
ABSTRACT 

MATLI, VENKATA ROHITH REDDY.  Estimating and Forecasting the Spatio-Temporal 

Hypoxia Dynamics in northern Gulf of Mexico. (Under the direction of Dr. Daniel R Obenour). 

 

Hypoxia, low dissolved oxygen (DO < 2 mgL-1) in water, is a major environmental issue 

affecting the coastal regions of northern Gulf of Mexico. There are a wide range of models that 

study this issue by estimating and/or forecasting the severity of this problem. However, most of 

these models either focus on limited metrics of hypoxia or do not leverage all available monitoring 

data in the region thereby limiting our understanding of factors driving this phenomenon. This 

research focuses on addressing these issues by improving the capabilities of existing models and 

developing a new model capable of predicting spatial propagation of hypoxia. First, we improved 

the performance of an existing geostatistical model estimating hypoxic area, by integrating 

observations of DO from multiple monitoring organizations and simulations from a mechanistic 

hydrodynamic-biophysical model studying hypoxia in the region. This fusion based approach is 

used to estimate hypoxic area across the summer. Second, we expanded the functionality of 

hypoxic area model to estimate thickness and volume of hypoxia. We integrated a novel rank-

based inverse normal transformation within a spatial-temporal geostatistical framework that 

helped simulate values that closely match observations of hypoxic thickness. Furthermore, we 

studied the trends and drivers that influenced the new hypoxia metrics using a regression analysis. 

Finally, we developed a decision tree ensemble capable of predicting the inshore-offshore 

distribution of hypoxia across two sections of our study area. This is the first time a machine 

learning approach has been employed to explore the spatial propagation of hypoxia in the northern 

Gulf region. Predictions show that the model does an adequate job in forecasting the distribution 

of hypoxia across our study area.   
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Chapter-1: Introduction  

 

Background 

 

Nutrient pollution is a major environmental concern plaguing water bodies across the world 

[Howarth et al., 2000]. The sources of nutrient pollution can be broadly classified into point and 

non-point sources [Loehr, 1974]. The primary contributors to point source pollution are municipal 

and industrial sewage. Sources of non-point pollution include runoff from urban regions, 

livestock shelters, and agricultural fields [Carpenter et al., 1998]. Runoff from livestock shelters 

and agricultural fields are particularly nutrient rich as they include nutrients from animal waste, 

feed and fertilizer use. In mid-twentieth century, advances in agricultural engineering led to the 

development of fertilizers that were readily available, and significantly improved the growth and 

yield of crops [Puckett, 1995]. The primary components of commonly used fertilizers are 

nitrogen, potassium and phosphorus. While the proportions of these components vary depending 

on the type of fertilizer, nitrogen is the key ingredient as it significantly influences the growth of 

plants [Loehr, 1974, Ingestad, 1977]. Livestock waste also substantial nitrogen and phosphorus 

[Steinfeld et al., 2006]. Increased availability of nutrients from runoff leads to eutrophication 

which has adverse effects on aquatic ecosystems. 

 

One of the major consequences of eutrophication is increased productivity, promoting the growth 

of algae [Sawyer, 1966]. Usually, algae produced within the water body provide sustenance to 

the aquatic life present. However, eutrophication stresses the ecosystem beyond its consumption 

capacity which leads to accumulation of excess algae [Boesch, 1997, Anderson et al., 2002]. 

Algal blooms can cause a myriad of ecological problems that can sometimes vary depending on 

the system being effected (freshwater or saline). In fresh water bodies, some algal blooms 

produce toxins of class Microcystin which are known to affect human, aquatic and animal life 

[Zurawell et al., 2005]. In coastal ecosystems, algal blooms are known to cause brown tides and 

red tides containing a class of neurotoxin known as brevetoxins, which are harmful to living 

organisms [Pierce et al., 2005, Bricelj and Lonsdale, 1997, Hodgkiss and Ho, 1997]. 

 

Algae that form in water bodies eventually die and settle at the bottom of the water column. 

Organic matter can decompose in a number of ways. In the predominant process, dead organic 

matter breaks down in a process that consumes dissolved oxygen (DO) [Rabalais and Turner, 

2001]. In extreme cases, when the rate of dissolved oxygen consumption within the system grows 

beyond its ability to replenish oxygen, it can lead to areas that are hypoxic (low dissolved oxygen) 

or anoxic (no dissolved oxygen) [Diaz and Rosenberg, 2008]. Regions with low DO are also 

known as dead zones, as they cause aquatic life to move away to more oxygen rich regions. Also, 

low dissolved oxygen (DO) in water is known to have a negative impact on marine life by 

affecting the growth of organisms, disrupting predator-prey dynamics, influencing reproductive 

behavior and in extreme cases, fish kills [Pihl et al., 1991, Breitburg, 2002, Diaz and Rosenberg, 

2008]. Some of the largest dead zones in the world are observed in Baltic Sea, East China Sea, 

Arabian Sea, Kattegat, Gulf of Mexico and Black Sea [Kamykowski and Zentara, 1990]. In the 
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US, dead zones are observed in Chesapeake Bay, Lake Erie and coastal Oregon in addition to 

Gulf of Mexico region. 

 

Even though nutrients play a major role in the formation of dead zones in water systems, the 

formation and persistence of hypoxia is influenced by water column strati- fication. This 

stratification, a result of a strong pycnocline, prevents the bottom water from interacting with the 

atmosphere thereby preventing reoxygenation. While most dead zones are caused due to 

anthropogenic activities leading to excess nutrients in water, there are some naturally occurring 

dead zones as well. For example, the cause of Chesapeake Bay and Gulf hypoxia are linked to 

runoff from agricultural sources [Kemp et al., 2005, Rabalais and Turner, 2001]. In contrast, 

hypoxia in the coastal region of Oregon is found to be driven by coastal upwelling, a consequence 

of climate change [Grantham et al., 2004]. 

 

 

Deadzone in the Gulf of Mexico 

 

The Mississippi River Basin is the worldôs fourth largest drainage basin [der Leeden, 1990]. This 

land mass comprises of about 41% of contiguous United States spanning over 32 states. 65% of 

the land mass draining into the Mississippi river is primarily used as farmland [Turner and 

Rabalais, 2003]. This nutrient-rich runoff from the watershed eventually ends up in the Gulf of 

Mexico. Nitrogen, in particular, significantly influences coastal eutrophication. The discharge 

from the rivers usually peaks in the spring of each year after seasonal rainfall and snow-melt 

[Walker et al., 2005]. The fresh water is less dense than ocean water already present in the Gulf 

and creates a strong pycnocline [Rabalais and Turner, 2001]. Onset of summer warms the top 

layer, further strengthening the gradient in the water column and preventing the bottom layer 

from interacting with the top layer. This stratification in water column prevents the reaeration of 

bottom waters. The warm nutrient-rich top layer provides ideal conditions for the growth of algae. 

 

The algae that form at the beginning of summer eventually die and settle at the bottom of the 

Gulf. Due to the volume of algae available, the decomposition process consumes a significant 

amount of dissolved oxygen (DO) thereby dropping it to levels unsuitable for most aquatic life, 

usually assumed to be 2 mg/L [Rabalais et al., 2002], thereby resulting in the formation of a 

deadzone that is the second largest in the world. The Gulf of Mexico is a commercially important 

region in the United States due to the large presence of fisheries and offshore oil exploration. 

Fisheries are particularly affected by hypoxia due to the influence of low DO on aquatic life [Rose 

et al., 2009]. This led to the formation of management and monitoring programs intent on 

reducing the extent of this problem. A goal was set to reduce the extent of deadzone to 5000 sq. 

km. by 2015, as a 5-year moving average. This goal could not be met on account of implemented 

measures 
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being not widespread. Therefore, the plan has been revised over the years and the current 

objective is to acheive the reduction by 2035. [Hypoxia Task Force, 2017]. 

 

Monitoring programs were started by various academic and government organization to monitor 

the DO across the region, estimate the size of the deadzone, evaluate its impact on local aquatic 

life and to track the progress of management efforts. To supplement the findings of monitoring 

efforts, models were developed using different combinations of DO observations, hydrodynamic, 

biogeochemical, and meteorological properties. The complexity of these models varies 

depending on their formulation and the spatio-temporal resolution at which the output is 

generated. The simplest models are regression based capable of forecasting the extent of hypoxia 

using the size of the deadzones observed in previous years, nutrient loads, and riverine 

characteristics [Greene et al., 2009, Turner et al., 2012]. Regression models usually make 

predictions at coarse spatial-temporal resolution. Complex models use a biogeochemical-

hydrodynamic process framework to recreate the mechanisms expected to control water quality 

characteristics along the water column. Mechanistic models are capable of providing predictions 

at fine spatial and temporal  scales  [Fennel  et  al.,  2011,  Justi´c  and  Wang,  2014].    Also,  

there  are  some parsimonious mechanistic models providing extent of hypoxic severity using 

nutrient loads, meteorological and hydrodynamic inputs [Scavia et al., 2013, Obenour et al., 2015, 

Giudice et al., 2019]. While parsimonious mechanistic models can use Bayesian inference to 

quantify the parameter uncertainty which is then used in determining confidence intervals of 

estimated values, mechanistic models do not quantify the uncertainty in estimated values. 

 

In addition to the above models, there are also spatial and spatial-temporal geostatis- tical models 

studying Gulf hypoxia [Obenour et al., 2013, Matli et al., 2018]. Geostatistical model developed 

by Obenour et al. 2013 leverages data collected by mid-summer mon- itoring cruises to provide 

probabilistic estimates of DO, hypoxic area, thickness, and volume using spatial trends. Matli et 

al. 2018 also developed a geostatistical model using monitoring data collected by seven 

educational and government research organizations, to estimate DO and hypoxic extent across 

the summer using both spatial and temporal trends. 

 

 

Geostatistical modeling 

 

Geostatistics is a branch of spatial statistics that was initially developed to assist with mining 

operations [Matheron, 1963]. Over the past few decades, however, this methodology has  found  

applications  in  the  field  of  agriculture  [Oliver,  2013,  Bojac´a  et  al.,  2009], epidemiology 

[Piel et al., 2013], environmental science [Goovaerts et al., 2008, Saito and Goovaerts, 2000], 

hydrology [Western et al., 1998, Martinez-Cob, 1996], and meteorology [Benavides et al., 2007, 

Goovaerts, 1999, Hevesi et al., 1992]. Other spatial interpolation techniques (inverse distance 

weighting, splines, thiessen polygon etc.) use a distance-based 
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weighting function to estimate a value, which can be problematic when the observations are 

clustered [Houlding, 2000]. Geostatistics, however, models the spatial structure in data using a 

variogram function to account for the correlation among data points. This mathematical 

formulation provides a realistic representation of data by assigning minimal weights to clustered 

data while optimally weighting unevenly distributed data based on the spatial correlation between 

observations. In simpler terms, variograms encapsulate the principle that closer points are more 

similar than things that are distant. These functions are also known as theoretical variograms and 

are defined as a sum of correlated and uncorrelated stochasticity (variance). Uncorrelated 

stochasticity, also known as nugget, includes measurement errors and localized environmental 

fluctuations. It constitutes the component of variance that remains unexplained by spatial 

structure. Correlated stochasticity, also known as partial sill, is the portion of variance contributed 

by spatial dependence. Variograms incorporate a range parameter which accounts for the 

maximum distance over which the values in the observation set are correlated with each other. 

Theoretical variograms can then be used to get best linear unbiased estimates of the response 

variable using an interpolation method known as kriging [Cressie, 1990]. 

 

There are several assumptions inherent to geostatistical modelling. Primary among them is the 

assumption of stationarity, constant mean and finite variance, between the observed data. 

Specifically, data in geostatistics is assumed to have second-order stationarity. In the case of 

stationary data, theoretical variogram can be used as is to make interpolations. This procedure is 

also known as Ordinary Kriging [Cressie, 1988]. In cases of non-stationary data, with varying 

mean and variance, the process is not as straightforward. If the non-stationarity in the observed 

data is a result of spatial trends, where the mean changes across space systemically, then data can 

be modelled as a linear combination of covariates and theoretical variogram. This approach is 

commonly known as Universal Kriging [Zimmerman et al., 1999]. Geostatistics also assumes 

spatial dependence of observation data, meaning that closer locations are more similar to each 

other than distant locations. Isotropy is another important assumption of geostatistics. It is the 

assumption of homogeneous spatial dependence in all directions. In cases where the isotropy 

assumption is not met, an anisotropy ratio parameter is used to adjust distances along a direction 

to match the criteria. 

 

One of the primary advantages of using geostatistics over other spatial interpolation methods is 

itôs ability to quantify uncertainty associated with the estimated values. Uncertainty quantification 

in geostatistics can be done using a couple of methods. The easiest option is to determine kriging 

uncertainty. Kriging involves solving a series of matrices to calculate kriging weights and 

LaGrange multipliers associated with sampled locations. While kriging weights can be used to 

provide expected values of the estimated values, Lagrange multipliers can be used to quantify the 

uncertainty associated with them. Estimation uncertainty can also be quantified using spatially 

consistent Monte-Carlo simulations  [Chil`es  and  Delfiner,  1999].   These  simulations,  also  

known  as  conditional realizations, can be used to recreate the variability of observed values in 

the estimations using a Gaussian random function. While kriging uncertainty can be used to 

variance 
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associated with the estimated values at independent locations, conditional realizations can be 

useful in calculating statistical properties of aggregates associated with estimated values across 

the estimation space. Uncertainty quantification can help identify the extremes of estimated 

values[Matli et al., 2018] and also help in formulating a monitoring plan that can potentially 

reduce the uncertainty in future estimates [Fang et al., 2019]. 

 

Mechanistic models, which are a mathematical representation of physical, chemical, and 

environmental processes occurring in a system, are a strong alternative to geostatistical models. 

The process-based framework of mechanistic models, enables the study of system response to 

various scenarios and forecast system characteristics under different forcing conditions, which is 

not possible through geostatistical modelling approaches. Mechanistic models, like geostatistical 

models, rely on real world observations to parameterize the equations used in the model 

framework. Once parameterized, these class of models can be used to predict the spatial 

distribution of system characteristics [Justi´c et al., 2007]. However, the approximations made in 

model structure, uncertainty in forcing, boundary conditions, and parameters from model 

calibration induce a factor of uncertainty in predicted values that can be hard to characterize due 

to the model structure [Mattern et al., 2013]. Additionally, observations can disagree with 

mechanistic model predictions which complicates the model validation [Fennel et al., 2016]. 

 

Geostatistical models have found increasing applications in the field of water quality assessment 

due to their data-driven approach, ability to characterize estimation uncertainty, and relatively 

less-complex model framework. In addition to previously discussed models studying hypoxia in 

the Gulf, there are also geostatistical models studying algal blooms in Lake Erie and Lake 

Michigan [Fang et al., 2019, Rowe et al., 2015] , hypoxia in Chesapeake Bay [Murphy et al., 

2010]. Previously developed geostatistical model for the northern Gulf of Mexico that uses spatial 

and temporal trends to estimate extent of hypoxia in the region [Matli et al., 2018] does not 

consider the influence of hydrodynamic and meteorological inputs on model estimates. The 

spatial-temporal variability of hypoxic thickness within a geostatistical framework also needs 

further consideration [Scavia et al., 2019]. 

 

 

Decision Trees 

 

Decision trees are a class of machine learning models used for both classification and regression 

[Quinlan, 1986]. The model algorithm makes a series of decisions using the features considered 

in the model to predict the response, which is continuous in the case of regressions [Quinlan, 

1987]. These decisions usually take the form of tree data structure starting with the root node 

which is the most informative feature, followed by a series of other nodes at each split. These 

nodes eventually end at leaves which are the values being predicted [Sammut and Webb, 2011]. 

There are a number of commonly used decision tree algorithms, and in the current study we use 

CART (classification and regression tree) algorithm [Rutkowski et al., 2014]. 
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The structure of the algorithm makes decision trees easy to understand and interpret [Jadhav and 

Channe, 2016]. They are known to be highly accurate and capable of handling data without 

additional preprocessing [Xu et al., 2005, Pekel, 2020]. However, there are some disadvantages 

associated with these models [Maimon and Rokach, 2014]. As with all machine learning models, 

decision tree models require particularly large datasets for training. Depending on the range of 

features being used, small changes in training data can results in drastically different tree 

structures. There are some strategies to address these limitations in decision tree models. 

 

To address the sensitivity of models to changes in feature values we employ an ensemble of 

decision trees. Bagging and boosting are the commonly used ensembles in decision trees. 

Random forest, a commonly used bagging ensemble, fits a number of decision tree models by 

varying the training data and the features being considered at each node [Breiman, 2001]. This 

process is repeated at random and aggregated to determine the most informative features and the 

rules to predict the values using the features. XGBoost, is an extreme gradient boosting ensemble, 

which optimizes decision trees by trying to reduce the number of outliers [Chen and Guestrin, 

2016]. In boosting ensembles, a decision tree model is iteratively improved by assigning higher 

weights to outliers in each step. This process is repeated a number of times to determine the final 

model. Boosting ensembles are known to perform better than bagging ensembles in most cases. 

 

To address the limitation with volume of data available for training the model, many studies 

employ an upsampling approach [Kaur et al., 2019]. In this technique, the original data is first 

split into training and testing datasets at a 70-30 or 80-20 split. Following the split, synthetically 

generated values are used to increase the size of training data and create a more balanced dataset. 

Modified training data is used in developing the model and tested against unmodified testing data 

to validate the performance. In the current study, we have conditional realizations from 

geostatistical model to increase the size of our training data. 

 

 

Research Objectives 

 

The objective of this research is to develop novel modelling frameworks that can help hypoxia 

management effort and fishery research in the northern Gulf of Mexico region. To realize this 

goal, we divided the project into three sections that will focus on improving, expanding and 

innovating existing models studying hypoxia in the region. The objectives of these sections are: 

 

 

1. Improve the functionality of existing spatial-temporal geostatistical model by inte- grating 

dynamic covariates in model framework. To enable this, we assessed the possibility of 

employing a fusion-approach of linking outputs from a process-based 
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hydrodynamic-biophysical model and meteorological data from a global climate model. The 

improvement in model performance is evaluated by determining the improvement in model 

performance with an incremental increase in covariates being added to the framework. Finally, 

we compare the bottom water DO estimates from the geostatistical model to shrimping effort in 

the region to illustrate the advantages of updated framework in studying the impacts of hypoxia 

on aquatic life. 

2. Expand the functionality of spatial-temporal geostatistical model to estimate the thickness 

and volume of hypoxia using bottom water DO estimates. Adopt a novel rank-based 

inverse normal transformation technique to simulate hypoxic thickness representative of 

the thickness observations collected in the region. Assess the inter-annual and intra-

annual trends in volume and thickness and determine the years that were highly effected 

by hypoxia. Identify drivers of summer average and midsummer cruise estimates of 

hypoxic metrics (area, volume, and thickness) in east and west sections of our study area. 

3. Evaluate the efficiency of using decision tree algorithms in predicting the spatial 

distribution of hypoxia on east and west sections of our study area. Determine a model 

response that can accurately capture the inshore-offshore distribution of hypoxia. We 

primarily consider difference between offshore and inshore bottom water DO, and ratio 

between inshore and offshore bottom water DO as potential response variables. 

Furthermore, we compare the accuracies of two common ensemble approaches, bagging 

and boosting, to determine the best option for our current use case. While the rest of the 

models in this project focus on estimating past conditions in the Gulf, this model is 

capable of predicting and forecasting the response of the system to varying riverine and 

weather conditions. 

 

Output from the developed models will be synthesized and made available for open access 

through NC State University NGOMEX website. The variety and temporal resolution of data 

available from each of these models will be discussed in their respective chapters. 

 

 

  

https://www.site.google.com/view/ngomex-ncsu
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SI-1: Comparison of windspeeds from Buoys and POWER 

 
Figure S1. Comparison of wind speeds from POWER (GCM) and Buoy data (left) and histogram 

of difference between Buoy and GCM data (right). Figures on top are data collected from Buoy 

on the west end of the study area (Sabine Pass, Texas-SRST2). Figures on bottom are data 

collected from Buoy on the east end of the study area (Southwest Pass, Louisiana-BURL1). The 

Buoy data are retrieved from National Data Buoy Center (NDBC) archives.  
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SI-2: Shelf wide wind speeds from POWER and hypoxia extent from ROMS model 

 
Figure S2A. Daily shelfwide wind speeds compared to multi-year averages and hypoxic area obtained from ROMS model from 1985-

1988 
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Figure S2B. Daily shelfwide wind speeds compared to multi-year averages and hypoxic area obtained from ROMS model from 1989-

1992 
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Figure S2C. Daily shelfwide wind speeds compared to multi-year averages and hypoxic area obtained from ROMS model from 1993-

1996 
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Figure S2D. Daily shelfwide wind speeds compared to multi-year averages and hypoxic area obtained from ROMS model from 1997-

2000 
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Figure S2E. Daily shelfwide wind speeds compared to multi-year averages and hypoxic area obtained from ROMS model from 2001-

2004 
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Figure S2F. Daily shelfwide wind speeds compared to multi-year averages and hypoxic area obtained from ROMS model from 2005-

2008 



 

33 

 

 
Figure S2G. Daily shelfwide wind speeds compared to multi-year averages and hypoxic area obtained from ROMS model from 2009-

2012 
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Figure S2H. Daily shelfwide wind speeds compared to multi-year averages and hypoxic area obtained from ROMS model from 2013-

2016 
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Figure S2I. Daily shelfwide wind speeds compared to multi-year averages and hypoxic area obtained from ROMS model from 2017 
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SI-3: Spatial-temporal lag calculation 

Spatial lag (ίȟȟËÍ  ‌z ί ί  

Where Ŭ is spatial anisotropy and syy is the distance between two observations (i and j) along North-

South direction and sxx is the distance between two observations along East-West direction. 

Temporal lag (ti,j, days) = ti - tj 

Where ti and tj are the dates on which observations i and j were collected. 

SI-4: BIC scores and R2 for example variable combinations tested 

Variables Used 
BIC 

score 
R2  

N E D D2 T T2 W28
2 DO' SS -- -- 7872 0.358 

N E D D2 T T2 W21
2 DO' SS -- -- 7873 0.355 

N E D D2 T T2 W28
2 DO' DO'2 SS -- 7874 0.359 

N E D D2 T T2 W28 W28
2 DO' SS -- 7876 0.356 

N E D D2 T T2 W21
2 DO' DO'2 SS -- 7876 0.357 

N E D D2 T T2 W28
2 DO' -- -- -- 7885 0.357 

N E D D2 T T2 W21
2 DO' -- -- -- 7886 0.354 

N E D D2 T T2 DO' SS -- -- -- 7888 0.333 

N E D D2 T T2 W14
2 DO' -- -- -- 7889 0.351 

N E D D2 T T2 DO' -- -- -- -- 7903 0.331 

N E D D2 T T2 W28
2 -- -- -- -- 7991 0.326 

N E D D2 T T2 W21
2 -- -- -- -- 7992 0.325 

N E D D2 T T2 -- -- -- -- -- 8095 0.287 
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SI-5: Yearly intercepts (ɓ, mgL -1) and associated standard errors (ůɓ, mgL -1) from models 

M18, V1, V2 and V3. 

year 
V3 V1 V2 M18 

ɓ ůɓ ɓ ůɓ ɓ ůɓ ɓ ůɓ 

1985 4.25 0.53 4.86 0.54 4.06 0.56 4.84 0.58 

1986 4.13 0.59 4.90 0.59 4.00 0.61 4.97 0.63 

1987 4.12 0.63 5.20 0.61 3.99 0.66 5.35 0.66 

1988 6.14 0.70 7.24 0.69 6.30 0.74 7.69 0.75 

1989 4.35 0.76 5.49 0.76 4.28 0.80 5.72 0.81 

1990 4.32 0.60 5.29 0.59 4.08 0.63 5.30 0.63 

1991 4.60 0.59 5.29 0.60 4.28 0.62 5.16 0.64 

1992 4.74 0.35 5.34 0.34 4.67 0.35 5.42 0.35 

1993 3.64 0.39 4.52 0.37 3.45 0.40 4.55 0.38 

1994 4.33 0.42 5.28 0.39 4.23 0.43 5.41 0.42 

1995 3.56 0.48 4.54 0.46 3.36 0.50 4.60 0.50 

1996 3.83 0.45 4.56 0.45 3.69 0.47 4.62 0.48 

1997 3.50 0.44 4.18 0.44 3.31 0.46 4.15 0.47 

1998 3.78 0.43 5.00 0.37 3.63 0.44 5.17 0.38 

1999 3.97 0.39 4.84 0.36 3.84 0.40 4.94 0.38 

2000 4.96 0.38 5.76 0.36 5.06 0.39 6.08 0.38 

2001 4.48 0.38 5.35 0.35 4.47 0.39 5.57 0.37 

2002 4.26 0.38 5.09 0.36 4.31 0.39 5.37 0.37 

2003 4.52 0.35 5.33 0.33 4.44 0.36 5.47 0.34 

2004 4.02 0.36 4.80 0.34 3.97 0.36 4.95 0.35 

2005 4.04 0.35 4.82 0.33 4.00 0.36 5.00 0.34 

2006 4.82 0.32 5.32 0.31 4.79 0.32 5.41 0.32 

2007 4.36 0.33 5.01 0.32 4.29 0.34 5.11 0.33 

2008 3.51 0.39 4.33 0.37 3.40 0.40 4.44 0.39 

2009 4.67 0.37 5.38 0.36 4.61 0.38 5.51 0.38 

2010 3.70 0.43 4.79 0.39 3.64 0.44 5.01 0.41 

2011 3.64 0.38 4.52 0.35 3.55 0.39 4.67 0.37 

2012 4.39 0.35 5.09 0.34 4.44 0.36 5.32 0.35 

2013 4.28 0.41 5.06 0.40 4.17 0.43 5.16 0.42 

2014 4.43 0.40 5.19 0.39 4.34 0.42 5.30 0.41 

2015 4.53 0.51 5.39 0.51 4.48 0.53 5.56 0.54 

2016 3.77 0.45 4.36 0.45 3.64 0.47 4.38 0.48 

2017 3.47 0.59 4.90 0.54 3.25 0.62 5.04 0.58 
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SI-6: Trend coefficients (ɓᵈ) and associated standard error s (ůɓ) of BIC-selected trend 

variables from all model versions 

Variable 
M18 V1 V2 V3 

ɓ ůɓ ɓ ůɓ ɓ ůɓ ɓ ůɓ 

E -0.605 0.060 -0.559 0.057 -0.487 0.057 -0.453 0.055 

N -0.270 0.057 -0.245 0.055 -0.259 0.054 -0.239 0.053 

D -2.519 0.114 -2.535 0.114 -2.468 0.117 -2.485 0.116 

D2 2.639 0.112 2.657 0.112 2.480 0.113 2.503 0.113 

T 0.131 0.090 0.131 0.084 0.088 0.084 0.089 0.080 

T2 0.482 0.086 0.233 0.091 0.368 0.080 0.172 0.086 

WS28
2 - - 0.412 0.069 - - 0.331 0.066 

DO' - - - - 0.227 0.027 0.218 0.027 

SS - - - - -0.142 0.030 -0.139 0.030 

 

 
Fig S6: Temporal trend between BWDO and day of the year (centered on August 1st, day 0).  

Note that this is just one component of the deterministic trend function (xɓ) and geostatistical 

model (eq 1); other factors such as wind speed and ROMS DO also inform temporal variability. 

 

-0.5

0

0.5

1

1.5

2

-100 -80 -60 -40 -20 0 20 40 60 80

C
h

a
n

g
e

 i
n

 B
W

D
O

 (
m

g
/L

)

Day of the year (days)

M18 V1 V2 V3



 

39 

 

SI-7: Geostatistical covariance function parameters ⱭⱠ (nugget), ⱭⱢ (partial sill), ⱭⱠ ⱭⱢ  

(total sill), Ŭ (spatial anisotropy ratio, east-west to north-south), a (spatial range 

parameter), b and (temporal range parameter) of all model versions.  

Parameters M18 V1 V2 V3 

„  (mg2 L-2) 0.49 0.49 0.50 0.49 

„   (mg2 L-2) 2.57 2.44 2.34 2.26 

„ „  (mg2 L-2) 3.06 2.93 2.84 2.76 

a (km) 63.54 58.63 57.92 54.89 

b (days) 8.92 8.37 8.34 7.91 

Ŭ 2.26 2.26 2.21 2.21 
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SI-8: Daily estimates of hypoxia from models M18, V1, V2, and V3 for years 1985-2017 

 

 
Figure S8A. Daily estimates (at 3-day intervals) of hypoxic extent and their 95% CI (confidence intervals) across the summer for 

1985-1988 
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Figure S8B. Daily estimates (at 3-day intervals) of hypoxic extent and their 95% CI (confidence intervals) across the summer for 

1989-1992 
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Figure S8C. Daily estimates (at 3-day intervals) of hypoxic extent and their 95% CI (confidence intervals) across the summer for 

1993-1996 
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Figure S8D. Daily estimates (at 3-day intervals) of hypoxic extent and their 95% CI (confidence intervals) across the summer for 

1997-2000 
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Figure S8E. Daily estimates (at 3-day intervals) of hypoxic extent and their 95% CI (confidence intervals) across the summer for 

2001-2004 
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Figure S8F. Daily estimates (at 3-day intervals) of hypoxic extent and their 95% CI (confidence intervals) across the summer for 

2005-2008 
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Figure S8G. Daily estimates (at 3-day intervals) of hypoxic extent and their 95% CI (confidence intervals) across the summer for 

2009-2012 
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Figure S8H. Daily estimates (at 3-day intervals) of hypoxic extent and their 95% CI (confidence intervals) across the summer for 

2013-2016 
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Figure S8I. Daily estimates (at 3-day intervals) of hypoxic extent and their 95% CI (confidence intervals) across the summer for 2017 
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SI-9: Coefficient of variations (Cv) of daily hypoxic area from each month of all models  

Month M18 V1 V2 V3 

May 0.725 0.547 0.632 0.506 

June 0.470 0.414 0.437 0.396 

July 0.299 0.288 0.289 0.282 

August 0.423 0.409 0.401 0.391 

September 0.649 0.577 0.582 0.530 

 

 
Figure S9A. Difference in Cv between V3 and M18 compared to number of observation events 

categorized by months 
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SI-10: Comparisons of estimates and coefficients of variations of summer aggregates from 

V3 to M18 

 

 

 

 

  

 

 

Figure S10. Changes in estimated values and uncertainty of 30-day maximum and summer 

average hypoxic extent from V3 compared to estimates from M18  

(Change = {V3 ï M18}/M18) 
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Abstract 

Hypoxia is a major environmental issue plaguing the commercially and ecologically important 

coastal waters of the Northern Gulf of Mexico. Several modeling studies have explored this 

phenomenon, but primarily focus on the areal extent of the mid-summer hypoxic zone. Research 

into the variability and drivers of hypoxic volume and thickness is also important in evaluating the 

seasonal progression of hypoxia and its impact on coastal resources. In this study, we compile data 

from multiple monitoring programs and develop a geospatial model capable of estimating hypoxic 

thickness and volume across the summer season. We adopt a space-time geostatistical framework 

and introduce a rank-based inverse normal transformation to simulate more realistic distributions 

of hypoxic layer thickness. Our findings indicate that, on average, there is a seasonal lag in peak 

hypoxic volume and thickness compared to hypoxic area. We assess long-term trends in different 

hypoxia metrics (area, thickness, and volume), and while most metrics did not exhibit significant 

trends, mid-summer hypoxic thickness is found to have increased at a rate of 5.9 cm/year (p<0.05) 

over the past three decades. In addition, spring nitrogen load is found to be the major driver of all 

hypoxia metrics, when considered along with other riverine inputs and meteorological factors in 

multiple regression models. Hypoxic volume, which was also often influenced by east-west wind 

velocities, was found to be more predictable than hypoxic thickness.  

Keywords: Hypoxia; Gulf of Mexico; Space-time geostatistical model; Monte-Carlo Simulations; 

Regression Analysis. 
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Introduction   

 
Increases in anthropogenic nutrient loading have led to a rise in the number of coastal 

hypoxic zones (a.k.a. dead zones) across the world (Smith, 2003; Fennel & Testa, 2019), 

threatening coastal ecosystems and fisheries (Roman et al., 2019; Rose et al., 2019).  One of the 

largest coastal hypoxic zones forms each summer on the Louisiana-Texas shelf of the northern 

Gulf of Mexico. The primary driver of this dead zone is nitrogen loadings from Mississippi River 

Basin (Goolsby, 1999), which stimulates organic production that eventually sinks and results in 

bottom-water oxygen depletion through microbial decomposition (Rabalais et al., 1999). Physical 

conditions, such as water column stratification, are also a prerequisite for hypoxia formation (Stow 

et al., 2005; Feng et al., 2014), and climate change is expected to exacerbate hypoxia over time 

(Lehrter et al., 2017; Del Giudice et al., 2020).  Observations of Gulf hypoxia date back as early 

as 1970, but regular monitoring started in the 1980s (Rabalais et al., 2001). The Mississippi 

River/Gulf of Mexico Watershed Nutrient Task Force was formed to implement measures to 

control nutrient loading and reduce the size of hypoxic zone to 5000 km2 by the end of 2015, which 

was later extended to 2035, as the original objective remains unrealized (Hypoxia Task Force, 

2017).  

Over the last several decades, several organizations have conducted monitoring cruises to 

assess the extent of hypoxia and its ecological effects. Data from monitoring programs are used in 

developing models capable of estimating hypoxic area (Obenour et al., 2013; Matli et al., 2018), 

which are in turn used in calibrating forecast models (Scavia et al., 2017; Del Giudice et al., 2020; 

Li et al., 2023) and assessing fisheries-related impacts (Smith et al., 2017). However, hypoxic 

volume and thickness are also potentially important from an ecological and fisheries perspective 

(Scavia et al., 2019). Pelagic and demersal fish are affected by hypoxic volume, as they must move 
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laterally or vertically to avoid the hypoxic layer (Hazen et al., 2009; Zhang et al., 2009). Therefore, 

estimates of hypoxic volume, in conjunction with hypoxic area, are needed to characterize the 

severity of hypoxia and help inform management efforts. 

Hypoxic volume is more commonly considered in other aquatic systems, such as 

Chesapeake Bay (Murphy et al., 2010; Bever et al., 2013) and the Baltic Sea (Meier et al., 2011; 

Lehmann et al., 2014). Hypoxic volume in Chesapeake Bay has been estimated using universal 

kriging and other spatial interpolation methods (Chehata et al., 2007; Murphy et al., 2010; Zhou 

et al., 2014). In the Baltic Sea, which is approximately 30 times bigger than Chesapeake Bay, 

coarser spatial and temporal sampling (Wulff & Ulanowicz, 1989; Conley et al., 2011) has limited 

the applicability of geostatistical methods (Krapf et al., 2022). Additionally, most geostatistical 

studies are limited to interpolation through kriging. Kriging provides a smoothed interpolation 

surface, while conditional realizations (i.e., spatial Monte Carlo simulations) are needed to reliably 

characterize overall measures of hypoxia (e.g., area and volume) and quantify uncertainties (Chiles 

and Delfiner, 2009; Zhou et al., 2014).   

Hypoxic volume in the Gulf of Mexico remains relatively uncharacterized. Obenour et al., 

(2013) developed a geostatistical model for estimating hypoxic volume based on dissolved oxygen 

(DO) measurements from Louisiana University Marine Consortium (LUMCON) midsummer 

shelfwide cruises, and Scavia et al., (2013) incorporated these estimates into a parsimonious 

hypoxia forecasting model. However, these models are limited to predicting hypoxic volume at 

the time of the LUMCON cruise, typically in late July. Additionally, Obenour et al., (2013) 

modeled hypoxic fraction (HF, i.e., thickness of hypoxic bottom layer divided by total water 

column depth) as a Gaussian random field, which is typical of geostatistical modeling, but does 

not fully address the highly skewed and bounded nature of actual hypoxic thickness observations. 
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Fennel et al., (2016) developed a hydrodynamic-biogeochemical model capable of predicting 

hypoxic volume across the summer, but results have only been systematically compared to 

midsummer estimates (Obenour et al., 2013). Thus, there remains the need for data-driven 

estimates of hypoxic volume across the summer season, as intra-seasonal variability is important 

for assessing fisheries and ecosystem health (Scavia et al., 2019; Matli et al., 2020).  

This study advances previous hypoxic volume estimation techniques (e.g., Obenour et al., 

2013) in two substantial ways. First, it applies a space-time geostatistical framework (Matli et al., 

2018) to observations of hypoxic layer thickness from multiple monitoring organizations to 

provide estimates of hypoxic volume across the summer season. Second, it investigates a rank-

based inverse-normal transformation to address the skewed and bounded data distribution of HF. 

Through conditional realizations, the model is used to probabilistically estimate the volume and 

thickness of hypoxia across the Gulf hypoxia region from May through September (1985-2018). 

We also explore trends in area, volume, and thickness of hypoxia. This includes the development 

of regression models to compare the predictability and key drivers of the different hypoxic metrics. 

Methods  

 
2.1. Data and domain 

DO data are derived from the monitoring programs described by Matli et al., (2018; 2020), as 

available through NOAA's National Centers for Environmental Information (NCEI). Compared to 

Matli et al., (2020), we add monitoring cruises conducted by LUMCON (2015, 2017, and 2018) 

and the South East Area Monitoring and Assessment Program (SEAMAP) (2018, 2019) (SI-1). 

The total dataset comprises 7939 sampling events collected from 186 monitoring cruises. While 

Matli et al., (2020) focused only on bottom-water dissolved oxygen (BWDO), this study requires 

the entire vertical DO profile to determine the bottom-layer hypoxic thickness, and events that do 
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not span the entire water column are filtered out (4.5% of sampling events). Hypoxia is primarily 

a bottom-water phenomenon, and observations with HF>0.75 (only nine events) may result from 

measurement error or ephemeral biological and hydrodynamic conditions that result in high levels 

of near-surface respiration (Rabalais, 1999; Hull et al., 2008). Thus, we cap these ñoutlierò 

observations at 0.75. The overall dataset includes 2823 observations of HF greater than zero 

(histograms provided in SI-2). Our study area is bounded by 94.605-89.512° W longitude, 28.219-

29.717° N latitude, and 3-75 m depths, and divided into a 5x5 km grid for estimation purposes. 

The DO profiles were collected using handheld or rosette-mounted samplers (Obenour et al., 

2013). In general, rosette-mounted samples did not sample the sea floor to avoid damaging the 

sampling rig. A correction factor was applied to account for this bias, similar to Obenour et al., 

(2013), as described in SI-3.  

2.2. Model Formulation 

Geostatistical models perform optimally when the response variable can be represented as a 

stationary Gaussian process (Chiles and Delfiner, 1999; Gnieting et al., 2006). Obenour et al., 

(2013) proposed modeling HF, rather than thickness, to partially address this issue (hypoxic 

thickness tends to increase with depth). However, HF values remain right skewed (SI-2) and so in 

this study we transform HF using a rank-based inverse-normal transformation (INT) via Blomôs 

function (Blom, 1958). Rank-based INT converts a continuous variable (with any underlying 

distribution) to a normal distribution by applying a quantile function to observations ranked in 

ascending order. To efficiently back-transform to the original scale, we apply a piecewise quadratic 

regression. The coefficients and breakpoints of this regression are estimated by minimizing the 

mean square error when fit to observations at equal intervals along the transformed scale (Fig. 1). 
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Figure 1. Original versus inverse-normal transformed (INT) values of hypoxic fraction (HF 

versus HFt).  The piecewise-quadratic function is used for back-transformation. Solid red circles 

indicate the breakpoints in this function. 

A space-time geostatistical model can be conceptualized as follows using transformed HF (HFt) 

as the response variable (Eq (1)): 

(&  ‘  –  ‐       Eq (1) 

where ɛ is the deterministic component (trend in mean) and ɖ and Ů are stochastic components. 

Here, ɛ is a linear model with trend variables (covariates) and variable intercepts (categorical 

variable), with the latter accounting for interannual variability. Covariates include linear or 

quadratic trends with northing (N), easting (E), depth (D), day-of-year (T), and BWDO. Variable 

selection using a geostatistical adaptation of the Bayesian Information Criterion (BIC) is 

performed to avoid over-parameterization (Obenour et al., 2012). The full system of linear 

equations for the space-time geostatistical model are provided in Matli et al., (2018). 

The variability around the deterministic component is resolved into correlated and uncorrelated 

stochasticity. Uncorrelated stochasticity (Ů) represents environmental microvariability or sampling 

error. Correlated stochasticity (ɖ) accounts for transient spatial and temporal patterns in the data.  
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The covariance Q between sampling events i and j, separated by distance sij and time lag tij, is 

modeled using a non-separable, space-time covariance function with exponential form (Eq (2)) 

(Matli et al., 2018): 

ὗ ίȟὸ  

„  „  ȟ ί  ὸ π

„  ÅØÐ   

       

ȟί  έὶ ὸ   π
   Eq (2) 

where ůŮ
2 represents the correlated variance (partial sill) and ůɖ

2 represents uncorrelated variance 

(nugget) in HFt.  Parameters a (km) and b (days) correspond to approximately one third of the 

spatial and temporal correlation ranges, respectively. Note that north-south distances are scaled by 

an anisotropy ratio, Ŭ (see Results). Covariance function parameters are estimated using restricted 

maximum likelihood (Gelfand et al., 2010) to account for the selected trend variables, as outlined 

in Matli et al., (2018). 

The fitted covariance function is used to generate unconditional realizations of HFt, which are then 

conditioned to the observed data and covariate trends (Chiles and Delfiner, 1999; Matli et al., 

2018). These conditional realizations (CRs) account for uncertainty in the covariate trends as well 

as the stochastic components of the model. CRs of BWDO (Matli et al., 2018) are also required, 

as BWDO is one of the deterministic covariates for HFt. Moreover, simulations of hypoxic 

thickness are only appropriate at locations that experience hypoxia (BWDO < 2 mg/L). Thus, we 

adopt the two-step procedure developed by Obenour et al., (2013), where for each CR of BWDO, 

we first identify the locations that are hypoxic and then perform a CR of HFt over these locations. 

This procedure is repeated 1000 times, and the simulations of HFt are back-transformed to HF and 

then multiplied by depth to get hypoxic thickness.  Next, thickness values are aggregated across 

the estimation grid to determine hypoxic volume. Results from the 1000 CRs are used to calculate 

the mean and 95% confidence intervals of these estimates. This process is repeated at a 3-day 



 

59 

 

interval from May to September for 1985-2019. Estimates of hypoxic area, volume, and thickness 

are highlighted for the LUMCON midsummer cruises (MC) and as summer averages (SA, June-

August). To calculate SA hypoxia metrics, we used simulations of area, volume, and thickness for 

all estimation dates between June and August to determine the mean. For 95% confidence intervals 

of SA estimates, we summed variances using the properties of correlated random variables 

(Kottegoda and Rosso, 2008), where correlations among 3-day interval estimates for each year 

were calculated used lagged correlation coefficients. The geostatistical model was developed in 

MATLAB, and R was used for processing and visualizing model results (R core team, 2022; The 

Mathworks Inc., 2022). 

2.3. Model verification 

The INT is not commonly used in geostatistical modeling and has never (to our knowledge) been 

used in hypoxia modeling. To investigate the efficacy of this transformation, we compare its ability 

to produce realistic simulations of hypoxia on four different quadrants of the study area, divided 

by the 20-m isobath into shallow and deep regions and by the outlet of Atchafalaya River into east 

and west sections. For each quadrant, we compare the distribution of simulated hypoxic thickness 

(with and without the INT) to that of the observations.  

2.4. Regression analysis of hypoxia metrics 

The MC and SA estimates are used as response variables in multiple linear regressions 

with available hydro-meteorological drivers. For SA, we only use estimates from 1992-2015, 

which is a continuous period that includes multiple shelfwide cruises in each year, consistent with 

Del Giudice et al., 2020. Candidate predictor variables were motivated by previous studies (e.g., 

Del Giudice et al., 2020) and include aggregations of nutrient loading over winter and spring 

seasons (Casey, 2021), river flows in summer (USACE, 2022), east-west wind velocities over 
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spring and summer seasons, and wind stress around the time of prediction (NOAA, 2022). For MC 

models, ñspringò refers to April-June and ñsummerò refers to July, as the LUMCON MC typically 

takes place in late July. For SA models, ñspringò generously refers to April-July and ñsummerò 

refers to June-August.  For both MC and SA, winter refers to November-March.  Finally, wind 

stress (represented by wind speed squared) was determined as a 14-day weighted average (weights 

linearly declining backward in time from the cruise mid date) when predicting MC hypoxia 

(Obenour et al., 2015), or as a June-August average when predicting SA hypoxia. We also tested 

for interactions between westerlies and nitrogen loads at spring and summer seasonal scales. 

We developed regressions for hypoxia metrics aggregated across the entire Louisiana-

Texas shelf study area, and across east and west shelf sections, divided at the Atchafalaya River 

outfall. For east and west sections, we used inputs from the Mississippi and Atchafalaya Rivers, 

respectively, and for shelfwide metrics we used their summation. Conventional BIC was used in 

an exhaustive search for variable selection to prevent overfitting (Faraway, 2004). We used mean 

hypoxia estimates in the variable selection process. However, we used 100 samples of the hypoxia 

metrics (i.e., from the CRs) to determine the average variance explained (R2) in each case.  

Results and Discussion 

 
3.1. Geospatial trends and stochasticity  

The BIC-selected trend variables (Table 1) and annual intercepts (Table S4a) explain 30.1% of the 

spatio-temporal variance in transformed HF. The trend with northing indicates that for every 100 

km further north, HF (back-transformed) decreases by 0.08 (relative to a baseline, average HF of 

0.21). The quadratic trend with depth indicates that HF is at a maximum at 14 m of depth (all else 

being equal), and the quadratic trend with BWDO indicates that HF is greatest when BWDO is 

zero and gradually declines as BWDO increases (Figure S4a). The combined trends indicate that 
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the highest HFs are typically at mid-depth regions on the eastern shelf (Figure S5b). Annual 

intercepts account for additional year-to-year variability in HFt (beyond the effect of BWDO) and 

have a range of 1.51 HFt from the lowest year (1988) to the highest year (2016), indicating a range 

of about 0.26 for untransformed HF.  

Trends in the BWDO model also influence patterns in hypoxic layer thickness. BWDO trends are 

the same as those described in Matli et al., (2018), though the coefficients (Table 1) changed 

slightly (less than 10%) due to the inclusion of new data for 2017-2019. Notably, the BWDO trend 

model includes a quadratic, intra-annual temporal trend, indicating that hypoxia typically peaks in 

mid-July. There is also a negative trend with easting indicating BWDO decreases closer to 

Mississippi river outflow (Figure S5b).  

The stochastic components of the geostatistical model explain variability not captured by the 

deterministic trends. About half (50.4%) of this remaining variability is spatially correlated within 

ranges of 69 and 43 km along the east-west and north-south axes (accounting for anisotropy) and 

temporally correlated within a lag 12 days. The other half of the stochasticity (49.6%) can be 

attributed to sampling error and environmental microvariability (nugget). This is a relatively large 

nugget compared to the BWDO model (SI-4) and suggests that estimates of hypoxic volume will 

be more uncertain than area. 
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Table 1. Trend coefficients (ɓ) and associated standard errors (ůɓ) of BIC selected variables for 

HFt and BWDO model 

Covariate 

HFt (unitless) BWDO (mg/L) 

ɓ ůɓ ɓ ůɓ 

E (km) -- -- -0.0044 0.0004 

N (km) -0.0059 0.0011 -0.0086 0.0015 

D (m) 0.0074 0.0072 -0.2620 0.0109 

D2 (m2) -0.0003 0.0001 0.0055 0.0002 

T (day) -- -- 0.0042 0.0026 

T2 (day2) -- -- 0.0003 0.0000 

BWDO2 (mg2/L2) -0.4017 0.0145 n.a. n.a. 

 

Note: Units of trend coefficients (ɓ) of HFt model are 1/unit of covariate, and BWDO model are 

mg/L per unit of covariate. 

3.2.Conditional realizations and hypoxia metrics 

The mean of simulated hypoxic thickness values (from CRs) can be mapped across the study area.  

Hypoxia in 2008 was relatively severe, especially in July (Figure 2, left panels), when compared 

to the long-term average (Figure 2, right panels). Also shown are the regions where there is at least 

a 50% probability of hypoxia occurring. Across our multi-decadal study period, approximately 

12% of estimation locations have a greater than 50% chance of experiencing hypoxia in July and 

August, compared to only 8% in June. The most consistent and severe hypoxia is on the eastern 

shelf, closer to the Mississippi River outfall.  
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 Figure 2. Mean of simulated bottom water hypoxic thickness on 15 June, 15 July, and 15 August 

in the relatively severe year of 2008 (left) and across years (right). The regions outlined in red 

indicate a greater than 50% probability of being hypoxic (based on the BWDO model).  

Using the CRs, we determine mean and 95% confidence intervals for shelfwide hypoxic area and 

volume across each summer from 1985-2019 (Fig 3 and SI-6). In 2003, for example, hypoxia was 

unusually mild, with a peak volume only about a third that of 2008. The years 2005 and 2008 

highlight the inter- and intra-annual variability in hypoxia. There was a relatively late peak in 

hypoxia in 2005, while in 2008 hypoxia likely peaked in early July. The average thickness of the 

hypoxic bottom-layer was typically around 3 to 5 meters, with relatively low values in 2003. The 
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95% estimation intervals are fairly wide, in general, but are more constrained in periods of 

relatively intensive sampling and when hypoxia is less severe (Fig 3). 

 

Figure 3. Shelfwide hypoxic area, volume, and thickness versus time, with 95% confidence 

intervals for area and volume estimates. Number of observations through time are overlaid as black 

dots and the total number is reported below the date. Note that thickness values are averaged over 

hypoxic locations only. 

Throughout the study period, hypoxic area and volume exhibited similar intra-seasonal patterns 

(Fig. 3). Based on results for years with at least two shelfwide cruises, hypoxic area reached its 

annual estimated peak in May, June, July, August, and September in 0, 3, 15, 6, and 0 years, 

respectively. For volume, the corresponding results are 0, 2, 11, 10, and 1 years, respectively, 

indicating that peak volume tends to lag peak area, at least on average. Of course, the results for 

any given date have substantial uncertainty (see 95% intervals, Fig 3), but taken together, these 
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results suggest both patterns as well as aberrations in the seasonal progression of hypoxic area and 

volume. 

Previous process-based modeling research has also estimated the seasonal progression of hypoxia 

in specific years (e.g., 2005 and 2006; Fennel et al., 2016), which can be compared to our results. 

In general, process-based simulations suggest more small-scale temporal variability than our 

estimates. In the geostatistical model, temporal microvariability is reflected in the wide 95% 

estimation intervals. Simulations of volume from the Regional Ocean Modelling System (ROMS) 

and Finite Volume Community Ocean Model (FVCOM) indicate that hypoxic volume peaked in 

August and September of 2005 and 2006, respectively. For 2005, the estimates of peak volume 

from FVCOM were similar to our estimates (within 10%), but predictions from ROMS were 

approximately 40% higher, though within our 95% intervals. For August and September 2006, 

predictions from both FVCOM and ROMS were at least 100% higher than our estimates and 

outside of our 95% intervals. Importantly, our geostatistical estimates are informed by monitoring 

cruises conducted in August and September of 2006 (Fig. 3), reducing their uncertainty. For 

another process-based model, the Navy Coastal Ocean Model (NCOM), peak hypoxic volume 

simulations in 2005 (Fennel et al., 2016) were at least 50% lower than our estimates and outside 

our 95% intervals. NCOM simulations for 2006, however, compare well to estimates from our 

model with a similar peak volume and temporal evolution. Considering these examples, there is 

often substantial disagreement between hypoxic volume estimates from different process-based 

models, and our geostatistical estimates provide an important line of evidence that could help guide 

future improvements to hydrodynamic-biogeochemical modeling.  
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3.3. Model verification  

Simulations (i.e., CRs) of hypoxic thickness can be compared to the original observations 

to help ensure that they are realistic (Fig 4). At the same time, we do not expect simulations to 

perfectly mirror the observational distributions, as many of the monitoring cruises are biased 

toward areas and times of intense hypoxia (e.g., LUMCON mid-summer cruises specifically target 

the hypoxic zone) or specific regions of the shelf (Louisiana Department of Wildlife and Fisheries 

targets near-shore, eastern regions). In general, 20-55% of observations tend to be hypoxic 

depending on the region of the shelf (see bar charts of HT>0 in Fig 4). The intensity of hypoxia 

decreases to the west and further offshore, away from the influence of the Mississippi and 

Atchafalaya River outfalls, as expected based on previous studies (Rabalais et al., 2007; Fennel et 

al., 2013). CRs tend to have a somewhat lower percent occurrence of HT>0 (~15-35%, Fig 4) than 

observations, consistent with expectations, since the model is not biased toward times and 

locations of intense hypoxia. 

The distribution of HT varies substantially across different portions of the shelf (Fig 4, SI-

7). In the shallow regions (<20 m), most observations and simulations of HT are less than 5 m, 

while in the deeper regions, around half of HT values exceed 5 m. Comparisons between east and 

west suggest fewer differences, although the east section appears to have more frequent 

occurrences of hypoxic thicknesses exceeding 5 m. While all results show substantial right-skew, 

the CRs in the deep regions exhibit more variance than the observations, while in the shallow 

regions they exhibit less variance.  

For comparison, we also present results based on a geostatistical model developed without 

the INT of HF. Without this transformation, many HF values are simulated as negative (and treated 

as zero) even though BWDO is simulated as hypoxic (below 2 mg/L).  This is apparent in the 
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substantial reduction in percent HT>0 for the model without the INT (dashed lines in Fig 4 bar 

plots). With the transformation, simulations of zero HT in hypoxic waters are avoided, and the 

occurrence rate of HT>0 is more realistic. Moreover, omitting the INT produces distributions of 

hypoxic thickness with a negative bias and too little variance, particularly in shallower shelf 

regions (Fig 4, dashed curves). On the other hand, in the deeper sections, the INT tends to result 

in distributions with a positive bias and more variance, such that there is not an improvement in 

the distributions of hypoxic thickness for deeper locations.    

Overall, the model with INT provides more realistic simulations of HF and thickness 

relative to the standard Gaussian geostatistical model. Without the INT, the model appears to 

under-simulate occurrences of HT>0 across the entire study area, and it has a negative bias in the 

shallow shelf sections, where hypoxia is most common.  Over the entire shelf, the model without 

INT under-simulates occurrences of HT>0 by 61% relative to the observations, and it under-

simulates mean HT (across the entire study area) by 61% relative to observations (0.57 m vs. 1.48 

m).  At the same time, the model with INT simulates HT>0 at a rate of 30% across June-August, 

and results in an overall average hypoxic thickness of 1.03 m, more comparable to the observations 

(SI-7). 
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Figure 4. Probability density distributions of observed hypoxic thickness and geostatistical 

simulations (i.e., conditional realizations, CRs) of hypoxic thickness across four sections of our 

study area (June-August). The deep-shallow divide is the 20-m isobath. The inset bar plots show 

the percent of simulations results in HT>0 versus corresponding percent of observations. Dashed 

lines show results for a model developed without using the inverse normal transformation (INT). 

3.4. Comparison of hypoxic area, volume, and thickness 

To help characterize interannual variability, we present the June-August summer average 

(SA) of hypoxic area, volume, and thickness (Fig. 5). We also report these hypoxia metrics at the 

time of the LUMCON midsummer cruise (MC) for consistency with previous studies (e.g., 

Obenour et al., 2013). For 2016 and 2019, it is important to note that data were only available from 
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SEAMAP, which conducts monitoring in late June and early July over limited portions of the study 

area, often before hypoxia peaks. Geostatistical estimates of SA hypoxia for these years have 

excessive uncertainty and are unusually large (Fig. 5), indicating that the geostatistical model is 

unable to constrain estimation uncertainties without the benefit of more detailed (e.g., LUMCON) 

cruises collected closer to the period of peak hypoxia (late July and August).  Thus, 2016 and 2019 

are omitted from the following correlation and trend analyses. 

Our MC estimates can be compared to those of Obenour et al., (2013), which did not 

include the INT. For the common period (1985-2011), correlations (r2) of our new volume and 

thickness estimates with the previous MC estimates are 0.85 and 0.76, respectively.  The hypoxic 

area correlation is much higher (0.96) since the INT only affects thickness and volume estimation. 

On average, our new MC estimates of volume are 11% higher than the results from Obenour et al., 

(2013), but differences in estimates from individual years range from -21% to 81%. The highest 

change in volume (81%) was for 2000, which was a year of unusually mild hypoxia, so this 

increase translated to an absolute change of only 12 km3. The years most likely to have maximum 

and minimum MC hypoxic volumes (2008 and 1988, respectively) remain unchanged. However, 

the confidence intervals in volume estimates from the current model are 36% wider compared to 

the MC estimates from Obenour et al., (2013), comparable to a 30% increase in uncertainty in area 

estimates from Matli et al., (2018). The model structure used in Obenour et al., (2013) did not 

include the temporal aspects of the observations collected in a given cruise, which is similar to 

assuming that all observations in a cruise are collected at the same time. Our space-time model 

considers shelfwide cruises more realistically as multiday events. Because not all samples are 

collected on the estimation date (the middle of the cruise period), temporal stochasticity adds to 

the estimation uncertainty.  
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Additionally, we compare correlations among the various hypoxia metrics generated in this 

study (Fig 5). Area and volume are most correlated with each other, with r2 values of 0.83 and 0.90 

for MC and SA estimates, respectively. For thickness and volume, correlations drop to 0.32 and 

0.46 for MC and SA, respectively. Finally, hypoxic area and thickness were least correlated, with 

r2 values of 0.06 and 0.23 for MC and SA estimates, respectively. The correlations among SA 

estimates are consistently higher than the correlations between MC, potentially because MC 

estimates reflect short-term meteorological variability that influences the structure of hypoxia, 

while SA estimates tend to average out these fluctuations. Overall, these results suggest that most 

of the variability in hypoxic volume can be attributed to changes in hypoxic area.  At the same 

time, variability in hypoxic thickness, which is only modestly correlated to area, is also important.  

MC and SA estimates were also analyzed for significant long-term temporal trends. To 

account for estimation uncertainty, we took 1000 samples from the distributions of the hypoxia 

estimates (CRs). The trends from 1000 samples and the associated level of significance (p-value 

from two-sided test) are averaged to determine the overall significance level of trends in MC 

hypoxia metrics. Consistent with results from Matli et al., (2018), there is no significant temporal 

trend in estimates of hypoxic area or volume (p-val>0.1). However, MC thickness estimates appear 

to be increasing at a rate of 5.9 cm/yr (p-val<0.05), while SA thickness is increasing at a rate of 

4.4 cm/yr (p-val<0.05). These results are generally consistent with Obenour et al., (2013), who 

found a significant trend in hypoxic layer thickness (6.9 cm/yr) modeling only MC data through 

2011.  

In addition to LUMCON MC estimates, there are estimates from other shelfwide 

monitoring programs in 26 of the 33 years considered. The estimate associated with one (or more) 

of these other cruises was higher than the MC estimate in 11, 18, and 20 years for area, volume, 
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and thickness, respectively (Fig. 5, red dots). In these years, the MC estimate was exceeded, on 

average, by 46%, 52%, and 25% for area, volume, and thickness, respectively. This, along with 

the substantial intra-seasonal variability in hypoxia (e.g., Fig. 3) demonstrate that MC estimates 

are not always representative of hypoxic severity for a given year.  
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Figure 5. Estimates of hypoxic volume, thickness, and area for summer average conditions (SA), 

LUMCON midsummer cruise (MC), and maximum shelfwide cruise (when different from MC), 

along with trend lines for SA and MC (left panels); correlations among estimates of area, 

volume, and thickness (right panels). Note that 2016 and 2019 estimates (hollow circles) are 

based on limited data and not included in right panels and subsequent analyses. 
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3.5. Drivers of hypoxic area, volume, and thickness 

Much of the research on Gulf hypoxia focuses on how riverine inputs influence hypoxic 

area, as this is the metric that traditionally drives watershed management policies (Scavia et al., 

2017). However, hypoxic volume and thickness also play an important ecological role and remain 

relatively unexplored in the Gulf (Breitburg, 2002; Scavia et al., 2019). Here, we provide a 

comparison of the predictability of hypoxic area, volume, and thickness based on various loading 

and meteorological inputs that have been considered in previous modeling studies (e.g., Del 

Giudice et al., 2020).  

Results show that inter-annual variability in hypoxia metrics (1992-2015) can be explained 

to varying degrees across different shelf sections, with R2 values ranging from 0.07-0.56 (Table 

2). In general, volume estimates are less predictable than area estimates (26% lower R2, on 

average), and thickness estimates are less predictable than both area (65% lower R2, on average) 

and volume estimates. Across all three hypoxia metrics, MC estimates are more predictable than 

SA estimates. All selected predictor variables are significant at a 95% confidence level (p-

val<0.05).  
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Table 2: Regression fit (R2) and coefficients for BIC-selected variables for models of hypoxic area 

(A), volume (V), and average thickness (T) across the entire shelf (i.e., shelfwide, SW), and east 

(E) and west (W) of the Atchafalaya River outfall. Models were developed for both midsummer 

LUMCON cruise (MC) and summer-average (SA) estimates. Asterisks denote an interaction 

between spring nitrogen (N) loads and spring westerly wind velocity for E MC volume (with a 

coefficient of 0.18). Model intercepts provided in SI-9. 

Metric Region Period R2 

Candidate Variables 

year 
spring 

N loads 
(Gg/mo) 

summer 
westerly 

(m/s) 

spring 
westerly 

(m/s) 

winter N 
loads 

(Gg/mo) 

windspeed 
squared 
(m2/s2) 

summer 
flows 
(m3/s) 

A  
(103 
km2) 

SW 
MC 0.46  0.085  -3.22    

SA 0.41  0.047   0.09   

E 
MC 0.56  0.041 0.57   -0.07  

SA 0.39     0.03  0.11 

W 
MC 0.47  0.194 -1.98 -3.20    

SA 0.43  0.143 -2.68  0.31   

V  
(km3) 

SW 
MC 0.36  0.601      

SA 0.26  0.437      

E 
MC 0.55  0.571* 3.27 -13.8*  -0.34  

SA 0.24  0.202      

W 
MC 0.34  0.979 -6.65 -15.2    

SA 0.19  0.971      

T  
(m) 

SW 
MC 0.28 0.04 0.013 0.28     

SA 0.10  0.007      

E 
MC 0.21      -0.04 0.10 

SA 0.09  0.011      

W 
MC 0.14 0.05   -0.57    

SA 0.07  0.020      

 

Consistent with most research conducted in the Gulf region (Scavia et al., 2004; Rabalais 

et al., 2007), spring nitrogen load from the Mississippi River Basin is found to be the primary 

driver of hypoxic area, volume, and thickness. Winter nitrogen load is also found to be a significant 

predictor of SA hypoxic area estimates, consistent with Del Giudice et al., (2020), but it is not 

selected in models for volume and thickness. Summer flows, which are expected to increase the 

density gradient and slow the reaeration of bottom waters, were selected as significant predictors 
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in just two of the models. Year is selected in two models of hypoxic thickness, confirming a 

positive temporal trend that is independent of nutrient loading.   

Wind velocities are also expected to influence the formation, propagation, and persistence 

of hypoxia. The associations between east-west wind velocities (westerlies are positive) and 

hypoxia metrics remained consistent within the different shelf sections. Wind variables are mostly 

selected in models for MC estimates but appear to have limited relevance for predicting SA 

estimates, perhaps because meteorological variability tends to be averaged out over longer time 

periods. Wind shear (weighted wind speed squared over two weeks preceding the mid date of the 

MC) was also occasionally selected, likely because it disrupts stratification, allowing for reaeration 

of the water column (Turner et al., 2008).  

Summer winds have varied influence depending on the section being considered. For 

hypoxic area and volume, summer westerlies promote hypoxia on the eastern section, but tend to 

reduce it on the western section. This is consistent with previous research (Feng et al., 2014; 

Laurent et al., 2018) showing that upwelling (westerly) winds in June-July lead to a higher 

likelihood of hypoxia on the eastern shelf but reduce hypoxia on the western shelf. For thickness, 

however, summer winds are only predictive of shelfwide estimates (not east or west section 

estimates), indicating they lead to thicker hypoxic layers. This may be a result of a rise in the 

pycnocline along the coast in response to upwelling circulation patterns (OôDonnell, 2010). 

In the spring, easterly wind patterns (i.e., negative east-west winds) prevail on the Gulf 

shelf. Strong spring easterlies are associated with increased MC hypoxia estimates on the western 

shelf (and also the entire shelf, for hypoxic area). Additionally, an interaction between spring 

nitrogen loads and spring winds is selected for MC hypoxic volume on the eastern section. Overall, 

this interaction indicates that increasing easterly winds reduce hypoxia on the eastern shelf, 
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opposite to the effect for the western shelf (Fig 6). The interaction also suggests that nutrient 

loading becomes more influential on the eastern shelf when easterlies are weak (Fig 6, varying 

slopes). Weak easterlies likely result in an increased availability of nutrients in the delta region 

between Mississippi-Atchafalaya River outlets (Walker et al., 2005). Other studies conducted in 

the region found similar effects of east-west winds on formation of hypoxia (Feng et al., 2014; 

Obenour et al., 2015; Zhang et al., 2012).   

   

Figure 6. Influence of interaction between spring nitrogen (N) load and spring east-west wind 

velocity (different line colors) for the models of MC hypoxic volume. 

Limitations  

The geostatistical model developed in the current study uses spatio-temporal data collected at 

irregular cadence and limited spatial coverage to provide continuous estimates of hypoxic volume 

and thickness across the summer in the Gulf of Mexico region. While these estimates provide new 

insights to the propagation and distribution of hypoxia in the region, the model has certain 

limitations. The accuracy of geostatistical models is highly dependent on the quality and 

availability of data at regular intervals. Data availability at irregular cadence limits the models 

ability to constraint uncertainty in estimated values during early and late summer months with 
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minimal monitoring efforts. Additionally, the model structure makes it difficult to capture the 

influences of changes in hydrodynamic-meteorological factors on the estimated values. Future 

work in improving this model can focus on incorporating covariates that capture short term 

changes in system conditions, like the fusion approach employed in Matli et al., 2020. 

Furthermore, the regression analysis on hypoxia metrics is also preliminary with limited scope and 

could benefit from a more rigorous study considering additional riverine and meteorological 

inputs.  

Conclusions 

 
Through the current study, we have developed a geostatistical model capable of estimating 

thickness and volume of coastal hypoxia across the summer based on the limited observations of 

various monitoring programs. Transforming HF values to a more Gaussian distribution (i.e., using 

INT) within the geostatistical model resulted in more realistic simulations of hypoxic layer 

thickness across our study area, based on comparisons with observational distributions. However, 

years with no midsummer cruises (2016, 2019) result in excessive estimation uncertainty, 

highlighting the need for reliable monitoring mid-to-late summer, when hypoxia is typically most 

severe. At the same time, estimates for years with multiple cruises are more constrained and 

suggest the need for improvements to hydrodynamic-biogeochemical models, like ROMS, 

FVCOM, and NCOM, which may not always provide realistic simulations, especially toward the 

end of the summer season. Overall, the intra-seasonal variability and uncertainty in hypoxia 

estimates reinforces the need for frequent hypoxia monitoring (Rabalais et al., 2007). 

Long-term trend analyses corroborate the results from Matli et al., (2018) and Obenour et al., 

(2018), indicating no significant trends in hypoxic area or volume since 1985, but suggest an 

increase in hypoxic layer thickness. This temporal trend also appeared in some multiple linear 
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regressions for hypoxic thickness, indicating it exists independent of seasonal nutrient loading. 

Assessing the cause of this increasing trend is beyond the scope of this study, but will hopefully 

stimulate further research, as it may be related to changes in physical properties (i.e., changes in 

pycnocline depth), or changes in the nature of oxygen demands over time (Turner et al., 2008). 

Multiple linear regression analysis based on common hypoxia predictor variables, found spring 

nitrogen loads from the Mississippi River Basin to be the primary driver of hypoxia across all shelf 

regions and metrics (area, volume, thickness). However, the analysis shows that volume and 

(especially) thickness are harder to predict than hypoxic area. These results, along with low 

correlations between hypoxic area and thickness over time, emphasize the need for considering 

multiple metrics in hypoxia management. Most research in the Gulf region has focused on 

evaluating the effects of changing BWDO conditions and hypoxic area on fish and shrimp catch 

rates. The availability of spatially and temporally resolved estimates of hypoxic thickness from 

this study can further enhance our understanding of hypoxia effects on aquatic life in the Gulf.  
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SI ï 1: Summary of monitoring data used in model development. 

Most of the data used in this work were initially collected as a part of study conducted by Matli 

et al., (2018). Additional data were added to this initial dataset as made available through NCEI 

(NOAA, 2018; NOAA, 2019; Rabalais, 2019; Rabalais, 2020a; Rabalais, 2020b). Furthermore, 

data from SEAMAP cruise 1992 were removed due to data integrity issues. 

Table S1. Summary of available data 

Source Number of Observations Start Date End Date Mean Date 

LUMCON 61 7/15/1985 7/20/1985 7/17/1985 

LUMCON 67 7/7/1986 7/17/1986 7/11/1986 

LUMCON 60 7/1/1987 7/5/1987 7/2/1987 

LUMCON 42 8/12/1988 8/16/1988 8/13/1988 

LUMCON 37 8/4/1989 8/9/1989 8/6/1989 

LUMCON 54 7/23/1990 7/27/1990 7/24/1990 

LUMCON 69 7/16/1991 7/20/1991 7/17/1991 

NECOP 36 5/5/1992 5/13/1992 5/8/1992 

NECOP 65 5/14/1992 5/20/1992 5/17/1992 

SEAMAP 43 6/28/1992 7/7/1992 7/3/1992 

LUMCON 71 7/24/1992 7/29/1992 7/25/1992 

NECOP 80 7/2/1993 7/12/1993 7/6/1993 

LUMCON 83 7/24/1993 7/30/1993 7/26/1993 

SEAMAP 92 7/4/1994 7/18/1994 7/11/1994 

LUMCON 79 7/24/1994 7/29/1994 7/26/1994 

SEAMAP 85 7/6/1995 7/18/1995 7/13/1995 

LUMCON 75 7/21/1995 7/26/1995 7/23/1995 

SEAMAP 92 7/3/1996 7/16/1996 7/10/1996 

LUMCON 78 7/23/1996 7/28/1996 7/25/1996 

SEAMAP 80 6/30/1997 7/13/1997 7/6/1997 

LUMCON 82 7/23/1997 7/29/1997 7/25/1997 

LUMCONT 9 5/12/1998 5/12/1998 5/12/1998 

LDWF 7 5/12/1998 5/12/1998 5/12/1998 

LDWF 4 5/27/1998 5/27/1998 5/27/1998 

LUMCONT 12 6/9/1998 6/10/1998 6/9/1998 

LDWF 13 6/23/1998 6/23/1998 6/23/1998 

SEAMAP 76 7/1/1998 7/16/1998 7/10/1998 

LDWF 6 7/14/1998 7/14/1998 7/14/1998 

LDWF 12 7/21/1998 7/21/1998 7/21/1998 

LUMCON 84 7/16/1998 7/26/1998 7/22/1998 

LDWF 13 8/18/1998 8/18/1998 8/18/1998 

LUMCONT 10 8/11/1998 8/19/1998 8/18/1998 

LDWF 17 8/25/1998 8/25/1998 8/25/1998 

LUMCONT 9 9/22/1998 9/22/1998 9/22/1998 

LDWF 12 9/22/1998 9/22/1998 9/22/1998 

LUMCONT 9 5/4/1999 5/4/1999 5/4/1999 

LDWF 14 5/18/1999 5/18/1999 5/18/1999 

LDWF 10 5/25/1999 5/25/1999 5/25/1999 

LDWF 18 6/3/1999 6/3/1999 6/3/1999 

LUMCONT 10 6/3/1999 6/9/1999 6/8/1999 

LDWF 10 6/17/1999 6/30/1999 6/19/1999 

SEAMAP 87 7/4/1999 7/20/1999 7/14/1999 

LUMCON 85 7/23/1999 7/30/1999 7/25/1999 

LDWF 14 7/29/1999 7/29/1999 7/29/1999 

LDWF 19 8/5/1999 8/5/1999 8/5/1999 
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Source Number of Observations Start Date End Date Mean Date 

LUMCONT 9 8/24/1999 8/24/1999 8/24/1999 

LDWF 13 8/31/1999 8/31/1999 8/31/1999 

LDWF 14 9/9/1999 9/9/1999 9/9/1999 

LUMCONT 10 9/7/1999 9/14/1999 9/13/1999 

LUMCONT 3 5/8/2000 5/15/2000 5/10/2000 

LUMCONT 8 5/15/2000 5/15/2000 5/15/2000 

LDWF 17 5/22/2000 5/22/2000 5/22/2000 

LUMCONT 2 6/2/2000 6/2/2000 6/2/2000 

LUMCONT 9 6/14/2000 6/14/2000 6/14/2000 

LDWF 15 6/15/2000 6/15/2000 6/15/2000 

LDWF 14 6/27/2000 6/27/2000 6/27/2000 

LUMCONT 10 7/5/2000 7/10/2000 7/7/2000 

LDWF 19 7/10/2000 7/10/2000 7/10/2000 

SEAMAP 84 7/3/2000 7/19/2000 7/12/2000 

LUMCON 72 7/22/2000 7/27/2000 7/23/2000 

LDWF 14 7/25/2000 7/25/2000 7/25/2000 

LDWF 17 8/9/2000 8/9/2000 8/9/2000 

LUMCONT 9 8/15/2000 8/15/2000 8/15/2000 

LUMCONT 2 8/18/2000 8/18/2000 8/18/2000 

LDWF 10 8/30/2000 8/30/2000 8/30/2000 

LUMCONT 9 9/13/2000 9/13/2000 9/13/2000 

LUMCONT 16 5/7/2001 5/8/2001 5/7/2001 

LDWF 11 5/11/2001 5/11/2001 5/11/2001 

LDWF 13 6/18/2001 6/18/2001 6/18/2001 

LUMCONT 11 6/18/2001 6/19/2001 6/18/2001 

SEAMAP 66 6/13/2001 7/25/2001 7/10/2001 

LDWF 7 7/6/2001 7/11/2001 7/10/2001 

LUMCON 93 7/20/2001 7/26/2001 7/22/2001 

LDWF 12 8/8/2001 8/8/2001 8/8/2001 

LUMCONT 10 8/15/2001 8/23/2001 8/15/2001 

LUMCONT 2 9/6/2001 9/6/2001 9/6/2001 

LUMCONT 19 9/17/2001 9/24/2001 9/18/2001 

LUMCONT 10 5/7/2002 5/26/2002 5/8/2002 

LUMCONT 19 6/8/2002 6/12/2002 6/11/2002 

SEAMAP 94 6/28/2002 7/17/2002 7/9/2002 

LUMCON 91 7/20/2002 7/26/2002 7/23/2002 

LUMCONT 17 8/7/2002 8/14/2002 8/13/2002 

LUMCONT 15 8/26/2002 8/29/2002 8/27/2002 

LUMCONT 9 9/20/2002 9/20/2002 9/20/2002 

LUMCONT 17 5/13/2003 5/14/2003 5/13/2003 

LUMCONT 3 6/4/2003 6/9/2003 6/5/2003 

EPA 41 6/12/2003 6/19/2003 6/15/2003 

LUMCONT 10 6/16/2003 6/16/2003 6/16/2003 

SEAMAP 53 7/3/2003 7/28/2003 7/14/2003 

LUMCON 92 7/23/2003 7/28/2003 7/25/2003 

UMCES 19 7/30/2003 8/4/2003 8/2/2003 

LUMCONT 8 8/14/2003 8/15/2003 8/14/2003 

LUMCONT 10 8/22/2003 8/22/2003 8/22/2003 

LUMCONT 9 9/9/2003 9/9/2003 9/9/2003 

TAMU 37 9/13/2003 9/16/2003 9/14/2003 

LUMCONT 2 5/5/2004 5/5/2004 5/5/2004 

LUMCONT 9 5/13/2004 5/13/2004 5/13/2004 

LUMCONT 2 6/6/2004 6/6/2004 6/6/2004 

LUMCONT 16 6/15/2004 6/16/2004 6/15/2004 

TAMU 60 6/26/2004 7/1/2004 6/28/2004 
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Source Number of Observations Start Date End Date Mean Date 

SEAMAP 96 6/28/2004 7/14/2004 7/8/2004 

LUMCON 84 7/21/2004 7/26/2004 7/23/2004 

UMCES 15 7/28/2004 8/1/2004 7/30/2004 

LUMCONT 9 8/19/2004 8/19/2004 8/19/2004 

TAMU 64 8/20/2004 8/26/2004 8/23/2004 

LUMCONT 18 8/30/2004 9/9/2004 9/8/2004 

LUMCONT 9 5/11/2005 5/11/2005 5/11/2005 

TAMU 102 5/20/2005 5/26/2005 5/23/2005 

LUMCONT 16 6/2/2005 6/3/2005 6/2/2005 

TAMU 76 7/8/2005 7/14/2005 7/11/2005 

SEAMAP 41 7/4/2005 7/16/2005 7/12/2005 

LUMCON 81 7/25/2005 7/30/2005 7/26/2005 

SEAMAP 34 7/28/2005 7/31/2005 7/29/2005 

LUMCONT 16 8/16/2005 8/18/2005 8/16/2005 

TAMU 126 8/18/2005 8/24/2005 8/21/2005 

LUMCONT 9 9/7/2005 9/7/2005 9/7/2005 

LUMCONT 41 9/28/2005 9/30/2005 9/28/2005 

LUMCONT 9 5/26/2006 5/27/2006 5/26/2006 

LUMCONT 4 6/6/2006 6/6/2006 6/6/2006 

EPA 121 6/6/2006 6/18/2006 6/11/2006 

LUMCONT 17 6/26/2006 6/27/2006 6/26/2006 

SEAMAP 94 6/29/2006 7/16/2006 7/10/2006 

LUMCON 87 7/21/2006 7/27/2006 7/24/2006 

UMCES 40 8/4/2006 8/13/2006 8/9/2006 

LUMCONT 8 9/11/2006 9/11/2006 9/11/2006 

EPA 127 9/6/2006 9/18/2006 9/11/2006 

EPA 83 5/1/2007 5/7/2007 5/4/2007 

LUMCONT 16 5/12/2007 5/13/2007 5/12/2007 

LUMCONT 9 6/6/2007 6/6/2007 6/6/2007 

TAMU 63 7/17/2007 7/20/2007 7/18/2007 

SEAMAP 66 6/25/2007 8/3/2007 7/22/2007 

LUMCON 94 7/22/2007 7/28/2007 7/24/2007 

UMCES 60 7/30/2007 8/7/2007 8/3/2007 

LUMCONT 9 8/15/2007 8/15/2007 8/15/2007 

EPA 130 8/19/2007 8/31/2007 8/23/2007 

TAMU 74 9/6/2007 9/10/2007 9/7/2007 

LUMCONT 16 9/11/2007 9/12/2007 9/11/2007 

LUMCONT 9 5/12/2008 5/13/2008 5/12/2008 

LUMCONT 16 6/11/2008 6/13/2008 6/11/2008 

SEAMAP 102 6/29/2008 7/16/2008 7/9/2008 

TAMU 72 7/17/2008 7/20/2008 7/18/2008 

LUMCON 89 7/21/2008 7/28/2008 7/24/2008 

UMCES 73 8/1/2008 8/12/2008 8/7/2008 

LUMCONT 4 8/15/2008 8/15/2008 8/15/2008 

LUMCONT 9 5/26/2009 5/29/2009 5/26/2009 

LUMCONT 8 6/12/2009 6/12/2009 6/12/2009 

SEAMAP 167 6/23/2009 7/15/2009 7/5/2009 

LUMCON 93 7/18/2009 7/23/2009 7/20/2009 

TAMU 29 7/28/2009 7/31/2009 7/29/2009 

LUMCONT 16 8/10/2009 8/11/2009 8/10/2009 

LUMCONT 2 8/24/2009 8/25/2009 8/24/2009 

LUMCONT 7 9/21/2009 9/21/2009 9/21/2009 

SEAMAP 77 7/13/2010 8/2/2010 7/24/2010 

LUMCON 90 7/25/2010 7/31/2010 7/28/2010 

UMCES 30 9/2/2010 9/7/2010 9/4/2010 
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Source Number of Observations Start Date End Date Mean Date 

LUMCONT 15 5/16/2011 5/30/2011 5/23/2011 

LUMCONT 15 6/17/2011 6/18/2011 6/17/2011 

TAMU 48 6/24/2011 6/28/2011 6/26/2011 

SEAMAP 95 7/2/2011 7/16/2011 7/10/2011 

LUMCON 89 7/24/2011 7/30/2011 7/26/2011 

LUMCONT 7 8/22/2011 8/23/2011 8/22/2011 

LUMCONT 15 5/1/2012 5/2/2012 5/1/2012 

TAMU 46 6/11/2012 6/15/2012 6/13/2012 

LUMCONT 15 6/16/2012 6/17/2012 6/16/2012 

SEAMAP 76 6/16/2012 6/29/2012 6/23/2012 

LUMCON 66 7/22/2012 7/27/2012 7/24/2012 

TAMU 49 8/16/2012 8/20/2012 8/17/2012 

LUMCONT 10 8/16/2012 8/22/2012 8/21/2012 

SEAMAP 66 6/16/2013 6/30/2013 6/22/2013 

LUMCON 99 7/21/2013 7/28/2013 7/24/2013 

LUMCONT 1 5/26/2014 5/26/2014 5/26/2014 

SEAMAP 119 6/17/2014 7/5/2014 6/27/2014 

LUMCON 85 7/27/2014 8/2/2014 7/30/2014 

SEAMAP 94 6/17/2015 7/5/2015 6/27/2015 

SEAMAP 138 6/16/2016 7/3/2016 6/25/2016 

SEAMAP 70 6/16/2017 7/01/2017 6/25/2017 

LUMCON 90 7/23/2017 7/29/2017 7/26/2017 

SEAMAP 79 6/20/2018 7/25/2018 7/05/2018 

LUMCON 79 7/23/2018 7/27/2018 7/25/2018 

SEAMAP 78 6/14/2019 7/03/2019 6/23/2019 

 

Reference: 

 

1. Matli, V. R. R., Fang, S., Guinness, J., Rabalais, N. N., Craig, J. K., & Obenour, D. R. 

(2018). Space-time geostatistical assessment of hypoxia in the northern Gulf of 

Mexico. Environmental science & technology, 52(21), 12484-12493. 

2. NOAA National Marine Fisheries Service; NOAA National Centers for Environmental 

Information (2019). Water temperature, salinity, dissolved oxygen, and other 

measurements from CTD taken from NOAA Ship Oregon II in the Gulf of Mexico from 

2019-06-09 to 2019-07-18 as part of the Southeast Area Monitoring and Assessment 

Program (SEAMAP) (NCEI Accession 0193188). NOAA National Centers for 

Environmental Information. Dataset. 

https://www.ncei.noaa.gov/archive/accession/0193188. Accessed [07/06/2020]. 
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3. NOAA, National Marine Fisheries Service; US DOC, NOAA, NESDIS, National Centers 

for Environmental Information (2018). Water temperature, salinity, dissolved oxygen, 

and other measurements from CTD taken from NOAA Ship Oregon II in the Gulf of 

Mexico from 2018-06-10 to 2018-07-19 as part of the Southeast Area Monitoring and 

Assessment Program (SEAMAP) (NCEI Accession 0174810). NOAA National Centers 

for Environmental Information. Dataset. 

https://www.ncei.noaa.gov/archive/accession/0174810. Accessed [07/06/2020]. 

4. Rabalais, Nancy (2019). Water temperature, salinity, and other physical, chemical, and 

biological parameters taken by CTD and multi parameter water quality sonde on board of 

research vessel Pelican on the Texas-Louisiana continental shelf, Gulf of Mexico from 

2015-06-23 to 2015-12-09 (NCEI Accession 0205844). NOAA National Centers for 

Environmental Information. Dataset. https://doi.org/10.25921/rgcz-5338. Accessed 

[07/06/2020]. 

5. Rabalais, Nancy (2020a). Physical (hydrography), chemical (CTD), and biological (water 

quality) processes of the Texas-Louisiana continental shelf, 2017 (NCEI Accession 

0208325). [indicate subset used]. NOAA National Centers for Environmental 

Information. Dataset. https://accession.nodc.noaa.gov/0208325. Accessed [07/06/2020] 

6. Rabalais, Nancy (2020b). Physical (hydrography), chemical (CTD), and biological (water 

quality) processes of the Texas-Louisiana continental shelf, 2018 (NCEI Accession 

0219157). [indicate subset used]. NOAA National Centers for Environmental 

Information. Dataset. https://www.ncei.noaa.gov/archive/accession/0219157. Accessed 

[07/06/2020]. 
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SI ï 2: Histograms of observed hypoxic thickness and fraction  

 
Figure S2. Histograms of hypoxic thickness (top left), hypoxic fraction (top right), log-transformed hypoxic fraction (bottom left), and 

INT transformed hypoxic fraction (bottom right) 
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SI ï 3: Instrument bias adjustment 

Our monitoring data come from various instruments and organizations. While a majority of 

cruises use rosette-mounted DO samplers, there are a significant number of samples collected 

using handheld instruments. The difference between these methods is the depth to which the DO 

measurements are typically collected. Handheld samplers are versatile and capable of collecting 

samples at the sea floor. Rosette-mounted samplers, however, are on large rigs with other 

sensors. To avoid damage, rosette-mounted samplers do not sample all the way to the sea floor.  

To address the bias associated with Rosette sampling, a correction factor was determined from 

sampling events that used both rosette and handheld sensors in parallel. Observations sampled 

using both instruments were first divided into two categories based on the difference in BWDO 

collected using both the sensors. The first category comprises of observations with the difference 

in BWDO values between both the instruments less than 2 times the standard deviation of 

uncorrelated stochasticity (square root of nugget of the geostatistical model). The second group 

comprise of all the remaining observations of BWDO (where the difference is greater than 2 

times the square root of nugget). These groups (1 and 2) constitute 88.9% and 11.1% of the 

observed data, respectively. 

Groups one and two are modelled using equations (1) and (2) respectively. A more detailed 

procedure of determining these equations is described in Obenour et al., (2013). Samples from 

rosette-only sensor are corrected using Eq. (1) at 88.9% and Eq. (2) at 11.1% probability 

(corresponding to the probabilities in the observed data, noted above). All rosette-only measures 

of HF are corrected using Eq. (3). These correction factors are derived from Obenour et al., 

2013.   

BWDOAdj = 0.973 × BWDORosette + ‭    ééééééé..éé.Eq (1) 

BWDOAdj = U(0,[BWDORosette ï 2(„)]) ééé....éé...Eq (2) 

HTAdj = 0.82 + HTRosette + ‭, where ‭ ~ N(0,0.36) ééé..éé..Eq (3) 

The preceding equations are based on the rosette-mounted sampler reaching about 1 meter from 

the sea floor. However, there was evidence that a small portion of sampling events missed the 

sea floor by a larger margin.  This can potentially result of a faulty depth sensor or operator error. 

Cruises were identified to be faulty if they meet all of the following three criteria: (a) shelfwide 

cruise with more than 10 samples; (b) more than 10% of the events are under-sampled; (c) the 

mean difference between maximum instrument depth and ocean depth is greater than 3 meters 

across all samples. Ocean depth corresponding to samples is determined by overlaying sample 

locations with bathymetry raster from digital elevation models generated using coastal relief 

model (National Geophysical Data Ceter, 2001). Sampling events are considered to be under-

sampled if the difference between ocean depth and instrument depth is greater than or equal to 5 

meters in shallow regions (ocean depth<=15 meters), or if the instrument did not reach to the 

bottom fifth of the water column in deep regions (ocean depth>15 meters). There were four 

cruises that required this additional bias correction (2 NECOP cruises in May 1992, 1 NECOP 

cruise in July 1993, and 1 SEAMAP cruise in July 1994), in addition to half of the observations 

from the LUMCON cruise in 1991 (Obenour et al., 2013). For these cruises, BWDO and HT 

(BWDOErCr, HTErCr) were corrected using Eq. (4), (5), and (6). Additional details on the 

development of these equations is provided in Obenour et al., (2013). 

BWDOCruAdj = BWDOErCr × 0.967 ï 0.163 + ‭      ééé...ééEq (4) 

BWDOCruAdj = U(0,[ BWDOErCr ï 2(„ ])   ééé...ééEq (5) 

HTCruAdj = HTErCr + 2.3492 + ‭, where ‭ ~ N(0,0.39)  ééé.é.Eq (6) 
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For BWDO observations that need this additional adjustment, Eq. (4) was applied at a 67.5% 

probability and Eq. (5) was applied at a 32.5% probability (consistent with observed data). 

These correction factors were applied to observations when performing conditional realizations.  

Adjusted HT values were converted to the transformed scale using the equations shown in Fig. 1 

of the manuscript.   

 

Reference: 

 

1. National Geophysical Data Center, 2001. U.S. Coastal Relief Model - Central Gulf of 

Mexico. National Geophysical Data Center, NOAA. doi:10.7289/V54Q7RW0 [access 

date: 07/06/2019].
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SI ï 4: Additional parameters and trends of BWDO and HFt models. 

Table S4a. Annual intercept values for BWDO and HFt models 

Year 
BWDO 

ɓ ůɓ 

1985 5.04 0.58 

1986 5.14 0.64 

1987 5.55 0.67 

1988 7.87 0.75 

1989 5.87 0.82 

1990 5.48 0.64 

1991 5.32 0.65 

1992 5.66 0.35 

1993 4.76 0.38 

1994 5.62 0.42 

1995 4.78 0.50 

1996 4.81 0.48 

1997 4.35 0.47 

1998 5.37 0.38 

1999 5.13 0.38 

2000 6.27 0.38 

2001 5.77 0.37 

2002 5.57 0.37 

2003 5.67 0.34 

2004 5.15 0.35 

2005 5.20 0.34 

2006 5.63 0.32 

2007 5.31 0.33 

2008 4.64 0.39 

2009 5.71 0.38 

2010 5.21 0.41 

2011 4.87 0.37 

2012 5.52 0.35 

2013 5.38 0.43 

2014 5.50 0.41 

2015 5.63 0.41 

2016 4.58 0.49 

2017 4.89 0.43 

2018 5.79 0.44 

2019 4.89 0.51 
 

 Year 
HFt 

ɓ ůɓ 

1985 0.33 0.28 

1986 0.18 0.26 

1987 -0.12 0.28 

1988 -0.46 0.85 

1989 -0.39 0.34 

1990 -0.10 0.26 

1991 -0.04 0.24 

1992 0.03 0.19 

1993 0.30 0.17 

1994 0.27 0.18 

1995 0.44 0.19 

1996 0.67 0.18 

1997 0.44 0.18 

1998 0.18 0.18 

1999 0.60 0.16 

2000 0.62 0.23 

2001 0.44 0.17 

2002 0.18 0.16 

2003 0.11 0.17 

2004 0.46 0.14 

2005 0.36 0.15 

2006 0.27 0.15 

2007 0.42 0.14 

2008 0.35 0.15 

2009 0.58 0.18 

2010 0.10 0.19 

2011 0.43 0.15 

2012 0.45 0.17 

2013 0.62 0.21 

2014 0.25 0.19 

2015 0.67 0.20 

2016 1.05 0.24 

2017 0.63 0.20 

2018 0.64 0.24 

2019 0.78 0.30 
 

Note: The coefficients associated with HFt are unitless because fraction is a unitless value. The 

coefficients associated with BWDO model are (mg/L) 
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Figure S4a. Effects of BIC-selected trend variables on HF (blue dots correspond to observed 

data). 

 

Table S4b. Geostatistical covariance function parameters „ (nugget), „  (partial sill), Ŭ (spatial 

anisotropy ratio), a (spatial range parameter), b (temporal range parameter) for HFt and BWDO 

models. 

Variable ⱭⱠ ⱭⱢ Ŭ a (km) b (days) 

BWDO (mg/L) 0.47 2.58 2.26 64 9 

HFt (unitless) 0.20 0.52 1.62 23 4 

Note: Units of partial sill and nugget are the square of the units of variable being considered. 

Spatial and temporal ranges are approximately three times the associated range parameters.
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SI ï 5: Trend maps of hypoxic fraction and thickness. 

 
Figure S5a. Mapped effects of trends with northing and depth on INT transformed HF (top left), HF (top right) and HT (bottom) in an 

average year. BWDO is assumed constant across the shelf at zero mg/L. 
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Figure S5b. Mapped effects of trends with northing, depth, and BWDO on INT transformed HF (left), HF (center), and HT (right) in 

an average year in months of June, July, and August






























































































