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Seagrass beds provide important ecosystem services and are valued, in part, for their potential to mediate stressors such as ocean acidification and hypoxia (OAH) for sensitive species. However, the susceptibility of seagrasses to anthropogenic impacts and recent declines motivate the need to better understand the drivers of seagrass and the water quality consequences that occur with variation in seagrass abundance. To meet this need, we leveraged existing monitoring data (water quality and seagrass), hydrodynamic circulation model, and biogeochemical model framework with seagrass submodel, to produce a biophysical model of Coos Bay estuary, Oregon, U.S. The model includes biogeochemical processes involving water quality, plankton, seagrass, and sediment-water interactions. Ecosystem models like this are useful for evaluating complex estuarine systems because they allow us to extend our understanding of system dynamics beyond existing observations and perform experiments to identify the processes driving observed patterns. We used the biophysical model of Coos Bay to evaluate the dynamics of water quality and native eelgrass (Zostera marina) under three eelgrass abundance scenarios (zero eelgrass, current extent, and maximum observed extent) to elucidate the relationship between eelgrass and OAH. Including eelgrass in the Coos Bay model produced results that more closely resembled water quality observations - dissolved oxygen (DO) and pH were more dynamic in simulations with eelgrass, often having both higher highs and lower lows. While there were some areas of the estuary where DO improved with the addition of eelgrass to the model there was overall a small net increase in harmful DO conditions (based on a salmon physiological threshold). In contrast, ocean acidification conditions, pH and calcium carbonate saturation state for aragonite (Ω), were improved (based on oyster requirements) with the addition of eelgrass - although the magnitude of improvement differed seasonally and spatially. Our new model represents a useful tool - one which accounts for and controls the relevant physical and biogeochemical processes - to evaluate conditions that confer resilience or enhance vulnerability to OAH in an important Pacific Northwest coastal estuary and results can inform the OAH-related dynamics occurring in other eastern boundary current estuaries.
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1 Introduction

Estuarine ecosystems provide important services to coastal communities (Barbier et al., 2011). Despite their value, critical estuarine habitats, including seagrass beds, are being degraded by anthropogenic impacts such as land-based nutrients and pollutants, invasive species, climate change, and overharvesting (Kennish, 2021). Seagrasses are one of the most valuable ecosystems in terms of the services provided (Costanza et al., 1997) and they contribute to the functioning of estuaries as habitat, by altering sediment dynamics, and through their tight link with water quality. For instance, these primary producers both influence, and are influenced by, water column nutrients (Valiela, 1995; Lincoln et al., 2021), carbon (Koch et al., 2013), sediment (Walter et al., 2020), and dissolved oxygen (DO) (Long et al., 2020). Because of their influence on carbon and DO, seagrass conservation and restoration are proposed mitigation strategies for ocean acidification and hypoxia (referred to together as OAH), which are threats characterized by water that is acidified (CO2-rich, low pH) and low DO, respectively (Feely et al., 2016). These often co-occurring phenomena are increasing in frequency and severity (Grantham et al., 2004). However, researchers and managers are still trying to understand the scales at which OAH mitigation by seagrass can be realized, how mitigation varies with abundance, and where mitigation might be most impactful.

Ocean acidification and hypoxia negatively impact many marine and estuarine organisms, with cascading effects on broader ecological interactions (e.g., Bednaršek et al., 2020; Klinger et al., 2017; Sampaio et al., 2021). Generally, estuaries are more susceptible to OAH compared to the open ocean (Waldbusser and Salisbury, 2014) because the natural buffering capacity of ocean waters is reduced due to dilution with low-alkalinity freshwater, eutrophication, and high metabolic rates (Pacella et al., 2018, 2024). U.S. Pacific Northwest (PNW) estuaries are disproportionately vulnerable because ocean upwelling naturally brings CO2-rich, low pH, and low DO water to the coastal zone (Gruber et al., 2012) and close ocean-estuary coupling readily moves the acidified and low DO water into estuaries (Brown and Ozretich, 2009). There are consequences of OAH for ecologically and economically important PNW fisheries, especially shellfish, and other estuarine ecosystem services (Barton et al., 2012; Marshall et al., 2018).

Seagrasses are proposed to mitigate OAH during photosynthesis via the uptake of inorganic carbon and release of DO leading to increased pH and DO, decreased partial pressure of carbon dioxide (pCO2), and improved carbonate mineral saturation state in the surrounding waters (Hendriks et al., 2014). This results in diel cycles in DO, pH, and pCO2 that are coincident with the daily cycle of photosynthesis and respiration (Magel et al., 2023). Seagrasses are thought to have large mitigation potential, in part because of their high productivity (Duarte and Cebrian, 1996), and a growing number of studies have found that estuarine seagrasses, including native PNW eelgrass Zostera marina, have local effects on carbonate chemistry and DO (Pacella et al., 2018; Ricart et al., 2021; Magel et al., 2023). However, the magnitude and direction of the effect of seagrass on pH and DO are still debated (Koweek et al., 2018; Van Dam et al., 2021a). Concurrently, seagrass declines are accelerating worldwide, with thermal stress, eutrophication, disturbance, and disease often cited as causes (Waycott et al., 2009; Unsworth and Cullen-Unsworth, 2014). Recently in the PNW, declining eelgrass abundance in a protected region of Coos Bay, Oregon has highlighted the need to understand the consequences of eelgrass variability for estuarine water quality, including OAH mitigation (Magel et al., 2023). Partial to complete loss of eelgrass, depending on the location within the estuary, began in 2015 and was primarily associated with increased temperatures from a marine heatwave and reduced light availability from increased watershed disturbance may have also contributed (Magel et al., 2023; Marin Jarrin et al., 2022).

Various methods have been used to measure OAH mitigation by seagrasses, including mesocosm studies (Bergstrom et al., 2019; Liu et al., 2020), comparisons inside versus outside of seagrass beds (Hendriks et al., 2014; Ricart et al., 2021), and interannual variability in seagrass abundance (Magel et al., 2023). Modeling studies have also explored seagrass mitigation of OAH using a simple box model (Koweek et al., 2018), deterministic model (Pacella et al., 2018), and biophysical ecosystem model (Abe et al., 2022; Khangaonkar et al., 2021a). Given that it is critical to understand how OAH mitigation by seagrass translates at the estuary-wide scale under highly variable environmental conditions that are common in estuaries (Waldbusser and Salisbury, 2014), ecosystem models are particularly beneficial. Ecosystem models are useful for understanding complex systems because they provide insights into large scale processes that are difficult to evaluate with real-world experiments and can simulate system dynamics beyond existing conditions. Some examples of estuarine ecosystem models of U.S. coastal waters are the Salish Sea Model of the PNW region (Khangaonkar et al., 2011, 2012), the LiveOcean model of Puget Sound (Banas et al., 2015), and the Chesapeake Bay Modeling System of the Mid-Atlantic region (Hood et al., 2021). These models aim to represent the primary hydrological, biogeochemical, and ecological processes of the estuaries. Simulations of past, present, or future conditions with these models have informed decision making around topics such as climate change and sea level rise (Irby et al., 2018; Khangaonkar et al., 2019; Khangaonkar et al., 2021a) and nutrient management and eutrophication (Banas et al., 2015; Cerco and Noel, 2013; Khangaonkar et al., 2018).

While estuarine ecosystem models exist for the U.S. PNW region, the dynamics of Puget Sound and the Salish Sea (a large, fjord-type estuary) are distinct from other coastal embayment estuaries of the U.S. west coast. Therefore, the goal of this study was to build an ecosystem model of the Coos Bay estuary in southwest Oregon and use it to evaluate patterns in OAH exposure and potential eelgrass mitigation. Coos Bay is more representative of the coastal estuaries of the PNW coast (Rumrill, 2006; Brown et al., 2007) and can inform the processes and dynamics occurring in other estuaries located on eastern boundary currents worldwide. In particular, we used the model to ask the following questions: 1) How do dynamics of DO and pH vary across the estuary? and 2) What is the influence of eelgrass abundance on DO and pH? To address these questions, we modeled three eelgrass abundance scenarios [zero eelgrass, current extent (based on a 2016 mapping effort), and maximum observed extent (a combination of 1978, 2005, and 2016 maps)] and compared the resulting DO, pH, and calcium carbonate saturation state conditions using biologically relevant thresholds. The biophysical model is well suited to explore additional research questions about changes in climate (e.g., marine heatwaves or drought), ocean processes (e.g., upwelling intensity), or land use (e.g., nutrient loading) for the Coos Bay estuary.




2 Materials and methods



2.1 Site description and motivation

Coos Bay is a mesotidal estuary in southern Oregon, U.S. with large intertidal flats (approximately half of the estuary’s surface area) and a deep, dredged navigation channel (Rumrill, 2006) (Figure 1). The Coos River is the primary source of freshwater to the system and forms the main, northern arm of the estuary. The estuary has a smaller, southern arm formed by Winchester Creek and is the site of South Slough National Estuarine Research Reserve (SSNERR) (Rumrill, 2006). Perennial eelgrass (Zostera marina L.) has customarily been present along both arms of the Coos Bay estuary, spanning the estuarine gradient (Thom et al., 2003; Hessing-Lewis et al., 2011). Eelgrass abundance in Coos Bay was stable or increasing from 2004 until 2014 (Magel et al., 2023). However, recent marine heatwave associated eelgrass declines in the estuary - especially along the southern arm within SSNERR - have prompted concern about the loss of ecosystem function and services associated with eelgrass habitats (Magel et al., 2023; Marin Jarrin et al., 2022). Long and short-term sediment dynamics in Coos Bay, including positive accretion rates on tidal flats at a century-scale (Eidam et al., 2024) and seasonal, storm-driven peaks in turbidity, bed stress, and sediment deposition followed by erosional periods may be additional stressors for eelgrass and excessive sedimentation could limit eelgrass recovery (Keogh et al., 2025). Coos Bay is home to ecologically, economically, and culturally important ecosystems and species, including Pacific salmon (Oncorhynchus spp.), Dungeness crab (Metacarcinus magister), and native Olympia oysters (Ostrea lurida) that are vulnerable to OAH (e.g., Brett and Blackburn, 1981; Hettinger et al., 2012; Bancroft, 2015).
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Figure 1 | Maps of the Coos Bay estuary, Oregon, U.S. showing the grid, open ocean boundary, and river input locations of the model (A) and the observation stations used in model calibration (B) for water quality (green circles) and submerged aquatic vegetation (SAV, i.e. eelgrass; blue triangles).



Environmental and biological monitoring associated with SSNERR has been ongoing in Coos Bay since the early 2000s, although most monitoring has occurred within the smaller, southern arm (Winchester Creek). Periodic monitoring of water quality and eelgrass has occurred in the main, northern arm supported by SSNERR and other partners, including local tribes (Confederated Tribes of Coos, Lower Umpqua and Siuslaw Indians and Coquille Indian Tribe) and state and federal agencies [Oregon Department of Fish and Wildlife (ODFW), Oregon Department of Environmental Quality (ODEQ), and U.S. Environmental Protection Agency (EPA)]. An existing hydrodynamic model of Coos Bay was established for the year 2014 (Conroy et al., 2020; Eidam et al., 2020). Among others, these prior data collection and modeling efforts provided the basis for development of a biophysical model of the estuary.




2.2 Biophysical model framework

The hydrodynamic model of Coos Bay (Conroy et al., 2020) simulates hydrodynamics using a Finite Volume Coastal Ocean Model (FVCOM) that solves the three-dimensional equations of continuity and momentum on an unstructured grid (Chen et al., 2003). The FVCOM framework allows for wetting and drying of grid cells to accommodate water-level fluctuations associated with tides. The model boundary conditions include river and stream inflows at 14 locations and tidal forcing and salinity at the open boundary with the coastal ocean. For this study, we modified the original model grid of Coos Bay described by Conroy et al. (2020) into a coarser grid to significantly reduce computation time, while still achieving a similar level of performance in simulating salinity. Our modifications to the original hydrodynamic model included reducing the number of model nodes by 75%, reducing the number of model layers from 20 to 10 layers, and smoothing the model bathymetry. Model input forcing and initial conditions such as water surface elevation, temperature and salinity at the boundary, and meteorological forcings (i.e. heat flux and wind) were implemented in the same fashion as Conroy et al. (2020).

We then established the biogeochemical model for Coos Bay including eelgrass using FVCOM-ICM
(Kim and Khangaonkar, 2012), which conducts water quality and biological calculations based on CE-QUAL-ICM kinetic formulation (Cerco and Cole, 1995). FVCOM-ICM uses previously produced hydrodynamic solutions over the same FVCOM modeling framework. The biogeochemical model simulates processes including phytoplankton production, nutrient consumption, mineralization, and decay and settling of organic matter and ultimately computes resulting DO and pH levels (Supplementary Figure 1). The eelgrass submodel is divided into two compartments, above and belowground, which have their own kinetics that depend on light availability, nutrient uptake, and mortality. The eelgrass submodel has previously been implemented, tested, and validated for Zostera marina in Puget Sound, Washington (Khangaonkar et al., 2021a).




2.3 Model inputs, simulation, and calibration

The hydrodynamic model domain includes 14 river input locations and flow rates from Y2014 were utilized for each (Conroy et al., 2020). For the biogeochemical model, water quality data were needed for each of the river input locations. Continuous sampling for temperature and nutrients in 2014 was only available for Winchester Creek, which is a location of SSNERR’s System-Wide Monitoring Program (SWMP; downloaded from https://cdmo.baruch.sc.edu/). The location of the Winchester SWMP station (code: ‘soswi’) is tidally influenced, so 2014 monitoring data were filtered for low salinity (< 6 ppt) to create an annual timeseries approximating the freshwater conditions at that site. For the remainder of the river input locations, we performed a synthesis combining the 2012–2016 Winchester SWMP data and all other water quality monitoring data available from ODEQ for rivers and streams in the Coos Bay watershed (HUC 17100304) from 1999-2022 (downloaded from www.oregon.gov/deq/wq/pages/wqdata.aspx). Figure 1 provides a site map of Coos Bay estuary, showing the model grid, open ocean boundary, and river input locations of the model and water quality observation stations used in the model calibration.

In limited cases where salinity or conductivity data were available alongside temperature or nutrient data, the ODEQ data was filtered by low salinity (approximately < 6 ppt). In most cases, however, salinity information was not available, therefore the ODEQ data were also qualitatively filtered for locations that should have primarily freshwater influence based on their location in the watershed (Supplementary Figure 2). From this dataset, we calculated monthly averages for temperature, pH, alkalinity, nutrients (nitrate+nitrite, ammonia, and phosphate), and organic carbon, which were used as inputs for the other 13 rivers in the model.

Temperature and salinity profiles for the ocean were obtained from the LiveOcean model (MacCready et al., 2021) over the continental shelf and were interpolated to the model’s boundary (Conroy et al., 2020). Ocean boundary values for most other water quality variables were set based on available climatological data from a combination of World Ocean Atlas and the Canadian Department of Fisheries and Oceans monitoring database (Boyer et al., 2018; Gregory, 2004) with the exception of DO, nitrate+nitrite, total alkalinity, and dissolved inorganic carbon. Based on observations from multiple cruises over the PNW continental shelf, these variables are strongly correlated to salinity (Davis et al., 2014; Siedlecki et al., 2015) and regression equations have been developed to describe those relationships (personal communication from Ryan McCabe and Parker MacCready, University of Washington). These regressions have been used extensively in the models of the Salish Sea and are a significant improvement over fixed conditions (Khangaonkar et al., 2019; 2021a).

Eelgrass monitoring (percent cover and shoot density) is routinely conducted at several sites in South Slough, associated with SWMP biological monitoring (Moore, 2013). Additional eelgrass datasets, including percent cover, shoot density, and biomass in Coos Bay were available from published studies (Hessing-Lewis et al., 2011; Hayduk et al., 2019; Magel, 2020; Magel et al., 2023) and from the Oregon Department of Fish and Wildlife’s Shellfish and Estuarine Assessment of Coastal Oregon monitoring program. Values of biomass (grams dry weight) were converted into grams of carbon by assuming approximately 36% of total dry weight is carbon, based on prior carbon content analyses for Zostera marina (Duarte, 1990; Fourqurean et al., 1997). These data, spanning 2008-2019, were used as initial condition biomass and to calibrate/validate performance of the eelgrass submodel. Algal (diatoms and dinoflagellates) and eelgrass submodel parameters were taken from Cerco and Cole (1993) and Khangaonkar et al. (2021a).

Overall model performance for water quality was evaluated using error statistics such as absolute mean error (AME) or mean error (ME) to assess bias and root-mean-square error (RMSE). The AME and RMSE of timeseries with N elements are defined as follows:

	

	

where   and   are the values from the model and observations, respectively. To assess model skill, we computed the Willmott Skill Score (SS) (Willmott, 1982), defined as:

	

where an overbar represents a time average. The SS is a measure of the level of agreement between the observed and modeled values; a value of 1 indicates perfect agreement and a value of 0 indicates no agreement.

The hydrodynamic, water quality, and eelgrass model calibrations involved an iterative process of adjustment and evaluation of the model properties and parameters. The calibration process was performed initially for the hydrodynamic model, and subsequently for the water quality model and eelgrass submodel for Y2014. This sequential approach ensures hydrodynamic stability before the water quality and eelgrass calibrations. For the hydrodynamic model, we adjusted the model’s grid properties (i.e. grid extent and sizes) and number of layers to minimize the RMSE and maximize the SS. Water quality model calibration of the Coos Bay model was conducted using timeseries data from 11 water-quality stations with sensors located approximately 0.5–1 m above the bottom maintained by SSNERR, Confederated Tribes of the Coos, Lower Umpqua and Siuslaw Indians, and Coquille Indian Tribe (Figure 1B). For calibration of the eelgrass submodel, we adjusted the eelgrass growth rate parameter and compared the simulated biomass to (limited) observations from Y2014 and our synthesis of observations between 2008 and 2019. Because eelgrass monitoring was not collected using continuous timeseries and the general scarcity of biomass data, performance of the eelgrass model was evaluated by visually comparing the modeled timeseries to box plots of eelgrass biomass data from general sites and timepoints. This iterative, data-driven calibration approach ensured that each model component was tuned to reflect observed conditions as closely as possible, thereby increasing confidence in the model’s predictive capability.




2.4 Eelgrass scenario analyses

Using the validated biophysical model, we ran three eelgrass extent scenarios: zero eelgrass, current extent, and maximum observed extent. These captured a range of eelgrass abundance conditions in Coos Bay and allowed for a screening-level assessment of the effect of eelgrass abundance on OAH conditions. The “no eelgrass” scenario represented complete loss of eelgrass from the entire estuary. Eelgrass extents for the other two modeled scenarios were determined from previous mapping efforts performed in 1978, 2005, and 2016 (synthesized in Sherman and DeBruyckere (2018) and downloaded from www.pacificfishhabitat.org/data/west-coast-usa-eelgrass-habitat/). The “current extent” scenario used a modified version of the 2016 extent layer, described in more detail below. The “maximum observed extent” scenario was a combination of the 1978, 2005, and our modified 2016 maps.

The 2016 survey, performed by Quantum Spatial Inc. (Corvallis, OR) under contract to Friends of South Slough, used 4-band multispectral orthoimagery to identify eelgrass habitats in Coos Bay in July 2016. Training and validation data were also collected in 2016 using boat-based single beam sonar transects. The final map of Coos Bay eelgrass was classified into low, medium, and high confidence areas. For our “current extent” scenario, we selected both medium and high confidence areas which included those that were spectrally or contextually positive for eelgrass (medium confidence), spectrally and contextually positive (high confidence), and those that were hand digitized (high confidence). While Sherman and DeBruyckere (2018) only included high confidence areas for the 2016 layer, we also included the medium confidence areas because other field surveys conducted in 2016 found eelgrass in at least some of the medium confidence areas (Magel et al., 2023). The 2016 spatial data files containing both medium and high confidence areas were obtained directly from SSNERR and were converted from raster format to polygons as eelgrass area coverage using GIS tools. Those polygons were used to create the initial conditions that represent the state of eelgrass in the model domain (as a node) at the start of simulation (Figure 2).
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Figure 2 | Model coverage of eelgrass used to simulate the “current extent” (hatched light blue area) and “maximum observed extent” (solid dark blue area) scenarios for Coos Bay, Oregon. Red dots indicate locations used to visualize results of the modeled eelgrass scenarios.



For each scenario, the biogeochemical model simulated water quality and eelgrass dynamics from January through December Y2014. The results of the three scenarios were compared to evaluate the influence of Coos Bay eelgrass on OAH-dependent water quality, including DO, pH, and the calcium carbonate saturation state for aragonite (Ω). The latter parameter was calculated using the program called ‘CO2SYS’ (Orr et al., 2018), based on input parameters such as total alkalinity, total inorganic carbon or pH, temperature, salinity, and concentrations of phosphate from the model results. CO2SYS employs various equilibrium constants for the dissociation of carbonic acid and other species to determine the concentrations of carbonate species in the water. The aragonite saturation state (Ω) is then calculated using the formula:

	

, where   is the calcium ion concentration,   is the carbonate ion concentration, and   is the solubility product of aragonite. The program outputs aragonite saturation state along with other carbonate system parameters at the specified conditions. Seawater with low pH also has a low aragonite saturation state. Aragonite is the least stable form of calcium carbonate, formed by many shell-building organisms, and its saturation state indicates whether aragonite tends to precipitate (Ω > 1) or dissolve (Ω < 1). Ω levels below 1 are of concern as this indicates conditions unsuitable for calcifying organisms to build shells (Doney et al., 2009).

The water quality results were analyzed in several ways. First, timeseries and monthly boxplots of DO and pH were visually compared between the three scenarios. Results are presented for three sites located within eelgrass beds that are spatially distributed around the estuary - BLM in the northern, main arm of Coos River, Charleston near the mouth of the estuary, and Valino in the southern, Winchester arm. Next, we calculated exceedances of the following biologically relevant thresholds: DO < 6.5 mg/L following Oregon’s coastal water quality standard based on salmonid physiological requirements (Brown and Nelson, 2015), pH < 7.8 based on juvenile Olympia oyster performance (Hettinger et al., 2012), and aragonite saturation state (Ω) < 1 representing a corrosive condition that favors dissolution of calcium carbonate shells and skeletons (Doney et al., 2009). We summarized threshold exceedances by calculating the total volume-hour (m3-hr) of the model domain below each biological threshold. The total volume-hour was calculated for each node and layer in the model. The total volume for each node/layer below the threshold was integrated over the water column and time for the modeled year (Y2014). Furthermore, to better understand the relative difference among eelgrass extent scenarios, we calculated the fraction change in volume-hour for each parameter and each model node between the scenarios. The difference in fraction volume-hour for DO, pH, and aragonite saturation state were visualized as contoured maps.





3 Results



3.1 Model input synthesis

Synthesis of the ODEQ and SSNERR water quality data resulted in a dataset of 24 unique locations with freshwater quality information from the Coos Bay watershed (Supplementary Figure 2A). While spatially distributed across much of the watershed (9 of the 14 subwatersheds in the model), most of the monitoring was temporally limited - often encompassing only one grab sample and up to a week of continuous data. In addition, the available data was heavily weighted towards summer and fall (92% of the 34,678 observations). Given these limitations, we were not able to produce unique timeseries for each of the model’s 14 river input locations. Instead, we calculated monthly averages that were applied to all river input locations, except Winchester Creek (Supplementary Table 1). For Winchester Creek, 2014 monitoring data from the SSNERR SWMP station were used, which included continuous water quality measurements (temperature, salinity) and monthly nutrient grab samples.

Between 2008 and 2019, observations of eelgrass AG biomass were made at 15 sites in Coos Bay (Supplementary Figure 2B). While there was variability across sites and years, average aboveground (AG) biomass across those observations was 96.4 grams dry weight per 0.25 m2 (Supplementary Figure 3A). Observations of belowground (BG) biomass were limited to only two sites between 2016 and 2019. From those limited samples, average BG biomass was 198.0 grams dry weight per 0.25 m2 (Supplementary Figure 3B).




3.2 Model calibration

First, the hydrodynamic model was calibrated by adjusting the model’s grid properties (i.e. grid extent and sizes) and number of layers to minimize the RMSE, maximize the SS, and reduce computational time. Calibration metrics for temperature and salinity are presented in Supplementary Table 2. The RMSE for temperature ranged from 1.59°C to 3.68°C, with the highest errors occurring at stations along the main channel of Coos Bay. Model-observation errors for temperature were particularly pronounced during the summer (Figure 3; Supplementary Figures 4-5), likely because the estuary was more stratified than the model represented. The Skill Score (SS) for temperature was generally high, ranging from 0.57 to 0.98, indicating that despite some errors, the model performed reasonably well overall. Notably, Catching Slough and Coos River stations exhibited the best performance with SS values close to 1, likely because these stations were located closest to the model boundary. For salinity, the RMSE values ranged from 2.9 ppt to 10.7 ppt, with an outlier at Catching Slough where the RMSE reaches 40.71 ppt, possibly due to sensor errors during the summer period. The SS for salinity varied more widely, from 0.14 at Catching Slough to 0.87 at North Point. Stations such as BLM, North Point, and Coos River had good performance with SS values > 0.75. In contrast, stations like Elliot, Isthmus Slough, and Winchester had higher RMSE values (> 5) and lower SS values (< 0.6), indicating that the model underpredicted the high variability of salinity during the summer months (Figure 3; Supplementary Figures 4-5).
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Figure 3 | Comparison of modeled results (orange line) and observations (blue dots) for temperature and salinity at Charleston, Valino, and Winchester water quality stations (Figure 1B). Temperature and salinity results from additional stations are shown in Supplementary Figures 4, 5.



Despite using a significantly coarser grid (300 m versus 15 m) and fewer vertical layers in the hydrodynamic model, the current study achieved computational efficiency with only moderate accuracy trade-offs compared to Conroy et al. (2020). The current model simulated 264% faster (20 hours versus 264 hours) for a one-year simulation on University of Washington’s high performance computing system, HYAK, using 10 nodes (400 cores). While the salinity RMSE increased by 9-32% [2.9-10.7 ppt compared to 2.1-3.8 ppt of Conroy et al. (2020)], higher errors were primarily concentrated in the upper estuary region away from the eelgrass sites of interest. Normalized RMSE were calculated using the observed range values to justify that the model skill obtained was sufficient for simulating water quality in Coos Bay. For temperature, NRMSE ranged from 7–54% (mean 20.8%) of the observed mean temperature range 15.9°C in Coos Bay (RMSE values: 1.59–3.68°C), while RMSE for salinity (2.9–10.7 ppt) was 9–32% (mean 19.0%) of the observed mean salinity range (30.9 ppt). These normalized metrics fall within 20% of the relative RMSE, which is considered satisfactory performance criteria for hydrodynamic modeling (Moriasi et al., 2015). The model adequately captured the key physical processes driving water quality in Coos Bay, including tidal mixing and seasonal temperature patterns. The temperature RMSE (≤3.68°C) is smaller than seasonal variability (Δ~10°C), which can drive biogeochemical rates (Marin Jarrin et al., 2022). We also observed that salinity errors (≤10.7 ppt) primarily occur near the river boundaries, while main-channel performance (SS >0.75) ensures reliable transport physics for nutrient and DO dynamics.

Second, water quality calibration was performed by adjusting key biogeochemical parameters, including phytoplankton growth and mortality rates, nutrient uptake kinetics, and settling velocities. Where possible, we adopted parameter values from the previously calibrated Salish Sea Model (Khangaonkar et al., 2021a) to ensure consistency and leverage established best practices. For each parameter, we manually specified and tested adjustment ranges, using RMSE and SS as primary performance metrics for water quality variables such as DO, nutrients, and chlorophyll-a. Calibration metrics for DO and pH are presented in Supplementary Table 3. The RMSE values for DO varied from 0.89 mg/L to 4.36 mg/L, with the highest errors observed at the BLM station. Unrealistic observed DO values at BLM station might be due to instrument malfunction. The Skill Score (SS) for DO ranged from 0.43 to 0.90, with Coos River and Catching Slough stations showing the best performance. The Mean Error (ME > or< 1 mg/L) values indicated that the model tended to underpredict/overpredict DO at several stations, such as Boathouse at -1.44 mg/L, while overpredicting at Isthmus Slough at 1.45 mg/L. On average, the RMSE value for DO is 1.4 mg/L. The RMSE value for pH ranged from 0.15 to 0.77, with the highest error at Winchester and the lowest at Boathouse. The SS value for pH ranged from 0.35 to 0.65. The average ME value for all the stations is 0.3 whereas the RMSE is 0.4. Overall, this result indicates that the model overpredicted pH especially at stations that are upstream close to the river mouths such as Winchester, Isthmus Slough, Catching Slough, and Coos River.

Calibration metrics for nitrate, ammonium, and chlorophyll-a (chl-a) for Coos Bay are presented in Supplementary Table 4. For nitrate, the Valino station showed relatively low near zero ME and RMSE values. However, the SS for this station was relatively low at 0.53. Charleston and Winchester stations had slightly higher SS values > 0.6, with Winchester showing a negative ME, indicating a tendency to underpredict nitrate levels. The ammonium metrics were generally better, with higher SS values (> 0.6) across the stations. The average ME and RMSE were relatively low at 0 mg/L and 0.02 mg/L, respectively. Chl-a metrics, however, indicated higher errors, especially at Valino and Charleston, where RMSE values were significantly higher. The SS for chl-a were also lower compared to nitrate and ammonium. The Boathouse station performed better for chl-a with moderate RMSE and SS values. Figures 4–6 show the timeseries plots for DO, pH, chl-a, nitrate and ammonium for Y2014 observations and model results at 3 selected stations (results from additional stations are shown in Supplementary Figures 6-13). Despite having a moderate ability to predict water quality conditions (DO, pH, nutrients, and chl-a), the model reproduced observed average conditions and variability.
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Figure 4 | Comparison of modeled results (orange line) and observations (blue dots) for water quality parameters, including chlorophyll-a, dissolved oxygen (DO), pH, nitrate (NO3-), and ammonium (NH4+), at the Charleston station (Figure 1B).
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Figure 5 | Comparison of modeled results (orange line) and observations (blue dots) for water quality parameters, including chlorophyll-a, dissolved oxygen (DO), pH, nitrate (NO3-), and ammonium (NH4+), at the Valino station (Figure 1B).
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Figure 6 | Comparison of modeled results (orange line) and observations (blue dots) for water quality parameters, including chlorophyll-a, dissolved oxygen (DO), pH, nitrate (NO3-), and ammonium (NH4+), at the Winchester station (Figure 1B).



Last, we calibrated the eelgrass submodel. Due to data availability limitations from Y2014, validation of eelgrass model was primarily qualitative and was evaluated using results from the current extent scenario at 7 locations in Coos Bay (Figure 1B). Due to limitations of the number of eelgrass biomass samples and high variability of observed biomass values, we used the median to compare with simulated eelgrass biomass (Figure 7). We adjusted the eelgrass growth rate parameter and compared the simulated biomass to observations. The range of simulated AG biomass in Coos Bay was between 45.1-48.7 gC/m² during summer time, which was similar to the range of observed AG biomass with a median of 49.1 gC/m². Only two stations had BG eelgrass biomass data for comparison (Figure 7). Observed BG biomass at those two stations had a median of between 16.3 to 20.7 gC/m² in July, which was close to the predicted BG eelgrass biomass from model results of 15.7 gC/m². The model provided a reasonable approximation of both AG and BG eelgrass biomass where observations were available.
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Figure 7 | Comparison of model result (lines) and observations (box and whiskers) for eelgrass biomass, including above ground (AG; blue) and belowground (BG; red), at seven eelgrass sites in Coos Bay, Oregon (Figure 1B). Note differences in y-axes between sites.






3.3 Scenario comparisons

We compared the spatial distribution of AG and BG eelgrass biomass in September 2014 between the current extent and maximum observed extent scenarios (Supplementary Figure 14). The lower, marine-dominated area of Coos Bay had higher AG and BG eelgrass biomass. For instance, at Barview station, AG eelgrass biomass was as high as 50 gC/m², while in the upriver section of Coos River, AG biomass was approximately 29 gC/m². Comparing the two scenarios, there was little difference in AG and BG eelgrass biomass, except for the wider spatial coverage of eelgrass used in the maximum extent scenario (Figure 2).

While the model without eelgrass adequately matched the average DO and pH conditions, it did not capture the high variability and extremes present in the observations. Including eelgrass in the model via scenarios of current extent and maximum observed extent resulted in greater variability and extremes in pH and DO compared to the model without eelgrass (Figures 8, 9). Model results from the two eelgrass scenarios more closely matched the high temporal variability present in the observations (e.g., Figures 4-6).
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Figure 8 | Timeseries of modeled dissolved oxygen (mg/L) in the bottom layer for three eelgrass scenarios [no eelgrass (yellow), current extent (light blue), and maximum observed extent (dark blue)] at three sites in Coos Bay, Oregon (Figure 2).
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Figure 9 | Timeseries of modeled pH in the bottom layer for three eelgrass scenarios [no eelgrass (yellow), current extent (light blue), and maximum observed extent (dark blue)] at three sites in Coos Bay, Oregon (Figure 2).



Comparing the scenario results for DO at three sites within eelgrass beds, changes in the average DO concentration were limited but there was an increase in the variability and extremes (Table 1; Figure 8). In general, the two models with eelgrass had higher highs and lower lows for DO but differences among scenarios were site specific. There was a large difference in DO among the scenarios at BLM (variability increased dramatically), a small difference at Valino, and almost no discernible difference at Charleston. Nearly all the change among scenarios occurred between the no eelgrass and current extent scenarios and very little additional change occurred between the current extent and maximum observed extent scenarios. Differences among scenarios were also seasonally specific - changes at BLM and Valino were most pronounced during summer and fall (approximately May through October).


Table 1 | Summary of July 2014 modeled dissolved oxygen and pH conditions [minimum, first quartile (Q1), median, third quartile (Q3), maximum, and standard deviation (stdev)] from the bottom layer for the three scenarios (no eelgrass, current extent, and maximum observed extent) at three locations in Coos Bay, Oregon (Figure 2).



Compared to DO, pH differences across modeled scenarios were larger at all three sites and scenarios with eelgrass present had both higher average pH and larger variability (Table 1; Figure 9). pH in the eelgrass scenarios had higher highs, but in most cases did not have lower lows, which were observed in the DO results. Similar to DO, differences among scenarios were seasonally specific and were most pronounced during summer and fall at all three sites. The largest changes occurred between the no eelgrass and current extent scenarios at all three sites, but Charleston and Valino also had a notable increase in pH in the maximum observed extent scenario.

While not the primary focus of our scenario analysis, nutrient and chlorophyll results were also compared across scenarios. Nitrate concentrations and dynamics were similar across the three modeled scenarios (Supplementary Figure 15). Ammonium concentration was lowest in the current extent scenario at all three sites and diverged most from the other two scenarios in the late summer and early fall (Supplementary Figure 16). The highest ammonium concentrations at each site tended to occur in the late summer and fall, particularly in the maximum observed extent scenario. BLM had higher concentrations and variability in ammonium compared to the other two sites. Chl-a dynamics were fairly similar across the three sites, with two peaks observed - a higher peak in spring and a lower peak in late summer (Supplementary Figure 17). The current extent scenario had higher maximum chl-a across the timeseries compared to the other two scenarios at all three sites.

Using biologically relevant thresholds for DO (6.5 mg/L), pH (7.8), and aragonite saturation state (1), we calculated a volumetric-temporal metric (volume-hours) to capture the amount of Coos Bay below those thresholds in the Y2014 model results. Synthesizing across the volume and temporal results, the occurrence of DO below the threshold was most common and pH below the threshold was least common (Table 2). The magnitude of pH and aragonite saturation state exceedances decreased in the current extent and maximum observed extent scenarios relative to the no eelgrass scenario, whereas DO exceedances increased slightly. Using the volume-hour calculation of threshold exceedances, we also performed a hot spot analysis to identify where these OAH conditions were mitigated or enhanced between the three scenarios. For DO, there was a 0.6% increase in volume-hour below 6.5 mg/L between the no eelgrass and current extent scenarios and an additional 0.3% increase in the maximum observed extent scenario (Table 2). Within the slight overall increases in % volume-hour DO, some areas increased while others decreased (Figure 10). Increases in the threshold exceedance mostly occurred in the upper reaches of the estuary and nearshore areas (both Coos River and Winchester Creek arms), but decreases were observed on some of the large intertidal flats of the northern arm (e.g., Haynes Inlet and East Bay) and in some shallow areas fringing the main channel at the center of the bay (e.g., Empire, Fossil Point) (see Figure 1 referenced locations). Decreases in harmful DO conditions primarily occurred in areas of added eelgrass to the model – indicated by the hatched area in Figure 10. For pH, there was a 7.6% reduction in the total volume-hour below 7.8 pH between the no eelgrass and current extent scenarios and an additional 5.3% reduction in the maximum observed extent scenario (Table 2). The largest reductions in % volume-hour pH primarily occurred in shallow areas fringing the main channel in the center of the bay (current extent scenario) and in the large intertidal flats of Haynes Inlet and Easy Bay (maximum observed extent scenario) (Figure 11). The largest reductions in harmful pH conditions occurred in and around the areas of added eelgrass – indicated by the hatched areas in Figure 11. Smaller reductions in % volume-hour pH were distributed across the estuary and no areas of increase were identified. For aragonite saturation state (Ω), there was a 2.6% reduction in volume-hour below 1 between the no eelgrass and current extent scenarios and an additional 1.9% reduction in the maximum observed extent scenario (Table 2). These reductions in % volume-hour Ω primarily occurred near Airport Flat, Haynes Inlet, and Easy Bay (current extent scenario) and in the upper reaches of South Slough and Haynes Inlet (maximum observed extent scenario) (Figure 12). Changes in volume-hour Ω were generally small and appeared less closely tied to the areas of added eelgrass (hatched areas of Figure 12) compared to DO and pH. Smaller reductions in % volume-hour Ω were distributed across the estuary and no areas of increase were identified.


Table 2 | Summary of estuary wide calculation for volume-hours (m3-hr) dissolved oxygen (DO), pH, and calcium carbonate saturation state for aragonite (Ω) exceeding biologically relevant thresholds for the three scenarios (no eelgrass, current extent, and maximum observed extent).
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Figure 10 | Change in the fraction volume-hour that dissolved oxygen is < 6.5 mg/L between current extent and no eelgrass scenarios (left) and maximum extent and current scenarios (right). Hatched areas indicate where eelgrass was added to the model between scenarios.
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Figure 11 | Change in the fraction volume-hour that pH is < 7.8 between current extent and no eelgrass scenarios (left) and maximum extent and current scenarios (right). Hatched areas indicate where eelgrass was added to the model between scenarios.
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Figure 12 | Change in the fraction volume-hour that the calcium carbonate saturation state for aragonite (Ω) is < 1 between current extent and no eelgrass scenarios (left) and maximum extent and current scenarios (right). Hatched areas indicate where eelgrass was added to the model between scenarios.







4 Discussion

Using an existing hydrodynamic model, previously collected water quality and eelgrass observations, and a biogeochemical model framework, we developed a biophysical model of Coos Bay, Oregon that simulates water quality and eelgrass (Zostera marina) dynamics and was capable of reproducing observed biogeochemical dynamics with moderate skill. We then used the model to run scenarios of eelgrass extent and evaluate the resulting ocean acidification and hypoxia (OAH) conditions. The ability of seagrasses, including eelgrass, to mitigate the low DO, low pH, and corrosive conditions associated with OAH continues to be debated (Van Dam et al., 2021a; Van Dam et al., 2021b; Garner et al., 2022) and is critical for understanding the value of eelgrass conservation and restoration. Our new model represents a useful tool - one which accounts for and controls the relevant physical and biogeochemical processes - to evaluate conditions that confer resilience or enhance vulnerability to OAH in an important Pacific Northwest (PNW) coastal estuary.

We found that including eelgrass in the biophysical model of Coos Bay produced results that more closely resembled the temporal variability in water quality observations - the models with eelgrass simulated dissolved oxygen (DO) and pH conditions that were more dynamic, often having both higher highs and lower lows due to the combined influence of photosynthesis and respiration. These dynamics align with the highly variable conditions found across PNW estuaries (Brown and Nelson, 2015; Sutherland and O’Neill, 2016) and the findings of other studies of eelgrass mitigation (Magel et al., 2023; Pacella et al., 2018, 2024). In part due to this dynamism, evidence for hypoxia mitigation by eelgrass in Coos Bay at an estuary-wide scale was spatially and temporally limited in the model simulations. There were some areas of the estuary where DO conditions improved with the addition of eelgrass, but overall there was a small net increase in harmful DO concentrations (based on volume-hours below 6.5 mg/L - a physiological threshold for salmon). These modeling results align with a monitoring study in Coos Bay, which found that eelgrass biomass across 15 years and three sites in the South Slough arm was positively related to maximum DO, but negatively related to mean and minimum DO (Magel et al., 2023). In contrast, ocean acidification conditions, pH and aragonite saturation state, were improved with the addition of eelgrass (based on volume-hours below 7.8 pH and Ω = 1 thresholds for Olympia oysters). Although the minimum pH was not always changed, median and maximum pH were elevated in models with eelgrass by 0.04 to 0.13 and 0.27 to 0.99 pH units, respectively (Table 2). Because the pH scale is logarithmic, this represents up to a ten-fold decrease in acidity. Even small changes in pH could have significant biological benefits to species, particularly during critical early life history periods (Waldbusser et al., 2015). As expected, OAH mitigation was more common during summer when eelgrass productivity is high and plants are net autotrophic. These findings also align with results of the Magel et al. (2023) monitoring study, which found that there was a positive relationship between summer eelgrass biomass and maximum, mean, and to a lesser extent minimum pH in Coos Bay.

At a within-estuary scale, there were differences between sites indicating that certain locations within the estuary may be more well-suited for eelgrass mitigation of OAH. Results at Charleston, located near the mouth of the estuary, showed less change in pH and DO compared to Valino and BLM (Figures 8, 9). This finding aligns with the work of Magel et al. (2023), which found no influence of interannual differences in eelgrass biomass on the diel dynamics of DO or pH at the Charleston site (called “Barview” in that paper), compared to Valino and another site in South Slough where eelgrass biomass was positively correlated with DO and pH. Magel et al. (2023) hypothesized that larger tidal exchange and shorter residence times in the Charleston/Barview region of Coos Bay (Sutherland and O’Neill, 2016; Eidam et al., 2020) limited the influence of eelgrass on water column conditions (Magel et al., 2023). Our spatial analysis of volume-hr changes also indicated that improvements in pH and DO conditions are more likely to occur in areas of eelgrass that are shallower, more tidally restricted (Figures 10-12). Another modeling approach also identified water depth and residence time as important factors determining OA mitigation by eelgrass (Koweek et al., 2018). Eelgrass beds located in shallow areas with less tidal flushing, similar to Valino and BLM, may be better suited to OA mitigation.

The expansion of eelgrass coverage in the maximum observed extent scenario resulted in additional increases in pH at Valino and Charleston, but not at BLM. This likely has to do with the configuration of eelgrass beds in the two scenarios - eelgrass area increased more between the current and maximum extent scenarios close to the Valino and Charleston sites compared to BLM (Figure 2). The average biomass of eelgrass at beds in those locations was consistent between scenarios and is unlikely to have contributed to the observed differences in pH dynamics (Supplementary Figure 14). The additional changes in DO dynamics moving from the current extent to the maximum observed extent scenario were very minor at all three sites.

The presence of eelgrass in any given area of Coos Bay did not guarantee reduced exposure to harmful DO concentrations, but improvements were likely in areas where eelgrass was added to the model – in most cases the benefits for DO did not extend beyond the area of the beds (Figure 10). For pH and saturation state, however, conditions were generally improved across the estuary (Figures 11, 12). The largest improvements in pH were within the areas of eelgrass beds but also extended beyond beds (Figure 11). The spatial and temporal dependencies of eelgrass mitigation of OAH in Coos Bay align with the findings of other studies that have found seagrass can exacerbate OAH in some circumstances (Cyronak et al., 2018; Koweek et al., 2018; Pacella et al., 2018). The water column chemistry in seagrass habitats is influenced by many biogeochemical and physical processes that act - and interact - over short (hours, days) and long timescales (seasons, years) (Duarte et al., 2013). Our model results represent the combined influence of biogeochemical and physical processes in Coos Bay for Y2014. Pacella et al. (2018) found that the potential for eelgrass mitigation of OA increases with higher atmospheric CO2 levels (end of century predictions) indicating that future carbonate system conditions may be increasingly favorable for OA mitigation by eelgrass. Given that future carbon conditions could influence eelgrass growth (Palacios and Zimmerman, 2007; Zimmerman et al., 2015) and mitigation potential (Pacella et al., 2018), future climate modeling would be improved by including carbon limitation kinetics on eelgrass growth in the model. At present, the eelgrass submodel of FVCOM-ICM includes the kinetics of temperature and nutrient controls on eelgrass growth but not dissolved inorganic carbon. As a result, the Khangaonkar et al. (2021a) application of FVCOM-ICM to project future climate impacts on eelgrass in Puget Sound, WA shows only reductions in eelgrass biomass due to elevated temperatures and no potential impact from greater carbon availability.



4.1 Model building and performance

Completion of the model of Coos Bay represents a significant technical advancement for understanding the dynamics of the estuary and the responses of complex biophysical parameters to alternative scenarios. Further, we believe this is the first application of the eelgrass submodel using FVCOM-ICM to a whole-estuary and the second to use the eelgrass submodel – Khangaonkar et al. (2021a) was the first, which implemented eelgrass in a single, small embayment within the Salish Sea Model. Now that the model has been built, it can be used to explore additional research questions about changes in climate (e.g., marine heatwaves, sea level rise, drought), ocean processes (e.g., upwelling intensity), or land use (e.g., nutrient loading, freshwater flow timing and intensity) in Coos Bay. Similar applications of FVCOM-ICM have been explored using the Salish Sea Model and found important interactions between estuarine biogeochemistry and those drivers (Bianucci et al., 2018; Khangaonkar et al., 2018, 2019; Khangaonkar et al., 2021a, b). However, we encountered several challenges in creating and validating the biophysical model of Coos Bay which may have impacted the performance of the model and could influence its applicability to future research and management questions.

First, there were data availability issues that challenged model development and validation. Observations for the freshwater rivers and streams entering Coos Bay were lacking and we had to apply broad generalizations to the freshwater model inputs for temperature, nutrients, and carbon. This could explain poorer model performance in certain locations or during certain time periods. Estuarine water quality and eelgrass observations were also somewhat limited - particularly in the upper reaches of the northern, Coos River arm (Figure 1). For eelgrass, belowground biomass data was particularly lacking (only available at two sites) and more is needed to further validate performance of the eelgrass submodel. Sampling of belowground biomass is more destructive to the eelgrass bed and is more time consuming to collect and process compared to aboveground biomass, which may partially explain the comparative lack of belowground data. Additional data collection targeting these gaps might help to improve performance of the model or further validate existing model behavior. It is worth noting, however, that behavior of the FVCOM-ICM eelgrass submodel was parameterized based on Z. marina in another PNW estuary and the belowground biomass values produced by the Coos Bay model are within the range of observations for this species in PNW estuaries (Khangaonkar et al., 2021a; Magel, 2020).

Second, there were challenges in simulating the water quality model (FVCOM-ICM) in Coos Bay which may also explain some of the differences in model performance over space and time. During the calibration process of the model, we encountered significant challenges, particularly with the sediment oxygen demand which periodically caused the model to crash, resulting in negative dissolved oxygen (DO) values in certain eelgrass bed areas. To mitigate this problem, we excluded the problematic eelgrass regions from the model, resulting in a slightly smaller total eelgrass area. The wetting and drying scheme of FVCOM is not well adapted in the FVCOM-ICM and is likely the source of the invalid result. Improvements to the wetting and drying scheme in the water quality model may improve the predictions in shallow subtidal and intertidal zones and eliminate this issue. In application of the same model framework to the Salish Sea, Washington and British Columbia, Khangaonkar et al. (2021a) masked results in the shallow subtidal and intertidal areas due to a lack of confidence in model performance in those areas and a lack of data with which to validate model performance. The discrepancies in these regions highlight the need for further improvement in the water quality model framework (FVCOM-ICM) and model calibration in shallow subtidal and intertidal zones. Improving and testing the model for this specific issue was beyond the scope of our project.

Lastly, we reduced complexity of the existing hydrodynamic model for Coos Bay (Conroy et al., 2020) in order to significantly reduce computational time required to run the offline water quality model, including reducing the number of model nodes and layers and smoothing bathymetry. While these alterations did not significantly reduce performance of salinity in the lower and mid estuary, using the more complex model may have improved performance of other water quality parameters. Simulated salinity in the transition zone where tidal forces compete with river discharge can be improved by increasing horizontal and vertical model resolutions to better resolve the sharp stratification gradient and tidal asymmetry (Ralston and Geyer, 2019) and may be important for model applications focused on this area of the estuary. However, tradeoffs between performance and computational time/power are important considerations.




4.2 Ecosystem impacts

It is difficult to translate the predicted chemical changes in Coos Bay into species responses and an improvement in OAH conditions does not necessarily produce a biological benefit (Cossa et al., 2024; Greiner et al., 2018; Garner et al., 2022). Our understanding of the short and long term effects of OAH exposure - as individual stressors and in combination - on species and their overall tolerance and sensitivity is still evolving and is further complicated by the potential for local adaptation within certain species (Cossa et al., 2024; Hofmann et al., 2014; Gobler and Baumann, 2016; Vargas et al., 2017). Additional synergistic stressors, such as temperature and shifting community structure, add additional complexity to species’ responses and the ability of seagrass to mitigate the negative effects of OAH (Egea et al., 2024; Kroeker et al., 2016). If the spatial or temporal improvements in OAH conditions coincide with locations or windows of a species’ heightened sensitivity, there are likely to be benefits to that species. Furthermore, increases or longer durations of pH or DO maxima during the daytime due to seagrass photosynthesis may help species to tolerate the lower lows that occur at night. Daily increases in pH maxima may be more important than increases in average pH for some species (Price et al., 2012). While an in-depth discussion is outside the scope of this paper, it is worth noting that seagrasses also enhance long term storage or sequestration of carbon belowground, which contributes to their purported role in combating climate change (Fourqurean et al., 2012; Stankovic et al., 2021). However, the impact of future conditions on seagrass carbon sequestration is debated and with future ocean acidification and increased temperature this service could either be enhanced (Yamuza-Magdaleno et al., 2025) or reduced (Dahl et al., 2023). The benefits and ecosystem services of seagrass extend well beyond that of OAH mitigation or carbon sequestration (Costanza et al., 1997), so it is important to remember that even in circumstances where seagrass exacerbates harmful OAH conditions or where species do not respond, there is still a net positive influence of seagrass on the ecosystem.




4.3 Management implications for Coos Bay

There are multiple factors to consider when managing eelgrass in Coos Bay (and other estuaries), including the current and future suitability of environmental conditions for eelgrass, likelihood of persistence or restoration success, human and social needs, and the ecosystem services provided by eelgrass compared to other potential nearshore habitats. From an OAH mitigation perspective only, our modeling study suggests three general areas of focus for eelgrass conservation and restoration in Coos Bay: 1) the shallow margins of the main channel, such as Fossil Point, Pigeon Point, and the flat across from BLM; 2) the large, intertidal flats of the northern Coos River arm, such as those adjacent to Haynes Inlet and East Bay; and 3) the upper reaches of South Slough, including Winchester and Elliot Creek (Figure 1). While Magel et al. (2023) found eelgrass biomass to be a determining factor in DO and pH impacts at individual sites, biomass was less important at an estuary-wide scale and also was not a primary determinant of mitigation in our model. Areas of highest biomass, such as the marine dominated Charleston/Barview area, had lower evidence for mitigation of OAH compared to other lower biomass areas. Physical factors, such as residence time and depth, and other biogeochemical factors may be more important for determining mitigation.

Climate impacts, including future temperature and sea level rise conditions, should be considered in planning for climate resilient eelgrass beds in Coos Bay. Water temperature was a primary driver of the recent eelgrass declines in Coos Bay (Marin Jarrin et al., 2022; Magel et al., 2023) and the shallow areas well suited for OAH mitigation mentioned above may be less resilient to climate change because they tend to be warmer. Sea-level rise could serve to buffer temperature impacts on shallow beds, however, if rising ocean water levels increase inundation (reducing desiccation stress) and limit warming due to greater exchange of cold, ocean water. Maintaining water clarity is critical for resilient eelgrass beds because it helps to combat the impact of warm temperatures (Moore et al., 2012), disease (Vergeer et al., 1995), and the loss of deeper beds with sea level rise (Shaughnessy et al., 2012). Evaluating these interacting climate factors using the biophysical model of Coos Bay would further refine eelgrass management recommendations.





5 Conclusion

Biophysical ecosystem models are powerful tools for the study of eelgrass mitigation of OAH because they allow us to account for both large and fine scale biogeochemical processes, control all aspects of the system, and examine the results at both large and fine spatial and temporal scales. These modeling studies complement in situ field and lab experiments and observations. Building the biophysical model of Coos Bay allowed us to evaluate the impact of eelgrass extent scenarios on Coos Bay water quality, including pH, DO, and calcium carbonate saturation state, and results can inform eelgrass conservation and restoration. The model can now be used to explore additional research questions about changes in climate (e.g., marine heatwaves, sea level rise, drought), ocean processes (e.g., upwelling intensity), or land use (e.g., nutrient loading, freshwater flow timing and intensity) in Coos Bay. Future projects should consider whether improvements to the model structure or input data are needed to adequately address these questions.
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