure pathway. The development of robust models that
produce maps estimating the likelihood of arsenic occurrence on a national level is a critical
first step in evaluating adverse health effects of arsenic intake from private well water in the
u.s.

Historically, methods such as logistic regression (LR) models have been used to estimate
the spatial occurrence of arsenic in groundwater and to identify areas with elevated
concentrations at local, %21 regional,52-55 national,>6-61 and global®? scales. LR models
assume linear relationships between dependent and independent model variables and are
not wellsuited for predictor variable collinearity.53 Some studies have used modified

or combined methods to address these linearity constraints.®2 Further, the geochemical
reactions and hydrologic circumstances that result in elevated arsenic levels are complex’
and unlikely to be well-described by linear models across large geographic areas. Machine
learning methods can capture complex patterns in data®* and are promising alternatives to
linear models for estimating groundwater quality. Machine learning techniques that have
been used to model groundwater arsenic include random forest,55-67 hybrid random forest,8
boosted regression trees,>1:69 and classification and regression trees (CART).”0

The current study builds upon previous research, which employed LR to estimate the
population exposed to private-well arsenic concentrations greater than 10 pg/L throughout
the conterminous U.S. (CONUS).58 Here, we developed three boosted regression tree (BRT)
models to separately estimate the probability of arsenic concentrations exceeding 1, 5, and
10 (/L and a single random forest classification (RFC) model to estimate the most likely
arsenic concentration category (<5, >5 to <10, or >10 /g/L) in private wells throughout the
CONUS.

The main aim of this study was to develop national scale models to provide consistent
estimates of the probability of exceeding arsenic concentration thresholds and to develop the
models for comparison to national scale human health data. As such, we developed maps of
groundwater arsenic in private wells at the CONUS scale, with input from epidemiologists
and public-health scientists, so that large, scale-compatible linkages can be made between
potential arsenic exposures at greater than 1, 5, and 10 pg/L and existing data quantifying
adverse human-health outcomes. Although the models and human health data may have
variable amounts of uncertainty, these models and maps provide previously unavailable
information, especially in sparsely sampled areas, and will enable geospatial comparisons
of high and low potential arsenic exposure to frequent and infrequent occurrence of adverse
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human health conditions. In this way, arsenic exposure estimates can be used to evaluate
relations between potential exposure and adverse human outcomes for a variety of diseases.

METHODS

Arsenic Concentrations in Private Wells.

Private well locations and associated arsenic concentrations used in this study are as
described previously for LR modeling.>8 Arsenic concentrations from a total of 20 450
private wells were available from samples collected between 1970 and 2013.71 Samples
were collected prior to passing through water treatment systems, if any were present.
Well locations and applicable model(s) are shown in Figure 1. Arsenic concentration
reporting limits varied from <0.5 to 10 pg/L, with a total of 9293 wells (45%)
containing concentrations below a reporting limit (Table SI_1). Due to the prevalence
of wells with arsenic concentrations reported below a reporting limit, categorical or
threshold concentration models were developed that estimate a probability of exceeding
a concentration threshold or occurring within a concentration range, rather than regression
models that estimate a concentration value.

BRT models were developed using a Bernoulli distribution of the model response term for
each arsenic concentration threshold. Wells were coded with a 0 for concentrations less than
or equal to the threshold and 1 for concentrations greater than the threshold. Model threshold
concentrations were chosen to address existing public-supply drinking water guidelines (10
1g/L EPA MCL; 5 /L New Jersey and New Hampshire state MCL) and the common
compliance monitoring method detection/quantitation limit (1 zg/L) (see for example ref 72)
was chosen to address the EPA MCLG of zero.

The RFC model was developed to estimate the occurrence of arsenic in the concentration
ranges of <5 /g/L, >5 to <10 /L, and >10 /L. Wells were coded based on the measured
arsenic concentration category, with category 1 (C1) the lowest and category 3 (C3) the
highest concentration. Preliminary RFC models, including one with 4 categories and a 1
Lg/L boundary, were tested but not pursued due to poor model performance metrics. Due to
differing arsenic concentration threshold values and varying reporting limits, not all 20,450
well data were suitable for use in every model. (Figure 1 and Table SI_2). Wells used in
each model were subset into model training data sets (approximately 70% of available wells)
and model testing data sets (approximately 30% of available wells). The proportion of wells
above and below concentration thresholds for the BRT models and within the concentration
categories for the RFC model were maintained between the training and testing data sets.

Model Variables.

Candidate variables considered for use in these models included geologic, geochemical,
hydrologic, and climatic variables. General descriptions of the variables and their data
sources are in Table SI_3. Some of the variables used in making the machine learning
models are the same as those employed in the previous LR model,®8 including the base-
flow index, percent of county land area containing tile drainage, soil geochemistry, and
bedrock geology. The previous LR model used average annual groundwater recharge values
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estimated from the years 1951 to 198072 and average annual precipitation estimated from
the years 1981 to 2000.7# In the machine learning models developed in this study, average
annual precipitation and groundwater recharge values are based on published estimates from
the years 1981 to 2000 to optimize consistency between these two model variables.”>76
Recently published variables included in the machine learning models that were not
available for use in the LR model are the lateral position within a watershed for varying
stream orders’” and generalized rock type.’®

Due to correlations between variables from the same data set, not all available data were
used. For example, soil geochemistry concentrations are available for various soil horizons
however, at a given location the concentrations in individual horizons are highly correlated.
Therefore, only the C soil horizon concentrations were selected to test in these models.
Similarly, only the ecoregion level |1 valvalues8®d lateral position values for stream orders 2,
4, and 677 were considered in these models.

Values of all predictor variables were extracted for each well location using the ArcGIS
software8? tools “spatial join” and “raster extract values to points”. All categorical variables,
such as bedrock unit, were expanded so that the presence or absence of each type of bedrock
unit became a variable. This resulted in a total of 249 variables that were tested to include in
the models. No variables were missing at any of the well locations.

Model Development.

All models were developed using the R computing environment®2 and tuned using the

U.S. Geological Survey (USGS) Yeti Supercomputing cluster that has 3728 CPU cores (of
which 100 were typically used) and approximately 105 TFlops performance.83 BRT models
were developed using the generalized boosted models®* and care® packages. A random
forest classification (RFC) model was developed using the caret.8® randomForest88 and

rf Utilities’” packages. BRT model tuning consisted of 720 combinations of the model
hyper-parameters; number of trees (1000-5000, by 500), interaction depth (2-16, by 2),
minimum observations in a node (8,10), and shrinkage rate (0.004-0.012, by 0.002). The
RFC model tuning consisted of altering the number of variables randomly sampled as
candidates at each split (mtry hyper-parameter) from 1 to 248 while the number of trees

to grow (ntree) was maintained at 500. Descriptions of model hyper-parameters are given
elsewhere.88 All models were tuned using the training data set and 10-fold cross-validation
to select the most accurate model using accuracy as the metric. To avoid selecting a model
that was overfit to the model training data set, simpler models within one standard error of
the most accurate models were identified (LSE models) and tested for selection as the final
model. Simpler BRT models have a lower interaction depth, shrinkage rate, number of trees,
and higher minimum observations in a node, while simpler RFC models have lower mtry
values.88

Metrics used to evaluate BRT model estimates compared to measured arsenic concentrations
in private wells were total accuracy, sensitivity, specificity, kappa, and area under the
receiver operating characteristic curve (ROC). Estimated probabilities greater than 0.5

were assigned above the model concentration threshold. Total accuracy is the ratio of
correct model estimates to known well values divided by the total number of wells. In
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this study, models were developed to optimize total accuracy. Sensitivity is the ratio of
correct estimates of the probability greater than 0.5 (or presence of arsenic above the
threshold concentration) to the total number of wells with arsenic concentrations above
the threshold concentration, or true positives. Specificity is the ratio of correct estimates
of probabilities less than 0.5 to the total number of wells with arsenic concentrations less
than or equal to the concentration threshold, or true negatives. Some studies shift the cut
point from 0.5 to determine model specificity and sensitivity.51:°8.61 However, this does
not change the underlying models, only the method for evaluating them. In this study

we use the common cut point of 0.5 which allows for a consistent comparison of model
performance across all models. The kappa statistic is a measure of agreement between
model estimates and observations and includes expected accuracy under chance agreement.
Kappa values range from -1 to 1 with a value of 1 indicating complete agreement between
model estimates and observations, 0 representing what would be expected by chance, and
negative values indicating agreement less than chance.89 The area under the ROC considers
using all possible cut-points (not only 0.5) to compare model estimates with observations.
ROC values range from 0 to 1 with 1 indicating total agreement between model estimates
and observations with 0.5 representing random guessing.%? Metrics used to evaluate the
RFC model include the kappa statistic and total accuracy, as defined above, in addition

to producer’s accuracy and user’s accuracy. Producer’s accuracy is a measure of the total
number of wells correctly classified by the model in a certain category divided by the
total number of wells actually in that category.®? User’s accuracy is the number of wells
the model correctly classifies in a category divided by the total number of wells the

model classifies in that category.! Model evaluation metrics were calculated for all wells
throughout the CONUS and on a regional basis to evaluate potential spatial differences

in model estimates. The CONUS was divided along state borders into 12 regions that
correspond to regions defined by the USGS Ground Water Atlas of the United States.%2

The final models selected were the simplest models within 1SE of the most accurate model
from tuning and had a reduced number of variables from the original 249 included for model
development. The variables within each model were reduced by initially eliminating the
variables that had no relative influence. Then the model was run sequentially, each time
removing the least influential variable from the previous model run. The final number of
variables selected minimized the loss in model accuracy and kappa from the model including
all variables.

Model Estimate Maps.

Maps of model estimates for the CONUS were made using the final models. For each
predictor variable in the final models, raster files with 1-km? grids were created in ArcMap
and clipped to the same extent. BRT models can calculate estimates using predictor variables
with missing data; however, RFC models cannot. Some model variable grids had cells with
missing data at the CONUS scale; for the RFC model, missing data values were interpolated
in ArcMap using the inverse-distance-weighted tool to make continuous estimate maps for
the CONUS.81 The missing grid values were typically near coastlines and the border of

the U.S. The model estimates were calculated from the raster files in R using the raster
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package®3 and output as geo-referenced tiff files. The model variable grid files and model
output files are available to download in a separate USGS data release.”t

Confidence intervals for the BRT model estimates were calculated using a bootstrapping
technique explained elsewhere.%4

RESULTS AND DISCUSSION

Model Development.

Model tuning used all 249 variables to identify the most accurate model. Hyper-parameters
of the final models were chosen from simpler models that were within one standard

error of the most accurate model. Lastly, the number of variables within each model was
reduced from the original 249. The final models contain between 41 and 65 variables.

The final variables selected in the BRT models resulted in less than a 2% decrease in
model performance metrics (accuracy, sensitivity, specificity) compared to the simpler 1SE
model that included all variables. Reducing the number of variables selected in the RFC
model decreased the total model accuracy by 3.85% but increased kappa by 9.83%. The
hyper-parameters of the final models and the model prediction performance metrics are
listed in Table 1.

Model Variables.

The definitions of the variables selected for the final models are listed in Table SI_4, and the
variables included in each model and their relative influence are in Table SI_5. The 10 most
influential variables in each model are shown in Figure 2 and many of the same variables
are influential in each model. The most influential variable in all models is average annual
precipitation from 1981 to 2010 (DMppt8110). Other highly influential variables in all four
models are the arsenic, selenium, and phosphorus concentrations in the C soil horizon (as_c,
se_c, p_c), lateral hydrologic position for sixth order streams (LP6), and average annual
groundwater recharge from 1981 to 2010 (PRMS8110Re). Variables that are among the 10
most influential in 3 of the 4 models include base flow index (BFI) and the organic carbon
and antimony concentrations in the C soil horizon (orgc_c, sh_c).

Partial dependence plots (PDPs) help qualitatively evaluate the relationships of the
independent model variables to the model estimates. PDPs represent the partial dependence
of the model estimate on the variable of interest considering the average effect of all other
model variables.%° The relationships depicted by PDPs may not be accurately represented in
the presence of highly correlated predictor variables or in regions of the predictor variable
space with sparse data.9¢ The PDPs for average annual precipitation in the BRT and RFC
models are shown in Figure 3 and PDPs for the 10 most influential variables in each model
are shown in Sl Figures 1-6. Rug plots (short vertical lines) along the x-axis on each

plot indicate the deciles of the data available for each variable. The PDPs for the average
annual precipitation variable in the BRT models indicate that the partial dependence of

the probability of exceeding the arsenic concentration threshold generally decreases as the
average annual precipitation increases (Figure 3). The PDPs for the RFC model vary by
category within the model and the pattern in the PDP for C1 (As < 5 tg/L) is opposite of
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those in C2 (As >5 to <10 wg/L) and C3 (>10 g/L). However, they all indicate the same
relationship because C1 is an estimate of the likelihood of being less than a concentration
whereas C2 and C3 are predicting the likelihoods of being greater than or equal to certain
arsenic concentrations. Interestingly, the PDPs for the RFC model have a pattern that

shows a decrease in the partial dependence as average annual precipitation increases to
approximately 1100 mm per year (mm/yr) followed by an increase in the partial dependence
at precipitation values greater than 1100 mm/yr. This is a nonmonotonic pattern compared to
the BRT models and seems to better reflect the spatial observations where elevated arsenic
is present in both the dry desert southwest of the US and the more humid eastern portions

of the country. In the previously developed LR model, average annual precipitation was
also the most influential variable as determined by the absolute value of the standardized
coeffcient (-0.706). The negative coeffcient indicates an inverse relationship between the
average annual precipitation and the probability of arsenic >10 gg/L, similar to the pattern
shown in the PDP for the BRT10 model.

Several soil geochemistry variables are influential in the machine learning models, including
arsenic, selenium, phosphorus, organic carbon, and antimony concentrations in the C soil
horizon. The arsenic concentrations in the C soil horizon have a nonmonotonic relationship
with the partial dependence of arsenic concentrations in private wells being above the
various model concentration thresholds. The PDPs indicate an inverse relationship at low
soil arsenic concentrations and a direct relationship at higher concentrations (See Figures
SI_1-6). These results are consistent with previous studies that indicate the presence of
arsenic in host aquifer materials alone is not necessarily a good indication of arsenic
concentrations in the corresponding groundwater; the dissolution of arsenic from the aquifer
host material is also dependent on the redox and pH conditions of the aquifer.”:97 The
general pattern of organic carbon concentrations in the C soil horizon in the PDPs shows a
direct relationship with the probability of arsenic in private well water exceeding the arsenic
concentration threshold for the models. This pattern is also consistent with previous studies
that show the presence of organic carbon facilitates reductive dissolution of arsenic from
aquifer sediments coated with iron oxyhydroxide minerals.”-98:99 The PDPs for selenium
and phosphorus are more di?cult to interpret because they do not exhibit consistent patterns.

Model Performance Metrics.

The performance metrics for the final models are in Table 1. The models were developed
to optimize overall prediction accuracy, which ranges from 77 to 91% for testing data.

The overall model accuracy for the BRT models increases with an increase in arsenic
concentration threshold. This is driven by the increase in model specificity or correct
estimates of locations below the arsenic concentration thresholds. The models do very well
estimating where arsenic is not likely to occur as quantified by the BRT model specificities,
which range from 80 to 98% for testing data. For the application of our models to similarly
scaled data on human health outcomes, the identification of areas where arsenic is not
likely to be elevated is just as important as identification of areas where arsenic is likely to
be elevated. The model specificities decrease with a decrease in the arsenic concentration
threshold. BRT model sensitivities are lower and range from 34 to 74% for testing data and
decrease with higher arsenic concentration thresholds.
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The patterns in model performance metrics are largely driven by the underlying arsenic
concentration data used to develop the models. The lower model sensitivities as compared
to the specificities are caused by the infrequent occurrence of high arsenic concentrations in
our data set and the high well-to-well variability of arsenic that can occur in wells within
proximity of each other.1%0 [t is inherently more diffcult for the models to correctly predict
events in the data that do not occur frequently. The ability of the BRT10 model to accurately
estimate locations where wells exceed 10 g/L is relatively low (33.9%) because only 11%
of the wells in our data set have concentrations above 10 wg/L. The BRT1 model is better

at predicting arsenic concentrations above 1 /g/L because approximately 48% of the private
wells in our data set have arsenic concentrations above 1 (/L (Table SI_2). As indicated
by the decreased sensitivity with higher arsenic concentration thresholds, model accuracy
depends on the amount of data and the percentage of events in those data. The same pattern
exists in the performance metrics for the RFC model where C2, the category with the

least number of occurrences in the data set (8.4%), has the lowest user’s and producer’s
accuracy. In addition to the underlying distribution of data used to develop our models,

the high variability of arsenic concentrations in wells within proximity of each other may
contribute to the low sensitivity values observed in some of our models. We caution against
diminishing the usefulness of these models due to the low sensitivity values and instead
emphasize the high overall accuracy (77-91%) and specificity (80-98%) of the models. The
identification of areas where arsenic is not likely to occur in domestic wells is important
information.

While the development of regional scale models would not have achieved our goal of
developing nationally consistent estimates, we did evaluate model performance at regional
scales and results are in Tables SI_6 to SI_16. It is difficult to make meaningful conclusions
based on the regional results because of the imbalance of data available across regions and
the infrequent occurrence of arsenic above the concentration thresholds for the BRT5 and
BRT10 models. Some regions contain relatively small numbers of wells in the testing data
set (~100 wells) and no to few wells with arsenic concentrations above the model thresholds.
Regional model evaluation metrics for the BRT1 model, which contains a greater occurrence
of wells above the arsenic concentration threshold compared to the BRT5 and BRT10
models, do indicate regional variations in model accuracy. Some regions have sensitivity
values greater than specificity indicating the BRT1 model is better at estimating where

wells exceed the 1 4g/L arsenic concentration threshold in those regions. Several regional
scale statistical models have been developed to predict arsenic occurrence in groundwater
and incorporate spatially detailed and relevant predictor variables available for the areas

of interest.5152.65.69 For example, a model developed for the Central Valley aquifer of
California includes variables that are outputs from numerical models developed specifically
for that aquifer.5? In this study we only include predictor variables available across the
CONUS resulting in a nationally coherent model.

The model performance metrics from the BRT10 model can be compared to the previous LR
model that estimated the probability of arsenic exceeding 10 zg/L.58 The overall accuracy
and specificity of the two models to testing data are similar; LR accuracy is 90.1% and
BRT10 accuracy is 91.2%, and LR specificity is 99% and BRT10 specificity is 98.2%.

The two models differ in their sensitivity, or ability to correctly predict where there is a
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high probability of arsenic being greater than 10 wg/L. The sensitivity of the LR model

to testing data is 13.9% and the sensitivity of the BRT10 model is 33.9%, suggesting the
BRT10 model is better at predicting areas with high levels of arsenic in private wells. The
BRT10 model is an incremental improvement of the previously developed LR model. This
result is similar to findings from a study that developed and compared BRT and LR models
to estimate arsenic in domestic and public supply wells located in the Central Valley of
California.>!

Model Estimate Maps.

The final models were applied to 1-km? grids to produce model estimate maps for the
CONUS. Results for the BRT models are shown in Figure 4a—c and indicate the probability
of exceeding the arsenic concentration threshold for each model. RFC model estimates of
the probability of being in C1, C2, and C3 are shown in Figures 4d—f, respectively, and the
most likely classification from the RFC model is shown in Figure 4g.

Direct comparisons between the various BRT models are not recommended because the
models were developed independently. However, the results across models are generally
consistent with each other at the national scale (Figures 4a—c). The RFC model was
developed to facilitate comparisons across the arsenic concentration categories, the
probabilities of occurring in each category at a given location are consistent with each
other because they are calculated from the same model. The RFC model also provides an
arsenic concentration category estimate for a given location (Figure 4g), which can be used
to examine dose-response in health studies, as opposed to the BRT model estimates that
provide a single probability of exceeding an arsenic concentration threshold. Although the
BRT10 and RFC models are not directly comparable, they do exhibit similar patterns. For
example, both models have probabilities >70% for arsenic concentrations >10 £g/L along
eastern California, southeast New Mexico, and throughout the midwestern states as shown
in Figure 4c,f. Comparison of map estimates from this study to the previous study using

an LR model®8 also show similar patterns across the CONUS with >50% probability of
arsenic >10 (g/L in areas of the Southwest, Texas, the Midwest, and New England. Areas
of >50% probability are more sharply defined in the BRT10 map estimates compared to the
LR map and this reflects the difference in the ability of the BRT model to correctly predict
areas of high arsenic (increased model sensitivity). As indicated by the model performance
metrics, these models do well at estimating locations where the probability of exceeding the
concentration threshold for arsenic is low. The model estimate maps are an important tool
for estimating arsenic occurrence, or lack of occurrence, especially in areas that do not have
actual well water samples. In the absence of arsenic sampling data, these models provide a
best estimate of arsenic occurrence throughout the CONUS.

Confidence intervals for the BRT model estimates were calculated and are shown in Figure
SI_7. The confidence intervals account for uncertainties in the model estimates and do not
consider uncertainties associated with the variables used to make the models.
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Our model estimates were produced for 1-km? grids. However, we caution against
interpreting these results at the 1-km? scale because these models and maps were developed
using predictor variable data sets available at the CONUS scale. Multistate regional and/or
smaller geographic area scale models using regionally available and relevant predictor
variable data may provide more representative results at those spatial scales. Model
estimates in this study are made for large areas that do not have arsenic data from private
wells such as northern Vermont, eastern Kentucky, eastern New Mexico, and southern
Nevada (Figure 1). The accuracy of our model estimates in these sparsely sampled areas
cannot be assessed without additional sampling. Additionally, improved model prediction
sensitivity may result from additional sampling, especially in areas with elevated arsenic
concentrations.

Our model estimates for arsenic are static in time. However, they are based on water samples
collected from 1970 to 2013, and the models include variables that change temporally such
as average annual precipitation and groundwater recharge. Thirty-year climate averages
were used for these variables in our models. There is growing evidence of seasonal and
climate-related changes in arsenic concentrations in groundwater.191-103 Temporal changes
are not considered in this study and our estimates represent climate averages. The long
period over which the arsenic samples were collected contributes to potential uncertainty
due to possible temporal variation.

These models were developed using data from private wells, which approximately 15% of
the population use for drinking water supply.#%-42 The model estimates should be used to
estimate exposure to arsenic from private wells and may not accurately estimate exposure
from public drinking water supplies. Public water supplies include water sources from both
surface water and groundwater, are regulated by the EPA, are tested regularly, and typically
have treatment systems to comply with the MCL for arsenic. Therefore, our model estimates
may not correctly represent the arsenic exposure from drinking water in urban and densely
populated areas that rely on public drinking water systems.

Continual refinement of models to better represent geogenic contaminant concentrations,
such as arsenic, where the well-to-well concentration variability is several orders of
magnitude is an area of ongoing research. Development and inclusion of relevant predictor
variables that represent geochemical mechanisms responsible for arsenic mobilization

in groundwater such as pH and redox conditions will likely lead to better predictive
performance of arsenic models. Regional scale models have recently been developed

to characterize and predict these important covariates and provide opportunities to

improve statistical models of geogenic groundwater contamination at all scales.104-106 The
development of these characterizations, especially as they change with well depth, will
presumably expand the capabilities of modeling the occurrence of arsenic in groundwater by
improving model accuracy and reducing uncertainty.
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Use of the Model Estimate Maps in Human Health Studies.

The model estimates provide an important, feasible, and complementary perspective to the
existing arsenic epidemiology literature by offering national inferences for the U.S. and
serve as a foundation for future investigations. For example, epidemiological modeling
efforts might potentially identify “hot spots” (e.g., counties where there may be an unusually
strong relationship between arsenic and disease frequency) that could be appropriate for
more targeted community-level investigations.

Linking human-health outcomes to environmental exposure can be challenging when the
data are available on different geographic scales or no exposure data are available. However,
methods are increasingly being developed to make these linkages more achievable.107.108
The previously developed LR model was used as a covariate in studies of national scale
human health data.109110 The machine learning models developed here are an improvement
upon the previous model and will provide additional information for future environmental
epidemiology studies. Until now, spatially continuous geographic data on arsenic occurrence
at varying concentrations in private-supply drinking water has been lacking within the

U.S. Our arsenic models provide a new and coherent resource to evaluate associations of
private well arsenic occurrence at various concentrations with human health outcomes at the
CONUS scale.

Another difficulty in conducting environmental epidemiology studies is exposure
assessment. It is often challenging to identify a population with a range of exposures that is
sufficiently broad to assess dose-response, where the response is a clinical biomarker value
or health outcome. Our models provide a robust tool to estimate arsenic occurrence over

a range of concentrations and potential exposure from private wells for a large population.
These models indicate geographic areas where people are unlikely to be exposed and where
they are likely to be exposed to arsenic from private wells. This allows researchers to target
areas with potentially high and low exposure levels thereby increasing the power of future
studies to detect associations with relevant health outcomes. Our models are well suited for
comparison and evaluation of potential relations to similarly scaled human health data.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
Locations of private wells and the model(s) in which each well is used.
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Figure 2.

Ten most influential variables and their relative influence for each model. Variable
definitions are in Table SI_4.
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Figure 3.
Partial dependence plots for average annual precipitation (DMppt8110) for the BRT models

and each classification within the RFC model. Note the different scales on the y~axes.
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Figure 4.

Figure g
Random Forest
Classification

Probability of arsenic (a) greater than 1 1g/L from BRT1 model, (b) greater than 5 pg/L from
BRT5 model, (c) greater than 10 g/L from BRT10 model, (d) less than or equal to 5 /L
from RFC model, (e) greater than 5 £g/L and less than or equal to 10 g/L from RFC model,
and (f) greater than 10 wg/L from RFC model. Panel (g) estimated arsenic concentration

classification from RFC model.
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