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Abstract
Oil and gas wells pose long-term risks to water resources, yet their cumulative impact remains
poorly constrained, particularly for marginal (low productivity) and orphaned sites. Using approx-
imately three million water-quality records across New York, Pennsylvania, Colorado, and Texas,
we quantify how well proximity and density are associated with concentrations of oil-and-gas-
relevant analytes, including barium, chloride, sodium, sulfate, strontium, and specific conductiv-
ity, in surface and groundwater. Unlike prior large-sample studies focused primarily on uncon-
ventional development, this analysis jointly evaluates marginal, orphaned, and unconventional
wells using a uniform statistical framework. Although these analytes can also arise from natural
and non-oil-and-gas sources, statistically significant relationships were widespread, with negative
correlations most directly consistent with elevated concentrations near wells. Signals were stronger
and more consistent in surface water than in groundwater, and subregional analyses in Texas show
that statewide assessments can mask localized patterns controlled by hydrogeology and aquifer
connectivity. Together, these results indicate that oil and gas infrastructure leaves a measurable
geochemical imprint on water systems and highlight the need for hydrogeology-informed moni-
toring to detect, predict, and mitigate contamination from legacy and active oil and gas wells.

1. Introduction

Detecting and quantifying the environmental impacts
from oil and gas production have long been at the
center of scientific and public concern. Although this
sector remains essential for meeting domestic and
global energy demand [1] we still do not fully under-
stand the environmental and societal risks associated
with aging infrastructure and emerging production
needs [2, 3]. As hydrocarbon extraction intensifies
[4] and regulatory policies evolve [5], the potential
of these risks continues to increase, underscoring the
urgent need for improved detection and mitigation
strategies.

Poorly managed oil and gas wells—both active
and inactive—can degrade quality of groundwater,
surface water, and air through multiple pathways,
including produced-water spills and leaks, historic

pits and impoundments, wellhead leakage, faulty
well casing, or poor abandonment practices, pos-
ing significant human health risks [6–8]. These wells
allow hydrocarbons, salts, trace metals, and other
toxic compounds to migrate into aquifers and sur-
face water bodies [9–12]. Structural failures, well
age, production rates, and maintenance history all
influence leakage [13–29]. Abandoned or ‘orphaned’
wells are particularly concerning because they often
remain unplugged and unmonitored due to funding
shortfalls [19, 30].

Previous studies have documented elevated con-
centrations of barium (Ba), bromide (Br), chloride
(Cl), sodium (Na), strontium (Sr), specific conduc-
tance (SC), and other constituents downstream from
unconventional wells and treatment facilities in oil
and gas producing states (e.g. Texas, Pennsylvania)
across the U.S [7, 8, 31–41]. However, surface
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water evidence remains limited due to its dynamic
hydrology [42], while groundwater contamination
signals often vary with geology and well integrity
[34, 43–45]. Some investigations report no measur-
able region-wide degradation in water quality [34, 35,
46], likely reflecting local hydrogeologic heterogene-
ity, limited sampling, or impacts that are localized
rather than regional in scale.

Most relevant previous large-scale studies focus
on unconventional wells [3, 47–52], but far fewer
studies consider marginal wells—low-production
wells that yield no more than 15 barrels of oil equiv-
alent per day and/or 90 000 cubic feet of natural gas
per day over a 12 month period [53, 54]. Marginal
wells account for a small percentage of total produc-
tion yet a disproportionately large share of methane
emissions [27, 55, 56], suggesting that aging infras-
tructure and limited maintenance may also be rele-
vant for water-quality risks. Together with orphaned
wells, these sites represent a widespread but under-
characterized legacy-infrastructure concern. As pro-
duction declines and wells age, additional wells may
transition into marginal production or orphaned sta-
tus, increasing the need to understand whether these
legacy and low-production wells leave detectable
water-quality signals. However, no study has eval-
uated whether marginal, orphaned, and unconven-
tional wells are associated with measurable water-
quality impacts across multiple U.S. basins using uni-
form statistical methods.

Here, we conduct a comprehensive assessment
of how marginal, orphaned, and unconventional
wells influence surface and groundwater quality
across Colorado, New York, Pennsylvania, and Texas
(figure 1). Oil and gas production practices, rates, and
regulations drastically vary across these states. These
four states collectively capture the diversity of U.S. oil
and gas development: Pennsylvania, Colorado, and
Texas are among the nation’s leading producers of
unconventional hydrocarbons and have long histo-
ries of extraction, resulting in dense populations of
both marginal and orphaned wells. In contrast, New
York—where hydraulic fracturing has been banned
since 2010—serves as an adjacent, low-production
counterpart that enables comparison of hydrogeo-
logic controls across shared aquifers and geologic
provinces [57, 58]. Using approximately threemillion
records of Ba, Cl, Na, Sr, SC, and sulfate (SO4) that
are often associated with oil and gas production [43,
59–61] collected over 70 years (1948–2024), we quan-
tify relationships between water chemistry and well
proximity and density. By integrating hydrogeologic
context into our spatial analyses, we reveal how local
geology and aquifer connectivitymodulate detectable
contamination signals. To our knowledge, this study
represents the most extensive data-driven evaluation
of oil and gas well impacts onwater quality conducted
to date.

2. Materials andmethods

2.1. Experimental design
Our analysis was divided into several categories. First,
we chose four states with vast differences in eco-
nomic contributions from oil and gas industry—
Colorado, New York, Pennsylvania, and Texas—to
explore how it affects water quality. Second, our anal-
ysis was focused on identifying distinct impacts from
active (unconventional and marginal [54]) as well as
orphaned oil and gas wells—wells that are unplugged
and nonproducing with no solvent owner of record
to plug and mitigate them [62]. Conventional active
wells that were neither classified as marginal nor
orphaned were not analyzed as a separate category.
We focused on marginal, orphaned, and unconven-
tional wells because these classes represent major pol-
icy priorities and because thewater-quality impacts of
marginal and orphaned wells remain comparatively
undercharacterized at large spatial scales. Third, we
explored surface as well as ground water data by ana-
lyzing six water quality analytes (Ba, Cl, Na, SC, SO4,
Sr) associated with oil-gas activity.

We retrieved oil and gas well information for each
category from several databases. Information about
marginal wells in Colorado, Pennsylvania and Texas
was downloaded from Enverus database, while New
York’s data came from New York State Department
of Environmental Conservation.Unconventionalwell
data was downloaded from various national- and
state-level databases: in Texas data was obtained
from Enverus, in Pennsylvania from Pennsylvania
Department of Environmental Protection [63], and
in Colorado from Energy and Carbon Management
Commission (ECMC) [64]. New York was excluded
from this category since unconventional drilling was
banned in 2010. All orphaned well data was obtained
from Boutot et al [62].

As operating procedures differ from well to well,
we chose six water quality analytes often associ-
ated with oil and gas production [43, 59–61] to
analyze how oil-gas activities are impacting surface
and ground water quality. Measurements of Barium
(Ba), Chloride (Cl), Sodium (Na), Sulfate (SO4),
Strontium (Sr) as well as Specific Conductivity (Sp.
Cond. or SC) concentrations were downloaded from
a mix of state-wide and national databases. Water
Quality Portal [65], which integrates water quality
data from United States Geological Survey and the
Environmental Protection Agency, was used to down-
load all available surface and ground water samples
collected over 70 years (1948–2024). In addition, we
used state-level water quality databases to maximize
the number of samples available for our statistical
analysis: ECMC [64] in Colorado, ShaleNetwork [66]
in Pennsylvania, andTexasWaterDevelopment Board
in Texas [67]. Number of available water quality sam-
ples (table S1) as well as their concentrations varied
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Figure 1. Locations of marginal, unconventional, and orphaned wells in Colorado, Texas, New York, and Pennsylvania. Number
of wells in each category is provided.

greatly from state to state (figure S1) likely influenced
by local geology and other environmental factors.

Water quality measurements underwent rigor-
ous data quality control and samples not meet-
ing our screening criteria were removed to avoid
influencing statistical analysis results. Both national
and state-level databases had samples collected at a
variety of mediums. However, for our analysis we
selected only watermeasurements collected fromnat-
ural surface (river, stream) and groundwater (seep,
spring, well) sources to avoid samples affected by
anthropogenic sources or measurements that could
be affected by stagnation. Samples that were flagged
as rejected or contaminated were removed. In addi-
tion, concentrations below detection limit were also
removed. Each dataset was manually inspected for
outliers, and all abnormal concentration values were
deleted. Basic statistics like mean, median, standard
deviation, kurtosis and skewness for each analyte

aggregated by state are reported in table S2. To sup-
port reproducibility, all data-processing scripts and
intermediate outputs used to document the num-
ber of records retained or removed at each screen-
ing step are provided in the project GitHub repos-
itory. These materials allow readers to trace the full
screening workflow for each analyte, water type, and
state.

2.2. Statistical analysis
We conducted geospatial analysis to examine the
relationship between changes in water quality and
proximity to oil and gas wells. Four proximity and
density-based proxies were used to analyze whether
analyte concentrations are higher near oil-gas wells
which would signal negative impact. Spud dates were
available for all wells included in the analysis except
88 orphaned wells in Colorado. As the Colorado
orphaned-well dataset was small (N = 438), these
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wells were assigned a placeholder spud date of
1900-01-01 to avoid excluding potentially relevant
water-quality records. First, we calculated distances
between unique water quality sampling locations and
wells using get.knnx function from FNN package in
R. Analyte measurements that were taken before well
spud date were removed from further analysis as it
would not be suitable for this impact analysis. These
distance calculations were used to derive four spatial
proxies: (1) distance to the closest well (inmeters); (2)
summed distance of 10 closest wells (in meters); (3)
number of oil and gas wells within 1 kilometer radius
from water sampling location; (4) number of oil and
gas wells within 3 km radius from water sampling
location. Proxies 1,3 and 4 were utilized in similar
research studies [46, 68] and based on hydrogeologic
literature assessing contaminant transport distances
[49, 69, 70], whereas proxy 2 is newly proposed by
this study. As concentration and proxy data were not
normally distributed (table S2), we log-transformed
our data before performing statistical analysis. Then,
to analyze the relationship between log-transformed
analyte concentrations and spatial proxies, we calcu-
lated Pearson correlation coefficient (R) and its sig-
nificance level.We considered correlation results to be
statistically significant if p-value< 0.005. This signifi-
cance threshold was chosen to control the family-wise
error rate given the large number of simultaneous
tests performed across analytes, states, andwell classes
(Bonferroni-motivated adjustment). We report these
correlations results for each analyte and proxy ana-
lyzed separately among states, well types and water
sources (figures 2–4 and S3). To evaluate whether
observed correlations could arise from spatially struc-
tured but non-causal associations, we performed spa-
tial permutation tests in which nearest-well-distance
values were randomly shuffled within each analyte–
state–well-type combination while holding water-
quality measurements fixed at their original location.
Correlations were recalculated for each permuted
configuration and compared with the observed cor-
relation coefficients. This procedure provided an
empirical check on whether the observed relation-
ships exceeded those expected under randomized
spatial association. Details of the permutation pro-
cedure and summary results are provided in sup-
plementary text S1 and table S4. In addition, we
explored how Na/Cl molar ratios varied with dis-
tance from oil and gas wells as an additional diag-
nostic check on whether road salting could explain
the observed Na, Cl, and specific conductivity pat-
terns (figure S5). This analysis was used to evaluate,
but not fully eliminate, the potential influence of non-
oil-and-gas sources on the observed spatial relation-
ships.We focused this diagnostic analysis onmarginal
wells because marginal wells occur in all four study
states and represent a central well class in this
study.

2.3. Visualization and hierarchical clustering
Hierarchical clustering was applied to determine
whether states, well types, or analytes with similar
spatial correlation structures grouped together in an
unsupervised, data-driven manner providing a com-
plement to the pairwise correlation results that does
not depend on pre-specified hypotheses. This anal-
ysis was performed using heatmap function in stats
package in R. This function allows users to repre-
sent values contained in a matrix using colors and
has built-in statistical tools like clustering algorithm
to visualize the results with dendrograms. It uses
hclust function to perform hierarchical cluster anal-
ysis using Euclidean distance as the distance mea-
sure. A set of dissimilarities for the n objects in a
matrix being clustered is used to perform hierar-
chical clustering. Initially, each value in a matrix is
assigned to its own cluster and then iteratively two
most similar clusters are joined until only one cluster
remains. Dendrogram is displayed to represent clus-
tering results. The algorithm used in hclust orders
subtree showcasing the tighter cluster on the left.
Here, we performed hierarchical clustering on cor-
relation results between analyte concentrations and
spatial proxies discussed above. The rows of the cor-
relation matrix (figure 2) were re-ordered based on
hierarchical clustering results, putting similar values
close to each other (figure S3).

2.4. Impact of data selection in Texas
The water quality dataset was split based on major
aquifers defined by Texas Water Development Board
[71]. We chose to focus on aquifers that expand
large subsurface areas to maximize the number of
data points available per each aquifer: Ogallala, Pecos
Valley, Edwards-Trinity (Plateau), Carrizo-Wilcox,
Trinity, Edwards (Balcones Fault Zone), Gulf Coast.
Water quality measurements were divided based on
counties associated with each aquifer. This type of
analysis allowed us to examine if unique aquifer prop-
erties need to be considered doing this type of large
scale geospatial analysis as background analyte con-
centrations can vary considerably [72].

Our geospatial analysis framework allowed us
to compare how marginal, unconventional, and
orphaned oil and gas wells impact surface and ground
water quality in Texas, Colorado, Pennsylvania, and
NewYork. In addition, comparison of regional as well
as sub-regional results allowed us to examine how
data selection impacts our ability to detect oil-gas
impact on water resources using statistical analysis
alone.

3. Results

3.1. Sampling limits detection of contamination
Our dataset includes approximately three million
records of six analytes (Ba, Cl, Na, Sr, SC, and
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Figure 2. Pearson correlation results for ground and surface water. Values illustrated in (b) were calculated using only samples
collected within 10-kilometer radius from any oil and gas well (near_d) and if summed distance of ten closest wells were below
100 km (sum_d). Cells with ‘x’ indicate no statistically significant correlation (p> 0.005). Confidence interval ranges are pro-
vided in figure S4.

SO4)—collected from 1948 to 2024 across New
York, Pennsylvania, Colorado, and Texas (figure 1).
Sample availability varied widely among states and
between surface and groundwater systems (table S1,
figures S1 and S2). Overall, surface water data were
more abundant (836,019 samples in Texas; 583 561
in Colorado; 457 156 in Pennsylvania; 348 035 in
New York) compared to groundwater data (284,045;
130 313; 158 846; 129 501 samples, respectively;
tables S1 and S2).

However, only a small fraction of these samples
was collected near oil and gas wells. Water sampling
coverage within one kilometer radius ranged from
1%–28% of available data depending on well type
(figure S2). Ba and Sr measurements were extremely
scarce near wells—often below 5% of total avail-
able samples—limiting statistical confidence for these
species. This spatial bias emphasizes how localized
data availability constrains our ability to detect con-
tamination, particularly in heterogeneous hydrogeo-
logic settings.

3.2. Surface waters show strong impacts
We quantified correlation between analyte concen-
trations and multiple spatial proxies of oil and gas

activity, including distance- and density-based met-
rics (figure 2). Coefficient values from density-based
proxies were multiplied by −1 so that negative cor-
relations consistently indicate degraded water quality
near wells.

Across all states, oil and gas well proximity and
density were frequently significantly associated with
water quality variation (figure 2). Statistically signifi-
cant correlations (p< 0.005), including both positive
and negative relationships, were detected for 83.3%
of surface water and 76.9% of groundwater analyses
(figure 2(a)). Of all tests, 54.5% of surface-water anal-
yses and 53.0% of groundwater analyses were both
statistically significant and negative, and therefore
most directly consistent with elevated concentrations
near wells or in areas of higher well density. Because
negative coefficients indicate higher analyte concen-
trations closer to wells or in areas of higher well
density, negative correlations are most directly con-
sistent with water-quality degradation near oil and
gas infrastructure. The number of significant rela-
tionships declined when only proximity-limited sam-
ples were analyzed: from 76.9% to 67.8% for ground
and from 83.3% to 75.8% for surface water analy-
sis (figure 2(b)). This reduction—most pronounced

5



Environ. Res. Lett. 21 (2026) 124042 R Basijokaite et al

Figure 3. Pearson correlation values for (a) groundwater and (b) surface water. Crossed-out values indicate correlations inter-
preted as unstable because of skewed data, small sample size, or broad confidence intervals. Values below−0.3 are used as a
descriptive threshold for relatively strong negative associations because approximately 10% of calculated coefficients were below
this value; it is not used as a formal statistical cutoff.

in New York (from 60.4% to 35.4% for ground and
from 77.1% to 68.8% for surface water)—illustrates
how limiting the spatial window can remove region-
ally coherent signals. Spatial permutation tests fur-
ther supported the robustness of themain correlation
patterns: observed nearest-well-distance correlations
for key analytes exceeded those obtained from per-
muted configurations, indicating that the strongest
relationships were unlikely to arise solely from chance
spatial overlap. Because the proximity-limited sub-
set reduced sample sizes and produced broader con-
fidence intervals for several analytes (figure S4), sub-
sequent analyses focus on the full dataset shown
in figure 2(a). We interpret these results cautiously,
emphasizing patterns that are consistent across ana-
lytes, spatial proxies, and regions rather than rely-
ing on statistical significance alone. We also focus
on negative relationships that were observed in the
proximity-restricted analysis because these results are
less likely to reflect broad regional gradients unrelated
to oil and gas development.

Statistical significance also varied with state and
water type. Percentage of detected significant rela-
tionships varied more for groundwater (66.7% for
TX, 91.7% for CO, 83.3% for PA, 73.6% for NY)
as compared to surface water (83.3%, 84.7%, 86.1%,
84.7%) among states. Roughly 42 (16%) surfacewater
coefficients (4 for TX, 23 for CO, 0 for PA, 15 for
NY) and 31 (12%) groundwater coefficients (0, 15,
5, 11, respectively) were lower than −0.3, indicat-
ing relatively strong negative associations (figure 3).
We use −0.3 as a descriptive threshold for rela-
tively strong negative associations because approx-
imately 10% of calculated coefficients were below
this value; it is not used as a formal statistical cutoff.

These numbers suggest that surface water is more
impacted in Texas, Colorado, and New York, but
not in Pennsylvania as none of the coefficient values
exceeded−0.3 threshold. In addition, overall percent-
age of relationships indicating negative effects from
oil and gas wells in PA were far greater for ground-
water (58.3%) as compared to surface water (33.3%).
Distance-based proxies produced more consistent
patterns than density-based ones (85.2% vs. 56.8%
achieving p < 0.005). Among statistically significant
coefficients, 67.4% for groundwater and 68.2% for
surface water were negative, consistent with elevated
concentrations near wells or in areas of higher well
density. Unconventional wells showed slightly weaker
correlations than marginal or orphaned wells. In par-
ticular, marginal and orphaned wells had the highest
negative effect in NY [meanmarginal =−0.32 (surface),
meanorphaned = −0.4 (surface), meanmarginal = −0.31
(ground), meanorphaned = −0.31 (ground)]
and CO [meanmarginal = −0.37 (surface),
meanorphaned = −0.34 (surface)]. Analyte-specific
trends also emerged. Sr and SO4 displayed the widest
correlation ranges (−0.62–0.54 and −0.63–0.39,
respectively), while Na showed relatively uniform
but weaker variations (−0.5–0.2). Surface water
correlations were particularly strong in Colorado
(mean = −0.3) and New York (mean = −0.36),
whereas groundwater effects weremore spatially vari-
able but the strongest inNY (mean=−0.31). Overall,
results were highly variable among states and water
types likely indicating region-specific influence.

Significant positive correlations were also
observed for some analytes and well classes. These
relationships should not be interpreted as evidence of
water-quality improvement near wells. Instead, they
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Figure 4. Subregional correlation results in Texas reveal varying contamination patterns across seven major aquifers. While state
level (combined) trends were weak (|R|< 0.2), Pecos Valley and Edwards-Trinity Plateau aquifers results suggest major water
quality degradation near marginal, orphaned, and unconventional wells.

may reflect low sample density, broad confidence
intervals, background geochemical gradients, dilu-
tion or mixing effects, or geochemical reactions that
limit the mobility of specific analytes. For example,
Ba may have lower dissolved mobility in sulfate-rich
waters because of barite precipitation, which could
weaken or reverse simple spatial correlations between
Ba and oil and gas proximity. We therefore empha-
size consistent negative correlations across multiple
analytes and proxies when interpreting potential oil-
and-gas-related signals.

3.3. Hydrogeology and production practice drive
distinct hydrogeochemical patterns
Hierarchical clustering of correlation coefficients
revealed contrasting results between surface and
groundwater systems (figure S3). As New York State
does not have unconventional wells, it was excluded
from this analysis. For groundwater, correlation
results grouped primarily by analyte type, forming
three clusters: (1) Na, Cl, and SC, (2) SO4, and (3)
Ba and Sr, reflecting cumulative longer-term effects
from oil and gas wells as well as baseline geochem-
istry. In contrast, surface water results clustered by
well type, suggesting that production characteristics
and operational differences exert stronger controls
on surface water systems. In particular, marginal and

orphaned wells formed a cohesive cluster, indicat-
ing similar geochemical impacts despite different pro-
duction practices. Several points (i.e. Ba, SO4, Sr) did
not follow this pattern, likely due to sparse sampling
(table S3). Clustering results were consistent when
states and different proxy types were analyzed sep-
arately. Overall, clustering patterns imply that sur-
facewater quality reflects short-term and production-
driven effects, while groundwater signals integrate
longer-term geochemical and hydrologic processes.

3.4. Subregional trends reveal hidden signals
We conducted a subregional analysis focusing on
Texas, which hosts the largest and most diverse
population of oil and gas wells in the U.S. Unlike
the other three states, Texas encompasses a wide
range of hydrogeologic settings—from arid basins
to carbonate aquifers [72]—and contains both long-
established conventional fields and extensive uncon-
ventional developments. The state also provides a
spatially comprehensive water-quality record (table
S1), making it ideal for testing whether large-scale
averaging obscures localized contamination patterns.

Although Texas hosts the largest number of oil
and gas wells in the U.S., statewide correlations
between oil-gas production activity and groundwa-
ter chemistry were surprisingly weak (|R| < 0.2). To
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test whether statewide averaging obscured localized
impacts, we reanalyzed the data by aquifer (figure 4).
This finer-scale approach revealed pronounced con-
tamination in two major aquifers: Pecos Valley and
Edwards-Trinity Plateau. In particular, Pecos Valley
correlation ranges were the highest among the seven
aquifers studied (−0.66–−0.18). Concentration of
two analytes –Cl and SO4– were particularly strongly
correlated with proximity to oil and gas wells in
all three well categories averaging −0.54 and −0.52,
respectively. Meanwhile, in Edwards-Trinity Plateau
correlations were comparable among five analytes
(Cl, Na, SC, SO4, Sr) as well as all three well types.
These relationships were undetectable in statewide
analyses because weak or absent signals in other
aquifers diluted the overall trend. In contrast, aquifers
such as Carrizo-Wilcox showed weaker but spa-
tially coherent negative correlations (−0.3–0.1), par-
ticularly around clusters of unconventional wells
(meanunconv =−0.2).

These results demonstrate that regional hydroge-
ology governs the strength and detectability of oil and
gas impacts on groundwater quality. Importantly,
expanding data coverage alone does not guaran-
tee improved inference—rather, analytical resolu-
tion must align with hydrologic boundaries to reveal
meaningful relationships.

4. Discussion

4.1. Consistent correlations indicate measurable
impacts
Our analysis reveals statistically robust and spatially
coherent relationship between marginal, unconven-
tional, as well as orphaned wells and elevated con-
centrations of key analytes—Ba, Cl, Na, SC, SO4,
and Sr—in both surface and groundwater. While cor-
relations vary in strength across well types, water
types, analytes, as well as states, the consistent neg-
ative trends near wells suggest measurable contami-
nation or salinization processes linked to oil and gas
infrastructure. Even though the relationships are cor-
relative rather than strictly causal, the high fraction
of statistically significant results indicates a perva-
sive influence that cannot be attributed solely to ran-
dom spatial coincidence. Our findings are broadly
consistent with prior site-specific studies that doc-
umented increased salt and metal concentrations
downstreamor down-gradient of oil and gas activities
in Pennsylvania, Texas, New York, and other produc-
ing regions [31, 34–41, 73]. Numerous studies found
evidence of oil and gas impacts on surface and ground
water resources in Pennsylvania [34, 35, 38–41, 73,
74]. Warner et al [75] found increased Cl, Ba and Sr
concentration downstream of a brine treatment facil-
ity. Similarly, Olmstead et al [31] found increased
Cl concentration using large scale geospatial anal-
ysis. Contamination evidence was also detected in

the Barnett Shale region in Texas relating increased
strontium concentrations to unconventional oil and
gas activity [36]. Together, these results indicate that
oil and gas wells, including marginal and orphaned
sites often overlooked in monitoring programs, are
associated with widespread and detectable water-
quality degradation signals. Because spatial correla-
tion does not prove causal attribution, we cannot fully
exclude alternative ion sources such as road salts, agri-
culture, and mine drainage. The analytes considered
here also differ in how directly they reflect produced-
water inputs. Chloride, sodium, strontium, and spe-
cific conductivity are commonly elevated in produced
waters and are relatively conservative during trans-
port, making them more likely to produce coherent
spatial signals. In contrast, barium and sulfate can be
strongly affected by local redox conditions, mixing,
mineral saturation, and barite precipitation, which
may explain why Ba and SO4 show less consistent
behavior across regions. Thus, discrepancies among
analytes do not necessarily indicate an absence of oil-
and-gas influence but instead may reflect differences
in produced-water chemistry and post-release geo-
chemical processing. These geochemical differences
may also explain why Ba and SO4 do not always clus-
ter with the more conservative indicators in the cor-
relation analysis (figure S3).

Across the full analysis, the most interpretable
signals were those that were consistently negative
across multiple analytes, well classes, or spatial prox-
ies, rather than isolated coefficients. We therefore
place greatest emphasis on relationships that met
three criteria: (I) negative correlations, indicating
higher concentrations closer to wells or in areas of
higher well density; (ii) consistency across multiple
proxies or chemically related analytes; and (iii) per-
sistence, where possible, in the proximity-restricted
analysis. Under these criteria, the clearest signals
include all six analytes in Colorado surface water,
especially near marginal and orphaned wells, as well
as Cl and Na in Colorado groundwater; SC and SO4
in groundwater near marginal and orphaned wells
in Pennsylvania; Ba, SC, Sr in groundwater, as well
as Cl, Na, SC and SO4 in surface water, in New
York; Cl, Na, SC, SO4 and Sr in groundwater near
all three well types analyzed in Pecos Valley and
Edwards-Trinity Plateau in Texas with a notable Ba
signal only near marginal wells in Pecos Valley; Ba
and Sr in Edwards (Balcones Fault Zone) aquifer;
Cl, Na, SC, SO4 in Carrizo-Wilcox aquifer uniquely
near unconventional wells (figures 2(a) and 4). In
addition, despite limitations associated with prox-
imity restricted analysis (figure 2(b)) several water-
quality signals identified in figure 2(a) were also
observed in figure 2(b): Cl, Na, SC, SO4, Sr in sur-
face water and Cl, Na in groundwater near unconven-
tional wells in Colorado; SC and SO4 in groundwater
near marginal and orphaned wells in Pennsylvania;
and Ba in groundwater near marginal wells as well
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as in surface water near orphaned wells in New York.
In contrast, isolated positive correlations or single-
analyte responses are interpreted cautiously because
they may reflect background geochemical gradients,
dilution, sparse sampling, or analyte-specific mobil-
ity rather than oil-and-gas-related degradation.

4.2. Hydrogeology governs spatial variability of
contamination
Spatial variability in contamination patterns reflects
the combined influence of hydrologic connectivity,
geologic features, and sampling scale. For ground-
water, differences among aquifers largely explain
the inconsistency of correlation strengths: shal-
low, rapidly recharging systems are more likely to
dilute contamination signals, whereas confined or
low-permeability formations retain dissolved ions
over longer timescales. Such controls have been
demonstrated in previous regional studies of the
Appalachian Basin and other sedimentary systems
[8, 34, 37, 39, 45, 76–78].

The contrasting clustering behavior between
surface and groundwater further highlights these
mechanisms. Surface waters respond to short-term
events—spills, impoundment leaks, and runoff
from well pads—while groundwater integrates long-
term chemical exchange between brines, rocks, and
aquifers. Olmstead et al [31] found evidence of sta-
tistically significant correlations between Cl concen-
trations in streams and 4 day cumulative precipita-
tion diluting observed concentration. These findings
combined with our results highlight the importance
of collecting samples near oil-gas development to
avoid impacts of dilution and natural attenuation
that occurs due to surface- and subsurface-processes.

Consequently, the detectability of oil and gas
impacts depends not only on well proximity but
also on the hydrogeologic context that governs fluid
flow and solute transport. Texas provides a clear
example: state-level analyses masked strong sub-
regional contamination signatures within specific
aquifers because they differ markedly in lithology and
hydraulic connectivity.

4.3. Data andmethodological limitations constrain
signal detection
Although our analysis is the most comprehensive
geospatial assessment of its kind, several limitations
should be acknowledged. First, uneven and/or scarce
sampling—both spatially and temporally—reduces
statistical power [34, 43, 61, 79, 80], especially for
trace metals like Ba and Sr that are infrequently
measured. Second, water-quality datasets compiled
across multiple agencies often differ in analytical
precision, detection limits, and metadata complete-
ness, introducing additional noise into correlation
analyses (refer to Materials and Methods). Third,
correlation-based methods cannot always distinguish
among contamination sources. Mine drainage, road

salts, discharge from wastewater treatment plants,
agricultural runoff, as well as industrial discharge
can all contribute to elevated ion concentrations [81,
82]. Road salting and other non-oil-and-gas sources
could confound relationships between water chem-
istry and oil and gas wells, particularly for Na, Cl, and
specific conductivity. The Na/Cl molar-ratio analy-
sis helps evaluate this possibility and may explain
why correlations in PA were relatively weak despite
substantial oil and gas activity (figures 2 and S5).
Ratios below 1 are more consistent with chloride-rich
brines or produced-water influence than with halite-
dominated road salt alone, whereas elevated Na/Cl
ratios farther from wells may reflect rock weather-
ing or other non-oil-and-gas sources. In addition, if
an inflow from contamination source is low and/or
contains analyte concentrations close to background
levels found in the shallow aquifer, the impact will
be untraceable [83]. Lastly, orphaned-well inventories
are incomplete and continue to evolve. Our analysis
uses documented orphaned wells from the compiled
geospatial dataset available for this study, but undoc-
umented or newly identified orphaned wells are not
captured and could lead to underestimation or spa-
tial misclassification of orphaned-well associations.
We did not conduct comparable subregional hydro-
geologic analyses for all four states because (I) the
uneven spatial distribution of water quality samples
left too few observations within individual hydro-
geologic units to produce reliable correlation esti-
mates, precluding detection of subregional trends;
and (ii) additional regional-specific interpretation in
the other three states is beyond the scope of this Letter.

Because the analytes considered here are primar-
ily salts and metals rather than dissolved gases, the
correlations we observe are more plausibly associ-
ated with produced-water-related pathways rather
thanmethanemigration alone. Potentialmechanisms
include historical unlined pits and impoundments,
produced-water storage and handling, spills or leaks
from tanks and pipelines, blowouts, surface runoff
fromwell pads, and, in some settings, subsurface leak-
age along compromised wellbores. Our spatial prox-
ies cannot distinguish among these pathways, nor can
they isolate the role of casing or cementing failures
without direct well-integrity data. We therefore inter-
pret the observed correlations as evidence of spatially
coherent water-quality associations with oil and gas
infrastructure, rather than as attribution to a single
leakage mechanism. Previous works have estimated a
wide range for the percentage of wells that experience
integrity issues, which varies by region, some being
as high as 27% [23, 84]. This suggests that detectable
impacts likely represent only a fraction of total com-
promised sites.

Finally, density-based proxies can produce right-
skewed distributions, especially in low-well-density
regions, which may lead to false associations if not
corrected, like several coefficients that were identified
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in figure 2 and later removed. Hence, it is crucial
to use multiple proxies while analyzing this type
of data as comparing trends from different meth-
ods is most likely to lead to meaningful and realis-
tic conclusions. These constraints also highlight the
importance of coupling large datasets with local-
ized process studies to validate inferred contamina-
tion pathways. A further limitation is that surface-
water samples were analyzed using the same radial
proximity and density metrics as groundwater sam-
ples. This choice allowed direct comparison between
surface-water and groundwater results using a uni-
form spatial framework, but it does not explicitly
account for upstream drainage area or flow direc-
tion. Future surface-water analyses could improve
hydrologic attribution by incorporating watershed-
orHUC-based oil and gasmetrics. Another limitation
is that proximity and density metrics were calculated
within state boundaries. Samples near state borders
may be influenced by wells in adjacent states, particu-
larly in regions such as Pennsylvania where nearby oil
and gas development also occurs in Ohio and West
Virginia. Future region-specific analyses that are not
constrained by state boundaries could better evaluate
cross-border oil-and-gas influences.

4.4. Integrating geologic context can improve
predictive models andmonitoring
Our findings underscore that more data alone do
not ensure better detection of contamination. Rather,
data resolution must align with the relevant hydroge-
ologic and spatial scales. Incorporating aquifer lithol-
ogy, hydrologic properties such as permeability, and
flow direction into statistical and machine learning
modeling can substantially improve predictive power
and help distinguish anthropogenic signals from nat-
ural variability. Our subregional analysis (figure 4)
highlighted the Pecos and Edwards-Trinity Plateau as
the Texas aquifers with the strongest negative corre-
lation. These patterns are consistent with the arid to
semi-arid climate of the Pecos River region, limited
dilution, high evaporation, and interaction with salt-
rich stratigraphic units that can elevate dissolved salts
and sulfate [72]. Longer groundwater residence times
or more limited hydrologic connectivity in these
aquifers may allow produced-water-derived solutes
to persist, whereas more hydraulically connected sys-
temsmay dilute or disperse such signals more rapidly.
Elevated sulfate may also reduce dissolved Ba mobil-
ity through barite precipitation, helping explain why
Ba behaves differently fromCl, Na, SC, and Sr in some
aquifers.

Future contamination assessment efforts should
integrate data-driven geospatial analysis with physics-
based models and machine learning approaches
that explicitly account for subsurface heterogene-
ity and connectivity [34, 68, 69, 85, 86]. In par-
ticular, surface and subsurface flow paths can

act as conduits from well sites to distant aquatic
ecosystems [29, 50, 87, 88]. In addition, preferential
flow paths could amplify the extent of a groundwater
contamination [8, 89] which would complicate its
detection, while unconsolidated aquifers would have
a more uniform contaminant dispersion [70, 90].
Process-based system analysis would complement
statistical studies like this one and inform specific
hydrogeologic conditions that should not be ignored
in data-driven analysis while improving predictive
models aimed at minimizing emissions. Such models
can be trained on regional datasets like ours to iden-
tify high-risk zones for leakage or contamination and
guide cost-effective monitoring of unconventional,
marginal, and orphaned wells. Ultimately, combining
statistical and mechanistic perspectives will enhance
our ability to forecast contamination, minimize asso-
ciated risks, prioritize remediation, and inform regu-
latory strategies for sustainable energy production.

5. Conclusion

This study demonstrates that oil and gas
wells—including marginal, unconventional, and
orphaned—are associated with a measurable geo-
chemical imprint on both surface and ground-
water systems. Using approximately three million
water-quality records from New York, Pennsylvania,
Colorado, and Texas, the analysis reveals widespread
statistically significant associations between well
proximity/density and elevated concentrations of
analytes such as chloride, sodium, sulfate, stron-
tium, barium, and specific conductivity. We find
statistically significant and spatially coherent nega-
tive associations across all four states, with 54.5%
of surface-water analyses and 53.0% of groundwa-
ter analyses showing significant negative correlations
most directly consistent with elevated concentra-
tions near wells. Subregional analysis in Texas shows
that statewide assessments can mask strong aquifer-
specific contamination patterns governed by geology
and hydrologic connectivity.

Together, these findings highlight that legacy as
well as active wells all contribute to detectable degra-
dation of water quality, underscoring the need for
monitoring frameworks that explicitly account for
local geology and flow pathways. The results also
emphasize that more data alone do not necessarily
improve contamination detection; rather, sampling
resolution must align with hydrogeologic boundaries
to reveal meaningful trends. By combining geologic
context with large-scale statistical analysis, future
monitoring and predictive models can more effec-
tively identify high-risk zones, guide cost-efficient
mitigation, and support regulatory efforts to reduce
long-term contamination from active and abandoned
oil and gas wells.
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