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Abstract

Little is known about whether exposure to unconventional oil and gas development is associated
with higher mortality risks in the elderly and whether related air pollutants are exposure pathways.
We studied a cohort of 15,198,496 Medicare beneficiaries (136,215,059 person-years) in all major
U.S. unconventional exploration regions from 2001 to 2015. We gathered data from records

of more than 2.5 million oil and gas wells. For each beneficiary’s ZIP code of residence and

year in the cohort, we calculated a proximity-based and a downwind-based pollutant exposure.
We analyzed the data using two methods: Cox proportional hazards model and Difference-in-
Differences. We found evidence of statistically significant higher mortality risk associated with
living in proximity to and downwind of unconventional oil and gas wells. Our results suggest

that primary air pollutants sourced from unconventional oil and gas exploration can be a major
exposure pathway with adverse health effects in the elderly.

Introduction

Oil and natural gas development from low-permeability geological formations (known
as Unconventional Oil and Gas Development [UOGD]) has rapidly expanded over the
past decade. As of 2015, more than 100,000 onshore UOGD wells have been drilled
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using directional drilling combined with multi-stage high-volume hydraulic fracturing
(fracking).l 17.6 million U.S. residents currently live within one kilometer of at least

one active well.2 The annual percent of newly completed oil and gas wells that target
unconventional formations increased from 2.3% in 2001 to 47% in 2015, and then to 71%

in 2019. Compared with Conventional Oil and Gas Development (COGD), UOGD generally
involves longer construction periods, larger well pads, and requires larger volumes of water,
proppants, and chemicals during the multi-stage hydraulic fracturing process.3 Due to the
rate of expansion and larger theoretical environmental impacts, it is critical to study the
health effects and exposure pathway(s) of UOGD.

UOGD activities — including pad construction, well drilling, hydraulic fracturing, and
production — have been associated with increased human exposure to harmful agents.*~7
UOGD-related primary air contaminants include Volatile Organic Compounds (VOCs),8
nitrogen oxides,® and naturally occurring radioactive materials.10-11 UOGD operations
have also been associated with elevated concentrations of organic compounds,2 chloride,
and total suspended solids in drinking water.13 Higher levels of UOGD-associated non-
chemical exposures, such as noise* and night light,1> have also been reported in

nearby neighborhoods. Previous health effects studies have found significant associations
between proximity-based exposure to UOGD and adverse prenatal,16-19 respiratory,2°
cardiovascular,? and carcinogenic outcomes.22

The association between exposure to UOGD and all-cause mortality among the elderly has
not been quantified. Additionally, previous studies were conducted in specific geographical
locations and thus did not evaluate heterogeneity in exposures and outcomes across large
geographical regions. Previous studies also did not investigate the exposure pathway(s)
through which UOGD activities could lead to adverse health effects, primarily due to a
lack of large-scale measurement of UOGD-sourced pollutants in some intensively drilled
regions. To address these gaps in the data and characterize the spatiotemporal gradients of
the UOGD-sourced agents, investigators have designed Proximity-based Exposure metrics
(PEs) of varying complexity.23 Most of these PEs assumed a uniform distance decay in the
concentrations of UOGD-related agents in all directions. Although this assumption largely
holds for noise and light pollution, which travel similarly in all directions, it does not
account for the directional dispersion of UOGD-sourced airborne or waterborne pollutants
in nearby environments. PE metrics could be improved by incorporating the transport
mechanisms of UOGD-sourced agents, such as wind direction and underground water
flow.24 Accounting for the directional dispersion of agents would also enable investigation
of potential exposure pathways.

We, following the process of Figure 1, built an open cohort of 15,198,496 Medicare
beneficiaries (136,215,059 person-years) residing in our study area (Figure 2), which
includes all major U.S. UOGD regions (Supplementary Note 1) from 2001 to 2015. We also
gathered location, construction, and production records for more than 2.5 million oil and gas
wells. Rather than solely relying on PE, we calculated Downwind-based Exposure metrics
(DE), which incorporate wind direction in the exposure assessment (Figure 3). Based on
these two exposure metrics (PE and DE), we conducted two sets of analyses (Analysis

Set I and I1) to investigate whether living in proximity to and downwind of UOGD wells
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is associated with higher mortality risks in Medicare beneficiaries. For Analysis Set I, we
used a Cox proportional hazards model including PE only (Model I) or both PE and DE
(Model 11); for Analysis Set I1, we relied on two quasi-experimental designs: Difference
in Differences (DiD) and Difference in Difference in Differences (DDD). The results of
both analyses provide additional evidence about the robustness of our main results against
different model specifications.

Spatiotemporal patterns of mortality exposure and covariates

We observed a declining trend in all-cause mortality of Medicare beneficiaries across three
subregions during our study period (2001-2015) (Supplementary Table 1). During this
same period, a total of 174,624 UOGD wells were completed, which increased PE in all
three subregions (Supplementary Figure 1 and Supplementary Note 2). Table 1 summarizes
key covariates by PE and DE levels. For the demographic variables, each of the four
UOGD PE levels had a lower percentage of female and white beneficiaries, younger age
beneficiaries, and a higher percentage of beneficiaries with Medicaid eligibility, compared to
the unexposed level. For the environmental factors, each of the four UOGD PE levels had
lower PM5, 5 concentrations and were less developed, compared to the unexposed level. For
the socioeconomic factors, each of the UOGD PE levels had a lower population density and
higher percentage of residents without a high school diploma, compared to the unexposed
level. Of note, the values of all these covariates were similar when we compared DE*
(downwind) versus DE™ (upwind) subgroups within each PE level (Table 1).

Association between living proximity to UOGD and mortality risk

In Model I of Analysis Set | (Cox proportional hazards model, PE only), exposure to each
of the four PE levels was associated with a statistically significant increase in mortality risk
compared to the unexposed level (Figure 4A and Supplementary Table 2). The estimated risk
of mortality increased monotonically when the PE level increased from low to high (Figure
4A). A high PE level was associated with a significantly elevated risk of all-cause mortality
(HR: 1.025; 95% confidence interval [CI]: 1.021 to 1.029). According to the results of

DiD analysis of Analysis Set Il, the point estimate of a two-way interaction between
“treatment” (high and medium-high PE vs medium-low and low PE) and “intervention”
(pre- or post-drilling) was 0.19% [95% CI: 0.12%-0.27%, p< 0.001] indicating that the

pre- and post-drilling difference in the likelihood of death was significantly higher in

high and medium-high PE communities than in low and medium-low PE communities.
Details about both sets of analyses are described in Methods section. The model parameters
for Analysis Set | (Cox proportional hazards model) and Analysis Set Il (DiD) represent
different estimands, which led to the difference in magnitude between the two sets of results.
The two Analysis Sets also used different comparison groups and exposure assessment
methods. More specifically, the results of Analysis Set | quantified the proportional increase
in the mortality risk (hazard ratio) when comparing communities at any of the four PE levels
(low, medium-low, medium-high, and high) versus an unexposed community, whereas the
results of Analysis Set Il quantified the absolute difference in mortality risks pre- versus
post-drilling for the high and medium-high PE communities versus medium-low and low PE
communities.
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Association between living downwind to UOGD and mortality risk

For Model Il of Analysis Set | (Cox proportional hazards model, PE and DE), a t-test
revealed that living downwind of UOGD wells is associated with a higher risk of death
compared to living upwind of UOGD (Figure 4B and Supplementary Table 2). Specifically,
within the high PE group, we found a significant increase in mortality risk when comparing
the downwind subgroup (DE™) with the unexposed group (HR 1.031; 95% CI: 1.025 to
1.037) and when comparing the upwind subgroup (DE™) with the unexposed group (HR
1.022; 95% CI: 1.017 to 1.028). Importantly, for the high PE group, we found that estimated
HR for the downwind (DE*) subgroup is significantly higher than the estimated HR for the
upwind (DE™) subgroup, with a difference in mortality risk equal to 0.009 (95% CI: 0.003 to
0.014, p<0.001). In the medium-high PE group, the difference in mortality risk between the
DE* and DE~ subgroups was 0.015 (95% CI: 0.009 to 0.020, p<0.001); in the medium-low
PE level, the difference was 0.016 (95% CI: 0.01 to 0.022, p<0.001) (Supplementary Table
2). We observed a distance decay of estimated mortality risk in both the upwind and
downwind directions. The distance decay in the downwind direction was slower than that in
upwind direction. A DDD analysis of Analysis Set Il revealed that the point estimate of a
three-way interaction between treatment, intervention, and wind is 0.68% (95% CI: 0.53%—
0.83%, p<0.001), suggesting that the DiD estimates in communities mostly downwind of
UOGD activities is greater than the DiD estimates in communities mostly upwind of UOGD
activities. The results for both Analysis Sets, using Cox proportional hazards Model Il and
DDD, are consistent despite the difference in magnitude.

Results of subgroup, subregional, sensitivity and robustness analysis

According to the results of subgroup analysis by demographics in Analysis Set I,

the estimated mortality risks in the female subgroups were greater than in the male
subgroups within each PE level (Supplementary Figure 2A). In addition, the wind-dependent
difference was more obvious in male and younger subgroups compared to female and

older subgroups (Supplementary Figure 2E-H). The results of subregional analyses showed
similar associations between UOGD exposure, both PE and DE, and all-cause mortality
across the three subregions (Supplementary Table 3).

Based on a sensitivity analysis, the associations we found in Analysis Set | were not
sensitive to the cut points selected for PE categorization (Supplementary Figures 3 and 4).
Using the modified Model | shown in Supplementary Figures 5A, 6A, and 7A, the estimated
risks associated with PE levels were sensitive to omitting ZIP code-level environmental

and socioeconomic covariates. However, wind-dependent differences in the estimated HRs
assessed via the t-test from Model Il were not sensitive to the omission of these covariates
(Supplementary Figures 5B, 6B, and 7B). Not adjusting for COGD exposure in Model | and
Model 11 led to higher estimated HRs but revealed significant wind-dependent differences
(Supplementary Figure 8). Our results did not change remarkably when we did not adjust
for PM, 5 (Supplementary Table 4). Overall, the results of the t-test following Model 1l did
not vary when we omitted these two covariates. We conducted further sensitivity analyses
to unmeasured confounding by calculating the E-values for the results of Model 1.2526 The
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results suggest that the conclusions of Model | are overall robust to unmeasured confounding
bias (Supplementary Table 5).

To justify the parallel trend assumption for the DiD analysis in Analysis Set I, we
calculated annual mortality rates for the treatment group (high and medium-high PE)

and the comparison group (medium-low and low PE). We centered the annual mortality
rates by the ZIP code-specific drilling time (Figure 5), such that negative values indicate
the pre-drilling period and positive values indicate the post-drilling period. We observed
similar pre-drilling trends in mortality that diverged post-drilling, confirming the validity
of the parallel trend assumption. Moreover, we conducted a pre-test with an event-study
regression,2’ which included four lead and four lag terms of the ZIP code-specific drilling
time (Supplementary Note 9). As shown in Figure 6, all four coefficients for the lead terms
were not statistically significantly greater than zero, suggesting no pre-drilling difference
in mortality. The coefficients of all four lag terms were significantly greater than zero,
suggesting that UOGD activities have a long-term influence on mortality post-drilling.

Discussion

We found evidence of a statistically significant association between residential exposure

to UOGD, characterized by PE and DE exposure metrics, and relative risk of all-cause
mortality in a large cohort of Medicare beneficiaries. The significant wind-dependent
differences in the estimated mortality risks within each of the four PE levels suggested

that primary airborne pollutants emitted by UOGD activities might represent a key exposure
pathway. These associations were observed in all three subregions (Supplementary Table
S3), both genders, all age groups, and both major races (Supplementary Figure 2). These
findings indicate that the extensive expansion of onshore UOGD in the past decade has
impacted the health of Medicare beneficiaries living in nearby communities when adjusted
by socioeconomic, environmental, and demographic factors.

Participants living in proximity to UOGD are exposed to diverse chemical and physical
pollutants. We recognized that proximity-based exposure, such as the PE we constructed,
assumes a uniform distance-decay gradient of UOGD exposure in all directions and does
not account for transport mechanisms. To address this limitation, we calculated DE* and
DE™ subgroups within each PE level to study the role of wind direction, attempting to
isolate the impact of agents transported by air. We found that, within each PE level above
Low, the mortality risks associated with the DE* subgroup (downwind) are statistically
significantly higher than those associated with the DE™ subgroup (upwind) when both

were compared to the unexposed group (Supplementary Tables 2). These results suggest
that airborne contaminants emitted by UOGD and transported downwind contribute to
increased mortality. We also found statistically significant, but lower relative risk, for
populations residing upwind of UOGD wells. We hypothesized that these associations could
be due to other agents whose transport are independent of atmospheric movement, such as
surface and groundwater contaminants, traffic-dependent impacts, noise, light pollution, and
lifestyle disruption. These associations could also be explained by UOGD-related airborne
pollutants transported to upwind communities but at a lower frequency than to downwind
communities.
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In previous observational UOGD health effect studies, a primary challenge was that the
study population could not be randomly assigned to exposed and unexposed groups,
suggesting that people who live closer to UOGD have different initial health conditions
(likely due to different socioeconomic status) from those living further away from UOGD
operations. Observational studies based solely on proximity-based exposure metrics are
vulnerable to unobserved confounding factors bias — a key limitation in previous studies
and in the Model | of Analysis Set 1.28 To address this limitation, we accounted for wind
direction when estimating exposure. We hypothesized that the estimation of a downwind-
upwind difference in mortality risk within a PE level is less likely to be affected by
confounding bias because of similar baseline values (Table 1). Furthermore, when we
used a t-test to compare the mortality risks in the downwind subgroup (DE*) versus the
upwind subgroup (DE™) within the same PE level, the results were robust to the omission of
socioeconomic and environmental confounding factors (Supplementary Figures 5-8).

Additionally, we conducted a sensitivity analysis to unmeasured confounding bias by
calculating the evidence-values of the results of Model | of Analysis Set 1.2526 We found
that the evidence-value of the HR ratio associated with high PE level is 1.19 (Supplementary
Table 5). This means that to nullify the reported association between UOGD proximity

and mortality, an unmeasured confounder would need to be associated with both UOGD
proximity and mortality by a HR of 1.19, after accounting for all the measured confounders.
Considering the very large value of this HR for the unmeasured confounder, such a situation
is very unlikely.

We conducted two sets of analyses to investigate the association between exposure to UOGD
and mortality. Model | and Model Il of Analysis Set | are traditional regression models.

DiD and DDD of Analysis Set Il are quasi-experimental designs. DiD and DDD have

an advantage that — under the assumption of parallel trends — the conclusions are less
sensitive to unmeasured confounding bias.29 Despite differences between the two Analysis
Sets and the models used, they aim to qualitatively address the same question: whether
living in proximity to and downwind of UOGD wells is associated with a higher mortality
risk. Finding consistent results with these two sets of approaches provides evidence that our
conclusions are robust with respect to different study designs, choice of comparison groups,
and specifications for the statistical model used.

Our study relied on a nationwide cohort of over 15 million Medicare beneficiaries. Medicare
beneficiaries include more than 95% of U.S. citizens 65 years of age or older. Our study
population is nationally representative and has a low influence of occupational UOGD
exposure. This cohort was first followed in 2001, prior to the widespread UOGD expansion.
We also gathered data from a comprehensive database covering more than 2.5 million oil
and gas wells. The geographic coverage encompasses all shales, and allowed us to analyze
national and regional associations with mortality risk. Previous regional studies did not
examine the regional heterogeneity of observed associations. Our subregional analysis could
be regarded as three independently conducted epidemiology studies of the association based
on an identical exposure-outcome pair.
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Our study has several limitations. First, we were unable to estimate associations between
specific UOGD-related airborne agent(s) and mortality due to unavailability of high-
resolution exposure data of air pollutants other than PM, 5. Therefore, our results should be
cautiously interpreted as the mortality risk associated with an air pollutant mix originating
from UOGD wells. Further observational studies near UOGD, especially in both wind
directions, are necessary to identify the air pollutant(s) responsible for the health effects
observed in this study. Second, we were not able to account for well characteristics including
drilling depth, product type, well age, productivity, operator, and wastewater management
method in our exposure assessment due to a lack of information for all domestic major
shales. As a result, we could not apply the most advanced PE metric that incorporates
diverse secondary information in our national study.23 A more comprehensive nationwide
UOGD dataset may address this limitation and enable us to estimate the relative contribution
of each section of UOGD activities. Third, we had available data on ZIP code-level but not
street-level address of residence. This could result in potential exposure misclassification;
however, we used a population-weighted method to mitigate this issue.

Considering the increased rate and scale of UOGD expansion, it is critical to understand the
potential health risks associated with this industry. In this study, we designed two metrics
and employed them in multiple models to estimate the health effects of living proximity
and downwind of UOGD wells, respectively. According to our models, we conclude that
residential exposure to UOGD is positively associated with an elevated risk of all-cause
mortality in the Medicare population and airborne contaminants represent a key exposure
pathway.

We conducted a nationwide study to estimate the association between exposure to UOGD
and mortality risk among Medicare beneficiaries. We hypothesized that mortality risks

are higher for individuals who live in proximity to and downwind from UOGD activities
due to the directional transport of UOGD-sourced primary airborne pollutants. To test this
hypothesis, we computed PEs with a traditional approach and then computed DE to UOGD
by incorporating wind direction into PE. We quantified the wind-dependent difference in
UOGD-associated mortality impacts using PEs and DEs to advance our understanding of
whether UOGD-sourced air pollutants are significant exposure pathways.

Mortality Data

Our study area (Figure 2) includes all Medicare beneficiaries who live in ZIP codes within
or around seven major shales defined by the U.S. Energy Information Administration.3? The
Medicare beneficiaries denominator file was obtained from the Center for Medicare and
Medicaid Service.3! We grouped ZIP codes into three non-adjacent subregions: northern,
eastern, and southern, and then built an open cohort with person-years of follow-up for
Medicare beneficiaries 65 or older at enrollment who lived in a ZIP code included in the
study area for at least one year from 2001 to 2015. For each person-year of follow-up, we
extracted individual age, race, sex, Medicaid eligibility, place of residence within the ZIP
code, and date of death. The study design is summarized in Figure 3.
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We obtained location, construction, and production information for domestic oil and

gas wells with production records during 2001 to 2015 from the Enverus™ (formerly
Drillinginfo.com) Direct Access Service.32 Enverus™ aggregates the information reported
by state energy agencies and maintains a national database used by the U.S. Energy
Information Administration for its Monthly Energy Review. All oil and gas wells are
classified in the Enverus™ database into horizontal, vertical, or directional wells, or those
missing drilling type information. We categorized horizontally drilled wells as UOGD and
vertically drilled wells as COGD:;3 we categorized wells missing drilling type information
using a random forest prediction model detailed in Supplementary Note 6. According

to Supplementary Figure 9, the most important predictors in the random forest model

are the drilling type of neighboring wells. Wells under construction or in production

were considered active and included in the exposure metric calculation. We used annual
subregional average construction duration to impute missing construction length for wells
with a production history but without construction records.

Exposure Assessment

For each Medicare beneficiary, we calculated the individual-level exposure to UOGD

for each year of follow-up at their ZIP code of residence. We calculated PE using an
inverse-distance-weighting method without incorporating wind information. Specifically,
for each individual-level ZIP code of residence, we identified all 1-km grid cells and the
corresponding population density obtained from Gridded Population of the World, Version
4 (GPWv4).33 Then we calculated the distances between grid centers and each active
UOGD well within a 15-km circular buffer by month for each 1-km grid cell (Figure

3A). Next, we calculated grid-specific PE by summing the inverse of these distances, as
shown in the Figure 3 formulas. In the Medicare cohort, the spatial resolution of residential
location information is at the ZIP code level. As a result, we calculated ZIP code-level PE
by taking a weighted average of grid-level PE according to grid-level population density.
This population-weighted aggregation enabled us to control for the uneven distribution

of residents within a ZIP code (Figure 3A), which reduced exposure misclassification,
especially in sparsely populated rural areas. We took the annual average of the monthly PE
values and assigned an annual ZIP code-level PE to each participant in the ZIP code in the
year of follow-up. In summary, our PE metric incorporated: 1) the time an individual was
in the cohort; 2) the distance between the residential address of each individual (at the ZIP
code level) and each active UOGD well; 3) the number of UOGD wells nearby; and 4) the
uneven distribution of residents within a ZIP code.

We hypothesized that individuals living in communities downwind of UOGD wells are more
likely to be affected by the air pollutants emitted onsite and transported by air. To study

this assumptive phenomenon, we incorporated wind direction information in the exposure
metric and calculated a monthly DE. We built a 1-km grid of monthly prevailing wind field
by downscaling the monthly wind field provided in North America Regional Reanalysis
using bilinear spline interpolation.34 We calculated the monthly proportion of PE contributed
by upwind wells, defined as wells within the windward circular sectional quadrant whose
central angle is 90 degrees (Figure 3B). For example, if wells were evenly distributed within

Nat Energy. Author manuscript; available in PMC 2022 August 01.


http://Drillinginfo.com

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Lietal.

Page 9

the circular buffer, then one-quarter of wells would fall within the windward quadrant and
the upwind contribution would be 25%. For PE, we aggregated these grid-specific DE to the
ZIP code level weighted by population and then averaged this by year.

Overview of Statistical Analysis

We conducted two sets of statistical analyses to test our hypothesis that living in proximity
or downwind to UOGD wells is associated with a higher mortality risk. Analysis Set | was
composed of two regression models (Models I and 11) while Analysis Set Il relied on two
quasi-experimental designs: DiD and DDD.

The study was conducted on the Cannon cluster, supported by the Research Computing
Group, and on the Research Computing Environment, supported by the Institute for
Quantitative Social Science, both located at the Harvard University Faculty of Arts and
Sciences. We used R software (version 3.4.2),35 survival package (version 3.1.8),36 and Ife
package (version 3.1-152)37 to perform the analyses.

Analysis Set |

We first fitted two Cox proportional hazards models with time-dependent covariates
(Anderson-Gill model) to estimate the association between UOGD exposure and risk of
all-cause mortality.38 The outcome variable was whether death occurred during the person-
years. Model | relied on PE to estimate the mortality risks associated with living in
proximity to UGOD. Model Il was jointly based on PE and DE to estimate the mortality
risks associated with living in proximity to and downwind from UGOD. The results of
both models were reported as HRs compared to the unexposed level (reference level). The
unexposed level included the person-years in the study region with no PE to UOGD or
COGD and the person-years out of the study region due to participant mobility. To adjust
for baseline mortality risk heterogeneity across subgroups, we assumed different baseline
mortality risks across gender, race, eligibility for Medicaid, age categories, and calendar
year categories (Supplementary Note 7). We used robust sandwich variance estimators to
account for the potential correlation of observations within ZIP code in both models.3° Both
Model | and Model 11 used the same unexposed level.

Model I was fitted to estimate the relative mortality risk of living proximity to UOGD. In
Model I, all individuals with non-zero PE were categorized by quartiles into four exposure
levels: low PE level [0, 251 percentile], medium-low PE level [25%, 50t percentile],
medium-high PE level [50™, 75M percentile], and high PE level [75%, 100" percentile].

We used Model | (Supplementary Note 7) to estimate the HR of four PE levels, compared to
the unexposed level.

We fitted Model Il to investigate a potential wind-dependent difference in mortality risk
when we consider downwind and upwind exposure to UOGD, holding the PE constant. As
described in the exposure assessment section, each PE level in Model | was divided into a
downwind subgroup (upwind contribution of PE >25%, indicating a ZIP code predominately
downwind of wells, DE™) and upwind subgroup (upwind contribution <25%, indicating a
ZIP code not predominately downwind of wells, DE™). The four PE levels in Model | were
divided into eight exposure levels of Model 11, four of which were for DE* and the other

Nat Energy. Author manuscript; available in PMC 2022 August 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Lietal.

Page 10

four for DE™. In Model 11, each person-year was assigned to unexposed level or one of the
eight exposure levels. We used Model 11 (Supplementary Note 7) to estimate the HRs of the
eight DE*/DE™ exposure levels compared to the unexposed level. Subsequently, we used a
t-test to conduct pair-wise comparisons between the estimated HRs associated with DE* and
DE~ subgroups within each PE level, to investigate if there was a significant wind-dependent
difference in the corresponding HRs.

In addition to stratifying the baseline mortality rates by age, gender, race, and Medicaid
eligibility, we adjusted for measured confounding bias using three types of covariates in both
regression Models I and Il. First, we accounted for time-varying ZIP code-level indicators
of socioeconomic status including annual median household income, average property value,
percent of population below the poverty line, percent of population without high school
diplomas, population density, and homeownership rate. These were obtained from the 2000
and 2010 U.S. Census and the American Community Survey and linearly extrapolated

to account for the covariates’ time-varying nature. Second, we adjusted for time-varying
county-level behavioral risk covariates, including annual percent of non-smokers and
average body mass index. We obtained this information from the Behavioral Risk Factor
Surveillance System.*0 Third, we adjusted for time-varying ZIP code-level environmental
covariates, which represent the non-UOGD sources of primary air pollutants, to distinguish
the mortality influence of UOGD-sourced primary air pollutants.#! Specifically, we adjusted
for COGD exposure, which was calculated using the same approach used to generate UOGD
exposure metrics. To represent the background concentrations, we controlled for gridded
annual PM5 5 concentrations predicted by a previously published national spatiotemporal
model.*2 We obtained annual land cover data from the U.S. Geological Survey*3 and
calculated the yearly ZIP code-specific percent of land surface covered by vegetation and
developed area to represent the environmental variation driven by changes in land use. We
assigned the value of a ZIP code-level or county-level covariate equally to each person-year
residing within the boundary.

We conducted a subgroup analysis (Supplementary Note 3) to evaluate the likely
heterogeneous mortality influences of UOGD in specific demographic subgroups. We
grouped these ZIP codes into three non-adjacent subregions: northern, eastern, and southern
(Figure 2), and performed a subregional analysis to assess the differences in the mortality
influences of UOGD among three major UOGD subregions. We tested the sensitivity

of our results to different categorizing methods using other percentiles to divide PE to
UOGD into categorical levels (Supplementary Note 4). We assessed the sensitivity of our
results to include and exclude three types of covariates by refitting both models with a
subset of the original covariates and evaluated the consequences of omitting one specific
covariate, such as PE to COGD or PM, 5, by refitting both models without adjusting for that
covariate (Supplementary Note 5). We also conducted a sensitivity analysis to unmeasured
confounding bias by calculating the evidence-values.2:26

Analysis Set I

We conducted a DiD and a DDD in Analysis Set Il (Supplementary Note 8). DiD is a
quasi-experimental study design that has been successfully applied to estimate the prenatal
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health impacts of UOGD activities in Pennsylvania.l” We used a similar design, in which
an “intervention” occurs when UOGD drilling happens within 15 km from the bound of
the ZIP code for the first time. A “treatment” community is a ZIP code with high and
medium-high PE by the end of 2015. A “comparison” community is a ZIP code with

low and medium-low PE by the end of 2015. The intervention occurs in each treatment

and comparison community at different times according to the actual drilling date. The
pre-drilling health records are used as a control group for treatment and comparison groups
exposed to UOGD after drilling began. We fitted a fixed effects linear regression model
that accounts for individual level time-variant and time-invariant factors, temporal trend

in mortality, and ZIP code-level time-variant covariates. The outcome of both DiD and
DDD is the binary occurrence of death during the person-year. A two-way interaction
between treatment and intervention time (DiD term) was used to estimate the effects of
UOGD activities on all-cause mortality. A cluster-robust sandwich estimator was used to
account for the serial autocorrelation between repeated within-person measurements. Our
DDD analysis extended the DiD analysis by incorporating wind-dependent exposure. A DE*
(downwind) community was defined as a ZIP code that, on average, has more than 50% PE
contributed by upwind wells. A DE~ community was defined as a ZIP code that, on average,
has more than 50% PE contributed by downwind wells. We fitted a similar regression
model with a three-way interaction among PE, drilling time, and DE to estimate the DDD
effects. We visualized the pre- and post-drilling trends in all-cause mortality rate (Figure 5)
and key demographic factors (Supplementary Figure 10), conducted a pre-treatment trend
analysis (Figure 6), and compare the pre-drilling demographic factors between exposed
and unexposed groups (Supplementary Table 6) to justify our assumption of parallel trends
(Supplementary Note 9).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.

Process diagram of our study design.

We obtained mortality information of all Medicare enrollees and then selected those

residing in the study region. For each person-year of follow-up, we extracted data on the
occurrence of death, individual-level covariates, and the ZIP code of residence. The ZIP

code of residence may have changed if the participant moved out of the original ZIP

code. We calculated monthly UOGD exposures (PE and DE) based on Enverus™ database
and monthly prevailing wind direction data. These monthly exposures were aggregated by
year. Using the ZIP code for each person-year, the area of UOGD exposures (PE and

DE) could be linked to individual records. Other area-based potential confounders such as

socioeconomic factors and air pollutant levels could also be linked to the records.
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Figure 2.
Map of the study area, which contains more than 120,000 active UOGD wells located in

9,244 ZIP codes as of December 2015.

The study area was grouped into three subregions for subregional analysis. The northern
subregion covers the Bakken and Niobrara formations. The eastern subregion covers the
Marcellus and Utica formations. The southern subregion covers the Permian, Barnett, Eagle
Ford, Haynesville, Woodford, and Fayetteville formations.

Nat Energy. Author manuscript; available in PMC 2022 August 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Lietal. Page 16

Population density
(1,000 people per km?)
(0,0.01)
(0.01,0.05)
(0.05,0.25)
(0.25.1.00)
>1.00

*
% UOGD well AR

* ¥

Figure 3.
UOGD exposure assessment in an example ZIP code and month (Washington, Pennsylvania,

15301, August 2015).

Panel A shows the locations of active UOGD wells, the 1x1 km grid population density, and
prevailing monthly wind direction. Panel B illustrates the calculation of PE and DE for an
example grid in the ZIP code, which is bolded in Panel A. Proximity-based UOGD exposure
(PE= /IDW,) was calculated as the IDW of wells in all directions within a circular buffer*
and was used in Model 1. The UOGD exposure contributed by upwind wells (/DWW,,;) was
calculated using the IDW of all wells that fall within the windward circular quadrant. The
ratio between /DWW, and /DW,yywas defined as downwind exposure (DE™) and was used in
Model I1.

* The radius of the circular buffer is 5 km for illustration purposes.
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Figure 4.
The results of Model | and Model 11 in Analysis Set I.

Estimated relative risk of mortality, which is represented by the point estimate of the hazard
ratio (HR, center point) and its 95% confidence interval (bar) associated with each level of
proximity-based exposure to UOGD (PE) and subgroups of up- or downwind exposure to
UOGD (DE) within each PE level. Each PE level of exposure (low, medium-low, medium-
high, and high) and each subgroup of DE exposure (DE+ or DE-) was compared to the
unexposed level. The unexposed level was defined as person-years for individuals whose
residential addresses are distant from UOGD and COGD. Panel A shows the result from the
Model I analysis, which investigated the relative risk of mortality associated with each PE
level when compared to the unexposed level. Panel B shows the result from the Model 11
analysis, which investigated the association between PE and all-cause mortality in the DE+
and DE- subgroups. We then compared the relative risks associated with the DE+ subgroup
and DE- subgroup within each PE level using a t-test.
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Figure 5.

Trends in all-cause mortality rate in the treatment group and comparison group pre- and
post-drilling.
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The results of a pre-test of the assumption of parallel trends in the mortality rate between
the treatment and comparison groups (DiD in Analysis Set I1). Negative values on the x-axis
(length of exposure) indicate lead terms and positive values indicate lag terms with respect
to drilling time. The point estimates of the lead and lag terms are presented; 95% confidence
intervals for each estimate are shown as error bars.
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