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ABSTRACT

The water quality of drinking water reservoirs is critical for human and ecosystem health. In this study, we examined the drivers of three

metals, aluminum (Al), barium (Ba), and copper (Cu), across two drinking water reservoirs in southwestern Virginia, USA, over 4 years.

One reservoir has a hypolimnetic oxygenation system; the other does not. We used time series modeling and multivariate analysis of

water column chemistry, suspended sediment, inflow, and precipitation data to assess the relative roles of hydrologic and geochemical dri-

vers of metal behaviors in the two reservoirs. Results suggest that Al concentrations were primarily influenced by high-flow events,

consistent with the mobilization of clays from physical weathering. In contrast, Ba showed stronger sensitivity to geochemical drivers, specifi-

cally redox conditions. Drivers of Cu behavior were obscured by low Cu concentrations. For all metals, patterns varied among years. Our

findings highlight the importance of long-term monitoring and integrated approaches to evaluate the drivers of metal dynamics in reservoir

ecosystems and inform strategies for maintaining safe drinking water supplies.
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HIGHLIGHTS

• Metal water chemistry patterns in two reservoirs reflect seasonal trends and interannual variability.

• Statistical analyses suggest metal behavior is controlled by similar processes in both reservoirs.

• Aluminum concentrations are influenced by high-flow events, while barium concentrations are sensitive to redox conditions.

• Evaluating long-term trends and drivers of metals can improve the treatment of drinking water supplies.

1. INTRODUCTION

Freshwater sources are vital for drinking water. Widespread contamination by geogenic contaminants, such as metals and

metalloids originating from rocks and minerals, has become an increasing concern as excessive metal concentrations can
degrade water quality and infrastructure, posing risks to human health and disrupting environmental processes. For example,
due to their prevalence in rocks and minerals, iron (Fe) and manganese (Mn) are commonly observed in drinking water
supplies and have negative impacts on water infrastructure (e.g., Davison 1993; Munger et al. 2019). Metals and metalloids

such as arsenic, cadmium, cobalt, chromium, and nickel are toxic and carcinogenic, and their presence in drinking water has
caused widespread devastating human health impacts (e.g., Mukherjee et al. 2024).

Other metals, including aluminum (Al), barium (Ba), and copper (Cu), also have human health concerns but have not

received the same level of attention or study. The United States Environmental Protection Agency (USEPA) regulates Ba
and Cu under the National Primary Drinking Water Standard, with maximum contaminant levels (MCLs) of 2.0 and
1.3 mg/L, respectively (USEPA 2024a). Aluminum is monitored under the Secondary Standards with limits (SMCL) of

0.05–0.2 mg/L due to esthetic, technical, and cosmetic issues (USEPA 2024b). The SMCL range for Al is to account for
residual Al used in water treatment processes. Studies have found additional health effects associated with these metals.
Aluminum is a neurotoxic substance that has been associated with Alzheimer’s disease and other forms of neurodegeneration
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(Bondy 2016). Exposure to elevated concentrations of Ba is linked to gastrointestinal and cardiological distress (Peana et al.
2021). Copper is a vital trace element; however, in excess, Cu may cause gastrointestinal distress and liver or kidney damage
(Taylor et al. 2023).

Sources of Al, Ba, and Cu to drinking water supplies include weathering of naturally occurring minerals and rocks or

release through anthropogenic activities. Aluminum is a key component of aluminosilicate minerals but may also be released
to water through treatment processes, including the use of Al salts to reduce turbidity (Edzwald 2020). In addition to natural
sources, Ba can also be introduced via mining and industrial operations (Lu et al. 2018), and Cu may be introduced to water
sources through corrosion of household plumbing systems, pesticides, and mining, as well as the addition of copper sulfate to

surface waters to combat algae growth (Haughey et al. 2000).
Aluminum, in its aluminosilicate and aluminum oxide form, is relatively insoluble under circumneutral pH conditions, yet

physical weathering can lead to its mobilization into natural waters (He et al. 2021). Because physical weathering is primarily

driven by hydrologic processes, the release and deposition of particulate Al are influenced by increased flow velocity due to
high rainfall or snowmelt (He et al. 2021).

Chemical weathering of minerals can be influenced by oxidation–reduction (redox) conditions and pH. Oxidation can pro-

mote precipitation of minerals, such as hydrous ferric oxides (HFOs) and hydrous manganic oxides (HMOs), which are
relatively insoluble in natural waters (Davison 1993). Conversely, reducing conditions can promote reductive dissolution
of minerals such as HFOs and HMOs due to microbially mediated reactions (Davison 1993). Certain metals, such as Cu

and Ba, have a high affinity for adsorption onto HFOs and HMOs (Sugiyama et al. 1992; Bora & Dutta 2019); thus, the pres-
ence of HFOs and HMOs can promote the removal of these metals from the water column, while the reductive dissolution of
HFOs and HMOs can lead to their release.

The adsorption and desorption of metals depend on their affinity for mineral surfaces, which varies with ionic radius, min-

eral surface charge, and pH. Adsorption affinities of metals generally increase with increasing ionic radius; thus, Ba, with its
larger ionic radius, is expected to have a higher adsorption affinity than Cu (Mendez & Hiemstra 2020). Changes in pH can
alter the surface charge of minerals, thereby affecting adsorption and desorption processes (Smith 1997; Miranda et al. 2022).
In general, the sorption affinity of cations, including Ba and Cu, increases with increasing pH, as high pH conditions result in
more negatively charged surfaces that enhance electrostatic attraction with positively charged ions (Smith 1997).

These chemical processes play a critical role in influencing the concentration of metals in drinking water reservoirs,

especially those that undergo seasonal stratification due to water temperature-driven density differences. Thermal stratifica-
tion often leads to the deoxygenation of bottom waters, which promotes the reduction of HFOs and HMOs and the
corresponding release of Fe(II), Mn(II), and other metals such as Ba and Cu that are adsorbed to HFO and HMO surfaces,
from benthic sediments into the water column. To mitigate the release of metals, drinking water managers can deploy hypo-

limnetic oxygenation (HOx) systems to introduce oxygen in the bottom waters. Increasing dissolved oxygen (DO)
concentrations in the bottom waters helps to promote oxidation and precipitation of HFOs and HMOs, to which metals
like Ba and Cu can adsorb, promoting the removal of these metals from the water column.

Recent studies have established that oxygen concentrations in lakes and reservoirs are decreasing on a global scale (Jane
et al. 2023; Jansen et al. 2024), resulting in earlier thermal stratification and development of hypolimnetic anoxia in lakes and
reservoirs (Lewis et al. 2024). Previous work has focused on the impact of depleted oxygen (anoxia) on carbon (C), nitrogen

(N) and phosphorous (P) (Carey et al. 2022) as well as Fe and Mn (Davison 1993; Munger et al. 2019), documenting that
increased anoxia has resulted in increased C, N, P, Fe, and Mn in the bottom waters (hypolimnion) of many lakes and reser-
voirs. In addition, increased frequency of intense storms and flooding resulting from climate change (Wasko et al. 2021; Jiang
et al. 2024), in addition to changes in land-use practices, can enhance soil erosion, leading to increased influx of sediments, to
which nutrients and other biogeochemically relevant elements can associate, into water bodies (Noe et al. 2020).

The purpose of this study is to examine the hydrological and geochemical drivers of Al, Ba, and Cu concentrations in two
drinking water reservoirs in southwestern Virginia, one with an oxygenation system and one without. We chose these metals

as they have: (1) human health impacts, (2) both anthropogenic and geogenic sources, and (3) potentially different drivers of
behavior in water bodies. We predicted that Al concentrations are influenced by hydrologic drivers, using precipitation, dis-
charge, and turbidity as proxies, whereas Ba and Cu concentrations are impacted by geochemical drivers, using DO and pH

as proxies. To test our predictions, we collected and analyzed water and suspended sediment samples within each reservoir,
and measured discharge and collected water and suspended samples at the inflow site to FCR. Data for this study include
observations during the period of seasonal stratification (March–November) from 2020 to 2023.
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We used time series modeling and multivariate analyses to assess the relative contributions of hydrologic and geochemical

drivers of metal behaviors in the two reservoirs. We also analyzed suspended sediment in the inflow to observe the mor-
phology and chemical composition of particles entering the reservoir. Evaluating these dynamics is essential for predicting
metal mobility and informing water management strategies aimed at improving drinking water quality.

2. METHODS

2.1. Site description

Falling Creek Reservoir (FCR) and Beaverdam Reservoir (BVR) are located in Vinton, VA, USA, in the Blue Ridge Mountains
of the Southern Appalachians. Both are secondary drinking water reservoirs owned and operated by the Western Virginia
Water Authority (Figure 1). Both reservoirs’ catchments are 85% deciduous and mixed forest (Stroud Research Center

2017) and are underlain by granulite and granitic gneisses (Woodward 1932). Both reservoirs exhibit thermal stratification
from May to November (Carey & Breef-Pilz 2025a, b). The catchment sizes are 3.43 km2 for FCR (Howard et al. 2021)
and 3.69 km2 for BVR (Hamre et al. 2018). Approximate elevations of FCR and BVR are 509 and 587 m AMSL, respectively.

FCR, constructed in the 1890s and remediated in 2011, is a small (0.119 km2) and shallow (maximum depth¼ 9.3 m) reser-
voir and has a HOx system installed to introduce oxygen to the hypolimnion without disrupting stratification. The HOx uses a
submersible pump (at 8.5 m depth) to withdraw water from FCR to an oxygen contact chamber located on land where it is
supersaturated with oxygen (Gerling et al. 2016). The water is then transferred to the distribution headers (at 8.5 m depth) via

the outlet piping, where it is injected back into the hypolimnion. Copper sulfate was historically added intermittently to FCR
to combat algal growth between 2012 and 2019 (Supplementary Table S1).

BVR, constructed in the 1920s, has a surface area of 0.39 km2 and a maximum depth of ∼13.4 m at full pond (Hamre et al.
2018). Copper sulfate has not been added to BVR. BVR is located 3 km upstream and provides the primary inflow water that
enters FCR (Figure 1).

Figure 1 | Site map of Falling Creek Reservoir and Beaverdam Reservoir located in Vinton, Virginia, USA. Samples were collected at the
deepest locations in both reservoirs and at the inflow location at the weir. The inset shows the approximate orientation of the HOx diffuser
line (modified from Munger et al. (2019)).
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2.2. Water column sampling and analysis

Water samples were collected at the deepest sites of FCR and BVR near the reservoirs’ dams (Figure 1). We measured water
temperature, DO, turbidity, and pH profiles weekly using a Sea-Bird Electronics SBE19 plus V2 high-resolution conductivity,

temperature, and depth (CTD) profiler (Sea-Bird Electronics, Bellview, WA) (Carey et al. 2024c). The CTD was lowered
slowly from the surface to the bottom of the reservoir to collect a continuous depth profile of these parameters. We also
measured some of these variables at 1-m intervals using handheld sensors to substitute for missing CTD data when it was
not available. DO and temperature were collected using a YSI ProODO (Yellow Springs Inc., Yellow Springs, OH) optical

DO meter, and pH was measured using an Ohaus Starter 300 pH meter (Carey et al. 2024b).
Water samples were collected weekly throughout the water column from May to October and monthly from April to

November. Samples were collected at the deepest site (Figure 1) at each reservoir. Samples were collected at the following

depths (FCR: 0.1, 1.6, 3.8, 5.0, 6.2, 8.0, and 9.0 m; BVR: 0.1, 3.0, 6.0, and 9.0 m below surface) using a 4-L Van Dorn sampler.
Samples for dissolved metals were filtered in the field using a 0.45-μm nylon filter. This method of filtration does not remove
all particulates, so the use of the term dissolved is operationally defined for the purposes of this study. Samples for total metals

were not filtered. Water samples were preserved in the field using 0.5 mL trace metal-grade nitric acid to a pH, 2. Samples
were analyzed using an inductively coupled plasma mass spectrometer (ICP-MS; Thermo Electron iCAP RQ) (see Schreiber
et al. (2024b) for metadata). Minimum reporting levels are included in Supplementary Table S2.

2.3. Sediment trap sampling and analysis

Sedimentation traps (KC Denmark A/S, Silkeborg, Denmark) were deployed in the hypolimnion (8 m) at the deepest site of
both FCR and BVR (see Figure 1 for location) to capture suspended sediments in the water column. Each trap contained two
tubes with openings of 7.2 cm in diameter. The sedimentation traps were deployed from July to November in 2020, June to

December in 2021, May to November in 2022, and April to December in 2023. The samples were collected every ∼14 days
during summer and every ∼28 days during fall. Sampling consisted of bringing the traps to the surface, homogenizing the
particulates and water, then pouring the trap samples into 2 L bottles. The samples were vacuum-filtered through pre-weighed
glass microfiber filters (1.5 μm; Whatman 934-AH). The filtered particulates were dried at 45 °C in a drying oven, and the

retained mass was calculated by subtracting the final and starting mass of the filter. The raw dried particulates retained on
the filters were microwave-digested with trace metal grade nitric acid following EPA Method 3051A. The digestate was
diluted and then analyzed for a suite of metals using ICP-MS, as described for the water column samples (Schreiber et al.
2024a; see Supplementary Table S2 for minimum detection limit).

Using the metal concentration, we calculated the mass of particulate metal by multiplying by the known volume of acid
added to each sample, the ratio of the volume filtered to the total collection volume, and a dilution factor (20�). We then

calculated particulate metal sedimentation by dividing the trapped metal mass by the trap opening area. We summed the
mass per unit area over each field season (prior to turnover) to determine the cumulative removal for each metal over the
period of stratification.

To test if the mass removal between reservoirs was significantly different, we first tested for normality using the Shapiro–
Wilk normality test. If the data were normally distributed, we used a paired t-test for comparison; if the data were not nor-
mally distributed, we used the Wilcoxon signed-rank test. The sediment traps were deployed in each reservoir for an equal
amount of time each year (within 9 days).

2.4. Hydrologic measurements

A small, shallow inflow stream accounts for over 90% of the total surface inflow volume to FCR (Gerling et al. 2016). Inflow
to FCR was measured using a V-notch weir, located ∼150 m upgradient of FCR (Figure 1), coupled with an INW Aquistar

PT2x pressure sensor (INW, Kirkland, WA, USA) and a CS451 stainless-steel pressure transducer (Campbell Scientific,
Logan, Utah) that recorded water level at 15-min intervals. We calculated the discharge into the reservoir using Equation (1):

Q ¼ 2:391�H2:5 (1)

where Q is the calculated discharge through the V-notch weir (m3 min�1), 2.391 is the conversion factor for a 120-degree
angle-notch weir in m3 s�1, and H is the hydraulic head (water level) on the weir (m) (Carey et al. 2025).
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We collected precipitation data with a TE525-L rain gauge (Texas Electronics, Dallas, TX) from a research-grade Campbell

Scientific meteorological station on the dam of FCR (Carey et al. 2024a). The station measured precipitation every minute
using a tipping bucket. The dam of BVR is 1.7 km away and has comparable precipitation to FCR due to their proximate
location.

2.5. Metal load calculations

An automated ISCO sampler (Model 6712, Teledyne ISCO, Lincoln, NE) was deployed at the weir from April to November
each year (deployment dates in Supplementary Table S3). The ISCO collected flow-proportional composite samples represen-
tative of about 2 weeks of inflow to FCR. We set a volume of 600 m3 to trigger sample collection. The 600 m3 aliquots were

composited into a 10 L bottle stored within the sampler. At each sampling event, water from the 10 L bottle was poured into
15 mL centrifuge tubes, preserved in the field using 0.5 mL trace metal grade nitric acid to pH, 2, and analyzed using
ICP-MS, as described above.

Metal loads were determined over 2 weeks using discharge measurements and metal concentrations in the composited
ISCO sample. First, we used Equation (1) to calculate the discharge contained within the V-notch weir. When discharge over-
topped the V-notch weir (.27.5 cm; n¼ 5 in 2020; n¼ 3 in 2022; n¼ 0 in 2021, 2023), we estimated the additional discharge

with a rectangular weir equation using the width of the stream channel (4.533 m) to approximate the bounds of flow and
added it to the V-notch weir equation using Equation (2):

Q ¼ (2:391�0:2752:5)þ (1:84�B(H–0:275)1:5) (2)

where Q is the estimated discharge through the V-notch weir and discharge that overtopped the weir (m3 min�1), 2.391 is the
conversion factor for a 120-degree angle-notch weir in m3 s�1, 0.275 (m) is the maximum water level captured by the V-notch

weir, B is the channel width (m, set to 4.533 m), and H is the hydraulic head (water level) on the weir (m).
We summed the discharge from Equation (2) over the 2-week period during which the ISCO was deployed. Then, we mul-

tiplied the cumulative flow (m3 s�1) by the metal concentrations measured during the sampling period (mg L�1) and divided

by the duration of the sampling period to obtain a metal load (kg) representative of that timeframe (Schreiber et al. 2025).
In addition to the metal load calculations, we collected a sample of suspended sediment in the inflow in October 2024 to

evaluate the morphology and chemical composition of particles entering FCR using scanning electron microscopy. To pre-
pare the samples, we evaporated the suspended sediment sample to concentrate particles and then loaded the solids onto

carbon tape. We used a Hitachi TM3000 Tabletop scanning electron microscope (SEM) coupled with a Quantax 70
energy-dispersive X-ray spectrophotometer (EDS) system (Hitachi High-Tech America, Inc., Schaumburg, IL). SEM provides
high-resolution imaging, allowing us to observe the sediment’s morphology and particle size, while EDS enables us to deter-

mine the elemental composition of the sediment by detecting and quantifying the characteristic X-rays emitted from the
sample upon electron beam interaction.

2.6. Statistical analysis

We used two main statistical methods to analyze the data. First, we identified patterns of concentrations from a larger dataset
of metals (Li, Al, Cu, Na, Mg, K, Ca, Sr, Ba, Si, Mn, and Fe) in each reservoir using principal component analysis (PCA). This
method allowed for visualization of metal relationships that are known to respond to similar environmental processes (e.g.,

Miranda et al. 2022). Second, we used an autoregressive integrated moving average model (ARIMA) to examine which geo-
chemical and hydrological variables were best at predicting the metal concentrations (Al, Ba, Cu) in each reservoir over time
within each year. For the ARIMA analyses, we focused on comparisons of 2020 and 2023 due to the contrasting hydrologic
conditions that occurred during these 2 years.

2.6.1. Principal component analysis

We used PCA to group and cluster the water column metal concentrations from 2020 through 2023 for both FCR and BVR.
PCA is a multivariate data analysis that reduces the complexity of data in ordination space (Greenacre et al. 2022). It converts
a multidimensional correlation plot among all variables into a 2D graph where the axes represent principal components that
explain the maximum variance in the data. The first principal component (PC) captures the most variance, the second cap-
tures the next most, and so on.
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The goal of the PCA was to identify similar patterns across the dataset between metal concentrations and interpret the

groupings based on known behaviors, such as redox-sensitive, physically weathered, or chemically weathered metals. We
included the entire suite of total (unfiltered) metal concentrations from our dataset (Al, Li, Cu, Mn, Fe, Ba, Si, Ca, Sr, K,
Mg, and Na) for this analysis to identify the behavior of our three focal elements (Al, Ba, and Cu). To meet the assumption

of linearity, we log10-transformed the metal concentrations. The resulting plot represents each metal’s contribution to the PC,
where metals that varied similarly across samples were plotted closer together. The PCAwas run in R (version 4.2.3) using the
prcomp function in the stats package (R Core Teams 2013).

2.6.2. Autoregressive integrated moving average

We used an ARIMA to quantify the importance of hydrologic and geochemical drivers in predicting the metal concentrations,

specifically Al, Ba, and Cu, in both reservoirs. ARIMAwas chosen due to its ability to make predictions and explicitly account
for time series attributes of the data, such as autocorrelation and trends (Parmar & Bhardwaj 2014). We used precipitation,
discharge, and turbidity as proxies for hydrological drivers and pH and DO as proxies for geochemical drivers, and analyzed
data from 2020 to 2023 separately to allow comparison of the two hydrologically distinct years. We used total metal concen-

trations from samples that were collected weekly in the hypolimnion of each reservoir between June 12 and November 6 each
year. For weeks when data were not collected (Supplementary Table S4), we interpolated the gaps in the metal concentration
data using the na.interp function in the forecast package (version 8.21.1) in R (Hyndman et al. 2025).

DO, pH, and turbidity data in the water column of FCR and BVR were collected approximately weekly; however, there
were occasional gaps in pH data due to COVID-19 field work restrictions or sensor malfunction. The CTD records a
depth profile, so we observed a range of depths reflective of the reservoirs’ hypolimnia (∼8.5–9.5 m) that matched the

metal collection depths. We then substituted missing data from the CTD with handheld sensor data when available to mini-
mize gaps. During weeks when data were not collected with the CTD or handheld sensors, we interpolated the gaps in data
using the na.interp function in the forecast package (version 8.21.1) in R (Hyndman et al. 2025).

To match the 1-min resolution precipitation data with data collected on weekly intervals, the precipitation data were
summed for a week and then lagged by 1 week to allow for the delayed effects of the rain.

Inflow data were collected in 15-min intervals, so we summed the flow for the week. We also lagged the data by 1 week to
allow for the effects of inflow to show at the deepest site at FCR. Discharge was measured for the primary inflow at FCR but

was not measured for BVR; therefore, discharge is only included in the FCR ARIMA model.
The data were standardized to allow comparison of estimated model coefficients across variables with different units. Using

the ARIMA function in the fable package (version 0.3.3) in R (O’Hara-Wild et al. 2024), we ran an algorithm to automatically

select the best-fitting ARIMA model for each year and reservoir separately using metal concentration as the response variable
and geochemical and hydrologic data as the explanatory variables. There were years in which over half of the data for geo-
chemical variables were not collected – pH in 2020 for FCR and BVR; turbidity in 2021 for FCR; all variables in 2021 for

BVR; all variables in 2022 for BVR. In these cases, we omitted them from the model to minimize the use of mostly interp-
olated data. We selected 2020 and 2023 for analysis as these years had the most data and represented the most substantial
inflow (2020) and the strongest HOx operation (2023). The model outputs coefficients for each explanatory variable and
the standard error associated with each coefficient. To test the significance of each variable in predicting the metal concen-

tration, t-statistics were calculated using the standard error and coefficient output from the model (t-statistic¼ standard error/
coefficient). Greater coefficient t-statistics (.|2|) indicate stronger predictors. Variables with absolute values of coefficient
standard errors greater than the estimated coefficients were ignored from interpretation, as the estimated coefficient value

was not meaningfully different from 0. Coefficients that were less than |0.1| were also ignored due to minimal initial predic-
tion strength. Code for all analyses and plots is provided in Bauer et al. (2025).

3. RESULTS

3.1. Water temperature, DO, pH, and turbidity conditions

Both FCR and BVR were thermally stratified each year from around May to November with warmer surface waters (,6 m

depth; average 30 °C) and cooler bottom waters (.6 m depth; average 10 °C) (Figure 2(a)). After fall turnover, both reservoirs
mixed, resulting in a uniform water temperature with intermittent ice and mixed conditions ranging from 4 to 10 °C through-
out the winter (Carey & Breef-Pilz 2025a, b).
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DO levels revealed reducing conditions (suboxic to anoxic; 0–3 mg/L) in the bottom waters of both reservoirs during
summer thermal stratification (Figure 2(b)). However, in 2023, after the HOx system in FCR was activated early
(March 6) and remained consistently operational throughout the stratified period (Table 1), bottom waters remained

mostly oxygenated (5–15 mg/L). In contrast, in 2020 and 2021, the HOx system was activated later (June) and appeared
to have minimal impact on bottom water DO levels. Additionally, gaps in HOx activation occurred in all years except
2023, either due to intentional deactivation or power outages. The cumulative summer oxygen addition reflected these acti-

vation patterns, with the lowest recorded in 2021 (3,335.5 kg) due to frequent interruptions, followed by 2020 (3,473.2 kg),
when the system was operational from June 29 through December 2 but experienced intermittent deactivations in September
(Table 1). In 2022, the system was activated earlier (March) but remained inconsistently on, leading to a moderate cumulative
oxygen addition (4,059.9 kg). In 2023, the earliest and most consistent activation (March 6–December 4) resulted in the high-

est cumulative oxygen addition (5,815.7 kg), effectively maintaining oxygenation in the bottom waters. In contrast, BVR
exhibited DO ,0.2 mg/L throughout the bottom waters during stratification across years. Following turnover, DO levels
became uniform (∼8 mg/L) throughout the water column in both reservoirs throughout the winter.

Both reservoirs generally maintained pH values characteristic of natural waters (6.5–7.5) (Figure 2(c)). Across all sampling
years, FCR exhibited more frequent increases in surface water pH compared with BVR. The elevated surface pH (.9)
observed in FCR (2021, 2022, 2023) and in BVR (2022) was likely associated with algal blooms. Periods of lower

Figure 2 | Heatmaps of environmental variables (a) water temperature (°C), (b) DO (mg/L), (c) pH, and (d) turbidity (NTU) collected in FCR and
BVR for 2020 through 2023. Black lines at the top of each figure represent sampling times. White dashed lines represent turnover in the
reservoir. Dates of activation and inactivation of the HOx system are shown in Table 1.
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pH (5–6.5) were observed in FCR just prior to turnover in 2021 and 2023 and in BVR in 2023. Following turnover, pH stabil-

ized to approximately 7 throughout the water column in both reservoirs.
Turbidity was generally higher in FCR than in BVR across years (Figure 2(d)). In 2020, FCR exhibited the highest turbidity

levels throughout the water column, with persistent elevations from April to November and bottom water spikes reaching

.50 NTUs. From 2021 to 2023, surface turbidity spikes (∼10 NTU) were observed in FCR around July, followed by increased
bottom water turbidity from August until turnover. After turnover, FCR turbidity homogenized to ∼5 NTU, which was lower
than post-turnover turbidity in BVR. BVR maintained relatively low turbidity (∼2 NTU) throughout most years, except for a

notable surface water spike (∼30 NTU) in July 2022 and post-turnover increases (∼10 NTU) in 2022 and 2023.

3.2. Metal concentrations

Total and dissolved metal concentrations exhibited distinct spatial and temporal patterns in FCR and BVR from 2020 to 2023.

Aluminum primarily occurred as particulates in both reservoirs, with notable temporal variability based on the relatively high
total and low dissolved concentrations. A spike (.0.3 mg/L) in total Al concentrations was observed in FCR in April 2020
(Figure 3). Both reservoirs exhibited elevated total Al concentrations (.0.05 mg/L) from the start of sampling through

early summer in 2020 and 2021. In 2022, BVR experienced elevated (.0.05 mg/L) total Al in the spring, around June,
and again in November, with FCR following a similar but less pronounced pattern. The Al concentration peaks exceeded
the EPA’s SMCL range of 0.05–0.2 mg/L, with the highest Al concentration reaching 0.69 mg/L in FCR. In contrast, total

Al concentrations in 2023 were lower than in previous years for both reservoirs. Dissolved Al remained consistently low
across all years and reservoirs, except for a muted increase in 2020 that followed a similar trend to total Al.

Barium concentrations exhibited similar seasonal patterns in FCR and BVR, with the highest concentrations occurring in
the hypolimnion from late summer into fall (Figure 4). In FCR, following the activation of the HOx system, both total and

dissolved Ba concentrations decreased in the hypolimnion compared with non-oxygenated BVR. After the fall turnover,
Ba concentrations became more uniform throughout the water column in both reservoirs. Across all sampling years, Ba con-
centrations remained well below the EPA MCL of 2.0 mg/L, with the maximum observed concentration of 0.12 mg/L.

Copper concentrations were consistently low in both reservoirs relative to the EPA’s MCL (1.3 mg/L) and SMCL
(1.0 mg/L) (Figure 5). However, differences between reservoirs were evident, with more Cu in FCR than BVR, likely due
to the addition of copper sulfate in FCR. In both reservoirs, total Cu exceeded dissolved Cu concentrations, indicating the

Table 1 | Dates of when the HOx system turned on and off in FCR from 2020 to 2023, and the cumulative O2 added to the hypolimnion of FCR
for each year in kg

HOx on date HOx off date Annual cumulative O2 (kg)

2020-06-11 2020-09-11 3,473.2

2020-09-25 2020-12-02

2021-06-11 2021-06-26 3,335.5

2021-07-12 2021-07-14

2021-07-26 2021-09-05

2021-09-14 2021-12-06

2022-03-22 2022-03-24 4,059.9

2022-03-29 2022-04-03

2022-05-19 2022-06-13

2022-06-21 2022-08-25

2022-08-29 2022-12-12

2023-03-06 2023-03-07 5,815.7

2023-03-07 2023-05-29

2023-05-30 2023-06-19

2023-06-19 2023-08-22

2023-08-22 2023-12-04
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presence of particulates containing Cu. In FCR, elevated total Cu concentrations (.0.002 mg/L) were observed in the hypo-
limnion in April 2020, April–June 2022, and June–July 2023. Dissolved Cu exhibited periodic increases (.0.002 mg/L) in the
surface waters of FCR, notably in June 2020, June–July 2021, and July 2022 and 2023.

Figure 3 | Heatmaps show depth profile (surface to 9 m) of total Al and dissolved Al concentrations in FCR and BVR from 2020 to 2023. The
white dashed lines represent turnover in the reservoir. The color gradient reflects both total and dissolved concentrations. The EPA’s SMCL
for Al concentrations in drinking water is 0.05–0.2 mg/L. Dates of activation and inactivation of the HOx system are shown in Table 1.

Figure 4 | Heatmaps show depth-related profile (surface to 9 m) of total Ba and dissolved Ba concentrations in FCR and BVR from 2020 to
2023. The white dashed lines represent turnover in the reservoir. The color gradient reflects both total and dissolved concentrations. The
EPA’s MCL for Ba concentrations in drinking water is 2.0 mg/L. Dates of activation and inactivation of the HOx system are shown in Table 1.
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3.3. Metal mass removal

Cumulative metal mass removal from the water column varied across years and reservoirs for each metal (Figure 6). The high-

est mass removal for Al, Ba, and Cu in both FCR and BVR was in 2022. Conversely, 2020 recorded the lowest mass removals
in BVR and comparatively low, near-mean values in FCR. Mass removals measured in 2021 and 2023 were generally in the
middle, clustering around the multi-year means for most metals and thus representing typical conditions during the study
period.

Figure 5 | Heatmaps show depth-related profile (surface to 9 m) of total Cu and dissolved Cu concentrations in FCR and BVR from 2020 to
2023. The white dashed lines represent turnover in the reservoir. The color gradient reflects both total and dissolved concentrations. The
EPA’s MCL for Cu concentrations in drinking water is 1.3 mg/L, and the SMCL is 1.0 mg/L. Dates of activation and inactivation of the HOx
system are shown in Table 1.

Figure 6 | Al, Ba, and Cu cumulative metal removal in g/m2 for 2020–2023. Black diamonds are the mean metal removal across years for
each reservoir. Red is non-oxygenated BVR, blue is oxygenated FCR. The p-value reflects a statistical difference between reservoirs using a
paired t-test for Ba, Cu, and a Wilcoxon signed rank test for Al. See Supplementary Tables S8 and S9 for values.
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We observed differences in mass removal among the metals. Aluminum mass removal was greater in BVR (mean¼
14.68 g/m2) in comparison with FCR (mean¼ 9.57 g/m2) across years, suggesting minimal influence from oxygenation on
Al concentrations (Figure 6(a)). While there was not a statistically significant difference in Al mass removal between FCR
and BVR (p-value¼ 0.38), the variation in metal mass removal was greater in BVR (sd¼ 10.77 g/m2) than in FCR (sd¼
2.48 g/m2). Barium mass removal was consistently greater in FCR (mean¼ 0.68 g/m2) in comparison with BVR (mean¼
0.34 g/m2) across years, but the difference was not statistically significant (p-value¼ 0.10). Both reservoirs had similar stan-
dard deviations (BVR¼ 0.28 g/m2; FCR¼ 0.30 g/m2) (Figure 6(b)). In contrast to the two other elements, copper mass
removal was significantly different between reservoirs (p-value¼ 0.01). FCR had greater Cu removal (mean¼ 0.09 g/m2) in

comparison with BVR (mean¼ 0.02 g/m2); however, removal in FCR (sd¼ 0.03 g/m2) was more variable than BVR (sd¼
0.01 g/m2) (Figure 6(c)).

3.4. Discharge, precipitation, and metal loads

Higher precipitation corresponded with increased inflow (Supplementary Figure S2) to FCR. In 2020, the highest precipi-
tation (1,517 mm) and discharge (14.3 m3/s) occurred among the 4 years observed. Total precipitation (842 mm) was
substantially lower in 2021, yet discharge remained relatively high (10.26 m3/s). In 2022, precipitation increased to

1,240 mm, but total discharge (7.41 m3/s) was about half of that in 2020. By 2023, discharge dropped to its lowest
(3.27 m3/s), even though total precipitation (910 mm) was similar to that of 2021.

Precipitation and discharge influenced metal loading patterns in FCR across years (Figure 7). Aluminum exhibited the high-

est loads, particularly during sustained high-flow events. This trend was evident from May to July 2020 (Figure 7). In 2020, all
metals reached their maximum observed loads, with Al reaching 792.6 kg, substantially higher than Ba (32.72 kg) and Cu
(1.403 kg). In 2023, discharge was at its lowest, and metal loads had decreased dramatically compared with the wet year

of 2020, with Al decreasing by 96.85% (24.94 kg), Ba by 96.99% (0.99 kg), and Cu by 96.88% (0.04 kg). Barium loads
showed only subtle increases corresponding with elevated discharge, generally peaking when Al loads were at their highest.
In contrast, Cu loads did not display clear temporal patterns related to discharge in comparison with Al or Ba. Metal loads for
2021 and 2022 are shown in Supplementary Figure S3.

Analysis of suspended sediment collected from the ISCO sampler in October 2024 using SEM (Supplementary
Figure S1(a)) showed variations in morphology, including blocky and platy particles. SEM imaging distinguished the

Figure 7 | Metal inflow loads to FCR in kg for 2020 (wet year) and 2023 (dry year) calculated using discharge calculations and samples from
an ISCO sampler at the inflow tributary to FCR. Metal loads were not calculated for BVR because inflow data were not collected.
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morphology of the physically weathered particles in the inflow. Analysis of elemental composition by EDS revealed Al and Si

as the most abundant elements (Supplementary Figure S1(b) and S1(c)). Ba and Cu were not detected in the EDS analysis.
Overlapping Si and Al detection shows that Si and Al are present together, suggesting the presence of aluminosilicate min-
erals, such as clays or feldspars.

3.5. Grouping metals with similar variance patterns

PCA results for total metal concentrations in FCR for 2020 through 2023 reveal that the first PC (Dim1) captured 48% of the

variance in the dataset, and the second PC (Dim2) captured 16% of the variance in the dataset. Al, Li, Na, Mg, K, Ca, Sr, Ba,
Mn, and Fe had stronger contributions to the PCA in comparison with Si and Cu, as shown by their differences in arrow
length and color (Figure 8).

In the PCA for FCR (Figure 8), the elements are grouped together following expected behaviors. Fe, Mn, and Ba were

grouped closely together and in the same quadrant, suggesting similar variances in their patterns. Ca, Mg, K, Sr, and Na
were grouped in the same quadrant, suggesting different processes affected their variances in comparison with the other
groups. Al and Li were grouped together in a quadrant opposite to Ca, Mg, K, Sr, and Na, suggesting that their patterns

were inversely related.
PCA results for total metal concentrations in BVR for 2020 through 2023 revealed similar patterns to FCR (Figure 8). The

first PC (Dim1) captured 46.9% of variance, and the second PC (Dim2) captured 16.9%, making the total variance explained

relatively the same (FCR¼ 64%, BVR¼ 63.8%), meaning that the analysis captured the patterns in FCR and BVR metal con-
centrations similarly. Similar to FCR, Na, Mg, K, Sr, Ca, Ba, Fe, and Mn had strong contributions, while Si, Li, and Al had
slightly weaker signals, and Cu had the weakest contribution. Ba, Fe, and Mn were all clustered very close to each other,
suggesting strong similarities, similar to FCR. Al and Li were pointing in the opposite direction of Na, K, and Mg, suggesting

a negative relationship between their patterns. Sr and Ca were grouped very close to each other, again separating the two
groupings.

3.6. Comparing drivers of metal concentrations

Results of the ARIMA models suggest that total Al concentrations in FCR in 2020 were driven by hydrologic variables
(Table 2), including turbidity (coefficient¼�0.351), rainfall (coefficient¼ 0.257), and inflow Q (coefficient¼ 0.498). The

negative relationship with turbidity suggests that as turbidity increased, Al concentrations decreased. Inflow Q had the stron-
gest relationship, indicating that increased inflow led to higher Al concentrations, with the same pattern observed with

Figure 8 | PCA of FCR and BVR for 2020 through 2023 using depths captured at the deepest sites of both reservoirs. The color of the arrow
represents the contribution that metal made toward the PC.
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rainfall. No significant predictors were identified for Al in FCR in 2023 or in BVR across any years. Results for 2021 and 2022

are in Supplementary Table S5.
ARIMA results for Ba show that concentrations in both reservoirs were influenced by geochemical variables (Table 2). In

FCR, Ba was driven by DO (coefficient¼�0.784; �0.689) in both 2020 and 2023, respectively. The negative relationship with

DO suggests that increasing oxygen levels were associated with lower Ba concentrations. In BVR, Ba concentrations in 2023
were influenced by pH (coefficient¼�0.774) and turbidity (coefficient¼�0.800) in 2023, with no significant predictors
identified in 2020. The strong negative relationship with pH suggests that as pH increased, Ba concentrations decreased.

There was an inconsistent relationship of Ba with turbidity and pH across both reservoirs. Results for 2021 and 2022 are
in Supplementary Table S6.

ARIMA models suggest that Cu concentrations in FCR were driven by a combination of hydrologic and geochemical vari-

ables (Table 2). In 2020, Cu was influenced by turbidity (coefficient¼�0.324), while in 2023, inflow Q (coefficient¼ 0.544)
and DO (coefficient¼ 0.573) were significant predictors. The negative relationship with turbidity suggests that as turbidity
increased, Cu concentrations decreased, while the positive relationship with inflow Q and DO indicates that higher flow
rates or DO increased Cu concentrations. No significant predictors of Cu were identified in BVR. Results for 2021 and

2022 are in Supplementary Table S7.

4. DISCUSSION

4.1. Aluminum concentrations influenced by hydrologic drivers

Aluminum concentrations in FCR were influenced by hydrologic drivers, including rainfall and discharge. The strongest evi-
dence comes from the observed relationship between total Al and discharge, where concentrations increased during high-
flow events (Figure 3), releasing a high Al load to FCR (Figure 7). These results align with previous findings that link elevated

Al concentrations with surface runoff and storm events, during which total Al is mobilized from weathered soils and sedi-
ments (Mukundan et al. 2013; Edzwald 2020; He et al. 2021). SEM-EDS analyses of inflow sediment suggest the presence
of aluminosilicate minerals (Supplementary Figure S1), supporting the hypothesis that physical weathering of soils in the

watershed is a key source of Al to our study reservoirs.
The observed concentrations of total Al (Figure 3) were mostly within the range expected for insoluble Al forms, particu-

larly since the pH in both reservoirs generally remained between 6 and 8.5 (Figure 2(c)), where Al is largely insoluble

Table 2 | Results of ARIMA modeling for total Al, Ba, and Cu for FCR and BVR in 2020 (wet year) and 2023 (dry year)

pH was omitted from the 2020 model due to missing data. s.e.¼ standard error. Color refers to the driving process (blue¼ hydrologic, green¼ geochemical). Only significant predictors

were included (t-statistic. |2|). NA¼ no significant predictors. Model AIC, AICc, and BIC values are in Supplementary Tables S5–S7.
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(Edzwald 2020). Higher than expected dissolved Al concentrations in some samples are likely due to our use of 0.45 μm fil-

ters, as smaller particles containing Al may have passed through those filters.
Hydrologic control on Al concentrations was further supported by the ARIMA models, which revealed strong hydrologic

predictors during the wet year of 2020 (Table 2). Aluminum was grouped separately in the PCA (Figure 8), suggesting that the

processes governing its distribution differ from those of redox-sensitive or chemically weathered metals. This separation is
consistent with the limited redox sensitivity of Al and its low solubility and dominance in particulate forms under the
observed pH conditions (Edzwald 2020). Metal removal data showed greater overall Al removal in BVR compared with
FCR (Figure 6(a)). This difference likely reflects higher catchment contributions of BVR due to its larger size (Figure 1); how-

ever, additional data would be needed to test this, as we did not collect inflow measurements at BVR.
The negative relationship between Al and turbidity in 2020 was unexpected, as we hypothesized that Al would be positively

correlated with turbidity. One possible explanation could be hysteresis, but we do not have enough data or other information

to address this.

4.2. Barium concentrations influenced by geochemical drivers

Our results suggest that Ba concentrations in FCR and BVR were influenced by geochemical processes, specifically redox

reactions and pH-dependent adsorption. The PCA grouped Ba with Fe and Mn (Figure 8), metals that are both well-documen-
ted for their redox sensitivity in stratified reservoirs (Davison 1993). Barium itself is not redox-sensitive, but it associates with
these redox-sensitive metals (Fe and Mn) through adsorption (Sugiyama et al. 1992).

The heatmaps showed a clear influence of reservoir stratification on Ba, with elevated concentrations in the hypolimnion

during the late summer and early fall (Figure 4). The Ba concentrations decreased in FCR following the activation of the HOx
system but remained elevated in non-oxygenated BVR (Figure 4). This pattern suggests that the HOx system in FCR sup-
pressed Ba release from sediments, likely through the precipitation of HFOs/HMOs, which also act as sorbents for Ba

(Sugiyama et al. 1992). This interpretation is supported by the metal removal data (Figure 6(b)), which showed greater Ba
removal in FCR than in BVR, although the difference was not statistically significant.

ARIMA modeling revealed a negative relationship between DO and Ba in FCR (Table 2), consistent with redox-driven

mobilization during reductive dissolution of HFOs or HMOs, resulting in desorption of Ba. As DO increased in the
bottom waters, the formation of HFOs and HMOs likely enhanced Ba sorption and removal. A negative relationship between
Ba and pH was observed in BVR (2023) (Table 2), suggesting the release of Ba under lower pH conditions. This trend agrees

with previous studies showing that Ba sorption onto HFOs/HMOs decreases with decreasing pH (Sajih et al. 2014). Hydro-
logic drivers appeared less important for Ba concentrations, as Ba inflow loads into FCR did not increase significantly during
high-flow events (Figure 7), and with the exception of a negative relationship with turbidity in 2023, ARIMA modeling did not
show a significant influence of hydrologic drivers Q or precipitation.

4.3. Copper behavior obscured by low concentrations

Copper concentrations in both FCR and BVR were frequently lower than the instrument’s minimum reporting level of
0.001 mg/L, limiting the resolution of patterns detectable in PCA and ARIMA statistical models. The low frequency of detec-

tion obscured hydrologic and geochemical signals, especially in BVR, where copper sulfate was not added for algal control.
However, in FCR, where copper sulfate had been added for algal control periodically from 2012 to 2019 (Supplementary
Table S1), Cu concentrations were detected in the water column more frequently than in BVR (Figure 5), allowing limited

ARIMA model resolution, which showed the positive predictor of discharge and negative predictor of turbidity (Table 2).
However, Cu loads were low, even during high discharge events (Figure 7), suggesting that external hydrologic inputs
were not major drivers of Cu concentrations.

The strongest evidence of geochemical drivers on Cu concentrations came from the metal removal plots (Figure 6(c)),

which showed significantly greater Cu mass removal in oxygenated FCR compared with non-oxygenated BVR. This aligns
with previous work showing that Cu has a strong affinity for adsorption onto HFOs and HMOs (Sigg et al. 1987; Bora &
Dutta 2019). As DO increased in the hypolimnion of FCR due to the HOx system, Cu likely absorbed into newly formed

HFOs and HMOs and precipitated out of the water column. Under reducing conditions, we predicted that Cu would be
released to the water column due to reductive dissolution of HFOs and HMOs. However, our ARIMA results showed a posi-
tive relationship between DO and Cu concentrations in the FCR hypolimnion. The lack of strong evidence for redox
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sensitivity of Cu likely reflects the low frequency of Cu detection in this dataset, rather than a true absence of redox-related

behavior.

4.4. Interannual variability of metal concentrations

Results from our 4-year study show interannual variability of metal concentrations in BVR and FCR. As BVR is not oxyge-
nated, this variability is inherent to environmental conditions, such as precipitation events and duration/intensity of

reservoir stratification, that impact metal behavior. For FCR, the variability is additionally affected by the activation of the
HOx system. Thus, both environmental and operational conditions are important for evaluating metal concentrations,
which requires multiple years of data collection and analysis.

4.5. Implications for water treatment

Increasing water scarcity and changes in climate and land use across the globe are making forecasting of water quality, and

thus, water treatment, more challenging. For example, increasing the duration of stratification leads to increases in anoxia in
the bottom waters of lakes and reservoirs worldwide (e.g., Jane et al. 2023), which impacts redox-sensitive metals. In addition,
the increasing intensity of precipitation and storms in many parts of the world due to climate change, compounded with

changes in land use, is increasing the input of physically weathered metals into water bodies. Thus, developing methodologies
for evaluating the drivers of the concentrations of contaminants of interest, in this case, metals, can aid water managers in
preparing for treating water quality issues. In the case of metals that are redox-sensitive, deploying HOx systems and/or acti-

vating them earlier in the stratification season can help prevent the accumulation of metals in the water column. In the case of
metals that are associated with physical weathering and are mobilized by hydrologic processes, increasing the capacity for
filtration and/or flocculation can improve treatment.

5. STUDY LIMITATIONS

This study had several limitations that may affect the interpretation of the results. First, Cu concentrations were frequently at
or below the instrument detection limit (0.001 mg/L), resulting in reduced statistical power and hindered robustness for Cu

interpretation in both multivariate and time-series analyses. Second, some geochemical parameters were measured inconsist-
ently across reservoirs and years, limiting the set of predictors that could be incorporated into the ARIMA and potentially
masking important drivers of interannual variability. Third, discharge and load measurements were available only for

FCR; BVR, located at the watershed headwaters and fed by multiple tributaries, lacks inflow and load measurements. Con-
sequently, hydrological comparisons could be conducted only for FCR. Future work that includes more consistent
environmental data collection across sites and years, and measurement of flow in tributaries of BVR, would strengthen assess-

ments of metal variability across these reservoirs.

6. CONCLUSIONS

The primary goal of this study was to determine the hydrologic and geochemical drivers of Al, Ba, and Cu concentrations in
drinking water reservoirs in southwestern VA. Overall, our results demonstrate that metal behavior in these systems was gov-
erned by a combination of hydrologic inputs, redox conditions, and pH-dependent adsorption processes, with differences

observed across metals and between reservoirs.
This study also emphasizes the value of integrating multiple lines of evidence to disentangle the processes influencing metal

concentrations. The combined use of PCA, ARIMA, metal mass removal estimates, and water column observations over 4
years of data collection allowed us to identify distinct patterns in metal behaviors that varied across years, highlighting

both recurring seasonal trends and year-specific responses to geochemical and hydrologic conditions. Together, these
approaches provide critical insights for managing metal contaminants in drinking water sources, especially under changing
climatic and operational conditions.
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