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Abstract

This dissertation focused on oil spill risk assessment techniques historically utilized for
coastal resources (e.g., environmental sensitivity indices (ESIs), vulnerability assessments,
species-specific vulnerability frameworks) and their application and expansion to offshore
resources found in the Gulf of Mexico (GoM). Additional included techniques (e.g., multi-sector
trade-off analysis, marine spatial planning (MSP) software) provide support in decision making
processes regarding the potential siting of oil production sites and/or the withdrawal of areas
from oil and natural gas production. Chapter 1 included an overview and justification for this
study. Chapter 2 demonstrated an initial methodology for the creation of offshore ESIs and how
vulnerability to marine resources might be estimated via the inclusion of an oil fate and transport
model used to simulate oil well blowouts. Chapter 3 created spatial distributions of marine
resources from disparate sources and transformed the distributions into quantifiably comparable
grids via the use of standardized indices. These grids were combined via a multi-attribute utility
model (MAUM) to create multiple cumulative ESIs (C-ESIs) identifying resource rich “hot-
spots” within the GoM. Chapter 3 also explored dissimilarity and cluster mapping methods to
identify sets of resources with similar distributions and estimate the degree of influence to the
overall C-ESlIs. Species-specific vulnerability rankings estimated under a preliminary trait-based
framework were provided for use in this study and were added to a fish species C-ESI to
illustrate how C-ESIs might be combined with similar frameworks to weight one resource or

suite of resources more heavily. The C-ESI was impacted as expected by the heavy weighting of

viii



one fish species with grid cells containing the weighted species being prioritized as resource
“hot-spots”. The C-ESI was rather robust to the inclusion of weights for the suite of fish species
owing to the conflicting spatial distributions of the individual weighted species. In Chapter 4,
surface oil distributions from four oil well blowout scenarios were modeled with the
Connectivity Modeling System (CMS; Paris et al. 2013). These oil distributions were created to
simulate likely conditions from the Deepwater Horizon oil well blowout (DWH) and three
hypothetical oil well blowouts with origin points in the western GoM (WGoM), the west Florida
slope (WFS), and at the DWH origin point with a September start date. The simulated
distributions of surface oil from these four scenarios were used to create bounded areas, or
polygons, of minimum oil concentration thresholds (MOCT) representing spatial areas exposed
to at least the specified concentration of oil for at least one day. These MOCTSs are intersected
with the C-ESIs developed in Chapter 3 to compare potential vulnerability of resources to the oil
well blowout scenarios. The WFS scenario was found to potentially have the largest impact on
the suite of included species due to the large surface area of the modeled spill and the resources
found in that area. While a spill off the continental slope near Texas (WGoM) would have the
smallest overall footprint, it would affect some fisheries more severely than the other simulated
spills. The MOCT polygons coupled with known PAH concentration toxicity endpoints and
spatial distributions of marine resources can be used to predict the extent of the spatial overlap
between marine resources and oil and the likely outcome of that interaction. In Chapter 5, a
spatial distribution of 2018 oil production was overlaid with the C-ESIs created in Chapter 3 to
form quantifiably explicit multi-sector tradeoff curves between resource sensitivity and oil
production. These tradeoff curves represent the system-wide benefit of theoretical allocations of

oil production to both sectors on a cell-by-cell planning unit basis. The C-ESIs and multi-sector



tradeoff functions were used to identify individual grid cells to potentially reserve from oil
production. Marxan, an MSP zoning software, was used to create minimum-set “hot-spot”
networks of areas to potentially reserve from oil production in both 1.) a hypothetical pristine
system where future oil production siting is being planned and 2.) the current system with current
levels and placement of oil production. In both scenarios, the “hot-spot” networks identified
areas on the WFS as potentially valuable to reserve from oil production, with more “hot-spot”
areas on the WFS when accounting for current oil production. This result indicates that in a
hypothetical reserve sited around existing oil production and created to protect a significant
proportion of offshore marine resources, the grid cells on the WFS would be the most valuable to
include in that reserve. This study compares these “hot-spot” network solutions to the area in the
eastern GoM currently withdrawn from oil production under Gulf of Mexico Energy Security
Act (GOMESA) and the 2021 Congressional moratorium. The “hot-spot” networks overlap with
the withdrawn area with 39.5% of the pristine “hot-spot” reserve network and 53.2% of the
current oil production “hot-spot” reserve network being located within the withdrawn area. The
“hot-spot” networks identified in this study can potentially be utilized in the decision-making

process to continue the closure of these withdrawn areas.

The integrated collection of methods presented here were designed to add to the crucial
knowledge base for planning and prioritizing oil spill response, predicting impacts from an oil
spill to individual resources and groups of resources, and to assist in the decision-making
processes for making new and existing sites available or unavailable to oil production. Impact
estimates generated by these tools can be used in prioritizing oil spill cleanup and the acquisition
or pre-positioning of oil spill response and supplies. The C-ESIs can be combined with actual or

proposed oil production statistics to serve as a decision-making tool for justifying the reservation



of specific lease blocks from leasing or maintaining the status of areas temporarily withdrawn

from oil production under the Congressional moratorium.

The tools in this study were designed, developed, and published as open source with the
hope that they may be added to, improved upon, and utilized in real world scenarios to lessen the
risk of impacts on marine resources from future blowout scenarios. The Python scripts used for
the analyses and figures found in this dissertation can be found at

github.com/echancellor/dissertation-scripts.
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Chapter 1. Introduction

This dissertation focuses on oil spill risk assessment techniques historically utilized for
coastal resources and their application and expansion to offshore resources found in the Gulf of
Mexico (GoM). These applications are designed to add to the crucial knowledge base for
planning and prioritizing oil spill response, predicting impacts from an oil spill to offshore
resources, and to assist in the decision-making processes for making new and existing sites

available or unavailable to oil production.

Offshore oil production in the Gulf of Mexico (GoM) provides about 15% of the total
U.S. crude oil production and about 97% of the marine oil production (EIA 2018; EIA 2021)
with estimated oil reserves of over 3.67 billion barrels (Kazanis et al. 2015). U.S. oil is produced
in the GoM in the 200 miles beyond the U.S. coastline in the U.S. Exclusive Economic Zone
(EEZ) and is divided into the Western Planning Area, Central Planning Area, and Eastern
Planning Area (EIA 2021; BOEM 2021). Most of the GoM marine oil production occurs in the
central and western planning areas as part of the Central Planning Area and most of the Eastern
Planning Area are currently withdrawn from drilling until 2032 under the initial 2006 Gulf of
Mexico Energy Security Act (GOMESA) and extended under the 2021 Congressional
moratorium (Schwartz 2020; BOEM 2021). Most of this oil production occurs at depths
between 1000 meters and 2000 meters with some production occurring at depths exceeding 3000
meters (BOEM 20183, b). GoM oil production has focused on increasingly deeper sources to

meet production goals and many of these deep-water sources are now more productive than



shallower fields (Murawski et al. 2020). As marine oil and gas production moves further
offshore, marine resources in the deep GoM become increasingly vulnerable to oil spills and oil
well accidents. The increased threat to these marine resources necessitates the knowledge of
what resources are in these offshore areas and how they might respond to oil exposure from an
oil spill accident. This knowledge is crucial for oil spill response, predicting long term impacts
from an oil spill, and can also be used as part of the decision-making process regarding opening

or closing areas to oil production.

The risks to marine resources from an oil spill depend on the degree of interaction
between the resource and oil and the resource-specific vulnerability to that oil. The degree of
interaction between a marine resource and oil varies by 1.) the degree of spatial intersection
between the resource and the oil, 2.) the physical and chemical characteristics of the oil, and 3.)
the concentration and duration of the exposure. Resource-specific vulnerability is the fragility
and resiliency of that resource to an oil spill and varies due to resource-specific traits (e.g., life
history traits in biological resources, physical traits between coastline areas; Polidoro et al. 2020;

Peterson 2002).

Spatial vulnerability assessments include spatial distributions of sensitive resources and
their specific vulnerability to create a vulnerability matrix (Matisziw and Grubesic 2013; Nelson
et al. 2015). Spatial maps of sensitive natural resources called Environmental Sensitivity Indices
(ESIs), are used to prioritize environmentally sensitive areas for oil spill cleanup, estimate
impacts to marine resources from an oil spill, and to evaluate the potential environmental
impacts caused by oil production (Jensen et al. 1990; Jensen et al. 1998; Kankara et al 2016).
Coastal habitats and resources are not uniformly vulnerable to oil exposure due to differences in
tidal energy, shoreline slope, and substrate type (Peterson 2002; Santos et al. 2012). ESIs have

2



therefore been created for much of the coastal areas in the United States and GoM to identify the
locations of sensitive resources and habitats. Spatial vulnerability assessments can be
incorporated with an oil fate and transport model to estimate interactions between the
vulnerability matrix and oil, along with the chemical and physical traits of that oil.
Environmental data, including ESIs, was combined to provide vulnerability assessments using
the National Energy Technology Laboratory's (NETL) Blowout and Spill Occurrence Model
(BLOSOM) model to provide an example assessment of coastal vulnerability in the GoM (Sim
2013; Nelson et al. 2015). A similar methodology to create an oil spill sensitivity analysis was
applied in the Gulf of Kachchh through use of a previously published ESI for the coastal waters

and an oil trajectory model to simulate oil spill scenarios (Kankara and Subramanian 2007).

This study applies similar methodology as described above to assess the risk to resources
in the offshore waters in the GoM. Offshore waters in the GoM contain unique biological
resources and habitats which are also threatened during large scale oil spills. The offshore
waters of the GoM are important as they are home to multiple species of economically important
fishes and shellfish (Felder et al. 2009; Sutton et al. 2017; Frasier et al. 2020; Perlin et al. 2020;
Pulster et al. 2020) as well as ecologically important forage species and other animals of concern
including mammals, turtles, seabirds, and deep-sea corals which all can experience lethal and
significant sub-lethal effects from exposure to oil (Antonio et al. 2011; Carmichael et al. 2012;
Schwacke et al. 2014; Tran et al. 2014; Etnoyer et al. 2016; Kinlan et al. 2016). Like coastal
areas, which are not uniformly vulnerable to an oil spill, offshore marine resources are also not
uniformly vulnerable to oil. A complete vulnerability assessment for the offshore resources

would therefore include the resource-specific vulnerability to oil exposure. Resource-specific



vulnerability can be observed in the event of an oil spill, from toxicity tests, or estimated from

life history traits via the use of a vulnerability framework.

Marine organisms are exposed to oil through four major pathways: absorption of
bioavailable hydrocarbon compounds into skin via direct contact with oil (e.g., sea turtles and
mammals surfacing and diving), inhalation and aspiration (air-breathing animals may breathe in
aerosol compounds), and ingestion (ingestion of water or sediments containing oil; Westerholm
and Rauch 2016). Polycyclic aromatic hydrocarbons (PAHSs) are the most toxic compounds in
crude oil. The concentration of PAHs and duration of exposure determine lethal and sublethal
effects to biological resources through absorption. Toxicity tests are performed to identify
critical thresholds (i.e., toxicity endpoints) of fish and invertebrate species to oil and dispersants
used in oil cleanup (Westerholm and Rauch 2016). Species-specific vulnerability to
petrochemical exposure is not known for all species (Bejarano and Barron 2014; Bejarano and
Barron 2016; Bejarano and Mearns 2015; Bejarano and Wheeler 2020) but can be estimated by
using a trait-based framework to rank relative vulnerability and identify sensitive species
(Polidoro et al. 2020; Sarrazin et al. 2021). Species-specific vulnerabilities identified via these
frameworks or by toxicity endpoints determined from experimental studies can be included when

evaluating potential impacts to a resource due to oil exposure.

The Bureau of Ocean Energy Management (BOEM) within the U.S. Department of the
Interior (DOI) produces and utilizes environmental impact assessments as part of their decision-
making process on which areas to make available to oil drilling. Approved leases for oil drilling
are then sold by the DOI. These environmental assessments consider the totality of natural
resources and human activities within a region being considered for leases, as well as any
particular hazards that might impact safe prospecting and production operations. Planners use a

4



number of qualitative and quantitative tools to consider these activities and hazards when
identifying lease blocks to offer for sale. Ecosystem based marine spatial planning (MSP) is one
such quantitative tool that has not heretofore been used in this regard but aims to maximize the
combined benefit from the ecosystem to all sectors through use of quantifiably explicit tradeoffs
between competing sectors (McLeod et al. 2005; White et al. 2012; Santos et al. 2013b). MSP
divides the planning area into planning units and assigns a value to each planning unit for each
sector. An optimization solver then finds a solution by assigning all planning units to sectors to
maximize the system-wide benefit subject to grouping constraints. Quantifying offshore
resources through use of ESls allows for the mapping of these tradeoff functions between

resources and oil production and the subsequent development of an MSP solution.

Chapters two-six of this dissertation explore the utility of spatially quantifying the
distribution and abundance of offshore marine resources and creating Cumulative Environmental
Sensitivity Indices (C-ESIs) for the offshore areas. These C-ESIs, coupled with an oil fate and
transport model and MSP software are employed to identify particularly vulnerable offshore
areas, or “hot-spots”, as well as “hot-spot” networks that should potentially be reserved from oil
production because the risks of oil production there create quantifiably greater risks than in other
areas (Figure 1.1). In Chapter 2, the initial methodology is presented for creating the ESIs for
offshore marine resources and intersecting them with fate and transport models of simulated oil
well blowouts. In Chapter 3, C-ESIs are created from quantifiably comparable spatially
distributed resource layers from initially disparate sources through use of scaling and data
transformation. A species-specific vulnerability score based on a preliminary trait-based
framework (Polidoro et al. 2020) is added to one C-ESI to demonstrate the utility of combining

the C-ESIs with species-specific vulnerability to prioritize certain resources in the C-ESI due to



their vulnerability. In Chapter 4, surface oil distributions from four oil well blowout scenarios
modeled by the Connectivity Modeling System (CMS; Paris et al. 2013) are used to create areas,
or polygons, of minimum oil concentration thresholds (MOCT) representing areas exposed to at
least the specified concentration of oil during these hypothetical blowouts. These MOCTs are
intersected with the C-ESIs and comprising resource layers developed in Chapter 3 along with
identified species-specific PAH concentration toxicity endpoints to compare potential
vulnerability of resources to the oil well blowout scenarios. In Chapter 5, a spatial distribution of
2018 oil production is overlaid with the C-ESIs created in Chapter 3 to form quantifiably explicit
multi-sector tradeoff curves between resource sensitivity and oil production. These tradeoff
curves represent the system-wide benefit of theoretical allocations of oil production to both
sectors on a cell-by-cell planning unit basis. These C-ESIs and multi-sector tradeoff curves are
used to create minimum-set “hot-spot” networks of areas to potentially reserve from oil
production in both 1.) a hypothetical pristine system where future oil production siting is being
planned and 2.) the current system with current levels and placement of oil production. Finally,
this study compares these “hot-spot” network solutions to the current areas withdrawn from oil
production under GOMESA and the 2021 Congressional moratorium to provide additional
support for the decision-making process of withdrawing these areas from oil production. A
diagram representing of the datasets developed in this study, the deliverables created by chapter,

and their corresponding inputs are found in Figure 1.1.

The tools developed in this study have useful applications for oil production planning and
oil spill response. A complete risk and response assessment of marine resources in the event of
an oil spill requires knowing what resources were exposed to oil, the characteristics of that

exposure, and the resource-specific response to that oil. The techniques for quantifying and



combining disparate sources into C-ESIs helps to answer the question of what resources were
potentially exposed. Creating MOCT polygons from fate and transport models of actual or
hypothetical oil spills and intersecting them with the quantitative distributions of these resources
provides details on the extent and characteristics of that exposure. While the calculation of
resource-specific vulnerability lies outside the scope of this study, species-specific vulnerability
rankings and published toxicity endpoints are combined with the C-ESIs and MOCT polygons to
demonstrate how these tools could improve estimates of impacts on marine resources from oil
spills. These impact estimates can be used in prioritizing oil spill cleanup and the acquisition or
pre-positioning of oil spill response and supplies. The C-ESIs can be combined with actual or
proposed oil production statistics to create tradeoff functions between sensitive resources and the
oil production industry and serve as a decision-making tool for justifying the reservation of

specific lease blocks from leasing or the status of areas temporarily reserved from oil production.

The tools in this study were designed, developed, and published as open source with the
hope that they may be added to, improved upon, and utilized in real world scenarios to lessen the
risk of impacts on marine resources from future blowout scenarios. The Python scripts used for
the analyses and figures found in this dissertation can be found at

github.com/echancellor/dissertation-scripts.
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Chapter 2. Comparative Environmental Sensitivity of Offshore Gulf of Mexico Waters

Potentially Impacted by Ultra-Deep Oil Well Blowouts

2.1 Abstract

Environmental Sensitivity Indices (ESIs) have long been used to identify coastal and
shoreline resources particularly vulnerable to oil spills and ensuing mitigation measures. In the
Gulf of Mexico oil production by the USA and Mexico has increasingly focused on deep-water
sources. As oil exploration and production continues further offshore, deep-water and open-
ocean pelagic resources increasingly become the focus of susceptibility to oil well blowouts.
Methodologies are proposed to spatially quantify ESIs specifically for offshore living marine
resources. A multi-attribute utility model is proposed to integrate biological resource sensitivity
measures and measures of potential economic losses to define spatially explicit environmental
sensitivity. Model sensitivity is examined using three weighting schemes for various
environmental attributes. The relative environmental sensitivities of four simulated deep-water
blowouts in the Gulf of Mexico were analyzed and compared. While differences were found
between four oil well blowout scenarios in terms of the overall sensitivity and the individual
attributes, results were relatively insensitive to relative weights assigned to various attributes.
The uses of ESls in optimizing oil production locations to minimize potential impacts on

sensitive ecological resources and economic uses are discussed.



2.2 Note to Reader
This chapter was published in the book: Scenarios and Responses to Future Deep QOil

Spills and is included here in Appendix A.

The full citation is:

Chancellor, E., Murawski, S.A., Paris, C.B., Perruso, L., Perlin, N., 2020. Comparative
environmental sensitivity of offshore Gulf of Mexico waters potentially impacted by ultra-deep
oil well blowouts, in: Scenarios and Responses to Future Deep Oil Spills. Springer, pp. 443-466.
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Chapter 3. A Quantitative Analysis of the Offshore Resources of the Gulf of Mexico and

Creation of Cumulative Environmental Sensitivity Indices (C-ESIs)

3.1 Introduction

Offshore oil production in the Gulf of Mexico (GoM) provides about 15% of the total
U.S. crude oil production and about 97% of the marine oil production (EIA 2018; EIA 2021).
Most of this marine oil production occurs at depths between 1000 meters (m) and 2000 m with
some production occurring at depths exceeding 3000 m (BOEM 2018a, b). GoM oil production
has focused on increasingly deeper sources to meet production goals and many of these deep-
water sources are now more productive than shallower fields (Murawski et al. 2020). The GoM
contains many marine resources, both biological and human use, which can be negatively
impacted in the event of an oil spill or oil well blowout such as occurred in the Deepwater
Horizon blowout on April 20, 2010. As GoM oil production continues to move further offshore,
it is necessary to assess the risk to these marine resources and habitats. Assessing this risk
requires spatially quantifying the resources present in these offshore waters and combining the
spatial distributions of these resources in a meaningful way to identify areas in the offshore

waters which are especially vulnerable to a large oil spill event.

Spatial maps of the presence of sensitive natural resources called Environmental
Sensitivity Indices (ESIs) are used to prioritize environmentally sensitive areas for oil spill
cleanup, estimate impacts to marine resources from an oil spill, and to evaluate the potential

environmental impacts caused by oil production (Jensen et al. 1990; Jensen et al. 1998; Kankara
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et al 2016). Site-specific geographic information system (GIS)-based ESIs identifying the
locations of sensitive resources and habitats have been published for much of the shoreline of the
United States including the GoM (Knudsen and Druyor 2009; NOAA 2018). NOAA Office of
Response and Restoration has published guidelines for creating shoreline ESIs with a composite
index consisting of three components: shoreline classification, biological resources, and human-
use resources (Peterson 2002; NOAA 2018). Shorelines are classified by type and ranked by
their sensitivity, natural persistence of oil, and ease of cleanup (Peterson 2002). Shoreline
sensitivity varies due to differences in tidal energy, shoreline slope, and substrate type with
exposed rocky shorelines (Rank 1) ranked as least sensitive and marshes and mangroves (Rank
10) ranked as most sensitive in the NOAA criteria (Peterson 2002; Santos et al. 2012).
Biological resources include areas with many distinct species, areas with large overall abundance
of organisms, and areas where vulnerable species reside (e.g., seabirds, turtles, and other
endangered species; Peterson 2002). These biological vulnerabilities may have a seasonal
component as certain life stages are more vulnerable than others and may only present for part of
the year (e.g., for breeding; Peterson 2002). Human-use components include historic sites and
public use areas such as parks and recreational beaches. Both categorical and quantitative ESIs
have been created for shoreline sensitivity to offshore spills specific to locations in the
Mediterranean Sea (Adler and Inbar 2007; Castanedo et al. 2008; Fattal et al. 2010; Olita et al.
2012; Santos et al. 2013a; Santos et al. 2013b; Alves et al. 2014; Maitieg et al. 2018), GoM
(Nelson et al. 2015; Nelson and Grubesic 2018), Brazil (Carmona et al. 2006; Szlafsztein and
Sterr 2007; Romero et al. 2013), and Asia (Lan et al. 2015; Lee and Jung 2015). Environmental
sensitivity is also regularly calculated using ESI methods by the Bureau of Ocean Energy

Management (BOEM) for its Oil and Natural Gas Planning Program assessment (Niedoroda et
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al. 2014; BOEM 2018a; Orr et al. 2018). However, these analyses may not be sufficiently
spatially disaggregated to identify discrete, sensitive areas worthy of increased scrutiny. As well,

they are difficult to compare across planning districts.

This study creates offshore ESIs to add to the existing suite of ESIs previously created
and published for the coastal areas of the GoM. Offshore waters in the GoM contain
heterogeneously distinct biological resources and human-use resources which can be threatened
during large scale oil spills. Commercially important fish and shellfish species, ecologically
important forage fish species, deep-sea corals, sea birds, and endangered mammal and turtle
species are all found in offshore GoM waters (Felder et al. 2009; Sutton et al. 2017; Frasier et al.
2020; Perlin et al. 2020; Pulster et al. 2020). Up to half of known fish species in the GoM occur
in mesopelagic deep waters and new species are being encountered there regularly as sampling
effort expands (Sutton et al. 2020). These resources all have demonstrated lethal and sub-lethal
effects from exposure to oil (Antonio et al. 2011; Carmichael et al. 2012; Schwacke et al. 2014;
Tran et al. 2014; Etnoyer et al. 2016; Kinlan et al. 2016). Additionally, many economically
important species of fish spawn in open waters (Chancellor 2015) and their larval life stages are
particularly vulnerable to oil (Carls et al. 1999; Incardona et al. 2004; Hicken et al. 2011;
Incardona et al. 2013). Primary production in offshore waters, although not as intense as in
coastal waters nevertheless contributes to fishery production in the deep sea (Friedland et al.
2012). Human uses of resources in offshore waters include commercial and recreational
fisheries, commercial shipping and cruise lines, military exercise areas, oil and natural gas
extraction, renewable energy infrastructure, marine protected areas (MPAS) and other uses

(Edgar et al. 2007; McCrea-Strub et al. 2011; BOEM 2018a, b).
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The ESIs developed in this study combine quantitative spatial distributions of resources
from disparate sources to create cumulative ESIs (C-ESIs). The spatial resolution relevant to the
development of the C-ESI metrics and modeling of tradeoffs between extractive activities and
resource conservation is necessarily a tradeoff of precision vs. the availability and usefulness of
fine scale data. Too coarse a resolution (e.g., by BOEM planning districts) will not lead to the
identification of significant ecological or economic “hot-spots” as candidates for special
attention. Too fine a spatial scale is challenging to populate with data and may result in an
intractably large optimization problem. For the purposes of this dissertation, | have chosen to
summarize data by grid cells on the 0.5°x0.5° latitude/longitude resolution or 1°x1°
latitude/longitude resolution scale which is a reasonable first pass compromise for the level of
granularity to balance precision and access to data. This study takes a quantitative, cumulative
approach to C-ESI formulation using a multi-attribute utility model (MAUM; Huber 1974) to
quantify sensitivities of spatially explicit offshore areas across many resources without having to

subjectively concatenate maps of the individual species or human-use components of the C-ESls.

Each grid cell in the C-ESI is assigned a score via a MAUM equation. In an MAUM, the
overall value, or utility, of a system is calculated by the weighted sum or product of the
individual utility values for a set of separate and potentially contradictory attributes. The overall
utility value is a score of how well the system meets multiple objectives or satisfies the needs of
multiple stakeholders (Huber 1974). In the health industry, for example, MAUMSs are used to
assign patients an overall health index based on a suite of independent health attributes (e.g.,
vision, hearing, speech, ambulation, dexterity, emotion, cognition, and pain/discomfort).
Individual patients are assigned a semi-quantitative value of 0 to 6 in each of the health attributes

and these attribute scores are substituted into the utility function to give an overall health index
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per patient (Feeny et al. 2002). MAUMSs have also been used to appraise the overall
sustainability of banks using a framework to assess a suite of attributes across multiple

stakeholder priorities (e.g., regulators, shareholders, customers, employees; Rebai et al. 2012).

Similar to the human health and banking examples above, the environmental sensitivity
of a marine geographic location can be estimated both by the biological attributes extant at that
location and human dependence on the region that might be compromised by an oil well blowout
or other significant event resulting in biological and/or economic loss. A preliminary model of
this methodology was illustrated using three ecological variables and three economic (human-
use) indicators in Chapter 2. This original MAUM focused on the diversity of larval fishes
derived from abundance estimates from the Southeast Area Monitoring and Assessment Program
(SEAMAP) described in Chancellor (2015) in both offshore and coastal areas and revenue
estimates derived from vessel logbook data for coastal reef fisheries, highly migratory pelagic
fisheries, and shrimp fisheries. Larval fish are highly sensitive to oil-related pollution as they are
susceptible to physiological defects and mortality at exceedingly low concentrations of oil
exposure (Carls et al. 1999; Incardona et al. 2004; Hicken et al. 2011; Incardona et al. 2013).
Pollution from oil well blowouts would likely impact survival of a variety of species, varying
seasonally (Chancellor 2015). Revenue estimates from various fisheries represent the quantified
loss value of the human uses foregone in the event of an oil spill resulting in a fishery closure in

a specified area.

The objectives of the present study are (1) to expand the list of spatially-distributed
offshore resources developed in Chapter 2 to include the spatial probability distributions of
selected species (fish, mammal, and turtle), spatial distributions of species richness based on a
larger set of species’ probability distributions, and the spatial distribution of presence/absence of
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vulnerable deep-sea coral habitat, (2) to develop and demonstrate methodology for quantitatively
and qualitatively comparing the spatial dissimilarity among these offshore resources, (3) to
combine these spatially distributed resources into multiple cumulative ESIs (C-ESlIs), (4) to
evaluate individual resource components of the C-ESI to determine which resources are over- or
under-represented in the C-ESI and to identify tradeoffs between resource components and
provide potential guidance for applying weights to under-represented resource components, and
(5) to develop methodology for adding optional weights to an individual resource component or
a suite of resource components to create the C- ESls and to test the sensitivity of the C-ESI to the

addition of those weights.

While the weighting of attributes within the C-ESI lies outside of the scope of this
dissertation and historically requires semi-quantitative approaches based on expert opinion, three
weighted C-ESIs are created using three levels of weights as a demonstration of the sensitivity of
the C-ESI to weighting. These weights are applied to a subset of species within the ESI
identified as highly vulnerable by a preliminary vulnerability index being developed for fishes in
the GoM (Woodyard et al. 2022). An additional C-ESI with the weighting of one species is
created to confirm the weighting system performs as expected in prioritizing spatial units

containing weighted resources.

The C-ESIs and the relative contributions of their individual components created from
this study are used to identify “hot-spots” of resource sensitivity and to identify tradeoffs
between resources. Spatial distributions of resources and cumulative C-ESIs serve as inputs for
comparisons among oil spill scenarios (Chapter 4) and optimization network problems (Chapter

).
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3.2 Methods

Quantitative spatial distributions of offshore resources in the Gulf of Mexico were
created for 13 fish species, six mammal species, four sea turtle species, three species richness
groups, five commercial fisheries, ichthyoplankton total abundance, and deep-water coral reef
presence/absence. These distributions were combined to create five unweighted C-ESls and four
weighted C-ESlIs.

3.2.1 Species Selection (Fishes, Turtles, Mammals)

A total of 23 species were included in this study and are provided with their common and
scientific names in Table 3.1. Twelve fish species were selected based on their abundance
within the GoM and their commercial importance (Chen 2017). Selected commercially
important fish species include Atlantic sailfish, Atlantic bluefin tuna, Atlantic blue marlin,
Common dolphinfish, Greater amberjack, King mackerel, Red drum, Red grouper, Red snapper,
Striped mullet, Atlantic swordfish, and Great northern tilefish. Warmingii’s lanternfish was also
added as a representative mesopelagic fish due to their relatively high abundance in the GoM and
the importance of mesopelagic fishes generally as a prey species to many commercially
important species, for a total of thirteen fish species. Six mammal species were selected based
on their abundance within the GoM and the variation in their spatial distributions (Wirsig 2017);
Bottlenose dolphin, Pantropical spotted dolphin, Atlantic spotted dolphin, Sperm whale, Pygmy
killer whale, and False killer whale. Five of the seven species of sea turtles found worldwide are
found within the GoM (i.e., Kemp’s Ridley, Hawksbill, Loggerhead, Leatherback, Green;
Valverde and Holzwart 2017). | intended to include all five sea turtles found in the GoM but due
to an incomplete probability of occurrence spatial distribution for Green turtles, this species was

excluded from the creation of the C-ESls.
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3.2.2 Distributions of Probability of Species Presence

For the spatial distributions of species, | used probability of suitable habitat as a proxy for
probability of species presence. Suitable habitat identified through presence data and
environmental estimates can be used to develop species distribution models (SDMs; Elith and
Leathwick 2009; Drexler and Ainsworth 2013). This study used the publicly available SDMs of
suitable habitat developed by AquaMaps.org (Kaschner et al. 2010). AquaMaps is a joint project
of FishBase and SealifeBase which creates global-wide probability of occurrence spatial
distributions for species using occurrence data collected from multiple surveys combined with
environmental parameters (i.e., an environmental envelope). AguaMaps provides a spatial
probability distribution of the suitable habitat of a species for 1) the estimated native geographic
range, 2) a predicted Year 2050 native range based on predicted environmental parameters in
2050, and 3) suitable habitat where the species could potentially live. Environmental factors
included in the environmental envelope can include (1) Depth (m), (2) Temperature (°C), (3)
Salinity (psu), (4) Primary Production (mgC-m3-day™), (5) Sea Ice Concentration (0-1 fraction)
(not included in GoM), (6) Dissolved Bottom Oxygen (mmol-m), and (7) Distance to Land
(km) depending on the species and geographic location. The estimated native geographic range,
environmental parameters included in the species-specific envelope along with their acceptable
ranges for inclusion in the species range, and occurrence cells (with environmental parameter
measurements) are available for download as a .csv file for each species from AquaMaps.org.
Estimated native range probability is published at the 0.5° latitude/longitude grid resolution with

center points being located at X.25° and X.75° of latitude and longitude.

Estimated probability of occurrence for the native range was downloaded for all species

in June 2020. Predicted occurrence records outside of latitude range [17°N to 32°N] and
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longitude range [98°W to 80°W] for the Gulf of Mexico were removed. An intersection between
the remaining points and the International Hydrographic Organization (IHO) shape file for the
GoM (Figure 3.1; Flanders Marine Institute 2018) was performed in QGIS (QGIS Development
Team, 2020) using the Extract by Location tool in Vector Selection menu of the Processing

Toolbox. Two additional fields were created using the field calculator in QGIS:

1) Overall_Probability>0.50: Probabilities of less than 0.5 were converted to 0 as these were
considered unlikely to indicate presence, while probabilities greater than or equal to 0.5
maintained their original values. The 0.5 distinction is recommended by AquaMaps as species
are unlikely to occur in places where probability of suitable habitat is < 0.5. This 0.5 distinction
is also used to determine which species are included in their published species richness

estimations (See Section 3.2.4 below).

2) Proportion_of _Probability: Overall_Probability>50 for each point divided by the total sum
of the Overall_Probability>50 for all points. Proportion_of_Probability was calculated since
grid blocks with high probability of occurrence in a species with narrow spatial range are more
important than grid blocks with high probability of species presence in a species with a wide

spatial range.

These new fields were converted to a raster using the Rasterize tool in the Processing
Toolbox of ArcMap (ArcMap 2016). For each species, two rasters were created: 1) a raster of
the Overall_Probability>50 and 2) a raster of Proportion_of Probability. Two rasters were

created for each of the 13 fish species, six mammal species, and four sea turtle species.

Created rastered resources were visually checked for accuracy with some fish and turtle

species having an unexplained high probability value present at point [90.25°W, 25.75°N], while
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displaying zero probability for surrounding points. AquaMaps owners were contacted and
agreed that this point appeared to be in error. This point was removed using the Serval plugin in
QGIS. This change was made to a total of eight fish species distributions and three turtle
distributions (Red grouper, Greater amberjack, Golden tilefish, King mackerel, Red grouper, Red
snapper, Spanish mackerel, Striped mullet, Kemp’s Ridley, Hawksbill, Loggerhead). Final grids
for all species probability of occurrence are found in Appendix B.
3.2.3 Dissimilarity in Species Distributions

Dissimilarity between species distributions was calculated as the mean average difference
(MAD) between each species pair (Eq. 3.1). Since the grid cells of the distributions are
probabilities of occurrence (ranged 0 to 1), as opposed to species counts, the MAD method was
used as opposed to other measures of dissimilarity commonly used in biological datasets (e.g.,
Bray-Curtis). Pair-wise dissimilarity of the probability of occurrence values between mammal

and fish species was calculated using the Overall_Probability rasters.

The dissimilarity score between each pair of species is defined as:

She 2[(0P;x—0P j;)2abs[OverallProbability]
DissimilarityMAD = - : d Eq. 3.1

n

where OPj is the Overall_Probability score of species i at grid cell k, O is the
Overall_Probability score of the compared species j at grid cell k, and n is the total number of

grid cells in the distribution raster.

The dissimilarity score was found by creating a raster of the range for each pair of
distributions (r.series function in QGIS with GRASS (GRASS Development Team, 2020),
method = range) and then finding the mean of the values within the resulting raster within the

GoM (QGIS using the Zonal Statistics tool in the Raster Analysis menu of the Processing
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Toolbox, range as raster layer, IHO ocean (Fig3.1) as Vector layer containing zones, method =

mean). Dissimilarity scores were calculated between all fishes and mammal species.

A cluster map was produced using the seaborn package (Waskom 2021) on the set of
probability distribution rasters.
3.2.4 Spatial Distribution of Species Richness

This study created three rasters to spatially quantify species richness in the GoM.
Species richness for three groups (1) bony fishes, 2) mammals, 3) elasmobranchs is available for
download from AquaMaps at the 0.5°x0.5° latitude/longitude grid resolution. The species
richness for each grid cell is calculated as number of species for which the probability of

occurrence within that cell is > 0.5.

Species richness .csv files were accessed and downloaded from AquaMaps for all
categories in June 2020. Species richness estimations from AgquaMaps were based on suitable
habitat and not sampling, so species accumulation curves were not created. Species richness
point data inside latitude range [17°N to 32°N] and longitude range [98°W to 80°W] were
converted to raster files. An intersection between the remaining points and the shape polygon for
the GoM (Figure 3.1) was performed in QGIS using the Extract by Location tool in Vector
Selection menu of the Processing Toolbox. Species richness values for bony fishes ranged
between [2 and 1348], mammals ranged between [1 and 30], and Sharks/Rays ranging between
[1 and 104]. For direct comparison between the three species richness groups, an additional field

SpeciesRichnessindex was created for each species richness group such that:

SpeciesRichnessindexi = SpeciesRichnessi/max(SpeciesRichnessar). Eq. 3.2
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where i represents the value at grid cell i and all represents the array of the SpeciesRichness

values for all i values within the spatial domain.

The SpeciesRichnessIndex field then ranged from [0,1] for each species richness
distribution. For each species, two rasters were created: 1) a raster of the SpeciesRichness and
2) a raster of SpeciesRichnessindex using the Rasterize tool in the Processing Toolbox of

ArcMap.

Since the species richness datasets downloaded from AquaMaps are created from the
AquaMaps’ individual species distributions, the SpeciesRichness bony fish raster exhibited the
same data point anomaly at [90.25°W, 25.75°N], as did some of the individual bony fish
probability distributions. | manually edited this raster value to the average of the surrounding
raster values using the Serval plugin in QGIS. The mammals and elasmobranch species richness
files were unaffected.

Finalized rasters for the three species richness distributions are found in Appendix B.
3.2.5 Spatial Distributions of Commercial Fisheries Economic Value

This study estimated measures of economic dependence for five fisheries at the 1°x1°
latitude/longitude grid resolution: coastal species (reef fishes and small pelagic fishes), highly
migratory species, white shrimp, pink shrimp, and brown shrimp. The National Marine Fisheries
Service (NMFS) provided estimated revenue and landings at 1°x1° longitude/latitude resolution
for coastal species (years 2013-2017) and the three shrimp fisheries (years 2011-2016) and

estimated landings only for the highly migratory species (years 2013-2016).

The revenue and landing estimates for coastal reef fishes were aggregated by NMFS and

provided for this study at 1°x1° longitude/latitude resolution. The estimations performed by
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NMFS are detailed below and in Chancellor et al. (2020). Annual landings (pounds), reported to
the Southeast Coastal Fisheries Logbook Program, and estimates of annual revenues for
individual coastal species were assigned to each 1°x1° grid cell. Revenues were estimated by
multiplying aggregated annual trip-level landings for each species by annual average ex-vessel
prices from 2013-2017 (SAFE 2017). Ex-vessel prices represent the unit price paid at the time
of landing by fish dealers to fishers for harvested but unprocessed catch (so-called first-sale
value). Grids with less than three vessels reporting trip records were omitted to prevent

identifying proprietary confidential information.

A total of 59 species were included in the coastal reef fisheries estimates provided by
NMFS (Table 3.2). Estimated revenue was summed across each grid block for all species
(distribution hereafter referred to as CoastalSpeciesRevenue). The sum of the total estimated
coastal revenue for years 2013-2017 was $318M with the estimated revenue of the top three
species summing to 71% of the total revenue (top 3 species: Red snapper (37%), Red grouper
(26%), King mackerel (8%). The distribution of CoastalSpeciesRevenue by species and grid
block is found in Figure 3.2. For comparison between fisheries, an additional indexed field

named CoastalSpeciesindex was created such that:
CoastalSpeciesindexi = CoastalSpeciesRevenuei/sum(CoastalSpeciesRevenuear) Eq. 3.3

where i represents the value at grid cell i and all represents the array of the

CoastalSpeciesRevenue values for all i values.

The CoastalSpeciesindex point data were rasterized using the Rasterize tool in the
Processing Toolbox of ArcMap and the sum of the values in the raster is 1. This raster can be

found in Appendix B.
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The landing estimates for the highly migratory species (HMS) were aggregated by NMFS
and provided for this study at 1°x1° longitude/latitude resolution. The estimations performed by
NMFS are detailed below and in Chancellor et al. (2020). Landings for eight highly migratory
fish species (Table 3.2) were estimated by applying the proportion of numbers of individual
species caught in each 1°x1° grid cell, as reported to the Atlantic Highly Migratory Species
Fisheries Logbook Program, to total trip-level catch (pounds gutted weight). The resulting
landings for each HMS were aggregated for each grid cell annually from 2013-2016. Landings
were estimated for each grid cell in the same manner as described above for coastal species with
similar considerations to protect confidential proprietary information. The distribution of landed

pounds by species and grid cell can be found in Figure 3.3.

| estimated revenue for each grid cell from the provided landings by multiplying the
landings for each species by the average price from NMFS commercial landings in the GoM for
available years 2013 to 2016 (distribution hereafter referred to as HighlyMigratoryRevenue).
For blue shark and porbeagle shark, the average price per pound for ‘general sharks’ was used, as
no specific information was available for them. The top five ordered species ranked by the total
pounds were 1) Yellowfin tuna, 2) Swordfish, 3) Albacore tuna 4) Bigeye tuna, 5) Bluefin tuna
(from most to least). The addition of the price per pound changed the ranked order of the
HighlyMigratoryRevenue to 1) Yellowfin tuna 2) Swordfish, 3) Bluefin tuna, 4) Bigeye tuna,

5) Albacore tuna (from most to least).

For comparison between fisheries, an additional indexed field named

HighlyMigratorylndex (HMIndex) was created such that:

HMIndexi = HighlyMigratoryRevenuei/sum(HighlyMigratoryRevenuean) Eqg. 3.4
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where i represents the value at grid cell i and all represents the array of the

HighlyMigratoryRevenue values for all i values.

The HighlyMigratorylndex point data was rasterized using the Rasterize tool in the
Processing Toolbox of ArcMap and the sum of the values in the raster is 1. This raster can be

found in Appendix B.

Shrimp fishery revenue estimates were aggregated by NMFS and provided for this study
at the 1°x1° longitude/latitude resolution. The estimations performed by NMFS are detailed
below and in Chancellor et al. 2020. Landings for the three dominant species of shrimp (white,
brown, pink) were estimated from landings reported to the Gulf of Mexico Shrimp Permit
Cellular Electronic Logbook program during years 2011-2016 and from price per pound reported
by port agents and trip tickets (Species names in Table 3.2). Revenue was estimated as pounds
landed multiplied by the price per pound and provided at the 1°x1° latitude/longitude grid
resolution (referred to hereafter as BrownShrimpRevenue, WhiteShrimpRevenue,

PinkShrimpRevenue).

The combined estimated revenue for years 2011-2016 for all three species was $1.77
billion with brown shrimp summing to $999 million, white shrimp summing to $675 million, and

pink shrimp summing to $100 million.

For comparison between fisheries, an additional indexed field for each species was

created such that:

BrownShrimpIndexi = BrownShrimpRevenuei/sum(BrownShrimpRevenuean) Eq. 3.5

WhiteShrimpIndexi = WhiteShrimpRevenuei/sum(WhiteShrimpRevenuea) Eqg. 3.6
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PinkShrimplndexi = PinkShrimpRevenuei/sum(PinkShrimpRevenuean) Eq. 3.7

where i represents the value at grid cell i and all represents the array of the corresponding

ShrimpRevenue values for all i values.

The ShrimpIndex point data was rasterized using the Rasterize tool in the Processing
Toolbox of ArcMap and the sum of the values in the raster is 1. These rasters can be found in
Appendix B.

3.2.6 Southeast Area Monitoring and Assessment Program (SEAMAP) Larval Abundance

This Gulf States Marine Fisheries Commission initiative is a 35+ year fisheries-
independent ichthyoplankton dataset comprising of seasonal surveys in the northern GoM.
Ichthyoplankton and egg counts per bongo or neuston tow are recorded along with location,
depth, and total water filtered. Ichthyoplankton samples are identified to the lowest taxonomic

level possible (Rester 2012; Lyczkowski-Shultz et al. 2013).

Ichthyoplankton counts and taxonomy were used to create an overlapping 1° latitude x 1°
longitude grid of estimated abundance by species for the GoM. Samples included came from
seasonal surveys from 2000 to 2015 collected via bongo nets. Standardized abundance was
calculated for each sample as the estimated number of organisms under a 10 m? surface area.
These standardized abundances were then aggregated across all years and all samples within
each 1°x1° grid and divided by the total number of samples within that block. More information
regarding the sampling techniques, species selection, and standardized abundance calculations
from raw counts can be found in Chancellor (2015). A total of 58 species of larval fishes were

included in the calculations (Table 3.3).
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The distribution of the standardized abundance (StanAbundance) is heavily skewed left
with few very high values and is distributed at the 1°x1° longitude/latitude resolution (Figure
3.4B) while the distributions of the Proportion_of Probability rasters for the fish, mammal,
and turtle species are skewed right and are created at the 0.5°x0.5° longitude/latitude grid

resolution (Figure 3.4A).

To create a comparable presence/absence distribution for the larval fish which could then
be combined with other rasters, | created a LarvalPresence field such that all values above or
equal to the median StanAbundance were set to the median StanAbundance and all values less

than the median conserved their values:

LarvalPresencei = StandAbuni when StandAbuni < median(StandAbunan)

and

LarvalPresencei = median(StandAbunai) when StandAbun; >= median(StandAbunai) Eqg. 3.8

Then | created a Larvallndex field such that:

Larvallndexi = LarvalPresencei/sum(LarvalPresencear) Eq. 3.9

where i represents the value at grid cell i and all represents the array of the corresponding
LarvalPresence values for all i values. | converted the Larvallndex from the 1°x1°
latitude/longitude grid resolution to the 0.5°x0.5° latitude/longitude grid resolution by dividing
the Larvallndex value by four and assigning it to each of the four 0.5°x0.5° latitude/longitude
grid resolution blocks within the original 1°x1° block. The final distribution of the Larvallndex
field is skewed right, sums to 1, and has a 0.5°x0.5° latitude/longitude grid resolution

comparable to the proportion of suitable habitat of the individual species (Figures 3.4A, B)
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The Larvallndex field was converted to a raster using the Rasterize tool in the
Processing Toolbox of ArcMap (Appendix B).
3.2.7 Deep-Sea Coral Habitat

Presence data for deep-sea soft and stony corals is publicly available for the Gulf of
Mexico region via the NOAA Deep-Sea Coral Data Portal (NOAA 2020) which is funded in part
by NOAA’s Deep-Sea Coral Research and Technology Program (DSCRTP). The standard
download file contains the following fields: catalog number, data provider, scientific name,
vernacular name category, taxonomic rank, station, shallow flag, observation date, position
(latitude, longitude), locality, location accuracy, depth, depth method, repository, identification
qualifier, sampling equipment, record type, event ID, survey ID, dataset ID, and sample ID. The
standard download file for the GoM was downloaded in April 2020. Catalog number records
were identified as stony or soft based on their scientific name and vernacular name category.
Records within the GoM study area were selected from the full data download in QGIS using the
Extract by Location tool in Vector Selection menu of the Processing Toolbox with the IHO shape
file for the GoM (Figure 3.1; Flanders Marine Institute 2018). These points were converted to a
0.5°x0.5° latitude/longitude raster with a value of 1 if at least one coral was present in the grid
cellsand 0 if not. This raster was created using the Rasterize tool in the Processing toolbox of
ArcMap and was snapped to an existing 0.5°x0.5° raster for species distribution using the
Processing Extent option. Lack of identified presence in a grid cell was treated as a confirmed
absence, due to the relatively complete coverage of the surveys and the relatively large size of
the grid cells. This raster was converted to a proportion of habitat raster by dividing the presence
value of 1 by the total number of grid cells within the GoM study area where corals were

identified (n=194). The scores for this new raster sum to 1 and are similarly comparable to the
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spatial distributions of proportion of habitat for the individual species and larval fish. This raster

can be found in Appendix B.

3.2.8 Creation of Cumulative Environmental Sensitivity Indices (C-ESIs)

This study created seven candidate Cumulative ESIs (C-ESIs) combined from the
resource distribution rasters and a published Python script which can be used to generate

additional C-ESls from a set of input resource distribution rasters and a list of optional weights.
The C-ESIs created in this study are:

Mammals C-ESI — unweighted

Turtles C-ESI — unweighted

Fish species C-ESI — unweighted

Fish species C-ESI — weighted (four levels)

Species Richness C-ESI — unweighted

Commercial Fisheries C-ESI — unweighted

Mammals, Turtles, Fish, Larval abundance, Corals C-ESI — unweighted

NoabkowhE

The Cumulative Sensitivity equation was modeled as a multi-attribute linear utility function
(Huber 1974) combining the resource attributes such that the Cumulative Sensitivity (CS) at grid

cell jis:

CS; = Xk x (V) IN Eq. 3.10

where N is the number of included sensitivity attributes, k; is the optional weight coefficient
assigned to the ith resource attribute, and Vl;j is the indexed score of the ith resource attribute at
grid cell j. The resolution of the C-ESI raster is the same as the resolution of the input attribute

rasters. For all of the C-ESIs except for the Species Richness C-ESI (ID 5), the value of each
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grid cell in the C-ESI represents the proportion of the value of the C-ESI within that grid cell.

The sum of the values of all the cells within each C-ESI sum to one.

For the Species Richness C-ESI, the Cumulative Sensitivity (Eq. 3.10) is a function of the
three indices (each ranging [0,1]). The value of each grid cell in the Species Richness C-ESI
theoretically ranges [0,1]. A grid cell with a CS; = 1 would represent a grid cell with the
maximum species richness for each included layer. The sum of the values of all the cells within

the Species Richness C-ESI sum to 227.331.

The C-ESI rasters were created from the summation of the resource distribution rasters
using the r.series command from the GRASS package in QGIS. The r.series (method: sum;
weights: array of weights) command performs a selected calculation on a set of rasters with a set
of optional provided weights.

3.2.9 Contribution of Individual Components and Identifying Tradeoffs

For each C-ESlI, the score for each grid cell is a cumulative score from the resource
rasters. | ranked the scores from the C-ESI for the grid cells from highest to lowest and graphed
the resulting cumulative distribution to visually represent the degree of variation within the C-
ESI scores (See Section 3.3.3 below). To identify which components are contributing the most
(or least) to the final score, | graphed the cumulative distribution of each of the individual
components (See Section 3.3.3 below). The graphing of the individual components was
performed in Python using the seaborn package for each of the C-ESIs.

3.2.10 Weighted Fish Species ESIs and Exploration of Sensitivity
The CS function identified in Eg. 3.10 contains an optional weighting component that

was set to one for all resources in the unweighted C-ESI scenarios. Four weighted C-ESIs were
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created to demonstrate the functionality of the weighting component in the C-ESI creation

process and explore the sensitivity of the C-ESI to the weighting of one or multiple resources.

Species-specific vulnerability to petrochemical exposure is not known for all species, but
species-specific vulnerability can be estimated by using a trait-based framework to rank relative
vulnerability and identify sensitive species (Polidoro et al. 2020; Schwing et al. 2020; Murawski
et al. 2021; Sarrazin et al. 2021). Within the framework described in Polidoro et al. (2020), 18
species-specific traits in the categories of likelihood of exposure (due to habitat), individual
species sensitivity (characteristics of the species), and population resistance (characteristics of
the population), were identified and defined to categorize species vulnerabilities. This
framework of identified traits was applied to GoM fishes in Woodyard et al. (2022).
Vulnerability scores for the 13 selected fish species were provided by Polidoro and Woodyard in
2021 as part of a preliminary unpublished assessment for use in creating the weighted C-ESIs
used in this study. For the purposes of the weighted C-ESIs, | divided the species into two
categories based on their provided ranking (eight species defined as high vulnerability and five

species defined as medium vulnerability).

The weighted C-ESIs were created with the same fish species and methodology as the
unweighted C-ESIs. One C-ESI was created to establish the functionality of the weighting
process and sensitivity of the addition of weight to one species. In this C-ESI, the lanternfish
component was heavily weighted (weight of 10), and other fish species components maintained a
weight of 1. Lanternfish may be an important indicator species for diel vertical migrating
mesopelagic species that are likely quite vulnerable to oil spill effects (Romero et al. 2018) and
were likely highly impacted by DWH (Sutton et al. 2020). | chose lanternfish as the single
weighted species for the potential use of this C-ESI as indicator of the vulnerabilities of
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mesopelagic species and because their distribution was the most unlike that of the other included
fish species due to their deep-water presence and therefore a change in their weighting would be

expected to have the largest noticeable impact on the final C-ESI.

Three additional C-ESlIs were created to evaluate the sensitivity of the C-ESI to the
weighting of a suite of species (fish species previously defined as high vulnerability). For these
weighted C-ESls, | used three levels of weighting for the highly vulnerable species (weight = 2,
4, and 8) and maintained the weight of 1 to the medium vulnerable species. These weights were
applied as the ki coefficients in Eq. 3.10.

3.2.11 Note for successfully running published scripts

This script and the other scripts published in this study were written in the Python Console
plugin in QGIS Desktop 3.8.0 with GRASS 7.6.1. These scripts must be run in a Python
environment and will not run in QGIS without GRASS enabled. In addition, the pandas, numpy,
and seaborn dependencies were used in the scripts published in this study which must be loaded

into any Python environment.

For this study I installed QGIS with GRASS using the OSGeo Installer (QGIS Installers,
2020). I installed third party package dependencies in the OSGeo4W Shell using the procedures

found in Yusuf (2018).

3.3 Results

3.3.1 Spatial Distributions of Offshore Resources

A total of 33 resource raster distributions were created for use in combining ESls (Table
3.4, Appendix B). Rasters created for larval abundance, deep-sea coral, and fish, mammal, and
turtle species have values that sum to one over the entire distribution as the values represent

proportion of suitable habitat. Rasters created for the three species richness categories and the
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five economic fisheries have grid cells that range from 0 to 1, as they are calculated on a [0,1]
index.
3.3.2 Dissimilarity in Species Distributions

A dissimilarity score was calculated using mean average difference (MAD) for each pair
of probability of occurrence distributions for the fish and mammal species. This dissimilarity
score represents the mean difference between two corresponding grid cells from a pair of
probability distribution rasters (i.e., lower scores indicate higher similarity; Figure 3.5A). Pair-
wise dissimilarity scores between species ranged from [0.03,0.8]. Species pairs with the lowest
pair-wise dissimilarity scores (and therefore indicated higher similarity) were Red snapper and
Greater amberjack (0.03), Pantropical spotted dolphin and False killer whale (0.05), King
mackerel and Red snapper (0.07), Dolphinfish and Atlantic spotted dolphin (0.08), and King
mackerel and Greater amberjack (0.08). Species pairs with the highest pair-wise dissimilarity
scores were Sperm whale and Greater amberjack (0.8), Sperm whale and Red snapper (0.8), and

Sperm whale and King mackerel (0.78).

The average pair-wise dissimilarity score was also calculated for each species with Sperm
whale, Lanternfish, and Swordfish having the highest average dissimilarity scores respectively
(Figure 3.5A). This average dissimilarity score provides a measure of how different these
species distributions vary from the suite of other included species. Sperm whale and lanternfish
had a pair-wise dissimilarity score of 0.13 showing that while they differed the most from the

other included species, they were relatively close in similarity to each other.

The cluster map was created for the probability distributions of fish and mammal species
as a more qualitative view of the dissimilarity between distributions (Figure 3.5B). The cluster
map identifies in a hierarchical way the relationships of species (x-axis) and of site locations (y-
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axis). For example, the three most similar pairs of species are Pantropical spotted dolphin/False
killer whale, Swordfish/Bluefin tuna, and Red snapper/Greater amberjack respectively (Figure
3.5B). This cluster map has the advantage over the dissimilarity scores in indicating the complex
relationships among all species and site groups. There are three major groupings of species in
the hierarchy, corresponding to (1) deep water mammal species and lanternfishes, (2) large
pelagic bony fishes and (3) coastal/continental shelf species.
3.3.3 Cumulative Environmental Sensitivity Indices (C-ESIs)

Six unweighted C-ESIs were created during this study from different sets of input rasters
(Table 3.5). Each finalized C-ESI is a raster in the same resolution as the input rasters and can
be found in Appendix B. The finalized C-ESlIs varied both in the number of grid cells identified
as “hot-spots” and the spatial distribution of the “hot-spots” with many C-ESIs showing “hot-

spots” on the continental shelf.

The scores from the C-ESI grid cells were ordered from greatest to least and the
cumulative sum of the scores was graphed for each C-ESI. The scores from the individual
components were also graphed for each C-ESI. In a scenario where all the C-ESI scores for all
grid cells were equal, this would result in an y = x distribution line. The steepness of the slope of
the initial line represents the variance in the C-ESI scores, with C-ESI scenarios with a very
steep slope indicating the presence of very important grid cells (e.g., “hot-spots” of distribution),
with a more flat line (x-y bisector) indicating more uniform distributions. Additionally, for each
C-ESI, I also graphed the cumulative distribution of the individual components ordered by the
scores of the total C-ESI. This graphing of the individual components serves as a visual

representation of which components are best represented by the C-ESI. The steeper the slope of
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the individual component, the more the distribution of that component is represented by the C-

ESI.

The mammals C-ESI, which included probability of occurrence distributions for six
species, had the highest C-ESI scores along the continental slope in the northern GoM as well as
the continental slope on the western side off the Yucatan Peninsula (Figure 3.6). The cumulative
sum of the individual components shows that the Pygmy killer whale, Pantropical spotted
dolphin, and False killer whale were the best represented by this C-ESI as the cumulative
distribution of these individual components had the steepest graphed slope (Figure 3.6). Ina
second group, Bottlenose dolphin and Atlantic spotted dolphin had the next steepest (and similar)
slopes, followed by the Sperm whale. The Sperm whale has the distribution most unlike the

other species, and the widest range, corresponding to a relatively low total C-ESI score.

For the Turtles C-ESI, the highest hotspot areas were located on the continental shelf to
the slope break and occurred in areas shallower than as in the Mammals C-ESI (Figure 3.7). The
slope of the cumulative sum was also steeper than that of the Mammals C-ESI. This steepness
indicates that there is more variation within the Turtles C-ESI scores than the Mammals C-ESI.
The corresponding individual component graph shows three species of turtles that are very
similarly represented (Loggerhead, Kemp’s Ridley, and Hawksbill) but with one species less
well represented (Leatherback). Like the Mammals C-ESI example, these three species of turtles
have more similar distributions in terms of overall size and location of range, while the

Leatherback turtle has a wider range and is therefore less well represented in the C-ESI.

The Fish species C-ESI also identified “hot-spots™ on the continental slope and on the

shelf break but there was more variation between adjacent grid cells within these areas compared
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to the Mammals and Turtles C-ESIs due to the increased number of species included (Figure

3.8).

The Fish Species C-ESI was chosen to demonstrate both the functionality of weighting
different resource features and the sensitivity of the C-ESI to the addition of weights. In the
initial cumulative distribution of the resource components for the Fish Species C-ESI, the
lanternfish species was found to be the least represented with the shallowest slope (Figures 3.9
A). This species, like the sperm whale, is least represented because it has the distribution most
unlike the other combined species and a large geographic range. To test the expected
functionality of adding weights to the C-ESI, | weighted the lanternfish species at two levels
(weight = 10, 20) while maintaining the weight of 1 for the other fish species. If the algorithm
performed as expected, the resulting C-ESI with high lanternfish weights should favor the
lanternfish distribution and prioritize offshore waters that indicate lanternfish presence. |
expected that the individual component line for the lanternfish would be steeper than that of the
other species. These expected results were realized as can be seen in the graph of the individual
components for the Lanternfish weighted scenario vs the unweighted Fish Species scenario
(Figure 3.8; Figure 3.9A). In the Lanternfish weighted scenario, grid cells containing both
lanternfish and other species were prioritized first (e.g., Golden tilefish) but then cells containing
only lanternfish were selected over grid cells containing other species which is demonstrated by
the dramatic flattening of the component lines of the other fish species (Figure 3.9A). This effect
was seen in both weighting scenarios (weight equal to 10 and 20) with the effect being more

extreme in the weight = 20 scenario as expected.

Once the functionality of adding the weights was established, | then created three
additional C-ESIs with varying weights applied to the suite of eight preselected “highly
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vulnerable” species to observe the sensitivity of the C-ESIs to these weights (weights: 2, 4, and
8). As the weights of these eight species were increased, the C-ESI scores on the slope increased
while the C-ESI scores for the grid cells on the shelf decreased (Figure 3.8). Resource
components for species that were weighted in these scenarios were marked by a solid line, while
resource components for species that remained unweighted were represented by a dashed line
(Figure 3.9B). When the resource components were graphed, there was less noticeable
movement between the resource component lines than with the weighted Lanternfish example.
This was primarily due to the equal weighting of each of the vulnerable species and the
conflicting spatial distributions between species that were similarly weighted. Some weighted
species did see increases in their C-ESI representation (Golden tilefish, Warmingii’s lanternfish,
Atlantic blue marlin), while the representation of the other weighted species stayed about the
same or decreased marginally (King mackerel, Greater amberjack, Red snapper). Some of the
unweighted species did see decreases in their representation (Red drum, Striped mullet), while
one unweighted species, Red grouper, increased their representation, probably as a byproduct of
having a similar distribution to one or more weighted species. There were four species that had
very straight slopes closest to y = x due to their widespread distribution, two weighted (Common
dolphinfish and Atlantic swordfish) and two unweighted (Atlantic sailfish and Atlantic bluefin
tuna) and these remained mostly unchanged within all the weighting scenarios. | created another
run with a weight of 25 which seemed virtually identical to the run with a weight of 8, indicating

this was the convergent solution for the uniform weighting of this suite of species (Figure 3.9B).

The Species Richness C-ESI was comprised of the three species richness rasters for 1)
ray finned fishes, 2) sharks and rays, and 3) mammals. The highest C-ESI areas traced the

continental slope break which occurs as an overlap area for many species’ distribution (Figure
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3.10). The slopes of the cumulative sum of the individual resource components show that the
Ray finned fishes were the most represented in the C-ESI followed by the Sharks and Rays, and

then Mammals, but all three were well represented.

The Fisheries C-ESI (1D 6) differed from the other C-ESIs created in this study due to its
1.0°x1.0° resolution (versus the 0.5°x0.5° resolution of the other C-ESIs) and its spatial
coverage. The spatial coverage of this C-ESI was only in the northern GoM (e.g., no current US
fisheries in Mexico or Cuban waters and spatial data for fisheries landings unavailable for
Mexico and Cuba). This C-ESI was created from five layers: coastal species fisheries, highly
migratory species fisheries, and the brown shrimp, pink shrimp, and white shrimp fisheries. The
three shrimp fisheries were created as separate layers due to their very different spatial
distributions (Appendix B). These resources also differed in their absolute revenue levels, with
estimated combined revenue between 2011-2016 for the brown, white, and pink shrimp landings
equal to $999 million (M), $675M, and $100M respectively and coastal species fisheries
estimated combined revenue from landings equal to $318M between 2013-2017. These fisheries
resource layers were treated as unweighted using a relative index to avoid heavy bias towards the
more valuable brown and white shrimp industries. The brown shrimp fishery occurs mostly in
the western GoM with additional landings occurring in the central GoM. The majority of the
white shrimp landings are from the central GoM. The majority of the pink shrimp landings were
reported from one grid cell on the west Florida Shelf and this grid cell expectedly received the
highest score in the combined C-ESI. The final Fisheries C-ESI has good coverage with visible
“hot-spots” where all three of these shrimp fisheries primarily occur (Figure 3.11). We see the

same results in the component graph, where the very first grid cell selected is the grid cell with
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approximately 60% of the pink shrimp revenue. The other four resource layers are well

represented with all slopes greater than 1.

An additional C-ESI (named “All Layers”, ID 7) explored the incorporation of more
features into the C-ESI and to test if these features could still be well represented. For this C-
ESI, I combined rasters for all fish, mammal, and turtle species, and rasters of suitable habitat for
the larval abundance of fishes and deep-sea corals for a total of twenty-five layers (Figure 3.12).
Generally, the species that were well represented in their previous C-ESIs were still well
represented even when combined with the additional layers. The sperm whale was the least well
represented mammal species in the Mammals C-ESI and the least well represented species
overall in the “All Layers” C-ESI. Tilefish were the most well represented species in the Fish
Species C-ESI and the most well represented species overall in the “All Layers” C-ESI.
Lanternfish were the least well represented species in the Fish Species C-ESI and were the least
well represented fish species in the “All Layers” C-ESI. Leatherback sea turtles were the least
well represented turtle species in the Turtles C-ESI and were still the least well represented turtle
species in the “All Layers” C-ESI. In the two new layers that were created, larval fish were

under-represented while deep-sea corals were well represented by the “All Layers” C-ESI.

3.4 Discussion

A variety of fishery-independent sampling data and fishery landings describe various
aspects of biodiversity resources and can be combined to develop ESIs for the increasingly
important deep-water areas of the GoM. The objective of this study was to demonstrate a
methodology for converting disparate information sources for offshore resources into spatially-
distributed grids (rasters) of the same resolution, standardizing the values within the grids to be
quantifiably comparable, and then combining quantifiably comparable grids to create cumulative
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ESlIs (C-ESIs). These C-ESIs can then be used to identify “hot-spot” areas that may be
especially vulnerable to deep-water oil spills. Such information can be used in initial
determination of where and where not to site oil and gas facilities and to inform oil spill
responders in the event of significant spills. The C-ESIs created in this study show vulnerability
“hot-spots” in areas where deep sea oil drilling is taking place or proposed. C-ESIs created via
this method can then be used as a potential decision-making tool when identifying areas and
resources most at risk for an oil-well blowout or for special attention during oil spill responses.
The C-ESIs created in this chapter also serve as necessary inputs for further analysis when
comparing these resource layers to hypothetical oil spill scenarios (Chapter 4) and for
optimization networks of areas potentially to be reserved from oil and gas development using the

Marxan spatial planning tool (Chapter 5; Ball et al. 2009).

The majority of the C-ESls created from this study are unweighted, but the addition of
weights to some resources may be desirable and that functionality is demonstrated through the
creation of several weighted C-ESIs. The weighting of one or multiple resources may be
desirable due to either the increased vulnerability or importance of the specific resource(s) or
because the resource(s) may be underrepresented within the C-ESI. In particular, offshore
mesopelagic species, represented by a typical lanternfish species, may be particularly vulnerable
to oil spills, with little resilience once polluted (Romero et al. 2018; Sutton et al. 2020). In this
case, up weighting this species seems particularly important to the overall outcome especially
since the majority of USA oil production in the GoM now comes from waters >1,500 m, which

overlaps the distribution range of lanternfishes almost exactly (Murawski et al. 2020).

Species-specific vulnerability assessments often are scored as a combination of life
history traits contributing to a species’ individual vulnerability as well as a probability of
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exposure score (Polidoro et al. 2021; Murawski et al. 2021). This study used preliminary
vulnerability assessment scores based on previous frameworks (Woodyard et al. 2022) to weight
a suite of GoM fishes by vulnerability score. The C-ESI created from weighting a suite of
species was robust to changes in weights with the final C-ESI of the weighted fish species (ID 4)
being comparable to the C-ESI for the unweighted fish species (ID 3), even at high levels of
weighting (Figure 3.8, Figure 3.9 A, B). This is likely due to the number of weighted species (8
of 13) and the conflicting distribution ranges of the weighted species. A smaller number of
weighted species, or weighted species with similar distribution ranges would likely result in a
more significant change in the final C-ESI. Weighting an individual resource component may
also be desirable if the resource component is more valuable than other resource components.
For example, in the Fisheries C-ESI (ID 6) where the Brown Shrimp revenue is larger than the
revenues of the other industries, a C-ESI looking at the total Revenue for fisheries in the GoM

may want to weight these resources proportionally.

The weighting of individual resource components may also be desirable if a single
resource component, or suite of resource components, is under-represented by the C-ESI. This
can happen in situations where multiple resource components have similar distributions, leading
to other resource components being under-represented. This study includes two tools that can be
utilized in the potential determination of weighting an under-represented resource component.
The first is to graph the individual components of the C-ESI and the second is to evaluate the
dissimilarity between two or more resource components via a dissimilarity score or cluster map
(e.g., Figure 3.5B) to interpret the individual component graph and make decisions regarding the

weighting of individual resource components.
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C-ESI scores for individual grid cells were ordered from greatest to least for each C-ESI.
The cumulative sum was graphed for each C-ESI giving a measure of the variation of the C-ESI
scores, as cumulative sum graphs with steeper slopes indicate more variation in the C-ESI scores.
A uniform C-ESI would result in a slope of y = x as all C-ESI scores would have the same value.
The cumulative sum of the resource components was graphed as it accumulates within the
ordered C-ESI grid cells. The graphing of the individual components serves as a visual
representation of which components are under-represented by the C-ESI. The steeper the line of
the individual component, the more the distribution of that component mimics the distribution of
the C-ESI. Resource component lines with shallow slopes represent resources that are being
under-selected for compared to other resources. Weighting of underrepresented resource
components would increase the slope of that line (and representation in the C-ESI of that
resource component) while flattening others. In the unweighted Turtles C-ESI (ID 2), three
species of turtles have more similar native ranges (size and location), while the Leatherback
turtle has a larger native range and is therefore less well represented. An increase in the
weighting of the Leatherback turtle species (e.g., due to its highly endangered status) within this
C-ESI would result in a more equitable representation of all four species within the C-ESI. This
result was demonstrated within the Fish Species C-ESI (ID 3) by the creation of a C-ESI where
Warmingii lanternfish were the only species weighted (Figure 3.9A). In the unweighted C-ESI,
the Warmingii lanternfish component had the shallowest slope and was the least well
represented. Changing the weight of the Warmingii lanternfish species to a weight of 10
increased the slope of that component so that it was the most well represented. A further
increase in the weighting of Warmingii lanternfish to 20 further steepened this slope while

flattening that of the other species.
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The component graph along with the dissimilarity scores and cluster map can also be
used to identify tradeoffs between species expected to occur if weights were added to one
species, or group of species. Species with similar distributions (low pair-wise dissimilarity
scores or clusters indicating high similarity) would be directionally impacted by the weighting of
one or more species in that set. The contribution to the C-ESI of species outside of that group
(and therefore their representation) would be lessened. In the Mammals C-ESI example, (ID 1,
Figure 3.6) the Pygmy killer whale, Pantropical spotted dolphin, and False killer whale were the
species most well represented by this C-ESI. This grouping is expected as Pygmy Killer whale,
Pantropical spotted dolphin, and False killer whale all have distributions with low dissimilarity
scores and are clustered together indicating similarity in their distributions (Figures 3.5 A, B).
Increasing the weight of Pygmy killer whale, Pantropical spotted dolphin, and/or False killer
whale would result in a steeper component line (and more representation) for all three of these
species while the contribution to the C-ESI of the other three species would lessen (and therefore
their representation). Dissimilarity scores and cluster map were developed in this chapter to
identify which species have similar distributions and therefore will respond to changes in
weighting together. An application of weights and subsequent examination of this component
graph could be used to identify weights such that all resource components were similarly well
represented. An obvious extension to this work would be to compute the average
sensitivities/resilience potential of the species components within the species clusters (Fig. 3.5B)
to see if various species groups indeed are deserving of particular attention due to their lack of

resilience potential. Thus, the “hot-spot” becomes a species group and not a single species.

The C-ESIs created via these methods demonstrates that C-ESls with different suites of

included resources (e.g., fishery components versus mammal distributions) result in spatially
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different C-ESI distributions (e.g., Mammals C-ESI vs. Fisheries C-ESI (Figure 3.6, Figure
3.11)), different distributions of the same resources would also be likely to create spatially
different C-ESIs. This study used probability of suitable habitat as a proxy for probability of
occurrence, but this likely does not scale with abundance. For example, while AquaMaps
reported red grouper occurrence data in the western GoM (Figure 3.13), other studies have
shown that red grouper were not found there and were found in higher abundances on the west
Florida shelf (Figure 3.14; Murawski et al. 2018). The included species, larval, and coral
distributions treat all grid blocks with probability of occurrence = 1 as being equally important to
a species, which makes these layers easily comparable. A similar C-ESI model which used
standardized abundance estimates would potentially produce different results thus implying that
there are other determinants of spatial distribution not included in the AquaMaps algorithm of

habitat suitability.

The information created in this chapter is used in subsequent chapters to model the
potential impacts on sensitive species to theoretical oil spills and to consider the selection of
areas to reserve from future development activities owing to the occurrence of sensitive species

(Chapters 4 and 5).

The methodology in this study is presented along with the published Python scripts for
the creation of the C-ESIs and for the graphing of the component resources from a set of

resource component rasters and optional weights.
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3.5 Tables

Table 3.1 Common and scientific names for selected species whose individual probability of
occurrence distributions were included in this study. Species abbreviations are used in

subsequent Figures.

Category Genus Species Common name Abbreviations
Fish Ceratoscopelus ~ warmingii Warmingii's lanternfish W.lantern
Fish Istiophorus albicans Atlantic sailfish A.sailfish
Fish Thunnus thynnus Atlantic bluefin tuna B.tuna

Fish Makaira nigricans Atlantic blue marlin B.marlin
Fish Coryphaena hippurus Common dolphinfish Mahi-mahi
Fish Seriola dumerili Greater amberjack G.amberjack
Fish Scomberomorus  cavalla King mackerel K.mackerel
Fish Sciaenops ocellatus Red drum R. drum
Fish Epinephelus morio Red grouper R. grouper
Fish Lutjanus campechanus Red snapper R. snapper
Fish Mugil cephalus Striped mullet S. mullet
Fish Xiphias gladius Atlantic swordfish Swordfish
Fish Lopholatilus chamaeleonticeps ~ Great northern tilefish Tilefish
Turtle Lepidochelys kempii Kemp's Ridley Kemps
Turtle Eretmochelys imbricata Hawksbill Hawksbill
Turtle Caretta caretta Loggerhead Logger
Turtle Dermochelys coriacea Leatherback Leather
Mammal  Tursiops truncates Bottlenose dolphin Bottlenose
Mammal  Stenella attenuate Pantropical spotted dolphin  PS. dolphin
Mammal  Stenella frontalis Atlantic spotted dolphin AS. dolphin
Mammal  Physeter macrocephalus Sperm whale S. whale
Mammal Feresa attenuate Pygmy killer whale PK. whale
Mammal  Pseudora crassidens False killer whale FK. whale
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Table 3.2 Common and scientific names of species of fishes and shrimp used in developing indices for coastal reef fishes, coastal

pelagic fishes, shrimp, and highly migratory fishes.

Grouping
Shrimp

Shrimp

Shrimp

Highly Migratory
Highly Migratory
Highly Migratory
Highly Migratory
Highly Migratory
Highly Migratory
Highly Migratory
Highly Migratory
Highly Migratory
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species

Scientific name
Farfantepenaeus aztecus
Litopenaeus setiferus
Penaeus duorarum
Isurus oxyrinchus
Katsuwonus pelamis
Lamna nasus

Prionace glauca

Thunnus alalunga
Thunnus albacares
Thunnus obesus
Thunnus thynnus

Xiphias gladius
Acanthocybium solandri
Apsilus dentatus
Archosargus probatocephalus
Balistes capriscus
Balistes vetula

Calamus bajonado
Calamus leucosteus
Calamus nodosus
Canthidermis sufflamen
Carangidae

Caulolatilus microps
Centropristis striata
Coryphaena
Ephippididae
Epinephelus adscensionis
Epinephelus cruentatus
Epinephelus drummondhayi
Epinephelus flavolimbatus
Epinephelus guttatus
Epinephelus morio
Epinephelus mystacinus
Epinephelus nigritus
Epinephelus niveatus
Etelis oculatus

Common name
Shrimp, brown
Shrimp, white
Shrimp, pink
Shark, mako
Tuna, skipjack
Shark, porbeagle
Shark, blue

Tuna, albacore
Tuna, yellowfin
Tuna, bigeye
Tuna, bluefin
Swordfish
Wahoo

Snapper, black
Sheepshead, Atlantic
Triggerfish, gray
Triggerfish, queen
Porgy, jolthead
Porgy, whitebone
Porgy, knobbed
Triggerfish, ocean
Jacks, unc.
Tilefish, blueline
Sea bass, Atlantic, black, unc
Dolphinfish
Spadefish

Hind, rock
Graysby

Hind, speckled
Grouper, yellowedge
Hind, red
Grouper, red
Grouper, misty
Grouper, Warsaw
Grouper, snowy
Snapper, queen

Grouping

Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
Coastal Species
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Scientific name
Euthynnus alletteratus
Haemulidae

Haemulon album
Haemulon plumieri
Lachnolaimus maximus

Lopholatilus chamaeleonticeps

Lutjanidae

Lutjanus analis

Lutjanus apodus

Lutjanus buccanella
Lutjanus campechanus
Lutjanus cyanopterus
Lutjanus griseus

Lutjanus jocu

Lutjanus synagris

Lutjanus vivanus
Malacanthus plumieri
Mycteroperca bonaci
Mycteroperca microlepis
Mycteroperca phenax
Mycteroperca venenosa
Ocyurus chrysurus

Pagrus pagrus
Pomatomus saltatrix
Pristipomoides aquilonaris
Rachycentron canadum
Rhomboplites aurorubens
Scomberomorus
Scomberomorus maculatus
Seriola dumerili

Seriola fasciata

Seriola rivoliana

Seriola zonata

Serranidae

Sparidae

Common name
Tuna, little (tunny)
Grunts

Margate

Grunt, white
Hogfish

Tilefish

Snappers, unc
Snapper, mutton
Snapper, schoolmaster
Snapper, blackfin
Snapper, red
Snapper, cubera
Snapper, mangrove
Snapper, dog
Snapper, lane
Snapper, silk
Tilefish, sand
Grouper, black
Grouper, gag
Scamp

Grouper, yellowfin
Snapper, yellowtail
Porgy, red, unc
Bluefish
Wenchman

Cobia

Snapper, vermilion
Mackerel, king
Mackerel, Spanish
Amberjack, greater
Amberjack, lesser
Jack, Almaco
Banded rudderfish
Groupers

Scups or porgies, unc



Table 3.3 Larval Species used in larval abundance raster
Scientific and common names of fish species used in developing the larval abundance resource.
Data were collected on SEAMAP larval fish sampling cruises. More details on the species
selection and calculation of standardized abundance can be found in Chancellor (2015).

Scientific Name

Common Name

Scientific Name

Common Name

Acanthocybium solandri

Wahoo

Margrethia obtusirostra

Bighead portholefish

Aplatophis chauliodus

Tusky eel

Micropogonias undulatus

Croaker, Atlantic

Bairdiella chrysoura

Silver perch

Mugil cephalus

Mullet, striped

Benthosema suborbitale

Lanternfish, smallfin

Mugil curema

Mullet, silver

Bonapartia pedaliota

Longray fangjaw

Myrophis punctatus

Speckled worm eel

Bregmaceros cantori

Striped codlet

Nesiarchus nasutus

Black gemfish

Carapus bermudensis

Atlantic pearlfish

Notolychnus valdiviae

Lanternfish, topside

Ceratoscopelus warmingii

Lanternfish, warming's

Oligoplites saurus

Leatherjack

Chlorophthalmus agassizi

Shortnose greeneye

Ophichthus gomesii

Shrimp eel

Chloroscombrus chrysurus

Atlantic bumper

Ophichthus rex

King snake eel

Cynoscion arenarius

Sea trout, white

Opisthonema oglinum

Herring, Atlantic
thread

Cynoscion nebulosus

Sea trout, spotted

Peprilus burti

Butterfish, gulf

Decapterus punctatus

Scads, round

Peprilus paru

Harvestfish

Diogenichthys atlanticus

Lanternfish, longfin

Pollichthys mauli

Lightfish, stareye

Diplospinus multistriatus

Striped escolar

Pomatomus saltatrix

Bluefish

Engyophrys senta

Founder, spiny

Pristipomoides aquilonaris

Wenchman

Etrumeus teres

Herring, round

Rachycentron canadum

Cobia

Euthynnus alletteratus

Tuna, little (tunny)

Rhomboplites aurorubens

Snapper, vermilion

Gempylus serpens

Snake mackerel

Sardinella aurita

Sardine, Spanish

Harengula jaguana

Herring, scaled

Sciaenops ocellatus

Drum, red

Hygophum reinhardtii

Lanternfish, reinhardt's

Scomber colias

Mackerel, Atlantic
chub

Katsuwonus pelamis

Tuna, skipjack

Scomberomorus cavalla

Mackerel, king

Lagodon rhomboides Pinfish Scomberomorus maculatus | Mackerel, Spanish
Larimus fasciatus Drum, banded Selar crumenophthalmus Scads, bigeye
Leiostomus xanthurus Spot Serraniculus pumilio Pygmy sea bass
Lobotes surinamensis Atlantic tripletail Stellifer lanceolatus Drum, star
Lutjanus campechanus Snapper, red Thunnus thynnus Tuna, bluefin

Lutjanus griseus

Snapper, mangrove

Trachurus lathami

Scads, rough

Luvarus imperialis

Louvar

Xiphias gladius

Swordfish
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Table 3.4 List of Raster files with resolution level and ID number.

Type Raster Layer Resolution 1D Number
Fish Warmingii's lanternfish 0.5 degree 1
Fish Atlantic sailfish 0.5 degree 2
Fish Atlantic bluefin tuna 0.5 degree 3
Fish Atlantic blue marlin 0.5 degree 4
Fish Common dolphinfish 0.5 degree 5
Fish Greater amberjack 0.5 degree 6
Fish King mackerel 0.5 degree 7
Fish Red drum 0.5 degree 8
Fish Red grouper 0.5degree 9
Fish Red snapper 0.5 degree 10
Fish Striped mullet 0.5 degree 11
Fish Atlantic swordfish 0.5 degree 12
Fish Great northern tilefish 0.5 degree 13
Turtle Kemp's Ridley 0.5 degree 14
Turtle Hawksbill 0.5 degree 15
Turtle Loggerhead 0.5 degree 16
Turtle Leatherback 0.5 degree 17
Mammal Bottlenose dolphin 0.5 degree 18
Mammal Pantropical spotted dolphin 0.5 degree 19
Mammal Atlantic spotted dolphin 0.5 degree 20
Mammal Sperm whale 0.5 degree 21
Mammal Pygmy killer whale 0.5 degree 22
Mammal False killer whale 0.5 degree 23
Species Richness Bony Fishes 0.5 degree 24
Species Richness Elamobranchs 0.5 degree 25
Species Richness Mammals 0.5 degree 26
Economic Fishery Coastal Species 1 degree 27
Economic Fishery Highly Migratory Species 1 degree 28
Economic Fishery Brown shrimp 1 degree 29
Economic Fishery White shrimp 1 degree 30
Economic Fishery Pink shrimp 1 degree 31
Larval Fish Abundance 0.5 degree 32
Benthic Deep-sea coral 0.5 degree 33
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Table 3.5 List of C-ESls and contributing rasters 1Ds from Table 3.4.

Raster ID numbers included in

ESI ID Name of ESI calculation
1 Mammals 18-23
2 Turtles 14-17
3 Fish Species — Unweighted 1-13
4 Fish Species — Weighted (Four Levels of Weights) 1-13 with weights
5 Species Richness 24-26
6 Commercial Fisheries 27-31
Mammals, Turtles, Fish, Larval Abundance, Deep-sea Coral
7 habitat 1-23,32,33
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3.6 Figures

Figure 3.1 IHO Ocean shape file for the spatial extent of the GoM visualized in QGIS.

This shapefile was composed by the Flanders Marine Data and Information Centre using the
publication 'Limits of Oceans & Seas, Special Publication No. 23’ published by the International
Hydrographic Organization (IHO) in 1953 (Flanders Marine Institute 2018).
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Figure 3.2 Coastal species revenue boxplots

Boxplots of distribution of Coastal Species Revenue (dollars in thousands, 2013-2017 combined)
by species excluding top three species (top), and by grid block (bottom). The top and bottom of
each box represent the 25" and 75" percentiles of the revenue estimates, respectively.
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Distribution of Lbs per Species Distribution of Lbs per Gridblock
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Figure 3.3 Highly migratory species landings boxplots

Boxplots of distribution of Highly Migratory Landings (thousands of Ibs, 2013-2016 combined)
by species (left), and by grid block (right). The top and bottom of each box represent the 25"
and 75" percentiles of the landing estimates, respectively.
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Figure 3.4A Distribution of probability of occurrence and proportion of suitable habitat for fish
species

Distribution of Probability of Occurrence (A) and Proportion of Suitable Habitat (B) scores for
fish species. Full name of fish species listed on x-axis labels can be found in Table 3.1.
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Figure 3.4B Distribution of proportion of suitable habitat for larval abundance

Distribution of Standardized Larval Abundance (before data transformation, (A)) and created
variable Larval Index (after data transformation, (B)). Index was created for larval abundance
layer to be comparable with proportion of suitable habitat layers shown in Figure 3.4A.
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Species column numbers correspond to labeled species row numbers Avg Score
1 2 3 4 5 6 7 8 9 10 | 11 | 12 | 13 | 14 | 15 | 16 | 17 | 18
1|Atlantic spotted dolphin 0 0.32
2|Bottlenose dolphin 0.13 0 0.31
3|False killer whale 0.41| 0.41 0 0.40
4|Pantropical spotted dolphin | 0.44| 0.37| 0.05 0 0.40
5|Pygmy Kkiller whale 0.3| 0.31| 0.12| 0.16 0 0.36
6|Sperm whale 0.58| 0.64| 0.26| 0.31| 0.36 0 0.54
7|Atlantic sailfish 0.12| 0.25| 0.48| 0.54| 0.38| 0.46 0 0.37
8|Bluefin tuna 0.19| 0.27| 0.31| 0.36] 0.2 0.41| 0.18 0 0.34
9(Dolphinfish 0.08| 0.15| 0.38| 0.43| 0.28| 0.54| 0.11| 0.15 0 0.32
10|Greater amberjack 0.26] 0.2| 0.57| 0.53| 0.49 0.38| 0.43| 0.3 0 0.35
11|King mackerel 0.32| 0.26] 0.55| 0.51| 0.51| 0.78| 0.43| 0.47| 0.35| 0.08 0 0.37
12|Lanternfish 0.49| 0.56| 0.21| 0.25| 0.27| 0.13| 0.37| 0.32| 0.45| 0.72| 0.72 0 0.48
13|Red drum 0.49| 0.37| 0.46| 0.41| 0.48| 0.7 0.61| 0.55| 0.5] 0.24]| 0.19| 0.63 0 0.43
14[Red grouper 0.29| 0.26] 0.52| 0.49| 0.42| 0.74| 0.39| 0.36| 0.34| 0.1| 0.15| 0.66] 0.3 0 0.36
15|Red shapper 0.28| 0.21| 0.57| 0.53 0.48- 0.4| 0.43| 0.31] 0.03] 0.07] 0.72| 0.22| 0.11 0 0.36
16|Striped mullet 0.39| 0.27] 0.52| 0.47| 0.5 0.76] 0.51| 0.51] 0.4| 0.13| 0.09f 0.7| 0.11] 0.22| 0.13 0 0.39
17|Swordfish 0.23| 0.34| 0.6] 0.65| 0.5| 0.38| 0.12| 0.3] 0.22| 0.48] 0.55| 0.42| 0.71] 0.51| 0.5| 0.6 0 0.46
18| Tilefish 0.44| 0.34] 0.36| 0.33] 0.3] 0.61] 0.55| 0.38] 0.45| 0.24| 0.26] 0.52| 0.3| 0.18] 0.23| 0.28| 0.67 0| o038

Figure 3.5A Dissimilarity scores for mammals and fish

Dissimilarity scores calculated for included fish and mammal species. Scores are the average of
the absolute value of the differences between the probabilities of occurrence across all grid cells.
Higher scores correspond to higher dissimilarity. Avg Score is the average dissimilarity score
between each species and the 17 other species.
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Figure 3.5B Cluster map for fish and mammal species

Cluster map created from the AquaMaps probability distributions for mammal and fish species
using the seaborn package. Clusters for species are grouped on top x-axis, with the height of the
cluster being proportional to the difference between the groups.
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Figure 3.6 Mammals C-ESI (ID 1)

(A) Finalized raster of Cumulative Sensitivity for Mammals C-ESI ID 1 (Table 3.5). Proportion
of resource by ranked grid square for Cumulative Sensitivity (B) and by individual component to
the Cumulative Sensitivity (C).
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Figure 3.7 Turtles C-ESI (ID 2)
(A) Finalized raster of Cumulative Sensitivity for Sea turtles C-ESI ID 2 (Table 3.5). Proportion
of resource by ranked grid square for Cumulative Sensitivity (B) and by individual component to
the Cumulative Sensitivity (C).
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Figure 3.8 Fish species C-ESls (ID 3 & 4)
Finalized raster of Cumulative Sensitivity for Unweighted Fish Species C-ESI and four weighted

fish species C-ESlIs ID 3 & 4 (Table 3.5). Weighted C-ESIs are for one species weighted
(Warmingii lanternfish) and three levels of weighting (highly vulnerable species weighted at 2,
4, and 8 times that of the medium vulnerable species).
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Proportion of Resource Unweighted
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Figure 3.9A Cumulative sum by component for single weighted species

Proportion of resource by individual component to the Cumulative Sensitivity for fish species for
the unweighted scenario and the weighting of one species (Warmingii lanternfish) at two levels

(weight = 10, weight = 20)
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Figure 3.9B Cumulative sum by component for weighted suite of fish species

Proportion of resource by individual component to the Cumulative Sensitivity for the unweighted
and weighted suite of species at 4 levels (2, 4, 8, 25). Species marked with a solid line were

weighted in the group weighted scenarios.
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Figure 3.10 Species Richness C-ESI (ID 5)

Ranked Grid Squares

(A) Finalized raster of Cumulative Sensitivity for Species Richness C-ESI ID 5 (Table 3.5).
Proportion of resource by ranked grid square for Cumulative Sensitivity (B) and by individual

component to the Cumulative Sensitivity (C).
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Figure 3.11 Commercial Fisheries C-ESI (1D 6)

(A) Finalized raster of Cumulative Sensitivity for Commercial fisheries C-ESI ID 6 (Table 3.5).
Proportion of resource by ranked grid square for Cumulative Sensitivity (B) and by individual
component to the Cumulative Sensitivity (C).
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Figure 3.12 Cumulative All Layers C-ESI (ID 7)
(A) Finalized raster of Cumulative Sensitivity for All Layers C-ESI ID 7 (Table 3.5). Proportion

of resource by individual component to the Cumulative Sensitivity (B).
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Figure 3.13 Red grouper point occurrence data used for creation of AquaMaps distribution.
Graphic from http://www.obis.org.au/cgi-bin/cs_map.pl. This distribution includes the point at
[90.25°W, 25.75°N] which was removed.
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Figure 3.14 Red grouper catches from longline surveys in the GoM.
Graphic included with permission from data published in Murawski et al. (2018).
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Chapter 4. Using Cumulative Environmental Sensitivity Indices (C-ESIs) to Identify

Vulnerable Resource Impacts from Hypothetical Oil Well Blowouts

4.1 Introduction

Chapter 3 of this study focused on defining and demonstrating the methodology to create
spatial distributions of offshore resources using disparate data sets of varying spatial resolution,
and to combine these resource maps into Cumulative Environmental Sensitivity Indices (C-
ESIs). Additionally, Chapter 3 outlined methodologies to weight these resource maps
prioritizing specific resources (e.g., a higher revenue Shrimp species), resource specific
vulnerabilities (e.g., weighting a suite of previously identified vulnerable species), or weighting
of one or more resources to ensure substantial representation within the final C-ESI (e.g.,
weighting Warmingii lanternfish to prevent under representation). The resulting C-ESIs created
in Chapter 3 identify “hot-spots” within the GoM which would be differentially susceptible to a
significant oil well spill. In particular, the shelf slope region was a congregation area for many
vulnerable species, which is also a region of intensive oil and gas development, especially

recently (Murawski et al. 2020).

This chapter aims to demonstrate how the C-ESIs created in Chapter 3 can be used both
to proactively identify offshore resources that may be potentially impacted due to hypothetical
oil well blowouts, and as a reactive tool to identify potentially vulnerable offshore resources if an
oil well blowout has occurred (e.g., as an aid to oil spill responders to prioritize response

measures.)
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This study uses distributions of surface oil for four hypothetical oil well blowout
scenarios created using the Connectivity Modeling System (CMS) at the University of Miami
(Paris et al. 2013; Berenshtein et al. 2020a). The origins of two of the simulations mimic the
Deepwater Horizon (DWH) spill, but at two different times of year (spring and autumn). The
other two simulations represent spring origin locations in the western GoM (where drilling is
currently occurring) and the eastern GoM (currently withdrawn under 2021 Congressional
Moratorium). These four location-specific scenarios with changes in origin location and time of
year have previously been shown to have differing impacts on the suite of larval fish exposed to
oil (Chancellor 2015). The oil well blowout scenarios will be used to demonstrate the utility of
the C-ESIs (developed in Chapter 3) in evaluating of vulnerability of the suite of resources to the
oil well blowouts and for identifying specific resources that may be differentially vulnerable in
the event of these oil well blowout scenarios. The surface oil expressions from the modeled oil
well blowouts are used to estimate which grid cells (rastered) are likely to encounter oil and at

what concentrations of oil (relative to critical concentrations resulting in biological effects).

Marine organisms are exposed to oil through four major pathways: absorption of
bioavailable hydrocarbon compounds into skin via direct contact with oil (e.g., sea turtles and
mammals surfacing and diving), inhalation and aspiration (air-breathing animals may breathe in
aerosol compounds), and ingestion (ingestion of water or sediments containing oil) (Westerholm
and Rauch 2016). Polycyclic aromatic hydrocarbon (PAH) concentration levels and duration of
exposure determine lethal and sublethal effects to biological resources through absorption.
Toxicity tests are performed to identify critical thresholds (i.e., toxicity endpoints) in fish and
invertebrate species to oil and dispersants used in oil cleanup. Toxicity endpoints calculated

include EC50 (i.e., effect concentration at which 50% of the test population is affected), IC50
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(i.e., inhibitory concentration) and LC50 (i.e., lethal concentration). EC50 or IC50 is primarily
reported in chronic (i.e., days or weeks) toxicity tests and is the concentration at which 50% of
the exposed organisms experience sublethal or lethal effects (positively correlated response =
EC, negatively correlated response = IC) at a specified duration (e.g., 96-hour EC50). LC50 is
primarily reported in acute (i.e., < 96 hours) toxicity tests and is the concentration where
mortality in 50% of the exposed test organisms occurs (e.g., 24-hour LC50; Westerholm and

Rauch 2016).

Fish eggs, larval fish, juveniles, and adult fish all can suffer lethal and/or sublethal effects
from PAH exposure. Early life stages of fishes can suffer cardiac and morphological defects at
levels as low as PAH = 0.5 ug/L £PAHs at the surface and PAH = 1 ug/L XPAHs at deeper
waters (Carls et al. 1999; Incardona et al. 2004; Hicken et al. 2011; Incardona et al. 2013;
Westerholm and Rauch 2016). Two cardiac effects, edema (pericardial fluid accumulation) and
bradycardia (reduction in heart rate) were observed for three large pelagic species, Bluefin tuna,
Yellowfin tuna, and amberjack using DWH MC252 oil at XPAH concentrations similar to those
sampled during the spill (Incardona et al. 2014). The EC50 values for edema for Bluefin tuna,
Yellowfin tuna, and amberjack, occurred at 0.8, 2.3, 12.4 ng/L. XPAHs respectively. The
thresholds for edema ranged from 0.3-0.6 pg/L, 0.5-1.3 pg/L, and 1.0-6.0 pg/L XPAHs for
bluefin tuna, yellowfin tuna, and amberjack respectively, meaning that these effects begin to be
observed in larvae at these lower concentrations (Incardona et al. 2014). The IC50 values for
bradycardia (reduction in heart rate) occurred at 7.7, 6.1, and 18.2 pg L— 1 ZPAH for bluefin,
yellowfin tuna, and amberjack respectively while the exposure thresholds were in the range of
4.0-8.5 nug/L, 1.0-2.6 pg/L, 2.2-6.5 pg/L respectively. An estimated ~20% of water samples

collected in the DWH sampling had concentrations higher than the edema thresholds and ~30%
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had concentrations higher than the bradycardia thresholds (Incardona et al. 2014). Additionally,
there is evidence to suggest that toxicity to eggs and larval fish increases when oil is weathered.
In embryonic mahi-mahi, acute lethality (96 h LC50) occurred at 45.8 ug L— 1 XPAH (range
28.4-63.1) for wellhead oil collected at the source. When oil samples collected from the surface
slick were used (representing the weathered oil), the acute lethality occurred at the significantly
lower concentration of 8.8 ug L— 1 £PAH (range (7.4-10.3) for samples collected from the
surface slick; Esbaugh et al. 2016). DWH occurred during the spawning seasons of these fish
species and in concentrations above those thresholds listed here, therefore impacts to early life

stage fishes may have been large and occurring over a large spatial extent.

The impacts caused by oil exposure to these early life stages can persist into adulthood
for surviving larvae. In the laboratory, Mahi-mahi larvae/embryos that were exposed to 48 h
exposure of 1.2 + 0.6 ng L-1 XPAH and then raised for 25 days experienced acute sublethal
impacts leading to a reduced critical swimming velocity of 37% (Mager et al. 2014). Juvenile
and adult species also experience sublethal impacts when exposed to oil. Juvenile Mahi-mabhi
exposed to 24 h exposure of 30 + 7 ug L-1 ZPAH experienced acute sublethal impacts leading to
a 22% decrease in critical swimming velocities (Mager et al. 2014). Adult red drum experienced
12.6% reduction in critical swimming velocity when exposed to 24-hour exposure of 4.1 pg L—1
YPAH and additional 18.4% reduction in aerobic scope at a higher exposure level of 12.1 pgl.—1
YPAH (Esbaugh et al. 2016). Adult Mahi-mahi experience acute sublethal toxicity with
significant reductions in critical swimming velocity (14%) and optimal swimming velocity
(10%) and a 20% reduction in maximum metabolic rate at ZPAH concentrations of
8.4+0.6 ug L—1 (8.4 ppb) over a 24-hour exposure period (Stieglitz et al. 2016). Sublethal

impacts in swimming characteristics are likely to have negative impacts on Mahi-mahi, Red
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drum, and other large predatory species which rely on swimming performance to hunt and, in
some highly migratory species, cover large migration distances (Stieglitz et al. 2016).
Additionally, increased numbers of skin lesions were found on adult fishes in 2011 and 2012

after the DWH oil spill which impact species’ health and fitness (Murawski et al. 2014).

Marine mammals are at risk of oil exposure through all four pathways since they breathe
at the air/surface interface and can be exposed to oil through ingestion and respiration (Neff
1988; Marsili et al. 2001). Routine toxicological experimentation cannot generally be performed
on mammals due to the Marine Mammal Protection Act (MMPA) and the Endangered Species
Act, so toxicity data on marine mammals comes from the aftermath of accidental oil exposure in
the case of a spill or historical studies. Bottlenose dolphins exposed to DWH oil experienced
decreased immune function, higher rates of anemia, bacterial pneumonia, pulmonary
abnormalities, and decreased reproductive success (Schwacke et al. 2014; Lane et al. 2015; De
Guise et al. 2017; White et al. 2017; Ruberg et al. 2021). Increased dolphin strandings were also
associated with exposure to DWH oil (Venn-Watson et al. 2015). According to a report
published by the U.S. Fish and Wildlife Service (2011), 157 marine mammal deaths were
attributed to the DWH oil spill, but this number is likely only a small percent of the true
mortality due to the historical cetacean carcass-recovery proportion being around 2% (Williams
et al. 2011). The combination of lethal and sublethal impacts observed in these studies likely
negatively contributed to population levels for many marine mammals as eleven species of
cetaceans were observed swimming through petroleum contaminated waters following DWH
including five of the mammal species included in this study (i.e., Atlantic spotted dolphin,
bottlenose dolphin, pantropical spotted dolphin, pygmy sperm whale, and sperm whale [Dias et

al. 2017]).

70



The surface oil distributions from the four hypothetical oil well blowout scenarios were
used to identify the maximum daily oil concentration (MDOCSs) observed over the entire
scenario time period for each 0.02°x0.02° latitude/longitude grid cell within the GoM study area
(Figure 4.1). Minimum oil concentration threshold (MOCT) polygons of grid cells were created
from the MDOC values and represent contiguous areas exposed to at least the MOCT for at least
one day. These MOCT polygons, which represent critical toxicity thresholds throughout the
range of observed oil concentrations, were then overlayed with the C-ESIs created in Chapter 3
to estimate the exposure of various resources to different oil concentration levels, using GIS

methods.

The objectives of this chapter are therefore: (1) to demonstrate methodology to create
MOCT polygons from modeled or actual surface oil expression, (2) compare the estimated
impacts of the four oil well blowout scenarios using the C-ESIs and the MOCT polygons, (3)
identify the most vulnerable resources to a given oil well blowout scenario using the C-ESls and
their components, and (4) provide open source scripting for the replication of this study. This
available script can be used to create an MOCT polygon from any oil distribution, for any oil
concentration level, and any duration of exposure and then find the intersection of this MOCT

polygon with any resource or any suite of resources combined in a C-ESI.

4.2 Methods

4.2.1 Creation of Surface Oil Maximum Daily Oil Concentration (MDOC) Files

Four oil well blowouts were modeled using the open-source Connectivity Modeling
System (CMS) adapted with an oil spill module (Paris et al. 2012; Paris et al. 2013; Berenshtein
et al. 2020a). Origin locations for the scenarios were chosen at similar depths to the DWH

blowout (e.g., an ultra-deep blowout) and to represent locations where drilling is currently
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occurring or has previously been proposed. For each scenario, oil droplets were released for 87
days (as per DWH) and tracked for a total of 90 days. In each scenario, oil droplets were
released at a depth of 1,222 m (slightly shallower than DWH at 1,500 m) in accordance with the
conditions of the DWH oil well blowout (Berenshtein et al. 2020a). Total oil concentrations
(ppb) are obtained by normalizing the total oil mass to the mass of water by 0.02°x0.02°
latitude/longitude grid resolution in the upper 20m, and the daily averages are further determined
from the 2-hourly output products (Berenshtein et al. 2020a). Note that the raster dimensions of

the oil spill simulation are much smaller than the grids used to compile C-ESlIs (Chapter 3).

The four simulated oil well blowout scenarios used in this study (i.e., Fig. 4.1) are:

(1) Deepwater Horizon control (DWH) — Located in the central GoM with a DWH origin point
Origin:  28.736 N, 88.365 W Start Date:  April 20", 2010

(2) Deepwater Horizon Fall (DWH Fall) — Located in the central GoM with a DWH origin point
and a September start date
Origin: 28.736 N, 88.365 W Start Date: ~ September 1%, 2010

(3) Western GoM — Located in the western GoM where drilling is currently active.
Origin: ~ 27.000 N, 85.168 W Start Date:  April 20", 2010

(4) West Florida Slope (WFS) — Located in the eastern GoM on the continental slope where

drilling has been prohibited until 2032.

Origin: ~ 26.600 N, 93.190 W Start Date:  April 20", 2010

Daily oil concentrations (ppb) by 0.02°x0.02° latitude/longitude grid resolution in the upper
20m were provided for each of the oil spill scenarios. This study calculated the maximum daily
oil concentration (MDOC; ppb) over the entire 90 days for each 0.02°x0.02° latitude/longitude

grid cell. The distributions of the MDOC were mapped in QGIS (QGIS Development Team,

2020) for each oil well blowout scenario (Figure 4.1)
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4.2.2 Creation of Minimum Oil Concentration Threshold (MOCT) Polygons

To create a boundary enclosing all the 0.02°x0.02° latitude/longitude grid cell where the
MDOC was equal or greater to a predefined threshold, I used the v.hull command within the
GRASS (GRASS Development Team, 2020) module in QGIS as described in van Breugel
(2103). The v.hull command in GRASS builds a convex hull, or boundary, around a grouping of
points and converts this boundary to a polygon (as .shp file). I chose twelve levels of minimum
oil concentration thresholds (MOCT) (ppb) [Xc = 1, 5, 10, 25, 50, 100, 150, 200, 400, 800, 1500,
2000] as these concentrations cover the full range of the MDOC observed and created a polygon
surrounding all the 0.02°x0.02° latitude/longitude points where the oil concentrations met or
exceeded each X¢ concentration. This set of nested polygons was created for each of the twelve
X values for each of the four oil well blowout scenarios for a total of 48 polygons (Figures 4.2A,
B).

4.2.3 Calculating Intersection of C-ESIs and MOCT Polygons

The Zonal Statistics tool within QGIS’ raster analysis package calculates the intersection
of a polygon (with at least one zone) with the mathematical expression (e.g., sum, max, average)
of a value field in a raster. | used seven of the rastered C-ESIs (Table 4.1), 33 of the resource
component rasters (Table 4.2) from Chapter 3, and the 48 MOCT polygons described above and
calculated the intersection between each C-ESI raster and MOCT polygon for each oil well
blowout scenario. The intersection between the MOCT polygon and the selected C-ESI
(hereafter referred to as Cumulative Impact Proportion [CIP]) for each oil well blowout is then

calculated as:

ClPyxc = Xi=1(CSij = (Dij))) Eq. 4.1
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where CIPxxc is the CIP of oil well blowout k at MOCT level X, CSjj is the Cumulative
Sensitivity of the C-ESI (or individual raster) at grid cell (i, j), and Djj is a dummy variable
equaling 1 when grid cell (i, j) is within MOCT polygon kX and 0 when it is not. The ClSkxc
value then represents the proportion of the C-ESIs entire value which lies inside the MOCT
polygon kX¢ with an example value of 0.75 representing that 75% of the cumulative value of the
selected C-ESI lies within the MOCT polygon created from oil well blowout k at MOCT level

Xe.

Likewise, the intersection between the MOCT polygons and each resource component
(hereafter referred to as Resource Impact Proportion [RIP]) for each oil well blowout was

calculated by the same method (Eq. 4.1).

This study calculated an excess of 1500 intersections (48 MOCT shape files, 7 C-ESls
rasters, and 33 individual component rasters). | created a Python script to run these intersections,
load the results into a data frame, and graph the results. This script is available as open source
on https://github.com/echancellor/dissertation-scripts. It requires the pandas and seaborn
dependencies to be installed in the Python environment and was run in the Python Console in
QGIS Desktop 3.8.0 with GRASS 7.6.1 (GRASS Development Team, 2020).

4.2.4 Toxicity Threshold Conversion to MOCT

In order to define the modeled intersections between the resource distributions and the
MOCT polygons in terms of well-established toxicity thresholds, PAH thresholds (ng/L £PAHSs)
were converted to total petroleum hydrocarbons (TPH) values (ppb, pg/L) using the PAH-THP
linear relationship described in Berenshtein et al. (2020a). Berenshtein et al. (2020a) identified
two significant linear relationships, one for waters with depth <1 m (p <0.001, R2 =0.9, n = 34)

and one for depths > 1 m (p <0.001, R2 = 0.3, n = 641):
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log10(TPH+1) =1.733+1.0074xlog10(PAH+1), for surface waters (depth<lm) Eq. 4.2

1og10(TPH+1) =1.58357+0.85257xlog10(PAH+1), for deeper waters (depth>1m) Eqg. 4.3

The toxicity amplification in Eq. 4.2 is due to the increased toxic effect of PAH
combined with and UV radiation (Berenshtein et al. 2020a). PAH thresholds and their
corresponding MOCT value (calculated as the TPH) are included in Table 4.5 for surface and

deeper waters.

4.3 Results

4.3.1 Proportion of C-ESI within each MOCT Polygon
The Cumulative Impact Proportion (CIP) was calculated between the 48 MOCT polygons

and the seven C-ESIs (Table 4.3). Summary statistics for the CIPs were calculated by oil well
blowout scenario and C-ESI (Tables 4.4). The Resource Impact Proportion (RIP) was calculated
between the MOCT polygons and the 33 resource components. The CIP or RIP between the C-
ESI/resource component layer and the MOCT polygon represents the proportion of the C-ESI or
resource component within the MOCT polygon respectively. Therefore, a CIP of 0.45 would
represent that 45% of the resources included in that C-ESI were potentially exposed to oil at a
concentration meeting or exceeding that of the MOCT polygon for at least one day.
4.3.2 Ranking Oil Well Blowout Scenarios by Resource Vulnerability

The CIP scores for the seven C-ESIs were used to create a “swarm” plot to rank the oil
well blowout scenarios by their potential impact to the resources represented in the entire suite of
created C-ESlIs (Figures 4.3 A, B; generated from data from Table 4.3). The WGoM scenario
had the lowest average CIP score with only one CIP score being larger than 0.34 and no CIP
scores above 0.43. This is likely due in part to the smaller size of the MOCT polygons (i.e., the

smaller overall footprint of the spill) generated in the WGoM scenario. The WGoM scenario
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generated the smallest surface area of the MOCT polygons among the four scenarios, but had the
largest high concentration MOCT polygons, indicating that the oil from the WGoM scenario may
have been less dispersed, but with higher concentrations. The Fall and DWH scenarios had CIP
scores that were distributed between 0 and 0.8, but still skewed left with more than two thirds of
CIP scores below 0.5. Between the DWH and Fall scenarios, the Fall scenario indicated more
vulnerability in the low MOCT ranges, with more CIP scores above 0.6 than the DWH scenario,
but DWH indicated increased vulnerability at mid MOCT ranges, which are more likely to cause
negative impacts to resources (e.g., toxicity to organisms, and fishery closures; Table 4.5;
Berenshtein et al. 2020b). The WFS scenario had the highest average CIP score with most CIP
scores falling between 0.2 and 0.6 for low to med MOCT ranges. These results indicate that the
resources represented by this combined suite of C-ESI’s would be most vulnerable to the WFS

scenario, followed by DWH, Fall, and WGoM.

4.3.3 Resource Vulnerability to Oil Well Blowout Scenarios by C-ESI

The RIP scores for each resource included in each C-ESI were used to create a set of six
plots for each of the six C-ESIs and each oil well blowout scenario (Figures 4.4-9). The
weighted fish species C-ESIs were not included separately as the resource components for each
of these C-ESls are the same and would plot identically. Plots of the RIP scores for each of the
individual resource components show the potential vulnerability of each resource component to
the specified oil well blowout scenario. These graphs can help to identify resources that may be
especially vulnerable within the C-ESI, and which contribute the most to the C-ESI CIP score
listed in Table 4.3. Selected PAH concentrations of 0.5, 1.0, and 10.0 ug/L £PAHs were
converted to MOCT pg/L concentrations using Eq. 4.3. PAH conversions are included in Table

4.5 along with PAH toxicity endpoints identified for fish species as previously described above
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(Section 4.2.4). Vertical lines representing the estimated MOCT of these selected PAH

concentrations were added to the plots of the RIP scores (Figures 4.4-8).

The Fisheries C-ESI graph of components (Figure 3.11) showed that one grid cell was
responsible for ~60% of the Pink Shrimp fishery catch. This grid cell lies within the lowest
MOCT polygon for two of the oil spill scenarios (DWH, and Fall) and within a moderate MOCT
polygon for the WFS scenario (Figure 4.4). Mammals were the most impacted group within the
Species Richness C-ESI across all four scenarios (Figure 4.5). For the Mammals C-ESI, in the
DWH, Fall, and WFS scenarios, Pantropical spotted dolphin had the highest vulnerability scores
while Atlantic spotted dolphin and Sperm whale had the lowest. In the WGoM scenario, Sperm
whale was the most vulnerable and Common bottlenose dolphin the least (Figure 4.6). For the
Turtles C-ESI, the order of most to least vulnerable was conserved in all four scenarios and
though the entire concentration range, although the magnitude of the difference in the RIP scores
varied (Figure 4.7). Leatherback sea turtle was identified as the most potentially vulnerable
turtle species and Loggerhead sea turtle was the least vulnerable turtle species in all four
scenarios (Figure 4.7). The Fish Species C-ESI had the most variation in the vulnerability
rankings of the species between oil well blowout scenarios (Figure 4.8). When the resource
layers for deep-sea corals and larval fish were added to the species layers for the Fish, Mammals,
Turtles, Larval Fish, Deep Sea Corals C-ESI, the rankings of these layers were well conserved
with deep sea corals being more vulnerable than larval fish for all four scenarios, but larval fish

also being more vulnerable than other species (Figure 4.9).

4.4 Discussion
The objective of this study was to demonstrate the potential use of C-ESIs created in
Chapter 3 to identify potentially vulnerable offshore resources which may be impacted by
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simulated oil well blowouts in various origin locations across the northern Gulf of Mexico (USA
waters). | used the seven C-ESlIs created in Chapter 3 to analyze potential impacts of four
modeled hypothetical oil well blowouts. The methodology presented in this chapter includes: 1)
the creation of maximum daily oil concentration (MOCT) polygons from modeled oil blowout
scenarios, 2) the calculation of cumulative impact proportion (CIP) scores between C-ESIs and
MOCT polygons and individual resource impact proportion (RIP) scores between resource
components and MOCT polygons and 3) the subsequent use of these scores in ranking oil well
blowout scenarios in terms of potential vulnerability of various biological resources, and 4)
identifying individual resources (e.g., species and fisheries) that are potentially vulnerable to
specific oil well blowout scenarios. This methodology is designed to be replicable for virtually
any oil well blowout scenario (hypothetical or actual) and can use existing and other candidate

C-ESls and associated resource components.

This study was designed to provide methodology to answer three major questions. 1) Are
there significant differences between oil well blowout scenarios in terms of total potential
impacts to the resources represented by the suite of C-ESIs? 2) Given a specific oil spill scenario,
which suite of resources represented by individual C-ESls are potentially the most vulnerable?
and 3) Given a specific oil spill scenario and C-ESI, which resource components are potentially

the most vulnerable and contributing the most to the CIP score?

This study illustrates that CIP scores from a suite of C-ESIs can give an overall estimate
of vulnerability risk of an oil well blowout scenario (Figure 4.3A). For example, the WFS
scenario was identified as potentially having the most impact on the suite of included C-ESlIs

(Table 4.3, Figure 4.3A).
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When looking at a specific scenario, as would be the case in the event of an actual oil
well blowout, the ability to analyze potential impacts to resources at two additional levels of
detail is especially useful. Comparing individual CIPs within an oil well blowout scenario will
give a medium level of detail regarding which resources may be vulnerable during that blowout
scenario and an estimate of the magnitude of that potential vulnerability. For example, the
Fisheries C-ESI shows the most potential vulnerability to the DWH scenario over the other C-
ESIs (Figure 4.3B). The CIP score of 0.24 for the Fisheries C-ESI in the DWH Scenario at the
400 MOCT (ppb) level represents 24% of the total value of the resources represented in the
Fisheries C-ESI was potentially exposed to at least 400 MOCT (ppb) for at least one day (Table
4.3). Individual RIPs within the Fisheries C-ESI for the DWH scenario at 400 MOCT (ppb)
represent the fractions of the resources potentially exposed to at least 400 MOCT (ppb) for at

least one day (i.e., ~50% of highly migratory species and ~20% of white shrimp; Figure 4.4).

While this study provides methodology to determine what proportion of resources were
potentially exposed to oil at different MOCTS, the potential impacts of those exposures will
differ based on resource sensitivity. Early life stages of fishes are especially vulnerable to oil
exposure with cardiac deformities in embryonic Bluefin tuna at PAH concentrations as low as
0.3 ng/L (Incardona et al. 2014). While similar cardiac and morphological effects on larvae are
observed to be consistent among fish species, the oil concentration level and duration of the
exposure differs between species (Incardona et al. 2014). Larvae of Bluefin tuna, Yellowfin
tuna, and Greater amberjack all develop edema with exposure to oil, but the Esp for these species
was observed at 0.8, 2.3, and 12.4 pg/L. XPAHs respectively and the threshold for edema was
0.3-0.6 pg/L, 0.5-1.3 pg/L, and 1.0-6.0 png/L TPAHs respectively (Incardona et al. 2014; Table

4.5). These species would likely have differing degrees of impacts to their populations following
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an oil well blowout, even if both species had equal densities of larvae present. Adult fish species
also exhibited sublethal impacts from oil exposure on swimming performance, causing
reductions in critical and optimal swimming speeds (Stieglitz et al. 2016; Esbaugh et al. 2016;
Table 4.5). Reduced swimming performance could likely lead to losses in adult populations for
some species as swimming performance can be crucial for predatory success, predation
avoidance, and migration to spawning sites. Impacts to marine mammals are less precisely
quantified as designed experiments are prohibited, but observations on marine mammals after a
spill serve as useful starting points for estimating exposure (Schwacke et al. 2014; Takeshita et
al. 2021). Eleven species of marine mammals were observed swimming through petroleum
waters after the DWH event and 157 reported marine mammal deaths were attributed to the
DWH event (U.S. Fish and Wildlife Service 2011; Dias et al. 2017). These deaths are likely
underreported due to historical carcass recovery percentage estimates (about 2%) (Williams et al.
2011). For other human-use resources, important MOCT concentrations might be at what

concentration a resource is closed (e.g., a shrimp fishery).

Due to the differing degrees of impacts to various resources the results generated from
this methodology are most beneficial when combined with relevant toxicity thresholds. For
biological resources such as Bluefin tuna or Bottlenose dolphin, the MOCT polygon giving the
best estimate of impacts may vary with species sensitivity to oil and even the season. For
example, if estimating impacts to Bluefin tuna in the event of an oil spill, an MOCT of 50 ppb
might be the most useful for a spill occurring in April (like DWH) since Bluefin tuna primarily
spawn during April to May and their larvae begin to experience cardiological defects at 0.3 pg
L—-1 XPAH (Incardona et al. 2014). If an oil spill occurred in September, e.g., the Fall scenario,

an MOCT of 250 ppb might be more insightful, since adult Bluefin tuna emigrate from the Gulf
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following spawning and adult fish of most species display reduced swimming and aerobic
capabilities at higher PAH concentrations (Stieglitz et al. 2016; Esbaugh et al. 2016; Table 4.5).
Future Inclusion for Changes in Duration of Exposure

PAH toxicity in fish species is dependent upon both concentration and duration of oil
exposure. For this study, the MDOC (ppb) was calculated as the maximum oil concentration
identified for at least one day for each 0.02°x0.02° latitude/longitude grid block. A different
exposure duration could be easily included by changing the input data creating the MOCT
polygons. Oil distribution point data can be produced where the maximum oil concentration
column is no longer representative of the one-day maximum, but, for example, the maximum
concentration that is sustained for at least five days or “oil days” as per Murawski et al. (2014).
Model Elaboration for the Depth Distributions of Oil Concentrations and Resources

The distributions of oil concentrations used in this study represent the oil at the surface
(0-20m) from the oil well blowout scenarios, but additional oil is found throughout the water
column both in actual oil well blowouts (e.g., DWH and IXTOC-1) and accounted for in the
simulated oil spills as modeled with the CMS. Vulnerable offshore resources are also distributed
throughout the water column (Sutton et al. 2020) and in the benthos (Schwing et al. 2021). To
identify additional potential vulnerabilities to resources found within the water column and the
benthos, additional analysis could be completed using the methodology described in this study
but with oil concentration files created for different depth ranges within the water column and

spatial distributions of resources at corresponding depths.

While the resource components included in this study are not limited to the surface (e.g.,
deep-sea coral, tilefish, sperm whale), this study estimated impacts to these resources based on

the surface expression of oil distribution. While some oil in surface waters may indeed descend
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into deeper water and accumulate in the benthos via Marine Oil Snow Sedimentation and
Flocculent Accumulation (MOSSFA, Schwing et al. 2021), the addition of resource distributions
present at depth, and oil concentrations at depth may provide more accurate predictions of
potential impact to those resources.
Limitations of Polygons created using the Convex Hull Algorithm

This study used the convex hull command within the GRASS module to create MOCT
polygons. This method creates a polygon by drawing a boundary which meets a pre-defined set
of requirements (i.e., MOCT level) and then encloses all points within the linear segments of that
boundary. This method will therefore enclose any “holes” or “ribbons” within the oil
distribution where the grid cell does not meet the MOCT threshold but is enclosed or surrounded
by grid cells that do meet the MOCT threshold (e.g., voids). Therefore, this method will
potentially result in a larger estimate of the areas exposed to a MOCT than the CMS model
alone. While this conservative method has the advantage of more accurately predicting exposure
to species who may move through these grid cells and allowing a buffer for the CMS model
estimates, alternate less-conservative methods could be employed to create MOCT polygons that

more accurately fit the CMS surface area model.
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4.5 Tables

Table 4.1 List of C-ESlIs and contributing resource raster 1Ds from Table 4.2.

Raster ID numbers included in

ESIID Name of ESI calculation
1 Mammals 18-23
2 Turtles 14-17
3 Fish Species — Unweighted 1-13
4 Fish Species — Weighted (Weight = 4) 1-13 with weights
5 Species Richness 24-26
6 Commercial Fisheries 27-31
Mammals, Turtles, Fish, Larval Abundance, Deep-sea Coral
7 habitat 1-23,32,33
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Table 4.2 List of Raster files with resolution level and ID number.

Type Raster Layer Resolution ID Number
Fish Warmingii's lanternfish 0.5 degree 1
Fish Atlantic sailfish 0.5 degree 2
Fish Atlantic bluefin tuna 0.5 degree 3
Fish Atlantic blue marlin 0.5 degree 4
Fish Common dolphinfish 0.5degree 5
Fish Greater amberjack 0.5degree 6
Fish King mackerel 0.5 degree 7
Fish Red drum 0.5degree 8
Fish Red grouper 0.5 degree 9
Fish Red snapper 0.5 degree 10
Fish Striped mullet 0.5 degree 11
Fish Atlantic swordfish 0.5 degree 12
Fish Great northern tilefish 0.5 degree 13
Turtle Kemp's Ridley 0.5 degree 14
Turtle Hawksbill 0.5 degree 15
Turtle Loggerhead 0.5 degree 16
Turtle Leatherback 0.5 degree 17
Mammal Bottlenose dolphin 0.5 degree 18
Mammal Pantropical spotted dolphin 0.5 degree 19
Mammal Atlantic spotted dolphin 0.5 degree 20
Mammal Sperm whale 0.5 degree 21
Mammal Pygmy killer whale 0.5 degree 22
Mammal False killer whale 0.5 degree 23
Species Richness Bony Fishes 0.5 degree 24
Species Richness Elasmobranchs 0.5 degree 25
Species Richness Mammals 0.5 degree 26
Economic Fishery Coastal Species 1 degree 27
Economic Fishery Highly Migratory Species 1 degree 28
Economic Fishery Brown shrimp 1 degree 29
Economic Fishery White shrimp 1 degree 30
Economic Fishery Pink shrimp 1 degree 31
Larval Fish Larval fish presence 0.5 degree 32
Benthic Deep-sea coral presence 0.5 degree 33

84



Table 4.3 Cumulative Impact Proportion (CIP) Scores by C-ESI (columns) within each oil well
blowout scenario at MOCT level (oil ppb). C-ESIs are color ranked by value within each row.
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Scenario |oil ppb |Fisheries FishWeighted FishUnweighted |SpeciesRichness (Mammals Turtles Species,Larval,Coral

WEFS 0.5982 0.5839 0.6291 0.6074
WEFS 0.4748 0.4631 0.4970 0.4770
WEFS 0.4505 0.4390 0.4678 0.4509
WEFS 0.4152 0.4036 0.4333 0.4169
WEFS 0.3749 0.3631 0.3844 0.3741
WEFS 0.3531 0.3382 0.3658 0.3525
WEFS 0.3421 0.3274 0.3541 0.3418
WES 0.3305 0.3165 0.3433 0.3322
WES 0.1147 0.1068 0.1352 0.1172
WEFS 0.0351 0.0318 0.0356
WFS 1500 0.0043 0.0034 0.0043
WEFS 2000 0.0039 0.0035 0.0039
DWH 0.5635 0.5557 0.5766 0.5746
DWH 0.5134 0.5063 0.5124 0.5185
DWH 0.3850 0.3719 0.3897 0.3903
DWH 0.3210 0.3092 0.3381 0.3295
DWH 0.2851 0.2746 0.3072 0.2955
DWH 0.2185 0.2060 0.2575 0.2316
DWH 150 b 0.1913 0.1797 0.2293 0.2039
DWH 200 0.1494 0.1411 0.1829 0.1618
DWH 400 0.1168 0.1111 0.1437 0.1788 0.1281
DWH 800 y 0.0540 0.0513 0.0715 0.0619
DWH 1500 0.0150
DWH 2000 0.0045 0.0050 0.0048 0.0049
WGOM 1 0.2711 0.2623 0.3172 0.3095 0.2807
WGOM 5 0.2289 0.2179 0.2633 0.2628 0.2362
WGOM 10 0.2030 0.1930 0.2342 0.2408 0.2125
WGOM 25 0.1739 0.1638 0.2047 0.2225 0.1849
WGOM 0.1543 0.1449 0.1826 0.1952 0.1635
WGOM 0.0965 0.0881 0.1070
WGOM 0.0918 0.0839 0.1239 0.1015
WGOM 200 0.1150 0.0870 0.0793 0.1165 0.0955
WGOM 400 0.0935 0.0743 0.0671 0.0970 0.0819
WGOM 800 0.0362 0.0312 0.0273 0.0500 0.0385
WGOM 1500 0.0053 0.0029 0.0026 0.0045
WGOM 2000 0.0028 0.0025 0.0042
Fall 0.7273 0.7103 0.7313
Fall 0.6074 0.5787 0.6797 0.6155
Fall 0.4873 0.4590 0.5651 0.5025
Fall 0.2378 0.2285 0.2777 0.2552
Fall 0.1970 0.1897 0.2274 0.2103
Fall 0.1623 0.1568 0.1866 0.1743
Fall 0.1543 0.1490 0.1779 0.1661
Fall 0.1132 0.1108 0.1316 0.1228
Fall 0.0542 0.0552 0.0646 0.0621
Fall 0.0131 0.0150 0.0143
Fall 0.0001 0.0001 0.0001
Fall 0.0000 0.0000 0.0000




Table 4.4 Summary statistics of CIP by oil well blowout scenarios (A) and C-ESI (B)

A

Oil Scenario
DWH

Fall

WES

WGoM

mean

0.26
0.25
0.30
0.13

min
0.00
0.00
0.00
0.00

25%

0.09
0.05
0.07
0.06

50%

0.23
0.17
0.35
0.12

75% max

0.39 0.85
0.35 0.82
0.45 0.85
0.20 0.42

B Cumulative ESI Name
Fish, Turtles, Mammals, Larval
Fish, Coral
Fish Species - Unweighted
Fish Species - Weighted
Fisheries
Mammals
Species Richness
Turtles

0.22
0.21
0.22
0.31
0.26
0.24
0.18

0.00
0.00
0.00
0.00
0.00
0.00
0.00

0.06
0.05
0.05
0.08
0.09
0.07
0.05

0.18
0.16
0.17
0.26
0.22
0.20
0.13

0.34 0.73
0.33 0.71
0.34 0.73
0.45 0.85
0.40 0.79
0.36 0.81
0.29 0.66

Table 4.5 Published PAH pg L-1 £PAH toxicity thresholds converted to estimated MOCT ppb
by use of three methods: two linear regression equations published in Berenshtein et al. 2020a.,
and a 1.5% estimator. Rows highlighted in yellow and bolded are graphed as vertical lines on

Figures 4.4-4.8.

Toxicity threshold description
begin threshold edema bluefin tuna larvae
larval fish toxicity at surface
E50 Edema in Bluefin tuna larvae
larval fish toxicity deeper
Mahi-mahi larvae - reduced swim -37%
E50 Edema in Yellowfin tuna larvae
Adult red drum - reduced swim -12.6%
150 bradycardia Yellowfin tuna larvae
150 bradycardia Bluefin tuna larvae
Adult mahi-mabhi - reduced reduced swim -14%
96 h LC50 Mahi-mabhi larvae (surface slick)
Conversion for vertical line on graph at 10 PAH
Adult red drum - reduced aerobic scope -18.4%
ES0 Edema in amberjack larve
150 bradycardia amberjack larvae
Juvenile mahi-mabhi - reduced swim -22%
96 h LC50 Mahi-mahi larvae (wellhead)

PAH pg L-1 2PAH

0.3
0.5
0.8
1.0
1.2
2.3
4.1
6.1
7.7
8.4
8.8
10.0
12.1
12.4
18.2
30.0
45.8

>1 m MDOC ppb Surface MDOC ppb

46.94 69.43
53.16 80.34
62.27 96.74
68.22 107.68
74.08 118.62
105.08 178.95
152.75 277.95
202.86 388.24
241.42 476.63
257.96 515.34
267.32 537.47
295.09 603.90
342.65 720.26
349.35 736.89
475.07 1058.95
715.24 1716.12
1016.59 2598.79

PAH ~1.5% of TPH

Source of threshold
20.00|Incardona et al. 2014
33.33 NRDAT
53.33|Incardona et al. 2014
66.67 NRDAT
80.00 Mager et al. 2014
153.33 Incardona et al. 2014
273.33 Johansen and Esbaugh. 2017
406.67 Incardona et al. 2014
513.33 Incardona et al. 2014
560.00 Stieglitz et al. 2016
586.67 Esbaugh et al. 2016
666.67
806.67 Johansen and Esbaugh. 2017
826.67 Incardona et al. 2014
1213.33 Incardona et al. 2014
2000.00 | Mager et al. 2014
3053.33 Esbaugh et al. 2016
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4.6 Figures

Figure 4.1 Surface distribution of the maximum daily oil concentration (ppb) for four oil well

blowout scenarios visualized in QGIS.
DWH = Deepwater Horizon; SEPT = DWH occurring in September; WFS = West Florida Slope,

WGoM = Western Gulf of Mexico. Origin of oil well blowout marked with white star
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Figure 4.2A Convex hull minimum oil concentration threshold (MOCT) polygons created from
the maximum daily oil concentration (MDOC) for DWH and FALL oil spill scenarios.
DWH = Deepwater Horizon; FALL = DWH occurring in September
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Figure 4.2B Convex hull minimum oil concentration threshold (MOCT) polygons created from
the maximum daily oil concentration (MDOC) for WFS and WGoM spill scenarios.
WEFS = West Florida Slope, WGoM = Western Gulf of Mexico.
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Figure 4.3A Comparison of CIP scores by oil well blowout scenario and MOCT level
Swarm plot of proportion of C-ESI (i.e., CIP) by oil well blowout scenario and MOCT level.
WES has highest CIP scores within the mid MOCT levels, while WGoM has the least.
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Proportion Values Of C-ESls by Oil Well Blowout Scenario
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Figure 4.3B Comparison of CIP scores by oil well blowout scenario and C-ESI.

Swarm plot of proportion of C-ESI (i.e., CIP) by oil well blowout scenario and C-ESI. This
graph is used to identify which C-ESI within each oil well blowout has the highest CIP values
(e.g., The Fisheries C-ESI has the highest CIP values within the DWH scenario).
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Fisheries C-ESI by Oil Blowout Scenario
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Figure 4.4 Fisheries C-ESI: Comparison of oil spill scenarios

Resource Impact Proportion (RIP) scores (y-axis) within each MOCT polygon (x-axis) by oil
well blowout scenario. RIP score equals the proportion of the resource component value within
the MOCT polygon, and therefore potentially exposed to at least that MOCT value.
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Species Richness C-ESI by Oil Blowout Scenario
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Figure 4.5 Species Richness C-ESI: Comparison of oil spill scenarios

Resource Impact Proportion (RIP) scores (y-axis) within each MOCT polygon (x-axis) by oil
well blowout scenario. RIP score equals the proportion of the resource component value within
the MOCT polygon, and therefore potentially exposed to at least that MOCT value.
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Mammals C-ESI by Oil Blowout Scenario
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Figure 4.6 Mammals C-ESI: Comparison of oil spill scenarios

Resource Impact Proportion (RIP) scores (y-axis) within each MOCT polygon (x-axis) by oil
well blowout scenario. RIP score equals the proportion of the resource component value within
the MOCT polygon, and therefore potentially exposed to at least that MOCT value.
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Turtles C-ESI by Oil Blowout Scenario
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Figure 4.7 Turtles C-ESI: Comparison of oil spill scenarios

Resource Impact Proportion (RIP) scores (y-axis) within each MOCT polygon (x-axis) by oil
well blowout scenario. RIP score equals the proportion of the resource component value within
the MOCT polygon, and therefore potentially exposed to at least that MOCT value.
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Fish Species - Unweighted C-ESI by Oil Blowout Scenario
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Figure 4.8 Fish Species C-ESI: Comparison of oil spill scenarios

Resource Impact Proportion (RIP) scores (y-axis) within each MOCT polygon (x-axis) by oil
well blowout scenario. RIP score equals the proportion of the resource component value within
the MOCT polygon, and therefore potentially exposed to at least that MOCT value.
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Fish, Mammals, Turtles, Larval Fish, Corals C-ESI by Oil Blowout Scenario

oil = WFS | Group =1 oil =WFS | Group =2 oil =WFS | Group =3
06
0 04
w N—
& .
B o2
= C-ESI component
S——— deep sea corals(1)
0.0 — — —— larval fish(1)
oil = DWH | Group = 1 oil = DWH | Group = 2 oil = DWH | Group = 3 As. Dolphin(1)
06 —— Bottlenose(1)
Fk. whale(1)
F 04 —— Ps. dolphin(1)
w Pk. whale(1)
o —— 8. whale(1)
So2 \ Hawksbill(2)
N g —— Kemp's ridley(2)
— Leatherback(2)

00

. . . —— Loggerhead(2)
oil = WGOM | Group =1 oil = WGOM | Group = 2 oil =WGOM | Group = 3 Asailfish(2)
06
—— B.tuna(2)
_ B.marlin(2)
a 04 —— Mahi-mahi(2)
I3 G.amberjack(3)
) 02 —— Kmackerel(3)
ES & R W lantern(3)
% —— Rdrum(3)
0.0 R.grouper(3)
oil = Fall | Group = 1 oil = Fall | Group =2 oil = Fall | Group = 3 —— R.snapper(3)
0.6 S.mullet(3)
—— Swordfish(3)
T 04 Tilefish(3)
ul
Q
2 " K
=
00 —
0 200 400 600 800 0 200 400 600 800 0 200 400 600 800

max concentration (ppb) max concentration (ppb) max concentration (ppb)

Figure 4.9 Fish, Mammals, Turtles, Larval Fish, Deep Sea Corals C-ESI: Comparison of oil spill scenarios

Resource Impact Proportion (RIP) scores (y-axis) within each MOCT polygon (x-axis) by oil well blowout scenario. RIP score equals
the proportion of the resource component value within the MOCT polygon, and therefore potentially exposed to at least that MOCT
value.
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Chapter 5: Connecting Networks of Vulnerability “Hot-Spots” of Resources to Oil Spills

with C-ESIs and the MARXAN Spatial Planning Solver

5.1 Introduction

Chapters 3 and 4 of this study combined spatial distributions of offshore living resources
into Cumulative Environmental Sensitivity Indices (C-ESIs) and demonstrated the potential use
of these C-ESlIs to identify “hot-spots” within the GoM which could be susceptible to specific oil
well blowout scenarios. This chapter demonstrates how C-ESIs developed in Chapter 3 might be
used to identify regions for siting of oil production facilities by maximizing benefits to oil
production while conserving vulnerable ecological resources. This study develops explicit
tradeoff functions between oil production and spatial exclusion owing to the resources included
in the C-ESls. The utility of the tradeoff functions is demonstrated by using marine spatial
planning (MSP) software, Marxan (Ball et al. 2009), to identify contiguous networks of
ecological “hot-spots” with and without the inclusion of current oil production placement. “Hot-
spot” networks identified without the inclusion of oil production represent the most ecologically
important areas in a system in which no oil production occurs while “hot-spot” networks
identified incorporating the tradeoff functions represent the most ecological areas to conserve
given current oil production placement. The efficacy of the current Congressional Moratorium
on oil/gas/mineral leasing off the gulf coast of Florida is then evaluated by calculating the

proportion of the C-ESIs and Marxan “hot-spot” networks within the spatial boundaries of the
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current Congressional Moratorium (Figure 5.1; Geospatial Services Division, Department of
Interior - Bureau of Ocean Energy Management - Office of Strategic Resources, 2021).

Marine areas often have multiple sectors with demands for spatial allocation. These
sectors may have mutually exclusive demands (cannot occur in the same place) or allow some
degree of cooperation (can occur in the same place). Ecosystem based MSP aims to maximize
the combined benefit from the ecosystem to all sectors. The MSP approach was mandated for
marine resource management in the U.S. via executive order in 2005 (McLeod et al. 2005).
Quantifying trade-offs between sectors requires an optimization approach often modeled as a
Pareto horizon trade off analysis (White et al. 2012; Khiali-Miab et al. 2022). An example
framework was demonstrated in White et al. 2012 via use of the proposed Cape Wind project
and a set of three competing industries in this Nantucket area (Executive Office of Energy and
Environmental Affairs (EEA) 2009). The sectors included in spatial planning for Cape Wind
were the offshore wind development industry, and three competing sectors: the winter flounder
fishery, the American lobster fishery, and the whale watching and conservation sector. White et
al. (2012) compared the total ecosystem benefit of several wind energy siting plans created by
single-sector management strategies (siting based solely on the value to one sector) and multi-
sector management strategies (maximizing the benefit to all sectors). Sector tradeoffs were
evaluated by plotting benefit values from sector A against benefit values for sector B such that
each (X, Y) point represents a different theoretical management strategy that allocates X% of the
area to sector A and Y% of the area to sector B. In their example in White et al. (2012), the wind
energy sector and the flounder fishery sector were mutually exclusive, in that the industries could
not occur in the same area, and both industries directly competed for the same grid cells. A

development of the wind energy sector to its full capacity within a specified area would
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necessarily require the flounder industry to be zero within the area occupied by the wind turbines
and related buffer zones. This severe relationship is represented as the negatively sloped line by
the tradeoff curve in Figure 5.2 (reproduced from White et al. 2012). The relationship between
the wind energy sector and the lobster fishery sector as well as between the wind energy sector
and the whale watching sector were less severe as these industries did not compete directly for
the same habitat and thus could co-occur to a limited extent (Figure 5.2; White et al. 2012).
Comparing a wind-siting plan developed by a single-sector management strategy with a plan
developed by a multi-sector management strategy demonstrated the potential added value to the

entire four sector system by incorporating a multi-sector planning approach (White et al. 2012).

This study uses a procedure similar to that employed in White et al. (2012) to
parameterize pairwise tradeoffs between current oil production locations in the northern (USA)
sector of the GoM and three C-ESls created in Chapter 3 (i.e., Fisheries C-ESI, Mammals only

C-ESI, and the Mammals, Fish, Turtles, Larvae, Coral (MFTLC) combined C-ESI.

The marine oil and gas industry in the GoM produces about 1.2 billion barrels of oil
annually with oil production moving into deeper waters to meet demand (Murawski et al. 2020).
Leases for oil drilling are sold by the U.S. Department of the Interior (DOI). The Bureau of
Ocean Energy Management (BOEM) within the DOI produces and utilizes environmental impact
assessment as part of their decision-making process on which areas to make available to oil
drilling. Oil and natural gas leasing on new lands is highly contested. In January 2021,
President Biden signed an executive order blocking all new oil and gas drilling, but a subsequent
judgment in March 2021 negated this pause on an existing sale for 80 million acres in the Gulf of
Mexico proposed in 2017 (Nilsen 2021). This ruling was reversed in January 2022 citing that
the DOI’s analysis of the climate impacts of the leases was incomplete (Nilsen 2022). The west
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Florida shelf is also a major area of contention and has historically been included in potential
plans for drilling (DOI 2018). The west Florida shelf is currently under a Congressional
moratorium until 2032 via executive order issued by President Trump (Schwartz 2020; Figure

5.1).

While current oil production is not mutually exclusive with the existence of the resources
represented in the C-ESIs, these resources are particularly at risk in the event of an oil well
blowout (as detailed in Chapter 4) and so for the tradeoff curves created in this study, each
0.5°x0.5° latitude/longitude resolution grid cell will be allocated exclusively to either oil
production or conservation of C-ESI resources. The importance of each grid cell varies by
sector, with some grid cells being particularly important to oil production or particularly
sensitive in the C-ESI (such as in the pink shrimp fishery where 60% of the value of the fishery
is located within one grid cell). Like the wind energy/lobster fishery comparison (White et al.
2012), the tradeoff plots are generated with: (1) the oil production siting based on a single-sector
approach (developing the highest producing sites first) and a multi-sector approach (including
the net benefit to the C-ESI in the ranking of sites to develop). These tradeoff curves can
identify sites that should potentially be reserved from oil production because they offer minimum
benefit to the oil production sector and are identified by the C-ESI as being particularly sensitive.
Importantly, not all the available locations within the spatial domain of the study are currently
producing or have produced oil (more yet to be explored). However, quantifying the likely oil
reserves is in unexplored lease blocks is highly speculative and is perhaps the topic for future
research. Thus, in this example | used existing production data for the GoM.

“Hot-spot” areas in conservation are characterized as areas with high concentrations of

endemic species and face threats of destruction (Myers. 1988, Myers. 1990). Identification and
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protection of these “hot-spot” areas allows conservationists to focus their efforts on protecting
areas which will provide the greatest pay-off (Myers. 1990). This study looks at identifying a
minimum-set “hot-spot” network for two of the C-ESls in both 1.) a pristine environment with
no current oil production but where siting for oil production is being planned and 2.) the current
oil production environment. These “hot-spot” networks are created through use of the Marxan
spatial planning solver (Ball et al. 2009). Marxan is an optimization solver which can identify
reasonably optimal network solutions to spatial network “knapsack” or “minimum-set” problems
(Ball et al. 2009).

Linear multiple-choice knapsack problems (Kozanidis 2009) have been used for bi-
objective decision-making problems looking to place multiple locations within an overall
network. Knapsack problems aim to find an optimized solution of a set of elements to be
included to maximize benefit while subject to a series of constraints. An example, and the origin
of the name, is given by a hiker deciding what to pack in his knapsack to maximize comfort
(benefit) while staying under a critical total weight for the bag (a constraint). In knapsack
problems, each element is given cost and benefit values, and components are added until a
constraint is met (Salkin and de Kluyver 1975; Martello and Toth 1990). Knapsack problems
have been used by civil planning organizations to find optimized solutions to project selection
when total budget and/or time are constrained (Brill 1979; Curtis and Molnar 1997; Ferreira
1997; Guikema and Milke 2003).

The “minimum-set problem” in conservation planning refers to finding a spatial planning
solution with the least cost (e.g., area within no extraction zones, or cost to procure or manage a
site) while meeting set conservation targets. In these types of problems, the region is divided

into sites, and each site is associated with a cost of inclusion. The most basic formulation of this
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problem includes minimizing the total cost of all sites included in the solution while meeting a
minimum conservation goal for each species (Moilanen et al. 2009). An example of a minimum-
set problem is the set-covering problem, which finds the minimum number of sites which cover
at least one instance for all species (Possingham et al. 2000). Set-covering problems run the risk
of not being effective for conservation since the solution may include only one site per organism
which may not be enough sites to protect the species to a perturbation (Moilanen et al. 2009).
Instead, a marine protected area (MPA) network is more likely to be modeled as a minimum-set
problem, where conservation targets are set to a proportion of habitat or resource. These targets
are then modeled as constraints (e.g., X% of coverage for each species, Y% of each habitat
included) with the aim of minimizing the cost (i.e., the sum of the cost of the cells selected) of
the MPA solution. These decision-making methods have been applied to a wide variety of
environmental management problems (Possingham et al. 2000; Kobayashi and Polovina 2005;
Sanchirico and Wilen 2005). Murawski et al. (2001) illustrated a similar optimization
methodology for minimizing impacts on spatially disaggregated fishery catches while also
maximizing the protection of species rarity (e.g., determining the boundaries of marine protected

areas (MPAS) by selecting solutions sets of areas to be included in the MPAS).

Initial solutions to minimum-set problems included heuristic algorithms which rank sites on
largest number of organisms not in the solution (greedy) or the largest number of rare species
(rarity), add the highest ranked site, and then recalculate the rank for the remaining sites. Sites
would be added until each species is represented (Possingham et al. 2000). These heuristic
algorithms are not able to find an optimal solution and they only work for set-covering problems,
as once a species is included in the solution, its abundance in other locations is no longer

considered. The benefit to this approach is that a solution is quick to find.
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As computing power has progressed, researchers have modeled minimum-set problems using
linear integer programming (IP). In integer programming, one or more variables are restricted to
being integers. Minimum-set problems in spatial planning are often modeled as binary IP
problems because the decision to include or not include a site in the solution is a binary choice.
The strength of linear IP to solve minimum set problems is the optimal solution can be found by
using algorithms such as branch-and-bound (Possingham et al. 2000). It also allows for the
addition of many different constraints that can be defined quantitatively. The weaknesses of a
linear IP approach to solving a minimum set problem are the heavy computational requirements.
These problems are difficult to solve with many sites (more than 20 or 30) (Possingham et al.

2000; Moilanen et al. 2009).

The two methods described above only solve for one solution and do not present
alternatives which may be useful for decision makers to evaluate (e.g., their solutions may be
inherently extreme, sparse, and ruthless, [Shepherd and Garrod 1981]). An alternative method is
called simulated annealing. This minimization method works by calculating the “cost” of an
initial random reserve solution, and then iteratively adding or subtracting sites from the solution
set and recalculating the “cost” of this new solution. If the new solution is better (lower cost or
more coverage), this change is made to the solution and the process continues until no other
improvements can be made. The algorithm becomes more selective in terms of cost over
coverage, which can help to prevent the solution at a local minimum where no single change can
improve the solution, but a more optimal solution does exist elsewhere. The weakness of this
method is that it is not necessarily able to identify an optimal solution to the minimum set
problem, but it does outperform the previously explained heuristic methods. The benefits of this

method are that it requires less computational power than linear IP (although more than the
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heuristic methods mentioned) and can identify multiple solutions which can then be analyzed by
the decision maker (Possingham et al. 2000).

The Marxan spatial planning solver uses simulated annealing to provide multiple minimum-
set solutions and has been widely used to identify potential networks for marine protected areas
with biodiversity management constraints. Marine spatial planning of aquaculture zones was
designed using Marxan for regions off Portugal to minimize impacts to existing wild capture
fisheries (Henriques et al. 2017). Marxan has also been used for rezoning of the Great Barrier
Reef, designing a decision-making framework for assigning MPAs in the Caribbean, and is
widely used in the US (Fernandes et al. 2005; Ball et al. 2009; Schill et al. 2015). Terrestrial and
marine conservation planning efforts often uses total number of sites or total area as a proxy for
cost. Including the actual cost of these plans is often beneficial and can create management
plans that meet conservation goals at a fraction of the price compared to plans that only minimize
total area included within exclusionary boundaries (Naidoo et al. 2006). Examples of costs that
are not always directly proportional to total area include acquisition costs (purchase prices of
areas to be included), management costs (cost to manage or oversee the area), and opportunity
cost (i.e., value of an industry that is currently present that would be lost if it was removed:;
Naidoo et al. 2006). The Marxan spatial planning solver allows for the addition of these costs
through use of a cost layer where each planning unit is assigned a cost and the total cost is
minimized as opposed to the total area. The Marxan spatial planning solver requires a grid of
selectable planning units with a cost per planning unit to minimize, and a set of feature files

overlapping these planning units which are selected to meet constraints.

Given current oil production in the GoM, are there locations of resource concentration

“hot-spots” that should be potentially reserved from development given their vulnerability to the
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effects of oil spills? Are there differences in “hot-spot” networks created solely based on
features in a “pristine” environment vs “hot-spot” networks created with the current status quo of
oil production? What proportion of the resources represented in the C-ESIs are included within
the existing Congressional moratorium? How does the spatial distribution of the existing
Congressional moratorium compare to the “hot-spot” network identified by the Marxan solver?
This study investigates these questions by developing tradeoff analyses for three C-ESIs created
in Chapter 3 to quantifiably identify 0.5°x0.5° latitude/longitude resolution grid cells that should
potentially be considered reserved from oil production and using the Marxan optimization
framework to simulate two “hot-spot” networks, one created in a pristine environment versus one

in the existing oil production environment.

5.2 Methods

5.2.1 Distribution of Current Oil and Natural Gas Production

Oil and natural gas production volume by well and lease number is public information
made available by BOEM of the US Department of the Interior (DOI; BOEM 2018a, b) and was
used in this study to model the spatial distribution of current oil and natural gas production. A
total of 870 leases reported positive production in 2018 of which 226 leases produced natural gas
only, eight leases produced oil only, and 636 leases produced both natural gas and oil (Figures
5.3, Figure 5.4). The total production of oil in 2018 in the GoM was reported as 612 MMbbl
(million barrels) and the total production of natural gas was reported as 984 MMCF (million
cubic feet). Maximum natural gas production by lease was 31 MMCF and maximum oil
production by lease was 35 MMbbl. The maximum depth of the leases was 2936 m. The

maximum depth for each lease was grouped into seven bins of 500 m width. Within each bin,

106



the count of leases, the distribution of lease production by type, and the total production by type

was modeled in Figure 5.4.

Oil and natural gas production was also reported by well location in addition to by lease
block. A total of 929 individual wells produced oil and/or natural gas in 2018: 629 produced oil
and 836 produced natural gas. Oil and natural gas production by well number for the year 2018

was plotted as points and used to create a heat map for these resources in the GoM (Figure 5.3).

Oil and natural gas production by well was converted to oil and natural gas production by
0.5°x0.5° latitude/longitude resolution grid cells by summing up the total production within each
grid cell and finding the proportion of the total production that occurred in each grid block.

5.2.2 Development of Single-Sector Tradeoff Curves

The single-sector management strategy for the oil and gas sector was designed as
“retaining” each grid block in order from most to least productive. In Figure 5.2 (reproduced
from White et al. 2012), the y-intercept is plotted at (0,1) and represents a solution where the
wind energy is developed to the full capacity and therefore the sector represented on the x-axis is
completely undeveloped (e.g., lobster fishery). The x-intercept represents the proportion of the
second sector (e.g., lobster) when the first sector (i.e., wind energy) is completely undeveloped.
To replicate this, the proportion of oil production per grid block was paired with the proportion
of the C-ESI value within that grid block and graphed via a scatterplot (Figures 5.5 A-G). The
grid blocks were then sorted in ascending order of oil or natural gas production and the
cumulative proportion of the total oil or natural gas production was calculated for the addition of
each ordered grid block (y-axis) (Figure 5.6). The proportion of the C-ESI that lies outside of
the oil production area at point y was graphed on the x-axis such that every point (x,y) on this
single-sector line represents a theoretical allocation where the proportion of the current oil
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production lies on the y-axis (giving up lower oil producing cells first) and the x-axis represents
the proportion of the C-ESI within the total oil production area which is NOT in the current
theoretical allocation of oil. The point (0,1) represents the current oil and natural gas production
(all of the area available to oil and natural gas production) and the point (1,0) represents zero oil
development and therefore total reserve of the resources represented in the C-ESI as being
unexposed to oil production and corresponding risks. These single-sector curves were created
for oil production vs the Fisheries C-ESI, the Mammals C-ESI, and the Fish, Mammals, Turtles,

Coral C-ESI (Figure 5.6).

| also modeled a theoretical opposite tradeoff scenario with the Mammals C-ESI, where |
prioritized Mammal conservation by selecting a series of grid blocks to identify a theoretical
mammal “hot-spot”. Grid cells were sorted by their C-ESI value and graphed on the y-axis with
oil production proportion graphed on the x-axis (Figure 5.7). The y-intercept of (0,1) then
represents a solution with zero oil production and full mammal conservation from oil drilling
exposure and the x-intercept of (1,0) then represents a solution with oil and natural gas
production at the current production. Every point on this line therefore represents a theoretical
allocation where Y% of Mammals C-ESI is reserved from oil production and X% of the current
oil production is allocated for production.
5.2.3 Development of Multi-Sector Tradeoff Curves

For the multi-sector tradeoff curves, instead of sorting the grid blocks by the single
component (e.g., oil production or mammal reservation from oil production, etc.), | created a
third value which combined the proportion of the primary component and subtracted the

proportion of the secondary component:

Multi-Sector Valuejk = Pjk + (1 — Sjk) *W Eq.5.1
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such that Pjx is the proportion of the primary component at grid block (j, k), Sjk is the proportion
of the secondary component at grid block (j, k) and W is a fractional weight applied to Si such
that the secondary component does not dominate the first. The mutually beneficial multi-sector
value described in Eq. 5.1 gives the desired result of prioritizing grid blocks with a high
proportion of the primary component (e.g., oil production) and a low proportion of the secondary
component (e.g., mammal C-ESI) over grid blocks with high proportions of the primary
component and the secondary component (e.g., high oil production/high mammal sensitivity).
The mutually beneficial multi-sector value also penalizes the selection of cells with high
proportions of the secondary components and low proportions of the primary component (e.g.,
penalizes selecting low oil productivity/high mammal sensitivity sites). The degree of the weight
applied will determine the degree of this incentive/penalty. This creation of a weighted mutual
benefit equation is described in White et al. (2012) although the exact equation is not provided

(e.g., Eq. 5.1).

The grid blocks were then sorted by this multi-sector value and then the same (x, y)
points were graphed (Proportion of Y within the area vs, proportion of X outside of the area).
The multi-sector value is not graphed and is only created for the modified sort. The multi-sector
tradeoff curves were graphed on the same plots as the single-sector curves to compare the two

methods.

Multi-sector tradeoff curves were created for Oil Production vs Mammals C-ESI,
Fisheries C-ESI, and the combined Fish, Mammals, Turtles, Larvae, Coral C-ESI. An additional
tradeoff curve was created for the theoretical example of siting mammal reserves around the oil

production sites (Figure 5.6, Figure 5.7).
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5.2.4 Use of Marxan to Identify Minimum-Set Conservation Networks

Marxan “hot-spot” network solutions select a network of planning units from an overall
set of possible planning units to optimize the minimum-set solution. Running a Marxan scenario
requires the Marxan.exe file and a set of well-defined input files. Marxan.exe does not contain a
user interface to either create these input files or visualize the solutions and so another
visualization program must be used. Both ArcMap (ArcMap 2016) and QGIS (QGIS
Development Team, 2020) have published packages to help create input files and can be used to
visualize solutions. Zonae Cogito is an additional package that provides a user interface to
visualize Marxan solutions and edit and calibrate input parameters (Segan et al. 2011). The
Zonae Cogito user interface allows the user to explore how changing of certain parameters in
Marxan impacts the solution. The input files for all scenarios in this study were created using the
QMarxan Toolbox plug-in in QGIS. Methods for creating these files are described in the Marxan
training handbook (Serra-Sogas and Lieverknecht 2019) created by Pacific Marine Analysis and
Research Association (PacMARA) and taught during an Introduction to Marxan course by
PacMARA in Victoria, BC in August of 2019. Exploration and calibration of solutions were
performed in Zonae Cogito. Final solutions with calibrated parameters were visualized in QGIS.
5.2.5 Development of Marxan Scenarios

This study used Marxan spatial planning software to illustrate differences between
networks of “hot-spots” assuming a pristine environment with no oil production (single-sector
approach) and networks of “hot-spots” including current oil production (multi-sector approach).
Two scenarios (Fisheries and Mammals) were chosen to simulate siting reserves based only on
the resource layers included and ignoring the lost opportunity cost of oil production. These two
scenarios used a uniform cost layer in Marxan representing area. The second two scenarios

simulated multi-sector planning and included oil production in the cost file, such that the cost of
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each grid cell was equal to the proportion of production plus 0.001 and all other grid cell costs
were set to 0.001. Oil production is treated as the cost to minimize to create the tradeoff between
the C-ESI and the oil production as seen in Figure 5.6. This cost file therefore ensured that the
solution would still minimize area and boundary length, while adding additional cost to selecting
cells that were particularly valuable to oil. The list of scenarios created for this study with their
included rasters from Chapter 3 are given in Table 5.1 and Table 5.2).
5.2.6 Creation of Input Files for Scenarios

In this study, a 0.5°x0.5° latitude/longitude resolution planning unit grid was created in
QGIS (named: pulayer.shp) and used for all scenarios (Figure 5.8). Each scenario required a
unique set of six additional input files. The cost file (pu.dat) assigns a cost value to each
planning unit in pulayer.shp. This cost file will be minimized by the solver. | created two cost
files for the Marxan runs: (1) a uniform cost file where each planning unit had the same cost to
represent the single-sector management strategy of selecting cells based solely on the features
being protected (2) a cost file where each planning unit had a cost representative of the
proportion of the 2018 oil production within that grid cell representing a multi-sector strategy of

selecting cells based on the lost opportunity cost of oil production.

Feature files represent the spatial distribution of a feature to conserve (i.e., habitat or
species distribution). The puvsp.dat and puvsporder.dat files assign a proportion of each feature
present to each planning unit. Following methodology published by PacMARA (Serra-Sogas
and Lieverknecht 2019), this was done by using the Raster Analysis tool in QGIS and finding the
proportion of intersection between each planning unit and the presence/absence feature. The
feature value of each planning unit therefore ranges between 0 and 1, with zero representing the

feature is not found in the planning unit and one representing the feature covers the entire
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planning unit. The species feature files used in this study are rastered probability of occurrence
with values [0,0.5-1], and the economic fishery files are rastered index with values [0,1] and
therefore must be calculated differently than in Serra-Sogas and Lieverknecht (2019). This study
therefore used the Zonal Statistics tool within QGIS which calculates the expression (e.g., sum,
mean, max) of a raster within a .shp file (in this case, the pulayer.shp file). This study used the
maximum expression with Zonal Statistics, so each planning unit was assigned the
corresponding probability or proportion value from the feature raster. The maximum expression
was used instead of the sum or average expression for cases in which the resolution of the feature
raster does not match the resolution of the 0.5°x0.5° latitude/longitude grid resolution planning
unit file (e.g. Fisheries resources are aggregated at 1°x1° latitude/longitude grid resolution),
using the average expression (or maximum) over the sum ensures that the resulting smaller
planning units will maintain the same probability of occurrence as the larger raster from which
they were calculated. A boundary file (bound.dat) was auto generated with the QMarxan
Toolbox based off the planning units. A species file (spec.dat) was also created giving the
desired target proportion of each feature to be maintained (i.e., 30%). Scenarios in this study
used 30% as a target proportion goal which serves as a common starting point for analysis for
conservation goals in Marxan (Watts et al. 2009) and was used in exploratory scenarios
described in Serra-Sogas and Lieverknecht (2019). The 30% conservation goal is also addressed
in both President Biden’s 2021*“Conserving and Restoring America the Beautiful” report which
details the Presidents goal of conserving 30% of America’s lands and waters by 2030 (Jenkins
and Naftel 2022) and The United Nations Convention on Biological Diversity 2021 meeting with
their proposed “30X30” target to conserve 30% of the global ocean by 2030 (Kubiak 2020). The

Species Penalty Factor (SPF) is included to increase the penalty for not meeting the conservation
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targets and was created with a default value of 1 and calibrated in later steps (for scenarios where
necessary).
5.2.7 Running Marxan and Generating Output Files

The initial set of Marxan solutions are created by running a copy of the Marxan.exe
application within a folder which contains of a set of correctly named folders and input files
(generated above 5.2.6). The solver runs in the command prompt and produces a set of output
files. The number of minimum-set solutions provided by Marxan can be set in the input files and
was set to 10 for this study. Therefore, each scenario run resulted in 10 minimum-set network

solutions.

The set of output files produced from a successful Marxan run (e.g., named scenario X)
include (1) a summary file (named scenario_sum) which compares the cost, number of planning
units, boundary length, and penalty of the 10 identified minimum-set network solutions, (2) a
frequency of solutions file (named scenario_ssoln) listing each planning unit and the number of
solutions it was included in (0 to 10), (3) a solution set file (named scenario_r00001-n) for each
of the n=10 identified solutions which displays the planning unit ID and a value 1 if the planning
unit is included in the solution and a 0 if it is not (used for visualizing the solution via GIS
methods), and (4) a solution detail file (named scenario_mv00001-n) for each of the n=10
identified solutions detailing the proportion of each feature that was selected in each solution and
which features (if any) did not meet the target (i.e., 30%).

5.2.8 Calibration of Boundary Length Modifier (BLM) and Species Penalty Factor (SPF) in

Zonae Cogito

Zonae Cogito was used to visualize the minimum-set network solutions and frequency of

solutions for each scenario. Zonae Cogito also allows for calibration of parameters within the
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user interface and will modify the input files. Therefore, this study followed best practices
described in Serra-Sogas and Lieverknecht (2019) and made a new copy of each scenario before
exploring parameter sensitivity, as the original input files will be written over during calibration.
This study used Zonae Cogito to analyze and calibrate two parameters: Boundary Length

Modifier (BLM) and Species Penalty Factor (SPF).

The default BLM for each scenario was set to 0. Increasing the BLM adds cost to the
boundary portion of the Marxan optimization equation. As BLM is increased, the total cost of
the solution increases while the total boundary length of the solution decreases (Marxan chooses
a more compact solution). When calibrating BLM in Zonae Cogito, BLM is varied over a
defined set of values and the total cost is calculated for the resulting solutions. Graphs of cost vs.
total boundary length were created in Zonae Cogito and a value was selected which adds a small
percentage of cost and a large decrease in total boundary length per Marxan best practices

(Serra-Sogas and Lieverknecht 2019).

The SPF for each scenario was set to the default value of 1. Under the default SPF, some
solutions will not meet conservation targets for each feature. Increasing the SPF increases the
cost of failing to meet the target requirement in the Marxan optimization equation. During
calibration, the SPF is varied over a defined set of values and the resulting missing values score
is calculated for the resulting solution. Graphs of SPF vs Missing Values were created in Zonae
Cogito and a new SPF value was chosen as the lowest SPF value where the missing values

approach zero per Marxan best practices (Serra-Sogas and Lieverknecht 2019).

The BLM and SPF calibration was performed on the initial solution for all scenarios.

Where a new BLM and/or SPF value was identified, the Marxan scenario was rerun with the new
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parameter(s). The best solution and frequency of solution from the rerun scenario are referred to

as the final best solution and final frequency of solution.

5.3 Results

5.3.1 Scatterplots of C-ESI Proportions vs. Oil and Gas Production
The proportion of the total GoM C-ESI that lies within the current US oil and natural gas

production area was ~40%, ~20%, and ~18% for the Fisheries C-ESI, Mammals C-ESI, and the
Mammals, Fish, Turtles, Larvae, Coral (MFTLC) C-ESI respectively. Scatterplots of the
proportion of oil and gas production versus the proportion of the C-ESI within the current
production area were created for the Mammals C-ESI, the Fisheries C-ESI, and the MFTLC C-
ESI (Figures 5.5A-F). These plots serve as an initial classification of grid cells into four
quadrants: (Q1) high productivity-high sensitivity, (Q2) high productivity-low sensitivity (Q3),
low productivity-low sensitivity and (Q4) low productivity-high sensitivity. Much of the
potential benefit of implementing multi-sector marine spatial planning comes from prioritizing
high productivity-low sensitivity (Q2) grid cells over high productivity-high sensitivity (Q1) grid
cells and potentially avoiding low productivity-high sensitivity (Q4) grid cells completely. The
scatter plots do not have a high proportion of points in both Q1 and Q2. In some cases, there are
points in Q2 but not in Q1, indicating that most of the high oil productivity grid cells are of low
sensitivity in the C-ESI (and therefore no way to optimize) or there are points in Q1 but not in
Q2, representing that most of the high productivity cells are also high sensitivity and therefore
important to the C-ESI, but there are no high productivity-low sensitivity cells (from Q2) to

prioritize over them.

As a means of comparison, | also created a scatterplot of the Mammals C-ESI proportions

from the entire GoM vs oil production (Figure 5.5G). In this scatterplot, there are many points in
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Q1 and Q2 which indicates that there are many high sensitivity points both within and outside of

the high oil productivity areas indicating potential benefit from multi-sector MSP.

In scatterplots from Figures 5.5 A-F, points that lie in Q4 (low production-high
sensitivity) would be the first grid cells to consider reserving from oil production as they do not
add much value to the oil production sector and are of high value to the C-ESI. In Figure 5.5G,
points that lie in Q4 (low sensitivity-high productivity) would be the most valuable grid cells to
include for the siting of oil production facilities. The tradeoff between including or excluding
each additional grid cell is made quantifiably explicit through the development of the tradeoff
curves.

5.3.2 Single-sector and Multi-sector Tradeoff Curves

Single-sector and multi-sector tradeoff curves were developed for oil production versus
the three C-ESls. As anticipated from the scatter plots there was not much space between the
two lines which represents the additional improvement possible to the system of area closures by
implementing a multi-sector MSP strategy. Nevertheless, the tradeoff functions are still useful in
identifying specific grid cells to be potentially removed from production. At the top left side of
the curve in Figure 5.5A (Oil production versus Mammals C-ESI), the oil production ranges
from (0,1) to ~(0.4,0.98). These two points represent potential reservation proportions such that
all the grid cells included to the left of X=0.4 effectively decrease the oil production by ~2%
while adding ~40% of the benefit to the Mammals C-ESI. The grid cells making up this part of
the tradeoff curve are therefore likely points with low production of oil and relatively high
sensitivity levels to the C-ESI. These grid cells might be worth reserving from oil production
entirely since the lost benefit to the whole production industry is low and the benefit to the

resources represented by the C-ESI is high.
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For comparison, | also ran the single-sector and multi-sector tradeoff curves on the
hypothetical mammal reserve scenario. As expected, these plots look more similar to the plots
from White et al. (2012) and indicates the multi-sector scenario may offer considerable benefit to
both sectors accruing from an optimized system of closures where marine spatial planning might
be useful (Figure 5.7). When comparing the single-sector plot to the multi-sector plot, the value
of the benefit to the whole system can be easily compared by comparing two points on the same
horizontal line or vertical line. For example, on the single-sector tradeoff function, there exists a
point at ~(0.4,0.91) where 60% of the oil production is reserved and 91% of the mammals C-ESI
is reserved. On the multi-sector line, there also exists a point at ~(0.4,0.98) which adds benefit to
mammals at no cost to oil production (no change in X, positive change in Y), a point at ~(0.93,
0.91) which adds benefit to oil production at no additional cost to mammals (positive change in
X, no change in Y), and a point at ~(0.92,0.93) which increases the benefit to both sectors
(positive change in X and Y). The y-axis on this plot ends at 0.8 since only 20% of the
mammal’s C-ESI overlaps with the oil production sector. Similar to the top left of the Oil
Production with Mammals C-ESI graphed in Figure 5.5A and discussed above, the bottom right
of this plot also represents the set of grid blocks with high importance to the mammals C-ESI
and low importance to the oil production sector.

5.3.3 Scenario 1: Fisheries Marxan Solution — uniform cost, single sector

A Fisheries Marxan scenario was run to identify a network of planning units which would
minimize cost (area) and conserve 30% of each of the five fishing industry distributions created
in Chapter 3 (i.e., brown shrimp, white shrimp, pink shrimp, coastal species, highly migratory
species). For the scenario, a uniform cost layer was used with the cost of each planning unit

corresponding to estimated square meters within the block. The same indexed files for each of
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the fisheries used in the creation of the C-ESI were used as the feature files. Based on best
practices described by in Serra-Sogas and Lieverknecht (2019), these feature file proportions
were multiplied by the number of the kilometers in each planning unit (3086 square kilometers in
a 0.5°x0.5° latitude/longitude grid square). In the reference models in Serra-Sogas and
Lieverknecht (2019), the cost per planning unit was about half of the value of the area per
planning unit, so this study used a uniform value of 1500 for each planning unit in the pu.dat
input file. The boundary length value in bound.dat was the length (in kms) of one of the
planning units, or 55.56. The same planning unit shapefile was used for all four scenarios

(Figure 5.8).

The Fisheries scenario was run to find 10 solutions with initial parameters BLM = 0 and
SPF = 1. All 10 solutions were very similar in cost with 34 planning units selected in each
solution and total scores ranging from [55,963.94, 56,163.98] and the selected initial best
solution was run 9 (Appendix C). The initial best solution (set of chosen planning units) and
frequency of solution (number of times each planning unit was part of one of the ten solutions)
were visualized in QGIS (Figure 5.9). Inall 10 solutions, four out of five solutions met their
target, with the highly migratory species feature target not being met in any of the 10 runs

(Appendix C).

The default BLM value was 0 and this was calibrated in Zonae Cogito by looking at a
range of BLM values from 0 to 100 and, after identifying an inflection point at 22, from 0 to 22.
BLM modifier of 7.33 was chosen as the inflection point as it added a 13% increase in cost and a

23% reduction in Total Boundary Length (Appendix C).

The default SPF was set to 1 and the Marxan solution at this SPF value did not meet all

species targets. This value was calibrated in Zonae Cogito by graphing the Missing Values on
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the y axis versus a range of SPF values [1,10] on the x axis and identifying the SPF value where

the Missing Values approaches 0 (Appendix C). The selected SPF value was identified as 9.44.

Marxan was rerun with the same input files but with BLM = 7.33 and SPF = 9.44 and the
results were visualized in QGIS (Figure 5.9). The total scores of the new set of solutions ranged
from [73104, 76620], the number of selected planning units in the solution ranged from 40 to 42,
all targets were met, the solution was more compact, and the final best solution was run 9
(Appendix C).

5.3.4 Scenario 2: Mammals Marxan Solution

Similar methodology applied in Scenario 1: Fisheries in 5.3.3 was applied in Scenario 2:
Mammals. For this scenario, the same cost file was used as for Scenario 1: Fisheries, with
uniform cost distribution of 1500 and the feature files being created from the six mammal

species probability distributions as created in Chapter 3 (Table 5.1 and 5.2).

All 10 solutions were again very similar in cost and number of planning units selected
(124-126 planning units) and the selected initial best solution was run 9 (Appendix C). The
initial best solution (set of chosen planning units) and frequency of solution (number of times
each planning unit was part of one of the ten solutions) were visualized in QGIS (Figure 5.10).

In all 10 solutions all targets were met.

The default BLM value was 0 and this was calibrated in Zonae Cogito by looking at a
range of BLM values. A BLM modifier of 4.44 was identified from the large reduction in Total

Boundary Length (-63%) and the negligible increase in Total Cost (Appendix C).

The default SPF was set to 1 and all targets were met at this level of SPF, so this

parameter was not calibrated. Marxan.exe was rerun with the same input files and BLM = 4.44
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and SPF =1 and the results were visualized in QGIS (Figure 5.11). The number of planning
units in the final solution as well as the total cost remained relatively unchanged, but the
connectivity score decreased from 16296 to 5992 (Appendix C).
5.3.5 Scenario 3: Fisheries with Oil Production as Cost

The Scenario 3: Fisheries with Oil Production as Cost was modeled with the same input
files as Scenario 1, except the cost file was edited to be the proportion of the oil production per
grid cell plus 0.001 (to give each grid cell a non-zero cost). This cost file was multiplied by
1,500,000 to bring the cost file into similar range of the cost file for Scenario 1 (cost in Scenario
1 was 1500 for all planning units and minimum cost in Scenario 3 was 1500). This scenario used
the same bound.dat, and pu.dat, and planning unit file as the previous two scenarios. The best
solution and frequency of solution was visualized in QGIS (Figure 5.12).
5.3.6 Scenario 4: Mammal Species with Oil Production as Cost

The Scenario 4: Mammal Species with Oil Production as Cost was modeled with the
same input files as Scenario 2, except the cost file was the same oil production cost file that was
used in Scenario 3. The best solution and frequency of solution was visualized in QGIS (Figure
5.13).
5.3.7 Evaluation of 2032 Congressional Moratorium

The spatial boundaries of the Congressional Moratorium were mapped from the shape
file provided by the Department of the Interior (Geospatial Services Division, Department of
Interior - Bureau of Ocean Energy Management - Office of Strategic Resources, 2021). The
intersection between the Congressional Moratorium area and each of the C-ESIs created in

Chapter 3 was found using the Zonal Statistics tool within QGIS. The Moratorium area covers
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20.3% of the study area (132 of 650 0.5°x0.5° latitude/longitude resolution grid cells) and

contains between 17.5% and 20.7% of the value of each C-ESI (Table 5.3, Figure 5.14).

In the Marxan Scenario 2, the mammal “hot-spot” networks identified without the
inclusion of current oil production consisted of 124 0.5°x0.5° latitude/longitude resolution grid
cells of which 49 (39.5%) were located within the boundaries of the Congressional Moratorium.
In Marxan Scenario 4, where the tradeoff function was used to identify the mammal “hot-spot”
network, the network consisted of 137 0.5°x0.5° latitude/longitude resolution grid cells of which

73 (53.2%) were located within the moratorium area (Figures 5.15 A, B).

5.4 Discussion

The C-ESlIs created in Chapter 3 of this study and current or proposed marine oil
production can be used to create explicit tradeoffs between the resources represented by the C-
ESIs and oil production on a grid cell level. These tradeoffs combined with MSP software can
then be used to create “hot-spot” networks which maximize the system-wide benefit to both
sectors by maximizing oil production while protecting sensitive “hot-spot” areas. Both tradeoff
functions and “hot-spot” networks created in this study or in this manner could serve as
additional tools in the decision making of areas to be made available for, or reserved from,

offshore oil production.

This chapter developed tradeoff curves between C-ESIs and oil production to identify the
quantifiably explicit tradeoff value for each grid cell where oil production was reported in
BOEM Offshore Statistics by Water Depth for 2018 (BOEM 2018b). The (X, y) points on the
tradeoff curves represent theoretical allocations of grid cells to oil production or reservation from
oil production such that Y% of the oil production is conserved and X% of the resource value in

the C-ESI is conserved. These curves then allow for quantifiably explicit comparisons between
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theoretical allocations. These tradeoff curves also identify grid cells with low oil production and
high resource sensitivity which should potentially be reserved from oil production as their
exclusion from oil production would have minimal negative impact on the oil production
industry as a whole and are identified as ecologically important by the C-ESI. These tradeoff
functions and subsequently identified grid cells can act as an additional decision-making tool as
part of an environmental assessment when looking at sites to be included or excluded from future

or current oil exploration.

While the tradeoff functions described above identify the tradeoff between the two
sectors of environmental sensitivity and oil production at the grid cell level, it is often
impractical to assign individual grid cells to a specific sector. MSP selects groups of grid cells
using the same tradeoff values to develop a solution consisting of one or more contiguous areas.
This study used Marxan MSP software to identify a minimum-set “hot-spot” network for the
resources represented in the Fisheries C-ESI and the Mammals C-ESI both in a hypothetical
pristine system with no oil drilling yet occurring and the current state of oil production as of
2018. These minimum-set “hot-spot” networks represent groupings of grid cells that are
potentially most important to protect in a hypothetical environment where drilling is not
currently occurring, but production sites are being planned, as well as the most important grid
cells to protect in a system which has already allocated grid cells to oil production. For both
scenarios, the addition of the reported 2018 oil production as cost resulted in an increased
number and frequency of selected grid cells in the WFS in the minimum-set “hot-spot” network.
This result indicates that in a hypothetical reserve created to protect a significant proportion of
offshore marine resources and sited around existing oil production, the grid cells on the WFS

would be most valuable to that solution.
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The two mammal “hot-spot” network solutions were compared to the area currently
protected and withdrawn from oil production under the Congressional Moratorium. The areas
withdrawn under the moratorium are fairly aligned with the “hot-spot” networks identified in this
study with 39.5% of the “hot-spot” network identified in Scenario 2 being located within the
withdrawn areas. In Scenario 4, where the mammal reserve is sited around current oil
production, the overlap is even larger with 53.2% of the “hot-spot” network being located within
the withdrawn areas. The “hot-spot” networks identified in this study can potentially be utilized
in the decision-making process supporting the continued closure of these withdrawn areas.
Evaluation of the Best Solution for Marxan Scenarios

The final minimum-set network solutions created for the four Marxan scenarios differed
from one another in size (number of planning units selected in the solution), location within the
Gulf of Mexico, and the frequency of selection within the solutions due to the differences in the

distributions of the included features and the differences in the cost files.

For each of the four scenarios, the number of planning units included in each of the 10
best solutions was relatively constant (+/- 2 planning units selected between solutions within
each scenario), showing that while the individual planning units chosen to make up the solution
varied between runs in the Scenarios, the Marxan process was consistent in minimizing the total

number of planning units required to meet the criteria.

The location within the Gulf of Mexico of the network solution also varied between the
scenarios. For Scenario 1: Fisheries — Pristine System, the identified solution consisted of four
to five small networks spanning across the northern GoM. This is an expected result since the
fisheries making up these features are diverse and do not extensively overlap. This solution was
able to therefore identify and include grid cells important for each fishery resource. For Scenario
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2: Mammals, the final minimum-set network solution consisted of two reserve areas with the
larger area covering much of the continental slope and an additional smaller area off the coast of
Mexico in the eastern GoM. For Scenario 3: Fisheries — Oil Production as Cost, the network
solution grid included more cells on the WFS and WGoM. In Scenario 4: Mammals — Qil
Production as Cost, the two reserves created from Scenario 1: Mammals -Pristine System were
replaced by a single reserve covering much of the eastern Gulf of Mexico (much of which is
currently in the Congressional moratorium region).
Evaluation of the Frequency of Solutions for Marxan Scenarios

Each Marxan scenario performed in this study consists of ten solutions from separate
runs. The two files visualized in QGIS and included in this study are a “best solution” and a
“frequency of solutions”. The “best solution” will be a network of planning units where each
planning unit is either selected (value of 1) or unselected (a value of 0). The best solution is
picked from the 10 solutions based on the Total Score of the ten solutions. The “frequency of
solutions” represents the number of times (up to the total number of runs) the planning unit was
chosen as part of the solution network. While the “best solution” is useful in a situation where
one is identifying and/or designing a reserve area where only one solution can be implemented,
the “frequency of solutions” gives insight into how interchangeable and robust the solutions are.
Planning units that are selected in all 10 solutions are vital to the solution, planning units that are
selected in some runs are important, but have characteristics that are similar to other areas, and
planning units that are not selected in any runs are of the lowest priority to the solution.
Areas for Future Study

This study identifies grid cells with low oil production and high sensitivity as most

desirable to remove from oil production, but it is likely that the probability of an oil well blowout
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occurring in one of these grid cells is substantially lower than in grid cells where more oil is

being produced and there are likely increased numbers of wells.

Additionally, the tradeoff curves and minimum-set “hot-spot” networks developed in this
chapter treat the consequences of oil production as potentially occurring on a grid cell by cell
basis. Oil spills originating in a particular grid cell may have spatial footprints far beyond the
source grid, as illustrated in the CMS oil spill simulations (Chapter 4; Figure 4.1). Thus, if there
are larger scale regions that encompass these trajectories it may provide a more realistic view of
inherent tradeoffs. While the BLM was used in the Marxan minimum-set networks to group grid
cells together, this BLM could be further revised to better represent expected oil spill coverage

based on the origin point of the spill.
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5.5 Tables

Table 5.1 List of Raster files included in this chapter with resolution level and ID number.
Reproduced as a subset from Chapter 4 Table 4.2

Type Raster Layer Resolution ID Number
Mammal Bottlenose dolphin 0.5 degree 18
Mammal Pantropical spotted dolphin 0.5 degree 19
Mammal Atlantic spotted dolphin 0.5 degree 20
Mammal Sperm whale 0.5 degree 21
Mammal Pygmy killer whale 0.5 degree 22
Mammal False killer whale 0.5 degree 23

Economic Fishery Coastal Species 1 degree 27
Economic Fishery Highly Migratory Species 1 degree 28
Economic Fishery Brown shrimp 1 degree 29
Economic Fishery White shrimp 1 degree 30
Economic Fishery Pink shrimp 1 degree 31

Table 5.2 List of Marxan Scenarios and contributing raster IDs from Table 5.1
Raster ID numbers

Scenario ID Name of ESI included in calculation
1 Commercial Fisheries with uniform cost 27-31
2 Mammals with uniform cost 18-23
3 Fisheries with oil production use as cost 27-31
4 Mammals with oil production used as cost 18-23

Table 5.3 Proportion of the value of each C-ESI within the Congressional Moratorium area.

C-ESI Proportion(C-ESI)
within Moratorium
Turtles 0.197
Mammals 0.178
Fishes Unweighted 0.200
Fishes Weight =2 0.203
Fishes Weight = 4 0.206
Fishes Weight = 8 0.207
Fishes Lanternfish = 10 0.175
Fisheries 0.194
All Layers 0.198
Species Richness 0.177
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5.6 Figures
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Figure 5.1 Boundaries for areas withdrawn from oil/gas/mineral leasing off the gulf coast of
Florida under the Congressional Moratorium and extended by Presidential proclamation until
June 30, 2032
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Fig. 2. Pairwise tradeoffs in
sector values in relation to spa-
tial management strategies and
associated wind farm maps. (A)
Conceptual example of sector
tradeoffs. Orthogonal dashed
lines with arrows illustrate how
to measure the value of MSP
over single sector management.
(B-D) Offshore wind energy,
flounder and lobster fishery,
and whale-watching sector val-
ues in relation to wind farm
designs in Massachusetts Bay.
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Figure 5.2 Pairwise tradeoffs in sector values for Nantucket Cape Wind proposal.
Figure is reproduced from White et al. 2012 to illustrate the pairwise tradeoff functions between
the wind energy sector and three other sectors (i.e., flounder fishery, lobster fishery, whale

watching and conservation).
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Figure 5.3 Oil and natural gas production in the Gulf of Mexico
Oil production in barrels (bbls) by well location (A) and heatmap (B) and natural gas production

in cubic feet (CF) by well location (C) and heatmap (D) produced from publicly available
production data from Bureau of Ocean Energy Management Offshore Statistics by Water Depth

(BOEM. 2018Db) https://www.data.boem.gov/.
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Figure 5.4 Count and mean production of leases of oil
Mexico by depth.
A total of 870 leases with positive production in 2018
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and natural gas production in the Gulf of

were binned by depth in 500m increments.

A total of 226 leases produced natural gas, 8 leases produced oil only with 636 leases producing
both oil and natural gas (A). The distribution of the producing leases by each time displayed as a

box plot (B). The total sum of production by type for
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Figure 5.5A-D Scatterplots of C-ESI proportions by natural gas and oil production proportions.
Scatterplots of the proportion of the natural gas production (A, C) or oil production (B, D) versus

the proportion of the selected C-ESI within the oil and natural gas production area.

Bisecting lines (orange) represent the approximate midpoints of the range of x and y.
Q1 = High Production, High Sensitivity
Q3 = Low Production, Low Sensitivity

Q2 = High Production, Low Sensitivity
Q4 = Low Production, High Sensitivity
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Figure 5.5E-G Scatterplots of C-ESI proportions by oil or natural gas proportions.
Scatterplots represent the proportion of the natural gas production (E) or oil production (F)
versus the proportion of the MFTLC C-ESI within the oil and natural gas production area.
Scatterplot (G) is the proportion of the Mammals C-ESI (all grid blocks included) versus the
proportion of the oil production per grid block.

Bisecting lines (orange) represent the approximate midpoints of the range of x and y.

Q1 = High Production, High Sensitivity Q2 = High Production, Low Sensitivity
Q3 = Low Production, Low Sensitivity Q4 = Low Production, Low Sensitivity
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Tradeoff Curves for Mammals C-ESI
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Figure 5.6 Single- vs. Multi-Sector tradeoff curves for oil production sector vs ESI.
Tradeoff curves between proportion of oil production (y-axis) and proportion of C-ESI (x-axis).
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Figure 5.7 Single- vs. Multi-Sector tradeoff curves for a hypothetical mammal reservation.

Tradeoff curves of a single-sector siting strategy (blue line) and a multi-sector siting strategy
including lost opportunity to the Oil Production sector (orange line)
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Figure 5.8 Planning unit shapefile.

Planning unit shapefile (A) used for all Marxan scenarios created as an intersection of a
0.5°x0.5° latitude/longitude resolution grid and the IHO ocean shape file (Flanders Marine
Institute 2018) (B). Planning unit shapefile created from methods described in Serra-Sogas and
Lieverknecht (2019).

135



Marxan_Scenariol_Fisheries_Initial _BEST
[ Unselected
I sSelected

Figure 5.9 Best and Frequency for Scenario 1: Fisheries — Pristine System.

Initial Best Solution for Marxan Scenario 1 before calibration of Boundary Length Modifier
(BLM) and Species Penalty Factor (SPF) (A). Initial Frequency of Solution for Marxan Scenario
1 before calibration of BLM and SPF (B). Results visualized in QGIS.
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Figure 5.10 Initial Best and Frequency for Scenario 2: Mammals — Pristine System.

Initial Best Solution for Marxan Scenario 1 before calibration, Boundary Length Modifier
(BLM)=0 and Species Penalty Factor (SPF)=1 (top). Initial Frequency of Solution for Marxan
Scenario 1 before calibration, BLM=0 and SPF=1 (bottom). Results visualized in QGIS.
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Figure 5.11 Final Best and Frequency Scenario 2: Mammals - Pristine System.

Final Best Solution for Marxan Scenario 2 with Boundary Length Modifier (BLM) = 4.44 and

Species Penalty Factor (SPF) =1 (A).

Final Frequency of Solution for Marxan Scenario 1 with BLM = 4.44 and SPF =1 (B).

Results visualized in QGIS.
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Figure 5.12 Final Best and Frequency Scenario 3: Fisheries — Oil Production as Cost.
Final Best Solution for Marxan Scenario 3 using a weighted cost layer representing oil

production (A).
Final Frequency of Solution for Marxan Scenario 3 (B).
Results visualized in QGIS.
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Figure 5.13 Final Best Solution and Frequency Scenario 4: Mammals - Oil Production as Cost.
Final Best Solution for Marxan Scenario 4 using a weighted cost layer representing oil

production (A).

Final Frequency of Solution for Marxan Scenario 4 (B). Results visualized in QGIS.
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Figure 5.14 C-ESIs mapped with the Congressional Moratorium

Proportion of the total value of the C-ESI within the current boundary for the Congressional
Moratorium (Geospatial Services Division, Department of Interior - Bureau of Ocean Energy
Management - Office of Strategic Resources, 2021).
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Figure 5.15 Mammal Scenario 4 solution mapped with the Congressional Moratorium
Boundaries for the Congressional Moratorium on oil/gas/mineral leasing off the gulf coast of
Florida extended by Presidential proclamation until June 30, 2032

Boundary for the Congressional Moratorium (Geospatial Services Division, Department of

Interior - Bureau of Ocean Energy Management - Office of Strategic Resources, 2021) mapped
with mammal “hot-spot” networks identified in Scenarios 2 (A) and 4 (B).

142



Chapter 6: Conclusions

The main objectives of this study are to spatially quantify offshore marine resources and
to explore the utility of these spatial distributions in identifying individual locations and/or
networks of “hot-spot™ locations which are particularly vulnerable to negative effects of oil
exposure in the event of an oil spill. The identified locations can be used in the decision-making
process in prioritizing areas for oil spill response, for the initial siting process for oil production
facilities (e.g., reserving highly sensitive areas), and for justification to open or maintain current
areas withdrawn from oil production (e.g., areas withdrawn from oil/gas/mineral leasing off the

gulf coast of Florida under Congressional Moratorium until 2032).

In Chapter 3, spatial distributions of marine resources from multiple sources with
different resolutions, scales, and measurements were scaled and/or transformed to an index to
represent gridded proportions of the occurrence of each resource. These gridded resource maps
were then concatenated to create multiple Cumulative Environmental Sensitivity Indices (C-
ESIs). This chapter demonstrated the methodology for adding weights to certain resources (e.g.,
species or fisheries of special concern) within the C-ESI based on species-specific vulnerability
provided by a separate vulnerability index (Polidoro et al. 2021; Woodyard et al. 2022). This
chapter also illustrated the use of dissimilarity measures and clustering to provide input on which
pairs or groups of resources might be spatially correlated. Hot-spot areas of combined

sensitivity were identified by the C-ESIs particularly along the continental slope.
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In Chapter 4, the maximum daily oil concentration (MDOC) was calculated for each cell
in the 0.02°x0.02° latitude/longitude grid in the upper 20 m of the water column for four
hypothetical oil well blowout scenarios in the Gulf of Mexico. The four oil well blowout
scenarios were modelled using the Connectivity Modeling System (CMS; Paris et al. 2013) with
two start dates and three origin locations and with depth and duration of oil release comparable
to the DWH event. As PAH toxicity to biological resources and fishery closures are generally
defined by exceeding a set threshold, GIS polygons were drawn around all grid cells with
MDOC values equal to or exceeding a defined minimum oil concentration threshold (MOCT).
These MOCT polygons represent contiguous areas which were likely exposed to at least the
MOCT for at least one day and covered a range of oil concentrations. Intersections were then
calculated between each MOCT polygon and C-ESI to find the Cumulative Impact Value (CIP).
Intersections were also calculated between each MOCT polygon and resource layer to find the
Resource Impact Value (RIP). These intersections represent the proportion of the C-ESI value or
resource value exposed to at least the MOCT for at least one day. The results from Chapter 4
suggest that of the four modeled oil well blowouts included in this study, the blowout occurring
on the West Florida Shelf would have had the largest impact on the suite of C-ESIs. The
modeled oil spill scenarios indicated that while a spill off the continental shelf near Texas would
have the smallest overall footprint, it would affect fisheries more severely than two simulated

spills near DWH (spring and autumn) and a spill in the eastern Gulf.

Marine organisms experience lethal and sublethal impacts from oil exposure over a wide
spectrum of oil concentrations. Species-specific toxicity endpoints are determined through
toxicity experiments and are generally defined by both the concentration and duration of the

exposure. For protected species, toxicity experiments generally cannot be performed and must
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be estimated from observations after an oil spill. While the MOCT polygons are based on a one-
day duration and cover a wide range of oil concentrations, polygons could be customized for
target species by changing both the MOCT concentration and the duration of the exposure used
to make the polygon. If estimating impacts to Bluefin tuna in the event of an oil spill, an MOCT
of 50 ppb might be the most useful for a spill occurring in April (like DWH) since Bluefin tuna
primarily spawn during April to May and their larvae begin to experience cardiological defects at
0.3 ug L-1 ZPAH (Incardona et al. 2014). If an oil spill occurred in September, like the Fall
scenario, an MOCT of 250 ppb might be more useful, as Bluefin tuna larvae would likely not be
present and adult fish species begin to display reduced swimming and aerobic capabilities only at

these higher PAH concentrations (Stieglitz et al. 2016; Esbaugh et al. 2016; Table 4.5).

Chapter 5 demonstrated how the C-ESIs developed in Chapter 3 might be used to identify
siting opportunities that would maximize benefit to both the oil production sector and the
conservation of resources through the development of quantifiably explicit tradeoff functions
between oil production and the resources included in the C-ESIs. Oil and natural gas production
for 2018 by oil well and location was used to create a 0.5°x0.5° latitude/longitude resolution grid
of the 2018 oil production (BOEM Offshore Statistics by Water Depth; BOEM. 2018b). The oil
production grid was converted to proportion of oil production and directly compared at the grid
cell level to the resource layers and C-ESls. The value of each grid cell to each sector could then
be explicitly compared. A multi-sector marine spatial planning approach was used to rank grid
cells based on their total benefit to the system consisting of two sectors: oil production and
resource conservation. The ranked grid cells are then mapped to create tradeoff curves. The (X,
y) points on the tradeoff curves then represent theoretical allocations of grid cells to oil

production or reservation from oil production such that Y% of the oil production is conserved
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and X% of the resource value in the C-ESI is conserved. These tradeoff curves were able to
identify grid cells with low oil production and high resource sensitivity that should potentially be
reserved from oil production as their exclusion from oil production would have a minimal
negative impact on the oil production sector as a whole and are identified as important to
resources by the C-ESI. Chapter 5 also demonstrated the use of the C-ESIs created in Chapter 3
to build a minimum set “hot-spot” network using the marine spatial planning (MSP) software,
Marxan. The Marxan solver creates a minimum-set solution of grid cells by minimizing the cost
(defined by a cost layer) while conserving a set percentage of each included resource (called
features). By using the resource layers created in Chapter 3 as the feature files and the oil
production grid created in Chapter 5 as an optional cost layer, this study created two “hot-spot”
networks for both the Fisheries C-ESI and the Mammals C-ESI representing a hypothetical
pristine environment for which oil production is being considered (grid cell cost is uniform) and
for the current production environment (grid cell cost is based on the 2018 oil production grid).
The pristine network represents groupings of grid cells that are potentially most important to
protect in a hypothetical environment where no drilling is currently occurring and siting facilities
are being considered, while the current production network represents the most important grid
cells to protect in a system which has already allocated some grid cells to oil production. For
both scenarios, the current production “hot-spot” network resulted in increased number and
frequency of grid cells in the WFS that were selected as part of the minimum-set “hot-spot”
network. These WFS grid cells identified as part of the “hot-spot” network overlap with the
areas currently protected and withdrawn from oil leasing/production under the 2021
Congressional Moratorium with 39.5% of the pristine mammal “hot-spot” network and 53.2% of

the current production mammal “hot-spot” network being located within the withdrawn areas.
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This overlap indicates that these WFS grid cells are important to include in a hypothetical
reserve created to conserve environmental sensitivity in a hypothetical pristine GoM where oil
production siting is being considered. The importance of these WFS grid cells increases when
considering a hypothetical reserve created to conserve environmental sensitivity in a GoM where
some areas are already set aside for oil production (i.e., the current environment). Therefore, in
the current oil production environment, the current areas withdrawn under the 2021
Congressional moratorium serve as a reserve to conserve this environmental sensitivity. The
“hot-spot” networks identified in this study can potentially be utilized in the decision-making

regarding the continued closure of these withdrawn areas.

The integrated collection of methods presented here are designed to add to the crucial
knowledge base for planning and prioritizing oil spill response, predicting impacts from an oil
spill to individual resources and groups of resources, and to assist in the decision-making process

for making new and existing sites available to oil production.
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Abstract Environmental sensitivity indices (ESIs) have long been used to identify
coastal and shoreline resources particularly vulnerable to oil spills and ensuing miti-
gation measures. In the Gulf of Mexico, oil production by the United States and
Mexico has increasingly focused on deepwater sources. As oil exploration and pro-
duction continue further offshore, deepwater and open ocean pelagic resources
increasingly become the focus of susceptibility to oil well blowouts. Methodologies
are proposed to spatially quantify ESls specifically for offshore living marine
resources. A multi-attribute utility model 1s proposed to integrate biological resource
sensitivity measures and measures of potential economic losses to define spatially
explicit environmental sensitivity. Model sensitivity is examined using three weighting
schemes for various environmental attributes. The relative environmental sensitivi-
ties of four simulated deepwater blowouts in the Gulf of Mexico were analyzed and
compared. While differences were found between four oil well blowout scenarios in
terms of the overall sensitivity and to the individual attributes, results were rela-
tively insensitive to the weights assigned to various attributes. The uses of ESIs in
optimizing oil production locations to minimize potential impacts on sensitive eco-
logical resources and economic uses are discussed.
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26.1 Introduction

The Gulf of Mexico (GoM) provides almost all of the offshore oil production in the
United States (~97%; EIA 2018) with estimated oil reserves of over 3.67 billion bar-
rels (Kazanis et al. 2015). In the GoM. US and Mexico oil production has increasingly
focused on deepwater sources to maintain and increase volumes as these deepwater
sources are more productive than shallower fields (i.e.. depth has a positive logarith-
mic relationship with production, Murawski et al. 2020, Fig. 2.5). Additionally,
deepwater areas in the eastern GoM that are currently under moratorium for drilling
under the GoM Energy Security Act of 2007 (Sissine 2007) have been included in
future proposals for oil exploration and production (DOI Press 2018). The signifi-
cant offshore movement of marine oil and gas production challenges traditional
paradigms for habitat and species sensitivity considerations as being purely coastal
issues. As oil production drilling continues to move further offshore, offshore
marine resources become increasingly susceptible to oil well blowouts.

Potential biological and human use resource losses to coastal areas and shorelines
have been estimated by various methods including the use of environmental sensitivity
indices (ESls: Jensen et al. 1990). ESIs for the offshore areas can estimate the potential
losses of these offshore marine resources and can serve as valuable input for resource
planning for offshore drilling (identification of particularly sensitive areas) and for pri-
aritization of response efforts in the event of future deepwater oil well blowouts.

In this chapter, we explore methodologies to spatially quantify the relative sensi-
tivity of offshore marine resources in the northern GoM using ESls and illustrate
this methodology using a subset of relevant ecological and economic data. A multi-
attribute utility model (Huber 1974) is proposed to integrate biological resource
sensitivity and economic loss potential to define overall spatial and temporal sensi-
tivity. This chapter outlines methodologies for ESIs, creates a preliminary ESI
matrix for the northern GoM based on several biological and economic datasets, and
uses these ESIs to compare sensitivities for four simulated deepwater oil well blow-
outs in the GoM. We outline additional relative ecological datasets and propose
optimization modeling approaches to quantify trade-offs between production and
environmental protection that may be useful in the oil well siting process.

26.2 History of Environmental Sensitivity Indices in Qil Spill
Response

Historically, ESIs have been created to identify environmentally sensitive coastal
areas for the prioritization of oil spill cleanup (Jensen et al. 1990, 1998). The National
Oceanic and Atmospheric Administration (NOAA) has published guidelines for
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creating shoreline ESIs consisting of an index with three components; shoreline type.
biological resources, and human uses of resources (Petersen et al. 2002; NOAA
Response and Restoration 2018). The shoreline type is classified into one of eight
categories based on published NOAA criteria. Biological components include areas
with many distinct species, areas of large overall abundance of biological organisms,
and areas where vulnerable species are present (e.g., seabirds, turtles, and other
endangered species). Human use components include historical sites and public use
areas such as parks and recreational beaches. ESIs created under these guidelines are
graphical and largely qualitative, as areas are marked as sensitive or not, and can be
marked sensitive due to meeting only one of the three above criteria. Sensitive areas
defined under this process are not quantitative in the relative sense or necessarily
comparable across landscapes.

Site-specific geographic information system (GIS)-based ESIs have been pub-
lished for much of the shoreline of the United States including the GoM (Knudsen
and Druyor 2009; NOAA ORR 2018). Categorical and quantitative ESIs have
been created for shoreline sensitivity to offshore spills in many areas and for
marine spatial planning specific to locations in the Mediterranean Sea
(Kassomenos 2004; Adler and Inbar 2007; Castafiedo et al. 2008; Fartal et al.
2010; Santos et al. 2013; Olita et al. 2012; Alves et al. 2014; Maitieg et al. 2018)
GoM (Nelson et al. 2015; Nelson and Grubesic 2018), Brazil {Carmona et al.
2004; Szlafsztein and Sterr 2007; Romero et al. 2013), and Asia (Lan et al. 2015;
Lee and Jung 2015; Kankara et al. 2016). Environmental sensitivity is also regu-
larly calculated using ESI methods by the Bureau of Ocean Energy Management
(BOEM) for (il and Natural Gas Planning Program Assessment (BOEM 2018:;
Niedoroda et al. 2014). However, these analyses may not be spatially disaggre-
gated enough to identify discrete, sensitive areas worthy of increased scrutiny. This
chapter differs from the previous research by moving the focus from exclusively
shoreline areas to deeper regions and resources and developing the ESIs at a finer
spatial scale of resolution: 17 latitude x 1° longitude resolution for offshore areas
of the northern GoM.

26.3 The Need for an Offshore ESI

Like the coastal areas, offshore waters contain biological resources and human use
patterns threatened during an oil well blowout. The offshore waters of the GoM are
biologically important as they are home to multiple species of economically impor-
tant fish and shellfish (Pulster et al. 2020; Sutton et al. 2020; Perlin et al. 2020). As
well, offshore areas support ecologically important forage species and other animals
of concern including mammals, turtles, seabirds, and deep-sea corals which all
experience lethal and sublethal effects from exposure to oil (Antonio et al. 2011;
Carmichael et al. 2012; Schwacke et al. 2013; Tran et al. 2014; Haney et al. 2014;
Etnoyer et al. 2016; Frasier 2020). Many economically important fish species spawn
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in open waters, and their larval life stages are particularly vulnerable to oil. Up to
half of known fish species in the GoM occur in mesopelagic deep waters, and new
species are being encountered there (Sutton et al. 2017, 2020). Human uses of
resources in offshore waters include commercial and recreational fisheries, com-
mercial shipping and cruise lines, military exercise areas, oil and gas leases, renew-
able energy infrastructure, and other uses (McCrea-Strub et al. 2011; BOEM
Offshore Statistics by Water Depth 2018).

This chapter defines gquantitative ESI scores via a multi-attribute utility model
(MAUM: Huber 1974). In a MAUM, the overall value, or utility, is calculated by the
weighted sum or product of the individual utility values of a set of attributes. The
definition of this overall utility then allows for comparisons to be made between
different sets of attributes, particularly focusing on the sensitivity of the relative
weights assigned to each attribute. In the health industry, for example, MUAMs are
used to assign patients an overall health index based on several independent health
attributes, e.g., vision, hearing, speech, ambulation, dexterity, emotion, cognition,
and pain/discomfort. Coefficients for the attributes are calculated from surveys of
the importance of the listed attributes. Individual patients are then assigned a semi-
guantitative value of 0-6 in each of the health attributes, and these attribute scores
are then substituted into the utility function in order to give an overall health index
per patient (Feeny et al. 2002). We develop a similar methodology for the creation
of the ESls for the offshore areas in the GoM.

Similar to the human health example above, the environmental sensitivity of a
marine geographic location can be determined both by the biological attributes
extant at that location and human dependence on the region that might be compro-
mised by an oil well blow out or other significant events resulting in biological and/
or economic losses. To illustrate these issues, we develop a MAUM based on three
ecological variables and three economic (human use) indicators. Using results
from the systematic SEAMAP larval sampling program (Chancellor 2015), we
focus on the diversity of larval fishes in both offshore and coastal areas. Larval fish
are highly sensitive to oil-related pollution as they are susceptible to physiological
defects and mortality at exceedingly low concentrations of oil exposure (Carls
etal. 1999; Incardona et al. 2004, 2013; Hicken et al. 2011). Pollution from oil well
blowouts would likely impact survival of a variety of species, varying seasonally
(Chancellor 2015). We gridded the results of the larval diversity, estimated species
richness, and overall abundance data into 17 latitude % 17 longitude rectangles for
the northern GoM (Figs. 26.1 and 26.2). In addition to larval measures, we com-
puted measures of economic dependence assigned to the same 17 grid rectangles
using estimated offshore (pelagic) ex-vessel revenues and species composition
based on vessel loghook information made available from the National Marine
Fisheries Service. These data are compared with similar revenue estimates derived
from vessel logbook data for coastal reef fishes, coastal migratory pelagic spe-
cies, and shrimp fisheries.
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Fig. 26.1 (upper) Indexed values for the sensitivity attributes of coastal species fishery catches,
HMS fishery catches. and shrimp fishery catches (left to right) spatially mapped against two simu-
lated blowouts (top to bottom), DWH-Fall = the Deepwater Horizon spill but starting in September
(vs. April) and DWH = the Deepwater Horizon scenario. (lower) Indexed values for the sensitivity
attributes of coastal species fishery catches. HMS fishery catches. and shrimp fishery catches (left
to right) spatially mapped against two simulated bl (topto b WGoM W Gulf
of Mexico. WFS West Florida Slope
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Fig. 26.2 (upper) Indexed values for the sensitivity attributes of larval abund: i d spe-
cies rich and St diversity index (left to right) spatially mapped against two simulated
bl (top to b ). DWH-Fall = the Deepwater Horizon spill but starting in the Fall

(September vs. April) and DWH = the Deepwater Horizon scenario. (lower) Indexed values for the
sensitivity attributes of larval abundance, estimated species richness, and Shannon diversity index
(left to right) spatially mapped against two simulated blowouts (top to bottom), WGoM Western
Gulf of Mexico, WFS West Florida Slope
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26.4 Description of Ecological and Economic Datasets

Southeast Area Monitoring and Assessment Program (SEAMAP)
Ichthyoplankton counts and taxonomy were used to create a 17 latitude = 17 longi-
tude grid of estimated abundance by species for the GoM. Samples included came
from seasonal surveys from 2000 to 2015 collected via bongo nets. Standardized
abundance was calculated for each sample by the estimated number of organisms
under a 10 m? surface area. These standardized abundances were then calculated
across all years and all samples within each 17 x 17 gnd and divided by the total
number of samples within that block. More information regarding the sampling
techniques, species selection, and standardized abundance calculations from raw
counts can be found in Chancellor (2015). A total of 58 species of larval fishes were
included (Table 26.1).

Coastal Reef Fish and Coastal Migratory Pelagics Annual landings (pounds),
reported to the Southeast Coastal Fisheries Logbook Program, and estimates of
annual revenues for individual coastal species were assigned to each 17 = 17 grid
rectangle. Estimated revenue per grid rectangle is a function of annual trip-level
landings and ex-vessel prices aggregated and provided by National Marine Fisheries
Service (NMFS)/Southeast Fisheries Science Center (SEFSC) (Overstreet & Liese
2018). Ex-vessel prices represent the unit price paid at the time of landing by fish
dealers to fishers for harvested but unprocessed catch. Grids with less than three
vessels reporting trip records were omitted to prevent identifying confidential pro-
prietary information. Fifty-nine species were included in the coastal reef fisheries
data (Table 26.2).

Highly Migratory Species (HMS) Landings for eight HMS (Table 26.2) were pro-
vided by NMFS/SEFSC for each 17 x 17 grid rectangle and were estimated by apply-
ing the proportion of numbers of individual species caught in each grid rectangle, as
reported to the Atlantic Highly Migratory Species Fisheries Loghook Program, to
total trip-level catch (pounds gutted weight). The resulting pounds for each HMS
were aggregated for each grid cell annually from 2013 to 2016. Revenue for the
HMS pounds was estimated for all species using the average price from NMFS’
commercial landings in the GolM for available years 20132016 (Personal commu-
nication from the National Marine Fisheries Service, Fisheries Statistics Division.
[September 2018]). For blue shark and porbeagle shark, the average price per pound
for “general sharks™ was used, as no specific information was available for them.

Shrimp Revenue estimates for the three dominant species of shrimp (white, brown,
pink) were provided by NMES/SEFSC for each 17 x 17 grid rectangle and were esti-
mated from aggregated landings reported to the Gulf of Mexico Shrimp Permit
Cellular Electronic Loghook program during years 2011-2016 and from price per
pound reported by port agents and trip tickets (Table 26.2). All three data groupings
used to estimate revenues adhere to confidentiality standards and are not adjusted
for inflation.
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Table 26.1 Scientific and common names of larval species used in developing environmental
sensitivity indices herein. Data were collected on SEAMAP larval fish sampling cruises {Chancellor

2015)
Scientific name Common name Scientific name Common name
Acanthocybinm solandri | Wahoo Margrethia obtusirostra | Bighead portholefish
Aplatophis chauliodus | Tusky eel Micropoganias Croaker, Atlantic
undulatus
Bairdiella chrvsoura Silver perch Mugil cephalus Mullet, striped
Benthosena suborbitale | Lanternfish, smallfin | Mugil curema Mullet, silver
Bonapartia pedaliota Longray fangjaw Myrophis punctatus Speckled worm eel
Bregmaceros cantori Striped codlet Nesiarchus nasitus Black gemfish
Carapus bermudensis | Atlantic pearlfish Notolychnus valdiviae | Lantemnfish, wopside
Ceratoscopelis Luntemnfish, Cligaplites saurns Leather jack
warnningii Warming's
Chiorophthalnus Shortnose greeneye | Ophichthus gomesii Shrimp eel
agassizi
Chloroscombrus Atlantic bumper Cphichthus rex King snake eel
chrysirns
Cynascion arenarius Sea trout, white Chpisthonema oglimm Herring, Atlantic
thread
Cynoscion nebulosus Sea trout, spotted Peprilus burti Butterfish, gulf
Decaprerus punctaius | Scads, round Peprilus paru Harvestfish
Diogenichtiys Lanternfish, longfin | Pollichthys mauii Lightfish, stareye
atlanticns
Diplospinus Sinped escolar Pomatonus saltatrix Bluefish
multistrians
Engvophrys senta Founder, spiny Pristipomoides Wenchman
aguilonaris
Etrumeus teres Herring, round Rachyceniron canadum | Cobia
Euthrynnus alletteratus | Tuna, littke (tunny) | Rhomboplites Snapper, vermilion
anrornbens
Gempylus serpens Snake mackerel Sardinella aurita Sardine, Spanish
Harengula jaguana Herring, scaled Sciaenops ocellatus Drum, red
Hygophum reinhardrii | Lanternfish, Scomber colias Mackerel, Atlantic
Reinhardt’s chub
Katsuwonus pelamis Tuna, skipjack Scomberomorus cavalla | Mackerel, king
Lagodon rhomboides Pinfish Scombermmorns Mackerel, Spanish
ntacitlatis
Larimus fasciaris Drum, banded Selar crumenophthaimus | Scads, bigeye
Leiostomus xanthurus | Spot Serraniculus pumilio Pygmy sea bass
Lobotes surinamensis Atlantic tripletail Siellifer lanceolans Dirum, star
Lutjanus campechanus | Snapper, red Thunnus thynnus ‘Tuna, bluefin
Lutjanus griseus Snapper, mangrove | Trachurus lathami Scads, rough
Luvarus imperialis Louvar Xiphias gladiis Swordfish
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Table 26.2 Common and scientific names of species and families of fish and shrimp used in
developing coastal reef fish, coastal migratory pelagics, and shrimp and highly migratory species
fisheries” landings and revenue data

Coastal species Highly migratory species | Shrimp species

Commaon Scientific Common Common
Scientific name name name name Scientific name | name
Acanthocybimm Wahoo Isutrus Shark, Farfantepenaeus | Shrimp,
solamdri oxyrinchus mako aziecus brown
Apsilus dentatus Snapper, black | Katsuwonus | Tuna, Litopenaeus Shrimp.,

pelantis skipjack | setiferus white

Archosargus Sheepshead, | Lammna nasus | Shark, Penaeus Shrimp,
probatocephalus Atlantic porbeagle | duorarum pink
Balistes capriscus | Triggerfish, Prionace Shark,

gray glanca blue
Balistes verula Triggerfish, Thunnus Tuna,

queen alalunga albacore
Calamus bajonade | Porgy, jolthead | Thamnnus Tuna,

albacares yellowfin

Calamus lencosteus | Porgy, Thunnus Tuna,

whitebo obesus bigeye
Calamus modosis Porgy, Thamnus Tuna,

knobbed thynnus bluefin
Canthidermis Triggerfish, Xiphias Swordfish
sufflamen ocean gladius
Carangidae Jacks
Canlolatilus Tilefish,
microps blueline
Ceniropristis Sea bass,
striata Atlantic, black
Coryphaena Dolphinfish
Ephippididae Spadefish
Epinephelus Hind. rock
adscensionis
Epinephelus Graysby
CrUEntans
Epinephelus Hind, speckled
drumtmondhayi
Epinephelus Grouper,
Aavalimbarus yellowedge
Epinephelus Hind, red
guttaties
Epinephelus morie | Grouper, red
Epinephelus Grouper, misty
IVERICTnS
Epinephelus Grouper,
nigritus Warsaw

{continued)
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Coastal species Highly migratory species | Shrimp species
Common Scientific Commaon Common
Scientific name name name name Scientific name | name
Epinepheius Grouper,
miveatis SOOWY
Etelis oculatus Snapper,
quesn
Entfrvnnus Tuna, linle
alletteras {tunny)
Haemulidae Grunts

Haemudon album Margate

Haemulon plumieri | Grunt, white

Lachnolaimus Hogfish
PIXINLS
Lopholarifus Tilefish
chamaeleonticeps
Lutjanus analis Snapper,
mutton
Lutjanus apodus Snapper,
schoolmaster
Lutjanus Snapper,
Iuccanella blackfin
Lutjanus Snapper, red
cantpechams
Lutjanus Snapper,
CVAROPIETIS cubera
Lutjanus griseus Snapper,
mangrove
Lutjanus jocu Snapper, dog

Lutjanus symagris | Snapper, lane

Lutjanus vivanus Snapper, silk

Malacanthus Tilefish, sand

plumieri

Myeteraperca Grouper, black

bonaci

Myeteroperca Grouper, gag

microlepis

Myeteraperca Scamp

phenax

Myeteroperca Grouper,

VENEnosa yellowfin

Oreyuris chrysurns | Snapper.
yellowtail

Pagrus pagris Porgy, red
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Table 26.2 (continued)

Coastal species Highly migratory species | Shrimp species

Common Scientific Common Common
Scientific name name name name Scientific name | name
Pomatamus Bluefish
saltatrix

Pristipomaoides Wenchman

aguilonaris

Rachveentron Cobia
canadim
Rhomboplites Snapper,
anronibens vermilion
Scomberomorns Mackerel, king
cavalla
Scomberomorus Mackerel,
macilanis Spanizsh
Seriola dunmerili Amberjack,
greater
Seriala fasciaia Amberjack,
lesser

Seriola rivoliana Jack, Almaco

Seriola zonata Banded
rudderfish

Serranidae Groupers

Sparidae Scups or
porgies

26.5 Calculation of Sensitivity Attributes

Six sensitivity attributes were created forming our trial ESls. These were the
following:

Biological All SEAMAP samples were assigned to the same 1° grid rectangle
block system as for fishery landings. The following three attributes were calculated
for SEAMAP larval samples within each grid rectangle:

1. Species richness af larval fish species — Larval species richness was estimated
using the specpool function from the vegan package in R. This function com-
putes the asymptotes of the rarefaction curves to estimate the total species rich-
ness per grid rectangle and allows comparisons among grid rectangles with
different sampling frequencies (Gotelli and Cowell 2001; Cowell et al. 2004).
Grid rectangles with less than five samples were excluded from this calculation.
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We used the first-order jackknife method to estimate the number of missing spe-
cies, f, (Oksanen 2018):

b=t @6.1)
where f; is the number of species found in only one site and N is the total number of
sites. The jackknife estimator operates under the assumption that we miss about as
many species as we only see once (Smith and van Belle 1984). The estimated spe-
cies richness , Sp, is the sum of the species observed, So, plus the estimated number
of missing species, f:

Sp=So+, (26.2)

2. Shannon-Wiener diversity of larval fish species — The Shannon-Wiener diver-
sity index (Hill 1973) was calculated for each grid rectangle using the diversity
function in the vegan package. The Shannon-Wiener diversity calculation used
in this chapter is (Oksanen 2018):

H=-%,pnp, (26.3)

where p, is the proportion of species i and § is the number of species such that the
Y=L

3. Overall abundance of larval fish species — Larval abundance was calculated for
each grid rectangle by summing the total abundance for all species within the
block and dividing by the number of samples.

264
Abundance = (X", x,)/n ey

where x; is the standardized abundance for each species. i within the grid rect-
angle, m is the number of species, and n is the number of samples within the grid
rectangle.

Economic Data:

4. Revenue value of coastal species — Coastal species revenue (CRev) was calcu-
lated as the sum of revenue from all coastal species within each grid rectangle.

5. Revenue value of HMS — HMS revenue (HMRev) was calculated as the sum of
revenue from all HMS within each grid rectangle.

6. Revenue value of shrimp species — Shrimp revenue (SRev) was calculated as the
sum of revenue from all shrimp species within each grid rectangle.
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26.6 Creation of the ESIs

Each attribute was normalized to a relative (0~1) by finding the proportion of the
total within each grid rectangle.

. 26.5
vl = v, I{Ev,) (26.5)

where v, is the value of the attribute v for grid rectangle, j and n is the total number
of grid rectangles, and v/, is the indexed value.

The cumulative sensitivity equation was modeled as a multi-attribute linear util-
ity function combining the sensitivity attributes such that the cumulative sensitivity
(CS) at grid rectangle j is:

€S, =X k=(vl) (26.6)

where N is the number of included sensitivity attributes, k; is the coefficient assigned
to the ith attribute, and VI, is the indexed score of the ith sensitivity attribute at grid
rectangle j.

The CS variable is then mapped onto the 17 % 17 grid resulting in a spatial distri-
bution of the environmental sensitivity index. The sensitivity of the coefficients (k)
was analyzed by creating the CS variable map under three different methods for
weighting &: all coefficients having equal weights (k = 1), economic sensitivity coef-
ficients weighted more heavily (k;, = 1.3, k; = 0.7), and environmental sensitivity
coefficients weighted more heavily (k; = 0.7, k; = 1.3).

26.7 Comparison with Modeled Oil Well Blowouts

To demonstrate the utility of the proposed ESIs, four oil well blowouts were mod-
eled using the open-source Connectivity Modeling System (CMS) adapted with an
oil module (Paris et al. 2012, 2013; Berenshtein et al. 2020a). Origin locations for
the scenarios were chosen at locations with similar depths to the DWH blowout and
to represent locations where drilling is currently occurring or proposed. For each
scenario, oil droplets were released during 87 days (similar to DWH) and tracked
for a total of 90 days. In each scenario, oil droplets were released at a depth of
1222 m in accordance to the conditions of the DWH oil well blowout. Total petro-
leum hydrocarbon (TPH) concentrations (ppb) are obtained by normalizing the total
oil mass to the mass of water in 0.02% grid boxes in the upper 20 m, and the daily
averages are further determined from the 2 hourly output products.
The simulated oil well blowouts scenarios are:

. Deepwater Horizon control (DWH) - Located in the central GoM with a DWH
origin point
Origin: 28.736 N, 88.365 W Start Date: April 20, 2010
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2. Deepwater Horizon September (DWH Sept) — Located in the central GoM with

a DWH origin point and a September start date

Origin: 28.736 N, 88.365 W Start Date: September 1, 2010
3. Western GoM - Located in the western GoM where drilling is currently active.

Origin: 27.000 N, 85.168 W Start Date: April 20, 2010
4. West Florida Slope (WFS) = Located in the eastern GoM on the continental slope

where drilling has been prohibited at least until 2022,

Origin: 26.600 N, 93.190 W Start Date: April 20, 2010
We use the ESIs summed over all grid rectangles to compare and rank the sensitivity
to these four blowout scenarios.

TPH concentrations per day were obtained by normalizing the total oil mass to
the mass of water in 0.02% grid boxes in the upper 20 m. The average oil concentra-
tion (in ppb) for each 17 x 1° grid was further calculated by the summation of the
simulated oil concentration per grid per day and then finding the average oil concen-
tration over all 90 days. This was calculated for each oil well blowout scenario:

26.7
0C, = (T2(X5.,0,))/90 @6.7)

where OC,; is the oil concentration for scenario s at 1° % 1° grid rectangle j, oy, is the
kth oil concentration in grid rectangle j during day i, and n is the total number of oil
concentration measurements within block j during day i. The six ecological and
economic attributes are mapped with the average oil concentration for each scenario
(Figs. 26.1 and 26.2).

The distribution of values of OC,; (Fig. 26.3, left) shows a highly skewed distri-
bution with a few, 1° x 1° grid rectangles near the well blowout origins having very
high oil concentrations (Figs. 26.1 and 26.2). Because these oil concentrations are
averaged over 90 days, there were likely areas and days where episodic higher oil
exposures within blocks occurred. The OC,; values were transformed into a piece-
wise root function where any oil concentration between 0 and | average ppb was
assigned a value of | and OC,, values greater than one were transformed by the
square root function:

L' whenol, >0and <1

oF

(1 2.8
"o 7 whenor, 21 (26.8)

This transformation emphasizes the importance of moderate oil concentrations that
may affect larval fish and contamination levels that would result in fishery closures
(Berenshtein et al. 2020b) while reducing the multiplication factor of the most heav-
ily oiled areas to a maximum of 5.47. The distributions of the original OC,; and OL;
values are plotted in Fig. 26.3.
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Fig. 26.3 Sorted distribution by 17 grid rectangle of the average oil concentration (OC) distri-
bution for all four scenarios (left) and transformed oil concentration index (O1I) for all scenarios
(right). The Ol is a square oot transformation of the OC with values between 0 and | rounded
ol

The overall sensitivity for each oil well blowout was then calculated as:

ES, =X1,(CS, *(01,,)) (26.9)
where ES; is the overall environmental sensitivity of oil well blowout k, CS;; is the
cumulative sensitivity at point (i f). Ol is the oil index score at point (i, j) for spill
k. and n is the number of 17 % 1° grid rectangles.

26.8 Results

Owerall sensitivity was calculated for each oil scenario and attribute pair for a total
of 24 measures (Fig. 26.4; Table 26.4). Coastal species’ revenue had relatively simi-
lar sensitivity scores for all scenarios except for the Western GoM blowout where
the corresponding score was lower than for any other oil scenario - attribute pair.
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Fig. 26.4 Summed relative anribute sensitivities for ecological (larval abundance, richness, diver-
sity) and economic impacts (on fisheries for coastal species, highly migratory species, and shrimps)
of four simulated deepwater oil blowouts in the Gulf of Mexico. Weighting s equal for all
attributes

Both of the Deepwater Horizon simulations were especially problematic for highly
migratory species as most of the reported fishing activity took place within this
region. Shrimp fisheries were impacted almost evenly for all four scenarios. For all
six attributes, the Western GoM spill had the lowest overall sensitivity score. DWH
and DWH Sept had similar impact scores for all scenarios. For this study, the larval
sensitivity and economic resource atiributes were aggregated over all seasons.
However, larvae demonstrate significant seasonality with some species occurring
during the spring (swordfish, bluefin tuna. round herring), summer (cobia, Spanish
mackerel, king mackerel, spotted sea trout, little tunny), or fall (scaled herring, ver-
milion snapper, red drum, Chancellor 2015, Table 26.3). In real-world spills such as
the DWH oil well blowout, season will thus be a major factor in determining
fish species sensitivity and impacts.

The summation of the sensitivity indices for all six attributes (ES;) was initially
calculated with equally weighting coefficients for each term: k = 1 (Table 26.4).
Under this first weighting scheme model. DWH and DWH Sept had the highest
overall sensitivity followed by the WFS and then Western GoM.

The impacts of differential weighting of the relative importance of ecological
and economic measures were simulated by varying the coefficients, &, for each of
the six attributes. For the second weighting scheme model, & for larval measures
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Table 263 Proportions of total catch for selected species from SEAMAP larval surveys, by
month (Chancellor 2015)

Maonth

Specics I T 3 3 7 [ o T [z
Swordfish 031 | 0.00 | 0,00 [033] 015 ] 011 ] 0,00 | 0.04 | 0.05 | 0.00 | 0,00 | 0.00
Hemng,

round 010 | 0.10 (L03 | Ol | CLO0 | o0 | .00 | oD | .00 | tood | o
Lanternfish,

smallfin 015 | 018 | 012 ) 06 | 0016 | 0.03 | 0000 | 003 | 0002 | 001 | 002 | 001
Tuna,

bluefin 000 | 0.00 | 000 | 022 OO0 | 0oD0 | 0uo0 | oD | 0eio | 0o | 00
Sea trout,

white 0Ll | 009 | 043 | 002 | 000 | 004 | 024 ) 003 | 007 | 0.05 [ 002 | 0.01
Lanternfish,

longfin O | 011 | ol | 018 | 033 [ 003 ) 00l | 005 ] 002 | 002 | 003 | 012
Lanternfish,

Warming's 0.07 | 008 | 0008 | 0.24 | 0024 | 0004 | 000 | 004 | 0003 | 004 | 0005 | 0,09
Tuna,

skipjack CL00 | 002 | Ood | 022 [ 035 | 010 | 00l | 0014 | 0008 | 0.03 | 001 | 0.00
Wahoo CL00 | 000 | 0000 | 018 | 038 | 0.09 | 010 ) 022 | 0013 | 0.00 | 0000 | 0.00
Cobia CL00 | 000 | 0000 | 028 | 009 | 016 | 026 | 007 | 00 | 0000 | 0000 | 008
Sea trout,

spotted CL00 | 0,00 | 0003 | 0.00 [ 0.1 | 011 007 | 0009 | 004 | 0D | i
Tuna, little

{tunmy ) CL00 | 000 | 0000 | 006 | 003 [ 017 |31 | 031 | 001l | 0.00 | 0000 | 0.00
Mackerel,

Spanish CL00 | 000 | 0000 | 000 | 000 | 029 | 038 | 017 | 0015 | 0.00 [ 0.00 | 0.00

Snapper, red | 0.00 | 0.00 | 0,00 | 0.00 | 0000 | 027 [ 035 | 0015 | 0016 | 0.05 | 0001 | 0.00
Mackerel,

king CL00 | 000 | 0000 | 000 | 000 [ 0232 ] 018 | 028 | 025 | 0.05 [ 0.00 | 0.00
Sardine,
Spanish 000 | 002 | 0000 | 010 | 004 [ 014 ] 006 | 014 | 027 | 022 | 001 | 0.00
Heming,
Atlantic
thread 002 | 000 | 0000 | 000 | 000 [ 010 | 036 ] 023 | 0017 | 0.01 | 0.05 | 0.03
Heming,
scaled OO0 | D | fd | feid | ool 016 | 0.15] 0uid | 000 | 023 | 0,00
Snapper,
vermilion CL00 | 000 | 0000 | 0,02 | 0,02 | 010 ] 013 | 021 0.17 | 0,03 | 000

Drum, red CL00 | 000 | 0000 | 0000 [ 0000 | 0.00 | 0001 | 001 | 0 | 0052 | 0.00 | 0.00
Catches from all samples were aggregated by month and divided by the total number of
samples collected during that month. Proportions were caleulated as the proportion of stan-
dardized abundance each month aggregating to the total. Shading indicates months of higher
proportion of total spawning activity

was increased by 30% (x1.3), and & for the economic measures was reduced by 30%
(%0.7). This change maintained the same relative ranking of overall sensitivity as
the equally weighted method. For the third weighting scheme model, & for the larval
measures was reduced by 309 (0.7}, and & for the economic measures was increased
by 30% (1.3). This change also maintained the relative rankings of the spills.
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Table 26.4 Relative cumulative sensitivity of each of four deepwater oil spill scenanos with
respect to three economic environmental sensitivity indices and three environmental sensitivity
indices

Spill scenario

ESI attribute

Coastal species revenue
HMS revenue

Shrimp revenue

Larval abundance

Larval specics nchness
Larval Shannon diversity

Weighting Scheme
Larval k = 1, economic k=1
Larval k = 1.3, economic k =0.7 121 | 122 |

Larval k= 0.7, economic k= 1.3

The bottom three rows test the overall result as functions of different weighting coefficients
(k) for economic and environmental attributes. Relative impact by scenario for each indi-
vidual attribute (top six rows) and combined for all six attributes for three & weighting
schemes (bottom three rows)

0.68
0.66 1.08
077 107

26.9 Discussion

Quantitative approaches to ESI formulation using multi-attribute utility models
and their application to simulated oil spills demonstrate the potential to (1) quan-
tify sensitivities of spatially explicit offshore areas to local oil spills across many
metrics without having to subjectively concatenate maps and to (2) compare
potential sensitivities of different oil spill scenarios ranging widely over the GoM.
The latter is particularly important as a potential tool for identifying specific loca-
tions (at varying spatial scales) that may be too environmentally or economically
sensitive to allow oil development. In this sense, such a planning tool could conceiv-
ably be brought into the oil facility siting process.

While we demonstrate the MAUM method for assessing oil spill sensitivity
across six metrics, there are many more data sets that can be incorporated into such
an analysis. These include abundance and distribution data for marine mammals and
sea turtles (Frasier 2020), seabirds, deepwater corals, noncommercial fishes (includ-
ing mesopelagic communities; Sutton et al. 2020), and areas where primary produc-
tion is high. Potential additional economic attributes include the spatial distributions
of recreational fishing, commercial and cruise ship activity, locations of renewable
energy infrastructure, and military preparedness, as well as other human-centric
uses and invaluable archeological sites including shipwrecks in the Gulf (e.g., lost
ships of Cortez).

The weighting coefficients in this chapter are varied to show the sensitivity of the
overall estimated impact of an oil well blowout to the individual attributes. In future
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applications, these coefficients can be varied to (1) add or subtract weight from an
attribute due to oil well blow out characteristics (e.g., increasing the weight of k for
spills where dispersants are used to account for organisms that are potentially harmed
by dispersants) or (2) to add or subtract weight from an attribute where one is
deemed “more important” than another (e.g., prioritizing endangered organisms,
fisheries with higher revenue values, etc.).

The ESIs described in this chapter also have applications for the development of
quantitative models for optimizing the conflicting objectives of maximizing energy
production while minimizing potential impacts on species and other economic uses.
There is a rich body of literature using linear programming models, GAMS, and
other optimization tools for such analyses (e.g., Sanchirico and Wilen 2005;
Kobayashi and Polovina 2005). Drilling plans in the GoM have multiple potentially
conflicting objectives, including:

1. Maximizing oil production P,

2. Minimizing the costs of exploration (costs associated with new wells) k,C,

3. Minimizing the biological resources at risk in the case of an oil well blowout ES;

4. Minimizing impacts on human use activities at risk in the case of an oil well
blowout HU,

Murawski et al. (2001) illustrated a similar optimization methodology for mini-
mizing impacts on spatially disaggregated fishery catches while also maximizing
the protection of species rarity (e.g., determining the boundaries of marine protected
areas). A similar optimization approach could be applied to oil production planning
for offshore areas. For example, one might consider the objective function:

maxal* XD, (P, ~(kC,))+a2Z(D, ~1)+ES, +a3¥(D,~1)*HU,  (26.10)

where [J; is an element of the design vector with values of 0 and | indicating if site
Jis included in the selected drilling plan. P, is the potential{or actual) oil/gas produc-
tion potential at spatial block j, C, is a variable with values of 0 and | indicating if a
site is currently being drilled, &, is the cost of exploration and drilling at a new site,
ES, is the sum of the biological resource ESI values, HU, is the sum of the human
use ESIs at site j, and al, a2, and a3 are weighted coefficients. Oil production for
unexplored blocks, although uncertain, can be guantified for the purposes of such
modeling in a number of potential ways: (1) using the average water depth of the
block with the regression model fitted to existing block productivity to forecast
production potential, (2) using geostatistical methods and existing well produc-
tion data to forecast production of unexplored blocks, (3) using exploration data
(e.g., seismic) compiled by the oil companies to predict resource potential
(Murawski et al. 2020, Fig. 2.6). or (4) compiling spatial data from within known
geological plays (BOEM 2018; Locker and Hine 2020).

The goal of such modeling is to understand the potential trade-offs of environ-
mental protection vs. potential foregone economic opportunities or negative impacts
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of various spatial regulatory schemes. Presumably, the models could be elaborated
by incorporating a number of other considerations such as trans-boundary impacts
(across national boundaries) as a penalty function (actions to be avoided). As well,
if accident potentials vary spatially, such data could be incorporated. A key feature
to be considered in such analyses is the spatial block size being analyzed. In our
example (Figs. 26.1 and 26.2), we used a 1° x 17 block size which is a reasonable
trade-off of spatial granularity for the purposes of illustration but is far larger than
typical lease blocks offered in the US GoM. Certainly more precise block-by-block
analyses could be undertaken, subject to the availability of the required data sets at
this resolution. The other consideration in spatial scaling of such optimization meth-
ods 15 the likely spatial extent of deep blowouts. For spills similar in volume and
distribution to DWH, about 12 1% x 17 blocks were significantly impacted, but this
varied by season and spill location (Figs. 26.1 and 26.2).

While spatial optimization methods cannot be the only decision support tool for
informing drilling plans, the applications are useful as input into the process of
determining oil and gas development planning with a focus on protecting valuable
economic and ecological resources. Using such tools can help visualize and quan-
tify the inherent trade-offs that must be considered in balancing energy production
with resource protection.
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Appendix B: Finalized rasters for all resource components created in Chapter 3 and used

as inputs in Chapter 4 and Chapter
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Figure B1 Raster of proportion of revenue for Coastal Species at 1°x1° latitude/longitude grid
resolution. The values of this raster sum to 1 and is used in the created C-ESIs.
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Figure B2 Raster of proportion of revenue index for Highly Migratory Species at 1°x1°
latitude/longitude grid resolution. The values of this raster sum to 1 and is used in the created C-
ESls.
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Figure B3 Raster of proportion of revenue index for White Shrimp Species at 1°x1°
latitude/longitude grid resolution. The values of this raster sum to 1 and is used in the created C-
ESls.
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Figure B4 Raster of proportion of revenue index for Brown Shrimp Species at 1°x1°
latitude/longitude grid resolution. The values of this raster sum to 1 and is used in the created C-
ESls.
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Figure B5 Raster of proportion of revenue index for Pink Shrimp Species at 1°x1°
latitude/longitude grid resolution. The values of this raster sum to 1 and is used in the created C-
ESls.
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Figure B6 Raster of original standardized abundance of larval fish at 1°x1° latitude/longitude
grid resolution.
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Figure B7 Raster of created presence index of larval fish at 0.5°x0.5° latitude/longitude
resolution. The values of this raster sum to 1 and is used in the created C-ESIs.
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Figure B8 Raster of created presence index of the proportion of deep-sea coral habitat at
0.5°x0.5° latitude/longitude resolution. The values of this raster sum to 1 and is used in the
created C-ESls.
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Figure B9 Raster of proportion of suitable habitat for Atlantic sailfish at 0.5°x0.5°
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latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-

ESls.

194




9

e

bluefin
[ o

[ 0.000736
[ 0.00147
[ 0.00221
[ 0.00295
[ 0.00368
[ 0.00442
I 0.00515
Il 0.00589
Il 0.00663
I 0.00736 ‘
I 0.0081

[

Figure B10 Raster of proportion of suitable habitat for Atlantic bluefin tuna at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-

ESls.
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Figure B11 Raster of proportion of suitable habitat for Atlantic blue marlin tuna 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-
ESls.
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Figure B12 Raster of proportion of suitable habitat for Common dolphinfish at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-

ESls.
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Figure B13 Raster of proportion of suitable habitat for Greater amberjack at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-

ESls.
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Figure B14 Raster of proportion of suitable habitat for King mackerel at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-
ESls.
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Figure B15 Raster of proportion of suitable habitat for Warmingii Lanternfish at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created
C-ESls.

200




— &

reddrum
[0

[ 0.000736
[ 0.00147
[ 0.00221
[ 0.00295
[ 0.00368
[ 0.00442
I 0.00515
Il 0.00589
Il 0.00663
I 0.00736 ‘
I 0.0081

[

Figure B16 Raster of proportion of suitable habitat for Red drum at 0.5°x0.5° latitude/longitude
resolution. The values of this raster sum to 1 and is used in the created C-ESls.
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Figure B17 Raster of proportion of suitable habitat for Red grouper at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-
ESls.

202




9

Figure B18 Raster of proportion of suitable habitat for Red snapper at 0.5°x0.5°
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latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-

ESls.
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Figure B19 Raster of proportion of suitable habitat for Striped mullet at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-

ESls.
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Figure B20 Raster of proportion of suitable habitat for Great northern tilefish at 0.5°x0.5°
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latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-

ESls.

205




il y

swordfish

[0

[ 0.000736

[ 0.00147
’ [ 0.00221

[ 0.00295
4 [ 0.00368
I 0.00442
Il 0.00515
Il 0.00589
Il 0.00663

I 0.00736 ‘
¢ I 0.0081

[

Figure B21 Raster of proportion of suitable habitat for Swordfish at 0.5°x0.5° latitude/longitude
resolution. The values of this raster sum to 1 and is used in the created C-ESIs.
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Figure B22 Raster of proportion of suitable habitat for Hawksbill sea turtle at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-
ESls.

207




kemp's
[0

[ 0.00052
[ 0.00104
[ 0.00156
[ 0.00208
I 0.0026
I 0.00312
Il 0.0036
Il 0.004

«

Figure B23 Raster of proportion of suitable habitat for Kemp’s Ridley sea turtle at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-
ESls.
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Figure B24 Raster of proportion of suitable habitat for Leatherback sea turtle at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-

ESls.
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Figure B25 Raster of proportion of suitable habitat for Loggerhead sea turtle at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-
ESls.
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Figure B26 Raster of proportion of suitable habitat for Atlantic spotted dolphin 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-
ESls.
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Figure B27 Raster of proportion of suitable habitat for Bottlenose dolphin at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-

ESls.
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Figure B28 Raster of proportion of suitable habitat for False killer whale at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-

ESls.
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Figure B29 Raster of proportion of suitable habitat for Pantropical spotted dolphin at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-

ESls.
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Figure B30 Raster of proportion of suitable habitat for Pygmy killer whale at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-

ESls.
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Figure B31 Raster of proportion of suitable habitat for Sperm whale at 0.5°x0.5°
latitude/longitude resolution. The values of this raster sum to 1 and is used in the created C-
ESls.
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Figure B32 Raster of species richness for ray finned fishes at the 0.5°x0.5° latitude/longitude
resolution. The values of this raster sum to 1 and the raster is used in the created C-ESlIs.
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Figure B32 Raster of species richness for sharks and rays at the 0.5°x0.5° latitude/longitude
resolution. The values of this raster sum to 1 and the raster is used in the created C-ESls.
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Figure B33 Raster of species richness for mammals at the 0.5°x0.5° latitude/longitude
resolution. The values of this raster sum to 1 and the raster is used in the created C-ESIs.
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Appendix C: Additional Tables and Figures from Running Marxan Spatial Planning

Solver

Table C1 Initial Best Solution Summary Scenario 1: Fisheries.

Comparison of the best solutions from ten Marxan runs. Score (total score of the solution), Cost
(sum of the costs of all the planning units), Planning_Units (number of planning units in
solution), Connectivity (based on Connectivity), Penalty (from the Shortfall), Shortfall (Sum of
unmet targets), Missing_Values (Number of features not met at 98%), MPM = minimum percent
missing (the percent of the feature with the minimum covered). Based on the table below, Run9
was selected as the initial best with lowest score, connectivity, and missing values.

Run_Number Score Cost Planning_Units Connectivity Penalty Shortfall Missing_Values MPM
1 56548.74 51000 34 4368 5548.74 10021.33 2 0.763
2 56529.69 51000 34 4480 5529.69 9989.53 2 0724
3  56041.02 51000 34 3920 5041.02 9252.97 2 0.758
4 56163.98 51000 34 4032 5163.98 9434.80 2 0.763
5 56018.9 51000 34 4144 5018.90 9231.06 1 0.759
6 55963.94 51000 34 4032 4963.94 9131.04 1 0.759
7 56163.98 51000 34 4144 5163.98 9434.80 2 0.763
8 55963.94 51000 34 4032 4963.94 9131.04 1 0.759
9 55963.94 51000 34 3920 4963.94 9131.04 1 0.759

10 56110.89 51000 34 4032 5110.89 9337.87 2 0.763
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Table C2 Initial Best Solution by Feature Scenario 1: Fisheries.

Table from the initial Marxan Best solution before Boundary Length Modifier (BLM) and
Species Penalty Factor (SPF) calibration for Marxan Scenario 1: Fisheries. Targets met for all
conservation features except highly migratory species.

E:;sue"rg/ation Target Amount Held TE/TSE t MPM
white shrimp 14852.79 15394.869 yes 1
brown shrimp 32834.88 32240.628 yes 0.981902
pink shrimp 4666.618 6430.221 yes 1
highly migratory 33833.21 25680.753 no 0.75904
coastal species 39743.58 39359.25 yes 0.99033

Table C3 Final Best Solution Summary Scenario 1: Fisheries.

Comparison of the best solutions from ten Marxan runs with modified BLM = 7.33 and SPF =
9.44. Best Score has risen from 55963 to 86950, Planning Units have increased from 34 to 41,
all targets are met (MPM = 1). Based on the table below, Run9 was selected as the initial best
with lowest score, connectivity, and missing values.

Run Number Score Cost Planning Units Connectivity Penalty Shortfall \“;I;r:;:g MPM
1 87912.64 60000 40 3808 0 0 0 1
2 90375.52 60000 40 4144 0 0 0 1
3 91473.48 61500 41 4032 418.92 39.82 1 0.999
4 87091.68 60000 40 3696 0 0 0 1
5 87091.68 60000 40 3696 0 0 0 1
6 91285.25 60000 40 4256 88.76 7.41 1 1
7 91054.56 61500 41 4032 0 0 0 1
8 87912.64 60000 40 3808 0 0 0 1
9 86949.76 61500 41 3472 0 0 0 1
10 89598.08 61500 41 3584 1827.36 155.58 2 0.998
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Table C4 Final Best Solution by Feature Scenario 1: Fisheries.
Table from the final Marxan Best solution with BLM = 7.33 and SPF = 9.44 for Marxan
Scenario 1: Fisheries. Targets met for all conservation features.

Conservation Target

Feature Target Amount Held Met MPM
white shrimp 14852.7918 16790.193 yes 1
brown shrimp 32834.8755 33111.162 yes 1
pink shrimp 4666.6179 6396.264 yes 1
highly migratory 33833.2113 34707.141 yes 1
coastal species 39743.5815 40381.047 yes 1

Table C5 Initial Best Solution Summary Scenario 2: Mammals

Comparison of the best solutions from ten Marxan runs. Score (total score of the solution), Cost
(sum of the costs of all the planning units), Planning_Units (number of planning units in
solution), Connectivity (based on Connectivity), Penalty (from the Shortfall), Shortfall (Sum of
unmet targets), Missing_Values (Number of features not met at 100%), MPM = minimum
percent missing (the percent of the feature with the minimum covered). Based on the table
below, Run9 was selected as the initial best with lowest score. All runs meet feature targets with
excess of 98% covered. No SPF calibration needed for this scenario.

Missing

Run_Number Score Cost Planning_Units Connectivity Penalty Shortfall Values MPM
1 186890.8 186000 124 15232 890.81 1823.83 2 0.9956
2 188982.5 187500 125 17080 1482.53 3045.88 2 0.9929
3 187533.2 187500 125 16408 33.24 67.89 1 0.9997
4 188878.1 187500 125 16576 1378.09 2814.43 1 0.9889
5 187967.9 187500 125 17640 467.90 959.75 2 0.9982
6 1891239 189000 126 17136 12391 253.05 1 0.9990
7 186253.7 186000 124 16408 253.72 521.53 1 0.9985
8 187500 187500 125 17304 0.00 0.00 0 1.0000
9 186163.6 186000 124 16296 163.64 336.37 1 0.9991
10 186915.6 186000 124 16128 915.65 1879.37 3 09971
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Table C6 Final Best Solution Summary Scenario 2: Mammals

Comparison of the best solutions from ten Marxan runs with modified BLM = 4.44 and SPF = 1.
Planning Units and Cost are unchanged from the initial solution but Connectivity score of the
best solution has decreased from 16296 to 5992. Based on the table below, Runl was selected as
the final best with lowest score.

Missing

Run Number Score Cost Planning Units Connectivity Penalty Shortfall Values MPM
1 212604.5 186000 124 5992 0 0 0 1
2 218820.5 186000 124 7392 0 0 0 1
3 218331.4 187500 125 6944 0 0 0 1
4 212626.7 186000 124 5992 22.22 27.77 1 0.999922
5 214034.6 184500 123 6608 195.04 243.79 1 0.999318
6 213603 187500 125 5824 244.42 305.51 1 0.999146
7 214184.7 187500 125 5992 80.22 98.75 1 0.999612
8 213420.2 186000 124 6104 318.48 398.09 1 0.998887
9 213776.7 186000 124 6216 177.65 219.11 2 0.999247
10 212873.6 186000 124 5992 269.10 336.37 1 0.99906
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