
ABSTRACT 

KATIN, ALEXEY. Bayesian Modeling of Coastal Eutrophication to Inform Management 

Solutions for Hypoxia and Algal Blooms. (Under the direction of Dr. Daniel R. Obenour). 

Eutrophication or nutrient overenrichment is a common problem in many aquatic systems 

worldwide, promoting excessive growth of algae (algal blooms) and subsequent hypoxia, defined 

by dissolved oxygen level below 2 mg/L. Although there is considerable scientific knowledge 

about the major drivers of algal blooms and hypoxia, developing cost-effective sensible measures 

for improving aquatic water quality remains challenging. Therefore, identifying the complex 

interactions between the diverse drivers of eutrophication is important to the formulation of long- 

and short-term management strategies. This research focuses on improving our understanding of 

hypoxia and algal dynamics for the Neuse River Estuary (NRE) and the Northern Gulf of Mexico 

(NGoM). First, a mechanistic model to predict dissolved oxygen is developed, accounting for the 

complex interactions of hydrometeorologic and anthropogenic influences on different time scales 

for the NRE. Second, statistical and mechanistic predictive models are created to understand how 

environmental factors control phytoplankton in the NRE and to test the system sensitivity to 

nutrient loading variations. Third, an existing NGoM hypoxia model is tested for forecasting 

dissolved oxygen up to four months ahead, considering the importance of various data inputs in 

forecasting performance. As environmental models typically possess substantial uncertainty, 

models developed within this research are calibrated to multidecadal datasets using a Bayesian 

framework, which accommodates previous knowledge about parameters and allows for obtaining 

probabilistic predictions. Overall, this work suggests that nutrient loading reductions are effective 

in decreasing both the number of hypoxic days and the mean chlorophyll a concentration in the 

NRE. Also, NGoM forecasting test results indicate that inclusion of spring meteorological data 

and projected summer riverine inputs can help constrain forecast uncertainty while explaining 

about half of the variability in the observed hypoxic area.   
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Introduction 

Coastal systems and estuaries are productive environments, which are vital to economical 

and societal development. They serve as habitats for wildlife, support commercial fisheries and 

provide recreational areas to the public. However these natural systems can be affected by human 

activities, which eventually may result in the reduction of their beneficial uses (Hoagland and 

Scatasta, 2006). A common cause of coastal and estuarine systems degradation is eutrophication, 

which is defined as an increase in the rate of supply of organic matter to an ecosystem (Nixon, 

1995). Eutrophication can be caused by a combination of several factors including increases in 

nutrient loadings and shifts in hydrologic regime. (de Jonge et al., 2002; Rabalais et al., 2009). In 

particular, anthropogenically driven increases in nutrients delivery due to over-fertilization and 

uncontrolled human and livestock waste release leads to eutrophication and degradation of coastal 

ecosystems (Bricker et al., 1999). Consequently, elevated levels of nutrients enhance 

phytoplankton production, which may result in harmful algal bloom occurrences. Algal blooms 

reduce water quality and diminish the aesthetic and recreational value of coastal water. Species 

forming those blooms sometimes produce toxins that pose a threat to human and wildlife (Glibert 

and Burkholder, 2006). In addition to harmful algal blooms, a common consequence of 

eutrophication is the development of near-bottom zones of low dissolved oxygen (hypoxia), where 

benthic ecosystems and fisheries can be severely stressed (Boesch and Rabalais, 1991; Eby and 

Crowder, 2002; Glaspie et al., 2019).  

Many ecosystems worldwide have reported a reduction of water quality since the middle 

of the twentieth century (Diaz, 2001). In particular, the Neuse River Estuary (NRE), located in the 

southeast of North Carolina (NC), USA, has experienced severe problems including algal blooms, 

hypoxia and consequently fish kills and reduction of shellfish populations since 1970s (Borsuk et 

al., 2003; Lung and Paerl, 1988; Paerl et al., 1995). Consequently, the Neuse River has been 

identified as one of the most threatened rivers in the USA (American Rivers, 2017), where the NC 

chlorophyll a (chl-a) criterion (40 μg/l) has been recurrently violated. In the middle of the 1990s 

the extensive Modeling and Monitoring program (ModMon) was established for the NRE. The 

data obtained from this program and several modeling efforts resulted in the Total Maximum Daily 

Load (TMDL) establishment for Total Nitrogen delivered to the NRE (NCDWQ, 2001). TMDL 

implementation appears to have helped reduce some fractions of Nitrogen under specific 
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hydrologic conditions; however hypoxia, algal blooms, and fish kills are still frequently observed 

in the estuary (Paerl et al., 2018a; Rachels and Ricks, 2018).  

Another ecosystem experiencing eutrophication problems is the Louisiana-Texas Shelf of 

the Northern Gulf of Mexico (NGoM), USA. Over the last few decades, starting from the 1980s a 

large hypoxic zone has been forming almost every summer in the NGoM (Turner et al., 2008). 

This problem has been attributed to the increase of nutrients supply by the 

Mississippi−Atchafalaya Rivers (Rabalais et al., 2002b). For instance, the annual nitrogen loading 

delivered to the NGoM increased three-fold during the second half of the twentieth century 

primarily due to increases in fertilizer use (Goolsby and Battaglin, 2001). The regular monitoring 

of the hypoxic zone started in 1985, given the growing awareness of threats to fisheries in the 

NGoM. In addition, a federal-state-tribal Action Plan (EPA, 2017) set a goal of reducing the 

midsummer hypoxic extent for the NGoM to 5000 km2. For the period 2007-2011, a five-year 

mean hypoxic area was 16,600 km2 with a 95% confidence range of 15,100−18,000 km2 (Obenour 

et al., 2013). Updated mean long-term estimate of hypoxic zone area (1992-2016) was 14,500 km2 

(Matli et al., 2018), which is three times higher than the above mentioned goal. At the same time, 

there is a high inter and intra-annual variability in hypoxia due to multiple interacting factors. 

Models of different complexity have been used to provide seasonal forecasts of the end-of-July 

hypoxic extent, mostly relying on its strong link with the spring nutrient load (Laurent and Fennel, 

2019; Scavia et al., 2017a). However, most of the forecasts did not utilize all of the available 

riverine and meteorological input data, lacked the dynamic representation of hypoxia dynamics 

throughout the whole summer, and/or did not differentiate between multiple sources of uncertainty 

in the projections. Therefore, there is a need to fill existing gaps in hypoxia forecasting approaches.  

Such improvements have the potential to benefit short- and long-term environmental and fisheries 

management.  

To quantitatively characterize and understand the processes leading to hypoxia and algal 

blooms, mathematical modeling is often employed. Coastal eutrophication models can be roughly 

divided between two major groups based on their approach to developing relationships between 

model inputs and outputs: statistical (empirical) models and process-based (mechanistic) models. 

While statistical models aim to create empirical relationships between the available data, process-

based models simulate the biophysical mechanisms in the natural systems. The mechanistic 

complexity of the models ranges drastically from relatively simple formulations, like regressions 
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(Borsuk et al., 2004; Nixon et al., 1996; Scavia et al., 2003) to multidimensional biogeochemical 

ecosystem models (Bowen and Hieronymus, 2003; Cerco and Noel, 2004; Fennel et al., 2011). 

The choice of the modeling approach depends on the purpose of the research. For instance, simple 

models can be utilized for making predictions and revealing the general relationships between 

environmental processes at relatively low computational cost (Ménesguen and Lacroix, 2018). 

Obviously, there is some chance that a simple model may overlook a relevant mechanism affecting 

the modeled variables. On the other hand, complex multidimensional models are useful for 

describing the detailed biophysical processes, improving understanding about interactions between 

them under different scenarios at various spatio-temporal scales. The main limitations of the 

complex models are large input data requirements and high computational expenses which 

increases calibration time and reduces their applicability in both predicting and forecasting 

(Doney, 1999; Raick et al., 2006). However, balancing the tradeoffs among complexity, 

transparency, resolution, over-parameterization, and model uncertainty has prompted the 

development of reduced complexity and alternative modeling approaches (Arhonditsis and Brett, 

2004; Brush and Nixon, 2017). Model uncertainty analysis focuses on assessment of the prediction 

error, enabling the identification of uncertainty due to both model parameters and structure, which 

provides adequate representation of natural system dynamics and allows for obtaining reliable 

predictions from ecological model. (Beck, 1987; Ganju et al., 2016). A probabilistic Bayesian 

framework allows for coupling mechanistic models with statistical inference and uncertainty 

quantification, providing important data-driven insights into biophysical factors controlling algal 

blooms and hypoxia occurrence and dynamics (Arhonditsis et al., 2008; Reckhow and Chapra, 

1999; Robson et al., 2018). 

The overall objective of this research is to develop models capable of informing risk-based 

water quality and ecosystem management in two coastal systems: the NRE and the NGoM. These 

models are intended to inform decision makers about the expected effects of the aquatic systems 

in response to changing conditions (e.g. nutrient loading reduction) and to enhance the forecasting 

of eutrophication-driven problems over time. In order to meet these challenges, there is a need for 

a better understanding of the interaction between nutrient loadings and hydrometeorology, which 

influence water quality variables such as chlorophyll a and dissolved oxygen on various temporal 

and spatial scales. To accomplish this goal, my work targets the following three objectives, which 

are described in subsequent chapters: 
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The first chapter presents a published manuscript in Environmental Modelling and 

Software, “Modeling biophysical controls on hypoxia in a shallow estuary using a Bayesian 

mechanistic framework”. This chapter describes the development of a process-based biophysical 

model to dynamically simulate the temporal and spatial variability of dissolved oxygen for the 

NRE. This hypoxia model builds on the previous modeling efforts for this system, however it is 

the first multi-segment estuary model to be calibrated in a Bayesian framework and the first model 

for the NRE that makes use of multiple decades of monitoring data, combining dynamic 

mechanistic simulations and statistical inference to study the variability in hypoxia over different 

time scales. The differential equations governing the processes most relevant to hypoxia formation 

are embedded within a Bayesian framework, enabling rigorous uncertainty quantification, taking 

into account prior knowledge and calibration to historical data. Model results reveal the influence 

of hydro-meteorological factors on dissolved oxygen levels across daily-to-yearly time scales, 

demonstrating a strong linkage between the riverine inputs and year-to-year hypoxia variability. 

Results indicate that while sediments are the dominant oxygen sink in the estuary, hypoxia can 

still be mitigated through seasonal nutrient loading reductions. 

Chapter 2 presents development and comparison of statistical and process-based predictive 

models for exploring biophysical factors driving the temporal and spatial variability in 

phytoplankton (as chlorophyll a) in the NRE. Both types of models are calibrated to a within a 

Bayesian framework, which assimilates prior knowledge and calibration multi-decadal dataset 

(22-year) to provide probabilistic parameter estimates and water quality predictions. . Model 

results reveal and quantify the influence of hydro-meteorological factors on phytoplankton across 

multiple segments of the estuary at daily time scale, demonstrating a strong linkage between the 

riverine inputs and chlorophyll a variability. Mechanistic model results imply nitrogen to be the 

dominant nutrient, limiting algal production even under substantial riverine phosphorus 

reductions. Results further indicate that chlorophyll a levels can be effectively reduced to meet the 

state criterion through nutrient loading modifications that reduce riverine nitrogen concentrations.  

Chapter 3 presents the adaptation of an existing Bayesian mechanistic model (Del Giudice 

et al., 2020) to forecasting hypoxic conditions in the NGoM throughout the summer season, 

distinguishing and quantifying sources of uncertainty due to unknown data inputs, parameters, and 

residual model error. The goal is to provide daily projections of hypoxic severity on two sections 

of the Louisiana-Texas Shelf, divided at the Atchafalaya River outlet. The approach is different 
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from previous forecasting attempts because it considers all available near-term data inputs up to 

the end of May. In addition, the summertime riverine inputs are projected via linear regression 

models connecting historical monthly discharge, loadings, and Mississippi/Atchafalaya River 

Basin precipitation and temperature data. This study assesses over which temporal scales the 

forecast can accurately represent future hypoxia conditions and evaluates the importance of 

including late-spring meteorological data and summertime riverine inputs projections in 

forecasting hypoxia. The proposed forecasting system is intended to supply ecosystem and 

fisheries managers with a statement about the likely temporal and spatial dynamics of summer 

hypoxia at the beginning of the summer season. 

Together, these studies advance coastal eutrophication modeling by introducing the novel 

tools for comprehensive quantitive assessment of the environmental and anthropogenic pressures 

on coastal and estuarine ecosystems. The presented methodology allows for predicting and 

forecasting the dynamics of ecosystems under simultaneous changes in nutrient inputs, 

biogeochemical cycles and other global forcing factors exacerbated by climate change. Developed 

here quantitative frameworks are capable of providing sufficient diagnostics to support coastal 

managers in refining the long-term targets for mitigation of eutrophication and in providing short-

term lead for environmental planning and fisheries. Ideally, these management decisions should 

reinforce the policies aiming to reduce eutrophication, which will help to avoid future 

irreversible ecosystem losses and reduce the amount of possible remediation costs.  
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CHAPTER 1: Modeling biophysical controls on hypoxia in a shallow estuary using a 

Bayesian mechanistic framework 

This chapter is based on the following published article: Katin, A., Del Giudice, D., 

Obenour, D.R. (2019). Modeling biophysical controls on hypoxia in a shallow estuary using a 

Bayesian mechanistic framework. Environmental modeling and software, 120. 

Abstract 

This study describes development of a mechanistically parsimonious model to dynamically 

simulate bottom layer (subpycnocline) dissolved oxygen (BLDO) concentration in the Neuse River 

Estuary, USA (1997-2015). The approach embeds differential equations controlling May-October 

BLDO within a Bayesian framework, enabling rigorous uncertainty quantification considering 

prior knowledge and calibration to historical data. Model simulations explain 62% of variability 

in bimonthly mean BLDO observations. Results indicate that during July-August, 36% of BLDO 

is consumed meeting oxygen demand associated with seasonal primary production, while the rest 

is depleted meeting long-term oxygen demand (LTOD), associated with storage of organic matter 

in estuary sediments. Interannual LTOD variation is associated with November-April longitudinal 

velocities, suggesting elevated flushing in winter decreases oxygen demands in summer. Results 

also indicate that the system is more responsive to nutrient loading reductions than previously 

thought, though it may take multiple years to produce measurable declines in hypoxia due to hydro-

meteorological variability. 
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1.1 Introduction 

Hypoxia is an increasing ecological problem in many estuarine and coastal systems 

worldwide (Diaz, 2001). It often occurs due to a combination of excessive nutrient inputs and 

hydro-meteorological factors (Buzzelli et al., 2002; Rabalais et al., 2010). In particular, hypoxia 

occurs when dissolved oxygen (DO) in the bottom layer of a stratified water body is consumed 

due to organic matter (OM) decomposition faster than it can be replenished from the surface waters 

(Officer et al., 1984). Hypoxia is usually defined by DO concentrations of less than 2 g/m3 

(2 mg/L), which is a physiologically critical level for many estuarine species (Eby and Crowder, 

2002; Selberg et al., 2001). Eutrophication, algal blooms, and subsequent hypoxia in estuarine 

systems can cause fish kills and reduce biodiversity, with potential implications for the coastal 

economies (Pietrafesa et al., 2018; Rose et al., 2009; Thomas and Rahman, 2009).  

The Neuse River Estuary (NRE) is a shallow eutrophic estuary (Paerl et al., 1998) with a 

mean depth of 4 m, mean width of 6.5 km, and length of 70 km, located in southeastern North 

Carolina (NC). Hypoxia, algal blooms, and fish kills have been documented in the NRE since the 

1970s (Christian et al., 1991; Paerl, 1990). Phosphorus load to the estuary was substantially 

reduced in the late 1980s, but given no concurrent management action regarding nitrogen, 

phytoplankton blooms continued to occur but shifted downstream (Paerl et al., 2004), and low 

bottom water DO levels have continued to be regularly observed (Burkholder et al., 2006). In the 

1990s, nitrogen was identified as the primary nutrient limiting biomass production in the estuary 

(Rudek et al., 1991) and the NC Department of Environmental Quality (NCDEQ) established a 

Total Maximum Daily Load (TMDL), which required a 30% reduction in the total nitrogen 

delivered to the head of the estuary by 2009 (NCDWQ, 2001). However, by 2009, 46% of the 

estuary area remained impaired due to chlorophyll a and pH violations (Deamer, 2009) and nutrient 

loading, particularly from non-point agricultural sources, remained elevated (Strickling and 

Obenour, 2018). 

The NRE TMDL development was accompanied by the formulation of three different 

models (Stow and Borsuk, 2003). Two of these models (Bowen and Hieronymus, 2003; Wool et 

al., 2003) had similar mechanistic formulations, and provided spatially and temporally detailed 

simulations of hydrodynamic, chemical, and biological processes. The third model was a Bayesian 

network model (Borsuk et al., 2003) based on a combination of regression and process-based 

approaches (Borsuk et al., 2004; Borsuk et al., 2001a; Borsuk et al., 2001b). In subsequent years, 
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alternative modeling approaches have been developed and applied to other waterbodies, 

combining the key features of mechanistic models with Bayesian data assimilation and inference 

for eutrophic lakes (Malve et al., 2007; Wu et al., 2017) and coastal systems (Fiechter et al., 2013; 

Obenour et al., 2015). However, there has been limited progress toward dynamically simulating 

estuarine hypoxia dynamics within a Bayesian framework, despite the need for rigorous 

uncertainty quantification in the development of water quality models and TMDLs (Arhonditsis 

and Brett, 2004; Reckhow and Chapra, 1999; Robson, 2014).  

Understanding how changes in meteorology, hydrology, and nutrient loads interact to 

control eutrophication and hypoxia development is critical for assessing progress toward meeting 

water quality improvement objectives. Each driver may influence DO dynamics in multiple ways. 

For instance, increased flows not only bring more nutrients into the estuary (Kemp et al., 2009; 

Scavia et al., 2013), but also reduce residence times while increasing stratification and the 

reoxygenation rates of the water column (Chu and Jirka, 2003; Obenour et al., 2015). Hybrid 

modeling approaches, where a mechanistic formulation ensures representation of key biophysical 

processes, and Bayesian inference accommodates data-driven parameter estimation, can help 

reveal the most influential processes leading to hypoxia formation and thus be suitable for decision 

support.  

The intent of this study is to demonstrate the utility of a hybrid of mechanistic and statistical 

(Bayesian) inference approaches for assessing and simulating the effects of natural processes and 

human perturbations on hypoxia formation in a shallow river-dominated estuary. The study aims 

to advance dynamic hypoxia simulation within a Bayesian framework, allowing for a systematic 

accounting of prior information, hypothesis testing, and probabilistic forecasting (Arhonditsis et 

al., 2008; Ramin et al., 2011). This model is applied to simulate summer NRE DO dynamics on a 

daily scale using a 19-year calibration period (1997-2015). The main objectives of the model 

application are to: (i) understand the relative importance of major anthropogenic and hydro-

meteorological drivers of estuary hypoxia; (ii) describe the temporal variability of subpycnocline 

oxygen demand; (iii) provide a rigorous characterization of process and predictive uncertainty, and 

(iv) assist in revealing possible management options for hypoxia mitigation in the NRE. 

1.2 Materials and Methods 

This section first introduces data sources necessary for model construction. Then, the 

design of the mechanistic model is provided in four steps. First, parsimonious differential 
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equations are formulated, representing the primary biophysical processes controlling bottom layer 

(subpycnocline) dissolved oxygen (BLDO) dynamics. Second, a process of identifying drivers of 

long-term (sediment-mediated) oxygen demand (LTOD) is introduced. Third, vertical mixing 

using an empirical sub-model for water column stability potential is formulated. Fourth, 

longitudinal dispersion of estuary water quality constituents is introduced. Finally, methods for 

calibration within a Bayesian framework, assessment of model skill, and characterization of model 

sensitivities to biophysical forcings are explained.  

1.2.1 Data 

A variety of datasets were compiled for model development. Bathymetry data with 

30 meter resolution were retrieved from the Digital Elevation Map Discovery Portal (NOAA, 

2016). Daily Neuse River discharge at Fort Barnwell (FB), located 35 km upstream of the upper 

model boundary (Fig. 1.1), was obtained from the United States Geographical Survey (USGS, 

2019a). Water quality data included monthly measurements of total nitrogen and phosphorus 

concentrations from FB (collected by NCDEQ) which were retrieved from EPA (2016). Also, 

biweekly (once every 2 weeks) observations of dissolved inorganic nitrogen, dissolved organic 

nitrogen, particulate nitrogen, and orthophosphate for Streets Ferry Bridge (SF) were obtained 

from the NRE Modeling and Monitoring Program (ModMon, 2019). The same water quality 

measurements, along with vertical profiles of salinity, temperature, and DO, were also provided 

by ModMon at nine sampling locations along the NRE (Fig. 1.1). Meteorological data consisting 

of air temperature, wind speed, and wind direction were supplied by the NC Climate Office (2019). 

Hourly measurements at Cherry Point (KNKT) were used as the primary meteorological input, 

and missing KNKT data were imputed based on regressions with data from Trent Woods (NNWB) 

and New Bern (KEWN). These regressions as well as nutrient loading and boundary conditions 

are specified in Supporting Material, Sections S1.1 and S1.2. 
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Fig. 1.1. Map of the Neuse River Estuary with water quality sampling locations, meteorological 

stations, and discharge and load monitoring stations. Longitudinal delineation of the model into 

three segments is also shown. 

 

1.2.2 Mechanistic model formulation 

BLDO dynamics for the NRE were described with a parsimonious process-based model 

developed from a series of ordinary differential equations. These equations include nutrient 

transport, organic matter production, and BLDO consumption and reaeration. Differential 

equations were solved numerically with a daily time step, as absolute daily changes in oxygen 

were generally small (averaging less than 0.6 g/m3/d), using forward Euler’s method (Chapra, 

2008). Numerical dispersion was calculated and considered negligible, averaging only 1% of 

physical longitudinal dispersion.  

Model segmentation was based on dividing the estuary into six compartments, assuming 

each a well-mixed reactor (Fig. 1.2). This conceptual formulation was motivated by the analysis 

of gradients in water quality and bathymetry data. The estuary was longitudinally divided into 

upper, middle, and lower segments, and vertically divided by the average pycnocline depth into 
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surface and bottom layers. Compartment volumes, areas, and thicknesses were estimated using 

GIS (GRASS, 2017) (Table S1.1). 

 

 

Fig. 1.2. Schematic representation of the estuary model as 3 longitudinal segments (upper, middle, 

and lower). Model parameters calibrated within the Bayesian framework are represented in red. 

The thin dashed line represents the division of segments into surface and bottom compartments 

(i.e., the pycnocline). Parameters are described in the text and Table S.1.2. 

 

1.2.2.1 Mass balance equations for nutrients BLDO 

Nitrogen and phosphorus in surface waters are delivered via river flow and used in 

production of OM. Thus, the differential equation for bioavailable nitrogen or phosphorus 

concentration, x (g/m3), in the surface layer had the following form:  

𝑑𝑥𝑖

𝑑𝑡
=

𝑄 ⋅ (𝑥𝑖−1 − 𝑥𝑖)

𝑉𝑠,𝑖
−

𝜈𝑠 ⋅ 𝑥𝑖

𝐻𝑠,𝑖
−

𝐷𝑠,𝑖−1:𝑖
′

𝑉𝑠,𝑖
∙ (𝑥𝑖 − 𝑥𝑖−1) +

𝐷𝑠,𝑖:𝑖+1
′

𝑉𝑠,𝑖
∙ (𝑥𝑖+1 − 𝑥𝑖) (1.1) 

Hereinafter, i represents model segments 1, 2, and 3 (upper, middle, and lower, 

respectively), dx/dt (g/m3/d) is the time rate of change for bioavailable nutrient concentration, 

Q (m3/d) is Neuse River discharge, νs (m/d) is an effective settling velocity representing production 

and settling of organic matter associated with these nutrients, Hs (m) is surface layer thickness, 
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Vs (m3) is volume of the surface layer, and D′s (m3/d) is a bulk longitudinal dispersion coefficient 

for the surface layer. Here, D′s,i-1:i = D∙As,i-1:i/li-1:i and D′s,i:i+1= D∙As,i:i+1/li:i+1, where D (m2/d) is a 

dispersion coefficient described in Section 1.2.2.4, As (m2) is the cross sectional area between 

model compartments and l (m) is the length across which the mixing takes place, based on the 

distance between segment midpoints (Chapra, 2008).  

For the upper segment, i-1 indicates the upper boundary, while for the lower segment i+1 

corresponds to the lower model boundary. Thus, xi-1 (g/m3) for the upper segment is the incoming 

bioavailable nitrogen or phosphorus concentration. Bioavailable nitrogen included dissolved 

inorganic nitrogen (dinin) and a portion of organic nitrogen (onin), such that xi-1 = dinin + fn∙onin, 

with parameter fn determining the bioavailable fraction of onin. Phosphorus loading input consisted 

of orthophosphate (opin) and a portion of “nonreactive” phosphorus (npin), calculated by 

subtracting orthophosphate loading at SF from total phosphorus loading at FB. Thus, the 

bioavailable phosphorus concentration entering the upper segment is determined as xi-

1 = opin + fp∙npin with parameter fp representing the bioavailable fraction of npin. Both fn and fp 

were calibrated within the Bayesian framework (Section 1.2.3). 

For the upper segment, the limiting nutrient was determined by comparing the ratio of 

bioavailable nitrogen to phosphorus concentrations at the upper boundary to the nitrogen to 

phosphorus ratio required for organic matter production, Rn:p (gN/gP), which was set to an 

expected value of 7.2 gN/gP (Redfield et al., 1963). As the estuary is always nitrogen limited 

during May-October in its middle and lower segments (Pinckney et al., 1999; Rudek et al., 1991), 

a mass balance on phosphorus was performed only for the freshwater dominated upper segment. 

Nitrogen limitation is typical for more saline coastal waters due to efficient recycling of 

phosphorus and high denitrification rates (Howarth and Marino, 2006; Nixon, 1995). When 

phosphorus was limiting in the upper segment, nitrogen was reduced proportionally to phosphorus, 

based on Rn:p. 

OM produced from bioavailable nutrients eventually settles to the bottom compartments. 

The differential equation for OM in the bottom layer, represented in units of carbon, c (g/m3), was: 

𝑑𝑐𝑖

𝑑𝑡
=

𝜈𝑠 ⋅ 𝑅𝑐:𝑛 ⋅ 𝑛𝑖

𝐻𝑏,𝑖
− 𝑘𝑐 ⋅ 𝑐𝑖 ⋅ 𝜃𝑐

𝑇−20 −
𝐷𝑏,𝑖−1:𝑖

′

𝑉𝑏,𝑖
∙ (𝑐𝑖 − 𝑐𝑖−1) +

𝐷𝑏,𝑖:𝑖+1
′

𝑉𝑏,𝑖
∙ (𝑐𝑖+1 − 𝑐𝑖) (1.2) 

Here, dc/dt (g/m3/d) is the time rate of change in carbon concentration, and Hb (m) and 

Vb (m3) are thickness and volume of the bottom compartment, respectively. Organic carbon 
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decomposes at rate kc (d-1), and Rc:n (gC/gN) is the ratio of organic carbon to nitrogen based on 

Redfield ratio (5.68 gC/gN). D′b (m3/d) is a bulk longitudinal dispersion coefficient for the bottom 

layer, determined similar to D′s in Eq. 1.1. The rates of most reactions are dependent on 

temperature, T (°C), via the Arrhenius equation, with θc representing the temperature constant for 

OM decay, which is set to 1.047 (Chapra, 2008). Daily water temperature was estimated via linear 

regression with meteorological variables (Eq. S1.6). Current velocities tidally oscillate from 

upstream to downstream in NRE bottom waters but there is little net advection (McNinch and 

Luettich, 2000). Therefore, dispersion but not advection was included in Eq. 1.2.  

BLDO is consumed by decomposition of OM, and it is replenished via reaeration through 

the pycnocline. The differential equation for BLDO represented as ob (g/m3) had the following 

form: 

𝑑𝑜𝑏,𝑖

𝑑𝑡
=

(𝑜𝑠,𝑖 − 𝑜𝑏,𝑖) ⋅ 𝜃𝑟
𝑇−20 ⋅ 𝐾𝑙,𝑖

𝐻𝑏,𝑖
− (𝑅𝑜:𝑐 ⋅ 𝑘𝑐 ⋅ 𝑐𝑖 ⋅ 𝜃𝑐

𝑇−20 +
𝐿𝑗 ⋅ 𝜃𝐿

𝑇−20

𝐻𝑏,𝑖
)

⋅ (
𝑜𝑏,𝑖

𝑘𝑠𝑜 + 𝑜𝑏,𝑖
) −

𝐷𝑏,𝑖−1:𝑖
′

𝑉𝑏,𝑖
⋅ (𝑜𝑏,𝑖 − 𝑜𝑏,𝑖−1) +

𝐷𝑏,𝑖:𝑖+1
′

𝑉𝑏,𝑖

⋅ (𝑜𝑏,𝑖+1 − 𝑜𝑏,𝑖) 

(1.3) 

Here, dob/dt (g/m3/d) is the time rate change of BLDO concentration, os (g/m3) is DO 

saturation concentration in the surface water layer, calculated taking into account the effect of 

salinity and temperature (APHA-AWWA-WEF, 2005), and Kl (m/d) is the DO transfer coefficient 

described in Section 1.2.2.3. In the model, short term oxygen demand (STOD, Ro:c∙kc∙ci) reflects 

the decomposition of seasonally-produced labile organic matter (Eq. 1.2). LTOD, Lj (g/m2/d), is 

described in Section 1.2.2.2. Ro:c (gO/gC) is the ratio of oxygen demand to carbon, which is based 

on the stoichiometry of aerobic decomposition of OM (3.5 gO/gC) (Chapra, 2008; Justić et al., 

1996a). θr and θL are temperature adjustment parameters for reaeration and oxygen demand, which 

was set to typical values of 1.024 and 1.065, respectively (Chapra, 2008). As BLDO levels 

approach zero, oxygen demands were inhibited, as represented with a Monod relationship with 

kso (g/m3) being the half saturation constant (Monod, 1949), set to a value of 1.4 g/m3 based on 

previous studies (EPA, 1985; Lam et al., 1987). At low BLDO, OM continued to diminish 

(Eq. 1.2), assuming organic carbon decomposition via anaerobic processes, including 

denitrification and reduction of sulfate to sulfide (Canfield, 1994; Chapra, 2008), further discussed 

in Section 1.4.1.2.  



14 

 

1.2.2.2 Yearly LTOD variation 

One goal of this study was to explore hypotheses regarding factors influencing LTOD, 

which includes oxidation of less labile and refractory OM accumulated in the sediments. LTOD 

may vary temporally due to changes in primary productivity, flow, and nutrient loading, but over 

longer time scales than STOD (Kemp et al., 1992; Rucinski et al., 2014). LTOD, with index j, 

indicating year, was determined using the following equation: 

𝐿𝑗 = �̅� ⋅ (1 + 𝛾 ⋅ 𝑋𝑗) (4) 

Here, L̄ (g/m2/d) is the average LTOD for the study period, Xj is a candidate covariate, and 

γ is a corresponding LTOD adjustment coefficient estimated through Bayesian calibration. Several 

potentially relevant covariates were proposed and tested: total nitrogen and phosphorus loads and 

concentrations, and longitudinal velocities (i.e., discharge normalized by segment cross-sectional 

area). For efficiency, the process of covariate selection included the following steps. First, the 

mechanistic model was calibrated assuming no LTOD variation (Lj = L̄). Second, yearly bias was 

calculated (i.e. yearly average difference between predicted and observed values) based on the 

constant LTOD model. Third, the yearly bias was regressed on the candidate predictor variables. 

Various running averages of each candidate predictor (up to 12 months for each year) were 

considered to assess different temporal scales on which the proposed variables might affect LTOD. 

The running averages were calculated based on periods leading up to 1 May, as subsequent loads 

and flows were represented in the model as STOD. The covariate most strongly correlated with 

the annual bias was then evaluated in the Bayesian modeling framework using Eq. 1.4, and the 

significance of γ was assessed.  

1.2.2.3 Reaeration and water column stability potential 

Reaeration of bottom water layers was represented by vertical oxygen diffusion through 

the pycnocline. Vertical diffusion is dependent on the interaction of multiple factors including 

meteorological conditions, flow regime, and estuary depth. For instance, wind stress may increase 

horizontal shear in the water column, thereby producing higher rates of diffusion (Borsuk et al., 

2001b; Buzzelli et al., 2002). On the other hand, elevated river discharges provide fresh water that 

generally promotes density stratification (Obenour et al., 2012; Scully, 2013), except in cases of 

hurricanes, when estuaries are completely flushed and destratified (Burkholder et al., 2004; Paerl 

et al., 2001). Here, water column stability is represented in the form of Richardson number (Ri) 

that was estimated using the following formulation (Henderson-Sellers, 1984): 
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𝑅𝑖 = −

𝑔
𝜌

∙
𝜕𝜌
𝜕𝑧

𝜔2

𝑧2

 

 

(5) 

Here ∂ρ/∂z (g/m4) is the pycnocline density gradient, g is acceleration due to gravity, 

ρ (g/m3) is water density, z (m) is pycnocline depth, and ω (m/s) is wind shear velocity, which can 

be estimated from wind speed (Henderson-Sellers, 1984; Spigel and Imberger, 1987). Eq. 1.5 can 

be rewritten as Ri = − φ∙(g/ρ)/ω2, where φ is defined here as stability potential, (∂ρ/∂z)∙z2, which 

was determined from density profile data, estimated from measured profiles of temperature and 

salinity (Millero and Poisson, 1981). As daily inputs of φ were required for model simulations (and 

density profiles were only available on a biweekly basis), linear regressions were developed for 

each segment to estimate stability potential. Candidate covariates included wind speed (WS), river 

discharge (Q), and air temperature (Ta). Wind blowing along the longitudinal axis of the lower 

NRE was previously found to affect saltwater intrusion in the estuary (Giese et al., 1985), and 

therefore a longitudinal wind velocity (LWV) predictor, representing the component of wind 

velocity along this axis, was also included. The process of variables selection and prescreening is 

described in Section S1.4. The response (φ) was cube root transformed to minimize 

heteroscedasticity of residuals (Faraway, 2015). Standardized regression residuals were examined 

to confirm an even distribution, lack of substantial bias or heteroscedasticity (Fig. S1.1). 

Vertical diffusion coefficient, E (m2/s), controlling the exchange of oxygen through the 

pycnocline was estimated as a function of Richardson number (Martin and McCutcheon, 1999; 

Munk and Anderson, 1948): 

𝐸 =  
𝐸0

(1 + 𝛼 ∙ 𝑅𝑖)𝛽
 (6) 

Here, E0 (m2/s) is the diffusion coefficient at neutral stability defined as ω∙H/34, where 

H (m) is total water column depth (Martin and McCutcheon, 1999). Dimensionless parameters α 

and β were calibrated within the Bayesian framework. Transfer coefficient Kl (m/d) was calculated 

dividing E by the mixing length, which was set to 0.5 m after analysis of vertical density profiles. 

The assumption of the constant mixing length is consistent with previous hypoxia modeling studies 

(Justić et al., 2002; Obenour et al., 2015). 
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1.2.2.4 Estuary longitudinal dispersion 

To account for longitudinal mixing between segments, a dispersion coefficient, D (m2/d), 

was utilized. Longitudinal dispersion may be explained by a number of processes, including tidal 

interaction with bathymetry, wind induced currents, or internal circulation due to buoyancy 

(Fischer, 1976). Cross-section average salinities were employed to estimate D in this study, as salt 

is a conservative tracer. Details can be found in Supporting Material, Section S1.5. 

1.2.3 Prior information and model calibration  

The mechanistic model included 9 parameters that could not be well constrained based on 

prior research alone, and which were thus estimated through Bayesian inference (Table S1.2). The 

Bayesian framework allowed parameter estimation considering existing knowledge (i.e., prior 

distribution) updated based on the model and BLDO calibration data (i.e., likelihood function), 

resulting in probabilistic posterior parameter estimates (Gelman et al., 2013). Bayesian inference 

(i.e., calibration) was performed using RStan software (Stan Development Team, 2016), which 

applies Hamiltonian Monte Carlo (HMC) sampling (Kruschke, 2015). Three parallel sampling 

chains were run, each consisting of 7500 iterations. Convergence among chains was considered 

satisfactory when the square root of the ratio between the total variance and variance within the 

chains was equal to one (Gelman and Rubin, 1992). After convergence, 5000 posterior samples 

were kept for posterior analyses. To avoid computational instabilities during the HMC process, 

the limiting nutrient was selected based on fp and fn from a preliminary HMC run, and updated 

iteratively in successive runs until the initial and posterior estimate converged to within a 10% 

difference. 

Prior parameter distributions were determined from previous field observations, laboratory 

experiments, and other literature. The lower bounds for the first 8 parameters in Table S1.2 were 

set to zero, as negative values are mechanistically unrealistic. The prior for the average LTOD, 

represented as L̄, was derived from in situ (Fisher et al., 1982; Sauber, 1998) and laboratory 

(Alperin et al., 2000; Rizzo and Christian, 1996) estimates of sediment oxygen demand. However, 

in situ measurements of sediment oxygen demand might also include STOD (i.e., seasonal OM 

production that settles all of the way to the bottom). Therefore, L̄ was assigned a wide left-skew 

normal distribution (Azzalini, 2013) with mean of 0.51 g/m2/d (average from lab studies) and 

mode of 0.80 g/m2/d (overall average). An informative prior for the organic carbon decomposition 

rate, kc, was introduced as a normal distribution centered on 0.03 d-1 with standard deviation of 
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0.01 d-1, based on reported rates of phytoplankton decomposition (Harvey and Macko, 1997; 

Hopkinson et al., 2002), as phytoplankton account for at least 80% of particulate OM in the NRE 

(Paerl et al., 2004). Effective settling velocity, νs, which represents the growth and sinking of 

phytoplankton, was assigned a wider normal prior with mean of 0.2 m/d and standard deviation of 

0.05 m/d based on previous studies (Chapra et al., 2016; Obenour et al., 2015). Parameter fp, 

influencing phosphorus bioavailability, received a normally distributed prior with mean 0.30 and 

standard deviation 0.10 (with outer limits of zero and one) based on previous studies related to 

bioavailability of particulate phosphorus (Ellison and Brett, 2006; Gerdes and Kunst, 1998). 

Parameter fn, influencing nitrogen bioavailability, was defined using a beta distribution 

(alpha = 2.05 and beta = 5.83), having a mean of 0.3 and 97.5% quantile at 0.65. This upper 

quantile corresponded to the upper level of dissolved organic nitrogen bioavailability (Bronk et 

al., 2007; Seitzinger, 1997). As reported values for dimensionless parameters α and β, affecting 

vertical diffusion in Eq. 1.6, range over two orders of magnitude (Martin and McCutcheon, 1999), 

their priors were set to have weakly informative normal distributions with zero mean and standard 

deviations of 10 and 100, respectively. The prior for residual standard deviation σ was set as a 

weakly informative normal distribution with zero mean and standard deviations of 10 g/m3. LTOD 

adjustment coefficient γ, in Eq. 1.4, had a weakly informative prior normal distribution centered 

at zero, and unlike other parameters, negative values were allowed.  

1.2.4 Model assessment, sensitivity, and scenario analysis 

The model was assessed for predictive skill using root-mean-square error (RMSE) and 

coefficient of determination (R2), which is the fraction of observational variance explained by the 

model (Faraway, 2015; Gelman and Hill, 2007). R2 values were calculated for biweekly 

observations and for bimonthly (mean value for 2 months) BLDO. RMSE and R2 are intuitive 

measures of predictive skill, but are not useful for characterizing predictive uncertainty, as they 

employ only the means of predictive distributions. Therefore, posterior parameters distributions 

were also used to derive 90% credible and prediction intervals. Credible intervals accounted for 

parameter uncertainties, while prediction intervals considered both parameter uncertainty and 

residual standard deviation (Gelman et al., 2013; McElreath, 2016). To test the robustness of the 

model, a threefold cross-validation was performed (Stone, 1974). The cross-validation procedure 

consisted of removal of three test periods, in turn (1997-2003, 2004-2009, 2010-2015), and 

recalibrating the model for the remaining training years. After recalibration, model predictions 
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were made for the removed test periods and compared to observations. Additionally, to explore 

the relative importance of different drivers of hypoxia, BLDO sensitivities to meteorological input 

(wind and temperature) and riverine input (flows and nutrient loads) were assessed (Section S1.7).  

The model was also applied to examine the effect of near-term (i.e., seasonal) nutrient 

loading reductions on mean July-August (midsummer) BLDO concentrations and number of 

hypoxic days (BLDO<2 g/m3). Scenarios were simulated by adjusting daily riverine nutrient loads 

by fixed percentages under 3 different LTOD conditions: low, average, and high, corresponding 

to the 5, 50, and 95 percentiles of yearly LTOD, respectively. Loading reductions were simulated 

over the entire 19-year study period, and results were averaged across years. 

1.3 Results 

1.3.1 BLDO model calibration 

Eight mechanistic model parameters were probabilistically estimated within the Bayesian 

framework. For all parameters, marginal posterior distributions are narrower than the prior 

distributions (Fig. 1.3), suggesting that the model formulation is appropriate for leveraging 

calibration data to refine knowledge of key rates through Bayesian inference (Brun et al., 2001; 

Del Giudice et al., 2015). Results exhibit negligible correlations between most parameters. 

However, there is a notable correlation between dimensionless parameters α and β (r = 0.90) used 

in vertical diffusion coefficient calculation (Eq. 1.6), indicating that these parameters cannot be 

well identified independently of each other. The best estimate (mean of the posterior distribution) 

of effective settling velocity (νs), describing the rate at which nutrients are converted to OM and 

subsequently sink through the pycnocline, is 0.20 m/d. This estimate is within the range of 

previously reported settling rates for the NRE (Bales and Robbins, 1999; Bowen and Hieronymus, 

2000; Lung and Paerl, 1988) and is consistent with the mean estimate of effective settling velocity 

documented for the Northern Gulf of Mexico hypoxic zone (Obenour et al., 2015) and for the 

Great Lakes (Chapra et al., 2016). At the same time, the standard deviation of the posterior estimate 

is 80% smaller than that of the prior distribution, indicating the calibration data strongly reinforce 

the prior. The best estimate for kc, 0.035 d-1, is notably higher than the prior with substantially 

reduced uncertainty (i.e., standard deviation decreases by 90%), suggesting a decomposition rate 

typical of labile phytoplankton (Garber, 1984). The best estimates for parameters α and β, relating 

water column stability to vertical diffusion and reaeration, are 19.9 and 0.516 with standard 

deviations of 6.6 and 0.017, respectively. The best estimate of mean LTOD (L̄) is 0.46 g/m2/d, 
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which is somewhat lower than the prior estimate (Section 1.4.1.2). Bioavailable fractions of 

nonreactive phosphorus and organic nitrogen in the nutrient loadings fp and fn have best estimates 

0.29 and 0.38 which are within previously reported ranges (Ellison and Brett, 2006; Fan et al., 

2003). The model was calibrated with and without the annual LTOD adjustment (via the γ 

parameter, discussed more in Section 1.3.2). Inclusion of LTOD adjustment decreases the best 

estimate of L̄ by only 4.9% and does not strongly affect other parameter distributions (Fig. 1.3).  

 
 

 

Fig. 1.3. Prior (dotted, orange) and posterior probability distributions for calibrated model 

parameters. Posterior distributions are from models calibrated with constant LTOD value 

(parameter γ is set to zero) (dashed, green) and with yearly varying LTOD (solid, blue). Prior 

distributions reflect the knowledge of the parameters gained from previous field observations, 

laboratory experiments, and other literature. Y-axis represents relative probability density. 

Parameters are unitless unless otherwise indicated. 

 

1.3.2 LTOD yearly variation and role in BLDO balance  

In order to parameterize the LTOD adjustment, various predictors that plausibly influence 

LTOD were analyzed. Correlations between these predictors and yearly mean model bias in 

predicted subpycnocline DO (i.e., BLDO), obtained from the constant LTOD model, were 
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compared. The strongest correlation was found with November-April longitudinal velocity 

(Table S1.3 and Fig. S1.2). This relationship is the highest in the upstream segment (r = -0.55), 

where it is statistically significant at the 95% confidence level. Other notable correlations include 

a positive relationship between bias and total phosphorus concentration (Dec-Apr) in the upper 

segment (r = 0.36), and a positive relationship between bias and total nitrogen concentration (Aug-

Apr) in the middle segment (r = 0.25), though both are not significant (p > 0.05). As opposed to 

concentrations, nutrient loadings displayed a negative relationship with model bias. However, 

negative relationships between nutrient loadings and model bias are mechanistically implausible, 

and likely the result of a confounding high correlation between flow (and velocity) and load. Due 

to these mechanistic and statistical considerations, longitudinal velocities were selected as a 

potential control of LTOD variability in the Bayesian model. Longitudinal velocities were centered 

on zero by subtracting mean velocity of each segment, such that under mean flow the LTOD in 

each segment is L̄. Parameter γ had a best estimate of -0.376 d/km and standard deviation 

0.107 d/km. As the 99% quantile of γ did not cross zero (-0.117 d/km, Fig. 1.3), this strongly 

indicated that high November-April longitudinal velocities were associated with low summer 

LTOD (Fig. S1.3).  

The model allowed for comparing actual to inhibited oxygen demand and for partitioning 

BLDO consumption between STOD and LTOD. Inhibition of both STOD and LTOD occurs when 

the BLDO concentration approaches zero, so there is little available DO to support aerobic OM 

decomposition (Section 1.2.2.1 and Eq. 1.3). The model results indicate that on average 43%, 40%, 

and 33% of potential May-October oxygen demand in the upper, middle, and lower segments is 

inhibited. Actual (after adjustment for inhibition) May-October combined volumetric STOD and 

LTOD has mean values of 0.93, 0.88, and 0.79 g/m3/d, for upper, middle, and lower segments, 

respectively. During July-August, when hypoxia is most severe, inhibition is higher (averaging 

50%, 46%, and 37% in upper, middle, and lower segments, respectively). The percentage of 

average midsummer volumetric oxygen demand attributed to STOD, which represents 

decomposition of near-term produced labile organic carbon, is 34%, 34%, and 40% for upper, 

middle, and lower segments. The rest of oxygen demand is LTOD (Fig. 1.4), which is associated 

with decomposition of less labile and refractory OM, primarily within the sediment layer. We note 

that particulate organic carbon observed in the bottom water layer of the estuary averages 

1.67 g/m3 (based on ModMon data), and predicted organic carbon averages 4.25 g/m3. The 
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modeled value, which is associated with STOD, is expected to be higher because it includes both 

particulate and dissolved organic matter, as well as recently produced particulate matter that has 

settled all of the way to the estuary bottom. According to the model, phosphorus limitation of 

STOD-related production occurred 82% of the time in the upper segment, being most common in 

May and October. Otherwise, nitrogen was limiting. 

 

 

Fig. 1.4. Average volumetric July-August BLDO demands by year and segment. A portion of the 

oxygen demand is inhibited due to low BLDO concentrations. Not-inhibited oxygen demands can 

be apportioned as short-term oxygen demand (STOD) and long-term oxygen demand (LTOD). 

 

1.3.3 Vertical diffusion and longitudinal dispersion 

Vertical diffusion controlling BLDO reaeration in the water quality model was determined 

as a function of stability potential (φ, Section 1.2.2.3). Cube root transformed stability potential 

was predicted by linear regression for each estuary segment, with covariates selected via 

exhaustive search process, penalizing for overfitting using BIC criterion (Section S1.4):  

√𝜑𝑢
3 =  −3.69 + 1.97 ∙ ln 𝑄2 + 1.29 ∙ ln 𝑄60 − 0.36 ∙ ln 𝑄2 ∙ ln 𝑄60 − 0.14 ∙ 𝑊𝑆10 − 0.08 ∙ 𝐿𝑊𝑉60 (7) 
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√𝜑𝑚
3 =  0.45 + 0.45 ∙ ln 𝑄2 + 0.04 ∙ 𝑇𝑎,2 − 0.05 ∙ 𝐿𝑊𝑉10 (8) 

√𝜑𝑙
3 =  1.97 + 0.002 ∙ ln 𝑄2 + 0.07 ∙ 𝑇𝑎,2 − 0.27 ∙ 𝐿𝑊𝑉10 (9) 

Subscripts u, m, l in the Eqs. 1.7, 1.8, 1.9 denote upper, middle, and lower segments, 

respectively, while subscripts for covariates represent number of days averaged before an 

observation. The best performing model for the upper segment (Eq. 1.7) includes positive 

relationships with natural-log transformed 2- and 60-day averaged flows, and negative 

relationships with 10-day wind speed and 60-day longitudinal wind velocity, as well as a negative 

interaction between the two flow variables. The best performing models for the middle and lower 

segments (Eqs. 1.8 and 1.9) include positive relationships with natural-log transformed 2-day flow 

and 2-day temperature, and negative relationships with 10-day longitudinal wind velocity. In 

general, when predicting stability potential, discharge has the major influence on the response for 

the upper and middle model segments, whereas longitudinal wind velocity is the more important 

explanatory variable for the lower segment (compare coefficients for 2-day flow among Eqs. 1.7-

1.9). All coefficients are statistically significant (p < 0.05). The resulting regressions explain 27%, 

21%, and 36% variability in biweekly cube-root φ observations for upper, middle, and lower 

segments, respectively. Daily estimates of stability potential were used for calculating vertical 

diffusion (Eq. 6) and oxygen transfer coefficients Kl. Mean values of Kl, calculated dividing 

vertical diffusion coefficient by mixing length, are 0.14, 0.15, and 0.18 m/d for upper, middle, and 

lower segments, respectively. Similar rates have been reported for hypoxic regions in the northern 

Gulf of Mexico (Justić et al., 1996a) and Black Sea (Podymov et al., 2017). 

Average longitudinal dispersion for the model was estimated from the salinity model 

(Eq. S1.7). The calibrated mean longitudinal dispersion D is 362 m2/s, which is within the range 

of previously reported values for estuaries (Chapra, 2008; Kashefipour and Falconer, 2002; Shaha 

et al., 2011). The model explained 78% of the variability in observed salinities. 

1.3.4 Model skill 

Model performance for BLDO was assessed in terms of R2 (i.e., percent variance 

explained) and RMSE. In addition, time series plots with 90% credible and predictive intervals 

(Fig. 1.5) were visually examined. On average, predictive uncertainty associated with model 

residuals (reflecting model simplifications and measurement errors) is 2.09 times greater than that 

of parameter uncertainty. Overall, the model explains 40%, 46%, and 57% of variability in 

biweekly observations of BLDO for the upper, middle, and lower segments, respectively (Fig. 1.6, 
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top row). Corresponding RMSE values are 1.87, 1.72, 1.57 g/m3, respectively. Remaining BLDO 

variability might be due sudden-wind induced mixing events (including lateral mixing) and other 

spatio-temporal fluctuations that cannot be captured given the coarse resolution of the model and 

available input data. The model calibrated to biweekly data also performs well at aggregated 

bimonthly scale. When comparing and averaging the corresponding days of observations and 

predictions, the model explains 47%, 62%, and 78% of bimonthly mean BLDO for upper, middle, 

and lower segments, respectively (Fig. 1.6, middle row), and 62% across segments. For the case 

where instead of averaging predictions on observation days only, all daily predictions in a given 

bimonthly period are averaged, the model explains 48%, 67%, and 68% of observed variance for 

upper, middle, and lower segments, respectively (Fig. 1.6, bottom row). In addition, model results 

indicate that hypoxia peaks in July-August, consistent with observations. Model skill was further 

tested in a threefold cross validation that evaluates performance when predicting observations 

excluded from the calibration data set. In cross validation (where each fold represents one third of 

the study period), the model explains 44%, 58%, and 76% of bimonthly variability in BLDO in all 

3 segments. This is just slightly lower than model performance when calibrated to the full dataset 

(47%, 62%, and 78%), suggesting robustness of the model to potential long-term system 

variability. In addition, only 9.7% of the observations are outside of the 90% prediction intervals 

in the cross-validated model (consistent with Fig. 1.5), indicating uncertainty is realistically 

quantified.  
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Fig. 1.5. BLDO simulations for year 2008. Mean of the daily model predictions (black line) are 

shown for upper, middle, and lower model segments. Also shown are 90% credible intervals (dark 

gray) associated with parameter uncertainty, and 90% predictive intervals (light gray) which 

aggregate parameter and residual uncertainty. Error bars for observations (blue) represent the range 

of observations collected at different monitoring stations within each segment. Dotted line 

represents the hypoxic threshold (BLDO = 2 g/m3). 
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Fig. 1.6. Observed versus predicted BLDO concentrations for the 19-year study period. Top row: 

individual (biweekly) observations compared to model predictions on corresponding days. Middle 

row: bimonthly mean observations compared to model predictions averaged across observation 

days in each two-month period. Bottom row: bimonthly mean observations compared to model 

predictions averaged across all days in each two-month period. 

 

1.3.5 BLDO sensitivity to wind, flow, and nutrient loading 

Sensitivity analysis suggests that riverine inputs (flow and load) have higher impact than 

local meteorological inputs (wind and temperature) on the interannual variability in midsummer 

BLDO (Fig. 1.7). Standard deviation of the year-to-year variability of July-August BLDO for the 

full model (accounting for both riverine and meteorological variability) is 0.63 g/m3. In 

comparison, the standard deviation attributable to riverine inputs is 0.53 g/m3 and the standard 

deviation for meteorological inputs is only 0.38 g/m3. This indicates that riverine inputs control 
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more of the interannual variability in hypoxia than meteorological inputs, influencing reaeration 

and temperature-dependent rates. Results also indicate that in some years meteorological and 

riverine inputs combine to amplify (e.g., 2012) or minimize (e.g., 1998) hypoxia (Fig. 1.7). In 

other years (e.g., 2014) meteorological and riverine inputs have compensating effects, resulting in 

moderate BLDO conditions. Overall, midsummer BLDO variability due to riverine inputs is 

mildly correlated with meteorological inputs (r = 0.36). 

 

 

Fig. 1.7. Mean of July-August (62 day) BLDO predictions for each year for the full model (circles), 

for model simulations testing sensitivity to riverine input (triangles), and for model simulations 

testing sensitivity to meteorological input (crisscrosses) for upper (A) middle (B) and lower (C) 

segments. Dashed line represents the hypoxic threshold. 

 

1.3.6 Nutrient loading reduction scenarios 

Nutrient load reduction scenarios indicate increases in midsummer BLDO concentration 

and decreases in number of hypoxic days by virtue of STOD reduction (Fig. 1.8). However, there 
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is a varying effect of loading reductions on midsummer BLDO depending on the LTOD level. For 

example, a 30% reduction in nutrient loadings will result in average midsummer BLDO increases 

of 0.31, 0.25, and 0.21 g/m3 across all segments, given low, average, and high LTOD conditions, 

respectively (Fig. 1.8, top row). For the same load reduction, the number of hypoxic days 

(averaged across segments) will decrease by 33.5%, 23.4%, and 18.7%, respectively (Fig. 1.8, 

bottom row). Clearly, BLDO is more strongly affected by near-term nutrient loadings reduction 

for low LTOD as compared to high LTOD conditions. For small reductions in nutrient load (i.e., 

30% or less), the BLDO response is approximately linear, such that each 10% decrease in nutrient 

supply (relative to current conditions) would result in an average 0.12 g/m3 and 0.08 g/m3 

midsummer BLDO increase for low and high LTOD conditions, respectively. Similarly, each 10% 

nutrient reduction would approximately result in 9.8% (2.1 day) and 5.3% (1.8 day) decrease in 

the number of hypoxic days for low and high LTOD conditions, respectively. Results indicate that 

higher reductions in nutrient load (i.e., > 30%) have a stronger (non-linear) effect on both 

midsummer BLDO and the number of hypoxic days. 
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Fig. 1.8. Predictions of mean BLDO (upper row) and number of hypoxic days (bottom row) for 

July-August in the upper (red), middle (green), and lower (blue) segments with 95% credible 

intervals (thin lines) under nutrient loadings reductions with low, average, and high LTOD 

scenarios. Results are averaged across the 19-year period of simulation. Dashed black line 

represents the hypoxic threshold. 

 

1.4 Discussion 

The study illustrates a hybrid water quality modeling approach, where dynamic 

mechanistic simulation and statistical inference are combined to study hypoxia dynamics in a 

shallow coastal water body. Bayesian inference provides an opportunity to probabilistically 

estimate unknown model parameters while accounting for prior knowledge. In addition, the 

approach makes it possible to distinguish and quantify the effects of both parameter uncertainty 
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and residual uncertainty in model predictions. While some past dynamic NRE modeling efforts 

have been developed considering only a few reference years (Bales and Robbins, 1999; Bowen 

and Hieronymus, 2003; Wool et al., 2003), this NRE model is calibrated over a substantially longer 

period (1997-2015), which includes a wide range of hydro-meteorological conditions. As 

supported by our cross validation analysis, this helps ensure robust characterization of mechanisms 

causing variability in subpycnocline DO across multiple temporal scales. A previous probabilistic 

process-based model of NRE hypoxia (Borsuk et al., 2001b) considered an 11-year period of 

record, but did not simulate relationships between nutrient loading and oxygen demand. Compared 

to previous Bayesian hypoxia models, based largely on steady-state relationships (Liu and Scavia, 

2010; Obenour et al., 2015), this study advances numerical simulation of oxygen dynamics within 

the Bayesian framework.  

At the same time, we recognize the limitations of our parsimonious mechanistic approach 

relative to high-dimensionality water quality models (Wool et al., 2003). The coarse model 

resolution only distinguishes three longitudinal segments and no lateral variability. Also, the 1-

day time step cannot account for diel cycles in dissolved oxygen or sudden wind events. In 

addition, the model simplifies biochemical processes, such that chlorophyll production and 

sediment diagenesis are not explicitly simulated (see Section 1.4.1.2). Despite these strategic 

simplifications, the model captures important drivers of BLDO dynamics and performs well in 

cross-validation. In addition, the parsimonious mechanistic approach is computationally efficient, 

which helps accommodate a long calibration period, Bayesian inference of process rates, and 

uncertainty quantification. The model is transferable to other estuaries where hydro-

meteorological and nutrient input data are available. Water-column calibration data are also 

important, though the posterior parameter distributions developed here could be used as 

informative prior information for applications to data-poor systems.  

1.4.1 Mechanisms driving hypoxia 

1.4.1.1 Water column reaeration 

Model results indicate that both flow and meteorological conditions play important roles 

in controlling vertical diffusion in the estuary. Stability potential (φ), which is a function of 

pycnocline depth and gradient, is estimated from linear regressions with river discharge, wind 

speed, longitudinal wind velocity, and air temperature as covariates (Section 1.3.3). Increased 

freshwater discharge generally leads to increased stability in all three segments. However, results 
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for the upper segment (Eq. 1.7) indicate a negative interaction term between 2- and 60-day flows, 

such that under very high flow conditions (for both 2- and 60-day), stability is reduced. This 

interaction is consistent with the expectation that extreme flow events will completely flush 

saltwater from the upper estuary, thus eliminating density stratification (Buzzelli et al., 2002). In 

addition, longitudinal wind velocity (LWV), which represents the northeasterly component of wind 

velocity, is found to be negatively related to stability in all three segments. This result is consistent 

with the expectation that northeasterly winds reduce stability by pushing saltwater upstream (Giese 

et al., 1985), while southwesterly winds move freshwater downstream over the surface of the 

estuary (McNinch and Luettich, 2000). This straining effect of longitudinal winds has been 

reported for other estuaries, as well (Li and Li, 2011; Scully et al., 2005). Finally, wind speed 

(independent of direction) was negatively related to stability in the upper segment, and water 

temperature was positively related to stability in the middle and lower segments, consistent with 

mechanistic expectations and previous studies, identifying the NRE as intermittently mixed system 

(Borsuk et al., 2001b; Martin and McCutcheon, 1999; McNinch and Luettich, 2000; Selberg et al., 

2001). Overall, BLDO model performance (in terms of R2) increases by 12%, on average across 

segments, when using these regressions for stability potential, as opposed to using constant 

(segment-specific median values) for stability potential. This is remarkable, given that the 

regressions (Eqs. 1.7-1.9) explain less than 40% of the variability in stability potential. The low 

regression performance may be due to short-term noisiness of density profiles, spatial mismatch 

of the meteorological and observation stations, and the limitations of using simple linear 

relationships relative to a hydrodynamic circulation model. Nonetheless, the regressions for 

stability potential appear to capture changes in stratification relevant to BLDO dynamics. These 

results demonstrate how empirical relationships for water column stability can be integrated within 

a mechanistic water quality model to improve predictive capabilities. 

1.4.1.2 Sources and variation of oxygen demand  

There is notable annual and intersegmental variability in both STOD and LTOD (Fig. 1.4). 

This variability is controlled, in part, by high oxygen demand inhibition due to low summer BLDO 

concentrations. Inhibition is less severe in the lower segment due to higher average BLDO 

concentrations compared to the upper and middle segments. These results are influenced by the 

morphology of the estuary, as thinner bottom layers in the upper and middle segments (Table S1.1) 

are depleted of oxygen more quickly than the thicker bottom layer of the lower segment (Paerl et 
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al., 1998). Furthermore, results indicate that oxygen demand (per unit volume) is typically higher 

in the upper and middle segments than in the lower. Across segments, May-October areal oxygen 

demand is found to average 0.71 and 1.16 g/m2/d, for actual and total (including inhibited) oxygen 

demand, respectively. These values are similar to the combined benthic and lower water column 

oxygen demand of 1.02 g/m2/d estimated previously (Borsuk et al., 2001b). This previous estimate 

is a year-round average without considering inhibition.  

About one third of July-August oxygen demand is attributed to STOD in this study, while 

the rest is due to LTOD, which was estimated through calibration to historical data (Fig. 1.4). 

These results support the idea that long-term benthic processes dominate BLDO demand (Alperin 

et al., 2000; Eldridge and Morse, 2008; Kemp et al., 1992), compared to decomposition of near-

term seasonally produced OM that is reflected as STOD in the model. The calibrated estimate of 

mean LTOD is similar to oxygen demands derived from laboratory benthic flux experiments 

(Rizzo and Christian, 1996) but lower than in situ sediment oxygen demand measurements (Fisher 

et al., 1982; Sauber, 1998). This was expected, as in situ measurements likely include seasonally 

produced organic matter that has settled to the estuary bottom, which is attributed to STOD in this 

study. In addition, in situ measurements were taken at deeper locations in the estuary where higher 

oxygen demand is typically expected (Fear et al., 2004).  

A limitation of this model is that it explicitly represents only aerobic oxygen demand (i.e., 

oxygen demand not inhibited by low BLDO). The organic matter associated with inhibited oxygen 

demand is assumed to be decomposed anaerobically, driven by sulfate reduction, denitrification, 

and methanogenesis (Fear et al., 2005; Matson and Brinson, 1985). It is further assumed that the 

products of these reactions either escape to the surface layer during mixing events where they are 

oxidized (sulfide, methane), escape to atmosphere (nitrogen gas, methane gas) (Chapra, 2008), or 

precipitate to the sediment (iron sulfide) (Matson et al., 1983) and are subsumed in LTOD. 

Representation of the above-mentioned processes would require a complex sediment diagenetic 

model (Di Toro, 2001) and the addition of several state variables that are not regularly monitored, 

which is beyond the scope of this study but could be beneficial in future research.  

1.4.1.3 Temporal LTOD variability  

In the model, LTOD is inferred to be influenced by the year-to-year variability in 

November-April longitudinal velocities via parameter γ (Section 1.3.2). Higher river discharge 

intensifies longitudinal velocities, leading to increased flushing and reduced time to produce and 
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settle OM in the NRE. This effect may be especially pronounced in winter, when colder 

temperatures slow biological processes and reduce growth rates of some phytoplankton species 

(Reynolds, 2006). These results are in line with previous studies that indicated the strong effect of 

flow on residence times and spatio-temporal variability of biomass in the NRE (Borsuk et al., 

2004; Peierls et al., 2012), which will then affect accumulation of organic matter in the sediment 

(Westrich and Berner, 1984). At the same time, results do not indicate any long-term temporal 

trend in LTOD (or STOD), which suggests that the system has neither significantly improved nor 

worsened during the last 19 years. 

1.4.2 Implications for hypoxia forecasting and management 

Riverine model inputs account for 62% of the simulated year-to-year variability in July-

August BLDO concentration, while remaining variability can be attributed largely to 

meteorology (Fig. 1.7). The prevailing role of flow and nutrient loadings can be explained by the 

fact that the Neuse River controls both LTOD and STOD, while also influencing reaeration rates. 

Short-term meteorology, on the other hand, affects only reaeration and temperature dependent 

rates, with mean July-August temperature varying little from year to year (0.7 °C standard 

deviation). Thus, the model naturally lends itself to be applied for forecasting hypoxia throughout 

the summer, given riverine flows and nutrient loads, which could potentially be obtained through 

watershed modeling.  

The model also provides a means for testing watershed nutrient loading reduction scenarios 

under various levels of LTOD (Fig. 1.8). While STOD is directly influenced by seasonal nutrient 

loading, LTOD varies over larger time scales. Understanding the drivers and time scales of oxygen 

demand is important for developing realistic expectations for hypoxia mitigation. In general, less 

severe hypoxia is expected in years with high winter flows (and longitudinal velocities) and low 

nutrient loadings in May-October. This result further highlights the important role of the river flow 

in controlling estuary eutrophication (Borsuk et al., 2004). Past modeling efforts supported a 30% 

reduction in total nitrogen load to improve water quality in the NRE by mitigating high chlorophyll 

levels (Deamer, 2009; Stow et al., 2003). This modeling effort, while not explicitly representing 

chlorophyll, suggests that a 30% reduction in seasonal nutrient loadings will lead to substantial 

reductions in the number of hypoxic days in all segments of the estuary (Fig. 1.8). This outcome 

contrasts with previous modeling that suggested a non-significant change in the number of hypoxic 

days in response to even 60% nitrogen loading reduction (Borsuk et al., 2003). Other NRE 
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modeling studies (Bowen and Hieronymus, 2003; Wool et al., 2003) only reported how nutrient 

management would reduce chlorophyll, not hypoxia. Thus, the quantitative linkage between 

riverine nutrient loading and hypoxia, via organic matter production, as provided in this study, 

could be an important consideration for estuarine management.  

At the same time, reductions in nutrient loading may not immediately produce 

improvements in hypoxia, as much of the year-to-year variability in BLDO is controlled by 

hydrometeorology. Nutrient loading reduction scenarios suggest it would take about 3 years to be 

90% confident of producing an increase in mean May-October BLDO in the NRE (relative to the 

current mean of 3.2 g/m3), following a 30% nutrient loading reduction (Fig. 1.9, solid orange line). 

Furthermore, if samples are only collected at a biweekly (twice per month) frequency, as is 

currently the case, it will take about 10 years to be 90% confident of actually observing such an 

improvement (Fig. 1.9, dashed orange line) as intra-annual stochasticity adds more uncertainty to 

estimated mean BLDO. This temporal stochasticity is likely attributable to small-scale 

hydrodynamic variations, deficiencies in model input and calibration data (e.g., measurement 

error), and biophysical processes that are not fully represented within the mechanistic model. 
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Fig. 1.9. Probability of observing an increase in mean May-October BLDO as compared to average 

1997-2015 conditions, given three levels of nutrient loading reduction, considering stochasticity 

due to hydrometeorology and model residual uncertainty. Probabilities are provided assuming the 

NRE is observed (i.e., sampled) every day (solid lines) or biweekly (dashed lines). Note that mean 

BLDO is determined by averaging across all segments for the number of years shown on the x-

axis.  

 

In this study, the effect of nutrient loading reductions on both mean BLDO and the number 

of hypoxic days is the greatest for low LTOD conditions (Fig. 1.8). High LTOD conditions 

facilitate midsummer hypoxia and increased oxygen demand inhibition, such that variations in 

STOD (driven by seasonal nutrient loading) are less relevant because they are largely inhibited. 

While a significant positive relationship between nutrient loading and LTOD was not observed in 

this study, results of other studies suggest that persistent loading reductions may eventually lead 

to decreases in LTOD, as OM stored in the sediment is depleted faster than it is replenished from 

the water column (Borsuk et al., 2001a; Del Giudice et al., 2018; Greening and Janicki, 2006; 

Kemp et al., 2009; Mallin et al., 2005). Further research is required to quantify the time scales over 

which benthic oxygen demands respond to changes in watershed nutrient loading. 

1.5 Conclusion 

This study demonstrates the utility of a hybrid mechanistic-Bayesian model for simulating 

estuary hypoxia. Its mechanistic structure provides a dynamic representation of oxygen demand 
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and reaeration, while the Bayesian framework allows for including prior information about system 

characteristics and characterizing model uncertainties. To our knowledge, this is the first study to 

simulate hypoxia based on a numerical solution to a series of mass balance differential equations 

within a Bayesian framework. For the 19-year study period, the model explains roughly half of 

variability in biweekly BLDO observations from May to October, and higher percentages in the 

variability of bimonthly averages. Results of cross-validation indicate the robustness of the model, 

so that it can be applied for forecasting and long-term scenario analysis, serving as a supportive 

tool for watershed managers. Interannual LTOD variation was found to be associated with average 

November to April longitudinal velocities, which indicates that elevated winter flows flush 

nutrients and organic matter from the estuary, lowering subsequent summer LTOD rates. From a 

management perspective, the results demonstrate that seasonal loading reductions will reduce 

STOD and the intensity and duration of summer hypoxia. For instance, a 30% loading reduction 

would increase the average July-August BLDO concentration by 11% and decrease the amount of 

hypoxic days by 25%. Further reductions in hypoxia could be achieved if LTOD can also be 

ameliorated, potentially by reducing rates of organic matter accumulation in sediments over the 

long term. 
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CHAPTER 2: Simulating algal dynamics within a Bayesian framework to evaluate controls 

on estuary productivity 

Abstract 

The Neuse River Estuary (North Carolina, USA) is a valuable ecosystem that has been 

impacted by the expansion of agricultural and urban watershed activities over the last several 

decades. Eutrophication, as a consequence of enhanced anthropogenic nutrient loadings, has 

promoted high chlorophyll a (chl-a) concentrations, hypoxia, and fish kills. This study compares 

and contrasts three models to better understand how nutrient loading and other environmental 

factors control chl-a concentrations over time. The first model is purely statistical, while the 

second model mechanistically simulates both chl-a and nitrogen dynamics, and the third 

additionally simulates phosphorus. The models are calibrated to a multi-decadal dataset (1997-

2018) within a Bayesian framework, which systematically incorporates prior information and 

accounts for uncertainties. All three models explain over one third of log-transformed chl-a 

variability, with the mechanistic models additionally explaining the majority of the variability in 

bioavailable nutrients (R2 > 0.5). By disentangling the influences of riverine nutrient 

concentrations, flows, and loadings on estuary productivity we find that concentration reductions, 

rather than total loading reductions, are the key to controlling estuary chl-a levels. The third model 

indicates that the estuary, even in its upstream portion, is rarely phosphorus limited, and will 

continue to be mostly nitrogen limited even under a 30% phosphorus reduction scenario. This 

model also predicts that a 10% change in nitrogen loading (flow held constant) will produce an 

approximate 4.3% change in estuary chl-a concentration, while the statistical model suggests a 

larger (10%) effect. Overall, by including a more detailed representation of environmental factors 

controlling algal growth, the mechanistic models generate chl-a forecasts with less uncertainty 

across a range of nutrient loading scenarios. Methodologically, this study advances the use of 

Bayesian methods for modeling daily eutrophication dynamics of an estuarine system over a multi-

decadal period. 
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2.1 Introduction 

Estuarine systems are productive environments that are vital to coastal communities, 

serving as habitats for wildlife, supporting commercial fisheries and providing recreational 

opportunities. However, these systems can be degraded by eutrophication, which is defined as an 

increase in the supply of organic matter to an ecosystem (Nixon, 1995). Eutrophication is 

influenced by a combination of factors, including shifts in hydrologic regime that affect transport 

of nutrients and organic matter, and increases in nutrient loadings resulting from over-fertilization 

of crops and human and livestock waste (Bricker et al., 1999; de Jonge et al., 2002; Rabalais et al., 

2009). Consequently, elevated levels of nutrients in coastal and estuarine waters enhance 

phytoplankton production, often resulting in potentially toxic algal blooms (Heisler et al., 2008; 

Paerl et al., 2018b), and expansion of hypoxic “dead” zones (Rabalais et al., 2010).  

The Neuse River Estuary (NRE), located in eastern North Carolina (NC), USA, has 

experienced severe problems including algal blooms, hypoxia, and consequently finfish and 

shellfish kills (Borsuk et al., 2003; Eby and Crowder, 2002; Lung and Paerl, 1988; Paerl et al., 

1995; Selberg et al., 2001). Excessive nutrient loadings are considered the main cause of these 

water quality issues (Paerl et al., 1998; Rudek et al., 1991). While riverine total phosphorus (TP) 

concentrations substantially decreased following management actions in the 1980s, nitrogen 

loadings increased (M. E. Borsuk et al., 2001). Beginning in the mid-1990s, extensive monitoring 

and modeling was conducted to support development of a Total Maximum Daily Load (TMDL), 

ultimately requiring a 30% reduction in total nitrogen (TN) delivered to the NRE (NCDWQ, 2001). 

A decade after TMDL completion, point sources of nitrogen have decreased, but agricultural non-

point sources remain problematic (Strickling and Obenour, 2018) and organic nitrogen 

concentrations have increased (Lebo et al., 2012). As a result, chlorophyll a (chl-a) concentrations 

exceed the State criterion of 40 µg/L for more than the allowed 10% of collected samples (Deamer, 

2009), and hypoxia and fish kills remain common in the estuary (Katin et al., 2019; Paerl et al., 

2018a; Rachels and Ricks, 2018). 

The modeling studies developed for the TMDL possessed some limitations, which made 

them suboptimal for predicting system responses under changing conditions (Stow et al., 2003). 

The mechanistic models lacked comprehensive uncertainty quantification (Bowen and 

Hieronymus, 2003; Wool et al., 2003), while a more empirical model did not explicitly represent 

several biophysical processes (Borsuk et al., 2003). At the same time, we note that one of these 
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studies indicated that the 30% loading reduction suggested by the TMDL would not achieve 

compliance with the NC chl-a criterion (Borsuk et al., 2003, 2002). Additionally, while existing 

research recognizes the critical role of riverine discharge in controlling chl-a, affecting both 

residence times and nutrient delivery in the NRE, multiple studies showed a weak empirical 

relationship between riverine nutrients and chl-a concentration (Borsuk et al., 2004; Peierls et al., 

2012). Given these considerations, new modeling approaches leveraging multiple decades of 

monitoring data are needed to refine our understanding of how the system will respond to changes 

in nutrient loading.  

The Bayesian modeling framework is recognized as an important avenue for improving 

our capacity to predict and manage eutrophication in aquatic systems (Arhonditsis et al., 2008; 

Parslow et al., 2013). It allows for updating prior knowledge about model parameters given 

available data, distinguishing among sources of model uncertainty, and obtaining probabilistic 

predictions (Gelman et al., 2013; Kruschke, 2015). Recent enhancement in computing power have 

made it possible to calibrate increasingly complex mechanistic models within a Bayesian 

framework (Malve et al., 2007; Ramin et al., 2011). However, recent Bayesian phytoplankton 

modeling efforts usually have limited spatio-temporal scope and resolution. Spatially, systems are 

typically represented as a single mixed reactor, e.g. lake or bay, without accounting for 

longitudinal variability (Arhonditsis et al., 2007; Fiechter et al., 2013). Temporally, such models 

are normally calibrated to a small number of years (Yang et al., 2016), and/or use relatively large 

(e.g., monthly) time steps (Li et al., 2015).  

In this study, we develop a process-based eutrophication model that simulates chl-a and 

nutrient dynamics at a daily time scale over multiple decades. We compare and contrast this 

process-based model with a statistical piecewise regression model inspired by previous studies of 

the estuary (Borsuk et al., 2004; Peierls et al., 2012). Both types of models are calibrated to an 

extensive multi-decadal dataset within a Bayesian framework and produce probabilistic parameter 

estimates and predictions. These models are used to enhance our understanding of system 

dynamics. Specifically, we: (1) assess the relative importance of riverine flow, nutrient loading, 

and concentration in determining estuary production along a longitudinal gradient, (2) 

quantitatively evaluate the roles of nitrogen, phosphorus, light, and temperature in controlling 

seasonal patterns in algal abundance, and (3) assess the changes in phytoplankton biomass and 

probability of meeting NC chl-a criteria under various nutrient loading reduction scenarios. 
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2.2 Methods 

This section describes the study area and the development of three eutrophication models. 

Model 1 is a purely statistical model (Bayesian piecewise regression) and Models 2 and 3 are 

mechanistic (process-based) models with varying nutrient considerations. In the following 

subsections, data sources and model segmentations are first specified, including boundary 

conditions for Models 2 and 3. Then, the deterministic form of each model is specified along with 

the Bayesian parameter estimation procedure, which is implemented in R (R Core Team, 2019). 

Finally, model performance assessment and loading scenarios are described.  

2.2.1 Data and estuary segmentation 

Model inputs and boundary conditions were estimated using data obtained from several 

programs and institutions. Measurements of nutrients, chl-a, salinity, temperature, and light 

extinction spanning almost 22 years (January 1, 1997 - September 29, 2018) were collected 

approximately biweekly (twice per month) along the NRE by the Modeling and Monitoring 

Program (ModMon, 2019). Neuse River discharge data for the period of interest were retrieved 

from United States Geographical Survey station 02091814 at Fort Barnwell (USGS, 2019a), which 

is located 35 km upstream of the study area, while meteorological data were obtained from a 

weather station (KNKT) through the North Carolina Climate Office (NCCO, 2019) (Fig. 2.1). 

Discharge (i.e., flow) was corrected by the ratio of the total estuary watershed to the Fort Barnwell 

watershed (1.18) to account for ungauged flow (Bales and Robbins, 1999). Daily riverine nitrogen, 

phosphorus, and chl-a concentrations were estimated using WRTDS (Hirsch and De Cicco, 2015) 

based on water quality data from ModMon station “0”, located 12 km upstream of the upper model 

boundary. Daily water temperatures were estimated based on regressions with air temperature, as 

in Katin et al. (Katin et al., 2019). The NRE was segmented longitudinally (Fig. 2.1, Table S2.1), 

similar to previous studies (Borsuk et al., 2002; Stow et al., 2003). For each sampling date, segment 

concentrations were determined by averaging the values from the two stations in each segment. 
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Fig. 2.1. Map of the Neuse Estuary study area, including the three modeled segments.  

 

2.2.2 Piecewise regression 

Piecewise regression (Model 1) was used to predict phytoplankton, expressed as chl-

a (μg/L), as a function of riverine discharge, TN concentration, and temperature. Such a regression 

for the NRE was originally proposed by Borsuk et al. (2004), and we compare it to the more 

mechanistic models (Section 2.2.3). The relation of chl-a to discharge was addressed by a 

piecewise linear relationship (Faraway, 2015) with a breakpoint identified based on the magnitude 

of the flow (Paerl et al., 2014; Peierls et al., 2012). The response variable (chl-a) was log-

transformed to meet the assumption of the linear regression for normality of residuals. Flow was 

also log-transformed, though temperature and TN were left untransformed (Borsuk et al., 2004). 

Different averaging periods (1, 2, 10, 30, 60 d) for each predictor variable were tested based on 

predictive performance. The model intercept and coefficients for discharge and TN were allowed 

to vary hierarchically by segment (Gelman and Hill, 2007), while the temperature parameter was 

held constant across segments (based on preliminary analysis and to avoid over-fitting). Model 1 

had the following form:  

ln (𝑎𝑖) =  β0,𝑖 + β𝑄,𝑙,𝑖 ∙ ln(𝑄) + β𝑄,ℎ,𝑖 ∙ (ln(𝑄) − 𝑏𝑝𝑖) ∙ 𝑑 + β𝑇𝑁,𝑖 ∙ 𝑇𝑁 + β𝑇 ∙ 𝑇

+ ε𝑎 
(2.1) 
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where i represents model segments 1, 2, and 3 (upper, middle, and bend, respectively), ai 

is chl-a concentration (μg/L), Q (m3/d) is 2-day average river flow, TN (μg/L) is 10-day average 

riverine TN concentration, T (oC) is water temperature. The coefficient β0 (ln(μg/L)) is the 

intercept; βQ,l and βQ,h (ln(μg/L)/ln(m3/d)) are coefficients for ln(Q) before and after breakpoint, 

respectively; βTN (ln(μg/L)/(μg/L)) is the coefficient for TN; and βT (ln(μg/L)/oC) is the coefficient 

for T. In addition, bp (ln(m3/d)), is the breakpoint and d is a binary variable associated with the 

breakpoint (d = 1, if ln(Q) > bp, otherwise d = 0). Finally, εa is the residual error, which is normally 

distributed on the ln scale. 

2.2.3 Mechanistic models 

Phytoplankton dynamics were represented by a parsimonious process-based biochemical 

model, where each segment was defined as a well-mixed reactor (Fig. 2.2). Model 2 included chl-

a, non-algal organic matter (dissolved and particulate), and dissolved inorganic nitrogen (DIN) 

mass balances, while Model 3 additionally considered orthophosphate (OP). All mass balances 

were represented via differential equations that were numerically solved using the LSODA 

algorithm (Soetaert et al., 2010) implemented via the ‘odin’ package in R (FitzJohn, 2019).  

 

 

Fig. 2.2. Schematic representation of Model 3 as three longitudinal segments (upper, middle, and 

bend). Rubricated model parameters were calibrated within the Bayesian framework 

(Section 2.2.4). Symbols are described in the text and Table 2.1. 
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Chlorophyll-a concentration increases by means of photosynthetic growth associated with 

consumption of bioavailable nutrients, while chl-a decreases due to phytoplankton mortality. The 

differential equation for chl-a had the following form: 

𝑑𝑎𝑖

𝑑𝑡
= (𝑎𝑖−1 − 𝑎𝑖) ∙

𝑄

𝑉𝑖
+ 𝑘𝑔 ∙ 𝑎𝑖 ∙ ϕ𝑙,𝑖 ∙ ϕ𝑁,𝑖 ∙ θ𝑔

𝑇−20 − 𝑘𝑟 ∙ 𝑎𝑖 ∙ θ𝑟
𝑇−20 −

𝐷𝑖−1:𝑖
′

𝑉𝑖

∙ (𝑎𝑖 − 𝑎𝑖−1) +
𝐷𝑖:𝑖+1

′

𝑉𝑖
∙ (𝑎𝑖+1 − 𝑎𝑖) 

(2.2) 

where Vi (m3) is volume (of segment i), Q (m3/d) is flow, kg (d-1) is the maximum 

phytoplankton growth rate (at 20oC), kr (d-1) is the phytoplankton loss rate due to combined effect 

of respiration, excretion, and grazing, θg, and θr are temperature (T) adjustment parameters for kg 

and kr, respectively, and ϕN and ϕl are nutrient and light limitation factors described below. 

Parameter D′ (m3/d) is a bulk longitudinal dispersion coefficient (Chapra, 2008) estimated as in 

Katin et al. (2019).  

Non-algal organic matter (detritus and zooplankton) in units of nitrogen (z, μg/L) increases 

due to phytoplankton mortality, and it decreases via mineralization or deposition to the sediment 

layer:  

where h (m) is depth of the water column, rna is the nitrogen-to-chl-a ratio, νs (m/d) is the 

settling velocity, km (d-1) is the mineralization rate, and θm is a dimensionless temperature 

adjustment for km. 

Bioavailable nutrients (DIN and OP) are delivered via riverine discharge, utilized by the 

phytoplankton for primary production, and are recycled back from the organic matter pool: 

where x is DIN (n, μg/L) or OP (p, μg/L), rxa is the algal nitrogen- or phosphorus-to-chl-a 

ratio (rna or rpa), rzx is the ratio of z to x (for n, rzx = 1, for p, rzx = rpa / rna), Ψ is an additional source 

(+) or sink (-) of x. For n, Ψ = − kd ∙ n ∙ θd
T−18.75 where kd (d-1) is the loss rate of DIN due to 

𝑑𝑧𝑖

𝑑𝑡
= (𝑧𝑖−1 − 𝑧𝑖) ∙

𝑄

𝑉𝑖
+  𝑟𝑛𝑎 ∙ 𝑘𝑟 ∙ θ𝑟

𝑇−20 ∙ 𝑎𝑖 −
ν𝑠

ℎ𝑖
∙ 𝑧𝑖 − 𝑘𝑚 ∙ 𝑧𝑖 ∙ θ𝑚

𝑇−20 −
𝐷𝑖−1:𝑖

′

𝑉𝑖

∙ (𝑧𝑖 − 𝑧𝑖−1) +
𝐷𝑖:𝑖+1

′

𝑉𝑖
∙ (𝑧𝑖+1 − 𝑧𝑖) 

(2.3) 

𝑑𝑥𝑖

𝑑𝑡
= (𝑥𝑖−1 − 𝑥𝑖) ∙

𝑄

𝑉𝑖
− 𝑟𝑥𝑎 ∙ 𝑘𝑔 ∙ 𝑎𝑖 ∙ ϕ𝑙,𝑖 ∙ ϕ𝑁,𝑖 ∙ θ𝑔

𝑇−20 + 𝑘𝑚 ∙ 𝑟𝑧𝑥 ∙ 𝑧𝑖 ∙ θ𝑚
𝑇−20

−
𝐷𝑖−1:𝑖

′

𝑉𝑖
∙ (𝑥𝑖 − 𝑥𝑖−1) +

𝐷𝑖:𝑖+1
′

𝑉𝑖
∙ (𝑥𝑖+1 − 𝑥𝑖) + Ψ 

(2.4) 
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denitrification and other dissimilatory processes. For p, Ψ = Pf ∙ θp
T−18.75 ∙ h-1, where Pf (μg/m2/d) 

is the OP flux from the sediment. Note that 18.75 ºC is the mean NRE water temperature, and θd 

and θp are the associated temperature correction factors. Inputs of DIN to the three segments from 

groundwater flux and via N2 fixation from the atmosphere were considered negligible (Affourtit 

et al., 2001; Spruill and Bratton, 2008).  

The phytoplankton growth rate was adjusted as a function of environmental conditions, 

including nutrient availability (ϕN) and light regime (ϕl). Nutrient limitation was represented by a 

Monod (1949) relationship, ϕN=x/(ksx+x), where ksx (μg/L) is the half saturation constant for 

nutrient x. For Model 2, nutrient limitation is based only on DIN (phosphorus is not modeled). For 

Model 3, nutrient limitation is based on a Liebig’s law of the minimum, considering both DIN and 

OP, e.g. ϕN = min(ϕn, ϕp). Light limitation was represented using the Steele (1965) formulation, 

integrated over depth and time (eq. S2.4.1) following Chapra (2008). Daily values of the light 

extinction coefficient ke (m-1) required for ϕl estimation were determined via regressions with 

drivers of variability in optically active water quality constituents as explanatory variables. 

Chlorophyll a represented effects of absorbance by phytoplankton pigments, while 10-day natural 

log-transformed flow, 60-day temperature, and 2-day wind speed captured effects of season, flow, 

and resuspension on concentrations of chromophoric dissolved organic matter and suspended 

sediment (Section S2.4).  

For the Upper segment, boundary conditions ai-1, ni-1, pi-1, and zi-1 are riverine chl-a, DIN, 

OP, and non-algal organic matter concentrations, respectively. The latter term, zi-1, consisted of 

dissolved and particulate organic nitrogen concentration exclusive of algal content, represented as 

chl-a concentration multiplied by rxa. For the lower Bend segment, boundary conditions ai+1, ni+1, 

pi+1, and zi+1 were dynamically estimated based on empirical relationships between observations 

at downstream sampling location 140 (Fig. 2.1) and concentrations within the Middle and Bend 

segments (Section S2.2). 

2.2.4 Model calibration and prior information 

Bayesian calibration (i.e., parameter estimation) allows for derivation of posterior 

parameter distributions by systematically updating prior knowledge using the observed data 

through the likelihood function (Gelman et al., 2013). For all three models, the likelihood function 

was established assuming normally distributed uncorrelated error in the natural log-transformed 

space (D. Del Giudice et al., 2018; Ott, 1990). All three models were calibrated to observed chl-a. 
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Model 2 was additionally calibrated to DIN, and Model 3 was additionally calibrated to DIN and 

OP. Bayesian inference was numerically implemented using Markov Chain Monte Carlo sampling. 

Specifically, Model 1 was calibrated using the ‘RStan’ package (Stan Development Team, 2016), 

which efficiently implements a Hamiltonian Monte Carlo sampling algorithm (Betancourt, 2017; 

Sorensen and Vasishth, 2015). For Models 2 and 3, an adaptive Metropolis sampling algorithm 

was adopted (Del Giudice et al., 2015; Haario et al., 2001; Malve et al., 2007), as it provided more 

flexibility for integrating the differential equation solver (Section 2.2.3). For each model, three 

parallel sampling chains were run at 30,000 iterations, with the first 10,000 discarded as burn-in, 

so that the posterior distributions are based on 60,000 posterior samples. Convergence was 

considered achieved when the square root of the ratio of total variance to within-chain variance 

was approximately equal to one for all parameters (Gelman et al., 2013).  

The priors for the parameters were defined using normal (N) and truncated normal (tN) 

distributions. Truncated distributions prevented negative parameter values when they were 

mechanistically implausible. The parameters for Model 1 received weakly informative priors 

(Table S2.3.1). Prior information for mechanistic Models 2 and 3 were based on previous 

literature (Table 2.1).  
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Table 2.1. Prior parameters distributions for Models 2 (top 14) and 3 (all), derived from previous 

eutrophication studies in the NRE and elsewhere. Temperature corrections (θ) are associated with 

the preceding parameter. 

Parameter Description Units Prior Literature 

kg growth rate d-1 tN(1.0,0.3) 

(Bowen and Hieronymus, 2000; Kruk et 

al., 2010; Lung and Paerl, 1988; 

Pinckney et al., 2001; Roelke, 2007) 

θg temperature correction — tN(1.07,0.03) 
(Borsuk et al., 2004; Camacho et al., 

2015; Peierls and Paerl, 2010) 

rna ratio of n to a μgn/μga tN(7.2,3) (Chapra, 2008; Lung and Paerl, 1988) 

ksn half-sat constant, n μg/L tN(20,5) 
(Camacho et al., 2015; Chapra, 2008; 

Grover, 1989; Smayda, 1997) 

kr loss rate d-1 tN(0.15,0.05) 
(Chapra, 2008; EPA, 1985; Lung and 

Paerl, 1988; Ramin et al., 2011) 

θr temperature correction — tN(1.07,0.03) 
(Borsuk et al., 2004; Camacho et al., 

2015; Chapra, 2008) 

km recycling rate d-1 tN(0.15,0.05) 
(Arhonditsis et al., 2008, 2007; Ramin et 

al., 2011) 

θm temperature correction — tN(1.07,0.03) 
(Chapra, 2008; EPA, 1985; Liu et al., 

2012; Rigosi et al., 2011) 

νs settling rate m/d tN(0.20,0.05) 
(Arhonditsis et al., 2007; Lung and Paerl, 

1988; Ramin et al., 2011) 

Is optimal light level W/m2 tN(50,25) 
(Boyer et al., 1994; Chapra, 2008; 

Edwards et al., 2016) 

kd n removal rate d-1 tN(0.1,0.05) (Fear et al., 2005; Ramin et al., 2011) 

θd temperature correction — tN(1,0.05) (Fear et al., 2005; Khalil et al., 2018) 

σn residual SD for ln(n) ln(μg/L) tN(0,5) — 

σa residual SD for ln(a) ln(μg/L) tN(0,1) — 

ksp half-sat constant, p μg/L tN(1.5,1) 
(Camacho et al., 2015; Chapra, 2008; 

Grover, 1989; Smayda, 1997) 

rpa ratio of p to a gp/ga tN(1,0.3) 
(Lung and Paerl, 1988; Redfield et al., 

1963) 

Pf sediment p flux  μg/m2/d N(744,400) (Fear et al., 2004; Fisher et al., 1982) 

θp temperature correction — tN(1.08,0.05) (Chapra, 2008) 

σp residual SD for ln(p) ln(μg/L) tN(0,1) — 

 

2.2.5 Models assessment, sensitivity, and scenario analysis 

Models were assessed based on their predictive skill and realism of uncertainty 

quantification. Predictive skill was evaluated by root mean squared error (RMSE) and R2, which 

represents the percent of the variance in the observations explained by the predictions (Faraway, 

2015). For skill assessment, chl-a and nutrient predictions were obtained using the means of the 

Bayesian posterior parameter distributions and were compared to biweekly observations. 

Predictive performance was further assessed through a two-fold cross validation (Stone, 1974), 

where the first fold included 1997-2007 and the second fold consisted of 2008-2018 data. The 

portion of observations falling within the 90% cross-validated model predictive intervals were 
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compiled to determine whether the model realistically characterizes uncertainty. Additionally, to 

assess the importance of riverine discharge, nutrient concentrations, and loadings, a sensitivity 

analysis was performed for Model 3 by adjusting these discharge and concentrations by +/−30%, 

and calculating the percent change of average chl-a across the simulation period.  

All three models were used to screen the effect of changes in nutrient loading on mean chl-

a under various hydrologic conditions and seasons. Scenarios were simulated by increasing or 

decreasing historical daily riverine nutrient concentrations (and thus loadings) by fixed 

percentages and re-running the model over the entire period of record. For the mechanistic models, 

the different forms of riverine (particulate plus dissolved) nutrient inputs (algal organic, non-algal 

organic, and inorganic) were reduced by the same percentage. For Model 3, we accounted for the 

fact that organic matter includes both nitrogen and phosphorus, and when only altering one nutrient 

at a time, the portion of the non-altered nutrient associated with the reduction in organic matter 

was shifted to the inorganic pool. Hydrologic classifications were based on whether annual median 

flows fell into the lower (<61.2 m3/d), middle (61.2-89.1 m3/d), or upper (>89.1 m3/d) third of 

historical flow conditions. Seasonal aggregations included winter (December – February), spring 

(March – May), summer (June – August), and fall (September – November).  

2.3 Results and Discussion 

2.3.1 Piecewise regression calibration (Model 1) 

Piecewise regression parameter estimates quantify the effect of 2-day mean discharge, 10-

day average TN concentration, and water temperature on chl-a (Fig. 2.3). Regression results 

confirm that chl-a has a nonlinear (breakpoint) relationship with river flow (Lucas et al., 2009; 

Peierls et al., 2012). Results indicate a significant (>95% credible) negative effect of discharge on 

chl-a at flows greater than the breakpoint (βQ,h, Fig. 2.3, Table S2.3.2), likely representing the 

dominance of flushing over nutrient delivery and phytoplankton growth during high flows. On the 

other hand, discharge has a significant positive effect on chl-a at flows lower than the breakpoint 

for the Bend segment (βQ,l), likely due to a shortage of bioavailable nutrients delivered downstream 

during low-flow conditions (Borsuk et al., 2004). Coefficients for discharge before the breakpoint 

(βQ,l) for Upper and Middle segments are non-significant (βQ,l, Table S2.3.2), indicating a 

relatively weak relationship with low flows. The estimated breakpoint (bp) increases downstream 

(Fig. 2.3), reflecting that higher discharges are needed for the effect of flushing to exceed the effect 

of increased nutrient delivery in segments with greater width and depth. Additionally, results of 
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Model 1 imply that coefficients for riverine TN concentration (βTN) are significantly positive for 

all segments of the estuary. These results are unique from Borsuk et al. (2004), who found such 

relationships to be positive but insignificant for similar segments. However, regression results 

suggest non-significant water temperature effects on chl-a (Fig. 2.3, Table S2.3.2), contrary to 

previous studies estimating significant (but weak) positive relationship between these variables 

(Borsuk et al., 2004; Hall et al., 2013). 

 

 

Fig. 2.3. Prior (dashed, black) and posterior (solid, with colors referring to segments) probability 

distributions for the deterministic parameters of Model 1. Y-axis represents relative probability 

density. Parameter estimates are tabulated in Table S2.3.2. 

 

2.3.2 Mechanistic model calibrations (Models 2 and 3) 

Twelve and sixteen parameters are estimated through Bayesian inference for 

Models 2 and 3, respectively (Fig. 2.4, Table S2.3.2). In general, the posterior parameter estimates 

are within the range of reported values from previous laboratory and modeling studies, consistent 

with the prior distributions (Table 2.1). Most marginal posterior distributions are narrower than 

the priors, indicating that the model formulations are suitable for updating the parameter values 

given the available calibration data. However, the posterior distribution of settling velocity (νs) is 
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slightly wider than the prior for both formulations, and could perhaps be refined by calibrating to 

measures of non-algal organic matter in the estuary in future research. 

The parameter estimates for Model 3 are often significantly different from Model 2 at a 

95% probability. For example, the best estimates of phytoplankton growth (kg) and loss (kr) rates 

for Model 2 are greater than for Model 3 (Fig. 2.4). On the other hand, the best estimates of ratio 

of nitrogen to chl-a (rna) and optimal light level (Is) are smaller for Model 2 compared to Model 3 

(Fig. 2.4). Interestingly, the estimate of rna for Model 3 is higher than our prior, but close to values 

reported in other estuarine and coastal systems (Gowen et al., 1992; Li et al., 2010). While both 

models have similar predictive skill for chl-a and DIN (Section 2.3.4), differences in parameter 

estimates mentioned above indicate that the inclusion of phosphorus dynamics can substantially 

influence inference of mechanistic rates within a Bayesian framework. The posterior distributions 

also reveal substantial correlations among some parameters. For instance, phytoplankton growth 

rate (kg) has a strong positive correlation (r = 0.96) with loss rate (kr) indicating that an increase in 

one parameter can be largely compensated for by an increase in the other (see eq. 2.2). 

Additionally, phosphorus flux from the sediment (Pf) was negatively correlated with its 

temperature correction factor (θp, r = −0.95). However, despite these correlations, posterior 

distributions remain relatively tight when compared to the priors (Fig. 2.4). 

The mechanistic models allow for an assessment of nutrient fluxes associated with 

(implicitly represented) sediment diagenesis and denitrification. Average flux of OP from the 

sediments is 0.67 µg/L/d which is within the range of previously reported values for the NRE (Fear 

et al., 2004; Matson et al., 1983; Rizzo and Christian, 1996). Additionally, the high temperature 

correction coefficient, θp, (Fig. 2.4) suggests increased rates of phosphorus release from the 

sediment in summer compared to winter (mean fluxes are 1.87 and 0.01 μg/L/d, respectively), 

likely due to combined effects of high temperature and hypoxic conditions during summer (Cowan 

and Boynton, 1996; Fisher et al., 1982). Nitrogen removal rates from the water column are found 

to be 9.6 µg/L/d, which is consistent with previously estimated average denitrification rate for the 

NRE (8.7 µg/L/d) (Fear et al., 2005). This study confirms that dissimilatory nitrogen losses are 

lower in summer than in winter (mean fluxes are 7.34 and 22.6 µg/L/d, respectively), likely due to 

decreased DIN delivery (Fear et al., 2005; Piehler et al., 2002) and inhibited nitrification associated 

with oxygen deficits in summer (Hansen et al., 1981).  
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Fig. 2.4. Prior and posterior probability distributions for the calibrated deterministic parameters of 

Models 2 and 3. Y-axis represents relative probability density. Parameters are unitless unless 

indicated. Posterior parameter estimates are tabulated in Table S2.3.2. 

 

2.3.3 Phytoplankton growth rate adjustment 

The mechanistic models allow for exploring how temperature, light, and nutrient 

availability affect phytoplankton growth. Focusing on Model 3, the phytoplankton growth rate is 

reduced by 85%, on average, relative to the optimal growth rate at 20ºC (Fig. 2.5, black). These 



50 

 

reductions are due to a combination of nutrient and light limitation, coupled with temperature 

adjustments. 

Nutrient limitation, ϕN, is more influential in summer and less strong in winter, reducing 

average growth rates by 42% and 21% in these seasons, respectively (Fig. 2.5, orange). It is notable 

that nutrient limitation of phytoplankton growth has the greatest environmental (i.e., temporal) 

variability compared to temperature and light effects (Fig. 2.5). As riverine nutrients are consumed 

by phytoplankton, results indicate that substantial nutrient limitation (i.e., ϕN < 0.83; Chapra, 2008) 

increases moving down the estuary, occurring 41%, 68%, and 74% of the time for Upper, Middle 

and Bend segments (Fig. 2.6). We also see that nutrient limitation is most severe under dry (i.e., 

low river flow) conditions, even in winter months (Fig. 2.6).  

Nitrogen is the main nutrient limiting phytoplankton production in the NRE; about 60% of 

the time based on Model 3, which is consistent with previous studies for this estuary (Cira et al., 

2016; Paerl et al., 1995; Pinckney et al., 2001; Rudek et al., 1991) and the general concept of 

nitrogen limitation in estuarine and coastal waters (Nixon, 1995; Howarth and Marino, 2006). 

Phosphorus is found to limit primary production only about 1.3% of the time (107 d over almost 

22 years) in any segment over two decades. These rare phosphorus-limitation events occurred 

mostly in the Upper segment in late winter and early spring (Fig. 2.6) when TP loadings were 

substantially depressed. These results agree well with previous experimental findings for the NRE 

that showed  occasional phosphorus controls on chl-a production that occurred only in late winter 

and early spring (Pinckney et al., 1999; Rudek et al., 1991). Expectedly, if riverine TP 

concentration is reduced by 30% in the model, phosphorus limitation becomes more pronounced, 

occurring 15% of the time, but nitrogen remains the key nutrient, limiting phytoplankton growth 

46% of the time. These results are consistent with findings from both the Gulf of Mexico (Fennel 

and Laurent, 2018) and Chesapeake Bay (Malone et al., 1996), which defined nitrogen as the major 

limiting nutrient and phosphorus occasionally limiting in spring and early summer. 

Light availability is also a major regulator of phytoplankton growth, reducing it on average 

by 77% (Fig. 2.5, yellow), though part of this is simply attributable to the sun being down 50% of 

the time (at night), on average (Section S2.4). The additional light limitation (27%) occurs due to 

light attenuation in the atmosphere (e.g., cloud cover) and water column. These results are 

generally consistent with previous estuarine studies that outlined the importance of light in 

influencing primary productivity (Gameiro et al., 2011; Pennock and Sharp, 1992). Factors 



51 

 

affecting the water column light extinction coefficient (ke) were estimated via Bayesian regression 

(Section S2.4, eq. S2.4.5). Results from this regression quantify how algal accumulation (chl-a) 

increases light extinction, while background attenuation decreases moving down the estuary, 

presumably due to the settling of suspended material and the dilution, degradation, and flocculation 

of chromophoric dissolved organic matter (Vähätalo and Zepp, 2005). Background attenuation is 

also strongly related to riverine discharge (natural log-transformed discharge alone explains 36% 

of variability in light extinction coefficient), which is typical for a river-dominated estuary (Bowen 

and Hieronymus, 2003; McSweeney et al., 2017).  

Temperature only slightly influences growth rate in the mechanistic model. In Model 3, 

temperature enhances summer growth by 5% and decreases growth rate in winter by 6% relative 

to the optimal growth rate at 20ºC (Fig. 2.5, red). Overall, the temperature effects observed in this 

study (all models) are smaller than those reported in the previous studies (Table 2.1). A possible 

explanation for this discrepancy may be that different phytoplankton populations have various 

optimal temperatures, consistent with observed blooms of specific taxa occurring throughout the 

year (Pinckney et al., 1998). Finally, the estimated temperature adjustments may reflect additional 

drivers of seasonal variability (e.g., vertical stratification) or changes in grazer communities that 

are not explicitly accounted for in the model (Wetz et al., 2011).  
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Fig. 2.5. Monthly adjustment of calibrated phytoplankton growth rate at 20ºC (kg = 0.64 d-1) to 

temperature, nutrients, light, and all three factors combined. Results are from Model 3 and 

averaged across all three segments. Environmental variability is represented by the boxes showing 

interquartile range, while center line is the median. Whiskers extend to the extreme value or 1.5 

times the interquartile range (whichever is less). 
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Fig. 2.6. Percent of time when nitrogen or phosphorus limitation occurs in the Upper, Middle, and 

Bend segments, shown for different hydrologic regimes and seasons (Model 3). Note that nutrient 

limitation is considered to occur when either DIN or OP is less than five times their respective 

Monod half saturation constants (Chapra, 2008). 

 

2.3.4 Model predictive skill 

Overall, Models 1, 2, and 3 explain 43%, 38%, and 38% of variability in log-transformed 

chl-a, respectively, across all seasons and segments (Fig. 2.7 top row, Table S2.5) with 

corresponding RMSEs of 0.65, 0.68, and 0.67 ln(μg/L). For comparison, cross-validated 

Models 1, 2, and 3 explain 37%, 36%, and 35% of variability in log-transformed observed chl-a, 

respectively, with corresponding RMSEs of 0.68, 0.69, and 0.70 ln(μg/L). The larger drop in 

performance for Model 1 (i.e., R2 of 43% drops to 37% in cross validation) suggests it is less 

robust, though it still slightly outperforms the mechanistic models. In cross validation, 11.4%, 

20.5%, and 18.5% of the observations fall outside of the 90% prediction intervals for 

Models 1, 2, and 3, respectively, indicating the models somewhat underrepresent forecasting 
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uncertainty. In general, uncertainties may be underestimated due to temporal autocorrelation 

among the biweekly samples (e.g., Fig. S2.5), which could be a subject for future model 

improvement (Reichert and Mieleitner, 2009).  

Consistent with results from previous studies, performances decline moving downstream 

for all models (Table S2.5), likely due to diminishing hydrologic forcing (Borsuk et al., 2003; 

Bowen and Hieronymus, 2003; Wool et al., 2003) and less variability in chl-a observations 

(standard deviations of 1.0, 0.78 and 0.69 ln(μg/L) for Upper, Middle, and Bend segments, 

respectively) that can reduce the signal to noise ratio of the data. Interestingly, the mechanistic 

models perform better than the statistical model in the Middle segment but worse in the Upper and 

Bend segments (Table S2.5). It is important to note that Models 2 and 3 were also calibrated to 

bioavailable nutrients, with both models explaining 64% of variability in DIN, and Model 3 

additionally explaining 56% of variability in OP (Fig. 2.7).  
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Fig. 2.7. Observed versus predicted natural log-transformed chl-a (top row), DIN (middle row) 

and OP (bottom row) concentrations for 22-year study period for the three models. Black diagonals 

represent the 1:1 line (i.e., line of perfect prediction). 

 

2.3.5 Sensitivity to riverine inputs 

River discharge influences residence time, nutrient delivery, and light availability in 

estuarine systems (Abreu et al., 2010; Cloern, 2001; Liu et al., 2018; Wang et al., 2019). Previous 

NRE studies outlined the role of riverine inputs in controlling estuarine algal biomass and 

composition (Borsuk et al., 2004; Hall et al., 2013; Peierls et al., 2012), but have not isolated and 

quantified chl-a responses to changes in discharge, concentration, and loading. Here, sensitivity 
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analysis (based on Model 3) focused on changing flows and loadings +/−30%. While riverine 

inputs have considerable interannual variability, we assumed the value of 30% will represent a 

reasonable average long-term response to possible perturbations in hydrologic regimes due to 

climate change or nutrient loading modification caused by anthropogenic activities, and it is also 

consistent with TMDL reduction target (NCDWQ, 2001). From this analysis, the greatest increase 

in chl-a (+18.3% across segments, Table 2.2, case E) occurs when flow is reduced by 30% and 

loading is held constant, such that riverine nutrient concentrations increase by 43%. Conversely, a 

large chl-a reduction in the Upper segment (−17.6%, case F) occurs when flow is increased by 

30% and loading is held constant. However, for the Middle and Bend segments, the greatest chl-a 

reductions are in response to 30% riverine concentration and loading reductions (with flows held 

constant, case C).  

Congruent changes in river flow and load (Table 2.2, cases A and B), such that nutrient 

concentrations remained the same, had relatively little impact on chl-a concentrations. However, 

it is noteworthy that for both cases A and B, the effect on chl-a in the Bend segment is almost the 

same (a small reduction). Here, when flows and loadings are reduced by 30%, less nutrients reach 

this downstream segment, but when flows and loadings are increased 30%, the effects of flushing 

over-compensates for the increased nutrient loading. These results indicate that current flow rates 

provide near-optimal conditions for chl-a accumulation in the Bend segment. At the same time, 

we note that the largely negative relationships between flow and chl-a (considering all segments) 

are coherent with a recent hypoxia study, which indicated the important role of winter discharge 

in flushing biomass and diminishing deposition of organic matter to the sediments (Katin et al., 

2019).  

Overall, these results provide a mechanistic quantification of how freshwater inputs have 

a strong and multifaceted effect on phytoplankton production and water quality in the NRE (Paerl 

et al., 2014; Peierls et al., 2012; Pinckney et al., 1999). From a watershed management perspective, 

these results highlight the importance of controlling dry weather loads (e.g., point sources, leaking 

animal wastes), which can lead to high riverine nutrient concentrations in dry years (Alameddine 

et al., 2011; Strickling and Obenour, 2018). Such a scenario is approximately analogous to 

case E (Table 2.2). 
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Table 2.2. Percent change in chl-a for Upper, Middle, Bend, and overall NRE, relative to average 

baseline concentrations of 14.3, 16.4, 16.6, and 15.8 µg/L, respectively. Estuary response are 

shown based on sensitivity-analysis adjustments to riverine discharge (Q), riverine TN and TP 

loadings (L), and concentrations (c). The largest (positive and negative) changes in chl-a are 

highlighted in bold. All results are based on Model 3. 

case 

input variation segment response overall 

response Q L c Upper Middle Bend 

A −30% −30% − 4.3% 0.4% −0.5% 1.3% 

B +30% +30% − −4.6% −1.7% −0.8% −2.3% 

C − −30% −30% −16.6% −13.8% −11.5% −13.8% 

D − +30% +30% 16.0% 13.3% 11.0% 13.3% 

E −30% 0% +43% 25.5% 17.2% 13.2% 18.3% 

F +30% 0% −23% −17.6% −12.9% −10.2% −13.4% 

 

2.3.6 Nutrient loading scenarios 

Because watershed nutrient loading is the most management-relevant estuary input, we 

compare estuary chl-a responses to a range of loading adjustments using all three models 

(Fig. 2.8). All models indicate that chl-a is responsive to reductions in riverine TN load and 

concentration (flow is held constant). For instance, a 30% TN loading reduction will result in 

26.0%, 16.1% and 13.7% decrease in average chl-a concentrations for Models 1, 2, and 3, 

respectively. On the other hand, these models suggest that a 30% increase in TN loadings will 

result in 38.3%, 15.6% and 12.2% rises in chl-a, respectively. Thus, Model 1 is most responsive, 

averaging a 10.4% chl-a adjustment for each 10% TN change. We note that the magnitude of this 

response could be partially related to the transformations used in the regression (natural log for 

chl-a, but no transformation for TN), which were applied consistent with Borsuk et al. (2004). 

Interestingly, the Model 1 responses are somewhat similar to those documented for the nearby 

New River Estuary (NC), where statistical analyses of observed data indicated that each 10% 

reduction in total nutrients would decrease chl-a by 13.2% (Mallin et al., 2005). However, from a 

more mechanistic perspective, it is unclear how the ratio of % change in chl-a to nutrients could 

exceed 1:1 based on stoichiometric considerations (Chapra, 2008). Furthermore, negative 

feedbacks, such as increased algal biomass leading to more light extinction, would suggest ratios 

of less than 1:1. Consistent with these mechanistic considerations, Models 2 and 3 indicate smaller 
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responses to loading perturbations, where chl-a is altered 5.3% and 4.3%, respectively, for each 

10% TN loading change. These mechanistic model results broadly support previous NRE studies, 

which indicated 4.4% (Borsuk et al., 2002), 5.1% (Bowen and Hieronymus, 2003), 4.9% (Wool et 

al., 2003) reductions in chl-a to similar TN reductions. It is also worthwhile to compare with other 

systems like Tampa Bay, where each 10% TN loading reduction resulted in about a 6.7% decrease 

in chl-a (Greening and Janicki, 2006).  

Additionally, Model 3 is used to investigate how simultaneous nitrogen and phosphorus 

loading modifications affect chl-a levels. When riverine TN and TP are altered by 10%, chl-a 

changes by 4.6% (Fig. 2.8), compared to a 4.3% response when altering TN only. This result is 

generally consistent with a study in Boston Harbor case, where a 10% TN loading reduction with 

parallel 11.3% TP reduction helped to reduce chl-a by 3.5% (Taylor et al., 2011). If solely TP is 

reduced by 10% or 30%, then chl-a is expected to decrease by just 0.3% or 2.4%, respectively 

(averaged across all segments). Interestingly, if sediment phosphorus (Pf) flux is reduced 

proportionally to TP load, there is little additional reduction in chl-a (<1%). While these results 

suggest that nitrogen controls alone are nearly as effective as combined nitrogen and phosphorus 

control, we caution that reducing just one nutrient may produce undesirable shifts in phytoplankton 

community composition (Berthold et al., 2018; Kelly et al., 2019; Paerl et al., 2016) or the location 

of algal blooms in the estuary (Paerl et al., 2004). Thus, parallel nitrogen and phosphorus controls 

should be considered for long-term NRE eutrophication management.  

Seasonally, the statistical model (Model 1) does not exhibit diverse responses to nutrient 

loading (Fig. 1.8). In Model 1, seasonality is primarily represented by temperature (via coefficient 

βT), which is not statistically significant (Fig. 1.4). However, the mechanistic models indicate 

larger responses of chl-a to loading changes in the spring, particularly under dry conditions 

(Fig. 2.8). Across hydrologic conditions, a 30% change in nutrient loading will result in 17.9%, 

12.8%, 10.5%, and 13.5% changes in chl-a in spring, summer, fall, and winter, respectively. The 

periods with greater chl-a responses are generally those with higher flows and nutrient loadings. 
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Fig. 2.8. Average chl-a predictions across all segments from Models 1, 2, and 3 shown for four 

seasons and three hydrologic conditions under various TN loading adjustments (TN and TP in the 

case of Model 3). Loading scenarios are based on modifying riverine incoming nutrient 

concentrations by the percent shown; flows and other model inputs are held constant. For clarity, 

90% credible intervals are shown only for summer scenarios (blue ribbon). 

 

Another way of assessing the influence of riverine nutrients on chl-a is by focusing on the 

probability of chl-a exceeding the State criterion of 40 µg/L. For instance, a 30% reduction in TN 

and TP would help to reduce the probability of chl-a violating the criterion in Middle and Bend 
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segments from 11% to 8%, which is less than the 10% exceeded rate allowed by NC water quality 

criteria (Fig. S2.6). Thus, this study implies a smaller loading reduction than Borsuk et al. (2003), 

which suggested a 45% reduction was needed. However, it should be noted that the study period 

(1997-2018) has a 7% lower average riverine TN concentration than the baseline period (1998-

2000) used for previous NRE assessments (Stow et al., 2003).  

2.3.7 Bayesian approach and model comparison 

This study advances the development of statistical and mechanistic water quality models 

for river-dominated estuarine systems within the Bayesian framework. While piecewise regression 

(Model 1) is based on relatively simple empirical relationships drawing on previous modeling 

efforts, this is the first time the approach has been embedded in a Bayesian hierarchical framework. 

Moreover, Models 2 and 3 expand the spatio-temporal scope of Bayesian mechanistic 

phytoplankton modeling relative to previous studies (Parslow et al., 2013; Ramin et al., 2011) by 

simulating chl-a dynamics over multiple decades and across a longitudinally segmented 

waterbody. The models were designed to be computationally efficient, allowing us to obtain daily 

simulations over almost 22 years quickly (i.e., less than 4 s), which facilitates the MCMC approach 

to Bayesian inference. Within the Bayesian framework, model parameters are informed by a 

combination of prior literature findings and the multi-decadal calibration data, enabling systematic 

parameter estimation and uncertainty quantification (Beck, 1987; Ganju et al., 2016).  

However, both types of models possess limitations, including coarse spatial resolution and 

simple or implicit representation of certain processes (e.g. sediment diagenesis, denitrification). 

Furthermore, the model represents grazing as a simple first-order loss rate, without consideration 

of more complex trophodynamics (Kimmel et al., 2015). Even given these limitations, all three 

models explain a substantial portion of longitudinal variability in natural log-transformed chl-a in 

the NRE (R2 > 0.35, Section 2.3.4). Unexplained variability in chl-a might be due to factors 

beyond model structure, including erratic bloom-forming phytoplankton taxa (Paerl et al., 2018a, 

2014; Pinckney et al., 1998), the spatial patchiness of biomass (Hall et al., 2013), and variable 

ratios of chl-a to nutrients (Geider et al., 1997; Jakobsen and Markager, 2016). Additionally, the 

cross-validation RMSEs of all three models (Table S2.5, average of 0.69 ln(μg/L)) suggest 

favorable predictive performance when compared to previous NRE modeling studies with average 

RMSE of 0.86 ln(μg/L) (Stow et al., 2003).  
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Model 1 performs similar to the mechanistic Models 2 and 3 for the prediction of chl-a 

when subject to cross validation (Section 2.3.4). Thus, the piecewise regression provides a 

relatively simple and computationally efficient approach to forecasting algal levels. At the same 

time, mechanistic Models 2 and 3 integrate over a wider range of biogeochemical processes and 

are simultaneously calibrated to bioavailable nutrients, explaining the majority (R2 > 0.5) of 

variability in DIN and OP (Fig. 2.7). Also, parameters in the mechanistic models have physical 

meaning and can be readily informed based on prior information, which promotes a realistic 

representation of biophysical relationships and relatively robust predictive performance based on 

cross validation. Additionally, the mechanistic models lead to more realistic load reductions 

scenarios, as described in Section 2.3.6, with substantially reduced uncertainty (i.e., credible 

intervals, Fig. 2.8). Thus, the mechanistic models appear advantageous when predicting the 

response of the estuary to major changes in riverine inputs.  

2.4 Conclusion 

In this study, we compared empirical and mechanistic phytoplankton modeling approaches 

to evaluate how key processes, such as hydrologic forcings and nutrient limitation, govern 

eutrophication in a shallow estuary. We developed these approaches using Bayesian inference, 

which assimilates prior knowledge and calibration data to provide probabilistic parameter 

estimates and water quality predictions. The resulting models characterize the role of riverine 

inputs and indicate that nutrient concentration reductions, even when total loading is held constant, 

are the key to reducing algal levels in the estuary. Although the purely statistical model had slightly 

higher predictive skill for chl-a, the mechanistic approach allows for a more thorough assessment 

of controls on algal productivity, simulation of nutrients, and more realistic scenario forecasts with 

reduced uncertainties. Additionally, mechanistic model results suggest that nutrient limitation of 

algal growth is dominated by nitrogen, rather than phosphorus, even in the upstream (less-saline) 

portion of the study area. Overall, the mechanistic models appear more useful for evaluating the 

hypothetical nutrient loading scenarios and for providing multifaceted support of management 

decisions. Finally, model results suggest that achievement of the current nutrient reduction goal 

(30% TN reduction) will most likely facilitate compliance with NC criteria, based on the frequency 

of exceeding high chl-a (40 μg/L) concentrations. The Bayesian mechanistic approach developed 

here can be transferred to other river-dominated estuaries, and the posterior parameter distributions 
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from this study can potentially inform prior distributions for future models of less monitored 

systems. 
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CHAPTER 3: Daily hypoxia forecasting and uncertainty assessment via Bayesian 

mechanistic model for the Northern Gulf of Mexico 

Abstract 

Low bottom water dissolved oxygen conditions (hypoxia) occur almost every summer in 

the northern Gulf of Mexico due to a combination of nutrient loadings and water column 

stratification. Several models have been used to forecast the hypoxic area in advance of the season, 

based on the spring nitrogen loading from the rivers. However, most of those forecasts focus on 

projecting the midsummer hypoxic extent without the explicit representation of temporal 

variability in oxygen conditions or model uncertainties, which would help assess the risk of 

extreme hypoxic events, improving fisheries management and planning. Here, we present an 

approach to forecast hypoxic conditions at daily resolution based on Bayesian mechanistic 

modeling that allows for rigorous uncertainty quantification. When tested against historical data, 

the resulting pseudo-forecasts explain 50% of the variability in the observed daily hypoxic area 

(1985−2016). We find that including spring meteorological data and projected summer riverine 

inputs, based on spring loadings and hydrometeorological conditions, can provide a substantial 

improvement in forecasting performance when compared to the conventional approach of relying 

on the variability in spring nitrogen loading alone. In particular, we find that May precipitation 

over the Mississippi/Atchafalaya River Basin is an important predictor of summer discharge and 

nitrogen loading that improves hypoxia forecasting capabilities. Overall, our approach generates 

daily hypoxic area forecasts over a four-month period (June–September) on two different sections 

of the shelf (east and west). Results show how forecast uncertainties build over time (from the 

nominal forecast release date of 31 May), due to increasing stochasticity in riverine and 

meteorological inputs. The resulting hypoxic area forecasts can be used to inform the ecosystem 

managers about the evolution of hypoxia during summer.  
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3.1 Introduction 

The Northern Gulf of Mexico (NGoM) has one of the largest hypoxic zones in the world, 

forming virtually every summer over the last three decades (Rabalais and Turner, 2019). Hypoxic 

or “dead” zones occur when dissolved oxygen concentration falls below 2 mg/L, which damages 

aquatic ecosystems (Craig and Crowder, 2005; Thronson and Quigg, 2008) and thus threatens 

coastal economies (Díaz and Rosenberg, 2011). Two major causes of hypoxia in the Gulf are water 

column stratification and nutrient loadings (Obenour et al., 2012; Rabalais et al., 2002a), which 

are both influenced by Mississippi and Atchafalaya Rivers (MAR) discharge. Additionally, wind 

controls both the structure of the river plume (Hetland, 2005; Hetland and DiMarco, 2008) and the 

rates of oxygen supply to the water column (Fennel et al., 2013; Justić et al., 1996b). Overall, a 

complex combination of biophysical factors including long-term accumulation of organic matter 

in the sediments (Del Giudice et al., 2020; Turner et al., 2008) and short-term extreme events like 

hurricanes and droughts (Bianchi et al., 2010) control hypoxia dynamics in the NGoM. 

Mathematical models are used to elucidate important relationships between hypoxia and 

environmental data, and to evaluate possible actions to improve water quality (Justić and Rose, 

2017). The approaches developed to predict hypoxia in the Gulf of Mexico included statistical 

regressions (Forrest et al., 2011; Greene et al., 2009; Turner et al., 2012), parsimonious (Obenour 

et al., 2015; Scavia et al., 2013) and complex (Justić and Wang, 2014; Yu et al., 2015) mechanistic 

models. Among these, parsimonious process-based models provide a tradeoff between biophysical 

detail and resolution on one hand and computational efficiency and resilience to overfitting on the 

other. When embedded in a Bayesian framework, these models describe eutrophication processes 

and hypoxia formation while enabling data-driven parameter estimation and rigorous uncertainty 

analysis (Arhonditsis and Brett, 2004; Ramin and Arhonditsis, 2013). The latter is especially 

important for assessing our confidence in the potential outcomes of environmental change and 

management decisions (Reichert and Borsuk, 2005; Schuwirth et al., 2019). Currently, a 

probabilistic ensemble of four models is used to inform stakeholders and fishery managers about 

the expected extent of the NGoM hypoxic zone (Scavia et al., 2017b). This ensemble provides 

predictions with uncertainty of the total midsummer hypoxic area (HA), but lacks a dynamic 

representation of oxygen variability which is directly relevant to fisheries (Purcell et al., 2017). 

Laurent and Fennel (2019) used a weighted aggregation of seasonal hindcasts generated by a three-

dimensional model to produce spatially and temporarily resolved seasonal hypoxia forecasts, but 
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without accounting for uncertainties related to the model parameterization. All mentioned 

forecasting approaches are informed only by the observed spring nutrient loading, neglecting the 

potential benefits of incorporating observed spring wind conditions (Obenour et al., 2015) and 

projected summer MAR inputs.  

Here, we use a Bayesian mechanistic model to forecast temporal dynamics in hypoxia 

considering how different model inputs influence forecast accuracy and uncertainty. The model 

was initially developed by Obenour et al. (2015) and later enhanced by Del Giudice et al. (2020) 

(hereafter referred to as DMO20). While the model performed well in hindcasting, its ability to 

forecast hypoxia forward in time has not been explored. In order to provide sufficient lead for 

environmental planning and fisheries management, we here produce a June–September forecast 

based on data available at the end of May. The main objectives of this study are: a) to obtain daily 

forecasted spatial-mean bottom water dissolved oxygen (BWDO) and HA estimates for targeted 

portions of the Louisiana-Texas Shelf with uncertainty bands; b) to understand the major sources 

of forecast uncertainty; c) to characterize how forecast accuracy degrades over time; and d) explore 

how different applications of spring-summer riverine and meteorological data influence forecast 

performance. 

3.2 Methods 

We first outline the underlying model and required data inputs. Next, we describe the 

proposed forecasting procedure, along with regression models that are used to project monthly 

averaged discharge and nitrogen loading over the summer. Third, we describe BWDO and HA 

forecast performance assessment procedures and introduce the analysis of the forecast response to 

inclusion of various combinations of data inputs. 

3.2.1 Bayesian mechanistic model and bias adjustment 

The BWDO forecast is based on the model described in DMO20, which has a mechanistic 

formulation of intermediate biochemical complexity and coarse spatial resolution. Specifically, 

the parsimonious eutrophication model represents the Louisiana–Texas shelf from Galveston Bay 

to the Mississippi River Delta, divided into East and West sections at the Atchafalaya River mouth 

(Fig. S3.1). The water column of each section is divided by the pycnocline into two layers, 

assuming that discharge and nutrient loadings are transported within the top layer. Additionally, 

wind speed and direction control the distribution of flow and loadings between the sections as well 

as the rate of reoxygenation through the pycnocline. The biogeochemistry is based on 
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transformation of bioavailable nitrogen (sum of nitrate, nitrite, ammonia, and 12% organic 

nitrogen (Obenour et al., 2015)) into organic matter, which settles to the bottom layer and is subject 

to aerobic decomposition. BWDO is depleted due to both near- and long-term produced oxygen 

demands, reflecting the effects of nitrogen loadings over different time scales. Therefore, the 

model uses both recent inputs of daily discharge, loading, and wind (0–90 d before the date of 

prediction), and long-term November–March loading. The model predicts geostatistically-

averaged BWDO, which is then transformed into geostatistically-estimated HA via regressions. 

The Bayesian calibration framework provides systematic estimation of model parameters along 

with parameter and residual (error) uncertainty quantification (DMO20).  

Prior to forecast development, DMO20 predictions (hindcasted BWDO and HA) were 

examined for possible biases during specific months. Preliminary analysis indicated that 

hindcasted BWDO were somewhat lower than observations for the West shelf in June 

(Fig. S3.2.1). Additionally, after conversion of BWDO to HA, this bias for June remained 

(Fig. S3.2.2). The bias was corrected using a linear regression, with the day number (June 1 to 

June 30) as a predictor and BWDO adjustment factor as response (Fig. S3.2.3). The BWDO 

adjustment factor was defined as difference between observed and hindcasted BWDO divided by 

the latter (Section S3.2). The adjustment was applied to both hindcasted and forecasted values and 

the following analyses consider the updated results unless otherwise indicated. 

3.2.2 Data 

The forecast utilized the same observational data inputs described in DMO20, including 

monthly discharge and nitrogen loading from the U.S. Geological Survey (USGS, 2019b), daily 

discharge from the U.S. Army Corps of Engineers at Simmesport and Tarbert Landing (USACE, 

2019), wind speed and zonal velocities from National Data Buoy Center (NDBC, 2019). 

Additionally, monthly precipitation and temperature were obtained from gridded data for the MAR 

Basin (Hart and Bell, 2015; Schwartz, 2012). Geostatistical estimates of BWDO and HA with 

associated uncertainties were obtained from Matli et al. (2018). Here, we only use the geostatistical 

space-time estimates corresponding to times of monitoring cruises, as these estimates generally 

have lower uncertainties. 

3.2.3 Forecast procedure 

To capture the uncertainty in hydrometeorology, loading, model parameters, and residual 

error, the forecast for a given year was determined from 1000 Monte Carlo simulations using the 
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DMO20 model. The simulations used actual November–May inputs for the year in question, 

together with a sample from the riverine and meteorological summer (June–September) data. We 

sampled summer riverine time series records from the 10 most relevant historical years. For each 

candidate historical year, relevancy was determined by computing the mean absolute difference 

between the monthly historical records and monthly projections (from linear regressions, 

Section 3.2.4) for both discharge and bioavailable nitrogen loading. Both predictions and 

observations were standardized based on the mean and standard deviation of the historical data for 

each summer month (1980–2016), so that the differences from all regressions could be combined 

across summer months. The ten years with the smallest differences were chosen to represent a 

range of plausible riverine inputs for the forecast year. As meteorological conditions can be 

reasonably forecasted for at most ten days ahead (Zhang et al., 2019), yearly summer records of 

wind speed and zonal velocity were randomly sampled from the full historical record for every 

simulation. Each simulation also included a unique sample from the Bayesian joint posterior 

parameter distribution of the mechanistic model and its residual error distribution.  

3.2.4 Linear regressions for June-September discharge and loading estimation 

Regression modeling is used to project monthly riverine inputs, which are used to constrain 

the historical record of riverine inputs used in the Monte Carlo simulations (Section 3.2.3). June, 

July, August, and September MAR discharge (QA and QM, m3/s) and bioavailable nitrogen loading 

(LA and LM, T/mo) were estimated via sixteen multiple linear regression models. The candidate 

predictor variables included monthly (January–May) and 4-month average (January–April) 

discharge, loading, total river basin precipitation (P, in) and river basin temperature (T, ºC) 

(Fig. S3.3.1). Response variables were square root transformed to account for higher uncertainty 

with higher values of the flows and loadings (Faraway, 2015). The predictive variables for each 

model were selected using the Bayesian Information Criterion (BIC) through an exhaustive search 

(Lumley, 2017). BIC prioritizes models with the best fit based on log likelihood, while penalizing 

for the number of parameters (Hastie et al., 2009). The performance of the regression was 

measured by the coefficient of determination, R2 (Faraway, 2015) in the square-root transformed 

space. If any of the sixteen regressions had R2 ≤ 30%, the associated month and variable was 

excluded from determining relevant years for hypoxia forecasting (Section 3.2.3).  
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3.2.5 Forecast assessment 

The forecast was applied to the historical record (1985–2016), always excluding the 

summer input data of the year for which BWDO and HA were forecasted. Pseudo-forecast 

performance was evaluated through comparison of the daily forecasted values with both 

hindcasted (generated by DMO20) and geostatistically estimated (observed) values of BWDO and 

HA for the two shelf sections. Predictive skill was measured by R2, which represents the percent 

of the variance in hindcasted and observed values explained by forecasted values. The approach 

also allowed for quantifying and visualizing sources of uncertainty via 95% predictive bands 

encompassing variability in summer riverine and meteorological inputs, parameter uncertainty, 

and residual error. Additionally, we determined the overall interquantile range (IQR), calculated 

as the difference between 97.5th and 2.5th quantiles of the daily predictive distribution.  

Additionally, we assessed how inclusion of various near-term data inputs affected pseudo-

forecast performance, assuming that riverine inputs prior to 1 June (typical forecast release date) 

are exactly known. Specifically, we compared four cases with different types of spring-summer 

wind and summer riverine data inputs. Case 1 included summer riverine and spring-summer wind 

records randomly sampled from the complete historical data (thus they are treated as unknown, 

consistent with conventional Gulf forecasting approaches). Case 2 was similar to Case 1, except it 

included actual spring wind data. Case 3 was also similar to Case 1, except it used summer riverine 

records sampled from only the ten most relevant historical years, as determined from the linear 

regression projections (Section 3.2.4). Finally, Case 4 (the proposed forecasting approach, 

Section 3.2.3) used both actual spring wind data and riverine data sampled from the ten relevant 

years.  

3.3 Results and Discussion 

3.3.1 Monthly discharge and loading estimation 

Sixteen multiple linear regressions are created to predict average monthly summer 

discharge and bioavailable nitrogen loading for MAR. The performance of the resulting 

regressions varies, generally decreasing moving from the beginning to the end of summer 

(Table 3.1) due to increasing temporal gap between the available spring predictors and response. 

For instance, the regressions could explain 78% and 25% of the variability in square-root 

Mississippi River bioavailable nitrogen loading in June and August, respectively. The residuals 

for all selected models appeared evenly distributed with minimal heteroscedasticity (Fig. S3.3.2-
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S3.3.5) and mostly weak serial correlation of residuals (r ranging from -0.02 to 0.35). The 

predictive variables chosen via exhaustive BIC selection include May discharge from both rivers 

(QA5 and QM5) or bioavailable nitrogen loading (LA5 and LM5) in 13 models. In other words, high 

flow/loading in May is indicative of high flow/loading in summer. However, the most consistent 

predictive variable (present in 12 out of 16 regressions) is MAR Basin precipitation in May (P5), 

likely due to the hydrologic lag between rainfall and basin discharge. Note that correlation between 

P5 and both QA5 and QM5 is relatively weak, r = 0.36, while correlation of P5 with June and July 

discharges in both rivers are r = 0.77 and r = 0.66, respectively, suggesting the average travel time 

within the MAR Basin to be within 1-2 months. The inclusion of P5 as a predictor in the majority 

of the nitrogen loading models confirms the previously estimated positive relation between lagged 

watershed precipitation and nitrogen loading for Mississippi (Donner and Scavia, 2007) and other 

river basins (Gentry et al., 2014; Sinha and Michalak, 2016). The eight regressions for June and 

July discharge and bioavailable nitrogen loading are used for screening and constraining riverine 

inputs (Section 3.2.3) for subsequent hypoxia forecasting. Regressions for August and September 

are excluded from the hypoxia forecasting procedure due to relatively poor performance (R2 ≤ 0.3), 

compared to the earlier months (R2 ≥ 0.45). 
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Table 3.1. Regression models for monthly summer Atchafalaya and Mississippi discharge (QA and 

QM, m3/s) and bioavailable nitrogen loading (LA and LM, Mg/mo). Bold R2 values indicate models 

used for selection of relevant years in hypoxia forecasting. Subscript numbers represent months. 

 Regression  R2 

A
tc

h
af

al
ay

a 

√𝑄𝐴6 = 19.45 + 2.55 × 10−3 × 𝑄𝐴5 + 0.46 × 𝑃5 0.79 

√𝑄𝐴7 = 8.20 + 0.54 × 𝑃1:4 + 0.38 × 𝑃5 0.47 

√𝑄𝐴8 = 33.69 + 1.06 × 10−3 × 𝑄𝐴5 + 0.19 × 𝑃5 0.28 

√𝑄𝐴9 = 63.15 + 2.61 × 𝑇1:4 0.13 

√𝐿𝐴6 = 35.86 + 1.57 × 10−3 × 𝐿𝐴5 + 0.82 × 𝑃5 0.76 

√𝐿𝐴7 = 54.44 + 1.17 × 10−3 × 𝐿𝐴5 + 0.54 × 𝑃5 0.51 

√𝐿𝐴8 = 72.82 + 1.22 × 10−3 × 𝐿𝐴5 0.30 

√𝐿𝐴9 = 73.61 + 0.56 × 10−3 × 𝐿𝐴5 0.11 

M
is

si
ss

ip
p

i 

√𝑄𝑀6 = 31.63 + 1.66 × 10−3 × 𝑄𝑀5 + 0.69 × 𝑃5 0.77 

√𝑄𝑀7 = 49.01 + 0.73 × 10−3 × 𝑄𝑀5 + 0.51 × 𝑃5 0.48 

√𝑄𝑀8 = 53.11 + 0.69 × 10−3 × 𝑄𝑀5 + 0.28 × 𝑃5 0.28 

√𝑄𝑀9 = 97.19 + 3.81 × 𝑇1:4 0.13 

√𝐿𝑀6 = 32.42 + 0.92 × 10−3 × 𝐿𝑀5 + 1.66 × 𝑃5 0.78 

√𝐿𝑀7 = 44.85 + 0.65 × 10−3 × 𝐿𝑀5 + 1.39 × 𝑃5 0.51 

√𝐿𝑀8 = 50.87 + 0.52 × 10−3 × 𝐿𝑀5 + 0.80 × 𝑃5 0.25 

√𝐿𝑀9 = 92.39 + 1.57 × 𝑃5 0.09 

 

3.3.2 Forecast skill 

After having constrained historical input time series based on the discharge and loading 

regressions, the hypoxia model is run to obtain daily pseudo-forecast simulations. These forecasts 

explain 66% and 64% of variability in hindcasted BWDO (i.e., DMO20 model simulations 

assuming all inputs are known throughout the summer) for the West and East sections, 

respectively, for the 32 years used in the analysis (Fig. 3.1). After transformation of BWDO to 

HA, the pseudo-forecast explains 68% of variability in hindcasted HA for each section (Fig. S3.4). 

Overall, the pseudo-forecast explains 71% and 77% variability in hindcasted total shelfwide HA 

and BWDO, respectively. However, the agreement between hindcasted and pseudo-forecasted HA 

decreases moving further in time due to increasing uncertainty in riverine and meteorological 

inputs (Fig. 3.2). 

Pseudo-forecasts can also be compared to observed (geostatistically estimated) BWDO and 

HA at the times of monitoring cruises (Figs. 3.1, 3.2). The pseudo-forecasted BWDO fit 

moderately well to the observations with R2 of 0.39 and 0.50 for the West and East sections, 
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correspondingly (Fig. 3.1). When BWDO is transformed to HA, the pseudo-forecast explains 41% 

and 48% of variability in observed HA on the West and East sections, respectively (Fig. S3.4), 

which is similar to the hindcast explanatory power of 46% and 58%, respectively (as in DMO20). 

To our knowledge, this is the first time Gulf hypoxia forecasts have been rigorously compared to 

observations across the entire summer season (June–September). Previous studies generally 

focused on assessing forecast performance relative to the midsummer shelf-wide hypoxia cruises, 

typically taking place within a two-week window beginning in late July (Laurent and Fennel, 2019; 

Scavia et al., 2017b). 

 

 

Fig. 3.1. Daily hindcasted and observed (geostatistically estimated) BWDO versus pseudo-

forecasted BWDO for East and West sections. Diagonal line represents perfect prediction. 

 



72 

 

 

Fig. 3.2. Month-by-month comparison of the daily hindcasted and observed (geostatistically 

estimated) HA versus pseudo-forecasted HA. Diagonal line represents perfect prediction. 

 

Our forecast quantifies predictive uncertainty associated with the Bayesian parameter 

estimates, variability in riverine and meteorological inputs, and residual error (Fig. 3.3, 

Figs. S3.5.1- S3.5.11). Although the forecast generally follows the shape of the hindcast, some 

dissimilarities exist due to hydrometeorological variability (Fig. 3.3). When looking at both 

hindcast and geostatistically estimated observations, the pseudo-forecast captures the large HA 

during summer 1993, caused by extremely high May–September MAR flow and nutrient loadings 

(Larson, 1997). Interestingly, the pseudo-forecast in 2009 overpredicts HA in the West section 

(two averaged observations are outside of the 95% forecasted IQR), due to unusually strong 

westerly summer winds (Turner et al., 2012). Generally, high wind stress increases water column 

reaeration and disrupts stratification (Justić and Wang, 2014; Obenour et al., 2015), while 

upwelling westerly winds disperse and force the river plume offshore, reducing the consequent 

oxygen demand (Feng et al., 2012; Schiller et al., 2011). When looking at total HA, only 6.7% (10 

of 149) observations are outside of the predictive interval (Figs. S3.6.1-S3.6.8). However, the 

geostatistically-estimated 95% confidence intervals of observed HA always overlap the forecasted 
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95% IQR except for one observational cruise in 1988. This discrepancy is caused by anomalously 

strong summer winds combined with low discharge and nutrient loading (Tables S3.3.1-S3.3.2).  

 

 

Fig. 3.3. Daily pseudo-forecasts of HA for the West and East sections in 1993 (top) and 2009 

(bottom), including 95% IQR of the predictive distribution, distinguishing between parameter, 

hydrometeorology, residual error, and transformation (BWDO to HA) uncertainties (shades of 

gray from darkest to lightest). Yellow dashed line is hindcasted estimate, orange points and error 

bars represent the mean and associated 95% IQR range of the (geostatistically estimated) hypoxia 

observations. 

 

Our approach allows for evaluating seasonal variability in HA forecasting uncertainty. The 

riverine and meteorological data fed to the model are calculated as lagged rolling-window averages 
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that include mostly observed data (i.e., data prior to 1 June) at the beginning of the forecast period 

(Section 3.2.1). Thus, the normalized IQR (i.e., IQR divided by predicted HA) for pseudo-

forecasted HA for June–July is on average 30% lower than for August–September (Fig. 3.4A, 

boxplots). Interestingly, there is a rapid increase in normalized IQR during the second week of 

June. In the model, mean water column reaeration is determined by the 14-day weighted average 

of squared wind speed (Obenour et al., 2015). As a result, the large and highly variable wind speeds 

of June (Fig. 3.4B) (de Velasco and Winant, 1996) quickly increase predictive uncertainties, as 

these stochastic inputs replace the known wind speed inputs from May. Finally, increases in IQR 

are also noted in August and September (Fig. 3.4), which is consistent with limited ability of the 

regression analysis (Section 3.3.1) to accurately project flow and load so far in advance. 

 

 

Fig. 3.4. (A) Boxplots represent daily pseudo-forecasted normalized IQR (IQR/HA) including 

uncertainty due to variability in parameters, riverine inputs and meteorology. Red dashed and solid 

lines show the daily (non-normalized) HA and IQR, respectively; (B) Boxplots show 14-day 

weighted average squared wind speed near the west shelf section. Centerline of each box is the 

median, while whiskers extend to the extreme value or 1.5 times the IQR of the corresponding 

variable (whichever is less). 
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3.3.3 Sensitivity to riverine and meteorological inputs 

The results presented in the previous section are for the proposed forecasting approach with 

known spring loadings, discharge and winds, and with summer riverine inputs constrained through 

the regression projections (Case 4, Section 3.2.5). In comparison, the conventional Gulf 

forecasting approach (Case 1), using known spring riverine inputs but with unknown wind and 

summer riverine inputs (i.e., randomly sampled from the entire historical record) explains only 

around half of variability in hindcasted and observed HA (i.e., 56% and 44%, respectively). Also, 

performance declines dramatically from the beginning to the end of summer (Table 3.2, Case 1). 

The inclusion of summer riverine records constrained through regression projections 

(Section 3.2.4), helps to substantially increase the variance explained in both hindcasted and 

observed HA (Table 3.2, Cases 3 and 4). This improvement in performance is the most notable for 

July–September, indicating that the proposed approach provides a more accurate determination of 

water column oxygen demand within the biophysical model. Additionally, the summer-wide 

average of the normalized IQR for Case 4 is on average 22% lower than that of the conventional 

forecasting approach (Case 1). 

Addition of actual spring wind data to conventional approach (Table 3.2, Case 2) helps to 

slightly increase the explained variance in hindcasted and observed HA by 4% (i.e., from 56% to 

60%) and 1%, respectively. This forecast improvement is the most notable in June and July, 

because zonal wind velocities up to three months in advance regulate west–east nutrient load 

partitioning in the model (Obenour et al., 2015; Walker et al., 2005). Interestingly, about a quarter 

of the variability in June hindcasted values remains unexplained even when actual spring wind 

data is included (Table 3.2, Case 2). This is consistent with the importance of near-term wind and 

discharge inputs in controlling reaeration in the model. It also conforms with the uncertainties 

presented in Fig. 3.4 and other modeling studies exploring the influence of wind on hypoxia 

formation (Forrest et al., 2011; Yu et al., 2015). Overall, results imply that the pseudo-forecast is 

just slightly sensitive to inclusion of spring actual wind speeds and zonal velocities (compare Cases 

1 and 2 and Cases 3 and 4). However, we anticipate that inclusion of actual spring wind data 

remains potentially important, especially for years with strong wind patterns. 

Finally, for the preferred forecasting approach (Case 4) we examine an alternative way of 

determining the relevant years that constrain the distribution of riverine inputs for the forecast 

year. If only nitrogen loading regressions are used to constrain summer inputs (instead of both 
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flow and loading regressions), the explained variability in the hindcasted total HA drops from 71% 

(Table 3.2, Case 4) to 69%. This relatively small drop in predictive performance is not too 

surprising, as monthly nitrogen loading, which is the primary driver of many hypoxia models 

(Turner et al., 2006), is highly correlated with monthly discharge (r = 0.90). However, employing 

the discharge regressions (in addition to the loading regressions) better accounts for the influence 

of river flow on stratification and hypoxia formation (Obenour et al., 2012). 

 

Table 3.2. Explained variance (R2) in hindcasted and geostatistically observed HA by pseudo-

forecasts based on the different data input cases. Here, act indicates actual data for the specific 

year being forecasted are used, ran-all indicates input data are randomly sampled from the 

complete historical record, and ran-sel indicates that input data are randomly sampled from a 

subset of historical data based on the predictive regressions for flow and loading. Spring includes 

Mar–May, while summer Jun–Sep records. 

C
a
s
e

 

Data input R2, Forecasted vs Hindcasted  R2, Forecasted vs Observed 

Riverine Wind Month 
Overall 

Month 

Overall 
Spring 

Summ
er 

Spring 
Summ

er 
Jun Jul Aug Sep Jun Jul Aug Sep 

1 act ran-all ran-all ran-all 0.69 0.38 0.32 0.21 0.56 0.57 0.28 0.28 0.15 0.44 

2 act ran-all act ran-all 0.76 0.56 0.33 0.19 0.60 0.53 0.32 0.28 0.14 0.45 

3 act ran-sel ran-all ran-all 0.73 0.68 0.52 0.36 0.68 0.58 0.39 0.32 0.19 0.49 

4 act ran-sel act ran-all 0.80 0.72 0.53 0.37 0.71 0.53 0.44 0.34 0.16 0.50 

 

3.3.4 Implications for hypoxia forecasting 

The results of this study have important implications for informing fisheries and 

environmental managers about expected summer conditions in the NGoM. Much of the 

commercial fishing effort targets brown shrimp, with peak landing times coinciding with 

summertime hypoxia (Rabalais et al., 2002b). In fact, hypoxia was previously found to alter the 

spatial dynamics of shrimp distributions (Purcell et al., 2017) and may decrease the catch of brown 

shrimp (Zimmerman and Nance, 2001). Previous Gulf forecasting studies generally focus on 

predicting hypoxia only during the midsummer shelf-wide hypoxia cruise (Scavia et al., 2017b). 
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However, the hypoxic area estimates for the midsummer cruise are not always a good 

representation of seasonal hypoxic severity (Matli et al., 2018).  

To our knowledge, there is only one forecasting study by Laurent and Fennel (2019) with 

a similar temporal scope and resolution. This study is based on applying three-dimensional 

hydrodynamic-biogeochemical model hindcasts, weighted based only on comparisons with 

historical May nitrogen loadings to forecast year. Thus, this approach does not leverage observed 

spring discharge and meteorological data for the forecast year as potential inputs, even though 

previous studies have suggested these variables can be important predictors of midsummer 

hypoxic conditions (Donner and Scavia, 2007; Forrest et al., 2011; Greene et al., 2009). Our 

suggested approach makes use of the actual spring meteorological and flow data, in addition to 

nutrient loadings. In particular, we show that projections of summer riverine inputs based on spring 

discharge, loading, and precipitation data for the MAR Basin (Section 3.3.1) can be used to 

constrain model inputs, substantially enhancing the BWDO and HA forecasting power (Table 3.2). 

Based on these results, we suggest that more spatially explicit forecasts, like those of Laurent and 

Fennel (2019), can also benefit from incorporation of the mentioned inputs.  

Our approach allows for daily forecasts of BWDO and HA for two sections of the NGoM 

throughout the entire summer season. Generally, the results support the conceptual premise that 

HA can be forecasted up to four months ahead. However, predictions for later months (e.g., August 

and September) should be treated with increased caution due to higher levels of forecast 

uncertainty. Note that the regressions are only capable of explaining 51%–25% of variability in 

July–August nitrogen loadings (Table 3.1). These nutrient loading inputs are important regulators 

of oxygen levels in September as approximately two months are required for nutrients to convert 

into oxygen demand according to the DMO20 formulation, and consistent with previous studies 

(Forrest et al., 2011; Scavia et al., 2003). Additional sources of uncertainty in model inputs may 

stem from extreme climatic events (e.g. tropical storms and hurricanes), which are unpredictable 

at the forecasting time scales considered here. These storm events have a multifaceted effect on 

BWDO, potentially reaerating the water column while also providing extra terrestrially-derived or 

sediment-resuspended nutrients that exacerbate hypoxia (Bianucci et al., 2018; Yu et al., 2015). 

Therefore, it is not a surprise that pseudo-forecast can explain only about a third of variability in 

hindcasted September total HA (Fig. 3.2). We believe that future HA forecasting studies will 



78 

 

greatly benefit from improvements in weather and riverine forecasting systems, providing reliable 

projections of data inputs for longer time periods.  

Finally, our method explicitly distinguishes between the different sources of uncertainty in 

forecasted BWDO and HA (Fig. 3.3). Most of the previous forecasting studies for NGoM (Forrest 

et al., 2011; Scavia et al., 2013; Turner et al., 2012) and other systems like Chesapeake Bay (Testa 

et al., 2017) only implicitly represent uncertainty due to the unknown summer data inputs, 

sometimes accounting for it in the residual error. On the other hand, the most recent study by 

Laurent and Fennel (2019) considers uncertainty due to stochastic summer riverine inputs, but 

does not include parameter and residual error uncertainties in the generated forecasts. Thus, this 

study helps to overcome limitations of existing hypoxia forecasting models, characterizing and 

differentiating between multiple sources of uncertainty. This rigorous analysis is essential as it 

allows for management decisions that are both efficient and robust to uncertainties (Keeney, 1982; 

Schuwirth et al., 2019). 

3.4 Conclusion 

In this study, we demonstrate a novel approach for forecasting intra-seasonal variability in 

BWDO and HA in the NGoM by leveraging a Bayesian mechanistic model. To our knowledge, 

this is the first study to generate daily hypoxia estimates across the summer season with 

comprehensive uncertainty assessment. We show that major sources of uncertainty include hydro-

meteorological variability and model predictive error, while model parameter uncertainty and 

transformation uncertainty (BWDO to HA) are relatively small. This study also compares how 

different approaches for specifying riverine and meteorological model inputs influence forecast 

accuracy. In particular, we show how constraining summer riverine inputs based on spring 

conditions, including precipitation over the MAR Basin, can be used to improve hypoxia 

forecasting skill. We also show that inclusion of monitored spring wind data further slightly 

improves hypoxia forecasts. Together, these enhancements increase retrospective pseudo-forecast 

accuracy by 15% (i.e., R2 increases from 56% to 71%) while reducing forecast uncertainty by 22% 

across summers, relative to the conventional approach using spring loadings and flows only, with  

randomly sampled summer riverine and spring-summer wind records. Thus, this study provides 

an enhanced forecasting approach with the potential to benefit short- and long-term environmental 

planning and fisheries management.  
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Supplementary Material for Chapter 1 

S1.1 Gap-filling meteorological data 

The additional data for NNWB and KEWN meteorological stations was used to impute 

missing data for KNKT via multiple linear regressions. To include wind direction as a predictor 

for the stability potential regressions, orthogonal velocity easting and northing components were 

estimated. The resulting regressions for wind speed (WS), wind easting (X) and northing (Y) 

components, and temperature (Ta) for missing data at KNKT were as follows with subscripts 

indicating station abbreviation: 

WSKNKT = 0.30 + 1.06∙WSKEWN + 0.15∙WSNNWB (S1.1) 

XKNKT = -0.01 + 1.14∙XKEWN + 0.08∙XNNWB (S1.2) 

YKNKT = -0.23 + 1.15∙YKEWN + 0.05∙YNNWB (S1.3) 

Ta,KNKT = 0.70 + 0.80∙Ta,KEWN + 0.17∙Ta,NNWB (S1.4) 

These regressions explained 89.6%, 92.2%, 93%, and 99.7% of the variability in wind 

speed, wind easting and northing components, and temperature, respectively at KNKT using 

observations at KEWN and NNWB stations. 

S1.2 Nutrient loadings and boundary conditions 

Boundary conditions were specified using data from the above-mentioned sources. Daily 

nutrient concentrations were estimated at FB and SF using Weighted Regression on Time, 

Discharge and Season (WRTDS) (Hirsch et al., 2010). WRTDS uses semi-parametric (weighted) 

regression with a unique set of coefficients for each estimation date. Weights for each observation 

are based on the distance in time, streamflow, and season from the estimation date (Sprague et al., 

2011). Discharge was corrected by the drainage area ratio of FB to the upper model boundary 

(0.85) to account for ungauged flow (Bales and Robbins, 1999). BLDO for the lower model 

boundary was estimated via linear regression using BLDO concentration at Station 180 ob,ps (g/m3) 

as the response and BLDO concentration at lower segment ob,3 (g/m3) as a predictor. The resulting 

regression (Eq. S1.5) explained 46% of BLDO variability at the lower model boundary. 

ob,ps = 2.64 + 0.65∙ob,3 (S1.5) 

Spatial variations in water temperature were observed to be small; thus for each day, water 

temperature was considered to be constant across the estuary. Water temperature T at a certain day 
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was estimated from a linear regression with average five-days wind speed (WS5) and mean of 2- 

(Ta,2) and 10-day (Ta,10) air temperature prior to the observation. The resulting regression 

(Eq. S1.6) explained 93% of water temperature variability in the estuary during May-October. 

T = 4.77 – 0.47∙WS5 + 0.23∙Ta,2 + 0.71∙Ta,10 (S1.6) 

S1.3 Dimensions of the model compartments 

 

Table S1.1. Dimensions used in the mechanistic model formulation. 

Dimension 

Segment 

Units Upper Middle Lower 

Height of surface layer, Hs 2.00 2.70 3.34 m 

Height of bottom layer, Hb 0.67 0.75 1.06 m 

Volume of surface layer, Vs 126.41 192.37 282.22 ∙106 m3 

Volume of bottom layer, Vb 42.28 53.55 40.32 ∙106 m3 

Segment length 17.90 14.50 13.75 ∙103 m 

 

S1.4 Variable prescreening and selection for stability potential regressions 

The following procedure was utilized to predict daily stability potential (φ, Section 1.2.2.3). 

To determine longitudinal wind velocity LWV, wind speed was multiplied by the cosine of the 

angle formed between the actual wind direction and the longitudinal axis of the lower estuary, 

which was 60o east of north. Meteorological and flow conditions had possible effects on the 

response at different time scales. Therefore, 2-, 10-, 60-day averages of wind and longitudinal 

wind velocity and, 2- and 60-day averages of temperature and discharge were included as 

candidate predictors (other intermediate averaging periods were also considered, but were 

generally found to be highly correlated with those listed above). Discharges were natural log-

transformed to address right-skewness of the data and to improve model fit. Preliminary analysis 

indicated that interactions between short- and long-term discharge variables substantially 

improved model performance, and were thus also included as candidate predictors.  

An exhaustive search was used for variable selection for each segment (Lumley, 2017). 

The ‘best’ models were estimated using Bayesian information criterion (BIC), which considers 

model fit while penalizing for over-parameterization (Faraway, 2015). If an interaction term was 

included, then both first order terms were also included, consistent with best practices in variable 
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selection (Faraway, 2015). Finally, all regressions were examined for excessive collinearity among 

predictors using the variance inflation factor (Faraway, 2015). Fig. S1.1 demonstrates that model 

residuals are evenly distributed with minimal heteroscedasticity and nonlinearity. 

 

 

Fig. S1.1. Standardized residuals vs. fitted values of stability potential linear regression models for 

the three segments 

 

S1.5 Estuary longitudinal dispersion estimation from salinity mass balances 

Segment salinities, s, are controlled by advection (river flow) and longitudinal dispersion:  

𝑑𝑠𝑖

𝑑𝑡
=

𝑄

𝑉𝑖
∙ (𝑠𝑖−1 − 𝑠𝑖) −

𝐷𝑖−1:𝑖
′

𝑉𝑖
∙ (𝑠𝑖 − 𝑠𝑖−1) +

𝐷𝑖:𝑖+1
′

𝑉𝑖
∙ (𝑠𝑖+1 − 𝑠𝑖) (S1.7) 

where ds/dt (ppt/d) represents the time rate of change in salinity, V (m3) is volume, 

D′ (m3/d) is bulk dispersion calculated from D (m2/d) and the interface and distance across which 

mixing occurs, as described previously (Chapra, 2008). Diffusion coefficient, D, was estimated by 

calibrating the dispersion model (Eq. S1.7) to biweekly observed salinity values. Negligible 

dispersion was assumed at the upper model boundary, as the upper cross sectional area is very 

small compared to other segments. In Eq. 1.2 and 1.3, there was no net dispersion at the lower 

boundary, as preliminary data analysis suggested negligible differences in nutrient and carbon 

concentrations between the lower segment and downstream Station 180 (Fig. 1.1). 
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S1.6. Summary of prior information for model parameters 

 

Table S1.2. Prior information for model parameters to be estimated through Bayesian inference. 

Parameters with a blank entry in Units column are unitless. SN(xi, omega, alpha) is the skew-

normal distribution, N(mean, standard deviation) is the normal distribution, and B(alpha, beta) is 

the beta distribution. 

Symbol Parameter Prior Units 

L̄ Average LTOD SN(0.94,0.53,-15.78) g/m2/d 

νs Effective settling velocity N(0.20,0.05) m/d 

kc Organic carbon decay rate N(0.03,0.01) d-1 

fp 
Bioavailable fraction of nonreactive 

phosphorus 
N(0.30,0.10)  

fn Bioavailable fraction of organic nitrogen B(2.05,5.83)  

α Reaeration parameter 1  N(0,10)  

β Reaeration parameter 2 N(0,100)  

σ Residual standard deviation N(0,10) g/m3 

γ LTOD adjustment coefficient N(0,10) 
depends 

on XJ 

 

S1.7 Sensitivity to model inputs 

Model sensitivity to meteorological inputs was determined by developing predictions 

averaging out variability due to riverine inputs. Specifically, for each year of the study period, the 

model was executed 19 times with the meteorological input for that year, but cycling through 

riverine inputs from the 19 different years of the study period. For each year, predictions were then 

averaged across the 19 runs. Similarly, by averaging over variations in meteorological inputs, the 

sensitivity of BLDO to riverine inputs was also assessed. The year-to-year variability in July-

August (midsummer) BLDO, when hypoxia is typically most severe, due to meteorological inputs, 

riverine inputs, and both (i.e., the “full model”) were then compared. 
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S1.8 Correlation coefficients between model yearly biases and candidate predictor 

variables 

 

Table S1.3. Correlations between model yearly mean biases (predicted minus observed BLDO) 

for each segment (u-upper, m-middle, l-lower) and candidate predictor variables averaged over 

different periods. Candidate predictors include longitudinal velocities V, total phosphorus and total 

nitrogen concentrations (TP, TN), and loads (TPL, TNL) at the FB station. Candidate averaging 

periods include different ranges of months leading up to the beginning of the model run for each 

year (i.e., May). Correlations for the selected relationship are shown in bold and Fig. S1.2. 

Avg Period 

V, km/d TP, g/m3 TN, g/m3 TPL, g/d TNL, g/d 

u m L u m l u m l u M l u m l 

Apr -0.15 -0.01 -0.33 -0.06 -0.17 0.07 0.09 0.18 0.22 -0.16 -0.04 -0.39 -0.11 0.09 -0.26 

Mar-Apr -0.25 -0.03 -0.32 0.07 -0.15 0.14 0.16 0.23 0.20 -0.25 -0.07 -0.37 -0.20 0.08 -0.22 

Feb-Apr -0.37 -0.15 -0.42 0.20 -0.08 0.25 0.13 0.21 0.17 -0.35 -0.16 -0.43 -0.38 -0.07 -0.36 

Jan-Apr -0.42 -0.16 -0.36 0.28 -0.02 0.24 0.11 0.21 0.13 -0.40 -0.17 -0.37 -0.40 -0.07 -0.28 

Dec-Apr -0.51 -0.23 -0.37 0.36 0.06 0.24 0.12 0.22 0.11 -0.50 -0.24 -0.38 -0.48 -0.14 -0.28 

Nov-Apr -0.55 -0.23 -0.35 0.32 0.06 0.22 0.12 0.22 0.10 -0.54 -0.24 -0.35 -0.52 -0.16 -0.28 

Oct-Apr -0.47 -0.08 -0.25 0.28 0.13 0.28 0.13 0.23 0.09 -0.37 0.01 -0.17 -0.47 -0.05 -0.21 

Sep-Apr -0.37 0.04 -0.11 0.17 0.14 0.34 0.14 0.24 0.08 -0.20 0.16 0.04 -0.40 0.06 -0.10 

Aug-Apr -0.38 0.06 -0.11 0.04 0.00 0.27 0.12 0.25 0.07 -0.21 0.17 0.04 -0.40 0.08 -0.10 

July-Apr -0.37 0.06 -0.13 -0.07 -0.11 0.20 0.09 0.23 0.06 -0.22 0.17 0.01 -0.38 0.08 -0.12 

Jun-Apr -0.38 0.04 -0.15 -0.14 -0.19 0.13 0.07 0.20 0.04 -0.24 0.14 -0.01 -0.39 0.06 -0.14 

May-Apr -0.40 0.04 -0.15 -0.14 -0.20 0.10 0.07 0.21 0.04 -0.26 0.13 -0.02 -0.39 0.06 -0.13 
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Fig. S1.2. Model bias vs. mean-centered November-April longitudinal velocities before model 

calibration including LTOD adjustment coefficient γ. Linear regression lines are shown in red and 

corresponding correlation values are in bold in Table S1.3.  

 

 

Fig. S1.3. Average May-October volumetric LTOD (accounting for water temperature variation) 

vs. mean-centered November-April longitudinal velocities after model calibration including 

LTOD adjustment coefficient γ. 
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Supplementary Material for Chapter 2 

S2.1 Dimensions of the model segments 

 

Table S2.1. Dimensions used in the mechanistic model formulation. 

Dimension 

Segment 

Units Upper Middle Bend 

Average depth, H 2.51 2.83 3.67 m 

Volume, V 47.94 134.54 170.35 ∙106 m3 

Length  10.36 9.57 10.20 ∙103 m 

 

S2.2 Lower model boundary conditions (chl-a, DIN, OP) 

Daily values of lower boundary conditions for chl-a (alb), DIN (nlb), OP (plb) for Models 2 

and 3 were estimated via linear regressions. Models were built assuming water quality 

observations at Middle and Bend segments (indexed 2 and 3, respectively in eqs. S2.1-S2.3) as 

predictors and downstream observations at sampling location 140 (Fig. 2.1) as responses. The 

resulting regressions (eqs. S2.1-S2.3) explained 25%, 82%, and 67% of chl-a, DIN, and OP 

variability, respectively. Lower boundary conditions were dynamically simulated based on these 

regression coefficients and the model predictions for Middle and Bend segments. 

alb = 9.56 + 0.36∙a3 (S2.1) 

nlb = 21.25 + 0.67∙n3 − 0.16∙n2 (S2.2) 

plb = 1.93 + 0.72∙p3 (S2.3) 
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S2.3 Prior and calibrated posterior parameter distributions summary 

 

Table S2.3.1. Prior parameters distributions for statistical Model 1 

Parameter Description Units Prior 

β0 intercept ln(μg/L) N(μβ
0
,σβ

0
) 

βQ,l 
ln(Q2) before 

breakpoint 
ln(μg/L)/ln(m3/d) N(μβ

Q,l
,σβ

Q,l
) 

βQ,h 
ln(Q2) after 

breakpoint 
ln(μg/L)/ln(m3/d) N(μβ

Q,h
,σβ

Q,h
) 

βTN TN ln(μg/L)∙L/μg N(μβ
TN

,σβ
TN

) 

bp breakpoint ln(m3/d) N(16,2) 

βT T ln(μg/L)/oC N(0,10) 

μβ
0
 mean for β0 ln(μg/L) N(0,10) 

μβ
Q,l

 mean for βQ,l ln(μg/L)/ln(m3/d) N(0,10) 

μβ
Q,h

 mean for βQ,h ln(μg/L)/ln(m3/d) N(0,10) 

μβ
TN

 mean for βTN ln(μg/L)∙L/μg N(0,10) 

σβ
0
 SD for β0 ln(μg/L) tN(0,10) 

σβ
Q,l

 SD for βQ,l ln(μg/L)/ln(m3/d) tN(0,10) 

σβ
Q,h

 SD for βQ,h ln(μg/L)/ln(m3/d) tN(0,10) 

σβ
TN

 SD for βTN ln(μg/L)∙L/μg tN(0,10) 

σa 
residual SD for 

ln(a) 
ln(μg/L) tN(0,1) 
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Table S2.3.2. Summary of posterior parameter distributions for Models 1, 2, 3 with calibrated 

mean values and standard errors in parenthesis. Parameters statistically indistinguishable from zero 

(based on 95% confidence level) are underlined. 

Parameter Description Units Posterior 

Statistical model 
Segment 

Upper Middle Bend 

β0 intercept ln(μg/L) 4.95 (2.13) 1.02 (0.93) -0.94 (0.73) 

βQ,l 
ln(Q2) before 

breakpoint 
ln(μg/L)/ln(m3/d) -0.18 (0.15) 0.04 (0.07) 0.19 (0.05) 

βQ,h ln(Q2) after breakpoint ln(μg/L)/ln(m3/d) -0.75 (0.16) -1.36 (0.15) -1.65 (0.24) 

βTN TN ln(μg/L)∙L/μg 
0.00068 

(0.00031) 
0.00130 

(0.00038) 
0.00082 

(0.00034) 
bp breakpoint ln(m3/d) 15.55 (0.21) 16.47 (0.13) 16.99 (0.11) 

βT T ln(μg/L)/oC 0.00067 (0.00301) 

μβ
0
 mean for β0 ln(μg/L) 1.86 (0.94) 

μβ
Q,l

 mean for βQ,l ln(μg/L)/ln(m3/d) -0.0021 (0.78) 

μβ
Q,h

 mean for βQ,h ln(μg/L)/ln(m3/d) -1.23 (1.32) 

μβ
TN

 mean for βTN ln(μg/L)∙L/μg 0.0009 (0.0033) 

σβ
0
 SD for β0 ln(μg/L) 4.32 (2.80) 

σβ
Q,l

 SD for βQ,l ln(μg/L)/ln(m3/d) 0.79 (1.28) 

σβ
Q,h

 SD for βQ,h ln(μg/L)/ln(m3/d) 1.59 (2.01) 

σβ
TN

 SD for βTN ln(μg/L)∙L/μg 0.0025 (0.0091) 

σa residual SD for ln(a) ln(μg/L) 0.66 (0.01) 

Mechanistic Model 2 Model 3 

kg growth rate d-1 0.81 (0.05) 0.63 (0.04) 

θg temperature correction — 1.00 (0.01) 1.01 (0.01) 

rna ratio of n to a μgn/μga 7.76 (0.43) 13.11 (0.77) 

ksn half-sat constant, n μg/L 26.23 (1.38) 26.70 (1.29) 

kr loss rate d-1 0.09 (0.01) 0.06 (0.01) 

θr temperature correction — 1.02 (0.01) 1.03 (0.01) 

km recycling rate d-1 0.04 (0.01) 0.05 (0.01) 

θm temperature correction — 1.06 (0.02) 1.06 (0.01) 

νs settling rate m/d 0.25 (0.06) 0.16 (0.07) 

Is optimal light level W/m2 40.43 (4.03) 37.39 (2.59) 

kd n removal rate d-1 0.08 (0.01) 0.07 (0.01) 

θd temperature correction — 1.03 (0.01) 0.99 (0.01) 

σn residual SD for ln(n) ln(μg/L) 0.88 (0.02) 0.89 (0.02) 

ksp half-sat constant, p μg/L 

— 

1.49 (0.09) 

rpa ratio of p to a gp/ga 0.53 (0.04) 

Pf 
p flux from the 

sediment 
μg/m2/d 357 (62) 

θp 
temperature correction 

for Pf 
— 1.37 (0.03) 

σp residual SD for ln(p) ln(μg/L) 0.75 (0.01) 

σa residual SD for ln(a) ln(μg/L) 0.67 (0.01) 0.68 (0.01) 
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S2.4 Light limitation of phytoplankton growth and extinction coefficient 

Light limitation was estimated using the following formulation for integrated water depth 

(Chapra, 2008): 

ϕ𝑙,𝑖 =  
2.718 ∙ 𝑓

𝑘𝑒,𝑖 ∙ ℎ𝑖
(exp (−

𝐼𝑎

𝐼𝑠
∙ exp(−𝑘𝑒,𝑖 ∙ ℎ𝑖)) − exp (−

𝐼𝑎

𝐼𝑠
)) (S2.4.1) 

where f is a photoperiod (fraction of day) calculated based on day of the year and 

geographical location (Agafonkin and Thieurmel, 2018), Is (W/m2) is optimal light level for 

phytoplankton growth, Ia (W/m2) is average daily photosynthetically available light intensity, 

ke (m-1) is light extinction coefficient. 

Daily values of light extinction coefficient, ke (m-1) were estimated from Bayesian 

regression model with varying intercept using chl-a concentration and hydrometeorological 

variables as predictors. As meteorological and flow conditions might have a lagged effect on light 

extinction coefficient, 2-, 10-, and 60-day averages of wind speed, air temperature and river 

discharge were included as candidate predictors (other intermediate averaging periods were also 

considered, but were found to be highly correlated with those listed above). Both untransformed 

and natural log-transformed discharges were also considered as potential predictors. First, simple 

linear regressions were built for each of three segments, selecting the predictive variables through 

a process of an exhaustive search (Lumley, 2017). Best fit models were chosen based on Bayesian 

information criterion (BIC), which prioritizes predictive performance while penalizing for 

overfitting (Faraway, 2015). Multiple linear regression models explained 41%, 45% and 49% of 

variability in light extinction coefficient ke in Upper, Middle and Bend segments, respectively and 

are shown in eqs. S2.4.2-S2.4.4.  

𝑘𝑒,1 = −18.203 + 0.007 ∙ 𝑎 + 4.055 ∙ ln 𝑄 + 3.137 ∙ ln 𝑄10 + 0.018 ∙ 𝑇60 (S2.4.2) 

𝑘𝑒,2 = −20.104 + 0.005 ∙ 𝑎 + 7.702 ∙ ln 𝑄10 + 0.019 ∙ 𝑇60 + 0.104 ∙ 𝑊𝑆2 (S2.4.3) 

𝑘𝑒,3 = −19.244 + 0.006 ∙ 𝑎 + 7.335 ∙ ln 𝑄10 + 0.018 ∙ 𝑇60 + 0.072 ∙ 𝑊𝑆2 (S2.4.4) 

 

Optimal hydro-meteorological variables and averaging periods were selected based on 

their frequency of selection in these segment-specific regressions. Then, these variables were used 

to construct a Bayesian model to predict ke, allowing only the intercept term to vary by segment. 

This approach was employed assuming that light attenuation is dependent on the same variables 
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throughout the estuary, given clustering effects of the different segments (Gelman and Hill, 2007). 

The resulting hierarchical model allowed for distinguishing between algal and non-algal sources 

of light attenuation and provided means of ke dynamical estimation within the mechanistic models.  

The light extinction coefficient is estimated via Bayesian linear regression with varying 

intercept and chl-a and hydrometeorological inputs as covariates. The BIC-selected predictors 

include chl-a, 10-day natural log-transformed flow (ln(Q10)), 60-day temperature (T60), and 2-day 

wind speed (WS2), and the associated significantly positive coefficients (βkea, βkeQ, βkeTa, and 

βkeWS, respectively) with the mean values showed in eq. S2.4.5. The segment-specific intercepts 

decrease from upstream to downstream (mean βke0 are −6.45, −6.65 and −6.96 for Upper, Middle 

and Bend segments, respectively (Fig. S2.4.1)). A self-shading effect of phytoplankton increases 

with higher chl-a concentration, reflected via coefficient βkea (Fig. S2.4.1), which magnitude is 

within the range of previously reported values for other systems (Obrador and Pretus, 2008; 

Thomann and Fitzpatrick, 1982). The resulting regression was visually checked for normality of 

residuals, and it explains 50% of ke variability in all segments (Fig. S2.4.2).  

 

  

𝑘𝑒 = 𝛽𝑘𝑒0 + 0.014 ∙ 𝑎 + 0.481 ∙ ln 𝑄10 + 0.021 ∙ 𝑇60 + 0.057 ∙ 𝑊𝑆2. (S2.4.5) 
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Fig. S2.4.1. Estimated parameter distributions of the linear regression model with varying 

intercept for light extinction coefficient ke. 

 

 

Fig. S2.4.2. Observed light extinction coefficient ke (m-1) vs predicted via Bayesian linear 

regression model for Upper (red), Middle (orange) and Bend (light-blue) model segments.  
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S2.5 Model performance 

 

Table S2.5. Full and cross-validated Model 1, 2, 3 summary statistics for ln(chl-a). 

 Segment 

Upper Middle Bend All 

M
o

d
e

l Full CV Full CV Full CV Full CV 

R2 
RMSE, 
ln(µg/L) 

R2 
RMSE, 
ln(µg/L) 

R2 
RMSE, 
ln(µg/L) 

R2 
RMSE, 
ln(µg/L) 

R2 
RMSE, 
ln(µg/L) 

R2 
RMSE, 
ln(µg/L) 

R2 
RMSE, 
ln(µg/L) 

R2 
RMSE, 
ln(µg/L) 

1 0.46 0.74 0.42 0.76 0.37 0.62 0.29 0.66 0.23 0.59 0.15 0.63 0.43 0.65 0.37 0.68 

2 0.38 0.79 0.35 0.81 0.40 0.60 0.38 0.61 0.14 0.62 0.12 0.63 0.38 0.68 0.36 0.69 

3 0.42 0.76 0.43 0.76 0.38 0.61 0.31 0.64 0.10 0.63 -0.02 0.67 0.38 0.67 0.35 0.70 

 

 

Fig. S2.5. chl-a simulation from Model 3 for 2003, including median predictions (black line), and 

90% predictive interval associated with parameter and residual uncertainty (light grey). Blue x’s 

and error bars represent the mean and range of observations. 
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S2.6 Probability of exceeding chl-a criterion of 40 µg/L 

 

Fig. S2.6. Median probability of chl-a exceeding 40 µg/L in any day of the year predicted via 

Model 3 as a function of variation in loading (both TP and TN), shown for three segments, four 

seasons, and three hydrologic conditions.  
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Supplementary Material for Chapter 3 

S3.1 Study site 

 

 

Fig. S3.1. Map of the study area located in the Northern Gulf of Mexico (Obenour et al., 2015). 
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S3.2 Bias adjustment for Bayesian mechanistic model predictions in June 

Linear regression model with day number (June 1 – June 30) as predictor was utilized to 

estimate BWDO adjustment factor, defined as difference between observed and hindcasted divided 

by hindcasted BWDO. The resulting regression suggested a negative relationship between the day 

number and adjustment factor, indicating a gradual decline in BWDO adjustment from the 

beginning of June (+20%), to the end of June (+0%) (Fig. S3.2.3). The adjustment of hindcasted 

estimates helped to increase the R2 value of relationship between average observed and hindcasted 

BWDO and HA from –0.16 to 0.36 and 0.45, respectively, and remove the biogeochemical model 

bias from both BWDO and HA predictions (Fig. S3.2.1 and S3.2.2). The adjustment is applied to 

both hindcasted and forecasted values and further analysis considers the updated results unless 

otherwise indicated. 

 

 

Fig. S3.2.1. Month by month comparison of observed with hindcasted (black) and bias-adjusted 

hindcasted (red) averaged BWDO in the West and East sections. Diagonal lines represent perfect 

prediction. 
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Fig. S3.2.2. Month by month comparison of observed with hindcasted (black) and bias-adjusted 

hindcasted (red) averaged HA in the West and East sections. Diagonal lines represent perfect 

prediction. 

 

 

Fig. S3.2.3. Bias adjustment factor vs day number for the West shelf in June with red line showing 

the regression fit with intercept term (0.208) and slope (–0.007). The adjusted R2 of this regression 

is 0.18.   
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S3.3 Linear regressions for predicting June-September MARs flow and loading 

 

 

Fig. S3.3.1. Map of MAR Basin (light-blue filled) used in estimation monthly precipitation and 

temperature. 
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Fig. S3.3.2. Observed versus predicted by regressions square-root transformed Atchafalaya River 

monthly average discharge. Subscript numbers indicate months. 
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Fig. S3.3.3. Observed versus predicted by regressions square-root transformed Atchafalaya River 

monthly average nitrogen loading. Subscript numbers indicate months. 
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Fig. S3.3.4. Observed versus predicted by regressions square-root transformed Mississippi River 

monthly average discharge. Subscript numbers indicate months. 
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Fig. S3.3.5. Observed versus predicted by regressions square-root transformed Mississippi River 

monthly average nitrogen loading. Subscript numbers indicate months. 
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Table S3.3.1. Predicted by the regressions (pre) and observed (obs) monthly Atchafalaya River 

discharge and nitrogen loading 

Year 

Atchafalaya River 

Discharge (m3/s) Loading (t/mo) 

Jun Jul Aug Sep Jun Jul Aug Sep 

pre obs pre obs pre obs pre obs pre obs pre obs pre obs pre obs 

1980 6267 5860 4719 4130 3429 3270 3466 3410 23542 22304 18328 16168 11974 12183 8138 11426 

1981 7743 8970 5517 6360 3872 4870 2699 3390 28095 35351 20638 25812 10072 18866 7413 11767 

1982 8692 8820 7035 6220 4148 4270 3805 4030 32188 36213 23060 26246 10964 17236 7757 14451 

1983 13167 15200 6754 6100 5385 3450 3088 1880 57267 64260 38645 26815 24069 14452 12311 7060 

1984 8963 9990 5293 6010 4229 3740 3273 2050 39694 45366 28585 30918 20541 17382 11149 7000 

1985 5756 5670 4409 3980 3270 2860 3360 3270 22140 21315 17544 14186 12186 8462 8218 8258 

1986 6284 7650 4550 5070 3434 3010 2756 2570 26063 35274 19776 22708 11990 11333 8144 7891 

1987 6180 4710 5014 3820 3401 2520 2725 2460 22852 18584 17639 14776 9903 8680 7347 7414 

1988 3175 2130 2972 1480 2406 1540 3427 1530 10378 4674 9845 2525 7629 2524 6431 2164 

1989 6758 8310 5372 8520 3579 3560 3340 3960 19207 17314 15313 17902 8453 5270 6770 5147 

1990 10735 13500 8260 6890 4724 4310 2673 3690 34861 36813 24760 23264 12379 14335 8289 11185 

1991 11184 9240 7418 4590 4849 2840 2874 2510 40243 35772 28265 18731 16010 10062 9599 8104 

1992 3628 4920 3084 4780 2568 5900 2587 3500 12358 14835 11260 14967 8974 19610 6980 10322 

1993 9887 9120 5878 8220 4490 9690 3639 6560 46759 40591 32790 40674 22914 52641 11934 30940 

1994 6458 5220 4147 4740 3489 3480 3436 2810 22887 17737 18342 18275 15049 11522 9259 7145 

1995 12495 13300 8971 7610 5202 4750 3146 2960 44192 49676 29920 32104 12878 17483 8474 6990 

1996 9797 11700 6038 5810 4463 4790 3692 3290 36749 47578 26113 23262 14439 18030 9041 8291 

1997 7001 9140 5553 6520 3653 3530 3401 2770 24710 33762 19058 25115 12393 10400 8294 6250 

1998 6777 7330 4941 8150 3586 4760 2902 2730 29851 34567 22752 41918 18203 21440 10359 7807 

1999 8043 6930 6262 6220 3961 3430 2829 2150 36152 35830 26154 34465 17061 14497 9966 5503 

2000 5037 5080 4519 5980 3040 3090 2705 2220 18331 21279 14899 26722 9148 10907 7049 5731 

2001 6556 8080 5494 4720 3517 3370 3269 2690 24009 35089 18391 19025 10516 10963 7585 6419 

2002 8433 9680 5380 3940 4075 2870 3128 2700 30172 34742 22416 14215 14220 8057 8962 5683 

2003 8552 8800 5918 5370 4108 4260 3272 3760 29374 30068 21590 19023 11594 12916 7996 8610 

2004 8394 9440 6616 7750 4062 3870 3053 4090 30481 34348 22212 28843 11611 12758 8002 11012 

2005 4412 4400 4324 3540 2835 2270 2904 2940 17836 20465 14783 15242 10458 5964 7563 8525 

2006 4285 3650 3887 2770 2793 2140 2601 2270 19677 17509 16116 11569 12328 6941 8270 6518 

2007 7123 4880 5863 5830 3689 3620 3205 3530 27414 17792 20574 18662 12206 9270 8225 7238 

2008 11507 9760 7449 8550 4937 5010 3460 5560 42257 34315 29513 27353 17005 15002 9946 13849 

2009 9380 11200 5754 5670 4347 4800 3232 3910 33557 32794 24497 18261 15529 13244 9429 9351 

2010 9360 8380 6209 7240 4339 5640 3325 3940 36202 29711 25764 22795 14119 15261 8926 9224 

2011 14625 12700 8231 7390 5770 4610 3474 3670 55333 48184 37284 32661 21790 18430 11565 12412 

2012 4256 2790 4230 2130 2783 1800 2303 1870 15399 10608 13139 8026 9070 6259 7018 5664 

2013 10871 9810 7915 7710 4762 4550 3486 2730 44454 40902 30744 33015 17231 16925 10024 7293 

2014 6012 7090 4552 6010 3350 3550 3821 3940 23275 29576 18193 25791 12111 12324 8189 11632 

2015 13207 10500 9104 12700 5393 8150 3180 2820 42856 30497 28995 33812 11672 20916 8025 5934 

2016 7966 7280 6164 4790 3939 5070 2682 4280 25352 21761 19241 17377 11080 18220 7801 13529 
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Table S3.3.2. Predicted by the regressions (pre) and observed (obs) monthly Mississippi River 

discharge and nitrogen loading  

Year 

Mississippi River 

Discharge (m3/s) Loading (t/mo) 

Jun Jul Aug Sep Jun Jul Aug Sep 

pre obs pre obs pre obs pre obs pre obs pre obs pre obs pre obs 

1980 14630 13600 11343 9490 8135 7860 8274 8010 63302 65152 47753 41706 26594 28307 20013 31300 

1981 17920 20600 14115 14900 9121 11400 6541 8170 85438 101948 64589 84155 32983 62810 25417 34298 

1982 19984 20400 15303 14600 9725 9990 9036 9200 111437 143000 81310 92394 41684 53563 26813 42533 

1983 30025 34300 18650 14300 12537 8250 7422 6450 158722 139385 108588 78336 58501 34090 25718 20451 

1984 20899 23300 13811 14000 10012 8710 7839 6850 98964 123543 69521 92867 39435 34138 20464 19808 

1985 13430 13100 10561 9260 7762 7550 8034 7330 63122 57531 46965 32609 26875 19074 18873 16327 

1986 14582 17700 11759 11800 8115 7530 6669 6360 80192 112690 59026 63614 32276 28958 21600 16855 

1987 14336 10900 11802 9360 8037 5870 6600 5690 69577 55102 52856 34909 28267 14390 22124 13905 

1988 7504 4990 7294 3600 5765 3790 8186 3720 28529 13023 23687 5649 14430 5606 15706 4847 

1989 15744 19200 12198 19900 8475 8400 7990 9310 60823 60366 47098 48845 25237 15385 21538 19664 

1990 25018 31400 17121 16000 11160 10100 6481 8560 123552 152546 88420 107462 45988 50702 26560 34340 

1991 26414 20800 17243 10500 11552 6670 6937 6260 137626 126306 95863 58028 51343 24382 25282 16435 

1992 8525 11500 7723 11200 6133 13700 6285 8200 45027 45566 34027 48241 20980 73102 15673 27006 

1993 22938 21400 14949 19300 10591 22600 8664 15300 115379 112194 80188 118201 44809 129349 21813 83362 

1994 15222 12100 10543 11000 8331 8130 8206 6550 52488 42928 39023 37795 23629 20355 16420 12330 

1995 28816 31100 19949 17700 12190 11200 7552 6980 148559 119520 106812 73396 52928 39035 31448 16402 

1996 22845 27800 15901 13800 10553 11200 8783 7580 108282 120410 78280 71102 41135 49456 25121 20769 

1997 16390 21300 12093 15200 8676 8270 8127 6530 71260 85186 52775 60286 29443 24918 20274 15357 

1998 15885 17100 11094 19100 8532 11100 7001 6390 70789 81083 50718 95731 30188 45490 17465 14843 

1999 18721 16100 13442 14600 9369 8040 6836 5000 106351 104707 74928 88893 41555 36572 21925 12957 

2000 11823 11900 10204 14100 7240 7320 6555 5110 47522 57404 37897 78568 20730 26753 19944 12637 

2001 15158 19200 12123 11000 8293 7870 7829 6270 85153 121619 62349 63865 33905 27439 22101 15801 

2002 18892 23700 13398 9700 9421 6720 7512 6270 94489 102801 67602 40437 37445 17896 21548 16069 

2003 19866 20500 14520 12500 9698 9950 7837 8770 85290 73729 63743 46583 33301 29705 24185 20424 

2004 19567 22100 14597 18000 9609 9040 7342 9560 82223 105046 62274 82273 32006 32300 24860 31175 

2005 10357 10300 9081 8310 6759 5320 7005 6700 44643 51898 35040 36541 20171 11757 17965 16424 

2006 10063 8520 8742 6520 6662 5030 6318 5250 50570 45046 38259 24619 22678 14307 17130 14367 

2007 16629 11400 12723 13600 8743 8500 7686 8240 96467 58336 69220 47943 37933 24456 22192 26493 

2008 26572 22900 17298 19800 11596 11900 8261 13000 134343 123993 93922 116997 50200 51038 25279 32924 

2009 21873 25800 14647 13200 10286 11300 7747 9310 93845 99627 67573 59025 37033 32443 22081 25662 

2010 21729 19500 15505 16900 10234 13100 7955 9400 94532 85273 70005 79933 36271 52511 25184 26967 

2011 33637 29400 20297 17300 13498 11300 8291 8640 130702 126513 92985 88569 48326 48527 26979 28920 

2012 9983 6480 8905 5010 6633 4270 5641 4470 38066 22103 30847 14271 17656 10947 17884 10418 

2013 25395 23000 17154 17800 11267 10700 8318 6520 133928 120485 94353 85009 49718 39466 26209 17208 

2014 14058 16500 11030 14200 7957 8340 9071 9140 61880 75217 46687 71543 26166 31228 19685 32470 

2015 29842 22800 20601 29000 12465 18400 7629 7450 138028 116387 101115 130076 49036 71268 32390 24406 

2016 17926 16200 13240 12300 9132 12400 6501 11100 87152 82778 63664 63570 34571 62689 22265 51302 
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S3.4 Forecast skill assessment 

 

Fig. S3.4. Daily averaged hindcasted and observed versus pseudo-forecasted HA for the West and 

East sections. Diagonal line represents perfect prediction. 
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S3.5 HA pseudo-forecast for West and East Shelf 

 

 

Fig. S3.5.1. Daily pseudo-forecasts of HA for the West and East sections, including 95% IQR of 

the predictive distribution, distinguishing between parameter, hydrometeorology, residual error, 

and transformation (BWDO to HA) uncertainties (shades of gray from darkest to lightest). Yellow 

dashed line is hindcasted estimate, orange points are mean and associated 95% IQR range of the 

observed data. 
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Fig. S3.5.2. Pseudo-forecast as in Fig. S3.5.1 but for different years. 
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Fig. S3.5.3. Pseudo-forecast as in Fig. S3.5.1 but for different years. 
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Fig. S3.5.4. Pseudo-forecast as in Fig. S3.5.1 but for different years. 
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Fig. S3.5.5. Pseudo-forecast as in Fig. S3.5.1 but for different years. 
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Fig. S3.5.6. Pseudo-forecast as in Fig. S3.5.1 but for different years. 
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Fig. S3.5.7. Pseudo-forecast as in Fig. S3.5.1 but for different years. 
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Fig. S3.5.8. Pseudo-forecast as in Fig. S3.5.1 but for different years. 
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Fig. S3.5.9. Pseudo-forecast as in Fig. S3.5.1 but for different years. 
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Fig. S3.5.10. Pseudo-forecast as in Fig. S3.5.1 but for different years. 
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Fig. S3.5.11. Pseudo-forecast as in Fig. S3.5.1 but for different years. 
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S3.6 Total HA pseudo-forecast 

 

 

Fig. S3.6.1. Daily pseudo-forecasts of total HA, including 95% IQR of the predictive distribution, 

distinguishing between parameter, hydrometeorology, residual error, and transformation (BWDO 

to HA) uncertainties (shades of gray from darkest to lightest). Yellow dashed line is hindcasted 

estimate, orange points are mean and associated 95% IQR range of the observed data. 
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Fig. S3.6.2. Pseudo-forecast as in Fig. S3.6.1 but for different years. 
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Fig. S3.6.3. Pseudo-forecast as in Fig. S3.6.1 but for different years. 
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Fig. S3.6.4. Pseudo-forecast as in Fig. S3.6.1 but for different years. 
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Fig. S3.6.5. Pseudo-forecast as in Fig. S3.6.1 but for different years. 
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Fig. S3.6.6. Pseudo-forecast as in Fig. S3.6.1 but for different years. 
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Fig. S3.6.7. Pseudo-forecast as in Fig. S3.6.1 but for different years. 
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Fig. S3.6.8. Pseudo-forecast as in Fig. S3.6.1 but for different years.  
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