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Abstract Ocean acidification (OA) is often defined as the gradual decline in pH and aragonite saturation
state (Q,) for open ocean waters as a result of increasing atmospheric pCO,. Potential long-term trends in
pH and Q4 in estuarine environments are often obscured by a variety of other factors, including changes in
watershed land use and associated riverine carbonate chemistry and estuarine ecosystem metabolism. In
this work, we investigated the anthropogenic impacts on pH and Q4 over three decades (1986-2015) in
Chesapeake Bay using retrospective coupled hydrodynamic-biogeochemical model simulations. Simulation
results demonstrated a clear estuarine acidification signal in the midbay region, with a long-term increase in
the annual duration of acidified bottom waters (pH < 7.5, ~2 days/yr) as well as a shallowing of the
saturation horizon (~0.1 m/yr). In contrast, scenario results revealed basification in the upper bay consistent
with increased alkalinization of the Susquehanna River. Significant long-term pH and Q4 declines in the
lower bay were driven by nearly equal contributions from OA and lowered surface ecosystem production.
The midbay pH variability was primarily influenced by OA and biological processes, while river basification
along with OA played a key role in regulating the long-term Q4 variability. This study quantifies the
contributions from multiple anthropogenic drivers to changes in estuarine carbonate chemistry over three
decades, highlighting the complex interactions in regulating the dynamics of pH and Qa, and informing
regional natural resource management and ecosystem restoration.

1. Introduction

Ocean acidification (OA) is often defined as the gradual decline in pH (~0.11 since the industrial revolution)
and saturation state of calcium carbonate minerals (Q4,, ~0.5 with respect to aragonite) for surface
open-ocean waters as a result of increasing atmospheric pCO, (Feely et al., 2004). In addition to the
well-studied trends in the open ocean, variability of pH and saturation state at shorter time scales in coastal
areas has been explored through field observations and modeling approaches in the Gulf of Mexico (Cai
et al., 2011; Laurent et al., 2017, 2018; Sunda & Cai, 2012), Baltic Sea (Carstensen et al., 2018; Miiller
et al., 2016), East China Sea (Cai et al., 2011), California Current (Feely et al., 2018; Hauri et al., 2013),
and Gulf of Alaska (Pilcher et al., 2019; Siedlecki et al., 2017). These studies have displayed high spatial
and temporal variability and complex controls on coastal pH and saturation state resulting from the inter-
play of exchanges with the open ocean and atmosphere, watershed inputs, and intense ecosystem metabo-
lism in both deep and shallow water habitats (Bauer et al., 2013; Regnier et al., 2013). These complexities
present a challenge for managing and anticipating acidification effects in coastal environments, which are
critical natural habitats for many ecologically and economically important organisms (Waldbusser &
Salisbury, 2014).

Previous efforts to understand long-term drivers of pH have revealed that the pH decline in coastal environ-
ments can be much larger than that predicted from ocean acidification (Cai et al., 2011; Duarte et al., 2013;
Feely et al., 2010; Van Dam & Wang, 2019; Waldbusser et al., 2011) and that increasingly acidified water may
place significant impacts on marine calcifiers (Long et al., 2016; Waldbusser et al., 2015). In contrast,
changes in land use and increasing runoff can enhance alkalinity export from land to coastal ecosystems
through chemical weathering (Raymond et al., 2008). For example, human-accelerated weathering has been
linked to statistically significant increasing trends in alkalinity in the eastern United States, where increased
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river alkalinization was observed at over 60% of total 97 sites (Kaushal et al., 2013). Similarly, increasing pH
trends were typical in freshwater rivers and streams throughout all regions of the contiguous United States
(Kaushal et al., 2018). The enhanced buffering associated with elevated alkalinity and pH in riverine waters
(i.e., river basification) may counteract the tendency for pH and Q4 to decline in coastal waters as a result of
ocean acidification due to anthropogenic CO, emissions. Furthermore, human activities continue to alter
watershed exports of nutrients and particulate organic matter, which control rates of estuarine and coastal
ecosystem metabolism (Herrmann et al., 2015; Kemp et al., 1997) and therefore regulate carbonate chemis-
try in coastal environments. For example, long-term pH declines were absent or muted in shallow estuarine
systems receiving large riverine nutrient inputs due to high CO, uptake through enhanced primary produc-
tion (Borges & Gypens, 2010). Conversely, oxidation of organic matter originating from eutrophic surface
layers can produce high CO, levels in the subsurface waters during summer, leading to rapid pH declines
(Cai et al., 2011; Hagens et al., 2015; Mucci et al., 2011; Wallace et al., 2014).

Chesapeake Bay was once a habitat with abundant commercially important shell forming organisms and
also suffers from chronic eutrophication, where elevated inputs of nutrients and organic matter have fueled
the development of estuarine hypoxia (Hagy et al., 2004; Testa & Kemp, 2012) and acidification (Shen
et al., 2019). Bay-wide watershed management of nutrient inputs aimed at limiting eutrophication and
hypoxia may also influence spatiotemporal variability of pH and saturation state by regulating internal
metabolic processes (e.g., respiratory CO, production). Analyses of 24 years (1985-2008) of observations
revealed statistically significant declines in seasonally averaged daytime pH within polyhaline surface
waters, but found a general increasing pH trend in oligohaline and mesohaline waters (the upper parts of
the estuary) during summer (Waldbusser et al., 2011). Long-term observations within the major freshwater
sources to Chesapeake Bay revealed robust basification signals, particularly in the Susquehanna River which
contributes over half of the freshwater to the main stem (Kaushal et al., 2013, 2018). While this river “basi-
fication” could possibly increase the pH and saturation state in the very upper bay through direct inputs of
highly buffered water, the long-term variability of carbonate chemistry along the full salinity gradient from
freshwater to ocean waters (particularly for the middle and lower bay) is less clear.

Existing experimental work and field observations are inadequate to isolate and quantify the contributions of
multiple anthropogenic controls on pH and saturation state in coastal environments, due to complex
physical-biogeochemical interactions and limited spatiotemporal coverage in observations. In this study,
we overcame these limitations by implementing a high-resolution, regional hydrodynamic-biogeochemical
model that explicitly accounts for variable anthropogenic drivers on carbonate chemistry over a period
constrained by observations. The model was configured for 30-year retrospective simulations (1986-2015)
where the effects of three anthropogenic signals were removed to identify and quantify the key processes
(including ocean acidification, tributary basification, and estuarine metabolism) in affecting bay-wide
long-term variability of pH and Q,, over regional and seasonal scales. Our findings highlight the seasonal
dependence of regional trends in pH and Qa, to specific external drivers, which can be used to inform
regional watershed management and investigations of other large eutrophic environments under pressure
of significant anthropogenic perturbations.

2. Materials and Methods

The hydrodynamic model used in this study is the Regional Ocean Modeling System (ROMS) configured for
Chesapeake Bay as described by Li et al. (2005) and Zhong and Li (2006). The domain extends from the
Susquehanna River to the Mid-Atlantic Bight with a mesh grid of 80 x 120 cells (~1-km width, Figure 1).
The model adopts the sigma coordinate system in the vertical direction and is set up with 20 layers uni-
formly. The biogeochemical model Row Column Aesop (RCA) simulates two phytoplankton groups, as well
as state variables representing particulate and dissolved organic carbon, nitrogen and phosphorus, dissolved
inorganic nitrogen, phosphorus, silica, and O, (Li et al., 2016; Testa et al., 2014). It also includes a two-layer
sediment diagenesis module which simulates the cycling of carbon, nitrogen, phosphorus, silica, sulfur, and
O, (Brady et al., 2013; Testa et al., 2013). Hourly averages of physical outputs from ROMS were used to cal-
culate the advection and diffusion of state variables in RCA. Riverine nutrient and organic matter inputs
were obtained from routine monitoring stations in eight major river tributaries of the bay. We did not
include direct inputs of organic matter and nutrients to tidal waters from atmospheric deposition and
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Figure 1. Bathymetry, tributaries, and the model grid of Chesapeake Bay. The inset figure displays routine, long-term
monitoring stations along the main stem of the estuary. The dashed lines represent the boundaries between upper,
mid, and lower bay.

point source loading given that the majority of these input changes are captured in fall line inputs. A detailed
description of the model configuration was presented in Testa et al. (2014).

A carbonate chemistry module is coupled to RCA and tracks carbonate chemistry variables including dis-
solved inorganic carbon (DIC), total alkalinity (TA), and aragonite CaCOj3. The module has been previously
validated against a diversity of field observations (rate processes, concentrations) measured in 2016, and suc-
cessfully reproduced vertical and horizontal gradients of pH, DIC, and TA over an annual cycle (Shen
et al., 2019). The most important internal sources (and sinks) for the water column carbonate state variables
(DIC, TA, CaCOs) in the model include primary production/respiration, nitrification/denitrification, sulfate
reduction and oxidation, calcium carbonate precipitation/dissolution, and sediment-water exchange. Air sea
flux is parameterized as a function of transfer velocity, solubility, and the pCO, difference between surface
water and the overlying atmosphere and only affects the DIC in the model. Other components of the carbo-
nate chemistry system including pH (NBS scale), CO,, HCO; ™, CO5%~, pCO,, and Q,, are diagnostically cal-
culated based on the model outputs (e.g., salinity, temperature, DIC, TA, silica, and phosphate) with the
CO2SYS program (Lewis & Wallace, 1998). For the calculations, the dissociation constants (K1 and K2) were
used following Cai and Wang (1998), and KHSO, was from Dickson et al. (1990). Q4, is computed as a
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Figure 2. Time series of carbonate system properties in the Susquehanna River from 1986-2015, including the
observed values (black circles) and values detrended to remove the long-term increases in TA and pH (gray circles).
(upper panel) Total alkalinity, (middle panel) pH, and (lower panel) calculated DIC with alkalinity and pH. The dashed
lines are the best fit for the long-term trends in these two data sets.

function (Equation 1) of the concentrations of calcium ion (Ca*) and CO;>~, as well as the temperature and
pressure-dependent stoichiometric solubility product with respect to aragonite (Ksp).

Qur=[Ca**][COT | /Ky 6))

While previous modeling efforts in Chesapeake Bay addressed spatial and seasonal patterns in carbonate
system processes and concentrations in a single year (Shen et al., 2019), here we sought to understand con-
trols on long-term trends in carbonate system properties (e.g., Waldbusser et al., 2011). To disentangle the
impacts of variable anthropogenic forcing on the long-term variability of pH and Q,, in Chesapeake Bay,
we designed three model sensitivity scenarios, which included a realistic retrospective simulation (from
1986-2015) forced by the observed riverine, atmospheric, and ocean boundary conditions (“Base” simula-
tion), a scenario that omitted ocean acidification from the atmosphere and adjacent coastal ocean (NOA),
and a scenario where river basification associated with long-term increases in riverine TA and pH was
omitted (NBasi). The model was forced by riverine inputs from eight major tributaries to Chesapeake Bay,
of which the Susquehanna and Potomac Rivers contribute 80% of the flow (see Table S1 in the supporting
information). We altered the nutrient and carbonate chemistry trends in a subset of these rivers to accom-
plish model scenarios. For the Base simulation, TA at the freshwater boundary was prepared with
long-term historical observational data at nearby USGS stations (Figure 2). DIC concentrations during the
simulation period (1986-2015) were not measured, and river boundary DIC concentrations were calculated
through CO2SYS with the available TA and pH measurements. While the historical pH data, typically mea-
sured using glass electrodes, tends to have a relatively high uncertainty, we performed a comparison
(Figure S1) between the calculated DIC (from pH and TA in measured in 2016) and observed DIC at station
CBL1.1 (mean salinity = 0.1). The calculated DIC was extremely close to DIC measured in 2016, with ~1%
relative absolute error, suggesting that our calculated long-term DIC can accurately represent the freshwater
boundary forcing. We also recomputed the pH time series of the Susquehanna River 200 times assuming the
potential for all pH observations to vary within a range of 0.1 pH units. The results suggest a maximum
potential change in the pH slope of ~9% (Figure S2), which is not large enough to likely overcome the
reported trends. Ca** for the Q,, calculation was not dynamically simulated in the model and was approxi-
mated using a linear regression to salinity instead (Riley & Tongudai, 1967). As this approximation
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approaches zero at the freshwater endmember, which significantly underestimates the freshwater saturation
state, we used observed Ca®* concentrations (USGS) at regions where salinity <1.0 psu. At salinity >1.0 psu,
the difference is small as the oceanic Ca** component increases rapidly. TA at the ocean boundary for the
Base run was calculated through the empirical linear relationship (TA = 47.59*Sal + 640.77, r* = 95%) fitted
with cruise data from East Coast Program (Brodeur et al., 2019). Ocean boundary DIC was calculated with
the available TA, fCO, from SOCAT (Bakker et al., 2016), salinity, and temperature using CO2SYS.
Atmospheric pCO, data were obtained from NOAA-ESRL (https://www.esrl.noaa.gov/gmd/ccgg/trends/)
with ~1.8 ppm increase each year.

The major tributaries of Chesapeake Bay were characterized by significant increases of TA and pH over the
past several decades, with particularly strong increases in the Susquehanna River that had an average
increase rate of 12 umol kg™ per year for TA and 0.015 units per year for pH, respectively, from 1986 to
2015 (Figure 2). We detrended the TA and pH in riverine inputs over the simulation period to generate
inputs without long-term basification (Figures 2 and S3-S5). The NBasi scenario was therefore driven by
the new tributary inputs (e.g., TA, DIC) while the other forcing from the Base scenario was kept the same.
Historical TA data at the lower bay area (Rappahannock River, James River, and York River) were not avail-
able and were derived through TA-discharge relationship based on limited field measurements. We used the
same TA and pH data for these lower bay rivers in the Base and NBasi scenarios. While this study focused
on external changes in carbonate system forcing, we also note that nitrate + nitrite (NO3~ + NO,")
loading from the Susquehanna River decreased ~14% (Figure S6) over the timeframe of our simulations
(e.g., Zhang et al., 2015). Thus, we also performed a simulation where the long-term nitrate and nitrite reduc-
tion from the Susquehanna River was removed to simulate the potential impact of nutrient reductions on the
modeled pH trends. The scenario run without ocean acidification (NOA) used the same driving forcing as
the Base run, except the ocean TA/DIC boundary and the atmospheric pCO, levels, which were all forced
to the same level as those of year 1986 (first year of simulations), assuming no impacts from anthropogenic
CO, emissions over the past 30 years.

The coupled hydrodynamic-biogeochemical model has been validated against a wide range of observed bio-
geochemical rate and concentration data (e.g., Chl a, ammonium, particulate organic carbon, DIC, TA,
primary production/respiration, sediment-water fluxes) in Chesapeake Bay at multiple time and space scales
(Li et al., 2016; Shen et al., 2019; Testa et al., 2014; Zhong & Li, 2006). Field observations (since 1984) along
the main stem (Figure 1) were collected by the Chesapeake Bay Program and can be accessed through the
data portal (http://data.chesapeakebay.net). In this study, we compared the long-term pH trends in the
upper, mid, and lower bay between the model simulations and observations. Analyses of long-term pH
and Q,, variability between different scenarios focused on the spring and summer periods. The spring
includes months of April, May, and June, and summer includes June, July, August, and September, corre-
sponding to important growth periods for adult and juvenile oysters, respectively (Waldbusser et al., 2011).
The average spring discharge of Susquehanna River over 1986-2015 was roughly 1,400 m* s™, compared to
600 m® s~ in summer.

3. Results and Discussion
3.1. Patterns of pH and QAr in Chesapeake Bay

We compared simulation results with historical observations of pH along the main stem of Chesapeake Bay,
where the model favorably predicted the surface (RMSE = 0.27, r = 0.73, p < 0.001) and bottom
(RMSE = 0.22, r = 0.72, p < 0.001) pH in the upper (CB2.2, mean salinity = 2.3), middle (CB4.3C, mean sali-
nity = 12.2), and lower bay (CB5.5, mean salinity = 16.5), respectively (Figure 3). The RMSE of pH compar-
isons, if averaged over spring and summer, reduced to 0.18 for surface waters and 0.14 for bottom waters.
Both field observations and model predictions displayed greater pH variability of surface waters along the
main channel relative to bottom waters, reflecting that surface water carbonate chemistry was regulated
by multiple physical and biogeochemical processes (e.g., photosynthesis, respiration, air-sea exchange,
freshwater-ocean water mixing). pH was lower in the upper bay (mean pH = 7.6) than seaward regions
(mean pH = 8.1) throughout the water column, as it was more directly influenced by the freshwater dis-
charge with comparably lower pH and buffer capacity. Summer pH variations within midbay surface and
bottom waters were particularly strong as a result of seasonal stratification (e.g., Murphy et al., 2011) and
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Figure 3. Comparisons of pH between observations and simulations at stations in the upper (CB2.2), middle (CB4.3), and lower (CB5.5) Chesapeake Bay
including surface waters (left panel), bottom waters (middle panel), and observed pH in the mid-bay bottom versus pH predicted from dissolved oxygen and
salinity (right panel). RMSE represents root-mean-square error, RE represents relative absolute error, ME is the mean absolute error, and r is the

correlation coefficient.

the subsequent decoupling of surface photosynthesis and bottom respiration (Shen et al., 2019).
Consequently, midbay bottom waters were vulnerable to hypoxia and acidification, with extremely low
DO and pH during summer (Cai et al., 2017; Li et al., 2016). DO was a highly significant predictor of pH,
especially in hypoxic regions where respiration is the dominant process regulating pH and DO via CO,
production and O, consumption (Feely et al., 2018; Shen et al., 2019). Salinity was also an important
covariate with pH in the midbay bottom, as revealed from a multiple linear regression model (Figure 3)
that explained a large fraction of observed pH variability from DO and salinity (r = 0.82, p < 0.001). Here,
the DO variation reflects respiration effects on pH (via CO, production), while salinity reveals the impacts
of wet/dry season alternations in freshwater influence and seasonal variations of buffer capacity
associated with the encroachment of higher TA/higher salinity oceanic water during the low-flow
summer period. The remaining unexplained variability reveals potential contributions from calcium
carbonate dissolution (Cai et al., 2017), nitrification/denitrification (Testa et al., 2018), and sulfate
reduction (Marvin-DiPasquale & Capone, 1998) that are regionally and seasonally important. In a large
region of bottom water in the middle and lower bay, where DO = 0 and salinity is ~20, pH approaches
7.3. This is a state of pH controlled jointly by complete aerobic oxygen consumption (bringing pH to 7.2)
and modified by sulfate reduction and the existence of H,S (bringing pH to slightly below 7.2), and
CaCOj dissolution that buffers against pH declines (Cai et al., 2017).

The long-term averaged, modeled vertical profile of Q,, along the main stem displayed large temporal and
spatial variations (Figure 4), revealing seasonally varying controls along the salinity gradient. In general, Qa,
increased with salinity in the along-channel direction and decreased with depth, which was consistent with
the patterns and values derived from field measurements in 2016 (Brodeur et al., 2019) and with the spatial
distribution of pH presented in previous studies (Shen et al., 2019). The upper bay was undersaturated
(Qar < 1; with 98.5% and 93.4% of the total volume in spring and summer) across the entire water column,
primarily due to the low Ca®* concentrations, although observed Ca®* data in low salinity regions were used
for calculation to avoid underestimations (see section 2). The lower bay was typically supersaturated
(Qar > 1) during spring (82.3%) and summer (97.2%) through mixing with the coastal ocean where Q,; is
~2.5 (Xu et al., 2017). Q4, in the mid bay varied considerably through the water-column, with oversaturation
(mean Q,, = 1.45) in the surface waters and undersaturation (mean Q,, = 0.72) in the bottom waters. This
was particularly clear during the summer months (surface Q5. = 1.86, bottom Q4, = 0.84) when stable
stratification developed, allowing for net CO, uptake in productive surface waters and net CO, production in
respiration-dominated bottom waters (e.g., Kemp et al., 1997; Smith & Kemp, 1995). Model results revealed that
Qar was higher in summer than in spring, as summer is typified by comparably lower riverine runoff from
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Figure 4. Along-channel distribution of long-term averaged aragonite saturation state (Q,) during spring (upper panel)
and summer (lower panel). The gray line represents the saturation horizon of Qa, = 1.0.

tributaries (e.g., Brodeur et al., 2019). A second consequence of low flow during summer is the northward
migration of the aragonite saturation horizon (Qa, = 1.0) toward the low-salinity region (Figure 4), thereby
reducing the undersaturation (dissolution favorable) volume for the main stem of Chesapeake Bay. In fact,
undersaturated water occupied over half of the main stem in spring with an average ratio of 55%, while this
ratio declined to nearly 28% during summer period according to the simulations.

3.2. pH and QAr Trends During 1986-2015

We examined the low-pH duration (i.e., number of days per year when pH < 7.5) across the bottom of
Chesapeake Bay for the 30-year simulation. Spatial variability along the salinity gradient was evident
(Figure 5), where bottom water in the lower bay and its tributaries, which frequently exchanged with
Mid-Atlantic Bight water, was characterized by pH typically >8.0. As such, no significant change in
low-pH duration was observed in the lower bay over the past 30 years. Simulations illustrated substantial
low-pH bottom water within the upper and midbay, where the mean annual duration reached its maximum
(~200 days) within the upper to middle bay transition region (Figure 5a), consistent with relatively lower
buffer capacity and high respiration rates (e.g., Cai et al., 2017; Smith & Kemp, 1995). A long-term increasing
trend of 1.0 day yr™" was observed at the bottom of this transition zone (Figure 5b), indicating gradual acid-
ification over the past 30 years, but in the central, seaward midbay bottom waters, the longest annual dura-
tion increases occurred with an average trend of 2 days yr~" (i.e., ~2-month increase from 1986 to 2015). In
contrast, the very upper bay where salinity is typically <5.0 displayed the opposite trend, including a shorter
duration at its bottom, possibly resulting from increased alkalinity and pH of freshwater inputs from the
Susquehanna River (Figure 2; Kaushal et al., 2013), increased Chl a (Testa et al., 2018; and presumably pri-
mary production), or both.

We also estimated the position of the aragonite saturation horizon (Qx, = 1.0) relative to the depth of the
water column across the main stem over the past three decades. This horizon in the midbay displayed a
relatively complex pattern, with oversaturation in the shallow flanks and surface waters of the deep central
channel (Figure 6a, 100% represents the entire column is saturated), but undersaturation in the bottom
waters of the deep central channel (%0 represents that the entire column is undersaturated). This is consistent
with the pattern of ecosystem metabolism in the midbay and other estuarine systems, with net autotrophy
(primary production greater than total respiration) in the shallow nearshore area, but net heterotrophy in
the deep central channel where pH and Q,, are consistently low (Crosswell et al., 2017; Testa et al., 2014).
No significant long-term trends were noted in low salinity regions, where model results suggested that
the shallow upper bay was consistently undersaturated due to influence by freshwater inputs and high
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Figure 5. (left panel) Model-simulated mean annual low-pH duration (days of pH < 7.5) in the bottom waters of
Chesapeake Bay during 1986-2015. (right panel) Long-term trends (days per year) of the low-pH duration from
1986-2015 in the bottom of Chesapeake Bay. Negative trends (e.g., the upper bay) represent a decreasing annual low-pH
duration while positive trends (e.g., the midbay) represent an increasing annual low-pH duration.

rates of respiration and associated CO, production (Kemp et al., 1997). In contrast, the high salinity lower
bay region was consistently supersaturated without obvious long-term trends in the aragonite saturation
horizon. Modeled Q,. in the central midbay displayed a shoaling saturation horizon over the years (i.e.,
low Qa, at increasingly shallow depths, Figure 6b), where the lower reach of midbay had a shoaling
rate of 0.2 m/year (6.0 m from 1986 to 2015). Over the entire main stem, the model indicated an
increasing long-term undersaturation volume (~0.3% expansion per year).

We compared the long-term modeled trends of surface water pH with observations along the central main
stem to allow for a model diagnosis of controls on long-term changes. Modeled 30-year pH trends were con-
sistent with observations in the upper and lower bay (Figure 7, Table 1). While the model slightly underes-
timated the observed seasonally (spring and summer) averaged pH and its trend in the lower bay region,
trends from both data sets revealed statistically significant declines in pH from 1986-2015 (the spring season
had an even stronger pH decline), consistent with prior analyses (Waldbusser et al., 2011). Modeled
long-term pH trends in the upper bay were also consistent with observations, where in contrast to the lower
bay, the upper bay trend was positive (an overall pH increase) over the past three decades. In both the upper
and lower bay, despite opposing directions of pH change, both the observational data and simulations
demonstrated stronger (increasing/decreasing) trends in spring than during summer. Discrepancies
between observations and simulations were evident in the midbay region during spring, where
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Figure 6. (left panel) Mean annual positions (relative to the depth) of the aragonite saturation horizon during
1986-2015. 100% means the entire water column is saturated with respect to aragonite whereas 0% means the entire
water depth is undersaturated. (right panel) Long-term trends (m/year) of the saturation horizon position. Negative
trends represent a shallowing saturation horizon depth (or an increasing undersaturated volume).

observational data showed an increasing trend similar to the upper bay, and model simulations indicated a
long-term pH decline. The midbay serves as a transition between waters highly influenced by freshwater
inputs (where alkalinity has increased) and those that exchange substantially with the coastal ocean
(where acidification has occurred), and is a region where primary production and respiration rates are
typically highest bay-wide (Kemp et al., 1997; Smith & Kemp, 1995). Long-term surface simulated and
observed Chl a concentration trends also differed during spring in this region, where observations
suggested a long-term increase (consistent with a pH increase) and model simulations showed no trend
(Figure S7). This model-observation discrepancy suggests that the pH discrepancies in the midbay during
spring could possibly result from the bias in surface primary production and/or phytoplankton biomass.
The long-term trends of surface water Q4. along the main channel followed the patterns of simulated
surface pH (Figure 9, Table 2), with significant and moderate declines in the lower and midbay,
respectively, but an increase in the upper bay.

3.3. Anthropogenic Impacts to the Main-Stem Surface Waters

To discern the role of external versus internal controls on long-term pH and Q4, trends, we compared rea-
listic hindcast simulations (“Base”) with idealized hindcasts that removed trends in atmospheric plus coastal
ocean acidification (NOA). Comparisons between results of Base and no ocean acidification scenarios
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Figure 7. Comparisons of surface water pH between observations (black circles) and simulations (red circles) in spring and summer along the main stem.
Error bars represent 1 standard deviation. The dashed lines represent best linear fit. Symbol S represents slope of the observed values (Sqps) and simulated

values (Ssimu)-

Table 1
Trend Analyses for Surface Water pH in Spring and Summer Along the Main Stem
pH trend over 30 years Fitted relationships pH = a*(#year) + b Skill assessment ApH/yr (A pH/30 yr)
Spring Upper Observations Y = 0.0066*X + 7.6138 r = 0.51, p = 0.004 0.0066(0.198)
Model Base Y = 0.0050*X + 7.5011 r=0.37, p = 0.047 0.0050(0.150)
NOA Y = 0.0064*X + 7.5008 r=0.44, p = 0.016 0.0064(0.192)
NBasi Y = 0.0000*X + 7.4764 r=0.001, p = 0.99 0.0000(0.000)
Mid Observations Y = 0.0045*X + 8.2169 r=0.31, p = 0.09 0.00450(0.135)
Model Base Y = —0.0043*X + 8.1840 r=0.58, p < 0.001 —0.0043(—0.129)
NOA Y = —0.0017*X + 8.1846 r=0.27,p=0.14 —0.0017(—0.051)
NBasi Y = —0.0052*X + 8.1827 r = 0.60, p < 0.001 —0.0052(—0.156)
Lower Observations Y = —0.008*X + 8.4439 r = 0.47, p = 0.009 —0.0080(—0.240)
Model Base Y = —0.0059*X + 8.2300 r=0.53, p = 0.002 —0.0059(—0.177)
NOA Y = —0.0035*X + 8.2321 r=0.33, p = 0.069 —0.0035(—0.105)
NBasi Y = —0.0063*X + 8.2317 r = 0.55, p = 0.002 —0.0063(—0.189)
Summer Upper Observations Y = 0.0056*X + 7.5475 r=0.35, p = 0.06 0.0056(0.168)
Model Base Y = 0.0011*X + 7.6060 r=0.07,p =0.72 0.0011(0.033)
NOA Y = 0.0023*X + 7.6062 r=0.14, p = 0.46 0.0023(0.069)
NBasi Y = —0.0024*X + 7.5956 r=0.14, p = 0.46 —0.0024(—0.072)
Mid Observations Y = 0.0011*X + 8.1971 r=0.09, p =0.62 0.0011(0.033)
Model Base Y = —0.0047*X + 8.2157 r=0.58, p < 0.001 —0.0047(—0.141)
NOA Y = —0.0025*X + 8.2151 r=0.35, p = 0.058 —0.0025(—0.075)
NBasi Y = —0.0053*X + 8.2190 r=0.59, p < 0.001 —0.0053(—0.159)
Lower Observations Y = —0.0058*X + 8.3488 r=0.44, p = 0.015 —0.0058(—0.174)
Model Base Y = —0.0038*X + 8.1308 r=0.47, p = 0.008 —0.0038(—0.114)
NOA Y = —0.0013*X + 8.1302 r=0.18,p=0.34 —0.0013(—0.039)
NBasi Y = —0.0041*X + 8.1320 r = 0.49, p = 0.005 —0.0041(—0.123)

Note. Significant trends (p < 0.05) are highlighted in bold.
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Table 2
Trend Analyses for Surface Water Q 4, During Spring and Summer Along the

Main Stem

QA trend over 30 years

Fitted relationships pH = a*(#year) + b

Skill assessment

A Q/yr (A Q/30 yr)

Spring Model Base
NOA
NBasi
Base
NOA
NBasi
Base
NOA
NBasi
Base
NOA
NBasi
Base
NOA
NBasi
Base
NOA
NBasi

Upper

Mid Model

Lower Model

Summer Upper Model

Mid Model

Lower Model

Y = 0.0019*X + 0.28
Y = 0.0026*X + 0.28
Y = 0.0004*X + 0.28
Y = —0.002*X + 1.06
Y = 0.003*X + 1.05

Y = —-0.006*X + 1.05

Y = —0.0094*X + 1.67

Y = —-0.003*X + 1.67

Y = —0.0122*X + 1.66

Y = 0.0012*X + 0.46
Y = 0.0024*X + 0.46

Y = —0.0009*X + 0.46
Y = —0.0032*X + 1.65

Y = 0.0032*X + 1.66

Y = —0.0087*X + 1.64
Y = —0.0074*X + 2.14
Y = —-0.0014*X + 2.14
Y = -0.0116*X + 2.13

r=0.25,p=0.18
r=0.32, p = 0.092
r=0.07, p=0.73
r=0.11, p =0.54
r=0.15,p = 0.42
r=0.33, p=0.07
r=0.68, p < 0.001
r=0.26, p = 0.16
r=0.79, p < 0.001
r=0.08, p = 0.65
r=0.16, p = 0.41
r=0.07, p=0.72
r=0.18,p =0.34
r=0.16, p = 0.38
r=0.44, p = 0.01
r = 0.54, p = 0.001
r=0.11, p = 0.56
r=0.74, p < 0.001

0.0019(0.057)
0.0026(0.078)
0.0004(0.012)
—0.0020(—0.06)
0.0030(0.090)
—0.0060(—0.180)
—0.0094(—0.282)
—0.0030(—0.090)
—0.0122(—0.366)
0.0012(0.036)
0.0024(0.072)
—0.0009(—0.027)
—0.0032(—0.096)
0.0032(0.096)
—0.0087(—0.261)
—0.0074(—0.222)
—0.0014(—0.042)
—0.0116(—0.348)

Note. Significant trends (p < 0.05) are highlighted in bold.

demonstrated that OA led to consistent declines of surface water pH and aragonite saturation in the upper,
mid, and lower bay (Figures 8 and 9, Tables 1 and 2), even though the interannual variability was significant.
Modeled OA effects on surface main stem waters did not indicate a seasonal dependence of OA variability;
however, clear differences in vulnerability to OA were evident along the salinity gradient. Simulation results
indicated a relatively weak OA signal in the upper bay with an average drop of 0.039 pH units over 1986—
2015, while declines in the middle and lower bay were estimated as 0.072 and 0.074, respectively, due to
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Figure 8. Comparisons of seasonally averaged surface water pH between different model scenarios (“base” simulation with all trends included, ocean
acidification trend removed = “NOA,” and river basification removed = “NBasi”). The dashed lines represent best linear fit. Symbol S represents the slope of

the best fit line for each scenario.
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Figure 9. Comparisons of seasonally averaged surface water aragonite saturation state between different model scenarios
(“base” simulation with all trends included, ocean acidification trend removed = “NOA,” and river basification
removed = “NBasi”). The dashed lines represent best linear fit. Symbol S represents the slope of the best fit line for
each scenario.

more substantial influence from acidifying coastal waters combined with the overall atmospheric pCO,
increase (347 to 400 ppm from 1986-2015). Variability patterns of Q,, were similar to those of pH under
OA impacts. Qa, of the Base scenario in the upper bay was slightly decreased (0.028 during 30-year
simulation) compared to the NOA scenario. The long-term surface Q4, decline due to OA in the midbay
was 0.171, and the lower bay Q,, decline reached 0.185.

In contrast to the OA effects, the scenario with the river basification trend removed (NBasi) showed that
river basification buffered surface pH and Q4. along the main stem (Figures 8 and 9, Tables 1 and 2). The
pH increases due to river basification (TA or pH increase at the river endmember) in the upper bay were
linked to direct inputs of Susquehanna River water. Seasonal variability resulting from basification was rela-
tively larger than the OA effect due to wet/dry seasonal alternations, where the pH increase during the high
flow spring period was 0.15, nearly 50% larger than the long-term increase during the low-flow summer per-
iod (~0.105). The middle and lower bay pH were less impacted by basification associated with Susquehanna
River discharge, with little variability between the Base and NBasi scenarios. The long-term buffer effects on
Q4. due to river basification decreased as salinity increased (i.e., from the upper bay seaward to the lower
bay), with an increase of 15.2%, 10.4%, and 5.5% in the upper, middle, and lower bay, respectively.
Seasonally dependent changes in Q4, were opposite to the effect of pH, with larger increases in summer
when Ca®* concentration was relatively higher along with lower river runoff and higher salinity.

The pH of open ocean surface waters decreased steadily over the last few decades at a rate of 0.0019 per year
(0.057 for 30 years, Doney, 2010), and this trend generally matches expectations for OA driven by increasing
atmospheric pCO,. Our model results indicate a much stronger acidification signal in the lower bay (0.145
pH units) and a basification signal (0.12 pH units) in the upper bay, which suggests multiple processes in
estuarine systems either increase or decrease vulnerability to OA. Here, we quantified the relative impacts
of OA (e.g., pHgase-PHNoA) and river basification (e.g., pHpase-PHnBasi) to long-term trends in surface pH
and Q,, along the main stem of Chesapeake Bay (Table 3). Contributions of processes other than OA and
basification to pH trends (e.g., internal sources) were estimated as the remaining long-term trends after
OA and river basification effects were removed (e.g., pHpase-PHnoa-PHNBasi), assuming that all of the
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Table 3

Contributions From Multiple Anthropogenic Forcing to the Long-Term Variability of pH and Q4

Location Season Total trend (30 years) Ocean acidification River basification Biological and others
pH Upper Spring 40.150 —0.042 (18%) +0.150 (64%) +0.042 (18%)
Summer +0.033 —0.036 (20%) +0.105 (60%) —0.036 (20%)
Mid Spring —0.129 —0.078 (43%) +0.027 (14%) —0.078 (43%)
Summer —-0.141 —0.066 (38%) +0.018 (10%) —0.093 (52%)
Lower Spring —0.177 —0.072 (36%) +0.012 (6%) —0.117 (58%)
Summer -0.114 —0.075 (57%) +0.009 (7%) —0.048 (36%)
Qur Upper Spring 40.057 —0.021 (21%) +0.045 (46%) +0.033 (33%)
Summer +0.036 —0.036 (33%) +0.063 (59%) +0.009 (8%)
Mid Spring —0.060 —0.150 (50%) +0.120 (40%) —0.030 (10%)
Summer —0.096 —0.192 (45%) +0.165 (39%) —0.069 (16%)
Lower Spring —0.282 —0.192 (43%) +0.084 (18%) —0.174 (39%)
Summer —0.222 —0.180 (38%) +0.126 (26%) —0.168 (36%)

Note. Key contributions are highlighted in bold.

physical and biogeochemical process contributions were linearly additive. Surface water temperature in the
three main stem regions increased 1.3-1.4°C in spring and 0.86-0.89°C in summer in the simulations of
1986-2015, consistent with recent reports (Ding & Elmore, 2015; Testa et al., 2018), and corresponding to
an Q,, increase of 0.004 in the upper bay and 0.01 in the middle and lower bay. This long-term increase
in Q,, associated with the surface water warming was removed from the overall trends to focus on the
OA and basification effects. These temperature-adjusted results demonstrated that river basification was
the dominant process in long-term upper-bay pH and Q,, increases, accounting for the majority of total
variability (Table 3, 62%/52% for pH/Q,). Observed February-March chlorophyll-a has increased in the
upper bay over this period (Figure S7; Testa et al., 2018), and if this increase was associated with elevated
primary production, it would likely have contributed to an observed daytime pH increase (Waldbusser
et al., 2011). In contrast, model simulations indicated that OA (47%/41% for pH/Q4,) was the dominant
driver of significant pH and Q4 declines in the lower bay. Enhanced buffer effects from river basification
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Figure 10. Relationship between modeled pH (circles) and QAr (triangles)
changes in excess of that predicted from OA and basification (x axis) with pH
and QAr changes associated with modeled trends in net ecosystem production
(filled marker) and nutrient reduction (empty marker). Markers are colored by
region (blue = upper; red = middle; green = lower) and both spring and summer
periods are included for each region.

in the lower bay were relatively small, particularly for pH (6.5%).
The midbay pH was minimally affected by river basification
compared to the OA (41%). Although the OA effect (48%) still
played an important role in Q4, declines in the midbay, river
basification turned out to be another key mechanism in regulating
the surface Q4 (40%) in this region.

There were remaining trends in modeled pH and Q4 after OA and
river basification effects were removed that appear to be associated
with modeled long-term changes in net ecosystem production
(NEP = GPP - R). We estimated the potential impacts of
NEP-induced variations in pH and Q4 by calculating the DIC and
TA changes (ADIC/ATA) expected from modeled changes in NEP
in each region under the Base scenario. Here, we ignored potential
loss/gain of DIC associated with NEP-induced changes (e.g., subse-
quent air-sea exchange due to the surface water DIC change), to
obtain estimated pH and Q,, changes associated only with NEP
(i.e., biological impacts). The results indicated that these biological
impacts accounted for significant fraction of long-term variability in
pH and Q,, that was unexplained by OA and basification
(Figure 10, Table 3). These estimated long-term pH declines due to
lowered surface NEP were 124% (0.11 decline during 1986-2015)
and 86% (0.074 decline) of the total variability not explained by OA
or basification in the middle and lower bay. The biological process
also explained 92% (0.145 decline) of the long-term Q,, variability
from all the unidentified processes in the lower bay. Thus, the
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model simulations suggest that internal metabolic processes contribute to long-term pH and Q4, changes at
a comparable magnitude to OA and basificiation for lower-bay pH and Q 4, and midbay pH. These results are
consistent with prior studies that have linked eutrophication to substantial diel, seasonal, and interannual
variations in pH (Cai et al., 2017; Carstensen & Duarte, 2019; Duarte et al., 2013; Rheuban et al., 2019). It
is worth mentioning that the model suggests a minor long-term reduction in bottom-water respiration
(i.e., less DIC production) associated with reduced surface layer NEP, and this would have contributed an
increase in pH (0.042/0.051 for middle and lower bay) and Q. (0.035/0.062) over the past 30 years.

The fact that a long-term trend in NEP was predicted by the model—and that this trend contributed to
long-term trends in pH and Q,—reinforces the role of eutrophication in coastal acidification, but also
demands further validation. The fact that trends in the model-simulated Chl a did not match those of the
observations in the midbay during spring also requires explanation, especially considering that the
long-term trend of modeled decreases in surface Chl-a was associated with a modeled decline in pH - both
of which conflicted with available observations (Figures 7 and S7). Modeled declines in surface water NEP
were associated with a slight decline in gross primary production (GPP) and a relatively constant respiration
rate (R; Figure S8). Although the modeled decline in GPP is consistent with the reduction in nutrient loads,
the changes in Chl a in simulations with the Susquehanna River nitrate load decline removed were relatively
small (Figure S9). However, the boundary conditions used to force our 30-year simulation also include a
decline in dissolved inorganic phosphorous load (~6% over 30 years) from the Susquehanna River and lower
nitrate (~%40) and phosphorus (~16%) in the Potomac River, indicating additional nutrient reductions in the
model that would contribute to lower NEP. Light attenuation (K4) decreased in the model over 1986-2015,
consistent with recent analyses of long-term observations (Harding et al., 2015), which presumably would
have allowed for elevated GPP, opposite to what was observed. However, the decline in GPP with constant
R over time led to lower net primary production (e.g., lower P/R ratio), leading to less Chl a. This pattern of
lower P/R over time is, however, consistent with expectations of lower P/R ratios with warming (which
occurred during the simulation) arising from the relatively higher sensitivity of R to temperature relative
to photosynthesis (Yvon-Durocher et al., 2012). There are no long-term data for rates of GPP and R in the
main stem over the full extent of the 1986-2015 period to validate this finding.

3.4. Model Limitations and Future Work

Model simulations presented here suggest long-term changes in carbonate chemistry associated with altera-
tions of riverine, oceanic, and atmospheric forcing. A potential limitation of these simulations is the model's
ability to reproduce historic pH patterns. Although the model-generated trends in pH matched observed
trends in all but one of the regions and seasons analyzed (Figure 7), comparisons of observed and
model-predicted pH revealed a relatively high RMSE (Figure 3). These mismatches can result from multiple
sources of error in both the model and observations. First, it is not straightforward to correctly match obser-
vations made at a specific time and place to instances of time and space in a kilometer-scale model grid. In
this analysis, we analyzed daily averaged model output and compared it to snapshot observations that are
taken at one point in time, typically between morning and early afternoon. Because we know that pH can
vary by 0.2-0.5 over the course of a day in the open main stem bay (Shen et al., 2019) and by even larger
ranges in other locations, error in the comparison originates in part by selecting the exact model timeframe
in which to compare to any given observation in time. A second source of error originates from the compu-
tation of modeled pH itself, which is calculated from modeled DIC and TA. Any errors associated with equi-
librium constants or organic alkalinity would transfer to the model prediction of pH and using observational
data collected in 2016 for pH, DIC, and TA, we note that directly measured pH and pH calculated using
CO2SYS have an absolute mean error of 0.057-0.077, reflecting 27-37% of the magnitude of the RMSE we
report (see Table S2). A third source of error lies in the monitoring program measurement of pH based upon
glass potentiometric electrodes. There are many problems associated with this type of measurement in
estuarine waters where differences in the ionic strength of calibration and measurement solutions can lead
to drift and error in pH measurements (as reasoned in Waldbusser et al., 2011), or even where sensor respon-
siveness to rapidly changing pH over depth may not be fast enough given the speed of a vertical cast. These
monitoring data are the best source of information we have to validate the model, and comparisons we made
between measured pH with sensor pH (see Figure S10) were highly correlated with a slope close to 1
(slope = 0.95, r* = 0.99), but the absolute mean error was 0.12, indicating error that is ~50% of the
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model-observation RMSE. Clearly, the biogeochemical and hydrodynamic processes in the model also
impart error to the pH prediction, and further model performance could be improved by incorporating addi-
tional processes (e.g., SAV, improved calcification-dissolution dynamics, bivalve calcification) that have yet
not been thoroughly identified and quantified to the carbonate system in estuarine environments as
discussed in the following paragraph.

There has been a large resurgence in submerged aquatic vegetation (SAV) cover over the past several dec-
ades associated with the efforts to mitigate nutrient inputs and restore habitats across the bay-wide ecosys-
tem (Lefcheck et al., 2018). Recently expanded SAV communities now cover up to 70% of the broad, tidal
freshwater region at the mouth of Susquehanna River (in the very upper bay; Gurbisz & Kemp, 2014) and
occupy several other low salinity regions of Chesapeake Bay (Orth et al., 2017). The metabolism of SAV
increases the long-term offset of pH and Q4 , decrease due to OA (Pacella et al., 2018), and this might explain
why the model predicted smaller long-term increases in the upper bay compared to the field observations
(Figure 7) as benthic SAV was not considered in our model. The underestimation was especially clear during
summer when observed SAV cover and density in this region peaks seasonally (Gurbisz et al., 2017). The
Chesapeake Bay hosted massive precolonial oyster reefs, which historically removed about half of the total
riverine alkalinity input, however, the alkalinity uptake by the oyster reefs had decreased by 100 fold by 1998
(Waldbusser et al., 2013). Shell dynamics could be important to the bay-wide carbonate chemistry given the
large amount of active and buried shell material. Model simulations predicted a shoaling and seaward ara-
gonite saturation horizon over the past 30 years, and future OA due to continuous anthropogenic CO, emis-
sions could possibly lead to a more widespread dissolution-favorable environment (Q4, < 1.0, even in the
lower bay), which could lead to elevated dissolution of carbonate minerals and if decoupled in space from
precipitation environments, could potentially buffer against pH declines. Therefore, the incorporation of
the SAV and shell dynamics modules to the existing hydrodynamic-biogeochemical model might better
represent the interactions of multiple processes to estuarine carbonate chemistry, further strengthening
the ability of process-based models for disentangling variable mechanisms.

Several recent efforts have illustrated either observed or projected enhancements of acidification across
diverse coastal systems (Cai et al., 2011; Hauri et al., 2013; Rheuban et al., 2019), and similar trends toward
acidification are evident in Chesapeake Bay, particularly the lower bay region. Given the important role of
atmospheric and coastal ocean acidification in contributing to these trends in Chesapeake Bay, we have rea-
son to suspect that acidification will continue. However, the duration, intensity, and spatial extent of unfa-
vorable pH and saturation state conditions is difficult to predict, given the complex biogeochemical
processes and direct impacts due to regional human activities and watershed management. Sensitivity sce-
narios in response to future atmospheric CO, indicated a further 0.075 pH reduction in the mainstem
through direct CO, invasion associated with increased pCO, (~500 ppm) in the mid-21st century (Shen
et al., 2019). However, estuarine ecosystem metabolism (e.g., photosynthesis, respiration) could be signifi-
cantly altered via global warming and riverine nutrient delivery (Carstensen & Duarte, 2019; Pilcher
et al., 2019) and future sea-level rise can influence biogeochemistry through the changes in saltwater intru-
sion, water temperature, and circulation. This high-resolution model, if driven by proper earth system pro-
jections and adapted to regional ecosystem management plans, would enable us to explore the future
variability of carbonate system and anthropogenic impacts in Chesapeake Bay and other estuarine
environments.

3.5. Management Implications of Estuarine Eutrophication and Acidification

Regional management actions to reverse eutrophication have been promoted since the 1980s to mitigate
against estuarine hypoxia (low DO), reduced water clarity, and harmful algal blooms. However, observations
suggest that nutrient loading reductions over the past several decades have only had a modest impact on Chl
a along the main stem, with seasonal and regional-specific changes (Testa et al., 2018). Climatic variations
also exert a strong influence on phytoplankton biomass and composition through alterations in river dis-
charge and nutrient loading (Harding et al., 2015). Clearly, estuarine ecosystems do not simply follow linear
trajectories and return directly to historic condition with decreased nutrient loading (Duarte et al., 2009;
Harding et al., 2016), especially where loading reductions are modest. The total nitrogen and NO, + NO;
inputs from the major tributaries have been reduced by ~17% and 14%, respectively, over the last three dec-
ades. Results of a model scenario without this nitrogen loading reduction indicated that the long-term
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nutrient reductions had negligible impacts on the upper bay and contributed a small degree of euphotic layer
Chl a reduction in the middle (~3.9%) and lower (~4.4%) bay (Figure S9), revealing nonlinear and diverse
controls (i.e., nutrient, light, stratification, river discharge, etc.) on bay-wide phytoplankton biomass. The
lowered primary production associated with reduced nutrient inputs corresponded to almost 25% of the total
surface water pH/Q,, decline that we associated with unidentified biological processes (Figure 10): how-
ever, the midbay pH decline for bottom waters over the long-term period was slightly relieved during the
summer period, with an overall increase of 0.03 compared to the Base scenario (Figure S11) consistent with
observations of slightly elevated oxygen concentrations in this region in recent decades (Testa et al., 2018;
Zhang et al., 2018). The Chl a reduction (as well as the pH/Qx, decline) associated with the nitrogen reduc-
tion could be underestimated by the model given that inputs from wastewater treatment plants (WWTPs)
and atmospheric deposition were not considered. Steep reductions in nitrogen loading from WWTPs were
achieved since 1985 due to facility upgrades and improved operational efficiency. The total nitrogen reduc-
tion from WWTPs in the Baltimore-Washington metropolitan area reached up to 80% (~11.86 Gg N/yr),
which is slightly larger than the Susquehanna River reduction (~10.9 Gg N/yr), but these facilities discharge
well upstream of the Chesapeake Bay main stem and their influence may be limited (Boynton et al., 1995) or
seasonally dependent (Pennino et al., 2016). The bay-wide atmospheric DIN deposition reduction was esti-
mated as 3.6 Gg N/yr, representing a ~24% reduction in that source, which is otherwise small compared to
Susquehanna River inputs. While continuous but more aggressive nutrient reduction management is
required for ecosystem restoration (e.g., to achieve bottom-water DO >1 mg L™*, Harding et al., 2015),
estuarine acidification poses a dilemma for regional eutrophication management because desired reductions
of surface primary production could lead to further declines of surface water pH/Q,,, particularly in the
middle and lower bay. The current average pH conditions in many oyster grounds are not suitable for shell
preservation (Waldbusser et al., 2011), and continuing anthropogenic CO, emissions as well as watershed
nutrient management could further lower pH/Q,, in shallow sites of middle and lower bay, therefore limit-
ing calcification of shell-forming species and placing potential threats to bay-wide oyster restoration.

4. Conclusions

In this study, we investigated the anthropogenic impacts on pH and Q4 over a long-term period (1986-2015)
in Chesapeake Bay using a coupled hydrodynamic-biogeochemical model. Simulation results revealed a
general pattern that pH and Q,, increased with salinity and decreased with depth. Modeled long-term
trends in carbonate chemistry under multiple anthropogenic stressors displayed spatial variations in both
the magnitude and direction. The pH and Q4, were more dynamic in the midbay region and there was a
long-term increase in the annual duration of acidified bottom waters (pH < 7.5, ~2 days/yr) as well as a shal-
lowing of the saturation horizon (~0.1 m/yr). The model predicted an increasing trend of surface-water pH
and Q,, in the upper bay, but an overall decreasing trend in the lower bay, consistent with observations.
Scenario results demonstrated that the increasing trend in the upper bay was associated with increased alka-
linization of the Susquehanna River. Significant long-term pH and Q4 declines in the lower bay were driven
by nearly equal contributions from ocean acidification and lowered net ecosystem production. The midbay
pH variability was primarily influenced by OA and biological process, while river basification along with OA
played a key role in regulating the long-term Q4 variability. This quantification of the spatially dependent
contributions of eutrophication and long-term changes in freshwater and oceanic endmembers on estuarine
acidification is instructive for natural resource management and ecosystem restoration in Chesapeake Bay
and other similar coastal systems.

Data Availability Statement

Research data could be accessed on figshare at https://figshare.com/articles/RCA_Codes_and_boundary_
forcing/12298862.
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