ABSTRACT

MATLI, VENKATA ROHITH REDDY. Estimating androrecasting th&patioTemporal
HypoxiaDynamics in northern Gulf of MexicqUnder the directionf Dr. Daniel R Obenoyr

Hypoxia low dissolved oxyge(DO < 2 mgl?) in water,is amajor environmental issue
affecting the coastal regions of northern Gulf of Mexithere are a wide range of models that
study this issue by estimating and/or forecasting the severity of this prdbtemever, most of
these models eithéocus on limited metricef hypoxiaor do not leverage all available monitoring
data in the regiothereby limiting our understanding of factors driving this phenomernbis
research focuses on addressing these issues by improving the capabilitiesngf exadels and
developing a new model capable of predicting spatial propagation of hypoxia. First, we improved
the performance o&n existing geostatistical model estimating hypoxic area, by integrating
observations of DO frormultiple monitoringorganizationsand simulations from a mechanistic
hydrodynamiebiophysicalmodel studying hypoxia in the regiomhis fusion based approach is
used to estimate hypoxic area across the sumB8emond, we expanded the functionality of
hypoxic area model to estimate thickness and volume of hypWe&integrated a novel rank
based inverse normal transformatiamhin a spatiatemporal 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 alecision tree ensemble capable of predicting the insbftskore
distribution of hypoxia acrossvo sections of our stly area. This is the first time a machine
learningapproacthas beeemployedo 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 amajor environmental concern plaguing water bodies across the world
[Howarth et al.2000. The sources of nutrient pollution can be broadly classified into point and
nonpoint sourcesjoehr, 1974. The primary contributors to point source pollution are municipal
and industrial sewage. Sources of pmint pollution include runoff from urban regions,
livestock shelters, and agricultural field3grpenter et al1998. Runoff from livestock shelters

and agricultural fields are particularly nutrient rich as they include nutrients from animal waste,
feed and fertilizer use. In midventieth century, advances in agricultural engineering led to the
development of fertiliers that were readily available, and significantly improved the growth and
yield of crops Pucketf 1993. 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 Ingestagd1977. Livestock waste also substantial nitrogen and phosphorus
[Steinfeld et al.200§. Increased availability of nutrients from runoff leads to eutrophication
which has adverse effects on aquatiosystems.

One of the major consequences of eutrophication is increased productivity, promoting the growth
of algae Bawyer 1964. 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 algaedch 1997, Anderson et al.2007.

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 hungmte and animal life
[Zurawell et al, 2009. 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
organismsierce et a).2005 Bricelj and Lonsdalgl997, Hodgkiss and Ha1997.

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 oxygenRBalaa)dis and Turngr

2007). 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 oxygenipz and Rosenberg?00d. 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, dipting predatoprey dynamics, influencing reproductive
behavior and irxtreme cases, fish kill®fhl 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 Seanfykowski and Zentard 99Q. In the



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- diation. This
stratification, a result of a strong pycnocline, prevents the bottonm fxaite 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 causghekapeake Bay and Gulf hypoxia are linked to
runoff from agricultural sourceKpmp et al. 2005 Rabalais and Turng001]. In contrast,
hypoxia in the coastal region of Oregon is found to be driven by coastal upwelling, a consequence
of climate changeGrantham et al2004.

Deadzone in the Gulf of Mexico

The Mississippi Ri ver Basin i glertebdenl9®@® Thisd s f o1
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 farmlamder and
Rabalais 2003. This nutrientrich 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 emdfgnowmelt

[Walker et al. 2005. The fresh water is less dense than ocean water already present in the Gulf
and creates a strong pycnoclifRapalais and urner, 200]]. 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 nuritrich 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 uteitar most aquatic life,
usually assumed to be 2 mg/Rdbalais et al.2003, 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 padillarly affected by hypoxia due to the influence of low DO on aquatidiieé

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 de@dz006 sq.

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



being not widespread. Therefore, the plan has been revised over the years and the current
objective is to acheive the reduction by 203%/gjoxia Task Force2017.

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 suppiehgefindings 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 sp&tmporal 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, 2013. Regression models usually make
predictions at coarse spatiainporal resolution. Complex models usebiageochemical
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 scaleSeiinel et a). 2011, Justi'c and Wang2014. Also,

there are some parsimonious mechanistic models providing extent of hypoxic severity using
nutrient loads, meteorological and hydrodynamic inpgbtsayia et a]2013 Obenour et a]2015

Giudice et al.2019. While parsimonious mechanistic models can use Bayesian inference to
guantify 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 gpatjabral geostatigical models
studying Gulf hypoxiaQbenour et al2013 Matli et al, 201§. Geostatistical model developed

by Obenour et al2013leverages data collected by rsdmmer monitoring cruises to provide
probabilistic estimates of DO, hypoxic area, thickness, and volume using spatial Matidst

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

Geostatisticss a branch of spatial statistics that was initially developed to assist with mining
operationsfMatheron 1963. Over the past few decades, however, this methodology has found
applications in the field of agriculturé®ljver, 2013 Bojac’a et a). 2009, epidemiology

[Piel et al, 2013, environmental scienceéSpovaerts et 812008 Saito andGoovaerts2004,
hydrology Western et a].1998 MartinezCob, 1994, and meteorologyHenavides et gl12007,
Goovaerts 1999 Hevesi et al.1993. Other spatial interpolation techniques (inverse distance
weighting, splines, thiessen polygon etc.) use a distbased



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 acekalown 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 theomponent 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
maximumdistance 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 krig@ige$sie 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 sewded stabnarity. In the case of
stationary data, theoretical variogram can be used as is to make interpolations. This procedure is
also known as Ordinary KrigingCfessie 198§. In cases of nostationary data, with varying

mean and variance, the process is not as straightforward. If th&tat@marity in the observed

data is a result of spatial trends, where the mean changes across space systemically, then data can
be modekd as a linear combination of covariates and theoretical variogram. This approach is
commonly known as Universal Krigingimmerman et a).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 splatiapendence 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
ités ability to quantify uncertainty associ at e
in geostatistics can be done using a couple of methbdsedsiest 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 oktlestimated values, Lagrange multipliers can be used to quantify the
uncertainty associated with them. Estimation uncertainty can also be quantified using spatially
consistent Monté€arlo 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



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 helptifdethe extremes of estimated
valuesMatli et al, 2018 and also help in formulating a monitoring plan that can potentially
reduce the uncertainty in future estimatéarig 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 procesdased framework of mechanistic models, enables the stuslystdfm 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 observatiohs parameterize the equations used in the model
framework. Once parameterized, these class of models can be used to predict the spatial
distribution of system characteristickipti’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 structureMattern et al, 2013. Additionally, observations can disagree with
mechanistic model predictions which complicates the model validd&teamEl et a).201§.

Geostatistical models have found increasing applications in the field of water quality assessment
due to their datariven approach, ability to characterize estimation uncertainty, and relatively
lesscomplex model framework. In addition to previously dssed 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.2013 , hypoxia in Chesapeake Bayllirphy 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 reidatli[et al, 2018 does not
consider the influence of hydrodynamic and meteorological inputs on model estimates. The
spatiatltemporal variability of hypoxic thickness within a geostatistical framework also needs
further consideratiorgcavia et aJ.2019.

Decision Trees

Decision trees are a class of macHesning models used for both classification and regression
[Quinlan 1984. 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 regreQsiiohen|

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 prd@atachut and Wehl2011.

There are a number of commonly used decision tree algorithms, and in the current study we use
CART (classification and regression tree) algoritfiRatkowski et al.2014.



The structure of the algorithm makes decision trees easy to understand and idtdpeat nd
Channe 2014. They are known to be highly accurate and capable of handling data without
additional preprocessing{ et al, 2005 Peke] 2020. However, there are some disadvantages
associated with these moddidgimon and Rokac2014. 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 serstrategies 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 de@siomottels by

varying the training data and the features being considered at eactBneideaj) 200]. 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 namber of outliersGhen and Guestrjn

2014. 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 thanngagigsembles in most cases.

To address the limitation with volume of data available for training the model, many studies
employ an upsampling approadkaur et al, 2019. In this technique, the original data is first

split into training and testing datasets at &800r 8020 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 Giieaico 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 spatimporal geostatistical model by intgrating
dynamic covariates in model framework. To enable this, we assessed the possibility of
employing a fusiorapproach of linking outputs from a procdssed



hydrodynamiebiophysical 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 frenténaty,

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 spatitdmporal geostatistical model to estimate the thickness
and volume of hypoxia using bottom water DO estimates. Adopt a novebeemeki
inverse normal transformation technique to simulate hypoxic thickness represesftative
the thickness observations collected in the region. Assess theammgal 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 estiofiates
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 captureitisboreoffshore 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 twarmon 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 thepnse 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 UniversittGOMEX 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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4 ABSTRACT: The need to characterize and track coastal hypoadia has
& led to the development of grostatistical models based on in i
7 obsenations of dissolved cxygen (0 and mechanisfic models based
# on a representation of biophysical processes. To integrate the benefits
% of these two distinct modeling approaches, we develop 2 space—time
w geostatistical famework for synthesizing DO obserafions with
1t hydrodynamic—biogeoche mical model smulations and metecrological
12 time series (as covaristes). This fosion-based approach & used to
uuhmhyyﬂinﬁenmﬂm&ﬁﬁhﬁmm:mmhm
4 1985 to 207, Deterministic trends with dynamic covariates explain
15 owver 35% of the wvariability in 0. Moreover, cross-validation results
18 indicate that 58% of [M0 variahilityis explined when combining thes=
17 trends with spatictemporal interpolafion, which is substantially betier
w than mechanisic or conventional geostifistical hyporia modeling
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1w alone. The fusion-based approach alss reduces hypoxic ares uncertainfies by 11% on average and up to 40% in months with sparse
= sampling. Morcover, our new estimaies of mean summer hypoxic area changed by > 10% in a majority of years, relative to previeus
2 geostatistical estimates. These fusion-based estimates can be 2 valuable resource when asesing the influence of hypoxia on the

 coastal ecosystem

1. INTRODUCTION

nﬂmi!a#mminﬂddﬁd}dw (D)
24 concentrations are insufficient to support most marine life, and
z.pmu-::mﬂuﬂmﬂummiumﬁmmﬂumdm
2 impaired " Hyporia is usmally defined as DO below 2 mg/L,
7 which is an important threshold for many marine q:ﬂ:iu.:'n'he
M main causes d'auvﬂmp-upﬁc]\ﬂn:iaammﬂ nirisnt
# loadings leading to increased omganic matter production and
n decomposifion (eutrophication ), combined with water cdumn
# stratification that inhibits recaygenation of the bottom water
nmhmn‘“&ﬂhﬂ)-micmgjmmnﬂ:mr&mdtou'dﬂd
m wones”, as fish and shellish are forced to move fom thess
# regions to more cxygen-tich waters, or cse persh. In 2008,
% over 245000 kn® of the wordd's coostal waters wene

# to experience hypoxia at warying levels of severity” This
7 numhber has further increased mr'ﬂ'ﬁ:pﬂdﬂﬂdqu
;mmP}ldnﬁlm and a]s;a] Heoms continue to increase
» Some of the largest hypoxic zones in the wodd are found in the
o Black Sea, Baltic Sea, East China Sea, and northern Gulf of
st Mexico”

£ The magnitude of hypoxic zones and their effects on aquatic
4 life have led to the inception of several governmental and
# academic programs that study the causes, extent, and
4 Consequences ud:']'l].'])-ncl:'n.g_“ The ]'ly])-n\:l:ic zone in the

<y ACS Publications L A Cheme S

northern Gulf of Mexico is of particular interest because it is «
ﬂumﬂhmg\utmrﬂtum\uﬁ:dudmhﬂumﬂdmﬂp
because of potential consequences for the egion’s fisheries.”” =
Previoas studies have explored comrelations between annual «
estimates of the hypodc area and fish and shrimp catch @
dﬂh.n_uﬂuﬂmhinm?ﬂn,}mmmp}uimﬂum
need ﬁr]'nciﬂ'bﬂ:!]nﬁu‘bﬂ'np-ura] resolution [0 estimates in @
studying the distrbution, and behavior of fish and @
fisheries." ™" Ak, an acfion phn was formulated in 2001 to 5
implement watershed nuirient controks to reduce the hypoxic
extent to 5000 kn® [uaS}wmvh‘gnﬁag;}lryZ.ﬂl.S.uﬁ
This plan has been revised over the years, and the current goal &
is to achieve the reduction by 2035. Reliable estimates of

temporal coverge because of the time and resources required &
to conduct extensive cruses Spamse monitoring data can &
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& lead to uncertain estimates of hypoxic severity, as DO levels
&4 can vary dynamically across space and time. For example, high
a5 wﬁh&an:htﬁdﬂhhwpn-mqmm au'hdh:\n]:ﬂ] storms
& disrupt water-column stratification, promoting reoxygenation
7 nfﬂubﬂmnmenmﬂtﬂnpnmﬂydi-*]nthghgpmia.__"
s Prior studies have shown that it takes around 2 weels for
& hypodia to re-form on the Lovisiana shelf afier large storm
mﬂuﬂl‘_?b\aﬂcﬁﬁnﬂm:nebﬂnm]nsjn] changes, DO i
7 coastal systems responds to physical and biogeochemical
smes that are influenced by coastal drcubtion pat
7 terns " To address these chal 2 number of statistical
# and process-based models, T aach with distinct advan-
7 tages and kmitations,™" have been developed to assess and
2 predict hypoxia ™
7 Geostatisfical models estimate spatial patterns in environ-
#% mental wariables, such as DO, usng obsermtions from
= monitering programs and cowariates, such & water
w dq.rt]\.'”_"w The grostatistical framework allows for rigorous
& structure of the observations, and aggregated quantities (ic,
o total hypodc area) can be probabilistically estimated using
w4 spatial Monte Cadoe smubtions, often refemred to as
s “conditional realizations """ Whils maost gmmn] models
ﬁfﬂﬂﬂml?ﬁt‘ﬂ]mﬁimjlu ime models
w7 figorously acocount for temporml dynamics as well % 4
w recently developed space—time geostatistical model for the
w northern Gulf amimilates bottom water DO (BWDO) data
w from mu]ti]ie research programs and allows ﬁr]mclnlnluh:
9 estimation of hypoxia across each [ May—September)

ufmml?i&tomlﬁ.'n!humﬂurmdddu!nntmlt
w4 nuirient load, and so forth), and for times and locafions
# where observational data are spame, the uncertainty in
i estimated values is high

w  Mechanistic hypoada models consider riverine and meteoro-
u]cs;iﬂ] inputs using a series of]mu:c-buﬂl equations to
w simulate Ehpi:],diﬂni:],mﬂb&o]ngin] propertics of aquatic
um systems. 7 For these model, development of DO
i predictions is hl-ég:-utdentm'ﬂ'benn&]ahﬂ!tynfpm‘nm
uz obserational data™ Ako, these models can be used to
um evalmate the o ces of manag) t strbegies omn
w4 by pooic !evu:ity.”"ﬁ However, estimates obtained from
% mechanistic models are not always consistent with the available
e observational data® Additionally, there is uncertainty
ur associated with model struc Mpm‘ncbcr estimates, and
us boundary and initial conditions, which can be difficut to
wy characterize, particulady for complex mechanistic models
1o Multiple hydrodynami : ical models have been
i developed to stedy coastal hypoxia, induding the regional
12 eosan modeling system [ROMS ) FHA%

ud  Integrating cutputs from mechanistic modelk within 2
Lusﬂndatilﬁn] framework can account for wvariation in
18 waber quality resulting from biophysical processes. While such
us approaches are not common, Murphy et ol (2010) leveraged 2
u? mechanistic water quality model cutput in 3 geostatistical
uid mode for DO. In ther study, the integrated approach was
us shown to substantially improve the prediciive performance,
1 though esfimates were limited to spatial interpolations at the
1 times of monitoring crises ™ Inte models have also
122 been implemented in the fidds of geology and air quality. For
1z example, Rithaak et al. (2004) developed 2 wniverml kriging
14 model to estimate the subsurfice temperture using limited
mbmﬂtﬂeobmnﬁmumdwt_pﬂ.ﬂ&mamuiﬂ]tﬂnpm

ature model™ Goovaerts et al {2008} used output from a s
process-based atmospheric de position model as 2 covariateina 27
geostatistical model to estimate the dicxin levels ™ However, 14
none of these studis modded the tempoml comeltion e
structure to enable continuows estimation through time. Ha

The primary objective of this study is to assess the efficacy of 11
a qud:ia]—'bu'n]:-clra] Fﬂ\lhfﬂt'l:] framevnrk that integrates in 132
situ obserations of BWDO with temporlly dynamic oa
covariates that are related to hypowia formation. In addition ns
w]mﬁagh'lgmn]mtfmm 2 mechanistic ded,ma]lne:qﬂnu s
the wtility of wind speed, pre cipitation, sea surfice temperature, 14
and sclr imadiance data, which are rebted & Hophysical us
processes mrl:nlhﬁ_'hﬂ:-m (e~ photosynthesis, vertical s
mnm‘lus;,auﬂmm} 'm!mmnﬂﬁmdﬂm@i e
statistical critefionbased varishle selection. [mprovements in w40
])ﬂ!iifﬁ'l! Pu:ﬁnnnmmdﬂ:ﬂ:ﬂlrﬂaﬁwmaluﬂi:uul
grostatistical model without dynamic :in]n:u.'w"[']'he robustness 142
of the im ents are assessed through cross-validation 143
[CV), and the enhanced model is then wed to estimate the w44
hypoxic area (with quantified uncertainty) across each summer 143
from 1985 to 2017 through conditional realiation. Finally, [0 144
and hypoxic arca estimates from this new fision-based w7
approach are compared with previous estimates to help w4a
i our wmderstanding of historic hypoxic varishility in s
the northem Gulf of Mexico ™ o

2. METHODS

2.1. Data. The M0 smpling data used here were described 151
by Matli et 2l [2018).% Briefly, this dataset incdluded 7000 12
observations collected fom 150 mmlciin:l:ins crudses, 2 143
archived in Mational Oceanic and Atmospheric Administation 154
[NOAA) Mational Center for Environment] [nformation s
(MCEL In this study, we also inchuded observations from a 16
2017 monitoring cruise conducted by the Southeast Area w7
Monitoring and Assessment Progmm (SEAMAP)™ and wa
1992— 1984 cruises conducted by Tems AfM University' ' 19
(also awaibble through NCEIL). Observations collected from 150
May to S:]rbutburuf 1985—2017 were used in model w1
development, as hyposia ccows predominantly in summer. w2
Diistances were caloulied using Universal Transverse Mercator 153
Zone 15M, and lethymetry was extracied from a coastal relief 154
model™ Based on the sfmated maximum ]wp-nm: TOTEE 164
extent determined by previous studies, the study area was w6s
limited to 34.605—89 512" W, 28 219-29.717" M, and 3—100 157
m depthe ™™ This area extends from the cutlet of Missisippi s
River t the Bolvar Peninsula, TX. Within this area, model 159
estimates were resolved across 2 5 b :crmcumm?:d. i

Meteorolegical data used in this study were obtained from 171
NASA's Prediction Of Worldwide Energy Resources im:
(POWER) project These data inchede the sudface water 173
temperature, wind speed, precpitation, and solar imadince w4
from atmespheric models doven by stellite ehservations.” 173
These coamse resolution (05° by 05%) data from POWER 14
were resohed to the relatively fine-scale estimation grid of this 17
study using inverse distance weighing ([DW). We note that a
POWER data correlated well with the wind data collected by 170
NOAA buoys in the region [Supporting Information, $1-1). e

Temperature, salinity, and DO predictions from ROMS, a w1
hydrodynamic—bioge ochemical model described in Laurent ot w2
al. (2017), were wed in the curent study (Supperting wa
Information $1-2)"7 The ROMS grid vaties fom 2 finc-scale we
resclution (=1 km ) near the Mississippi and Atchablaya River s
deltas to coarse resolution [ ~20 km) in Grfeld deep ocean ws

oo gy LI 1A
Eroiron. S Tarfwol. 00000, 00N, 2000 -300N
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w7 regions. Water density was determined wing temperature and
1 salinity m.:t_put_'“ The of density stratification was
s computed a5 the mtio of the density difference (surbce to
v bottom) to the water-column depth. This messure of overall
i water-column statification i cm'n]nralﬂ: to the ]:utﬂ'rl:ia]
vz energy anomaly, which has been wed to study Gulf hypoadia
a vl‘l'y'.mcm:ir|:.'l‘W"CI The imegular resolution ROMS output is
154 mapped to the grostatistical estimation grid wsing [DW.

ws 2.2 Geostatistical Modeling Framework. The space—
v Hme Sumhd:i!ﬁuﬂ model resolves the response variable
v [(BWIDHD) as the combination of deterministic and stochastic
1 components (£q 1%

m BWDO=xf4+g4e (1)

an  The deterministic component (4f) & smiar to multiple
ain linear regression (MLR) with covatiates, x, and trend
an cocfficents, J. Math et al. (2018} fund bnear trends with
an respect to easting (E) and northing (N) and quadratic trends
a4 with respect to depth (D) and day-ofyear (T} to be significant
2 in explining the BWDH variability. [n addition to continuous
a6 trends, 2 yearspecific (categorical) wasiable (ic., “annual
ar intercepts”) was incleded to allow for shifls in mean annual
aw BWDML In this study, we considered additional linear and
210 precipitation, solar imadiance, and ROMS [0 and strength of
2 stratification (8gm:). Meteorological variables were considered
21z over mulfiple candidate averaging periods of 1, 2, 3, 7, 14, 21,
214 the data were triangulbrly weighted (ie, linearly declining
215 weights from the prediction dnebﬂmdiniﬁue},mﬁm
6 with previous Gulf hypoxia modding studies™™"

27 The stochastic component (i + £} of the grostatistical
218 model resohves the remaining varability (not exphined by the
29 deterministic component) as the sum of correlted (1) and
0 uncorrelited (£) sichasticity ([ie, wariance). Uncomelated
=z stochasticity & also known as “nugget’, which accounts for
= mndom emors from smpling procedures and environmental
i ] m:il:mwu:'nl)ci]ity:“'“ﬂu stochastic covariance was modeled ax
4 a function of spatial and temporal gy using 3 nonseparable
4 exponential space—time covariance function (=g E}.'W

q*l + g;_l,

::J-I,=f,_|=|:|
Q{‘ur'u]= qlrzxn.{_ ”’_-'14_%' LT
» {x)

mwthhﬂummbﬁummmm!de
= by a spatial by 5, and 2 emporal by f; Parameter 4" is the
o partial sl (ie, comelated stochasticity) and 8k the nugget
mmmqudia]]agsqmdﬁmuiuduinsmuﬁompr
i parameter, i, that accounts for greater comrelation in the east—
e west dimension relative to the north—south dimension
m (Supporting Information S1-3).°"** Finally, a (km) and b
2 [days) are scaling par 3 that comrespond to a pprod mate by
25 one-thind of the spatial and temporal comelation mnge,
% respectively. All covariance mmmeters were estimated using
= restricted maximum Ik elihopd

2.3, Varable Selection. The cumrent l'h.ul'r considered a
0 lage pool of ROMS and meteorological trend variables
20 [Section 21). To avoid overpammeterizing the model, the
24 Bayesian information criterion (BIC) was used to perform an

exhaustive search for all pesmible combinations of the new 242
variables. The set of variables with a minimum BIC, indicating 243
an imal balance between the model fit and imomny, is 44
Pmﬂ“ In this study, BIC was first wﬁwnﬁm
spats al comelation for ¥ efficiency, as in 244
MLEY* Reidualks from the BIC-selected MLE were used to 247
develop a preliminary estimate of the covariance function 244
parameters. Then, varable selection wes repeated us
s\vmﬁ:ﬂ:’uﬁn] BIC, nnuud-e:m'ls :p.'ld:in‘bu'n]nra] comelation. ™ 20
Finally, residuaks from the selected grostatistical model were 201
used to develop a refined estimate of covariance parameters, 252
which are then wed in subsequent modeling. =
Th\m‘hlﬂe:ehcﬁmtpm-nﬂvampﬂdﬁdruihi]ﬂethu!,x;
with different subsets of the candidate trend wvariablss a0
(covariates). Model version V1 explored the ability of 254
meteorclegical wrables from the POWER to ophin 27
wariations in D). V2 evalmted the potential of ROMS output a0
to u:p].tin variations in DM Finally, V3 considered POWER 249
and ROMS warables simultaneously. Al model vemions o
included the spatial and temporl trends selected in Mathi et 21
al. (2018) as 2 baseline, henceforth referred to as M18™ 2
2.4. Model Validation. Maodel ]:-u.'.in:mmne and robust- 253
mlmu!!dﬂﬁm@ahfnﬂﬂ"?wﬁmﬂu dataset 4
was divided inte b groups, abo known as fkold. Each fold s
comprised 100 (or 50%) of the observations from 2 particular 266
monitoring cruise. Each fold was removed from the original =7
dataset, in turns, and the remaining data were used to estimate %4
model pammeters au'u:l]:mrl:ictﬂ'be response varizhle at the s
locations amociated with the removed fold The aggregated zo
predictions were used to evahmte the goodness of fit (eg, =1
coefficient of determination, Rz,ubdrmtmm:qtmeum;rz
REMSE). Foh ]
We performed both Teave-one-crsise-out™ (k = 75) and 24
“leave-half-cruise-out™ [k = 170) CV's to assess the benefits of 3
having concumrent data available (as in the case of leavehalf =6
cruise-out ). For the leave-one -cruise-out validation, we did not =7
remove data for years with only one (or zero) shelfwide cruise, =
uad]uutmmajmrm:h::hnnﬂlﬂdtﬂmlnuﬂyeﬁumﬂuzq
annual intercepts (Section 2.1). Shelfwide crises were defined o
as cruises that collect mmples across the study area, 25 opposed =1
to specific tanseck or nearshore regions For leave-half
cruise-out validation, we mndomly removed half of the =i
obserations from cuises with at least two olservations. We s
abo assessed the advantage of accounting for both =s
deterministic trends and spatiotempora] comelation (g + i) =
relative to wing deterministic trends only (). These metrics =7
])mvidacl Rup]:-m'ting Information in deben'mrm'ls the best s
model vesion. T
2.5, Conditional Realizations. Condifional realimtions =
were used to quantify the uncertainty in ic area estimates =1
from the geostatistical model %% First, BIC-selected m2
wa'hhl:lauﬂmn:hnneimcﬁmt]nm‘bﬂ:mtﬂndmm;
determine 2 unique set of kriging weights (comesponding to 24
the obserations) for each estimation location and each day. =3
Also, unconditional realizations (ie, stfistical simulations) of =4
the res vatiahle were determined using the procedure =7
described in M18 These unconditional realizations were then =4
conditioned to the observed data and trends uh‘gﬂuh‘.ﬁqnq
god locations with BWDMO less than 2 mg /L. were summed to a1
develop realim fions of the total hypoxic extent. This procedure w2
was repeated 1000 times at 2 3 day intenal from May to an
Sqmerd:-er (1985 to 217) to caloulate the mean and ws

dil.arg L1I2] e
Erweiron. Ta Tapdwad, 000000, 300N, 5000000
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Table 1. Geostatistical Trend Coefficients (f) and Associated Standard Erroms () for BIC-Selected Variables and Variance,

As Exphined by the Deterministic Component (R )*

MIE V1 Vi
e o B A I )y a iy g A

E = =44 w 10 4.4 % 107 =41 % 1T* 43 w 1o =314 w1t 43w 10 =313 x 1o 41 x 1™
N =n 81 10 1.7 % 1t =75 x 1t L7kl =7e w7l T3 1o 16 x 1ot
o = =23 1o L1x 1t =14 x 17! Ll ot =23 wior! L1 1t =13 10! 11 x
ot =t 51 1t 12 % 10 AR [ 11k let 47 1Tt 133 1o 48 w10t 13 x 1o
T dhap 4 w1t 32x 00t 46 1ot ET RS T o B B e T 1@ 0 30wt 18 w10t
T day® 15w 1t 4.5 x 1t L3 wxlot A2 w I0T® 0w 1Tt 48w 10 85 x 10t LA
WEs'  (mAF &8 w10t L5 3 1ot A 14 x 10t
Do gL 12 15 L4 107 12 3 10~ 14 w00
S g e’ =71 x 15" 15 1™ S 1ITAn 15 = 10
r 0257 aizs LEE ] Qi

“Reslts are for M1, V1 (FOWER trends ), V2 (R.OMS mrends), and V3 (POWER + ROMS trends). The onits of ff and gy are mg/L ower onits of
dine trend variahl

ithe ©

#% confidence intervals (Cls ) of the hypoxic area. Daily estimates
a6 of hypoxia were also averaged over 2 30 day and 90 day moving
T 'w‘hﬂlnwuingﬂie]n:n:-ﬂdtmfnﬂnwﬂlinﬂmn?

3. FESULTS AND DISCUSSIOM

s 3.1. Deterministic Component The fist iteration of
aw model (V1) considers meteorological warbables (from
am POWER ), and only the of the mean wind speed
a weighted over 28 days (W5,,") is selected based on BIC
a2 (Table 1 and Supporting Information SI-4). A comparison of
i trend coefhicients and the asocdated standard emors shows
a4 that, with the exception of the time of year (T}, all selected
a5 trend variables are significant (p < 0.05). However, T s still
mi included because the higher-order variable (ie, T%) is
a7 significant ™ Owverall, the trends explin 32.6% of the variance
a in BWIND, compared to 28.7% in MI8 (Table 1).%

a9 The coefficients for the selected deterministic trends
xn indicate patemns and suggest drivers of BWDO variabdity
x (Table 1). Negative coefficients associated with easting (E)
xz2 and noathing (M) indicate decreasing BWDO doser to the
1 Mimissippi and Atchafalaya River ocutfalls. The model
x4 quantifies an incresse in BWIDH) with an increase in the
s wind speed, which & to be expected a5 high wind events
nﬁpmnmmcrmlnnnmhirghﬂuﬁrgﬂumﬂﬂhwsnz
1 reduces the coefficient () amociated with T® by a notable
a2 53.6% relative to the M18 model This indicates that the
= temporal trends in M18 were partly accounting for the
a0 seasonality in wind speeds, with lower wind speeds in mid-
] :mqmdmhﬁymﬂﬂcﬁnﬁa“ln&nﬂﬁgﬂumﬂ
ae with wind abso shifts the low point in the quadratic trend with
an time (T and T%) from July 24 (M18) to July 15 (Figure 56),
am indicating that other biophysical factors (25, nutrient loading,
s algal production, tempeture, and 3o on) promote severe
1% hypoxia in mid-July, independent of the effects of wind speed.
a7 The selection of WS4” is consistent with the influence of wind
am strem (2 function of the square of the wind speed) on
am stratification mﬂmm-g:uﬂ:imﬂun

s The second vemion of the geostatistical model (V2)
st considers linear and quadntic trends with ROMS BWDO
s (DY) and strength of statification (8,..) instead of
3 meteorological variables. Both DO and 5., are selected in
w4 this model, increasing the variance explained to 331% (Table
s 1). The coefficient for DO indicates that every 1 mg/L (31.25
wi mmol m™) change in ROMS BWDNO is predictive of 2 0,12
w7 mg/ L. change in observed BWD. Furthermore, the negative

coefficient for S, indicates that as stratification increases, Ma
observed BWDN) decreases further, consistent with the e
:im]:-m‘hu'bn: of stratification in mrm]]:ins; ic varizbil mo
ity ™ & 2509 decrease in the § for T2 is olwerved reltive to 351
M18, as the trends with D0 and §.,, capture a portion of w2
:mﬂ\mhﬂwmmﬂwmmﬂma
with T now has 2 minimum on July 24, simikr to M18. e

The third vemion (V3] considers both the ROMS and ass
POWER. trend variables together, Model selection identifies ys
W', D0, and 5. a5 optimal, exphining 35.8% of the a7
variability in dbserved BWDH, cutperforming V1 and V2, and ua
m])ﬂ:rﬂ:h'lg; a 247% rebtive increase m'n]uu:ﬂl to MIB ae
[Table 1). Furthermore, there is a 64.6% reduction in the o
m&mﬂﬁrﬁmdm“lﬂ,nﬂmﬂﬂmmﬂ 11
seasonal varizbility can now be attributed to the new trend Mz
warizbles (particulady wind, per ¥1). Day-ofyear temporal xa
trends (T and T%) are the lowsst on July 15, as in V1. x4
Hm:;migﬁﬁumtdﬂuminnﬂﬁtﬂﬂ]ﬂrmﬁa
are observed when compared to V1, V2, and M18 (Table 1). w4
In addition, the annual intercepts are similar acrom all model w7
versions for most years, though the uncertainties (ie, standard wa
erooas) in the intercepts are typically lowest in V3 (Supporting we
[11.'Fm1'naﬁm1.ﬂ[-5}. o

For all model versions, ROMS and POWER variables are mu
selected based on an exhaustive search. As there is significant w2
comchtion among some candidate variables, we note that wa
minor changes in variables (i.e, different averaging periods for w4
the same meteorolegical varizble) yidld a similr performance. w3
For eample, in V3, the wind speed weighed over 21 days ws
(instead of 28 days) produces an B of (355, simiar to the B
for the best V3 modd (Supporting Information SI-4). wa
H r, it is thy that the precipitation, sea surface w9
temperture, and solar imadiance are never selected in the top w0
5% of models (based on the BIC score), indicating that these w1
factors are not stong dhivers of intscasonal hypoxic m:z
varizhiity. A

ROMS DO is selected in the V2 and V3 models. However, ms
the  associated with DO° (0.12) indicates limited agreement w3
between ROMS predictions and BWDO deenations. A # of s
1.0 would indicate perfect coherence, but this is not a realistic a7
expectfion. BWDO obsenations are subject o envirenmental wa
microvarizhility, as indicated by the substantial nugget (4,%) 0
component of the model varance (Section 3.2). Furthermore, wo
like all hypoxia models, ROMS & not expected to be a perdfect mu
predictor of BWDO, given the uncertinties in model foocing wz

dici g1 (LT 1
frenion. S Tachwod. 20004, 100X, 2000 -3000
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w and boundary conditions, among other fctors, suwch that it will
4 nat small-scals !pmmunp-m:] variaghility in obsena-
i Hons_ Mﬂ!meﬁmqﬁepﬂﬂemnfﬁgﬁﬁmﬂm
wd with day-of year (T°), wind, and 5. (in model V3) suggest
w7 that there are tempom] patterns in BWDO that could
wu potentially be captured by ROMS through further refinement.
w2 While ROMS DD’ & modetely comelated with BWIDNO
s across our study perod (B* = 0.18), previcus ROMS Gulf
an studies have indicated P-n-'bﬂ'rl:ia] for a higher dictive
am izmmmnammn{mm
44 parameters is determined for each modd version [Supperting
4 Information $1-7). The improved deterministic trends of V1—
Iﬁﬂrﬂl&inu])wallﬂ decrease in the total stochastic
s variance (ie, 4, + a.7) reltive to the MI18 value of 3.1 mg’
an L2 This imp i l as a reduction in the
an partial sill (comrelated stochasticity, a,7), which accounts for
4 spatially and temporally comelated stochasticity. Comelated
41 stochasticity is reduced by up to 12% in V3 relative to M18, as
udmﬁrﬁi:mﬁmn?ﬁa]ampw&ﬂulpﬁa]
43 and temposal patterns in BWDO. Consistent with this
44 improvement, the mnges of spatial and temporl coarrdtions
45 are abo moderately reduced relative to MI18 (Supporting
a6 Information SI1-7). At the mme time, the uncorrelated
a7 stochasticity (nugget o,” ), representing environmental micro-
41 varighility and messurement ermor, is essenfially constant across
4w all model vemions (D5 mg! L, indicafing noise in the
£ temporal trends.

sz 33. Performance Assessment. The model performance
=1 is asmemed 'r]'l:mns}i leave-hal focruise-out and |eave-ome-crise-
w4 out CVs. Here, we compare the pedormance of the
44 geostatistical model using trends only (gf) veous wing trends
= (zf + 17), abo Imown a= mmu:n]h:lgmg.’n Including the
&2 spati poral comelation substinfially improves the model
4 performance (Table 1) demonstating the bencht of the

t % m
=

Table 2. Performance Asessment Metrics (B and RMSE)
for the Leave-One-Cruise-Out and Leave - Half-Cruise-Out
CV, across the Different Mode Versons Consdered in This
Study”

Ly oo ez v oo cfmmee od Lo b on et

¥ (=) OV (=ff + o) CV (= 1)

RMIE RMSE RMSE

madd B egl) B (=) B (e
MIE o3 1530 0113 1734 o5/ 1271
¥l o3 37 D245 1707 057 1251
Vi =B i ] L7 kel 1574 =K o] 1271
3 o7 L7 D252 1553 DL5EL 1253

“Roesalts are shown nsing predicions from deterministic trends only
(%6 and from woniversal considesing both wends and

spatioemporal comelation [2f + ).

40 geostatistical framework. Moreover, the mode] performance is
s substantially better for the leave-half-cruise-out validh fions (B®
an > 05) than the leave-one-cruise-out validations (B® < 03),
su demonstrating the importance of having spatially and
44 temporlly proximate observations for improving the universal
415 kriging skill Finally, when comparing the CV metrics across
4% the different model versions ( Table 2), we see that V3 has

incorporating muliple dynamic cowvariates into the geo- s
statistical muddi:ngfnmm}_ 9
34. Hypmic Area Estimates and Assodated Un- s
certainties. Comparnisons of shelfwide hypoxic area estimates 41
[1985—2017) acros model versions show that results from V3 sz
substantially vary fom MI8 in some years (Figures 1 and ssan
S80C). These variations appear to be largely a result of the ss
effects of the wind speed on hypoxia dynamics (Supporting 444
Information 81-2). For example, 206 higher than average wind s
:Mhmﬂ-}ﬂvn&'ﬂlﬂhﬂmaJlﬁrﬂxﬁmrnfﬂuuv
estimated hypoxic extent compared to M1& In contrast, 3 12% a4
lower than average wind speed from May through mid-fune of 444
2012 led to 2 4% increase in hypoxic area estimates in these 50
months. These wind effects are comsistent with those s
determined by ROMS smulations, particulady for 2003 a2
(Supporting Information 51.2).% On average, daily estimates 443
of hypoxia increased by over 8% when comparing modds V1 ass
and V3 i M1B (Table 3). This suggests that :im:'ll.uli:ngﬂ'be A
wind speed (squared) a5 a cowariate in the model has a 44
rektively lrge influence on hypoxic arca estimates. In contrast, 447
V2, which only added ROMS variables, increased the average ass
hypoxic area estimate by just 2% relative to M18. a9
The interannual varability in the hypoxic extent is amessed %0
by averaging daily estimates of hypoxia over the entire summer %1
{June—August) and the 30 day period of maximmm hypoxia 42
(this pericd waries from year to year). Thes aggregafions 3
(Figure 2) show that our new fusion-based (V3] estimates s
exhibit generally similir patiems to M18, though there are 44
some notable differences. For example, summeravenge s
hypoxic area estimates for the salient years of 2008 and 1997 %7
saw 225 and 143% incresses in magu"h.n&, ::H]:-ucm!]'y, P
rekitive to ML8 (Figure 2B). Moreover, the summer-average 44
estimate for year 2017 increased by B9%, with a similar 50
increase in the 30 day maximum (Figure 2). The BWDO o
obserations used to estimate hypooda for 2017 were from a &2
single cruise on the fr west side of the study area in the last 73
week of June. Obsenations from that cruise detected 54
substantial hypoxia in the sampled region even though wind 4
speeds were relatively high at the time of the cruise. However, #74
Lkierin the summer, wind speeds dropped sulstantially and the #7
ROMS model results indicated 2 hypoxic extent of over 30,000 &3
km® (Figures 521 and 581 ). The fusion model, which considers 579
the already low BWDO at the end of June (leading to a low o
intercept pammeter valuee for V3, Supporting Information S1- 1
5); coupled with the trends in the wind speed and ROMS sz
mmym&mdﬂ!}qhﬁmbudummnfﬂuhypm e
arex (Figure 1). This estimate is relatively consistent with the s
recond LUMCON midsummer cruise measurement of 227X 4
ke in late July,™ even though the data from this cruise are not s6
yet availible for indusion in our models -t
The fusionbased approach (V3) results in lrger average sia
and maximum ic estimates in most years, relafive to s
MI1B. This increase was greater than 10% in 15 yeams for w0
summer-averages and in § years for 30 day moximmum hypoxic w1
arex. However, there were 10% or greater reductions in 3 years %2
and 8 years, for the mmmeraverage and 30 day maxima, #3
respectively. Inkerostingly, the greatest reductions generlly w4
ocoured when hypoxia was mild (1988, 1992, and 2003). s
Thas, the fusion-based approach appears to capture extremes w4
in a better vay, making severs years lager and mild yeams w7
milder. This is consistent with the fact that V3 has higher w0
predictive skills (eg, Table 2} and thus captures more w9
spatiotemporal variability in BWDO. At the msme fime, linear 200

dai gyl LI 1Ay
Erwiron. Sal Tectwwd. 300000, M00N, 3000 -2000
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Pigore i. Dally estimates (at 3 day intermls) of the hypoxkc extent across the summer for foar

yars. Estmates are from moded versions

V1, V2, V3, and M14 For clarity, $5% Cls are shown orly for the prefered fasion model (V3) and the previons model (M18). Versial bands

rqrﬂu'ttinﬂnfm.nju’dnmnﬂﬂtﬂndruﬂ.

Table 3. Mean of Estimated Hypoxic Extent (June—Angust),
Mean 95% C1 Width, and Mean Coefficient of Variation
() for the Different Moded Vemions Considered in This
Siud y

duily w ol
s P5% O 5% C1
T, 1o fes®) (10 ke C, (0 kt) c,
MIE 1348 LE00 s DB asT
w1 1458 LE19 K] [k a5z
w1 1375 L7313 K o7 anss
i 1467 LT5E s 07e 43

s trend analysis of the fusion-based estimates (performed similar
am t-u-hll:!-}:duttﬁﬂl mnwﬂ.ﬂu\t LF Djl}lm'lg-mmdn

40 previous studies™ ™ and fairly stable lewks of nutnent
E ]-ﬂ‘ll:rg.

we  Across all models, Cls indicate substantial uncertinty,
sr reflecting temporal stochasticity in hyporia dynamics that is
sm not fully resolved by our avilable BWDO data and covariate
4w trends (Figure 1, Table 3). In general, boger hypoxic area
s estimates lead to ]'“F 95% Cls. However, when the
1 uncertzinty is scaled to the size of the hypoxic ares, as in the
a2 coefficient of varation (C,), our results show that model V3
a3 has 11% less m'bnerhrrl]rﬂumh'llﬂ- [{:_nfﬂ.jsﬁu ﬂ.}'ﬂ-}.
i14 Furthermore, these reductions in C, are found to vary based on
515 the mmpling fequency, with reducfions of up to about 4% in
516 months with spamse mmpling (ie, ks than 30 smples per
517 month, Supporting Information SI-9). I'n July, which is
s typically subject to intensive mmmuu:rg * the aversge L,
419 reducfion is just 6% (D282 ws 0.299), mnmlnmd to a 3%
sm reduction in May (0506 vs 0.725). These resulis demonstrate
a3y ﬂutﬂuﬁn?nmaﬂ)muﬂi:hpnﬁnﬂaﬂyeﬁuﬁveinmmi\iq
4= uncertzintiss &u:ins: P-u:m-& of hmited nmp]:ns. The fimion
ﬂappmﬂiﬂmm&:umﬁnhdimtﬂo{mm
524 average (Table 3, Figure 2} and 30 day maximum. hypoxic area
x5 (Figure S10).

s 35 Summary and Implications. This study explores the
sz wse of metcorological variables and processbased moded
i outputs a5 covariates within a geostatistical famework. While
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Pigure 2. (A) Change in the estimated sammeraversge (Jone—
Angost) hypowic awa and associated coefficient of varlance [C,) for
the new fosion model réative to previons estimates {change = {V3 —
M8}/ MIS) and (B) 30 day maxvimom and sammeraverage hypodc
exient from the new fosion model (V3) compared s M4 Emor bars
rqruﬂ'tﬁﬁﬂlii" e 5T MEan.

2 lmittd number of previous studies considersd n'ni]iu.'sn
covariates, they focused only on spatial comelation to 0
rupﬂmum:nnmﬂmdahmmﬂ:c!d“m'“

This study considers the full spatiotempor a2l covariance w2
structure of the mpm_m[ﬂ-“m}mda]hm for wa
hypoxia estimation with fgorous uncertainty quantification %4
acrultinLWmehiuiﬂﬁ:ﬁeminmuﬂh'ﬂumndﬂﬂﬁ
peirmance because of the addition of these dynamic ms
covariates, including the square of wind speed weighted over 27
28 days and predicted D) and strength of stratification from a s
hydrodynamic—biogeochemical model (ROMS). E T

orgf 1L
Erwiron, 52 Technol, MUK, UK, MO00—X6X
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(Angast 1—-15, 3008) bosom D0 estimates from (A) the new modd (V3) and (B) Math ot ol (2018) relagve to the

Inn.ﬂm. of individnal d:ln]: ows during the same period (bladk cincles). Note that this peod was selected to ilusrate 2 Sme when there s

substantial varason between the fwo approaches

s We note that there are over 400 hypoxic zones wordwide,
whﬂhhwbmﬂﬂndu:mﬁuﬂumﬂm&ﬁ‘
f.uThepmpmdaﬂmmadimiHbemﬂdﬂymddmnﬂﬁ
ﬂhppnﬁc:memwhmﬁmm:ﬁdmtmdum
44 tions to define covariance pammeters (>100 mmpls)™ and
ﬁwﬂqjﬂddﬂﬁn@]nﬂ]mﬂﬂrlhﬂiﬂmmdﬁaﬂzmﬂdﬂl
7 put is 2 particulady waluable coverate but not explicitdy
f,-::qnimdtninpmwﬂupmdtﬁwyu:ﬁnmu(uinﬂiﬂdﬂl
s by model V1). Satellite remote sensing has also been linked to
ﬂr]wpmiammdmuuhmdmduaputmth]m:huh
ﬁlﬁmme!undiu.hdacﬁngdpm:mhmdmbe
452 more beneficial ﬂununnng:}ﬂ)nm in systems with limited
4 monitoring,” a5 heavily monitored systems can be chame-
ﬁ;tﬂnﬂdmmdt\ecﬂffmmﬂunbmnhmu]dmn This
i expectation & supported by our remlts showing lager
#é uncertzinty reductions in months with sparse sampling
a7 (Supporting Information $1-9). Also, in our study, the available
i covariates only explined about 23% of BWDO variability in
i CV. I covariates can be augmented to exphin additional
s BWIM) variability, then the benehis of the fsion-hased
ﬁlaﬁnnu:hmﬂdbepenﬂ'ﬂmw}nthdmmdhﬂlh
s any case, by quantifying estimation uncertzinty, the propossd
mappnad\ﬂnh_dmaﬂﬂueﬁmynfdiﬁumt
144 covariztes and monitering !h:daq;iﬂ.m'm
w8 The new fsion-based estimates of extent have
s sulstantiolly lower uncertainty (i, coeffident of variation)
47 when compared to previous grostatistical estimaies based on
w5 BWDH) obsenations and static covariates nn]y.w With
ﬂ:mﬂlmﬂﬁdmnmmdhppmm ndudng;,]]
sm day maxima, this study provides enhanced indrmation for
shm&qpmp-m&ﬂfhﬂnn reductim d!:ﬂl.'tn'ﬂ
s [zee Eitu-ﬁtbchnm}m'ﬁbeium-bud utnnt:ah-b-etbur
574 hydrodynamics, sul ially revising our estimates of hypoxic
57 severity in some years and monthe (g, Figure 3). These
5% fusion-based estimates abo go beyond the use of proces-tesed
57 models alone, by amimilating BWDH) obsenations with
sm ROMS output to help address model-data mismatch. At the

same fime, the study indicates cowvariate trends in hypoxic 59
variabdlity (with day-of-year, wind speed, and stratification) w0
ﬂmwﬁpﬂmhmdﬂhﬂﬂ“ﬂﬂm@ﬁnﬂﬁat
mode] refinemant. W

Thmduﬁmmm:uﬂr]uwinp]iﬂﬁnmﬁn\rtmdmaa
standing the effects of ccomstem perturbations on cconom- 44
:Iﬂ]]'fn?mhntﬁl}lm :nﬂur\e‘lmﬂmm]ﬂqﬂu ﬂ\nn? sl
fishery is the highest walued singlespedies fishery in the ms
northern Gulf and it peaks dwing summer months when a7
hypoxia is most severe. Hypoxia affects the fishery in multiple sa
ways, inchuding by aggregating shrimp and fishing vesecls near a9
the edges of the hypoxic zone, suggesting locally high catch so
rtes in thess r\r@'-n\m."“"" Imitial cHmparisons sugge st that the w1
ﬁ.ﬂfnnmuddhpenﬂymmtﬁﬂiﬂuzl}ihhﬂm&z
distribution, with shrimping activity concentrated Lrgely in s
mnduzctdy]uw bottom waters near the of the s
hypoxic zone (r'lg'l.nl M}.Inmhzd‘,ﬂu]n:\ﬂm (MI18) s
geostatistical mode doos not always align as well with the ws
spatial structure evident in the fishery (Figure 38)." Because w7
many harvested species are hi mobike and can move W
vertically in the water column,**" future model developments s
that esfimate the thickness and volume of hypooda may also be wo
beneficial Owverll fusion-based hypoxia estimates, with an
enhanced accuracy and reduced uncertainty, have potential s
mmmﬂuaﬂmmtmdmpmt nf:ln]nl:bﬂ.lm

m'h]rm
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SI-1: Comparison of windspeeds from Buoys and POWER
20
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Figure S1Comparison of winégpeeds from POWER (GCMnd Buoy data (left) and histogram
of difference between Buoy and GCM déight). Figures on top are data collected from Buoy
on the west end of the study af&abine Pass, Tex&RSTJ. Figures on bottom are data
collected from Buoy on the east end of the study ¢@eathwest Pass, LouisiaBdJRL1). The

Buoy data are retrieved from National Data Buoy Center (NDBC) archives.
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SI-2: Shelf wide wind speed$rom POWER and hypoxia extent from ROMS model
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FigureS2A. Daily shelfwide wind speeds compared to mydiar averages and hypoxic area obtained from ROMS model from 1985
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Hypoxic Area (10" km?)

Hypoxic Area (10" km?)

Figure S2B Daily shelfwide wind speeds compared to myéiar averages and hypoxic area obtained from ROMS model from 1989
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Hypoxic Area (10" km?)

Hypoxic Area (10" km?)

Figure S2CDaily shelfwide wind speeds compared to myédiar averages and hypoxic area obtained from ROMS model from 1993
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Hypoxic Area (10" km?)

Hypoxic Area (10" km?)

Figure S2D Daily shelfwide wind speeds compared to myéar averages and hypoxic area obtained from ROMS model from 1997
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Hypoxic Area (10" km?)

Hypoxic Area (10" km?)

Figure S2E Daily shelfwide wind speeds compared to myétar averages and hypoxic area obtained from ROMS model from 2001
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Hypoxic Area (10" km?)

Hypoxic Area (10" km?)

Figure S2F Daily shelfwide wind speeds compared to myéiar averages and hypoxic area obtained from ROMS model from 2005
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Hypoxic Area (10" km?)

Hypoxic Area (10" km?)

Figure S2G Daily shelfwide wind speeds compared to myéiar averages and hypoxic area obtained from ROMS model from 2009
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Hypoxic Area (10" km?)

Hypoxic Area (10" km?)

Figure S2H Daily shelfwide wind speeds compared to myéar averages and hypoxic area obtained from ROMS model from 2013
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= \Wind Speed = = = Average Wind Speed Hypoxia extent from ROMS
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Figure S2I Daily shelfwide wind speeds compared to myéar averages and hypoxic area obtained from ROMS model from 2017
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SI-3: Spatial-temporal lag calculation

Spatial lag i( ; FE |

Z

{

WhereUis spatial anisotropy arsj, is the distance between two observatioas(j) along North
South direction andk is the distance between two observations alongWast direction.
Temporal lag{;, day3 =t - t;

Wheret; andtj are the dates on which observatioasdj were collected.

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

Variables Used BIC R?
score

N|E|D| D> | T | T? | Wo¢ | DO' | SS -- -- 7872 0.358
N|E|D| D?> | T| T? | W2 | DO | SS - - 7873 0.355
N|E|D| D> | T| T® | Wo2 | DO' | DO?%? | SS | -- 7874 0.359
N|E|D| D> | T| T2 | Wag | Woe? | DO' | SS | -- 7876 0.356
N|E|D| D> | T| T® | W2 | DO' | DO?%? | SS | -- 7876 0.357
N|E|D| D?> | T | T? | Wo2 | DO -- -- -- 7885 0.357
N|E|D| D?> | T| T2 | W22 | DO -- - -- 7886 0.354
N|E|D| D> | T| T2 | DO' | SS -- -- -- 7888 0.333
N|E|D| D?> | T | T? | Wi | DO -- -- -- 7889 0.351
N|E|D| D> | T| T2 | DO - -- -- -- 7903 0.331
N|E|[D| D?> | T | T? | Wod - -- -- -- 7991 0.326
N|E|D| D?> | T | T%2 | Wai2 | -- - -- -- 7992 0.325
N|E|D| D> | T | T? -- -- -- - -- 8095 0.287
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SI-5: Yearly intercepts @, mgLt) and associated standararrors (Up, mgL 1) from models
M18, V1, V2 and V3.

V3 V1 V2

year b Cie b Cie b Cp b Clp

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 412 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 0.39 452 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 0.48 454 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 452 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 0.38 452 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 453 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 @)dand
variablesfrom all model versions

associatedstandard erors () of BIC-selected trend

Variable M18 V1 V2 V3
b Up b Up b Up b Up
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
D? 2.639 0.112| 2.657 0.112 | 2480 0.113 | 2.503 0.113
T 0.131 0.090| 0.131 0.084 | 0.088 0.084 | 0.089 0.080
T? 0.482 0.086| 0.233 0.091| 0.368 0.080 | 0.172 0.086
WS¢ - - 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
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Fig S6: Temporal trend between BWDO and day of the year (centered on Atigisy D).
Note that this is just one component of tlerministidrend function| x &njl geostatistical

model (eq 1); other factors such as wind speed and ROMS DO also inform temporal variability.
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SI-7: Geostatistical covariance function parameter€}, (nugget),, (partial sill), @, Q,

(total sill), U(spatial anisotropy ratio, eastwest to north-south), a (spatial range
parameter), b and (temporal range parameter) of all model versions.

Parameters M18 V1 V2 V3

. (Mm@PL?) 0.49 0.49 0.50 0.49

. (mgL?) 2.57 2.44 2.34 2.26
.. (Mm@PL? 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

U 2.26 2.26 2.21 2.21




SI-8: Daily estimates ofhypoxia from models M18, V1, V2, and V3 for years 19882017
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Figure S8ADaily estimates (at-8ay intervals) of hypoxic extent and their 95% CI (confidence intervals) across the siammer
19851988
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Figure S8BDaily estimates (at-8ay intervals) of hypoxic extent and their 95% CI (confidence intervals) across the siammer
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Figure S8CDaily estimates (at-Bay intervals) of hypoxic extent and their 95% CI (confidence intervals) across the siammer
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Figure S8DDalily estimates (at-8ay intervals) of hypoxic extent and their 95% CI (confidence intervals) across the siammer
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Figure SBEDaily estimates (at-8ay intervals) of hypoxic extent and their 95% CI (confidence intervals) across the siammer
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Figure S8FDaily estimates (at-8ay intervals) of hypoxic extent and their 95% CI (confidence intervals) across the siammer
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Figure S8GDalily estimates (at-8ay intervals) of hypoxic extent and their 95% CI (confidence intervals) across the siammer
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Figure S81Daily estimates (at-8ay intervals) of hypoxic extent and their 95% CI (confidence intervals) across the siomatgr7
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SI-9: Coefficient of variations (G,) 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
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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
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Chapter 1 3: Trends and drivers of hypoxic thickness and
volume in the Northern Gulf of Mexico: 19852018

V Rohith Reddy Matfi, Daniel Obenodr®

a. Center for Geospatial Analytics, North Carolina State University, Campus Box 7106, Raleigh,

NC 27695, USA
b. Department of Civil, Construction, & Environmental Engineering, North Carolina State
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Abstract

Hypoxia is a major environmental issue plaguing ¢cbemmerciallyand ecologicallymportant
coastal water®f the Northern Gulf of Mexico. Several modeling studies have explored this
phenomenon, but primarily focus on the areal extent of thestmamer 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 coastarcesoln 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-tirsgageostatistical framework

and introduce a rarBased inerse 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 assedsnongends in dierent
hypoxia metrics (area, thickness, and volume), and while most metrics did not exhibit significant
trends, midgsummer hypoxic thickness is found to have increased at a rate of 5.9 cpéyeab)

over the past three decades. In addition, sprimggen 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 byestsiind
velocities, wasound to be more predictable than hypoxic thickness.

Keywords: Hypoxia; Gulf of Mexico; Spacéme geostatistical model; Montearlo 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 w@&ndith, 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 Loudi®aiaa shelf of the northern
Gulf of Mexico.Theprimary driver of this dead zonengrogen loadings from MississipRiver
Basin (Goolsby, 1999 which stimulates organigroduction that eventually sinks and results in
bottomwater oxygen depletion through microbial decompositiRab@lais et al., 1999Physical
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
(Lehrteret al., 2017 Del Giudice et al., 2020). Observations of Gulf hypalase baclas early
as 1970 but regular monitoring started in the 198(Rabalais et al., 2001 he Mississippi
River/Gulf of Mexico Watershed Nutrient Tkag-orce was formed to implementeasuredo
controlnutrient loading andeducethe size ohypoxiczone to 500&m? by the end of 2015, which
was later extended to 2035, as the origoigiectiveremains unrealize¢Hypoxia Task Force,
2017).

Over the last several decadesveral organizationsaveconduced monitoring cruises to
assess the extent of hypoxia anceitelogicaleffects. Data from monitoring programs are used in
developing models capable of estimating hypoxic atdzefiour et al., 201dlatli et al., 2018),
which are in turn used in calibrating forecast models (Scavia et al.;, RéLGiudice et al., 2020;

Li et al., 2023 and assessing fisherieslated impacts (Smith et al., 201 However hypoxic
volume and thickness are algotentiallyimportant from an ecologicand fisherieperspective

(Scavia et al., 2019Pelagic and demerdadh areaffected by hypoxa volume, as they must move
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laterally or vertically to avoid the hypoxic lay@tazen et al., 200Zhang et al., 2009Y.herefore,
estimates of hypoxic volumén conjunction withhypoxic areaare needed to characterize the
severity of hypoxiand 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 estimatechivarsalu
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 samplidu(ff & Ulanowicz, 1989 Conley et al., 200)lhas 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 (igpatial 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 (LUMC@ijsummer
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. Addnally, 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 skedi@nd bounded nature of actual hypoxic thickness observations.
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Fennel et al., (2016) developed a hydrodynabmgeochemical 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 needafiniven
estimates of hypoxic volume across the summer season, asdaganal 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 sjiewe geostatistical framework (Matli et al.,
2018) to observations of hypoxic layer thickness from multiplenitoong organizations to
provide estimates of hypoxic volume across the summer season. Second, it investigates a rank
based inversaormal transformation to address the skewed and bounded data distribution of HF.
Through conditional realizations, the mbdeused to probabilistically estimate the volume and
thickness of hypoxia across the Gulf hypoxia region from May through September20BBH
We also explore trends in area, volume, and thickness of hypoxia. This includes the development

of regressiomodels 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 describelldnyi et al.,(2018 2020, as
available througiNOAA's National Centers for Environmental Informat{&CEI). Compared to
Matli et al., (2020), vw addmonitoring cruises conductdyy LUMCON (2015, 2017, and 2018)
and the South East Area Monitoring and Assessment Program (SEAMAP) (2018, 201p) (SI
The total datset comprise§939sampling events collected froh86 monitoring cruisesWhile
Matli et al., (2020) focused only on bottemater dissolved oxygen (BWDO), this study requires

the entire verticaDO profileto determine the bottoitayer hypoxic thicknessnd events that do
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not spanthe entire wateicolumn are filtered ou@4.5% of sampling events). Hypoxia is primarily

a bottomwater 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 nearsurface re pi r ati on (Rabal ai s, 1999; Hul | et al
observations at 0.75. The overall dataset includes 2823 observations of HF greater than zero
(histograms provided in &). Our stuly area is bounded ©4.60589.512° Wlongitude 28.219

29.717° Nlatitude and3-75m depthsand divided into a 5x5 km grid for estimation purposes

The DO profiles were collected using handheld or rosetianted samplers (Obenour et al.,
2013). In general, rosettaounted samples did not sample the sea floor to avoid damaging the
sampling rig. A correction factor was applied to account for this biaslar to Obenour et al.,
(2013), as described in-SlI

2.2.Model Formulation

Geostatistical models perform optimally when tlesponse variable can be represented as a
stationary Gaussian process (Chiles and Delfiner, 1999; Gnieting et al., 2006). Odteabur

(2013) proposed modelinglF, rather than thickness, to partially address this ighypoxic

thickness tends to increase with deptiywever, HF values remain right skew&#2) and san

this study we transform HF using a ran&sed inverseormalt r ansf or mati on (I NT)
function (Blom, 1958) Rankbased INT converts a continuous variable (with any underlying
distribution) to a normal distribution by applying a quantile function to observations ranked in
ascending order. Tefficiently backtransfornto the original scaleve apply a piecewise quadratic
regression The coefficients andbreakpoing of this regressiomare estimatedby minimizing the

mean square erravhen fitto observationst equal intervals along the transformed scale (Fig. 1)
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Figure 1. Original versus inverseormal transformed (INT) values of hypoxic fraction (HF
versus HE). The piecewisguadratic function is used for batlansformation. Solid red circles
indicate the breakpoints in this function.
A spacetime geostatistical model can be conceptualized as follows using transformed $§iF (HF
as the response variable (Eq (1)):
(& ° - - Eq(1)
wheree is the deterministic component (trend in mean) drachd Uare stochastic components.
Here, ¢ is a linear model with trend variables (covariates) and variable intercepts (categorical
variable), with the latter accountinfgr interannual variability Covariates include linear or
guadratic trends with northing (N), easting (E), depth (D);afayear (T), and BWDO. Variable
selection using a geostatistical adaptation of the Bayesian Information Criterion (BIC) is
performed to avoid ovgrarameterizatio(Obenour et al., 2012). The full system of linear
equations for the spa¢ene geostatistical modlare provided in Matli et al., (2018).
The variability around the deterministic component is resolved into correlated and uncorrelated
stochasticity. Uncorrelated stochasticiyiepresents environmental microvariability or sampling

error. Correlated stochasticitg)) (accounts for transient spatial and temporal patterns in the data.
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The covarianc&) between sampling evenitiandj, separated by distansg and time lag;, is
modeled using a neseparable, spadane covariance function with exponential form (Eq (2))

(Matli et al., 2018):

0 i

. Eq (2
 AGD — — R ti6 nE9O

wherel represents the correlated variance (partial sill) @pdepresents uncorrelated variance
(nugget) inHF.. Parameters (km) andb (days) correspond to approximately one third of the
spatial andemporal correlation ranges, respectivélpte that nortksouth distances are scaled by
an anisotropy ratid,) (see Results)Covariance function parameters astimatedisingrestricted
maximum likelihoodGelfand et al., 2010) to account for the selected trend variasiestlined

in Matli et al.,(2018).

Thefitted covariance functiors usedto generate unconditional realizations oftH#hich are then
conditionedto the observed datand covariate trends (Chiles and Delfiner, 1999; Matli et al.,
2018) Theseconditional realizations (CRs)ccount for uncertainty in treovariatetrends as well

as the stochastic components of the modBks & BWDO (Matli et al., 2018)arealsorequired,

as BWDO is one of theeterministic covariatefor HF:.. Moreover, simulations of hypoxic
thickness are onlgppropriateat locations that experience hypoxia (BWDO < 2 mg/Lhus, we
adopt tke two-stepproceduredevelopedy Obenouret al.,(2013) wherefor eachCR of BWDO,

we first identify the locations that are hypoxaad then perform a CR éfF over these locations.
This procedure is repeated 1000 times, andithelations of Hirare backiransformed to Hend
then multipliedby depthto get hypoxic thickness. Next, thickness values are aggregated across
the estimation grid to determigpoxicvolume.Results from the 1000 CRse used to calculate

the mean and 95% confidence intervaldhese estimated his process is repeated at-ad/
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intervalfrom May to September for 1988019.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 bg&een 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 correlatemeng 3day 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 differgumadrants of the study area, divided

by the 26m 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 theéNT) 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 hydreameteorological drivers. For SA, we only use estimates from -2093,
which is a continuous period that includes multiple shelfwide cruises in eachcgnsistent with
Del Giudice et al., 202@andidate predictor variables were motivated by previous studies (e.g.,
Del Giudice et al., 2020) and include aggregationsiuifient loading over winter and spring

seasons (Casey, 2021), river flows in sumiidSACE, 2022), easvest wind velocities over
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spring and summer seasons, and wind stress around the time of prediction (NOAAF-EORI)
model s, fAspri-dgnerahdrB8suomApoitefers to July,
takes place in | ate July. For SAulmodaend, dsismpm
refers to Jundugust. For both MC and SA, winter refessNovemberMarch. Finally, wind
stress (represented by wind speed squared) was determined-dayanleighted average (weights
linearly declining backward in time frorthe cruise mid date) when predicting MC hypoxia
(Obenour et al., 2015), or as a Jxggust 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 Leuisiana
Texas shelf study area, and across east and west shelf sections, dividetcidfeayaRiver
outfall. For east and west sections, we used inputs from the Mississippi and Atchafalaya Rivers,
respectively, and for shelfwide metrics we used their summation. ConverBi@halas usedn
an exhaustive search feariableselection to prevent overfitting (Faraway, 2004e 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 explaféa ¢Rch case.

Resultsand Discussion

3.1.Geospatial trends and stochasticity

The BlGselected trend variabl¢§able 1) and annual intercepts (Table S¥alain30.1% of the
spatictemporal variance in transformed HFhe trend with northing indicates that for every 100

km further north, HF (backansformed) 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 @ual), and the quadratic trend with BWDO indicates that HF is greatest when BWDO is

zero and gradually declines B8VDO increases (Figure S4a). The combined trends indicate that
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the highest HFs are typically at mdgpth regions on the eastern shelf (Figure S5b). Annual
intercepts account for additional yearyear variability in Hir(beyond the effect of BWDO) and

have a range of 1.34F 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-2018. Notably, the BWDO trend
model includes a quadratic, ieanual 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 hgB0.4%) of this remaining variabilitys spatially correlatedithin

ranges of 69 and 43 km along the easest and nortfsouth 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).ig hiselatively large
nugget compared to the/DO model (S14) and suggests that estimates of hypoxic volume will

be more uncertain than area.
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Table 1. Trend coefficient®) and associated standard errdk$ 6f BIC selected variables for

HF: and BWDO model

HF (unitless) BWDO (mg/L)
Covariate
b Up b Up

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

D?(m?) -0.0003 0.0001 0.0055 0.0002

T (day) - - 0.0042 0.0026
T2 (day) - - 0.0003 0.0000

BWDO? (mg?/L2) -0.4017 0.0145 n.a. n.a.

Note Units of trend coefficientshj of HR model are 1/unit of covariate, and BWDO model are

mg/L per unit of covariate.

3.2Conditional 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 longterm average (Figure 2, right panels). Also shomrtlze regions where there is at least

a 50% probability of hypoxia occurring. Across our mdkicadal study period, approximately

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

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

shelf, closer to the Mississippi River outfall.
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Figure2. 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 (basededBWDO model).

Using theCRs we determine manand 95% confidence intervdisr shelfwide hypoxic area and
volumeacrossachsummer from 1982019(Fig 3 and SI6). 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 intraannual variability in hypoxia. There was a relatively late peak in
hypoxia in 208, while in 2008 hypoxia likely peaked in early July. The average thickness of the

hypoxic bottoralayer 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).
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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 thiokhess are averaged over

hypoxic locations only.

Throughout the study period, hypoxic area and volume exhibited similarsedisonal 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 Septembe 3, 15, 6, and O 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 substahtuncertainty (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 procesBased 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, procedsased simulations suggest more srsalle 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 bl (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% higherhough 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
cruisesconducted in August and September of 2006 (Fig. 3), reducing their uncertainty. For
another procesBased model, the Navy Coastal Ocean Model (NCOM), peak hypoxic volume
simulations in 2005 (Fennel et al., 2016) were at least 50% lower than our estintategside

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

future improvements to hydrodynarb@mgeochemical 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 theobservational distributions, as many of the monitoring cruises are biased
toward areas and times of intense hypoxia (e.g., LUMCONsmndmer cruises specifically target
the hypoxic zone) or specific regions of the shelf (Louisiana Department of WildiifEisineries
targets neashore, eastern regions). In general;58%6 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 ftemirtfluence 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>&be1big 4) than
observations, consistentith 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, Sl
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 D»mp&risons 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 substantskewght
the CRs in the deep regions exhibit moreiarace 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/hjs i§ 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, omittingkHieproduces distributions of
hypoxic thickness with a negative bias and too little variance, particularly in shallower shelf
regions (Fig 4, dashed curve®n the other hand, in the deeper sections, the INT tends to result
in distributions with a posite 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
undersimulate occurrences of HT>0 across the entire study area, and ihégatiae bias in the
shallow shelf sections, where hypoxia is most common. Over the entire shelf, the model without
INT undersimulates occurrences of HT>0 by 61% relative to the observations, and it under
simulates mean HT (across the entire study dng&)% 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% acrosAuJgust,
and results in an overall average hypoxic thickness of 1.03 m, more comparable to the observations

(SI-7).
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Figure4. 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 (JurAugust). The deeghallow divide is the 2én isobathThe 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-Augast 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 (MG@9r 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), indicHtat 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 fwing 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 (198%11), correlations fy 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 estimatevolume are 11% higher than the results from Obenour et al.,
(2013), but differences in estimates fromiundual years range frorr21% 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 $2Tkre 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 &t €2013), comparable to a 30% increase in uncertaintyem ar
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 collectdteagame time. Our spatiene 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 uncertawt
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Additionally, we compareorrelatiors among the various hypoxia metrics generated in this
study (Fig 5)Area and volumere most correlated with each otheith r? values of 0.83 and 0.90
for MC and SA estimatesespectivelyFor thickness andolume, correlations drop ©.32 and
0.46for MC and SArespectivelyFinally, hypoxic area and thickness were least correlated
r? valuesof 0.06 and 0.23or MC and SA estimatesespectively. The correlatiormmongSA
estimatesare consistently higher than the correlations between pifentially because MC
estimates reflect shetérm meteorological variability that influences the structure of hypoxia,
while SA estimates tend to average out these fluctuat@verall, these results suggest timatst
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 estimatewere also analyzed for significant lotgym 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 signifivahoe (p
from two-sided test) are averaged to determine the overall significance level of trends in MC
hypoxia metricsConsistentvith results fromMatli et al., (2018)thereis no significanttemporal
trend in estimates of hypoxic areavolume (pval>0.1) However, MC thickness estimates appear
to be increasing at a rate of 5.9 cm/y1vgd<0.05), while SA thickness is increasing at a rate of
4.4 cm/yr (pval<0.05).These results are generally consistent @tienouret al.,(2013),who
found a significantrend inhypoxic layer thickness (6.9 cymj modeling only MC data through
2011.

In addition to LUMCON MC estimates, there are estimates from other shelfwide
monitoring programs 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 intraeasonal variability in hypoxia (e.g., FB). demonstrate that MC estimates

are not always representative of hypoxic severity for a given year.
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Figure5. Estimatef hypoxicvolume,thickness, and area feummer averageonditions(SA),

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

along with trend lines for SA and M{&ft 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 theresearclon Gulf hypoxiafocuses orhow riverine inputsinfluence hypoxic
area, as this is the metric that traditionally drives watershed management policies (Scavia et al.,
2017). However, ypoxic volume and thicknesdso play an important ecological role aethain
relatively unexploredn the Gulf @reitburg 2002; Scavia et al., 201%lere, we provide a
comparison of the predictability of hypoxic area, volume, and thickness basedausloading
and meteorological inputshat have been considered in previous modeling studies (e.g., Del
Giudice et al., 2020)

Results show that intemnual variability in hypoxia metrics (192915) can be explained
to varying degreeacrossdifferent shelf sections, with?Rralues ranging from 0.6@.56 (Table
2). In general, volume estimates are less predictable than area estimates (26%?2Joover R
average), and thickness estimates are less predictable than both area (65%,lowevBrage)
and volume estimates. Across all three hypoxia metrics, MC estimates are more predictable than
SA estimates. All selected predictor idnles are significant at a 95% confidence level (p

val<0.05).
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Table 2: Regression fit BRand coefficients for Bl&elected 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 bddummer
LUMCON cruise (MC) and summaverage (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 irSlI

Candidate Variables
Metric | Region | Period R2 spring summer spring winter N | windspeed | summer
year | Nloads | westerly westerly loads squared flows
(Gg/mo) (m/s) (m/s) (Gg/mo) (m?/s?) (md/s)
SW MC 0.46 0.085 -3.22
A SA 0.41 0.047 0.09
(10° E MC 0.56 0.041 0.57 -0.07
km?) 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
MC 0.36 0.601
SW SA 0.26 0.437
Y E MC 0.55 0.571* 3.27 -13.8* -0.34
(km3) SA 0.24 0.202
W MC 0.34 0.979 -6.65 -15.2
SA 0.19 0.971
SW MC 0.28 1 0.04 | 0.013 0.28
SA 0.10 0.007
T E MC 0.21 -0.04 0.10
(m) 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 ladogound 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 theaegation 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 @esst wind velocities (westerlies are positive) and
hypoxia metrics remained consistent within the different shelf sectdingl. 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 speqdased 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 resEara €t al., 2014
Laurent et al., 2018%howng that upwelling(westerly) windsin JuneJuly lead to a higher
likelihood of hypoxiaon the eastern shelf but reduggoxiaon thewestern kelf. For thickness,
however, summer winds are only predictive oflshide 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 upw

In the spring, easterly wind patterns (i.e., negative-wast 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). Additionaltyjnteraction 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 avdjlatii nutrients in the delta region
between Mississipphtchafalaya River outlets (Walker et al., 2005). Other studies conducted in
the region found similar effects of easést winds on formation of hypoxia (Feng et al., 2014;

Obenour et al., 2015; Zhgret al., 2012).
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Figure 6. Influence of interaction between spring nitrogen (N) load and springveastwind

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

Limitations

The geostatistical model developed in the current study uses-saporal 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 regioite Wikese 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 intervalBata 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 hydrodynamieteorological factors on the estimated values. Future
work in improving this model can focus on incorporating covariéttes 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 caiesing 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 Gaulsiahution (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 (201®19) result in excessive estimation uncertainty,
highlighting the need for reliable monitoring rrtimtlate summer, when hypoxia is typically most
severe. At the same time, estimates for years with multiple cruises are more constrained and
suggest the need fomprovements to hydrodynamiiogeochemical models, like ROMS,
FVCOM, and NCOM, which may not always provide realistic simulations, especially toward the
end of the summer season. Overall, the isgasonal variability and uncertainty in hypoxia
estimates reinforces the need for frequent hypoxia monitoring (Rabalais et al., 2007).

Longterm 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 eggbeasome 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 changdg/sical 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, nhlysés 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 managememiost 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 canurther enhance our understanding of hypoxia effects on aquatic life in the Gulf.
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Sl 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, 2020&aRas, 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
SEAMAR 43 6/28/1992 774992 #3/4992
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 92 714/1994 7/18/1994  7/11/1994
LUMCON 79 7/24/1994  7/29/1994  7/26/1994
SEAMAP 85 716/1995 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 716/1997
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 87 714/1999 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 717/2000
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). Spac#ime geostatistical assessment of hypoxia in the northern Gulf of
Mexico. Environmental science &chnology52(21), 1248412493.

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 Il in the Gulf of Mexico from
201906-09 to 201907-18 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 Il in the Gulf of
Mexico from 21806-10 to 201807-19 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 [0Z20p/20

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 Telxasisiana continental shelf, Gulf of Mexicmm
201506-23 to 201512-09 (NCEI Accession 0205844). NOAA National Centers for
Environmental Information. Dataset. https://doi.org/10.25921/5@38. Accessed
[07/06/2020

5. Rabalais, Nancy (2020a). Physical (hydrography), chemical (CTD), and biological (water
guality) processes of the Texhasuisiana 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
guality) processes of the Texhsuisiana 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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Sl 2: Histograns of observedypoxicthicknessandfraction
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SIi 3: Instrument bias adjustment

Our monitoring data come from various instruments and organizations. While a majority of
cruises useosettemounted DO samplers, there are a significamhberof samples collected

using handheléhstruments The difference between these methods is the depth to which the DO
measurements atgpically collected. Handheld samplers are versatile and capable of collecting
samples at the sdél@or. Rosettemounted samplers, however, arelamgerigs with other

sensors. To avoid damagosettemounted samplero not sample all the way to the Sleeor.

To addresghe biasassociated with Rosetsampling, a correction factor was determifredn
sampling events thatsedboth rosette and handheld sensorgarallel 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 instrurntseless than 2 times the standard deviation of
uncorrelated stochasticity (square roohofiget 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, resgevely.

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
rosetteonly sensor are corrected using Eg. (1) at 88.9% and Eq.12)1&6 probability
(corresponding to the probabilities in the observed data, noted above). All-mdgtieeasures

of HF are corrected using Eq. (3). These correction factors are derived from Obenour et al.,
2013.

BWDOagj = 0.973 x BWDQuosettet] € € € € € € € .é. € .Eq(1)

BWDOagj= U(O,[BWDOrosettel 2(, ) ] ) €éeéeé. . .. eé. .. Eq (2)

HTAdj = O82+ HTRosette+T f Wheré - N ( O f O . Sé%) . é@:‘é

The preceding equations are based on the resettmted sampler reaching about 1 meter from
the sea floarHowever, there was evidence that a small portion of sampling events missed the
sea floor by a larger margifThis can potentiallyresult of a faulty depth sensor or operator error.
Cruises were identified to be faulty if they meet all of the following three crif@jahelfwide

cruise with more than 10 samples; (b) more than 10% aubetsare undeisampled; (cjhe

mean difference between menum instument depth and ocean deptlyisater tn 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). Sampliegtewae considered to be under
sampled if the difference betweeoeandepthand instrument depth is greater than or equal to 5
meters in shallow regions¢eandepth<=15 meterspr if the instrument didot reach to the

bottom fifth of the water columim deep regionsoceandepth>15 meters). There wdoair

cruises that required thaslditionalbiascorrection (2 NECOP cruises in May 1992, 1 NECOP
cruise in July 1993, and 1 SEAMAP cruise in July 198#addition to half of the observations
from the LUMCON cruise in 1991 (Obenour et al., 201Byr these cruiseBWDO and H
(BWDOk(cr, HTErcr) were corrected using Eq. (4),)(and (6). Additional details on the
development of these equations is provioe@benour et al., (2013).

BWDOcruadj= BWDOEcrx 0.9671 0.163+] ééé. . . ééEq (4
BWDOcuadj = U(0,] BWDOkgcri 2(, ] ) eéé. ). ééEq (5

HTcradj= HTercr+ 2.3492 4 ,wherg ~ N( 0, 0 €3 @) E)qé € 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 appltedbservationsvhen performingonditional realizations.
Adjusted H values were converted to ttransformed scalesingtheequations shown in Fig. 1

of the manuscript.

Reference:

1. National Geophysical Data Center, 2001. U.S. Coastal Relief M&@kattral Gulf of
Mexico. National Geophysical Data Center, NOAA. doi:10.7289/V54Q7RWO [access
date 07/06/201%
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SI1 4: Additional parameters and trends of BWDO and HR models.

TableS4a. Annual intercept values for BWDO and:hifodels

BWDO HF
Year " Year 5
b Up b Up

1985 5.04 0.58 1985 0.33 0.28
1986 5.14 0.64 1986 0.18 0.26
1987 5.55 0.67 1987 | -0.12 0.28
1988 7.87 0.75 1988 | -0.46 0.85
1989 5.87 0.82 1989 | -0.39 0.34
1990 5.48 0.64 1990 | -0.10 0.26
1991 5.32 0.65 1991 | -0.04 0.24
1992 5.66 0.35 1992 0.03 0.19
1993 4.76 0.38 1993 0.30 0.17
1994 5.62 0.42 1994 0.27 0.18
1995 4.78 0.50 1995 0.44 0.19
1996 4.81 0.48 1996 0.67 0.18
1997 4.35 0.47 1997 0.44 0.18
1998 5.37 0.38 1998 0.18 0.18
1999 5.13 0.38 1999 0.60 0.16
2000 6.27 0.38 2000 0.62 0.23
2001 577 0.37 2001 0.44 0.17
2002 5.57 0.37 2002 0.18 0.16
2003 5.67 0.34 2003 0.11 0.17
2004 5.15 0.35 2004 0.46 0.14
2005 5.20 0.34 2005 0.36 0.15
2006 5.63 0.32 2006 0.27 0.15
2007 5.31 0.33 2007 0.42 0.14
2008 4.64 0.39 2008 0.35 0.15
2009 571 0.38 2009 0.58 0.18
2010 5.21 0.41 2010 0.10 0.19
2011 4.87 0.37 2011 0.43 0.15
2012 5.52 0.35 2012 0.45 0.17
2013 5.38 0.43 2013 0.62 0.21
2014 5.50 0.41 2014 0.25 0.19
2015 5.63 0.41 2015 0.67 0.20
2016 4.58 0.49 2016 1.05 0.24
2017 4.89 0.43 2017 0.63 0.20
2018 5.79 0.44 2018 0.64 0.24
2019 4.89 0.51 2019 0.78 0.30

Note The coefficients associated with +#fe unitless because fraction is a unitless value. The
coefficients associated with BWDO model are (mg/L)
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Figure S4a. Effects of BliSelected trend variables on HF (blue dots correspond to observed
data).

Table S4b. Geostatistical covariance function parametefsugget),, (partial sill), U(spatial

anisotropy ratio)a (spatial range parameteb)(temporal range parametdéoy HR and BWDO
models.

Variable a. a, U a(km) b(days)
BWDO (mg/L) 0.47 258 226 64 9
HF; (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 associatquhrangsers.
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Sl 5: Trend maps of hypoxic fraction and thickness.
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Figure S5a. Mapped effects of trends with northing and depth on INT transformed HF (top left), HF (top right) and HTifbattom)
average year. BWDO is assumed constant acroshéiieat 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)
an average year in months of June, July, and August

100













































































































































