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DISCLAIMER

This report was prepared as an account of work sponsored by an agency of the United States
government. Neither the United States government nor any agency thereof, nor any of their
employees, nor any of its contractors, subcontractors, nor their employees makes any warranty,
express or implied, or assumes any legal liability or responsibility for the accuracy, completeness,
or usefulness of any information, apparatus, product, or process disclosed, or represents that its
use would not infringe upon privately owned rights. Reference herein to any specific commercial
product, process, or service by trade name, trademark, manufacturer, or otherwise does not
necessarily constitute or imply its endorsement, recommendation, or favoring by the United States
government or any other agency thereof. The views and opinions of authors expressed herein do
not necessarily state or reflect those of the United States government or any agency thereof.
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EXECUTIVE SUMMARY

This research work has been supported by the DOE-FIU Science & Technology Workforce
Development Initiative, an innovative program developed by the U.S. Department of Energy’s
Office of Environmental Management (DOE-EM) and Florida International University’s Applied
Research Center (FIU-ARC). During the summer of 2024, a DOE Fellow intern, Fabiola Rivera
Noriega, spent 10 weeks doing a summer internship at Savannah River National Laboratory under
the supervision and guidance of Thomas Danielson, Senior Scientist. The intern’s project was
initiated on May 29, 2024, and continued through August 9, 2024 with the objective of developing
a Python algorithm to identify optimal sampling locations where a soil gas probe will be deployed
to measure radon counts.
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1. INTRODUCTION

Chronic exposure to radon is the primary cause of lung cancer among non-smokers. Radon is a
naturally occurring element created by the decay of uranium. Temporally, the different interactions
between geology, driving forces (e.g., temperature and barometric pressure), and building
construction (e.g., foundation type, air exchange, and ventilation systems) affect the subsurface
transport, release and indoor accumulation of radon. Long-term exposure can be prevented through
proactive evaluation, alongside mitigation during/after construction, if required. At present, radon
risk mapping is performed at a county wide scale based on a couple of in-home measurements
completed under uncontrolled conditions. Counties whose homes are below the Environmental
Protection Agency’s (EPA) action levels are labeled as “low risk”. Aiken County is classified as
one of these low-risk areas even though more than 10% of its residents are exposed to radon levels
up to 18 times higher than the EPA’s recommended action level. A more advanced radon risk
mapping strategy would consider several characterization techniques (e.g., aerial spectral gamma
measurements) with information from geological and mineralogical maps. Results from at-home
test kits have shown concentrations in Aiken County homes more than 18 times the EPA action
level, prompting efforts to improve the resolution of risk mapping. Using Python and advanced
data analytics, this study explores the correlations between various geological formations and their
measured uranium content consequently impacting the surrounding land. Methods like Kendall’s
Tau, principal component analysis (PCA), and clustering, help develop a Python script to identify
optimal sampling locations based on the uranium quantity present.
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2. RESEARCH DESCRIPTION

This research aimed to enhance the resolution of radon risk models in Aiken County, South
Carolina. We utilized ARCGIS and Python to fuse open-source datasets, facilitating subsurface
characterization and predicting the location of uranium-bearing mineral formations, which are
associated with high radon potential. Incorporating these spatial datasets allowed us to explore
areas with known high or low radon concentrations based on the county’s geological and
geophysical characteristics. The datasets included longitude and latitude coordinates, recorded
mineral formations, and the uranium measures found at each coordinate.

Our research focuses on two main scopes: statistical analysis of the data and the creation of a
Python algorithm to predict optimal sampling locations. Once the data was received, all mineral
formations were analyzed to visualize their recorded uranium measures using histograms,
highlighting their spread across Aiken and their frequencies. We employed statistical methods
such as boxplots to visualize how the uranium measure of the mineral formations was spread out
and to examine mean and median values. We explored relationships between features like
elevation, and the presence of water modeling them in a scatter plot against the uranium measure
to analyze dataset relationships. To gain better insight into the frequency, location, and uranium
measure of each mineral formation, we mapped each instance using their longitude and latitude,
color-coding them based on their uranium measure levels. This helped identify patterns in specific
formations and potential changes in uranium measures due to latitude or longitude shifts.

Our preliminary investigation revealed formations with high or low concentrations across different
regions of Aiken. We divided Aiken into 10 different regions: North, Northeast, Northwest, South,
Southeast, Southwest, “EastEast” (the eastern part of the Eastern region), “Eastwest” (the western
half of the Eastern region), “Westwest” (the westernmost part of the western region), and
“Westeast” (the eastern part of the western region). We applied three statistical correlation
methods — Pearson, Spearman, and Kendall’s Tau—to each of these cardinal regions to study the
relationships within the data. Next, we used K-Means clustering to further analyze our data. By
experimenting with different cluster sizes, we were able to assess the robustness of our clusters.
We also removed various features from the dataset to evaluate their impact on the model, aiming
to identify the most significant features. To aid this, Principal Component Analysis (PCA) [ 1]
was utilized to simplify the data and visualize the underlying patterns. These clustering
visualizations were created to enhance our understand of how different features and our target
variable, uranium measure, interact within these regions.

Following this, we trained a Random Forest model for each region to predict the uranium measure.
We employed grid search and hyperparameter optimization to fine-tune the model parameters and
achieve the best performance. The results were evaluated using the R"2 metric to assess the
model’s accuracy and reliability. Additionally, we trained another Random Forest model to predict
the longitude and latitude coordinates. This model aimed to identify optimal sampling points by
predicting the top 5 locations with the highest expected uranium measures and the top 5 with the
lowest expected uranium measures. This approach helped us focus on areas with the most
significant potential for high or low uranium concentrations.
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3. RESULTS AND ANALYSIS

The results for predicting uranium levels were initially evaluated using longitude and latitude
coordinates as features. We focused on one region and used its specific features, such as mineral
formations, elevation, and presence of water, to predict uranium levels. A new random forest
model was developed and tested for each region, with results measured in terms of R? score. The
results were impressive, ranging from 0.84 to 0.99, as shown in Table 1 below. These outcomes
highlight not only the model’s ability to capture patterns within the data but also the presence of
inherent patterns that facilitate this accuracy.

Table 1. R? results for Random Forest model being trained and tested on each region of
Aiken, including longitude and latitude as features.

Region R2 Score

North 0.84
Northeastern 0.98
Northwestern 0.97
South 0.9
Southeastern 0.86
Southwestern 0.96
Easteast 0.96
Eastwest 0.99
Westwest 0.99
Westeast 0.99

Feature importance refers to the contribution of each feature to the prediction model, indicating
how much a particular feature influences the predicted outcome. When examining feature
importances across regions, it was evident that latitude and longitude coordinates consistently held
the highest importance. This means that the coordinates were the most significant factors in
predicting uranium levels. An exception was noted in the Southwestern region, where elevation
had a higher feature importance score, suggesting that elevation played a more crucial role in this
specific region. Figure 1 compares the feature importances between the North region, which
closely resembles the other regions in terms of longitude and latitude coordinates dominating the
feature importances, and the Southwestern region, highlighting the differences in their key
predictive features.
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Figure 1. Feature importance comparison between the Northern area and the
Southwestern area.

Because of the significant importance of longitude and latitude coordinates in our feature
importance analysis, we chose to exclude them and test again. This decision was made to evaluate
how the model would perform if it had to rely on other features, such as mineral formations or
elevation. Consequently, the results significantly deteriorated compared to when coordinates were
included, as shown in Table 2. The R2 performance metric declined, indicating the model’s reduced
predictive accuracy. Regions in the South, Southeast, and Eastwest exhibited the most pronounced
changes, underscoring the longitude and latitude coordinates are crucial predictors for this model.

Table 2. R? results for Random Forest model being trained and tested on each region of
Aiken, excluding longitude and latitude as features.

Region R2 Score

North 0.45
Northeastern 0.68
Northwestern 0.27
South 0.21
Southeastern 0.12
Southwestern 0.79
Easteast 0.09
Eastwest 0.78
Westwest 0.57
Westeast 0.65

When examining feature importances for these regions after removing longitude and latitude, we
observed a new range of features gaining prominence and serving as significant indicators for the
model. For instance, in Figure 2 below, the feature importance plot for the Northwestern area
highlights a diverse set of features, including various mineral formations like Pu, Qal, Ttr, Tdb,
and elevation. These plots have been generated for each specific region in Aiken and are being
studied to uncover further insights. Consequently, as we advance our research, we can hypothesize
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that focusing on these highlighted features may serve as indicators of high or low uranium measure
in the area.

Feature Importances in predicting quan_ppm

Figure 2. Feature Importance plot for the Northwestern region.

Finally, we developed a script to predict the optimal sampling points for detecting high or low
uranium concentrations. The results from this script are displayed in Table 3 below for the Easteast
region. This process was replicated for each region. Alongside the table, the sampling team is also
provided with a visual representation showing where these points lie in Aiken, colorcoded based
on uranium concentration levels to enhance clarity. The visual for the Easteast region is shown in
Figure 3. The primary objective of generating these results is to provide actionable data to the
sampling team. By using this information, the team can strategically target specific locations based
on whether they aim to find high or low concentrations of uranium thereby improving the
efficiency and effectiveness of their sampling efforts.

Table 3. Optimal sampling points for detecting high or low uranium concentrations in the
Easteast region.

predicted_longitude predicted_latitude uranium measure type
-81.36743392 33.71491718380002 4.086040124 high
-81.37674259 33.66833845919996 4.015108389 high
-81.37202269 33.67457601889998 4.008676881 high
-81.37145121 33.66736210680001 3.956484592 high
-81.35321945 33.68865368810002 3.952153851 high
-81.3624271 33.511570257699965 3.371476618 low
-81.32216763 33.54938018 3.382013327 low
-81.27612837 33.60296169099998 3.384859182 low
-81.32740212 33.53943724789999 3.404481807 low

-81.36070852 33.511956323499966 3.420510668 low
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Figure 3. Optimal sampling points for detecting high or low uranium concentrations in the
Easteast region depicted on a plot of Aiken County.
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4. CONCLUSION

Throughout our study, we aimed to enhance the predictive accuracy of uranium concentrations by
exploring a variety of features and analytical methods. The preliminary data analysis played a
pivotal role in shaping the predictive aspect of our project. Correlation analyses using Pearson,
Spearman and Kendall’s Tau methods helped us understand the relationships between different
features and uranium concentrations, guiding us in feature selection and engineering. Principle
Component Analysis (PCA) allowed us to reduce dimensionality while retaining the most critical
information, thereby improving model efficiency and interpretability. K-Means clustering helped
identify natural groupings within the data, offering a clearer perspective on the spatial distribution
of uranium levels. Furthermore, splitting the data into ten different regions enabled us to tailor our
predictive models more precisely to local variations, leading to more accurate and reliable
predictions. This regional approach also facilitated the generation of feature importance plots for
each area, which were essential in understanding the nuanced influences of different variables.
Finally, our development of a script to predict optimal sampling points for high or low uranium
concentrations provides insights for the sampling team. By providing both table results and visual
representations of sampling points, we hoped to equip the team with practical tools to enhance
their fieldwork. With this approach, we want to improve not only sampling efficiency, but also
ensure that our predictions are effectively translated into real-world problems.
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