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ABSTRACT

Impacts to stock abundance indices due to offshore wind develogimesn changes to fishery-
independent survey effort

by Angelia M. Miller

Offshore wind energy development is occurring throughout the Northeast Large Marine
Ecosystem and will interact with many marine use sectors, including fisheries. Wind areas
overlap spatially with the footprint of the National Marine Fisheries Service GJMertheast
Fisheries Science Center (NEFSC) multispecies bottom trawl survey, which has been conducted
since the 1960s, and providégta that are relied upon for the assessment and management of
many fisheries stocks in the NortheasEUThis fisheryindependent survey is confronted by
potential preclusion of trawl sampling due to the spatial conflict arising from offshore wind
energy development. My thesis quamesfthe impacts of preclusion to survey operations and

how changes to species distributions and abundances within wind areas could jointly affect
downstream data products, such as stock abundance indices, and fisheries management advice.
The first phase of my study uses the empirical data to asragroxy for expected impacts to

survey data products when the survey is precluded from sampling within offshore wind energy
areas (wineprecluded survey effort). Findingsiggest thaabundance indices are impacted most

for speciesvhere there were larger differences in their catch rates in asidl@ot wind areas

The second phase of my study used survey data for summer floBradalidhthys dentatysand
Atlantic mackerel $comber scombryiss case studids fit spatiotemporal generalized linear

mixed effects modsl(GLMMs), Smulate survey data, calculate indices of abundance and
population trends, and compare survey outcomes with and without preclusiowifrdm

development areas. The results of the modeling indicate that spatiotemporal models can be used
to simulate new survey data aedaluate impact® the surveydnd survey data produgtshen

it is precluded from offshore wind energy areas. Furtheploying the species distribution

operating modsl, | conducted a simulation study to examine changes in fish density under



assumed changes in species productivity within wind assmtheir effects orsurvey catch
ratesunder windprecluded survey effarFindings conclude that estimatesaffundance indices
and population trends will b@ostbiased if species experience enhanced productivity and
survey effort is precluded within these areas. Thus, it is important that the losses in survey effort
and data be mitigated to maintain at a minimum the existing understanding of species’ relative
abwndance. This study contributesettly to implementation of the Federal Survey Mitigation
Strategy for the Northeast U.S. Region as a part of the Survey Simulation Evaluation and
Experimentation Project, which aims to assess potential impacts to the bottom trawl survey
operations and datproducts and identify mitigation strategies to maintain data integrity.
Furthermore, this study contributes to the current knowledge surrounding the impacts that
offshore wind energy development can have on fisiretgpendent surveys, which globally is

scarce.
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1 INTRODUCTION

To ensure the sustainable production of fisheries over time, fisheries management employs a
suite of stock assessment and decisimaking tools. Particularly, stock assessments often rely

on indices of abundance, which assumed proportional to a stock’s size, to reflect changes in a
stock’s trend (Harley et al., 2001; Hilborn & Walters, 1992jices of abundancae derived
primarily from data thatollects catch numbers and weight. Common types of data collection
include catckperunit-effort (CPUE) data from commercial and recreational, or fishery
dependent, sources, tag and recapture data, cooperative research studies with industry vessels,
and fisheryndependent surveys (hereaftsurveys). Indices of abundance are most often
produced from CPUE data or survey data. Surveys use statistical sampling designs to ensure a
random sampling of a stock’s distribution relative to its population (Cochran, 1977; Kotwicki &
Ono, 2019; DucharmBarth et al., 2022)thoughoftenat a costly price point. Once indices of
abundance are generated from the data, they can be used within stock assessments to help
provide advice for implementing fishery management plans (FMPs) with specific management

measures for the sustainability of a given stock (Large et al., 2013; Gill et al., 2020)

In the Northeast United StatddS), the National Marine Fisheries Service (NMFS) Northeast
Fisheries Science Center (NEFSC) has condumtadnual fisheryindependent multispecies
bottom trawl surveysince 1963 (fall) and 1968 (springlpng the USContinental Shelf Large
Marine Ecosystem (NESLMBPolitis et al., 2014)The NESLME is a temperate system that
encompasses an area of approximately 260,0GGrom Cape Hatteras in the south to the Gulf

of Maine in the north (Kleisner et al., 201This area was incorporated into the US exclusive
economic zone (EEZs part of the MagnuseBtevens Fishery Conservation and Management
Act of 1976 and is cooperatively managed by two of the eight regtonakils established in

the act, the New England Fishery Management Council (NEFMC) and thatMiatic Fishery
Management Council (MAFMC). Both the New England and Mil@ntic regions are

experiencing declines in seafood production and commercial fishery profits, with mixed trends in
ecological stability (i.e., fish diversity, fecundity, decreased length at maturity; Caracappa et al.
2025, Gaichas et al. 2025). There is also evidehshifting distributions and changes in

migration and spawning times response to changing climate and oceanography metrics
1



(Caracappa et al. 2025, Gaichas et al. 2086t potential regime shifts and shifting species
distributions to the northeast (Caracappa et al. 2025, Gaichas et al.l@0g5unning
standardized surveys such as the NEFSC multispecies bottom trawl survey and its data sets are

an invaluable source of fisheries information.

The NEFSC bottom trawl survey employs a stratified random sampling design where strata are
defined by depth and latitude and stations are randomly selected before leavarglsampled

within each stratum, and is designed to produce relative and unbiased abundance indices (Politis
et al., 2014)Survey stationare allocated proportionally to strata area with a minimum of three
sets conducted in each stratum to ensure the calculation of a stratified variance and coefficient of
variation (CV) which is used to assess the survey’s accuracy and precision in estamating

stock’s relative abundance. Sometintbe preselected statiolocations are unable to be

sampled due to the presence of fixed gear or difficult halsiteth as rocky or hartbottom

substrates. In these instances, a differensphected station isampled in its place, effectively

reallocating the survey effort to another location within the same stratum.

Other survey designs include simple random sampling, where each station has an equal
probability of being sampled and is chosen at random, or systematic sampling, where a station is
selected at random and each subsequent station is selected based omaartnthiyselected

unit of distance apart from the first (Cochran, 197here is extensive research into the
performance of each design and comparison among designs (Simmonds, 1996; Overholtz et al.
2006; Blanchard et al., 2008Biu et al. 2009, 2011Yu et al., 2012; Hyun & Seo, 2018; Zhao et

al., 2018; Von Szalay et al., 202BJowever, each sampling strategy has its tradeoffs related to

the objective of the survey at hand, and whifeinction of their chosen sampling strategy and
standardized sampling protocols, surveys are also at the mercy of natural species variability,
composition, and behavior. The size of the survey area and the timing of the survey can impact
observations of trends in a species’ spatial distribution or seasonal migration if the survey area is
too small compared to the actual spatial distribution or thehilison changes over time; if the
survey occurs within a species migration pattern; or if the population is only surveyed during the
day when it is more active at night (Godo, 1994; Hjellvik et al., 2002; Rago, 2005; Henderson et

al., 2017; Nichol et al., 2019Henderson et al. (201¥und that species distributions and
2



biomasses along the northeast shelf were affected by the timing of spring and fall transitions
indicated by chosen thresholds of sea surface temperitare specifically, they found that
species like Atlantic mackerel and summer flounder were more responsive to extreme spring
transitionsand would have a more northward distribution during the fall survey with longer
summers or later fall transitions (Henderson et al., 20H&0derson et al. (2017) also noted
variable timing of the NEFSC bottom trawl survey over the course of its time. deaidier

shifts in distribution or prolonged residence time within sampling areas could affect the
availability of fish to the survey and even its ability to detect those changes, therebpaffest
reliability and robustness of relative abundance indices (Blanchard et al., 2008; Thorson &
Barnett, 2017)When coupled with the logistical constraintsac$tandardized fishery
independent survey, sources of uncertainty in stock abundance indices have the potential to be
confounded.

To minimize the effect of uncertainty on survey data prodscientists and researchers

maintain consistency of the survey design comparability of its data products by sampling the
same spatial coveragetime employing the same gear to standardatehability(von Szalay

& Somerton, 2005; Miller et al., 201,nd optimizing the effort allocation and time spent

transiting between statiorfkiu et al., 2011; Oyafuso et al., 2021; Rhodes & Jonzén, 2011; Xu et
al., 2015) For this reasonjgheryindependent surveys are much more costly than their fishery-
dependent counterparts and are more readily susceptible to effort reduction through various
means such as funding and labor shortages, vessel maintenance and repairsaasd nones

in response to environmental and animal protections, among many(@taerss et al., 2015)
Reductions in survey effort can increase measures of uncertainty and relative bias in abundance
trends (Zimmermann & Enberg, 2017; Kotwicki & Ono, 2019; ICES, 20d2aying to bias in

stock assessment outcomes, failure to track population changes, and overfishing (Kotwicki et al.,
2014; Kotwicki & Ono, 2019)Ongoing researcifforts striveto prepare scientists and surveys

to respond to both planned and unplanned reductions and changes to survey designs and
sampling strategies (ICES, 2020, 20Z3)r example, Yalcin et al. (2028)und that

spatiotemporal models can make up for survey lost efiyafuso et al. (2021, 2028¢veloped

an approach to optimize survey designs that inclube flexiblity to adapt easier in the face of
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unavoidable survey changesxdmany others have studied the potential to combinestisgams
to derive representative distribution maps and indices of abuntiatasould be used to
supplement gaps in survey effG€ES 2020, 2023)

A source of particular interest regarding survey effort reduction is offshore wind energy
development. The offshore wind industry is expected to interact with many marine use sectors
and to impose at least four impacts to fish@egependent surveys associated with sound and
vibration, electromagnetic fields, habitat changes, and fishing practice clihippéy et al.,

2016; BOEM, 2019; Haggett et al., 2020, 2021; Methratta et al., 2020; Hare et al.,|12022)
Europe, offshore wind areas have been in operation since the early 1990s, and changes to
commercial fishing practisas a result of preclusion from wind aréas occurred iGermany

and Belgium (Berkenhagen et al., 2010; Schupp et al., 2G@%¥ernment research vessels have
tencedto be an exemption from these preclusif@sates et al., 2016; Gill et al., 202B)uch of

the research on impacts of offshore wind to fisheries has been through the lens of commercial
fishery preclusion, and the resulting socioeconomic and ecological infettsiing

displacement of fishing effortpue to the forced exclusion of all fishing vessels during
construction or operation in Eurgpeind energy areas have become gumaatine protected
preclusion of fishing operations equated to a 50 percent Idshefy catch. Large

socioeconomic losses of that magnitude for the fishing industry in a given area could shift the
allocation of that effort to less resilient habitats and populations (Bergstrom et al,,\20ith)
would only exacerbate the importance of the fishedgpendent surveys to track changes in

population abundances.

Unfortunately, little research has been done to understand impacts to-fistepgndent survey
effort within the offshore wind energy development areas despleanonstrated need to
understand and quantify such impacts. As of August 2023, initial phases of construction began
on over 22 million acres, 10,000 turbines, and 33,000 miles of submarine cables slotted for
development along the NESLME (BOEM, n,duhich imposes a potential 3@rcent spatial
overlap with the NMFS NEFSC bottom trawl survey footprint. The bottom trawl survey, along

with twelve other federal surveys the region, will experience a spatial conflict driven by the
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potential preclusion of scientific monitoring and trawling effértsn areas designated for

offshore wind energy development. The current survey vessel will be unable to sample in wind
areas.To minimize the impacts felt across the suite of NEFSC surveys, and to sustain consistent
sampling designs that are conducive to predicting species’ abundances and distributions, NMFS
has partnered with the Bureau of Ocean Energy Management (BOEM) to produce the Federal
Survey Mitigation Implementation Stratefpr the Northeast Region (hereafter Mitigation

Strategy; Hare et al., 2022).

The first goal and objective of the Mitigation Strategy is to reduce and rectify impacts of
offshore wind on NOAA Fisheries surveys by developing and implementing ssjpeeyfic

plans to address four identified impacts: preclusion, impacts to survey design, changes to habitat
and airspace, and reduced sampling productivity (Hare et al.,.2Z02&ghieve this goal,
collaborators between NOAA Fisheries, BOEM, Fishery Applications Consulting Team, and the
University of Massachusetts Dartmouth School for Marine Science and Technology (UMassD
SMAST) initiated a project, Survey Simulation Experimentation and Evaluation Project
(SSEEP), to devep a spatially explicit simulation tool that emulates NMFS’ fishery

independent surveys and assess the statistical performance of alternative survey designs and
sampling scenarios guided by a set of stakehaldekshopgGuyant et al., 2022a, 2022b,

2023)

This thesis contribusgo the Mitigation strategySSEERand the limited studies available for

the impacts to federal surveys around wind energy dmeaensidering the impacts that the
preclusion of fishenmndependensurvey effort within the wind areas will have on survey
operations, survey performance, and estimates of stock abundance indices that directly affect
fisheries management adviddore specifically, | develogd a general framework to quantify
estimates of annual abundance indices derived from existing federal survey operations and
compared them to estimates of annual abundance indices that were calculated under the
assumption that the survey would be unable to conduct tows within wind energy areasikhd
not be able to reallocate the lost effort to othergmlected stations within the same sampling
unit. | then focusdthe application of this general framework in the context of the NEFSC

multispecies bottom trawl survey (BT, @nd further on two case study species.
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The two case study species considered in this work include summer floBadaiohthys

dentatu¥ and Atlantic mackerelScomber scombryiswhich were identified in the stakeholder
workshops as two of 11 speciescoinmercial and recreational importance and of key interest
identified by industry, academic, and management stakeholders (Guyant et al., 2022a, 2022b,
2023)to understand impacts of wind preclusion on the multispecies bottom trawl survey. They
were chosen as the case study species, in part due to their commercial importance and
stakeholder interest, but also to compare the variation in impacts between two species with
differing behavioral characteristics and interactions with the bottomh $tavey.

The geographic distribution of both summer flounder and Atlantic mackerel has extended from
North Carolina to the U-£anadian border (NEFSC, 2019, 202 spatial range that includes

the full extent of the wind area installation space within theAtiantic as of June 2022.

Summer flounder is jointly and cooperatively managed by the MAFMC and the Atlantic States
Marine Fisheries Commission (ASH@). Although summer flounder de@ot currently have an
overfished stock statug is experiencing overfishing (NEFSC, 202B)s a sandy bottom

dwelling fish that has historically been found inshore in thedatemer to earljall and on the

outer shelf in the sprinigoth of which are areas that are proposed for offshore wind

development. Additionally, it is thought to be very well sampled by the fall and spring survey.

Atlantic mackerel is also managed by the MAFMC and has been declared overfished with
overfishing occurring (NEFSC, 2021y contrast to summer floundet is a pelagic fish and has

a much patchier spatial distribution that extends throughout the survey area. The spring survey is
generally much better at sarmg Atlantic mackerel than the fall survey. However, receily

spring survey has been observing a change in Atlantic maekexiédbility due to changes in

habitat availability including a decline observation®n the outer shelf in the mitlantic

Bight (MAB) and a increase in olesvations on the inner shelf of the MAB, Gulf of Maine, and
Georges BankMcManus et al., 2018)

An increase in the magnitude of observatiohétlantic mackereinshorecould overlap
spatially with theplanned wind areas in the ridlantic. However, their patchier distribution

leads to lower encounter rates which incarsigher variance around the annual abundance
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indices Thus, it is expected th#ie impacts from wind are&sr Atlantic mackerel will be

different than those impacidentified for summer floundevhen the same impact analysis is
applied to both speciesdditionally, because of their interactions with the survey, the analysis is
applied to the fall and spring survey data for summer flounder, and only the spring survey data
for Atlantic mackerel, which also coincides with the seasonal atNtEBECbottom trawl

survey abundance indices used in thiclks assessments.

Both gecies have experienced distributional shifts poleward related to reduced fishing pressures
or climate pressures (Nye et al., 2009; Overholtz et al., 2011, Bell et al., 2014, 2015; Henderson
et al., 2017; McMahan et al., 202@nd have been the subject of initial studies related to their
interactionsand uses witin offshore wind farma. It is hypothesized that offshore wind turbines
could act much like an artificial rediie to the scour protection and artificial rocky bottoms
installed around the monopiles, weither increase® fish abundance within these areas

according to the attractigoroduction hypothesis (Mavraki et al., 2021; Reubens, Braeckman, et
al., 2013; Reubens, Vandendriessche, et al., 20t 8lecreaseis abundance due to changes in
availability of preferred habitatdlavraki et al. (2021jound that while present within the wind
areas in the North and Baltic Sea, Atlantic mackerske not using these areas as feeding

habitats. Wilber et al. (2022jound a reduction in overall fish condition of summer flounder

within areas of the Block Island Wind FafBIWF), which could translate to a less preferred
habitat and imply impact® abundance indexalculations if wind energy areas are precluded

from survey monitoring efforts.

My work considers those impaaisder scenargwhere offshore wind areas could result in local
changes to fish density, likbe attraction production hypothedidy thesis attempts to answer

three questions: (1) vat would the effect on previous stock abundance indices have been if wind
areas prevented bottom trawl survey eff(2) can species distribution models be used to

analyze potential impacts of offshore wind areas on survey operations and changes in abundance
and (3)how do the impacts to abundance indices as a result ofpegntuded survey effort

change when there are changes in species productivity and fish density due to the presence of

wind turbines



2 METHODS

The NMFS NEFSC bottom trawl survey actively samm@@ strata encompassing the Gulf of

Maine, the western Scotian Shelf, Georges Bank, andithéttantic Bight (MAB), has

conducted an average of 350 tows per seamwthas observed 488 specsace 1963. For the
analysesn this thesisl focused on data from 2009 to 2021 to allow for the continuity of data
related to vessel, depth and the strata sampled, which has changed throughout the time series
(Sosebee & Cadrin, 2006; Bell et al., 2Q15)he survey was conducted on the NOAA ship

Albatross IVup until 20@ at which point it was retired and the Henry B. Bigelws

commissioned for the survey. The data and subsequent analyses focus on the period in which the

Henry B. Bigelowhas been in operation.

Incomplete survey years were also removed from the data sets to accounelisiimg survey

effort reduction. For instance, the 2017 fall survey was conducted on the sister NOAA ship
Piscesdue to scheduled maintenance of the Henry B. Bigatahithe survey only completed

half of the stations (n = 128 tows) during the season. In 2020, the COY/Handemic placed a

halt on all noressential operations including the 2020 spring survey such that the spring survey
only completed 132 of its planned 377 toW¢hile the survey was able to operate by the 2020

fall survey, its efficiency was still significantly impacted by the pandemic and only completed
half of the stations during this season. Thus, the 2017 fall survey and 2020 survey year were

removed from the data.

Wind energy planning areas and leases are updated periodically and are available online through
BOEM as a geographic information systems (GIS) geodatabase or shapefile. For thik thesis

used the shapefiles of the wind planning and lease areas (hereafter “wind areas”) from June 2022
(https://www.boem.gov/renewabenergy/mappin@nddata/renewablenergygis-data)which

was the most recent data available at the start of the projestcinded the lease areas within

the Mid-Atlantic andthe Central Atlantic planning are@Sgure 1)


https://www.boem.gov/renewable-energy/mapping-and-data/renewable-energy-gis-data

Using thetrawl survey database and the wind planning area informaii@veloped a general
frameworkto assess the impact on survey data and data products used for stock assessments in

the Northeast LS. in two phases

2.1 An empirical analysis of potential impacts on surveylata

The first phasaimed to identify potential impacts to sample sizes and estimates of seasonal
stratified random mean biomass indi¢esreafter “annual abundance indices”) by removing
historical survey tows from data analysis if they were identified as overlapping proposed wind
areas.Thewind areasvere spatially overlgedwith the locations of survepws from 2009-

2021, and towsntersecting a wind area were denoted as airgh towsvhile those that did not
intersect a wind area were denoted as outside fbwmesquantified impacts to historical sample
sizes and to annual abundance indigese then useds a proxy for information Igsdue to

wind-precluded survey effort.

The impacts on sample size were quantified across two groups: (1) each species that was
encountered by the survey, and (2) species identified by stakeholders during two Survey
Simulation Experimentation and Evaluation Project (SSE&kshops to be of research
interest (hereafter “stakeholdeelectedspecies”). The impacts on indices of abundance were
guantified across three groups: (1) spatiéiltgred specieshat met minimum catch criteria
(below), (2) stakeholdeselectedspecies, and (FAtlantic mackerel and summer flounder as the

case study species.

Two participatoryworkshops were held in January and February 2022 and hosted by the SSEEP
project team with the aim to understand stakeholders’ interests in potential impacts of wind
preclusion on survey operations and data products. During these workshops, industry, academic,
and management stakeholdesmsre asked to identify a set of species that were of regional
importance to evaluate in context of potential impacts from survey preclusion due to offshore
wind (Guyant et al., 2022a, 2022b, 2023articipants suggested that the focal species should be
selected based on the quantityegfsting datathe performance of thestock assessments, and
the variability inefficiency of the bottom trawl survey for eagipeciegGuyant et al., 2022a,
2022b, 2023)From these discussions and guidelines, eleven (11) species were selected that
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spanned regional significance across the three fisheries management bodies, the NEFMC,
MAFMC, and ASFMC including: a skate complekdrndoor skate, winter skate, clearnose
skate, little skate Atlantic herring, Atlantic mackerel, black sea bass, butterfish, longfin squid,
silver hake, spiny dogfish, summer flounder, winter flounder, and yellowtail flounder.

2.1.1 Impacts on ample sizes

For each species encountered by the suivegiculatedhe percersige ofsurvey tows that

caught eaclspecies and that would be precluded if it occurred within a wind aseaell as the
percentage of individuals of that species that were obseg#dte survey tows designatedaas
wind-area tow The percentage of survey toespected to be precluded by wind areas;,, for

a species, jwas calculated by:

—_—
2've = 2? 2% (100 (Equation 1)

6 290

where Jy¢ is thetotal number of positive towsr a given specie$, observed in a wind area, w
and Jvis thetotal number of positive towsbserved in a windverlapped stratum, h.
Similarly, the percentage of individuals thfat species, 23within the wind areas was
calculated as:

Afg. Coa

23y= == (100 Equation 2)

o8- ¥QO

where Oy, is the total number of individuals observed within a wind areshile Oy yis the

total number of individuals observed within a wioderlapped stratuyrh.

2.1.2 Impacts on indices of abundance

| estimated and compared the annual abundance index under two survey effort scenarios: (1)
status quo survey effort, where all the historical observations uged in the index calculation;
and (2) windprecluded survey effort, where whadlea tows wes removedn each year of the
dataset representing a reduction in seasonal survey effort. Calculations were performed for all
species that met a minimum set of craen a particular seasofil) the species was observed in
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three or more strata, (2) the species was observed in three or moragdé¥sihe species was
observed in least onestratum proposed for overlap with offshore wind development. This
minimum catch selectioallowed analyses to focus on the species that would be most impacted
by offshore wind developmentather than species rarely observed by the survey.

For each of the speciéisat met the minimum catch criterlacreated seasongpatial footprirg

and sampling fransesuch that the annual abundance indices were driven by a species’
distribution and nobverly influenced by survey tows that occurred in areas where the species is
never foundFor each species, | found the strata that contributed to a threshold of the cumulative
catch (in biomagsbserved irthe time serigandto remove influence of strata where the species

has rarelybeenobservd, with additional adjustments create a contiguous area.

The thresholds used were either th® 8599" percenite of the cumulative biomasdepending

on the speciesf interest For summer flounder, | adjusted thé"3fercentile cumulative biomass
sampling frame for each season to include additional strata that were in a similar depth range or
accounted for the full extent of wind area overlap with their seasonal distrib(Fignse 10)

The sampling frame for Atlantic mackerel consisted of the full survey area and all 82 strata due
to minimal differences between the"d&nd 99 percentile cumulative biomass sampling frames,

and the lack o& contiguous area in either cabg(ire 16)

The annual abundance indicgsre estimatedccording to Cochrari977)for each survey

effort scenari@as

YRe= %s%(?fooe Equation 3)

where, £y, is the stratifiedandommean per sampling unit for a given specjgsseasonk),
andyear ). #gis the size of stratum, h, anéyggis the observed mean biomass observeden th

same stratum. The total survey area is denoted\,

With every observed mean biomass calculated in each stragymy, the estimategariance of

observed dataTyyy ) from the mean in the same stratunswalculated by:
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R o= A &qonor? Boon
YRe™

G007 5 (Equation 4)

which was then used to quantify the precision of the estimated abunbgriceannualstratified

variance (Cochran, 197g)jven by:

_ RA Bofour ao :
Var (4ng = Al o1 F£2) (Equation 5)

where Njis the relative stratum weight§yy, .is the observed variancéyyyis the sample
size. Some analyses and stock assessments tend to usstt@poesampling method to derive
the variance quantitieshich has shown to be more precise ttl@conventional point estimate

in some respects (Magnusson et al., 2088) similar in others (Anderson et al., 2024)

The precision of the survey waguantified as theoefficient of variationCV; Cochran, 1977)
andgiven by:

§10 &0

%Byrg = Foon

(Equation 6)

In addition to quantifying the magnitude of abundance, the index trend for each species over the
time series was estimated by fitting a linear regression model to the point estimates of annual

abundacewhose structure i&uur et al., 2007)
Yre™ Wb@L U;FEPL YL"JYD,(_; Equation 7)
Y’Ntzf 0(0, &9

Where 4, cis the estimated annual abundance index fpven species and season in yegy,
the population slope over time l% the population intercept ié{,m and ‘@Ymdenotes the

residuals which are assumed to be normally distributed around 0, with a standard de¥iation &

The biasof survey estimates (e.g., catch rates or trends in catch batesen survey effort
scenarios waquantifiedvia the mean relative error (MRE) and mean absolute error (MAE) over
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the most recent five yearg;; (generally, 201&021) while the mean absolute relative error

(MARE) over the most recent five years in the time sewias used to quantify the precision:

) A o DA
14" yp= —|5 ~{;@5%—°%?7\&“ Equation 8)
QR
| #'yp= —I,SA{';@;%QQ F %'(Egirand Equation 9)
| #4yp= = A[;@ Z%O%;go"z Equation 10)

where J?Emrepresents the annual abundance index in the preclusion scenari\{nggﬂ@resents

the annual abundance index in the status quo survey.

MRE and MARE wee also used to calculate the bias and precision, respectively, of the wind
precluded survey effort population trend estirmathen compared to the trends estimated by the
status quo survey effort scenario, as well as the differences between the survey’s precision under

the two effort scenarios

Furthermore| expanded this analysis further for summer flounder and Atlantic mackerel by (1)
compaing the changes to trend estimates when survey effort is precluded due to wind to those
when a similar magnitude of survey effort is reduaechndom throughout the survey footprint
due to unforeseen circumstances such as vessel maintenance needs or logistical constraints
(hereafter “general survey effort reductigréhd(2) calculaing the change in perceived trend

when the preclusion of the survey within wind areas occurred systematically over time.
2.1.2.1 Comparisons to general survey effort reduction impacts

To compare wingrecluded impacts to general survey effort reduction impacts, | used bootstrap
resampling to creatindependent and distinct seasonal datarsptesenting a status quo survey

effort and a reduced survey effort. 1,000 bootstrapped datasets were generated for the status quo
survey effort scenario by sampling with replacement the seasonal time series for the same

number of observations that comprised the status quo survey effort datasets. Each new status quo
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dataset was reduced twice: first by removing the veire tows (e.g., those simulated to be in
wind areas) to recreate the wiptecluded survey effort, and second by randomly removing the
same number of observations that constituted the piediuded survey effort scenario for a
given species. More specifically, whadlea tows constituted an average of ten (10) percent of the
total survey data for summer flounder in each season an(bjipercent of the totaurvey data
for Atlantic mackereln the spring. Tus, tree types of datasets were generated: (1) status quo,
where the historical expanded datases veandomly resampled to generate a new dataset with
the same number of toy&) wind-precluded effort, where the bootstrapped sktaunder
status quo had the wiratea tows removednd @) general effort reductigrwhere the
bootstrapped datasetvererandomly relucedto generate a new dataset with onyprcent of
survey tows for summer flounder or 95 petoainsurvey tows for Atlantic mackeredmulating a
10- and 5percent removal adurvey tows respectivelftach datasetas then used to calculate
annualabundance indices and estinsatéthepopulation trend according to Equation 3 through
Equation 7. Usinghe distribution of the bootstrap estimates of trend, | identified the proportion
of estimates that were larger than the observed wiadluded estimate of trend from the
original data to quantify the difference between a general survey effort reduction impact and a
wind-precluded survey effort impact

a

L= %’ (Equation 11)
i,00

Where J | . is the total number of occurrences where thedtag estimates of trend were
greater than the observed wiptecluded survegffort population trend and 0 is the total

number of bootstrap estimates.
2.1.2.2 Systematic changes in trend over time

To calculate the change in perceived trend when the survey is precluded from wind areas
systematically over time, | first calculated the annual abundance indices and the change in
indices over time under a status quo survey effort assumption for thenibéries. Next, |
calculated the annual abundance index in the most recent year of the seasonal dataset under a

wind-preclued survey effort assumption but calculated the annual abundance index for the
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remaining previous years in the time series under a status quo survey effort assumption. This
iteration resulted in one year of a wiptecluded abundance index, and years of a status quo
abundance index, whefel is the remaining total number of years in the data set. | then

repeated this process such that an additional annual index was calculated undgsrachinié-d

survey effort assumption and one less annual abundance index was calculated under a status quo
survey effort assumption with each repetition, until the last iteration calculated indices under a
wind-precluded survey effort assumption for all the years in the time ¢egiethe same

datasets analyzed in Section 2.1A)ditionally, with each iteration, the population trend over

the full time series was estimated as above.

2.2 A simulation study of potential impacts on indices of abundance

The second phase employed species distribution modeling and simulation testing to understand
wind preclusion impacts on abundance indices including for survey data simulated under
assumed changes in fish density. This second phase then helped evaluate possitia effect
abundance indices when there botgh changes in species productiatyd reductions in survey

effort due to the presence of wind turbines.

Species distribution modelarean increasingly prevalent set of tethat can incorporate spatial

and temporal nostationarityto understand changes in species geographic distribution and
density (Anderson et al., 2022; Barnett et al., 2021, Elith et al., 2010; Elith & Leathwick, 2009;
Johnson et al., 2019; Ward et al., 2022re | used species distribution models to characterize
changes in the seasonal fish density observed by the NEFSC bottom trawl survey over the time
seriesfor the purposes afimulating data sets for future years under alternative sampling
strategies and scenarios for fish population chaMgee specifically] fit geostatistical

generalized linear mixed effects models (GLMMS) to the fall and spring survey data for summer
flounder and spring survey data for Atlantic mackerel given a set of environmental covariates
From the GLMMs, | simulatfuture survey time series data sets under scenarios of change in

sampling effort and fish density in areas of offshore wind energy development.
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2.2.1 Species distribution models

Spatiotemporal GLMM were developed using thepdckage sdmTMB’ (version 0.5.0.9;
(Anderson et al., 202P)which employs Template Model BuildéFMB) to perform ntegrated
nested Laplace approximat®({NLA) and provides a usdriendly extension of generalized

linear models for interpretatiod modelwas fit for each case study species, estimated

seasonal biomass catch rates and regression coefficients for depth, year, wind energy area as

fixed effects
U = 8
B = BB Upxp&26%) + U '#4y
+ Qua##d #ot Aot Qe Equation 12)

where he expectedurvey catch rate, dUy.g for each species, at a point in spacend yeart,
is equal to a meandy, determined by the inverse link’ Banda linear predictorThe linear
predictor in this study was defined whe$e2 6 *; ; ' # 4y and #4 ' #pare elements of the
design matr and represeatithe main effectfor a given observation iL}(x@ég UQ and Wy s«
are the corresponding effects on catch fateach main effectfis the spatial random effect
on catch rate that is constant over time; @pg.is the spatiotemporal random effect on catch
rate that varies over time. The values fow# 4pand # ' #were either 1 or O depending on
whether arobservation is in that given year or wind arBae atial (fiyy and spatiotemporal
random effects ), weremodeled via the stochastic partial differential equat®¥E

approximation to Gaussian Markopatial random fieldsand spatiotemporal random fields
e~ MVN (O, - ),
Qe ~ MVN (O, -+) (Equation 13)

where heannual spatiotemporal random fields were assumed to be independent and identically
distributed
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Separate fall and springodels for summer flounder were fit to sun@gch ratesssuming a

Tweedie probability distributiofor the observation model
Uy~ Tweedie@g, P, 0) (Equation 14)

where, p, represents the power parameter@represents the dispersion parameter. The fall
models were evaluated across a triangular mesh with 723 knots or vertices, while the spring
models were evaluated across 684 knots, using the default assumptions in theeshbKke
function in sdmTMB(Anderson et al., 2022)n total, | fit twelve (12) model configurations for
each season which varied in whether to include spatial and spatiotemporal fields, a categorical
variable indicating whether tows took place inside and/or outside a wind area, and if a depth
effect was modeled through a penalized spline or a sedemee orthogonal polynomi@lable

6).

The models for Atlantic mackerel were fit to survey observations from the spring assuming
either a Tweedie probability distribution according to Equation 12 or a Pdis&aelta gamma
probability distribution (hereafter “delta gammaBoth the Tweedie and tlielta gamma

observation families are adept at handling positive continuous data with zeroes which is
characteristic of the NEFSC survey data (Barnett et al., 2021; Commander et al., 2022; Thorson,
2018; Ward et al., 2022T he difference with thdelta gamma models, howeyes that the

process is split into two components, a probability of encounter (hereafter “pressecee”)
component and positive catch rate component. The preseizsence componentyy, is

derived by:
Lige= 1 F AT = Ope) (Equation 15)

where Oy is the predicted density of individuals or groups at sampigven by a linear

predictor with the same structure as Equation 10 and is distributed according to (Thorsan, 2018)

25~ Bernoulli( L) (Equation 16)
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The predicted density and probability of encounter is then used to dezipesitive catch rate

component N, suchthat

- S . ;
ees = g“;’;x g (Equation 17)

where >,..is the predicted biomass per group of individuals also given by a linear predictor with

the same structure as Equation 10 but distributed according to:

Yo ~ Gammg 6, ﬁr) (Equation 18)
where 0 represents the shape of the distribution (Thorson, 280)ying the two distribution
families, a total of sixtynine (69) models were fit to Atlantic mackerel spring survey adtech

varied in whether to include spatial and spatiotemporal fields, a categorical variable indicating
whether tows took place inside and/or outside a wind area, and the habitat relationship
assumption associated with the observed biomass at a givagawdapthPreliminary model
selection identified better fits to biomass catch rates that were limited to average depths at less
than 200 meters and estimated as a function of a fardér polynomial depth relationship,
independent year effects, and spatial and spatiotemporal random. éfettts 69 models fit,

only four (4) models were chosen as potential candidates for further evaluation. These models
varied in thedistribution families and thestimation of the range parameter, or the distance at
which two observations were no longer correlated. More specifically, one model with a Tweedie
distribution estimated independent spadiad spatiotemporal ranges, and three models with the
delta gamma distribution were fit by varying which component, presasimsence and/or positive
catch rate, estimated independent or shared ramgbke 13 includes the list of candidate model

configurations evaluatefdr Atlantic mackerel.
Model Selection

Models werecomparediusing Akaike’s information criterion (AlCAkaike 1974) which
measures the goodness of fit (Barnett et al., 2G21) a crossalidationapproach to quantify

the predictive accuracy of each model according to a-wgtation test error raj@and the total
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log-likelihood of each model (Anderson et al., 202%)ditional modeldiagnostics included
inspecting residual such as Empirical Bayeapproximate posterior samples assuming a
multivariate normal distributigriMarkov Chain Monte Carlo (MCMQamplesand simulation
based Dharma, as well as visualizing marginal and conditional effects of model prediutors
pog-model predictive checkingf abundance indicdsllowing a similar process to a posterior
predictive checKConn et al., 2018)or the posterior predictive check, new survey dath

random effectsvere simulated at the same locations and in the same time period used to fit the
model. Annual abundance indices were derived under the same status quo atawemd-
preclusion survey effort scenarias forsection2.1.2 and summarized across years by estimating
the population trend over time, invoking the same process and equeidascribed above in
section 2.1.2. | repeated this process {60Q iterations and contrasted the distribution of the
estimated average biomass catch rates, proportions of zeroes, annual abundance indices, and
population trendérom the simulated data the best estimates from the originally fitted model.
Equation 11 from section 2.1.2 was employed to contrast the distribution to the fitted population

trend such that] soare the simulated population trends.

2.2.2 Scenarios of bangng spatial distributions

The fitted models then served to simulate data to analyze the effect of changes in fish density and
the preclusion of survey effort within wind areas on survey data, annual abundance indices, and
estimates of the population trendvé-yeardataset of survey stations were produced by
randonty selecting with replacement five years from the historical survey period and thereby the
previously surveyed locations for a selected ydaich served as assumed locations of future
survey effortsNew survey biomass catch rates were then simulatéesg assumed future tow
locations based on the estimated spatial random fields from the same locations used in the model
fit, theestimated/ear effects from the respectiresampled year of the time seridse estimated
depth effects, and new spatiotemporal random figddswere generated by the simulation
Biomass catch rates were simulated under three scenarios efisued fish density
assumptionghereafter “productivity scenarios’(1) baselinedensitywhere the effect of wind
areas orexpected survey catch rate was unchanged froraffeet predicted by thitted mode)
(2) enhanced densityhere the effect of wind areas on simulated survey catchwatedoubled

19



from the baseline effeetssuming that fish densiyould increase within wind areas once in

place, and3) reduced densityhere the effect of wind areas on simulated observations of

biomass was halveftom the baseline effeetssuming that fish density would decrease within

wind areasln practice, this was implementég adjusting the linear predictor for wirzdlea tow
locations accordingly. Once survey data were simulated under each productivity scenario, annual
abundance indices amdtimates of the simulated population trends waleulated and

compared under the survey effort scenarios, status quo or full surveyaifbrtindprecluded

survey effort. This was conducted ovg000 iterations to represent 1,000 instances of different
populations and five years of a randomly stratified survey.pEnrmance of survey effort

scenarios was calculated using the same MR&E, and MARE calculations as discussed in

Section 2.1.2 above
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3 RESULTS

3.1 An empirical analysis of potential impacts on survey data
3.1.1 Impacts on ample sizs

Analysis of the spatial overlap of actively sampled survey strata with proposed wind areas
showed that inshore strata in thed¥Atlantic will have the highest overlapeasured by the
percent of stratum overlapped by wind arefigctly off the coast of southerreW Ersey,

southeastern Maryland, and southerm$8achusettsigure 2)

Over the time series, 8,102 survey taasight488 speciesNo species wscaught in all 8,102
survey tows. Silver hake had the highest capture frequencyrring in 77% (n = 6,244) of the
tows over the total survey area across the time series. Survey tplaamed and leased wind
areaq‘wind-area tows’accounédfor 5% (n = 431) of the total tows across the full survey
spatial footprint over the time series. Alternatively, waréa tows accounted for 18% of the
total tows when the sampling framesuastricted to only strata that are overlapped by wind
areas (n = 2,337). Survey tows within strata that ovevitpwind areas (n = 2,337) account for
29% of the total tows over the full surviotprint.

Of the 8,102 tows, there were two wiatka tows that caught the only observations of
silverstripe halfbeak and frigate mackefBhus, 100% of the tows over the time seriesfrh

of these two species occurred in wind argagure 3b) The same windreatow that caught
frigate mackerel was also the only tow that caught sitegctetfish in strata overlapped by wind
(Figure 3). However thatwind-area tow was one of a total 11 tows (9%) that caught silver
hatchetfish throughout the survey a(Eagure 3b) There were an additional 7 wirgdea tows

that eacltaught the only observation of 7 other spetiestirata overlapped by win&igure 3).
Each windarea tow that caught the given spedesstitued 100% of the total tows in those
strata but anywhere from 4% to 50% of the total tows that occurred over the survey footprint
(Figure 3b)

Out of the 488 speciesaughtby the survey, 323 were not caught in any wanela towsKigure

3b) and 156 were caught across all 431 vanebtowsthat occurred in strata overlapped by
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wind areagFigure 33. Of the 156 species, a single fish was caught f26rspecies within wind

areas. Thsesingle fish from a wind area made up 0.02% to 4% of the total number of fish

caught for that species across the survey amagfin squid was caught the most in wind areas

in terms of the numbexs fish (n = 177,518) totaling 7% of the total numbers of squid caught
across the survey area and the time ser@aySlogfish verecaught the most in wind areas in

terms of biomasén = 55,968.3 kQ) totaling 6% of its total biomass caught across the survey area
and time serieBlotched swimming crab was wght the least invind areas in terms of biomass

(n = 0.001 kg) totaling 0.08% of its total biomass caught across the survey area and times series

3.1.1.1 SSEEP Workshop Species

The eleven (11) species prioritizedthe stakeholder workshopsere caught in up to 20% of the
wind-area tows that occurred in strata overlapped by wind energyar@a&enstituted up to

35% of the total number of fish caught in those arEBagi(e 4).Compared to those 11 spegies
butterfish and silver hake were caughtitower percentage of tows occurring in potential wind
areas with 15% (n = 20énd n = 240) of the total tows that occurred in survey strata overlapped
by wind areagFigure 4). Biomasgém those tows constituted 15% (2,569 kg), and 7% (2,116
kg), respectively, of the total biomass caughthe strata overlapped by wind aréggjure 4).

That is equivalent to 15% (n = 81,361), and 9% (n = 47,950), respectively, of the total numbers
of fish caughiFigure 9.

The skate complex, on the other hand, was cang?@% (n = 411) of the tows from strata that
overlap withwind areascatching a total of 44,541 kg of skates and 83,141 individual skates
(Figure 9. Although the skate complex weaught inthe largest proportion of tows in strata
overlapped by wind areaBi@ure 9, those tows did not catch the largest proportiobiofmass

or numbers of fish that would be precluded by wind areas. Ratherangadows caught a
higher proportion of Atlantic herring and yellowtail flounder in termbiofmass and numbers of
fish than they did of the skate complexindtareatows caught 37% (n = 85,083) of the total
number of yellowtail flounder and 28% (n = 4,214.5 kg) of its total bioroagght in overlapped
strata, while also catching 34% (n = 1,354) of the total number of Atlantic hanth85% (n =
456.9 kg) of its total biomass caught in overlapped s(Fatare 4).
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For the stakeholder identified species, up to 10% of positive tows for each species occurred in
wind areas, accounting for up to 13% of the total catch of those species (both by weight and by
number$ across the full survey footprinEigure5). Of the total survey tows, winter flounder,

silver hake, Atlantic mackerel, and Atlantic herring were caugh®srof the towshat occurred

in wind areasKigure 5) However, these tows only represen®8d (n = 307.7 kg) of the total

survey biomass and 1% (n = 721) of the total number of winter flowvaerthe full survey area

and time seriedHgure 5. These observations of biomass and numbers of fish were the second
lowest over the 11 species, ahead of silver hake which was caught in tows that made up 1% (n =
2,115.9 kg) of the total biomass and 2% (n = 47,950) of the total numbers of fish that occurred

throughout the survey footprint, within wind arekgy(re 5.
3.1.1.1.1 Summer flounder

Summer flounder was caught in the highest percentage of tows located in windfalea$1

species and across tows that occurred in strata overlapped byRigace@a) as well as the total
survey areaHigure 53. The positive tows in strata overlapped by wind represented the third
highest percentage of biomass and the fourth highest percentage of total number of fish observed
in wind areasKigure 4b andrigure 4¢. From20092021, 20% of survey tows (n = 256) in
wind-overlapped strata that cauglummer flounder were wind areasKigure 4a). These wind

area tows constituted 25% of the total biomass (n = 1,685.9 kg) and 24% of the total number of
summer flounder (n = 2,321) caughtsurvey strata overlapped by wirfeidure 4b andrigure

4c).

Summer flounder wasaughtin 30% (n = 2,461) of the total survey towajchinga total of

13,350 kg 017,689 fish Of those tows, 10% (n = 256) werewund areasthe highest

proportion of the 11 key speciefidure B). Thesewind-area tows corresponded to 13% of total
weight and numbers of fish caught by the survey, again the highest proportions for the 11 species
(Figure 5b andrigure 5¢.

23



3.1.1.1.2 Atlantic mackerel

Of the eleven species, Atlantic mackerel had the fifth lowest percentage of total biomass and
total number of fish cauglm tows located in wind areas out of the tows that occurred in survey
strata proposed for overlapigure 4b andrigure4c). Atlantic mackerelvas also caught in the
lowest proportion of total survey tows that occurred in survey strata overlapped by wind areas
(14%; n = 76; Figure 4a) across the eleven species within the time series. Biomass and the
number of Atlantic mackerel in these tows constituted 15% of the total biomass (n = 1,103 kg)
and the total number of Atlantic mackerel (n = 11,206) cahbglsurvey tows in strata

overlapped by windHigure 4b andrigure £).

Atlantic mackerel wasaughtin 24% (n = 1,902) of the total survey tows between 2009 and
2021. Of those tows, only 4% (n = #Bgre inwind areas, the second lowest proportion of total
survey tows throughout the survey area compared to the other key spepies 3. It was

also found to be the third lowest in terms of percent of total biomass (3%; n = 1,102.8 kg) and
sixth lowest (5%; n = 11,206) in terms of percent of total numbers of fish cughghout the
survey area that occurred in wind ardagire 5b and Figure 5c.

3.1.2 Impacts on indices of abundance

A total of 278 species were caugh3 or more strata within a given year. Of those 278 species,
255 werecaughtin 3 or more strata within a given year during the fall survey, and 201 were
caughtin 3 or more strata within a given year during the spring survey fall survey observed

189 species in 3 or more strata in at least 3 survey years, and the spring survey observed 151
species in 3 or more strata in at least 3 survey years. Of these, 149 wpeeiebserved in the

fall surveyin at least onetsatum overlapping with wind areaand 113 species the spring

survey Table 1) Stratified random mean annuabundance indices were calculated for each of

the M9 species caught by the fall survey, and the 113 species caught by the spring survey under

the two survey effort scenarios, status quo and wind precluBaine 2, Appendix A).

Precluding the fall survey from wind areas had the largest impact on the annual abundance

indices and the precision of the survey when estimatinghtail stingray with a 60% relative
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difference between indice$dble 2and Figure 7pand a MAREN CVs of 40%(Table 2and

Figure 83; it also had the second largest impact in estimating the population trends for roughtail
stingray (MAE = 0.94; Table 2 arkéigure 9a. Five percent of the total tows that caught

roughtail stingray overlapped wind areas but caught roughly 30% of the total biomass caught
throughout the survey'(325.4 kg). On average, wiradtea tows caught 16 kg of roughtail

stingray compared to tows occurring outside wind areas which caught a nominal average of 1.5
kg of roughtail stingray. Furthermore, the fall survey had higher catch rates of roughtail stingray
within wind areas in the most recent five years of the times s&aesifically in 2016, 2018,

and 2021, wind catch rates constituted 93%, 848d63% of the total biomass caught in those
years,respectivelyln 2019, on the other hand, roughtail stingrasexclusively caught in areas
outside of wind areas and was the highest recorded annual catch of roughtail stingray biomass
during the time series (1,040 kdghough comparatively was still less than the total biomass
caught in wind areas between 2016, 2018 and 2021 (1,742.36 kg). The removal of these large
observations in wind catchesturn results in large differences in the survey precision and
estimates of their population trend. For instance, the average CV of the fall survey under wind
preclusion was 0.7@ompared to the status quo CV of 0.58lfle 2), which represented a 40%
difference and therefore more imprecise survey for roughtail stinBapulation trends were

also less accurate when estimated under the reduced survey effort (MAE = 0.94; Table 2 and
Figure 92 meaning that the slope estimate under wind preclusion was less than those under
status quo, and the confidence intervals around the estimates were wider and thus more variable

under wind preclusion.

Precluding the spring survey from wind areas had the largest impact on the annual abundance
indices when estimatingmallmouth flounde(MARE = 50% Table 2and Figure 7b), on the
precision of the survey when estimating horseshoe cré&iRfVi= 30% Table 2 andrigure 8b),

and on estimating population trends of smooth dogfish (MAE = 3.27; Table 2 and Figure 9b)
Catch rates ofraallmouth floundervere higher in earlier years of the time series, and at stations
outside of wind areas. Of¢ total tows5% occurred in wind areas and caught 7% of the total
smallmouth floundebiomass throughout the tinseries (7.4 kg)Differences in abundance

indices were calculated for smallmouth flounder based on abundance estimates from 2009 to
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2012 and 2015 due to a lack of observations in the more recent years of the time series (e.g. 2016
to 2021) andvere consistent across that timeframe. Between 2016 and 2021, estimates of annual
abundance indices for striped bass were most impacted by wind preclusion of the spring survey
(MARE = 38%; Table &and Figure 7b), with consistent differences over theyra period.

The spring survey rarely caught the speties were highlighted as having thighest impacts

across abundance indices and coefficients of variatidmable 2, apart from striped bass

clearnose skat@and smooth dogfish. For example, the spring survey on average caught 0.71 kg

of bluefish across the time series, but catch rates were highly vafsibte4.4 kg). As a result,

the survey CV for catches of bluefish is high under status quo survey effort conditions (CV =

0.64; Table 2). When survey effort was precluded in wind areas, the survey CV increased to
0.74;because catch rates were variable over time, the CV was also variable over time. Both fall
and spring surveys experienced an increase in CVs across the majority of species caught in Table
2 when effort wa precluded from wind areashds, precluding survey effort geneifearther

imprecision for some species caught by each of the seasonalssurvey

There were marked differences across annual abundance indices, survey precision, and
population estimates for a number of species when the seasonal surveys are precluded from wind
areaqTable 3. However, annual abundance indices were unimpacted or minimally impacted for
less than 60% of the species (approximately 85 species; Figure 7) caught by the seasonal
surveys. Survey precision was unimpactecorimally impacted for less than 80% of the

species caught by the seasonal surveys (approximately 90 spegigs;g. Population

estimates were unimpacted of minimally impacted for less than 35% of the species caught by the

seasonal surveys (approximately 40 species; Figure 9).
3.1.2.1 SSEEP Workshop Species

Preclusion of the fall survefrom wind areas would have the greatest impact oeshtimates of
annual abundance indics black sea bass (MARE = 23%) and the least impact on estimates of
annual abundance indices for Atlantic macké@#®h\RE = 0%; Table 3).Compared to all other
species, impacts to abundance indices for black sea bass were above avErpge¢dile)

along with impacts to abundance indices for summer flou@rgercentile), butterfishi7Q™"
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percentild, and the skate complex@" percentile Figure 7). All other stakeholder species were
below the 58 percentilencluding Atlanticmackerel which represented thé"3grcentile in

terms of impacts to estimates of abundance across all sgeigese 7)

Precision estimates of the fall survey for black sea bass indices were lower on average during the
most recent 5 years when the survey was precluded from wind sigrading that estimates of

black sea bass abundance were more certain undeqwantlided effor{Table 3) Furthermore,

these differences between precision estimateter the effort scenariegere the largest across

the stakeholder species (MARE = 20%; Table 3) and represent'tipeaentile of impacts

across all the species caught by the fall su(i#yure 8) Precision estimates of the fall survey

were on average unchanged under the survey effort scenarios for yellowtail flounder, silver hake,
Atlantic herring, and Atlantic mackerél¢ble 3) and thus were the least impacted by wind
preclusion when compared to the other stakeholder species. Precision estimates for winter
flounder were also not notably different on average (MARE = 2%; TabldoBjever, these
differences were above average when compared to all the species caught by the fall stirvey (57
percentile;Figure 8). Yellowtail flounder, silver hake, Atlantic herring, and Atlantic mackerel,

on the other hand, were below the average distribution of differences, representirity ##8%6

34" and 29 percentiles, respective(fFigure 8)

Population trends of spiny dogfish were most affectieypreclusion of the fall (MAE = 0.68;

Table 3), both across stakeholder species, and all species caught by the fall stirvey (99
percentile;Figure 9). Population trends for Atlantic mackerel, on the other haere, again the

least impacted by the preclusion of the fall survey (MAE = 0; Taplariithis was the only
stakeholder species below the average distribution of population trend impacts for all the species
that were caught by the fall survey {(Pgercentile Figure 9). The 10 other stakeholder species

were above the 30percentile of the cumulative distribution of impacts to population trends by

precluding the fall surveyHgure 9.

While the preclusion of the fall survey had minimal impacts on abundance estimates, survey
precision, and population trends for Atlantic mackerel, the preclusion of the spring survey from
wind areas hathe greatest impact on the estimates of annual abundance for Atlantic mackerel
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(MARE = 8% and some of the larger effects on estimated population t(&t&ls = 0.1; Table

3). Differences between survey effort indices for Atlantic mackerel represented'the 82
percentile across all species caught by the spring surigyré 7) Of the 11 stakeholder

species, estimates of annual abundance for silver hake and yellowtail flounder were mostly
unchanged by wind preclusion of the spring survey (MARE = 0% and MARE = 0%; Table 3)
and were below the average cumulative distribution of impacts across spring survey species,

representing the 44and 4% percentile, respectivelFigure 7)

Silver hake and yellowtail flounder were also the least impacted stakeholder species in terms of
survey precision estimaté8IARE = 0% and MARE = 0%; Table 3). However, yellowtail

flounder was the only stakeholder species below tHepBécentile of the cumulative distribution

of impactsto survey precision across the species caught by the spring sulivetne

stakeholder species were above th® pércentile, and silver hake represented the average

impact Figure 8) Estimates of survey precision and population trends for spiny dogfish were the
most impacted by precluded survey effort. On average, the CVs for spiny dogfish increased
when the survey was precluded from wind areas suggesting greater uncertainty in annual

abundance indices from the spring survegie 3.

Population trends for spiny dogfish were more negative when the survey was precluded and
represented the YPercentile of impacts to population trends across spring survey species
(Figure 9. Population trend estimates of longfin squid were the least impacted across the
stakeholder species by preclusion of the spring survey; though impacts to these estimates were

still a part of the upper ¥5quantile of the distribution of all species impacts.
3.1.2.1.1 Summer flounder

The spatial distribution of summer flounder catches varied by selagpmg11), but the amount
of tows occurring in wind areas was consistent over time between the two seasonal surveys
(Figure 13.

Fall estimates of thannual abundance per tow nedower when survey effort warecluded

from wind areasKigure12). This was especially true in 2009, 2011, 2013, and 2016. These
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differences were driven by higher and more variable catch rates in wind@reagrage 9.01 +
22.1 kg/tow than those in the surrounding outside gr&+5.7 kg/towon average. These

catch rates notably occurred at the northern end of their range, off the coast of New York and
Massachusetts these yearg-or spring, estimates were both lower (5 of 12 years) and higher

of 12 yeary when windarea tows were precluded than under the statugragore 130. The
difference between a status quo survey effort and a-pri@cluded survey effort vgdarger in

the fall than in the spring. A reduction in survey effiue to wind in the fall resultad a

MARE between annual abundance indices of 14% whereas the spriaglbl@MARE(Table

5). Of the 164 species initially evaluated in terms of impacts to annual abundance indices, 80%
had a lower MARE in the fall and 66% had a lower MARE in the spring compared to summer

flounder Eigure 7.

CVs of annual estimates were simibstween the two effort scenarios, except for CVs in the fall

of 2009, 2011, 2013, and 20lEdure 13&). As noted abovehe differences in these years were
driven by the higher and more variable catch rates within ,asael thatemoving these years
resulted in a 30% reduction in nominal average catch rates within wind areas but had little effect
on the nominal average catch rates in surrounding outside Brfasences in the survey CVs

were similar to the differences in annual abundance indices in each season 5ttVAARE

and a 6% MARE in the fall and spring, respectivdlgl{le 5). he MARE in survey CVs for

summer flounder was in the upper third quantile of the distribution over species for each season,
such that 89% of species had lower MARE in CVs from the fall survey between the two survey

effort scenarioand 80% of species had lower MARE in CVs from the spring sufiguie 8).

The linear regression slope estimate represents the awtiagge in abundance index over time
and can be used as an estimate of population trend. A decreasing trend was estimated for both
seasons and effort scenari@ble 4), however under the wipdecluded survey effort the trend

was slightlyless negative than trends estimated under status quo &tbte (@).Estimates of
changes in population trend alsalrelarger MAEbetween the two survey effort scenarios in

the fall (MAE = 0.05) than in the spring (MAE = 0.0llable 5). These errors represstihe

839 and 80" percentileof the distribution in errors across species between estimates of
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population trend under the survey effort scenarios for the fall and spring survey, respectively
(Figure 9.

3.1.2.1.1.1 Comparisons of general survey effort reduction

The fall and spring estimates of population trend under wrediuded survey effort (slope-=

0.10 and 0.04 respectively; Table 4) were compared to 1,000 estimates of population trend
under three survey effort scenarios: (1) status quo, (2) preclusion, and (3) general survey
effort reduction using bootstrap resampling methods according to section Zigre (L4-c).
Estimates in trend for summer flounder in the fall under the status quo effort and the general
survey effort reduction scenarios were different than the observedonagotixded estimate in

trend Figure 14a anéfigure 144¢. The observed wingrecluded estimate in trend occurs at the
upper bounds of the percentifgervals of both distributions and represents tHé@3centile of

the status quo distribution and thé"@gercentile of the general survey effort reduction
distribution Figure 14a and Figure &y Conversely, when comparing the observed estimate in
trend for the windarecluded survey to the bootstrap resampled estimates under wind preclusion,
the observed estimate resulted in some minor differences but ultimately representé&t the 83
percentile of the distribution, such that 17% of the bootstrap estimates were greater than the
observed valueHjgure 14). Thus, the effect of removing wiradea tows in the fall on

population trend estimates under a wind preclusion scenario is different than the effect of

removing survey tows due to some other effort reduction mechanism.

Bootstrapped estimates of spring population trends, on the other hand, were not different from
the observed wingirecluded population trend estimate under any of the three scenarios, status
qguo, wind preclusion or general survey effort reductiigure 14df). The observed estimate
represented the B%ercentile, 6% percentile, and 8%percentile across the status quo, wind-
preclusion, and general survey effort reduction scenarios, respeckigalyg 14df).

3.1.2.1.1.2 Systematic changes in trend over time

Estimating summer flounder population trends when the period of years withpreédldision

change also showed larger changes to trends in the fall than in the spring. The latter
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experienced minimal changes to the estimated trends as the number of years that the survey is
precluded from wind areas was increafiédure15b). The most notable change occurred in the
ninth time stepKigure 1%), or when 2011 was added to the suite of years in which the survey
was precluded from wind aredadure 13b). The spring survey in 2011 conducted the highest
number of tows that overlapped wind areas throughout the time series (n = 23; Figure 12b),
followed by 2016, which had the same number of tows. However, between those two years, the
2011 survey observed tve the biomass and three times the number of fish than the 2016

survey. Catch rates in the wind areas during the 2011 spring survey were higher than the catch
rates in the wind areas during the 2016 and had a larger negative effect on the annual abundance
index and the survey CV when it was precluded from the suRigure 1d). In other words,

the abundance index and CV was lower in 2011 when the avemitowsvereremoved because

wind area catch rategere larger than the outside area catch rates. Comparing these estimates to
the abundance index and CV in 2016 whicts whghtly higher when the windrea tows are

removed, indicat lower wind area catch rates than outside area catch rates during that survey
year. Furthermore, the difference between the annual abundance index estimates under the two
scenarios in 2011 vgdarger than the difference between the indices in the years succeeding,
regardless of the direction of changég(re 13b).

The fall trends became more negative as more years from the swaregyrecluded from wind

areas until the time series becaax¢remely shortRigure 1%). The notable change for this

survey occurred in the seventh time step, or when 2013 was added to the length of a wind-
precluded survey time seridsigure 153 Contrary to the spring survey, this survey year was
influential because the status quo abundance index was higher than the succeeding years prior to
the survey being precluded and because the miediuded indexvas of the same magnitude as

the succeeding years when it is added to the wind preclusion time setibgcause the

difference between survey effort indices was larger than the years succ@édisgthe

estimates of trend are driven by the higher earlier years of the status quo index when the 2014 to
2021 surveys operate under wipgecluded effort, and then driven again by more stabilizing

years of windprecluded abundance indices when 2@02013 is added to the time series

(Figure 1%). In general, the perceived change in trend over time dependibe length of the
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time series that was precluded to survey effort in wind areas and how much survey effort

overlaps wind areas across yeansil the time series become extremely sheigre 15
3.1.2.1.2 Atlantic mackerel

Annual abundance indices of Atlantic mackerel were only calculated across the full survey area
using the spring survey data from 2009 to 2@gyre 16) Catch rates of Atlantic mackerel

were much more variable over the spatial frame than summer flowittehigh observations of
Atlantic mackerel occurring both in inshore and offshore aféigsife 17 and Figur20). Very

few high catch rates of Atlantic mackerel biomass occurrednd areasKigure 17) and the

number of tows that wellecated within wind areas were much lower (n = 209) than the number
of tows that occurred outside the wind areas (n = 3,839; Figure 18), constituting 5% of the tows
that occurred throughout the time series. While in contrast to the proportion oargadews

that observed summer flounder, on a whole Atlantic mackerel was encountered more frequently

in the spring survey than summer flounder.

Estimates of annual abundance indices under the priecitision scenario we more often
unchanged from estimates under the status quo scenario, except for the indices in 2010, 2011,
and 2017, whe the windprecluded abundance index point estimates Vesver than the status

guo abundance indekigure 19). There we two years when the wirnglecluded abundance

index wa higher than the status quo index, 2016 and 2Big8ie 19). The MARE between the
status quo abundance indices and the wirettiuded indices was 7%4dble 5), which represents
the 8" percentile of distribution of errors across the full suite of speEigsire 7).

The CV estimates in each year under a winecluded survey effort were unchanged when

compared tahe CV estimates in each year under a status quo survey(Eftpnte 19. Further,

the MARE between survey CVs between efforts was 3% signaling little impact to precision of

the survey when it was precluded from wind ar@able 5). Though small, the impacts to

survey CVs for Atlantic mackerel represent the upper third quantile of the distribution of impacts
across the species that were caught in the survey, such that across the 113 species caught by the
spring survey, 71% of the survey CVs were less impacted by pvaauded survey effort than

survey efforts that caught Atlantic mackereigure 8).
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Atlantic mackerel was found to have a slightly declining, almost zero, trend (slOp@4¥ in
population over time under a status quo survey effort scenario and a slightly increasing, almost
zero, trend (slope = 0.01) in population over time under a yiadluded survey effort scenario
(Table 4). MAEfor the change in trend when the survey is precluded from wind areas is 5%,
which is a larger MAE than 93% of the 113 species analyzed, including spring trends of summer

flounder Figure 9.
3.1.2.1.2.1Comparisons of general survey effort reduction

The spring estimate of population trend under waneluded survey effort (slope 6.01; Table

4) for Atlantic mackerel was compared to 1,000 estimates of population trends under three
survey effort scenarios: (1) status quo, (2) waneelusion, and (3) general survey effort

reduction he observed estimate of trend under a wind preclusion scenario for Atlantic mackerel
was notdifferent from thosérendsestimated under a general survey effort reductagufe

200. Even more so, the observed wimcekcluded estimate represented the same percentile of the
distribution of estimates under a general survey effort reduction as the distribution of estimates
under a status quo survey effort (60%; Figure 20aFagate 20¢. Notably, though, the

variability in the estimates across the three scenarios was wide, rangin@ fro2, with some

slope estimates reaching as high aBigure 20)While the effect of wineprecluded survey

effort in the spring on Atlantic mackerel population trend estimates was similar to some other
general survey effort reductiomhis is in part du¢o the high variability across catch rates in the
observed data used to generate the bootstrap distributions. Less variable catch rates and more
precise population trend estimates under either scenario would be needed tcardgtdvence

between efforts.
3.1.2.1.2.2 Systematic changes in trend over time

Estimates of spring Atlantic mackerel population trends were mostly unchanged as the number
of years the survey was precluded increased and had high variability due to the variation in catch

rates between yearBiQure 21).
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3.2 A simulation study of potential impacts on indices of abundance
3.2.1 Species distribution modehg and diagnostics

3.2.1.1 Summer flounder

The most parsimonious GLMM for summer flounder fall survey catch rates included a-second
order polynomial relationship with depth, independent year effects, spatial and spatiotemporal
random fields (model 10; Table 6). The final fall model haddlest AIC and highest deviance
explainedof the candidate mode{$able 7. Though model 1ZTable 7), can explain the data as
well as model 10, it is a more complex model and is penalized as such with a higher AIC. The
optimal spring survey GLMM estimated catch rates of summer flounder as a function of a
secondorder polynomial relationship with depth, year effects, a categorical wind area effect,
spatial and spatiotemporal random fields (model 12; Table 6). The final spring model had the
lowestAIC and most deviance explained of the candidate modlals€ 3, indicating thisnore

complex model better explains spring survey catch rates of summer flounder.

Residuals were returned with 10 sansgtem a single MCMC chain for both models. The

QQplot of the MCMGCresampled residuals for the fall model is summed over the 10 samples and
indicates some deviation from the assumed distribution around the lower tail of the distribution
(Figure 22). Of the 10 samples returned, only twesuledin a distributionabout the theoretical
guantiles the remaining 8 produced underestimation to some defjppeidix A). The greatest
values of predicted biomass were underestimated in link spaped 233 Residuals fromhe

spring model, on the other hand, diot deviate much from the theoretical quardikgribution

(Figure 22b and wereevenly distributed about 0 when compared to the fitted values in link

space Figure23b).

There is some uncertainty around the depth covariate in both the fall and spring models with the
largest uncertainties around the peak expected bioMabke(8,Figure 24. The fall model

expected biomassatch rates to peak around 0.7 kg at around 38 meters oftdemtbuld vary

as high as 2.1 kd-{gure24g. The spring model predicted the largestmass catch rates of 1.3

kg between 133 and 14beters but could reach as high as 3.4/gure 24). The fall model
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predicted higher values of biomass catch rates around 40 meters, but the maximum satch rate
plateaued at differing values each yddag(re 2%). The highest peak biomass catch rate was
predicted eound 0.7 kg in 2009, while the lowest peak biomass catch rate was predicted around
0.3 kg in 2015Kigure 2%). Thespring modepredicted biomass catch rates peaking at 146
meters but also varied each year. The highest peak biomass catch rate at this depth was 2.4 kg in
2016 while the lowest was 1.1 kg in 20Fsgure25b). Similarly, at this depth, the spring model
expected the marginal effect of wind areas to lagker biomass catch rates than in outside
areas, 1.70 kg with 95% confidence intervals (@59, 4.91] and 1.3 kg with 95% @.p, 3.4,
respectively Figure 26).The spring model predicted a similar marginal effectheyear and

area predictors where the larger biomass catch rates were within wind areas, though 2016 was
predicted to have the highest biomass catch rates in both(Biga® 27).Furthermorewhen
evaluating the estimated wind area param@dtable 8), there waa more positive effect

expected focatch rates within those areas in turn resulting in higher observed biomass within

wind areagFigure 26b).

Fixed effects from the fall model predécta strongelationship with the inshore areas of the
continental shelfRigure28g. This spatial influence is reinforced by the predictions of the
spatial random effects, noted by the greater amount of constant biological or oceanographic
influence along thee same areas in Figurea2®redictions of the spatiotemporal fields from the
fall model in Figure 38 demonstrate the expected patchiness over space; though in recent years,
and in years later in the time seri@éppendix A), there tended to be large areas in the northern
portion of the fall summer flounder spatial range that recurringly expected high biomass
indicating there might be a potential biological or oceanographic covariate not explicitly
captured in terms of fixed effeatsfluencing catch rates in those yedfgy(ire 303 In general

the fall model estimatebiomass catch rates to be fairly dispersed withpar@meter 1.5 but
correlated within a range 84 km {Table 8) andexpected higher catch rates along the inshore

areas in the fall to bériven by the fixed effects and spatial random eff@€igure 31)

The spring model estimated a continuous and strong relationship along the entire length of the
offshore areas of the continental shelf both in terms of the fixed effects and the spatial random

effects Figure 28b andrigure 29b).The predictions of the spatiotemporahdomfields also
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detected sompersistent connectiswith the offshore areasspecially in earlier years of the

time seriegFigure 30b and Appendix)AThe spring model expected more dispersed
observations of biomass with gp&ameter of 1.7 but that catch rates were more similar within a
range of 112 knfTable §.

Posterior checks of predictive performance shownbatinal averages of fall biomass catch

rates (3 kg/tow) did not correspond across the simulatgqpren(ile = 0% Figure 3z and Table

9); though the fall model was better at generating representative biomass catch rates in some
yeas over othersKigure 33aand Table ¥ The observed average biomass catch rate
corresponded to approximately the interquartile raofghe simulated distributiom five out of

the eleven year@able 9. All other years in the time series meverestimated with more than

80% of the distribution above the observed m@iamass catch ratd éble 9). Conversely, the
distribution of simulatedwerage proportion of zeroes was below the observed proportion of
zeroesindicating that the fall model isnderinflated Figure 34a and Table 10). When broken

out by yearly proportions, simulated distributions in six out of twelve years were below the
overall average proportion (proportion = 0.5pwever, there wer®ur years wheithe

observed yearly average proportion was above the overall average, three of which corresponded
to the central tendency of the simulated yearly distributtaguge 35a)In other words, the

observed proportion corresponded to th®, Z&@", and 68' percentile othe simulated

distributionof proportionan 2015, 2016, and 2018, respectivdfiyglure 3% and Table 10

Moreover, the simulated distribution in 2019 was centered about the overall average proportion
(proportion = 0.51), but the observed proportion of zeroes in that year (proportion = 0.47) only
corresponded to thé"@ercentile of the distribution. Thus, while generally underinflated, the

model was able to adequately capture the proportion of zeroes in some years.

The fall model wa much better at estimating seasaralual abundance indices, and more so
for the windprecludedndex than the stattguo index Figure 36aFigure36b, andlable 11).
Under the wineprecluded survey effort scenario, the model perémmell estimating 9 out of
the 12 years in the time series, with the lowest performance occurring for 2012 hedtthe
performance occurrinfpr 2011 based on the quantile that the observed abundance index

represents of the simulated distributidafle 1). Further still, the model perfordrelatively
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well when estimating the population trends under both survey effertarios, where the
observed population trend represetthe 50" percentile under simulated status quo survey

effort and the 78 percentile under the winpkecluded survey efforE{gure 37 and Table }.2

The observed averagpringbiomass catch rate corresponded to the extddtre of the

simulated distribution of averages from the spring mou#tating that the model was

overestimating average biomass catch rdtegife 32b and Table) 9When examinety year,

observed averages in seven out of the twelve years drove the overall average biomass catch rate
(Figure 33b) Out of those seven, the model was able to simulate average biomass catch rates in
four years that closely corresponded to the observed average biomass catch rate, 2009 (quantile =
63%), 2011 (quantile = 38), 2013 (quantile =), and 2018duantile = 8%) respectively

(Table 9) On the other handh¢ model was also able to simulateerage proportionsf zeroes

that corresponded with the observed proportion of zeroes from the data (proportion = 0.41).
Furthermorethe observed proportion only corresponded taettieeme # percentile of the

simulated distributionKigure 34b and Table 1L0)Vhen broken down by yearly proportionset
observed proportions corresponded to the extreffig8fentiles in eight out of the twelve

years Figure 35b andable 10).

The observed annual abundance index under both the status quo survey effort scenario and the
wind-precluded survey effort scenarion@avell represented by the simulated distribution in the

six years for each scenaribigure 3@, Figure 3@, and Table 11). The model perfa&dpoorly

in the remaining siyears of the time serieBigure 36¢ andrigure 36d) where the observed
abundance index under both scenarios correguttodhe most extreme 15% of the distribution

of the simulated mear{Sable 11)Lastly,the spring model performed relatively well at generating
distributions of trends in either scenario, such thatobserved trentbrresponded tthe 65" percentile

of the status quo survey effort distribution and®6# percentile of the wingbrecluded survey effort

scenario figure 37and Table 1
3.2.1.2 Atlantic mackerel

The most parsimonious model for Atlantic mackerel spring survey catch rates included a fourth-

order polynomial relationship with depth, independent year effects, spatial and spatiotemporal
37



random effects, and assumed et Gamma observation distribution with aiBson link (model

5; Table 13). This model had the lowest AIC out of the candidate delta gamma models and had
the same amount of deviance explained as modedldlé 14) However,Model 4 had a higher

AIC most likely due to the added complexity of spatial random fields estimation in the positive
catch rate component, which was omitted from model 5’s positive catch rate component.
Additionally, a deeper inspection of the three delta gamma models that cahfergd that the
positive catch rate component was eparameterized when spatial random effects were

included in the estimation, thereby selecting model 5 as the more optimal model.

According to the QQplotshe presencabsence component of the model indicatesdiccessful

fit (Figure 38. However, the positive catch rate component did not fit the tails of the distribution
well (Figure 39). The comparison of fitted biomass values to the MVN residuals resulted in
similar findings, where the residuals were more normally distributed in the preseserce
component but deviated at the lower and upper ends of biomass in the positive eatch rat
componen{Figure 40 and Figure 41Based on the analysis conducted onittiqgacts on sample
size (Section 2.1.1}he spring survey of Atlantic mackerel obseraedide range of biomass

that was variable over the time series which could contribute to the overestimation within the
model; on averageositive catch rates from the survey observed &3 kg of Atlantic

mackerel with a median of Dkg, and a single maximum observation of 1,894 kg. This is further
supported by the QQplot of the simulated Dharma residuals where the middle of the distribution
does not conform to the assumed distribution, suggesting an influence from the positive catch
rate componentHigure 43. Therefore while the presencabsence component of the model was

able to adequately reflect the data, the positive catch rate component was not.

The model predicted higher values of biomass catch rates around 66 thetggh the value of

which was different in each ye@rable 15 Figure 43) The largespeakbiomass catch rate was
predicted at 0.5 kg in 2016, and the lowest peak biomass catch rate at 60 meters was predicted in
2009 at @ kg Figure 43.

Model predictions of the main effects found a strong relationship with depth throughout Georges
Bank the midAtlantic, and the inshore areas of the Gulf of Mairigre44). The strongest
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relationships were found at depths ranging from 55 meters to 110 meters, while the weakest
relationships were found at depths greater than 110 nvetbia the Gulf of Maine The model
found a similar relationship through the nAdantic in terms of estimated spatial random
effects, but it also expected consistent spatial deviations within the Gulf of Nfegueg 45)
indicating there are other spatially latent covasaiffecting the biomass catch raté#tlantic
mackerel that were not explicitly accounted for through the fixed effEbtsspatiotemporal
random fieldgyenerdly expected a patchy distribution throughout space and Eigaré 46).
However,in recent years, the model estimated a consistent positive deviation in the
spatiotemporal random field off the coast of Cape Gaglufe 46).

The presencabsence component estimated a large spatial range (161 £ 46 km) and a low spatial
standard deviation (1.4£0.3) indicating that a pair of present or absent observations are more
correlated over a wider spaciaple 15). More specificallyhese estimates correspond with the
spatial correlatiomf the survey observations rather than the behavior of the species, in that over
time the survey observations over large distances in space are very similar and that the survey
would need to travel farther 161 km before two observations are diff€igonté€ 45. The
spatiotemporal ranger this componenivas estimated &9 + 12 km and the spatiotemporal
standard deviation was estimated as 1.5 +Tablé 15). Thus, observations of presence or

absence are more correlated and more similar over space.

The spatial random fields were omitted from the positive catch rate compontktitus only a
spatiotemporal range and standard deviation were estimated from the gamma observation model.
The spatiotemporal range was estimated at 2km &nd the standard deviation was estimated

at 2.1 + 0.3Table 15)However, the phi parameter was relatively l108~(0.83;Table 15).

While observations had a tighter distribution, the values of biomass catch rates were expected to
change quick&r over space, and over a largagnitude of chang&ltimately, the

spatiotemporal fields from the gamma model component were the driving force behind
predictions of biomass catch rates as evidenced by Figure 47, where areas of higher expected
catch rates correspoadwith areasestimated to have positive deviations in the spatiotemporal

fields.
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The postmodel predictive check was used to further assess the model’s perforinayereeral,

the modelas unable to generate representative distributions of average biomass catch rates or
proportions of zeroes.ii8ulated average biomass catch rates were greater than the observed
average catch rate {5kg/tow; Figure 48). Thenaere only two years, 2012 and 2019, where the
simulated catch rates moderately represetitedbserved biomass catch rates in those years
(Figure 49andTable 16. Simulated proportions of zeroes were less than the observed

proportion of zeroes (proportion = 0.67), both across years and betweerFygars 50 Figure

51 and Table 17).

The modelwasslightly better asimulating estimates of annual abundance indiemed more
specifically indices under status quo survey effath sevenyears where the distributions
corresponded well to thebserved respective inde¥igure 52andTable 1§. Under wind
precluded survey effort, the model was able to simulate representative distributions of indices in
six years. Furthermore, between years, the model was able to simulate representative
distributions under status quo effort as well as those underpveadaded survey effort in the
same three yea($ablel18). Lastly, the model perfored much better at simulatingppulation
trends than nominal average catch rgpesportions of zeroes, or annual abundance indices.
Across simulationghe observed population trend by status quo survey effstepresented by3o
of the distribution while the population trend estimated under+pmedluded survey effort was
represented by 80% of the distributidtiglire 53and Table 1P Thereforethe model is much
better at generatingopulation trends and abundance ind@e®ss yearwithin the bounds of

the observed uncertainty buitimately was unable to adequately represemntey catch rates

3.2.2 Scenarios of chanong spatial distributions

3.2.2.1 Summer flounder

Simulations of the fall survey under a baseline, or unchanged, fish density from what was estimated by
the seasonal model, generated similar estimates of annual abuntlansener flounder regardless of

the survey effort (status quo or wipdecluded effortFigure 54aand Figure 5p However, when

changes in fish density from the baseline were simulated in response to wind areas, simulated

estimates of annual abundance indices were different when survey effort was precluded from the
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wind areasompared to estimates calculated based on status quo survey efttat.ddenarios

of enhanced fish densitgimulatedestimates of annual abundance were lower when survey
effort was precluded from wind ared3dure 54 and Figure 59amirroring the findings from
Section 3.1.2.1.1. Wdreas, under reduced fish density scenaessmates of annual abundance
were higher under wingrecluded survey effort as a result of lower catch rates within wind areas
compared to catch rates outside of wind arEagife 54c andrigure 553 Notably, the

distribution of estimates of abundance when survey effastpecluded under the reduced fish
density scenarizvassimilar to the distribution ogéstimates of abundance based on status quo
effort under the baseline fish densifiqure 5%).

Across all scenarios, the preclusion of the fall survey resulted in biased stock abundance indices
for summer flounde(Figure 563 The bias between indices under enhanced and reduced fish
densities was almost twice the bias between indices under baseline fish denéititdse

greatest bias occurring when the survey was precluded from surveying wind areas with enhanced
fish densities overallFigure 56a) The bias between survey effort scenarios also resulted larger
MARE in the estimates of abundance under the enhanced fish density scenarios when compared
to the baseline and reduced fish density scenarios for fall populations of summer flounder

(Figure 54&). Whilethe bias between indices under reduced fish density was also gveater

the fall survey was precluded comparedihaler baseline fish densities; the differences were

only about 10%Kigure57a).

CVs across all simulations and fish density scenarios were about 20% higher when wind areas
were precluded from fall survey effoRigure 5&). In other wordsthe fallsurvey wa less
precise in estimating thelative abundance of summer flounder when wind areas were

precluded from survey effort

Distributions of population trend estimates were similar across survey effort and fish density
scenariosKigure 59a). The only minor difference occurred under the status quo survey effort
scenario with enhanced fistensity where the distribution of population trends was wider at the
tails (Figure 59a). Regardless of their similarity in distributitheére were marked differences
between trends estimated under enhanced fish densities and reduced fish densities inside wind
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areas [Figure 60a)The distribution of differences was greatest when fish density was enhanced
within wind areas indicating that population trends estimated based on status quo survey effort
were more different that estimates based on pietluded effort, especially when compared to

the differences in estimates under baseline fish deri8gyre 60a). The distribution of

differences when fish density was reduced in wind areas, on the other hand, was lower than
either cases where fish density was enhanced or under baseline fish darsisesind-
precludedoopulation trend estimates were closer to trends estimated under status quo survey
effort when fish density was reduced compared to the estimates between survey effort scenarios

when fish density was enhanced or unchanged from the baseline.

Simulations of the spring survey and baseline fish densities resulted in minor differences
between annual abundance indices calculfited status quo and windrecluded survey effort,
such that the wingbirecluded estimatesere lower than status quo estimates in each year and
across simulationg=({gure 54d and Figure 55b). Similarly, wipdecluded abundance indices
were lower than the status quo abundance indices under the enhanced fish density scenario
(Figure 54 andFigure 5%). However, windprecluded abundance indic@sre higher than the
status quo abundance indices under the reduced fish density scEigane 54f andrigure

55b)

These differences translated to biased annual abundance indices for summer flounder when the
spring survey was precluded from wind energy areas across all fish density sceharios. T
greatest bias occuwad when the survey was precluded from surveying wind areas with enhanced
fish densities in terms of magnitydehich was double the bias quantified under the baseline
scenario [Figure 56b) Further these differences between survey effort scenarios resulted in
higher MARE in the estimates of abundance when compared to the baseline fish density for
spring populations of summer floundé&idure 5D).

Under reduced fish densities, bias between annual abundance indices was also greater than the
bias between indices under baseline fish densities, though to a lessertllagithe difference
in bias when comparing enhanced fish densities and baseline fish d€rgities 560. As a

result, MARE in the estimates of abundance under reduced fish densities were lower than the
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MARE in estimates of abundance under baseline fish defsgyré 57b).This differs from the

findings for the fall survey under reduced summer flounder densities due to the positive effect of
wind areas on biomass catch rates estimated by the optimal spring iraddel). Simulating
reduedfish densities in wind areas effectively removed the effect of wind areas on biomass

catch rates thereby equalizing catch rates regardless of the area in which they occurred and
lessening the difference between survey effort estimates when compared to baseline estimates of

fish density in wind areas-igure 57b).

Across all simulations and fish density scenarios, theoC3Urvey estimates when wind sva
precluded vashigher than the CV of survey estimates under status quo survey Eifntg(
58b). Thusthe spring survey was alkss precise in estimating a stocks relative abundance

when survey effort was precluded from wind areas

Similar to the findings for the fall survey under the fish density scenarios, distributions of spring
population trend estimates were similar across survey effort and fish density scénguies (

59b). Furthermore, differences between survey effort population trends were greater under
enhanced fish densities and I@tender reduced fish densities across simulations when
compared to baseline fish densifigure 60b.

At a minimum, under baselifesh densiies, estimates of annual abundance and population

trends would be biased and less precise when either fall or spring survey is precluded from wind
energy areas. This effect is exacerbated when the surveys are precluded from wind energy areas
and in scenarios where fish density increases withsetheeas after installation. For the fall

survey, there was also an increased effect on estimates on annual abundance indices when fish
densities declined within wind aredsea installation. While the spring survey, on the other

hand, demonstrated a decreased effect on estimates of annual abundance indices when the survey
was precluded and fish densities were reduced from baseline Ewehtsthat the preclusion of

the spring survey had a greater effect on estimates of abundance in scenarios of unchanged fish
density than it did on estimates of abundance in scenarios where fish density declined in wind

areas Similarly, the preclusion of the fall and spring surveys had #esnaedfect on estimates of
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population trends of summer flounder when fish density was reduced within wind areas than

when fish density was unchanged from baseline levels.
3.2.2.2 Atlantic mackerel

Simulations of the spring survey under baseline Atlanackerel densities generated estimates

of annual abundance that were similar each year and across simulations regardless of the survey
effort, status quo or wingrecluded Figure 61a anérigure 62)Simulated stimates of annual
abundance were lower when the survey was precluded from wind areas when enhanced Atlantic
mackerel densities were simulatammpared to estimates calculated based on status quo survey
effort (Figure61b andrigure 62). Under reduced Atlantic mackerel densities, simulated

estimates of annual abundance were slightly higher when the survey was precluded than those

calculated at the status quo survey effBrg@re61c and Figure 62).

These differences translated to biased annual abundance indices for Atlantic madgere! (

63). Mean relative differences between annual abundance indices under survey effort scenarios
deviated further from zero than the differences at baseline fish densities under both enhanced and
reduced fish density scenaridsgure 63). The greatest deviation occurred under enhanced fish
densities, indicating that annual abundance indices under enhanced fish density scenarios were
more biased than either indices calculated in the baseline or reduced fish density degnaeo (

63). This was further reinforced by the higher MARE values under enhanced fish density when

compared to baseline or reduced fish density erFogsi(e 64.

When fish densities in wind areagre reduced and the survey was precluded, bias was also
higher than the bias quantified under baseline fish dendtigsré 63. Howeverwhen

translated to MARE, thdifferences between indices were slightly lowempared to a baseline

fish density scenarid-{gure 64)Lower MARE under reduced fish density are most likely a

result of the high variability between catch rates used to fit the model (Section 3.1.2.1.2) and the
lack of relationship found by the modmttween wind areas and expected catch (@edde 15).

Thus, manipulating catch rates under a reduced fish density assumption forced catch rates to be

more similar to each other across areas thereby resulting in lower differences between indices
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when effort was or was not precludeédgure 64. In either survey effort or fish density

scenarios, survey precision estimates were unchanged across simufagjores §5).

Distributions of population trend estimates were similar across survey effort and fish density
scenariosKigure 66).Though, there were notaliiéferences betweesurvey efforttrends

estimated under enhanced arduced fish densitie§igure 67). The distribution of differences

was greatest when fish density was enhanced within wind andasting that population trends
estimated based on status quo survey effort were more different that estimates based on wind
precluded effortwhile the distribution of differences when fish density was reduced in wind
areaswvas lower than either cases where fish density was enhanced or unc{iaggexi67).

More specifically windjprecluded population trenéstimate under reduced fish densitiegre

closer to trends estimated based on status quo survey effort compared to the estimates between

survey effort scenarios when fish density was enhanced or unchanged from the baseline.

The preclusion of wind energy areas to the spring survey would have a greater effect on
estimates of Atlantic mackerel annual abundance indices and population trends under a scenario
where fish density increases within these areas after installation. Whereas the reduction of fish
and the preclusion of the survey in these areas would result in a seffgteito that seen if fish
density was unchanged from existing conditidas to the high variability in catch rates

throughout the spatial footprint
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4 DISCUSSION

It is expected that the installation of largeale offshore wind areas will preclude fishery
independent surveys along the eastern coast. Even though current protocols for the NEFSC
bottom trawl survey dictate the reallocation of-petected tows in the case of untrawlable areas,
here Iset out to illustrate the impacts to stock abundance indices if the full reallocation of lost

survey tows would ndbe possible

In this study, | aimed to address three main research quegtipméat would the effect on

previous annual abundance indices have been if wind areas prevented bottom trawl suryey effort
(2) can species distribution models be used to analyze potential impacts of offshore wind areas

on survey operations and changes in abundamze(3) how do the impacts to abundance

indices as a result of wirgrecluded survey effort change when there are changes in species
productivity and fish density due to the prese of wind turbinesTo address these questions, |
assumed that the understanding of proposed and leased wind energy areas as of June 2022 were
in place and precluding survey efforts at the start of the bottom trawl survey times series (e.g.,
2009).

An empirical analysis of potential impacts on survey data

Using an empirical analysis approach, | evaluated the magnitude of loss and its propagation into
annual abundance indices by removing observations of catch rates that were identified as having
occurred within wind energy areas tows (e.g., “wanda tows”,Section 2.1.1). My findings

show that under such a worsise scenario, sample sizes, annual abundance indices or the
precision of their estimates (CVs) will be impacted. Specifically, threedbspecies biomass and
numbers will vary in magnitude ranging anywhere from 0% to 1686pending on the frequency

in which the survey catches a given speds one handanple sizes for over 65% of the

species caught by the survey will be unimpacted by its preclusion. On the other hand, 32% of the
species caught by the survey will be impacted, Wighlargest effects on sample sizes ooy

where survey catch ratios (wind catch rates to total survey catch rates) are the largest. These
impacts then propagatéato estimates of annual abundance indipegpulation trend, and

survey precision, such that some species included in Table 2 that were found to have the greatest
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differences between estimates, were also found to suffer the most losses in terms of percentages
of tows, biomass, and numbers of fish removed when the survey was pretiustbeér words,

the largest impacts of wind preclusion to sample sizes were seen for species that were less
available to the survey throughout the area but were caught in larger proportions within wind

areas when they were encountered.

However, the survey was not designed for these rare or uncommon species. The survey
efficiency quickly deteriorates with respect to sampling these species, and many of them are only
recorded at the family or genus level (i.e., spider crab uncl or entropus uncl in Table 2). Thus,
evaluating at the species level can make results variable and undautthieriterations of this

work could perform the empirical analysis at the taxa level rather than the species level to derive
more certain estimates of impacts in the context of rare or uncommon species. Conversely,
ongoing analyses or applications could consider either foregoing evaluapagts on this

group of species by either including additional spatial and temporal constraints on the data or
exclude observations and catch rates of species that occur at the tails of the catch rate

distribution.

One approach considered in this study included focusing the empirical evaluation on the
commercially importanspeciedor which the survey is principally designed. Input from
stakeholders during twSurvey Simulation Experimentation and Evaluation Project (SSEEP)
workshops formed the basis of this list of species of interest. The analysis fourairtph s

sizes throughout the survey area for the majority of stakehsédectedspeciesvere less

impacted by windarecluded survey effarThe minimal spatial overlap within wind areas and

the high rate in which the survey encounters these species outside of potential wimchareas
identified as the main driver behind these smathgracts Similar findings occurred when

impacts were evaluated in terms of estimates of annual abundance indices, survey precision, and
population trends. However, impacts to estimates of population trend amongst skates, Atlantic
herring, Atlantic mackerel, buttgsh, spiny dogfish, and yellowtail flounder were the greatest

for these species when comparing acrbesstakeholdeselected species as well as actbgs

total group of species encountered by the survaplé 2 and Table 3).
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There was further invested interest to evaluate the empirical anatygsibe other research
guestionsn the context of two stakeholdselected speciesusmer flounder and Atlantic

mackere| both of whichrepresent classic definitions of species that are seefipled and poorly
sampledby the survey, respectively. As illustrated above, wind preclusion will impact all the
species caug by the multispecies survey. By focusing a more applied evaluation of impacts on
summer flounder, a demersal fish distiied contiguously across the continental shelf, and
Atlantic mackerela schooling, pelagic fish with a patchier and more variable distribution, results
can be more readily translated to other species that fit within these definitions

Empirical analyses found thtie propagation of lower sample sizes of summer flounder resulted
in lower estimates of annual abundance indices and population trend and increaseddstimate
uncertainty. This was most notable for estimates derived from the fall survey where historically
there have been higher catch rates within potential wind areas. Higher catch rates within
potential wind areas are due to the increased availability of suffoueder to the survey when

they are inshore and in their preferred habitat. Similar impacts occurred when the spring survey
was precluded from wind areas, but to a lesser extent as the seasonal offshore distribution of
summer flounder will have minimal overlap with areas proposed for installation and

development.

Catch rates of Atlantic mackerel have historically been variable over the time series and over
space, in turn creating high interannual variability in estimates of abundance and population
trends(NEFSC 2021)As such, with status quo survey effdahe spring survey has been

imprecise when sampling Atlantic mackerel populati@ng.( high average CV in Table Shis

high variability in catch rates and survey imprecision is expected to precipitate through to
impacts on samplsizes estimates of annual abundanaed estimates of population trends for
Atlantic mackerel when the spring survey is precluded from wind areas. That is, high variability
and imprecision will persist with reduced survey effort, but on aveesgjejates will effectively

be unimpacted.
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Species distribution modeling

The historical datéor summer flounder and Atlantic mackerel were used to fit geostatistical
GLMMs to evaluate potential impaat$ offshore wind area® survey operations, changes in
abundance, and hypothetical scenarios of dngrgpatial fish density distributiona

motivating factor to experimenting witlpacies distribution models was their ability to account
for spatial and temporal natationarity (or spatial and temporal changes over time) to
understand changes in a species geographic distribution and density (Elith & Leathwick, 2009;
Elith et al., 2010; Johnson et al., 2019; Barnett et al., 2021; Anderson et al., 2022; Ward et al.,
2022) Between the two species, three separate models were fit: a spatiotemporal Tweedie
observation model for summer flounder in the fall, a spatiotemporal Tweedie observation model
for summer flounder in the spring, and a spatiotemporal Delta Gawtma poisson link
observation model for Atlantic mackeigalthe spring.

Only the Tweedie model for summer flounder in the spring was able to adequately fit the data
and generate representative catch rate data based on new spatiotemporal random fields. The fall
summer flounder model and spring Atlantic mackerel models were able to generate
representative estimates of annual abundance indices and populations trestiis dtedy had

issues with their fit and simulating raw catch rates of biomdsgeTlof the main problems with

the models included residual heteroscedastioigrdispersion, and the inflating (or lack

thereof) of zeroewithin thetwo models.

The fall model for summer floundand the gamma component of the delta gamma model for
Atlantic mackerel both showed indications of residual heteroscedasticity and overdispersion that
was not accounted for through the estimation offredial or spatiotemporal random fields
(Appendix Figure Ad&igure A9 andrigure A59Figure A60). For summer flounder, this

could be the result of some additional habitat relationship that should be included as a predictor
of biomass, especially given the fact that summer flounder has distinct migration patterns,
spending early spring to late fall idsi estuaries and moving offshore to spawn (Buchheister &
Latour, 2011) The same could be said with respect to the Atlantic mackerel model especially
given that the gamma component, which represents the encounter rate of the observations,
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showed unequal scatter across its residuals and predi€iguse 40Figure41; Appendix Figure
A59-Figure A60).

While there were some issues with residual scattering and data fitting, this does not inherently
indicate that the models were unusable. Fortunately, the models were able te plausable
scenariosdr annual abundance indices and population trends, which were more adequately
representative when compared to real estimates from the observed data. At a minimum, the
models fit on this study were deemed worthy to meet the objectives and support the use of
geostatistical GLMMs to identify impacts on estinsaté abundance and population trends.

Should othepbjectives be pursued when applying this framework, additional model exploration
and parameterization will be needed to resolved¢bglualand diagnostic issues. Additional
parameterizations could consider incorporating predictors of bottom temperature, which has been
included in previous summer flounder modeling efforts (Perretti & Thorson, 28i®)

predictors of sea surface temperature and salinity, which has been included in research
evaluating distributions of spawning Atlantic mackerel (Mbaye et al., 2@2f@litional model
explorations could also investigate alternative error distributions, particularly for Atlantic

mackerel.

Scenarios of changing spatial distributions

The simulation study assumed a change in fish density in response to the presence of offshore
wind turbines to emulateypothesized artificial reef effects or avoidance effects (Mavraki et al.,
2021; Reubens, Braeckman, et al., 2013; Reubens, Vandendriessche, et ahAn@0iBy that

might propagatehanges irestimates for abundance and population treAdsoss the two case

study species and both seasonal surveys, increases in fish density and the preclusion of the
survey within these areas will result in the greatest differences to estimates of annual abundance
indices and population trends. The preclusion of the survey will result in varied impacts on
estimates of annual abundance indices and population trends when fish density was reduced
depending on the season in which it is conducted. For instance, when the fall survey was
precluded, estimates for summer flounder annual abundance indices would be more biased and

less precise than the baselstate but would not be as impacted when compared to an enhanced
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state. The preclusion of the spring survey, on the other hand, would result in estimates of annual
abundance indices for summer flounder and Atlantic mackerel that are less biased and more
precise than in the baseline state. It is likely that in this scenario, there would not be a difference
in catch rates within wind areas and outside windsatbareforewind areas and reduced survey
efforts in response would be the least impactful. Population trends for both species and in both
seasons would be mostly unchanged by the preclusion of the respective survey and changes in
fish density, while the surveyjsrecision vould be higher and less precise when there are
reductions in survey effort independent of the changes in fish density.

An empirical study at BIWIEoncluded that increases in abundance at an area of potential effect
when compared to a reference site were due to a regional artificial reef effect (Gervelis et al.,
2023)potentially indicating support for the attraction hypotheBree attraction hypothesis

proposes that increases in fish density are a result of immigration from the surrounding
environment rather than an increase in productivity. The assumptions made in the simulation
study assumed a local increase or decrease in fish density at a given wind area rather than a
global increase in fish abundarexed at previously sampled locatiofrs doing so, |

hypothesized that for species like summer flounder that are already observed to have high catch
rates within proposed wind areas, the attraction to offshore wind turbines will result in a greater
impact on the estimates of abundance when the survey is precluded and the need to mitigate that
impact to appropriately track abundamt@nges. This could alse true for species like Atlantic
mackerel where their observations are not as consistent in the survey. Conversely, this response
may not be as strong if fish have an aversion to wind areas and instead avoidethesea ar

which case the difference in the estimates of abundance when the survey is precluded would be

smaller Figure 57 andrigure 64).

The simulation study only looked at potential impacts for a period of five.y@&are artificial

reef studies have shown that although there were increases in abundance at a youyegr four
old artificial reefcompared to a natural reef or no reef gtth#trewas a higher abundance and
overall diversity at a 4year old reef indicating that productive environnsdrave the potential

to become more productive over tirfi¢arrison & Rousseau, 202@urthermore, similar work

by Yalcin et al. (2023jound that geostatistical GLMMs such as the ones employed in this study
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could mitigate the effects of survey reduction. Howe@iiMs may not always be able to

account for the population processes as they change and particularly after an area has already
been excluded, and at some level the accuracy of them degrades substantially (Yalcin et al.,
2023) Thus, future iterations of this work could apply the treatments over time and for longer
durations to identify how the impacts might change with tiitaere would be a maximum

threshold at which point impacts to the abundance index are no longer accrued, and at what point
within that accrual are the species distribution models unable to make up for tgelossd

this, future directions could also consider using the impacted estimates of abundance concluded
from this study or using impacts reassesaetie stock unit resolution as inputs into a stock
assessment and management strategy evaluation to evabwatheir performance compates

an unimpacted input. Currently, there are two projects evaluating the impact of wind preclusion
on annual abundance indices as inputs for stock assessments. Sun ptep){ound that

abundance index bias had limited impacts on mbdséd stock assessments, while indased
methods were much more sensitive to these chagedarly, the Northeast Fisheries Science
center is assessing the impacts on inblesed assessments when inputs are derived based on
wind-precluded survey effgrpreliminary findings indicate that the impact is dependent on a
species distribution relative to the wind energy si@ad relative to the proportion of stock

biomass encountered by the survey in the wind energy &aasiépaglia et alin prep).

Fisheryindependent surveys have proven to be an imperative tool in the fisheries management
toolbox to track species distributions and changes through a standardized design, even if it is at
the expense of less resolute data when compared to fishery dependsntdas CPUHN this

study | identified potential differences in stock abundance indices when the federal Northeast
bottom trawl survey is precluded from operating inside wind energy aMeag. of these species

and stocks that are federally nagged depend on average biomass catch rates, estimates of
abundance, and changes in population trends to derive their management advice, whether
empirically or analytically. More specifically, biased and imprecise inputs would elicit the need
for more precationary management to account for management uncertainty and protect against
overfishing in pursuit of complying with the National Standard Guidelines in the Magnuson-

Stevens Fishery Conservation and Management Act.

52



As such, it is imperative that those differences can be mitigated. At a minimistmg

protocols for the bottom trawl survey should be maintained and upheld, which allow for the
reallocation of lost effort within the same sampling unit (Politis et al., 2GeWyever, this study
demonstrate the impact when large portions of survey strata or whole survey strata are lost from
the sampling frame due to the inability to sampithin wind energy areas. It further showed the
impact when that loss is coupled with changing species distributions. Should the current
understanding of species distributions and dynaneimain the same, then it is possible that
reallocating lost effort will be enough to mitigate impacts of wind preclusiphoWfever, the

changes in spées distribution and dynamics simulated in this study are realized, then additional
sampling efforts will need to supplement the reallocated survey to appropriately estimate relative
annual abundances and population trends. These efforts could include sampling within the wind
energy areas and operating according to the same objectives, and temporal and seasonal scales as
the federal scientific survey; though a smaller vessel may be warranted to safely transit between
the turbines as well as calibration factors to relate relative abundances between the differing
vessels. Another option with regards to sampling could implement video sampling protocols and
co-locating the gear on the wind turbine structures; though this alternative would lose the

important bidogical sampling data that also feeds into federal stock assessments.

Other nitiatives and research through thederal Survey Mitigation Implementation Strategy for
the Northeast Region (Hare et al., 2028)addition to the Survey Experimentation and

Evaluation Project (SSEEP), aim to analyze how the reallocation of effort, supplemental
sampling strategies, and alternative survey designs can mitigate the findings herein. For
instance, the NEFSC has drafted a survey mitigation plan that is currently under reviewed which
details the evaluation of the ety stratificationandstation allocation design and its

performance to potentially adapt the survey’s design to something more spgmtiatged The

plan also considers including perimeter sampling around smaller wind energjoargads

capture those higher abundances that would be precluded from survey effort through the

immigration and emigration of fish between wind energy areas.

As the marine use environment is becoming more inundated, spatial management of resources

becomes more imperativas do standardized and consistent fislmagpendent surveys that
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can meet management objectives and track changes in the distribution and abundance of
resources. Offshore wind development is at the forefront of many marine spatial use conflicts
with fisheries, with expected impacts to an additional eleven federaliéstserveys on the
eastern coast and various others within the Gulf of Mexico and along the northwest coast,

regions which are in the beginning stages of development planning.

This study found an important connection between the magnitude of spatial overlap of wind
energy areas and bottom trawl survey strata, and the temporal overlap between a species
distribution and their availability to a given seasonal survey. For example, impastisiates

of annual abundance indices for summer flounder were greater when the fall survey was
precluded from wind energy areas than when the spring survey was preclueguoposed

wind energy areas overlap with the inshore strata of the survey where historically summer
flounder has been moewailable to the fall survey whereas in the spring, summer flounder is

more available to the survey along the outer continental shelf which does not align with proposed
wind energy area overlap. As the spatial conflict between wind energy areas and the survey
sanpling footprint grows larger with the expansion into the Gulf of Maine
(https://www.boem.gov/Gubf-Maine) and the installation of floating wind turbine structures, it

is expected that some of thepacts identified in this study would grow alongside those updated
understandings. For instance, the estimates of population trend for spiny dogfish were identified
as having some of the largest impacts when compared against all the species encountered by the
survey, and against other stakeholdglelected species. These estimates were assessed on a
spatial sampling frame where upwards of 75% of the total biomass caught by the survey over the
time series occurred in the Gulf of Maine strata. As such, dateg analysis that includes

proposed wind energy areas within the Gulf of Maine could further exacerbate the impacts
identified in this study due to an increased loss in sample sizes for spiny dogfish.

Nonetheless, the underlying framework of this study has been developed in such a way such that
the analysis can be supplied with any updated understandings of proposed wind energy areas or
proposed structures and can be applied in the context of any of the other eleven federal surveys
and species of interegturther still, because this research uses the spatial footprint of wind

energy areas to reflect an area of impact, there is the potential to extend this framework into
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other spatial impact analysis applications sucthasnpacts of scientific survey preclusion or

fishery preclusion due to aquacultuneoil and gas development.

Finally, further work needs to be conducted with regards to impacts from longstanding changes
to survey design and sampling on these federal surveys but also considering the added
complexities of tracking species distributions in the face of climate ch{alygeet al., 2009)

Existing research thus far has performed well in identifying distribution shifts, but the work is

still ongoing to incorporate this information into species stock assessments, with stock assessors
starting to discuss how to define spatial stock strusfumeak conventional stock assessment
structures, and incorporate ecosystessed fisheries management (EBFM), which is still in the
realm of innovation. My work aims to contribute a novel approach using time series analysis and
species distribution modal to identify potential disruptionso work towards designing a more
flexible fisheryindependent survey, and in advancement of analyses that consider the full
management cycle from data collection to analysis and assessment inputs, to reference points and

total allowable catch advice.
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5 CONCLUSIONS

The reduction in survey effort in the presence of offshore wind is expected to be most impactful
for species that had larger differences in catch rates within wind energy areas compared to catch
rates outside wind energy areas. With respect to the case study species, the historical analysis
suggests greater impacts on estimates of summer flounder than Atlantic mackerel, and greater
impacts still when those estimates were derived based on the fall survey. Additionally, changes
to data products derived for summer flounder due to wind preclusion of the fall survey were
different than changes due to general reduction in survey effort. Data products derived for
Atlantic mackerel or summer flounder from the spring survey were robust to changes in survey

effort on average regardless of the driver in reductions of survey effort.

Species distribution modeling was able to assist in meeting the objectives of this study and
contribute to the evaluation of potential impaatsvind preclusion. With further model
refinement, impact analysis can be another useful application of SDMs, and particularly
geostatistical GLMMs.

Wind preclusion will result irmore biased and imprecise stock abundance inditksa
reduction in survey effortd his would be especially true under assumptionsatasedish

density changes within wind areasd the theorized reef effect is actualized

The findings in this study reinforce the call to mitigate anticipated disruptions in survey effort

and conserve the integrity of federal scientific survey data. Without the mitigation, resulting
biased and imprecise inputs from reduced sample sizes and the failure to account for uncertainty
from reduced survey effort could lead to more precautionary managenmate conservative

decisions for measures that protect against overfishing.
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TABLES

Tablel. Number of species by criteria

Criteria  Total number of species Number in the fall Number in the spring

Occurs in3 or more strata within a given year

278 255 201
2 Observed in 3 or more strata for at least 3 years
199 189 151
Observed in at least one strata that is proposed for overlap by offshore wind
164 149 113

72



Table 2.Summary of performance metrics comparing the differences between survey effort scenarios. For each criteria species the
following information is given: the mean absolute relative differences between abundance indices; the average coefficients of
variation for each scenario (status quo and varetluded) and the mean absolute relative difference between the two scenarios; and
the trend estimate under status quo survey effort and the mean absolute difference between the two survey effort scenarios. The
speces with the greatest differences between status quo and preclusion based on the afudetitkstribution are highlighted in

green(darker green = upper quantile, light green = lower quantile)

Abundance Indices CVv Trend Estimates

Mean Absolute With Wind  With Wind Mean Absolute With Wind Mean Absolute

Relative Difference Included  Precluded Relative Difference Included Difference
Fall
All skates 4.07% 0.19 0.20 15.29% -3.24 5.33x 10
Atlantic croaker 13.05% 0.44 0.47 9.06% -7.76 x 10 4.47 x 10+
Black sea bass 22.77% 0.34 0.31 20.01% 1.89 x 10 8.71 x 177
Bluntnose stingray 29.85% 0.71 0.66 11.65% 1.65 5.20 x 10
Bullnose ray 32.48% 0.45 0.49 11.69% -6.18 x 10"
Coarsehand lady crab 15.39% 0.39 0.45 17.65% 4.01 x 1% 2.56 x 10°
Horseshoe crab 0.46 0.48 15.56% 112 2.96 x 10}
Little skate 6.40% 0.17 0.17 20.14% -1.45 2.29 x 10

cont. on next page
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Table 2 cont.

Fall
Northern searobin

Rough scad
Roughtail stingray
Round herring
Scup

Sea scallop

Shrimp
(pink,brown,white)

Smallmouth flounder
Spider crab uncl
Spiny butterfly ray

Spiny dogfish

Abundance Indices

Mean Absolute
Relative Difference

28.65%
57.99%
15.54%

9.15%
12.19%

23.69%

28.87%

11.43%

35.06%

0.97%

With Wind  With Wind
Precluded Relative Difference

Included

0.28

0.46
0.59
0.59
0.30
0.33

0.65

0.70
0.42
0.45

0.29
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Cv

Mean Absolute

0.26 13.33%
0.50 6.87%
0.70 39.85%
0.63 6.45%
0.39 36.45%
0.35 8.43%
0.65 1.22%
0.69 19.79%

25.13%

3.59%

0.31

Trend Estimates

With Wind Mean Absolute

Included Difference
1.25 1.04 x 10

-1.34 x 104 1.73 x 10°
1.28 9.44 x 10"

-7.93 x 10 3.23x 10
1.36 x 10 7.36 x 107
-3.56 x 10 4.38 x 10
-4.86 x 1% 3.22 x 1%
-3.55 x 1¢° 2.61 x 10°
-4.96 x 10¢ 6.31 x 10
2.40 x 10 1.08 x 10+

-1.09 x 10 6.85 x 10

cont. on next page



Table 2 cont.

Fall

Spotted hake
Windowpane
Yellowtail flounder
Spring

All skates
Atlantic herring
Atlantic mackerel
Atlantic seasnail
Atlantic silverside
Atlantic surfclam
Bluefish

Bobtail uncl

Butterfish

Abundance Indices

Mean Absolute
Relative Difference

15.20%
10.36%
0.46%

2.74%
5.30%
8.58%
25.26%

34.05%

18.62%
20.24%
18.58%

6.36%

Cv

With Wind  With Wind
Precluded Relative Difference

Included

0.20
0.20
0.29

0.13
0.31
0.45
0.60
0.46
0.85
0.64
0.25

0.32

75

0.24
0.24
0.29

0.14
0.31
0.45
0.62
0.46
0.92
0.74
0.30

0.30

Mean Absolute

18.81%
19.74%
0.50%

5.67%
1.21%
2.89%
3.18%
18.62%
12.88%
15.98%
19.15%

4.62%

TrendEstimates

With Wind Mean Absolute
Included Difference
5.89 x10? 3.05 x10?
-9.14 x10? 5.38 x10°3
-1.16 2.56 x10?
-2.94 5.57 x10?
-1.45 2.84 x10t
-1.02 x10* 9.69 x10?
-1.30 x10* 4.29 x10°
-4.57 x10* 4.11 x10°
-3.18 x103 1.32 x10°
-6.03 x10°3 3.33 x10°
-9.89 x10* 2.04 x10°
3.40 x10? 5.59 x10?

cont. on next page



Table 2 cont.

Abundance Indices

Mean Absolute
Relative Difference

Spring

Clearnose skate 13.46%
Coarsehand lady crab 19.19%
Etropus uncl 5.71%
Horseshoe crab 9.49%

Lady crab

7.58%
50.31%
21.19%

Little skate

Smallmouth flounder

Smooth dogfish

Spider crab uncl

4.89%
37.59%

Spiny dogfish
Striped bass

With Wind
Included

0.17
0.36
0.23
0.23
0.42
0.13
0.59
0.52
0.74
0.16
0.67

Cv

With Wind Mean Absolute
Precluded Relative Difference

23.78%

17.86%

30.17%
25.38%
10.45%

0.77 12.13%
0.17 9.86%
0.74 14.65%
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TrendEstimates

With Wind Mean Absolute

Included Difference
6.99 x10*| 151 x10*
2.30 x10° 2.75 x10*
9.06 x10° 3.67 x10*
1.28 x10* 3.25 x10?
3.89 x10° 1.14 x10°3
-2.02 4.76 x10?
-3.86 %103 4.16 x10*
-2.66 x10* 6.46 x10°




Table 3. Summary of performance metrics comparing the differences between survey effort scenarios. For each stakeholder
identified species the following information is given: the mean absolute relative differences batwedance indicethe average
coefficients of variatiorfior each scenario (status quo and wimdeluded) and the mean absolute relative difference between the two
scenariosand the trend estimate under status quo survey effort and the mean absolute difference between the two survey effort

scerarios.

Abundance Indices CVv Trend Estimates

Mean Absolute Status qu« Wind-precluded Mean Absolute  Status qu¢ Mean Absolute

Relative Difference survey effort  survey efforl Relative Difference survey effort Difference
Fall
All skates 2.63% 0.19 0.20 15.29% -3.24 0.53
Atlantic herring 0.07% 0.33 0.33 0.06% -0.63 0.00
Atlantic mackerel 0.00% 0.55 0.55 0.00% 4.00 0.00
Black sea bass 20.94% 0.34 0.31 20.01% 0.19 0.09
Butterfish 4.97% 0.25 0.25 3.29% 0.06 0.06
Longfin squid 0.84% 0.09 0.10 13.04% 0.53 0.00
Silver hake 1.80% 0.12 0.12 0.36% 1.61 0.05
Spiny dogfish 1.34% 0.29 0.31 3.59% -10.85 0.68
Summer flounder 15.44% 0.19 0.22 15.89% -0.20 0.06

cont. on next page
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Table 3 cont.

Fall

Winter flounder
Yellowtail flounder
Spring

All skates
Atlantic herring
Atlantic mackerel
Black sea bass
Butterfish

Longfin squid
Silver hake
Spiny dogfish
Summer flounder
Winter flounder

Yellowtail flounder

Abundance Indices

Mean Absolute
Relative Difference

1.43%
0.46%

2.74%
5.30%
8.58%
3.66%
6.36%
6.94%
0.21%
4.89%
2.42%
2.91%
0.07%

CVv

Status qu« Wind-precludec
survey effori Relative Difference

survey effort

0.25
0.29

0.13
0.31
0.45
0.53
0.32
0.17
0.11
0.16
0.17
0.26
0.25
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0.25
0.29

0.14
0.31
0.45
0.54
0.30
0.17
0.11
0.17
0.18
0.26
0.25

Mean Absolute

1.50%
0.50%

5.67%
1.21%
2.89%
2.98%
4.62%
1.37%
0.18%
9.86%
5.84%
1.96%
0.05%

Trend Estimates

Status quc¢ Mean Absolute

survey effort

-0.64
-1.16

-2.94
-1.45
-0.10
0.34
0.34
0.20
1.22
-6.65
-0.06
-0.15
-0.69

Difference

0.04
0.26

0.06
0.28
0.10
0.03
0.06
0.01
0.02
1.99
0.01
0.03
0.01



Table 4. Estimateof population trends, and their respective lower and upper confidence
intervals (Cl), under each survey effort scen&wirofall and spring summer floundpopulations

and spring populations for Atlantic mackerel

Fall Spring
Estimate Lower ClI Upper CI Estimate Lower CI Upper CI

Summer flounder
With Wind Included -0.15 -0.26 -0.04  -0.05 -0.16 0.07
With Wind Precluded -0.10 -0.19 -0.02 -0.04 -0.15 0.08
Atlantic mackerel

With Wind Included -0.04 -0.69 0.61
With Wind Precluded 0.01 -0.65 0.67
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Table 5. Summary of performance metrics comparing the differences between survey effort
scenarios. For summer flounder and Atlantic mackénelfollowing information is given: the
mean absolute relative differences between abundance indices; the average coefficients of
variation for each scenario (status quo and varetiuded) and the mean absolute relative
difference between the two scemariand the trend estimate under status quo survey effort and

the mean absolute difference between the two survey effort scenarios.

Annual
Abundance CvVv TrendEstimates
Indices
M Wind- M
ean Status qu ind ean Status quc Mean
Absolute precludec Absolute
. survey . survey Absolute
Relative offort survey Relative offort Difference
Difference effort Difference
Fall
Summer flounder 14% 0.188 0.211 15% -0.147 0.045
Spring
Summer flounder 4% 0.164 0.173 6% -0.048 0.008
Atlantic mackerel 7% 0.428 0.433 2% -0.041 0.052
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Table 6. Configurations used to fit fall and spring models predicting summer flounder biomass

catch rates

Models Predictors Spatial Spatiotemporal Time Family

m1l Depth (spline) Off Off - Tweedie
Year

m2 Depth (secondarder polynomial)  Off Off - Tweedie
Year

m3 Depth (spline) Off Off - Tweedie
Year
Area

m4 Depth (secondrder polynomial)  Off Off - Tweedie
Year
Area

m5 Depth (spline) On Off - Tweedie
Year

m6 Depth (secondrder polynomial) On Off - Tweedie
Year

m7 Depth (spline) On Off - Tweedie
Year
Area

m3 Depth (secondrder polynomial) On Off - Tweedie
Year
Area

m9 Depth (spline) On [ID Year Tweedie
Year

m10 Depth (secondrder polynomial) On [ID Year Tweedie
Year

cont. on next page
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Table 6 cont.

Models Predictors Spatial Spatiotemporal Time Family
m1ll Depth (spline) On IID Year Tweedie
Year
Area
m12 Depth (secondrder polynomial) On IID Year Tweedie
Year
Area
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Table 7. Diagnostic quantities for the fall and spring models fit for summer flounder. For each of the models, the following

information is given: Akaike’s Information Criterion (AIC), percent deviance explained, the totédtdbgeod, the mean squared

error across the folds of each crosdidation, and the model convergentle optimal model in each season is highlighted in red.

Models

Fall

ml
m2
m3
m4
mS
m6
m7
m8
m9
m10
mll
m12

AlIC

7,442.52
7,446.88
7,424.88
7,425.62
6,330.89
6,323.95
6,330.41
6,323.60
6,193.75
6,187.25
6,195.49
6,189.04

Deviance Explained Sum log likelihood

94.48%
94.53%
94.23%
94.24%
80.26%
80.17%
80.23%
80.14%
78.48%
78.40%
78.48%
78.40%

-3,748.01
-3,770.55
-3,733.14
-3,737.39
-3,299.06
-3,277.81
-3,272.14
-3,294.04
-4,172.68
-4,188.35
-4,141.33
-4,116.86
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Mean Squared
Error

56.31
56.93
55.83
55.38
38.33
38.55
39.92
40.33
67.44
56.84
55.67
54.56

Convergence

True
True
True
True
True
True
True
True
True
True
True

True
cont. on next page



Table 7 cont.

Models

Spring
m1l
m2
m3
m4
mS
m6
m7
m8
m9
m10
mll
m12

AIC

9,186.74
9,190.69
9,184.48
9,187.94
8,672.89
8,666.36
8,672.28
8,665.47
8,420.82
8,409.22
8,419.56
8,407.41

Deviance Explained

92.27%
92.31%
92.23%
92.26%
87.05%
86.98%
87.02%
86.95%
84.49%
84.37%
84.46%
84.33%

Sum log likelihood

-4,601.46
-4,604.67
-4,593.76
-4,606.39
-4,327.68
-4,342.23
-4,320.11
-4,346.33
-4,635.97
-4,636.02
-4,794.72
-4,666.95
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Mean Squared
Error

47.07
45.22
46.14
45.84
39.80
39.28
37.75
40.85
44.44
44.06
45.81
45.28

Convergence

True
True
True
True
True
True
True
False
True
True
True

True



Table 8. Main and random effeanameter estimateand the respective standard erfamn the

chosen optimal fall model (m10) and spring model (m12) for summer flounder.

Fall Spring
Standard Standard

Term Estimate Error Estimate Error
Main effect parameters
Depth -52.50 9.63 5.22 5.02
Depth -30.76 5.33 -41.72 3.99
Year: 2009 -1.27 0.51 -1.02 0.48
Year: 2010 -1.69 0.51 -1.15 0.48
Year: 2011 -1.65 0.52 -0.92 0.48
Year: 2012 -1.34 0.50 -0.53 0.47
Year: 2013 -1.79 0.52 -0.68 0.47
Year: 2014 -1.27 0.51 -0.89 0.50
Year: 2015 -2.08 0.53 -1.17 0.48
Year: 2016 -1.80 0.51 -0.36 0.46
Year: 2017 - - -1.06 0.47
Year: 2018 -1.96 0.52 -0.99 0.48
Year: 2019 -1.83 0.51 -0.88 0.47
Year: 2021 -2.04 0.51 -1.13 0.50
Area: Wind - - 0.31 0.16
Random effect parameters
Range 94.47 11.53 111.54 16.50
Phi 1.54 0.08 1.72 0.08
Spatial standard deviatior&( 1.75 0.17 1.34 0.16
is\izz;er:“(;ora' standard 1.04 0.09 1.02 0.07
Tweedie power parameter 1.34 0.01 1.40 0.01
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Table 9. The nominal mean biomass catch rate generated by the optimal seasonal models in each
year, and the quantile of the distribution that corresponds to the observed average biomass catch
rate in each year for summer flound€he average biomass catch rate across years generated in
each season and the quantile of the distribution that corresponds to the observed average biomass

catch rate across years for summer flounder is provided at the bottom of the table.

Fall Spring
Average Biomass Average Biomass

Year (kg/tow) Quantile (kg/tow) Quantile
2009 3.19 0.42 2.79 0.63
2010 2.36 0.04 4.03 0.78
2011 4.39 0.75 4.26 0.38
2012 3.67 0.07 3.21 0.19
2013 3.61 0.14 3.51 0.53
2014 3.35 0.33 3.42 0.77
2015 3.56 0.05 3.12 0.93
2016 2.55 0.02 2.36 0.04
2017 --- --- 2.17 0.15
2018 2.22 0.31 2.99 0.48
2019 2.19 0.86 3.29 0.10
2021 1.88 0.64 2.64 0.00

Overall 3.00 0.01 3.16 0.10

86



Table 10. The proportion of zegsgenerated by the optimal seasonal models in each year, and
the quantile of the distribution that corresponds to the observed proportion edinezach year

for summer flounder. The overall proportion of zergeserated in each season and the quantile
of the distribution that corresponds to the overall proportion of zésoassimmer flounder is

provided at the bottom of the table.

Fall Spring
Average Average
Proportion of Proportion of

Year Zeroes Quantile Zeroes Quantile
2009 0.48 0.56 0.42 0.51
2010 0.49 0.51 0.44 0.84
2011 0.49 0.47 0.45 0.91
2012 0.45 0.83 0.36 0.80
2013 0.56 1.00 0.38 0.72
2014 0.47 0.91 0.40 0.84
2015 0.57 0.76 0.44 0.41
2016 0.52 0.48 0.35 0.81
2017 0.41 0.41
2018 0.55 0.68 0.42 0.48
2019 0.47 0.06 0.37 0.32
2021 0.58 0.97 0.43 1.00

Overall 0.51 0.95 0.41 0.96
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Table 11. The annual stratified mean biomass generated by the optimal seasonal models in each
year, and the quantile of the distribution that corresponds to the observed annual abundance

index for summer flounder.

Status quo survey effort Windprecludedsurvey effort

Stratified Mean Stratified Mean
Year (kg/tow) Quantile (kg/tow) Quantile
Fall
2009 3.53 0.88 2.59 0.55
2010 2.25 0.11 2.11 0.22
2011 4.22 0.73 3.05 0.50
2012 3.06 0.12 3.05 0.18
2013 2.66 0.24 1.92 0.12
2014 3.38 0.39 3.15 0.34
2015 2.55 0.35 2.17 0.21
2016 2.96 0.07 2.00 0.04
2017
2018 1.95 0.16 1.77 0.42
2019 1.69 0.59 1.59 0.51
2021 1.78 0.90 1.60 0.79
Spring
2009 3.05 0.54 3.25 0.79
2010 3.96 0.64 3.85 0.56
2011 4.08 0.11 3.71 0.09
2012 4.33 0.31 4.49 0.40
2013 3.79 0.38 3.91 0.41
2014 3.23 0.34 3.28 0.37
2015 3.96 0.98 3.57 0.91
2016 2.85 0.10 2.99 0.22
2017 2.18 0.12 2.21 0.12
2018 4.07 0.78 4.42 0.81
2019 3.78 0.18 3.69 0.22
2021 3.11 0.03 3.17 0.08
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Table12. The estimates of population trend generated by the optimal seasonal models, and the

guantile of the distribution that corresponds to the observed estimate of populatidiortrend

summer flounder.

Status quo survey effort

Wind-precluded survey
effort

Fall Spring
Population . Population .
Trend Estimate Quantile Trend Estimate Quantile
-0.15 0.50 -0.05 0.19
-0.10 0.73 -0.04 0.21
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Table 13. Configurations used to fit spring models predicting Atlantic mackerel biomass catch rates

Models

Predictors

Delta gamma

ml

m2

m3

m4

m5

Depth (fourtherder polynomial)
Year

Depth (fourtherder polynomial)
Year

Depth (fourtherder polynomial)
Year

Depth (fourtherder polynomial)
Year

Depth (fourtherder polynomial)
Year

Family

Binomial
(Component)
Gamma
(Component 2)
Binomial
(Component)
Gamma
(Component 2)
Binomial
(Component)
Gamma
(Component 2)
Binomial
(Component)
Gamma
(Component 2)
Binomial
(Componentl)
Gamma
(Component 2)

90

Spatial

On

On

On

On

On

On

On

On

On

Spatiotemporal

1D

1D

1D

1D

1D

1D

1D

1D

1D

1D

Time

Year

Year

Year

Year

Year

Year

Year

Year

Year

Year

Shared range

Yes
Yes
No
No
Yes
No
No
Yes

No

cont. on next page



Table 13 cont.

Models Predictors
Tweedie

Depth (fourtherder polynomial)
Year

Depth (fourtherder polynomial)

m7
Year

Family

Tweedie

Tweedie
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Spatial

On

On

Spatiotemporal

1D

1D

Time

Year

Year

Shared range

Yes

No



Table 14. Diagnostic quantities for the final sespifing models fit for Atlantic mackerel. For each model, the following information
is given: Akaike’s Information Criterion (AIC), percent deviance explained, the totéikkdrood, the mean squared error across

the folds of each crosslidation, the model convergenard the crossalidation convergencd he optimal model is highlighted in

red.

Delta Gamma

m1l 8,802.19 82.31% -8,286.17 2,330.05 True True
m2 8,803.62 82.29% -8,690.88 2,311.10 False False
m3 8,804.19 82.31% -8,441.83 2,310.69 False False
m4 8,801.62 82.29% -8,092.74 2,324.47 True True
mS 8,799.62 82.29% -8,305.95 2,216.04 True True
Tweedie

m6 8,930.46 83.28% -11,711.63 2,501.87 True True
mY7 8,912.83 83.10% - - True -
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Table 15. Main and random effecrameter estimateand their respective standard errdos,
each of the model components (binomial and gamma) of the chosen optimal spring dddel (m

for Atlantic mackerel.

Binomial Component Gamma Component
Standard Standard

Term Estimate Error Estimate Error
Main effect parameters
Depth -4.13 6.68 -15.01 4.16
Depth -7.24 4.55 -16.39 4.02
Depth 8.32 3.62 5.03 3.69
Depth -8.70 3.00 6.34 3.43
Year 2009 -2.08 0.54 -0.39 0.30
Year 2010 -1.98 0.53 -0.18 0.26
Year 2011 -2.14 0.54 0.23 0.28
Year 2012 -1.55 0.53 -0.30 0.26
Year 2013 -1.44 0.52 -0.17 0.23
Year 2014 -2.33 0.55 -0.14 0.28
Year 2015 -2.06 0.53 -0.01 0.26
Year 2016 -1.35 0.52 -0.10 0.23
Year 2017 -2.01 0.53 0.27 0.26
Year 2018 -1.75 0.54 0.06 0.28
Year 2019 -1.66 0.53 -0.34 0.25
Year 2021 -2.18 0.54 0.03 0.27
Random effect parameters
Spatial ange 161.20 46.01 - -
Spatiotemporal range 99.71 11.89 27.37 5.71
Spatial standard deviatior&( 1.44 0.26 - -
is\izz;er:“(;ora' standard 1.48 0.10 2.10 0.26
Dispersion - - 0.83 0.04
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Table 16. The nominal mean biomass catch rate generated by the optimal spring model in each
year, and the quantile of the distribution that corresponds to the observed average biomass catch
rate in each year for Atlantic mackerel. The overall average biomass at@cross years

generated by the spring model and the quantile of the distribution that correspomds to th
observed average catch rate across years for Atlantic mackerel is provided at the bottom of the
table.

Year Average Biomass (kg/tow) Quantile
2009 6.58 0.01
2010 4.79 0.00
2011 5.34 0.09
2012 4.34 0.26
2013 541 0.02
2014 0.58 0.00
2015 10.49 0.03
2016 2.58 0.09
2017 6.82 0.01
2018 2.18 0.06
2019 4.08 0.30
2021 5.76 0.00
Overall 5.06 0.00
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Table 17. Theaverage proportion of zezegenerated by the optimal spring moateeach year,

and the quantile of the distribution that corresponds to the observed proportion of zero in each
year for Atlantic mackerellThe average proportion of zesacross yeagenerated by the

spring modehlnd the quantile of the distribution that corresponds to that observed average

proportion of zeroes across years for Atlantic mackerel is provided at the bottom of the table.

Year Average Proportion of Zeroes Quantile

2009 0.70 1.00
2010 0.69 1.00
2011 0.71 1.00
2012 0.61 1.00
2013 0.60 1.00
2014 0.76 1.00
2015 0.71 1.00
2016 0.57 0.99
2017 0.67 1.00
2018 0.68 1.00
2019 0.62 1.00
2021 0.71 1.00

Overall 0.67 1.00
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Table18. The annual stratified mean biomass generated by the optimal spring model in eaold year
each survey efforand the quantile of the distribution that corresponds to the observed annual abundance

indexunder the respective survey efféot Atlantic mackerel.

Status Quo Survey Effort WindPrecluded Survey Effort

Stratified Mean Stratified Mean

Year (kg/tow) Quantile (kg/tow) Quantile

2009 9.50 0.50 9.80 0.57
2010 4.38 0.00 3.37 0.00
2011 6.88 0.48 5.88 0.23
2012 3.31 0.06 3.32 0.08
2013 2.82 0.00 2.70 0.00
2014 0.62 0.01 0.65 0.01
2015 16.68 0.72 16.90 0.77
2016 3.51 0.67 4.03 0.86
2017 9.59 0.21 8.08 0.06
2018 3.72 0.64 411 0.76
2019 441 0.39 4.36 0.40
2021 7.76 0.11 8.60 0.23
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Table19. The estimates of population trend generated by the optimal seasonal models, and the
guantile of the distribution that corresponds to the observed estimate of populatidiortrend

Atlantic mackerel

Population Trend

Estimate Quantile
Status quo survey effort 0.04 0.65
Wind-precluded survey effort 0.10 0.80
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Figure 1. A map of the actively sampled NEFSC bottom trawl survey strata (white polygons)
overlapped by leased wind areas (dark pyy@led the planned wind aregmi(ple.
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Figure 2. A map of the actively sampled NEFSC bottom trawl survey strata and the percentage

of area impacted and subject to survey preclusion by offshore wind area overlap.
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Figure 4. The percentage of (A) tows, (B) total biomass, and (C) total number of fish observed in
strata that are proposed for overlap by wind that would be removed from positive survey

observations due to wingrecluded efforfor a set of stakeholdédentified species.
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Figure 5. The percentage of (A) tows, (B) total biomass, and (C) total number of fish observed
over the full survey area thatould be removed from positive survey observations due to wind-

precluded effort for a set of stakeholdaentified species.
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Figure 7. The distribution of mean absolute relative differences between survey effort scenarios
for all species observed in the A) fall survey datd B) spring survey datdarkblue bars). The

mean absolute relative differendastween status quo and wipdecluded indices for summer

flounder and Atlantic mackerel are denoted by thearatipurpledotted lins, respectively.
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Figure 8. The distribution of mean absolute relative differences between survey effort scenarios
for all species observed in the A) fall survey data and B) spring survey data (light blue bars). The
mean absolute relative differences between status quo angeiddded CVs for summer

flounder and Atlantic mackerel are denoted by thearetipurpledotted lines, respectively.
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Figure 9. The distribution of mean absolute relative differences between survey effort scenarios
for all species observed in the A) fall survey data and B) spring survey data (light blue bars). The
mean absolute relative differences between status quo angreicdded population trends for
summer flounder and Atlantic mackerel are denoted by the orange and dark blue dotted lines,

respectively.
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Figure 10. The A) fall and B) sprirgpmpling frames for summer flounder (light blue)

comprised of the 95% total cumulative biomass observed by the historical time series overlapped

by the leased wind areas (dark puypénd the planned wind arediglit purple.
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Figure 11. Summer flounder biomass observations based on whether the biomass was observed

inside or outside of planned and leased wind energy areas.
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Figure 12. The number of survey tows tbatightsummer flounder thatould have occurred

inside and outsidesind energy areas in each yearring the A) fall survey and B) spring survey.
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Figure 13. The seasonal annual abundance indices for summer flounder under a status quo
survey effort assumption (green) and a wimdeluded survey effort assumption (orange). The

bars on each of the points represent the standard error around the stratified mean.
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Figure 14. The distribution of estimated fad#if{ column and springright columr) population
trendsfor summer floundewhen the observed data is randomly resampled with replacement to
emulate a stas quo survey effort for each seasgreér), when windareatows are precluded

from trend estimationofang®, and when the status quo effort data is randomly reduced by the
same proportions as the potential wprécluded efforto emulate a general reduction in survey
effort (purplg. The 95% confidence intervals of each distribution are represented by the dark
blue shaded rectangle in each panel, and the estimated population trend from the observed data
under the windprecluded survey effort scenario is presented by the black dotted line and

annotated with the representative quantile of the distribution.
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Figure 15. The change in estimates of population trensuimmer flounder from the A) fall and
B) spring survey as the number of years the survey is precluded from wind areas increases. The

bars represent the 95% confidence intervals around the trend estimate.
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Figure 16. The seasonal sampling frame for Atlantic mackerel (light blue) overlapped by the

leased wind areas (dark purpland the planned wind aregmi(ple.
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Figure 17. A map of spring Atlantic mackerel biomass observations based on whether the

biomass was observed inside or outside of planned and leased wind energy areas.
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Figure 18. The number of survey tows that observed Atlantic mackerel that would have occurred

inside and outside wind energy areas in each year.
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Figure 19. The spring annual abundance indices for Atlantic mackerel under a status quo survey
effort assumption (gregmointg and a windgrecluded survey effort assumption (orapgats.

The bars on each of the points represent the standard error around the stratified mean.

116



Spring

1

120 1

80 1
N '
.. ———uill

Populatlon trend estimate
of abundance index

“62%

Spring

120 4

o\"

ln
80 4
0 - ___-- II.--

F’opulatlon trend estimate
of abundance index

Spring

Number of population trend estimates

120 4

! =
80 -
N
N III HlEn._.

Population trend estimate
of abundance index

| Observed population trend Status quo wind-precluded General reduced
 of the precluded abundance index survey effort survey effort survey effort

Figure 20. The distribution of estimated spring population trends for Atlantic mackerel when the
observed data is randomly resampled with replacement to emulate a status quo survégypeffort (
panel), when windgirea tows are precluded from trend estimation (middle panel), and when the
status quo effort data is randomly reduced by the same proportions as the potential wind-
precluded effort to emulate a general reduction in survey effottiofnpanel). The 95%

confidence intervals of each distribution are represented by the dark blue shaded rectangle in
each panel, and the estimated population trend from the observed data under e eliraRd
survey effort scenario is presented by the black dottecdhnetated with the representative

guantile of the distribution.
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Figure 21. The change in estimates of population trend for Atlantic mackerel as the number of
years the survey is precluded from wind areas increases. The bars represent the 95% confidence

intervals around the trend estimate.
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Figure 22. A quantilkguantile plot of observed quantiles of MCMEsampled residuals
compared to the theoretical quantiles of residuals the modedfit to A) fall summer flounder

survey dataand B) spring summer flounder survey data
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Figure 23. The distribution of MCM@sampled residuals predicted over 10 simulations for
summer flounder compared to the observed values of biomass in link space fit to A) fall summer

flounder survey data, and B) spring summer flounder survey data.
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Figure 24. The marginal effect of depth on summer flounder biomass catch rates predicted by the
A) fall summer flounder model, and B) spring summer flounder model. Gray shaded area

represents the 95% confidence intervals around the predictions.

121



2.5+

0.6 Year

2.0+
— 2009
— 2010
— 201
— 2012
— 2013
— 2014
— 2015
— 2016
— 2017
— 2018
— 2019
— 2021

o
5
.
)
o

Biomass (kg)
Biomass (kg
o

0.2+
0.5+

0.0 4 0.0+

0 25 50 75 100 0 100 200 300
Average Depth Average Depth

Figure 25. The marginal effect of depth and year on summer flounder biomass catch rates
predictedby the A) fall summer flounder model, and B) spring summer flounder model
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Figure 26. The marginal effect of depth and area on summer flounder biomass catch rates within

areas A) outside wind areas and B) inside wind areas predicted by the spring model.
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Figure 27. The marginal effect of year and area on summer flounder biomass cateftiates

areas A) outside wind areas and B) inside wind gresdicted by the spring model.
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Figure 28. Fall (top four panels) and spring (bottom four panels) estimates of theffeatd for

the most recent four years of the time series from the respective models for summer flounder.
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Figure 29. Fall (top four panels) and spring (bottom four panels) estimates of the spatial random

effects from the respective models for summer flounder.
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Figure 30. Fall (top four panels) and spring (bottom four panels) estimates of the spatiotemporal
random effect$or the most recent four years of the time series from the respective models for

summer flounder.
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Figure 31. Fall (top four panels) and spring (bottom four panels) predictions of summer flounder
biomass extrapolated from the model across the sampling frame and within respective survey

strata.
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Figure 32. The distribution of simulated average biomass catch rates generated by the A) fall
summer flounder model, and B) spring summer flounder madkel observed average survey

biomass catch rate is represented by the orange dotted line.
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Figure 33. The distribution of simulated average biomass catch rates in each year generated by
the A) fall summer flounder model, and B) spring summer flounder mddelobserved

average survey biomass catch rate in each year and season from the data is represented by the
orange diamond. The annual nominal averages of biomass catch rates is represented by the black

dotted line. The=ffect of outliers has been removed from the distribution.
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Figure 34. The distribution of simulated average proportion of zeroes generated by the A) fall
summer flounder model, and B) spring summer flounder madel observed average

proportion of zeroes is represented by the orange dotted line.
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Figure 35. The distribution of simulated average proportions of zeroes in each year generated by
the A) fall summer flounder model, and B) spring summer flounder mddelobserved

average proportion of zeroes in each year and season from the data is represented by the orange
diamond. The overall observed average proportion of zeroes in each year is represented by the
black dotted line. Theffect of outliers has been removed from the distribution.
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Figure 36. The distribution of simulated abundance indicesich year and under each survey
effort scenario generatdy the A) fall summer flounder model, and B) spring summer flounder
model The observed survey annual abundance indices in each year, season, and survey effort
scenario from the data is represented by the orange diamonédffétieof outliers has been

removed from the distribution.
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Figure 37. The distribution of estimates of population trend calculated with survey data
simulated from A) the fall model fit for summer floundgerd B) the spring model fit for summer
flounder under status quo survey effort or under wiretluded survey effort. The observed
population trend by the survey under the respective survey effort scearaiesasons are
presented by the dark purpglemond, respectively he effect of outliers has been removed

from the distribution.
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Figure 38. A quantikguantile plot of observed quantiles of MVN residuals compared to the
theoretical quantiles of residuals for the preseafz®ence component of the model fit to spring

Atlantic mackerel survey data.
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Figure 39. A quantilguantile plot of observed quantiles of MVN residuals compared to the
theoretical quantiles of residuals for the positive catch rate component of the model fit to spring
Atlantic mackerel survey data.
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Figure 40. The distribution of MVN residuals predicted by the binomraksencezbsence)
component of the spring model for Atlantic mackerel compared to the observed values of

biomass in link space used to fit the model.
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Figure 41. The distribution of MVN residuals predicted by the ganpwmsit{ve catch raje
component of the spring model for Atlantic mackerel compared to the observed values of

biomass in link space used to fit the model.
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Figure 42. The quantidguantile plot oDHARMa-simulated residuals (left plot) and the
distribution of residuals plotted against the predicted values (right plot) from the optimal Atlantic

mackerel model.
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Figure 43. The marginal effect of depth and year on Atlantic mackerel biomass catch rates

predicted by the spring combined Delta Gamma model (modabke 14.
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Figure 44. Spring estimates of the fixed effects for the most recent four years in the time series

from the model for Atlantic mackerel.
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Figure 45. Spring estimates of the spatial random effects from the model for Atlantic mackerel.
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Figure 46. Spring estimates of the spatiotemporal random effects for the most recent four years
in the time series from the model for Atlantic mackerel.
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Figure 47. Spring predictions of Atlantic mackerel biomass extrapolated from the model across

the sampling frame for the most recent four years in the time series.
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Figure 48. The distribution of simulated average biomass catch rates generated by the spring
Atlantic mackerel model. The observed average survey biomass catch rate is represented by the

orange dotted line.
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Figure 49. The distribution of simulated average biomass catch rates in each year generated by
the optimal Atlantic mackerehodel. The observed spring survey biomass catch rate in each year
from the data is represented by the orange diamond. The avematal average of biomass

catch rate is represented by the black dotted Tihe effect of outliers has been removed from

the distribution.
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Figure 50. The distribution of simulated proportions of zeroes generated by the spring Atlantic

mackerel model. The observed proportion of zeroes is represented by the orange dotted line.
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Figure 51. The distribution of simulated proportions of zeroes in each year generated by the
optimal Atlantic mackerel model. The observed proportion of zeroes in each year from the data
is represented by the orange diamond. The overall proportion of zeroes is represented by the
black dotted line. Theffect of outliers has been removed from the distribution.
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Figure 52. The distribution of simulated annual abundance indices in eadngeaander each
survey effort scenarigenerated by the optimal Atlantic mackerel model. The observed spring
annual abundance indiceseach year from the data and under the respective survey effort
scenario is represented by the orange diamondefféet of outliers has been removed from the

distribution.
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Figure 53. The distribution of estimates of population trend calculated with survey data
simulated from the spring model fit for Atlantic mackerel under status quo survey effort (green
boxplot) or under wingrecluded survey effofbrange boxplot)The observed population trend
by the survey under the respective survey effoenaris is presented by the dark purple

diamond, respectivelyl heeffect of outliers has been removed from the distribution.
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Figure 54. The distribution of simulated annual abundance indices in each yeaC¥talA

summer flounder populatior@d DF) spring summer flounder populations under status quo
survey effort (green boxplots) and wipdecluded survey effort (orange boxplots) in each of the
productivity treatments: baseline fish density (left panels), enhanced fish density (middle panels),
and reduced fish density (right panelBheeffect of outliers has been removed from the

distribution.
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Figure 55. The distribution of annual abundance indices calculated for A) fall summer flounder
populations and B) spring summer flounder populations under status quo survey effort (green
boxplots)and windprecluded survey effort (orange boxplots) over the simulated/éae time
series across the productivity treatmebtsseline, enhancednd reduced fish density. Th#ect

of outliers has been removed from the distribution.
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Figure 56.The distribution of relative differences between annual abundance indices calculated
for A) fall summer flounder populations and B) spring summer flounder populations under status
guo and windprecluded survey effort averaged over the simulatedyfdae tme series across

the productivity treatments: baseline, enhanced, and reduced fish densigftethef outliers

has been removed from the distribution.
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Figure 57. The distribution of absolute relative differertmetween annual abundance indices
calculated for A) fall summer flounder populations and B) spring summer flounder populations
under status quo and winmtecluded survey effort averaged over the simulatedyias time

series across the productivity treatmebtselinegnhancedand reduced fish density. Th#ect

of outliers has been removed from the distribution.
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Figure 58. The distribution of coefficient of variations (CVsAdffall summer flounder
abundance indiceand B) spring summer flounder abundance indieésulated under status quo
survey effort (green boxplots) and wipdecluded survey effort (orange boxplots) over the
simulated fiveyear time series across the productivity treatments: baseline, enhanced, and

reduced fish density. The effect of outliers has been removed from the distribution.
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Figure 59. The distribution of changes in A) fall summer flounder population trends and B)
spring summer flounder population trends calculated under status quo survey effort (green
boxplots) and wingsrecluded survey effort (orange boxplots) over the simulated/éae time

series across the practivity treatments: baseline, enhanced, and reduced fish densitgffétie

of outliers has been removed from the distribution.
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Figure 60. The distribution of absolute differences between A) fall summer flounder population
trends and B) spring summer flounder population trends calculated under status quo survey effort
and windprecluded survey effort over the simulated fjgar time series across the productivity
treatments: baseline, enhanced, and reduced fish densityeffétieof outliers has been

removed from the distribution.
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Figure 61. The distribution of simulated annual abundance indices in each year for spring
Atlantic mackerel populations under status quo survey effort (green boxplots) and wind-
precluded survey effofbrange boxplotsih each othe productivity treatmernt#\) baseline fish
density, B) enhanceitsh density, and C) reduced fish density. Bffiect of outliers has been

removed from the distribution.
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Figure 62. The distribution of Atlantic mackerel abundance indices calculated under status quo
survey effort (green boxplots) and wipdecluded survey effort (orange boxplots) over the
simulated fiveyear time series across the productivity treatments: baseline, enhanced, and
reduced fish density.-dxis has been modified to remove the effect of outliers on the

distribution. Theeffect of outliers has been removed from the distribution.
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Figure 63.The distribution of relative differences between annual abundance indices calculated
for spring Atlantic mackergdopulations under status quo and wpreeluded survey effort
averaged over the simulated fiyear time series across the productivity treatments: baseline,

enhanced, and reduced fish density. &fiect of outliers has been removed from the

distribution.
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Figure 64. The distribution of absolute relative differartmetween annual abundance indices for Atlantic
mackerel calculated under status quo and yirettluded survey effort averaged over the simulated five-

year time series acrotise productivity treatmentsaseline, enhanced, and reduced fish denEitg.

effect of outliers has been removed from the distribution.
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Figure 65. The distribution of coefficient of variations (CVs) of Atlantic mackerel abundance
indices calculated under status quo survey effort (green boxplots) angnetideded survey
effort (orange boxplots) over the simulated fixear time series across the productivity

treatmentsbaselinegnhancedand reduced fish density. Tle#ect of outliers has been removed

from the distribution.
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Figure 66. The distribution of changes in population trends for Atlantic mackerel calculated
under status quo survey effort (green boxplatg) windprecluded survey effoforange
boxplots)over the simulated fivgear time series across the productivity treatmdaaseline,
enhancedand reduced fish density-akis has been modified to remove the effect of outliers on

the distribution. Theffect of outliers has been removed from the distribution.
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Figure 67. The distribution of absolute differences between population trends for Atlantic
mackerel calculated under status quo and wirettiuded survey effort averaged over the
simulated fiveyear time series across the productivity treatmdaatseline, enhancednd
reduced fish density.-dxis has been modified to remove the effect of outliers on the

distribution. Theeffect of outliers has been removed from the distribution.
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APPENDIX A: FIGURES

Al. Species with the highest observed differences between survey effort indices

Time series of annual abundance inditesn the seasonal bottom trawl survey under a status
qguo survey effort assumption (green) and a wiretluded survey effort assumption (oranige)
each of the species identified as having the highest observed diffebetveen effort scenarios
in terms of annual abundance indicesefficients of variationand/or estimates of population

trend Table 3. The bars on each of the points represent the standard error around the stratified

mean.

Figure AL. Fall and spring estimates of annual abundance for the skate complex.
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Figure A2. Fall estimates of annual abundanceAtlantic croaker
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Figure A3. Spring estimates of annual abundanceAitaintic herring
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Figure Ad. Spring estimates of annual abundance for Atlantic mackerel
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Figure A6. Spring estimates of annual abundance for Atlantic seasnail
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Figure A6. Spring estimates of annual abundance for Atlantic silverside
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Figure A7. Spring estimates of annual abundance for Atlantic surfclam
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Figure A8. Fall estimates of annual abundanceljtack sea bass
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Figure A9. Spring estimates of annual abundance for bluefish.
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Figure ALO. Fall estimates of annual abundancebiointnose stingray.

174



Figure AL1 Spring estimates of annual abundance for unclassified bobtail species
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Figure AL2. Fall estimates of annual abundancebiglinose ray.
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Figure AL3. Spring estimates of annual abundance for butterfish
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Figure Al4. Spring estimates of annual abundance for clearnose skate.
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Figure AL5. Fall and gring estimates of annual abundance for coarsehand lady crab

Figure AL6. Spring estimates of annual abundance for unclassified etropus
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Figure Al7. Fall and spring estimates of annual abundance for horseshoe crab

Figure AL8. Spring estimates of annual abundance for lady crab.
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Figure AL9. Falland spring estimates of annual abundance for little skate
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Figure A20. Fall estimates of annual abundance for northern searobin.
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Figure A21. Fall estimates of annual abundance for rough scad.

183



Figure A22. Fall estimates of annual abundance for roughtail stingray.
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Figure A23. Fall estimates of annual abundance for round herring.
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Figure A24. Fall estimates of annual abundance for scup

Figure A25. Fall estimates of annual abundance for sea scallop
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Figure A26. Fall estimates of annual abundance for pink, brown, and white shrimp.
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Figure A27. Falland spring estimates of annual abundance for smallmouth flounder

Figure A28. Spring estimates of annual abundance for smooth dogfish.
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Figure A29. Fall and spring estimates of annual abundance for unclassified spider crabs
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Figure A30. Fall estimates of annual abundance for spiny butterfly ray.
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Figure A31. Fall and gring estimates of annual abundance for spiny dogfish.
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Figure A32. Fall estimates of annual abundance for spotted hake
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Figure A33. Spring estimates of annual abundance for striped bass
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Figure A34. Fall estimates of annual abundance for windowpane flounder
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Figure A35. Fall estimates of annual abundance for yellowtail flounder
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A2. StakeholderselectedSpecies

Seasonal annual abundance indices for each of the stakeideldified species from the
SSEEP workshops under a status quo survey effort assumption (green) angeealuntkd

survey effort assumption (orange). The bars on each of the points represent the standard error
around the stratified mean.

Figure A36. Fall and spring estimates of annual abundance for the skate complex.
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Figure A37. Spring estimates of annual abundance for Atlantic herring.
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Figure A38. Spring estimates of annual abundance for Atlantic mackerel.

Figure A39. Fall estimates of annual abundance for black sea bass.
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Figure A0. Sring estimates of annual abundance for butterfish.
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Figure A41. Fall and spring estimates of annual abundance for longfin squid.

Figure A2. Fall and spring estimates of annual abundance for silver hake.
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Figure A3. Fall and spring estimates of annual abundance for spiny dogfish.

Figure Ad4. Fall and spring estimates of annual abundance for summer flounder.

201



Figure A45. Fall and spring estimates of annual abundance for winter flounder.

Figure A6. Fall estimates of annual abundance for yellowtail flounder.
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A3. Species Distribution Models

Additional diagnostic plots for the fall and spring summer flounder models as well as the spring
Atlantic mackerel model.

Figure A47. Quantilequantile plos of observed quantiles across each simulation of MEMC
resampled residuals compared to the theoretical quantiles of residuals from the model fit to fall

summer flounder survey data.
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Figure A48. The distribution of MCM&@esampled residuals predicted over 10 simulations for
summer flounder compared to the observed values of averagdfitieptall summer flounder

survey data.
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Figure A9. The quantileuantile plot of DHARMasimulated residuals (left plot) and the
distribution of residuals plotted against the predicted values (right plot) from the optimal fall

summer flounder model.
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Figure A60. Quantilequantile plos of observed quantiles across each simulation of MEMC
resampled residuals compared to the theoretical quantiles of residuals from the model fit to

spring summer flounder survey data.
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Figure A61. Estimates of the fixed effectsross the full time series from the optimal fall model

for summer flounder.
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Figure A62. Estimates of the spatial randaeffects across the full time series from the optimal

fall model for summer flounder.
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Figure A63. Estimates of the spatiotemporal randeffects across the full time series from the

optimal fall model for summer flounder.
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Figure A64. Estimates of biomasacross the full time series from the optimal fall model for

summer flounder.
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Figure AB5. Estimates of the fixed effeceross the full time series from the optimal spring

model for summer flounder.
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Figure A66. Estimates of the spatial randaeffects across the full time series from the optimal

spring model for summer flounder.
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Figure A67. Estimates of the spatiotemporal randeffects across the full time series from the

optimal spring model for summer flounder.
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Figure A68. Estimates of biomasacross the full time series from the optimal spring model for

summer flounder.
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Figure A69. The distribution of MCM@esampled residuals predicted from the presence-
absence model componardmpared to the observed valuesegrage deptfit to spring

Atlantic mackerebkurvey data.
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Figure A60. The distribution of MCM&@esampled residuals predicted from the positive
encounter model componetampared to the observed values of average digpthspring

Atlantic mackerekurvey data.
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Figure A61. DHARMa zerginflation test via comparison to expected zeros with simulation
under the fitted model for spring Atlantic mackerel.
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Figure A62. DHARMa Moran'’s | test for gatial autocorrelatiofor the spring Atlantic mackerel
model.
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Figure A63. Estimates of fixed effectacross the full time series from the optimal spring model

for Atlantic mackerel
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Figure A64. Estimates of spatial random effeetsross the full time series from the optimal

spring model foAtlantic mackerel
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Figure A65. Estimates of spatiotemporal random effestsoss the full time series from the

optimal spring model foAtlantic mackerel
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Figure A66. Estimates of biomass across the full time series from the optimal spring model for

Atlantic mackerel
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APPENDIX B: TABLES

Table BL. Configurations used to fit the Tweedie observatiod@spredicting Atlantic mackerel biomass catch raldse

candidate models are highlighted in red

Models

Predictors

All data present

ml

m2

m3

m4

m5

m6

m7

Depth (Penalized spline)

Year

Depth (seconarder polynomial)
Year

Depth (Penalized spline)

Year

Area

Depth (seconarder polynomial)
Year

Area

Depth (Penalized spline)

Year

Depth (secondrder polynomial)
Year

Depth (Penalized spline)

Year

Area

Spatial

On

On

On

223

Spatiotemporal

Time

Shared Range

Yes

Yes

Yes

Yes

Yes

Yes

Yes

cont. on next page



Table BL cont.

Models

Predictors

All data present

m8

m9

m10

mll

ml12

ml13

ml4

Depth (seconarder polynomial)
Year

Area

Depth (Penalized spline)

Year

Depth (seconarder polynomial)
Year

Depth (Penalized spline)

Year

Area

Depth (secondrder polynomial)
Year

Area

Depth (thirdorder polynomial)
Year

Depth (fourthorder polynomial)
Year

Biomass outliers >99 percentile removed

ml5

Depth (Penalized spline)
Year

Spatial

On

On

On

On

On

On

On

224

Spatiotemporal

1D

1D

1D

1D

1D

1D

Time

Year

Year

Year

Year

Year

Year

Shared Range

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

cont. on next page



Table BL cont.

Models

Predictors

Biomass outliers >99 percentile removed

ml16

ml17

m18

m19

m20

m21

m22

m23

m24

Depth (seconarder polynomial)
Year

Depth (Penalized spline)

Year

Area

Depth (seconarder polynomial)
Year

Area

Depth (Penalized spline)

Year

Depth (secondrder polynomial)
Year

Depth (Penalized spline)

Year

Area

Depth (secondrder polynomial)
Year

Area

Depth (Penalized spline)

Year

Depth (seconarder polynomial)
Year

On

On

On

On

On

On

Spatial
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Spatiotemporal

1D

1D

Time

Year

Year

Shared Range

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

cont. on next page



Table BL cont.

Models

Predictors

Biomass outliers >99percentile removed

m25

m26

m27

m28

Depth (Penalized spline)

Year

Area

Depth (seconarder polynomial)
Year

Area

Depth (thirdorder polynomial)
Year

Depth (fourthorder polynomial)
Year

Biomass at depths >200m removed

m29

m30

m31

m32

Depth (Penalized spline)

Year

Depth (secondrder polynomial)
Year

Depth (thirdorder polynomial)
Year

Depth (fourthorder polynomial)
Year

Spatial

On

On

On

On

On

On

On

On

226

Spatiotemporal

1D

1D

1D

1D

1D
1D
[ID

1D

Time

Year

Year

Year

Year

Year

Year

Year

Year

Shared Range

Yes

Yes

Yes

Yes

Yes
Yes
Yes

Yes

cont on next page.



Table BL cont.

Models Predictors Spatial Spatiotemporal Time Shared Range
Biomass at depths >200m removed

Depth (fourthorder polynomial)

m33 Year

On 1D Year No
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Table B2. Diagnostic quantities for the spring Tweedie observation models fit for Atlantic madkarelach of the models, the
following information is given: Akaike’s Information Criterion (AIC), percent deviance explained, the tolédbgeod, the mean
squared error across the folds of each evadislation, and the model convergenthe final candidate models are highlighted in
red

Models AIC Devia_nce Sum log likelihood Mean Squared Model Cross Validation
Explained Error Convergence Convergence
All data present
m1l 11,517.1¢ 97.00% -5,888.84 1,995.8¢ True True
m2 11,663.04 98.23% -5,936.7¢ 1,945.4€ True True
m3 11,519.1¢ 97.00% -5,909.8& 1,946.4¢ True True
m4 11,664.8t 98.23% -5,940.14 1,969.4% True True
m5 10,861.0% 91.42% -6,959.42 2,129.1¢ True True
m6 10,860.2C 91.42% -7,080.82 2,118.72 True True
m7 10,862.4C 91.42% -6,907.5€ 2,204.6¢ True True
m8 10,861.64 91.41% -6,974.92 2,170.6C True True
m9 9,845.2C 82.83% -12,042.4% 2,466.6¢ True True
m10 9,852.6€ 82.89% -12,835.6¢ 2,235.1¢ True True
mll 9,845.7C 82.81% -12,093.7¢ 2,196.5C True True
m12 9,853.1¢ 82.88% -13,845.91 2,167.77 True True
m13 9,833.31 82.71% -12,249.5¢ 2,048.8C True True
m1l14 9,833.47 82.69% -12,083.44 2,114.91 True True
Biomass outliers >99percentile removed
m15 9,858.7E 97.76% -4,942.9C 36.07 True True
m16 9,955.71 98.72% -5,012.92 36.18 True True

228

cont. on next page



Table B cont.

Models AIC Dewa_mce
Explained
Biomass outliers >99 percentile removed
m17 9,859.68 97.75%
m18 9,952.77 98.67%
m19 9,384.1¢€ 93.00%
m20 9,383.6¢ 92.99%
m21 9,385.22 92.99%
m22 9,384.81 92.98%
m23 8,607.62 85.25%
m24 8,611.9t 85.30%
m25 8,615.9t 85.32%
m26 8,613.6€ 85.29%
m27 8,597.8¢ 85.14%
m28 8,599.0¢ 85.13%
Biomass at depths >200m removed
m29 8,942.61 83.43%
m30 8,943.2C 83.44%
m31 8,933.6€ 83.33%
m32 8,930.4¢€ 83.28%
m33 8,912.85 83.10%

Sum log likelihood

-4,942.1%
-4,994.1C
-5,031.67
-5,005.2¢
-4,955.1¢€
-4,973.61
-7,073.02
-1,277.47
-7,070.21
-7,263.21
-7,038.54
-7,232.9€

-11,557.5¢
-11,120.87
-11,031.87
-11,711.6¢
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Mean Square

Error

35.71
36.43
37.27
37.32
36.97
37.22
56.22
52.17
42.35
49.80
46.81
47.14

2,696.41
2,536.7%
2,371.8€
2,501.87

Model
Convergence

True
True
True
True
True
True
True
True
False
True
True
True

True
True
True
True
True

Cross Validatior
Convergence

True
True
True
True
True
True
True
True
False
True
True
True

True
True
True
True



Table B3. Configurations used to fit the Delta gamma observatiotetspredicting Atlantic mackerel biomass catch raldse

candidate models are highlighted in red

Models

Predictors

All data present

ml

m2

m3

m4

m5

Depth (Penalized spline)
Year

Depth (secondarder polynomial)
Year

Depth (Penalized spline)
Year
Area

Depth (secondarder polynomial)
Year
Area

Depth (Penalized spline)
Year

Family

Binomial
(Component)
Gamma
(Component 2)
Binomial
(Component)
Gamma
(Component 2)
Binomial
(Component)
Gamma
(Component 2)
Binomial
(Component)
Gamma
(Component 2)
Binomial
(Component)
Gamma
(Component 2)
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Spatial

On

On

Spatiotemporal

Time

Shared range

cont. on the next page



Table B3 cont.

Models Predictors

All data present

Depth (secondrder polynomial)

mo Year
Depth (Penalized spline)
m7/ Year

Area

Depth (secondrder polynomial)
m8 Year
Area

Depth (Penalized spline)

m3 Year

Depth (seconarder polynomial)

m
0 Year

Family

Binomial
(Component)
Gamma
(Component @
Binomial
(Component)
Gamma
(Component 2)
Binomial
(Component)
Gamma
(Component p
Binomial
(Component)
Gamma
(Component 2)
Binomial
(Component)
Gamma
(Component 2)
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Spatial

On
On
On
On
On
On
On
On
On

On

Spatiotemporal

[ID
1D
1D

1D

Time

Year

Year

Year

Year

Shared range

Yes
Yes
Yes

Yes

cont. on the next page



Table B3 cont.

Models Predictors

All data present

Depth (Penalized spline)

mll Year
Area
Depth (seconarder polynomial)
ml2 Year
Area
m13 Depth (thirderder polynomial)
Year
mid Depth (fourtherder polynomial)

Year

Family

Binomial
(Component)
Gamma
(Component @
Binomial
(Component)
Gamma
(Component 2)
Binomial
(Component)
Gamma
(Component p
Binomial
(Component)
Gamma
(Component 2)
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Spatial

On
On
On
On
On
On
On

On

Spatiotemporal

1D
1D
1D
1D
1D
1D
1D

1D

Time

Year

Year

Year

Year

Year

Year

Year

Year

Shared range

Yes
Yes
Yes
Yes
Yes
Yes
Yes

Yes

cont. on the next page



Table B3 cont.

Models

Biomass outliers >99 percentile removed

ml5

ml6

ml7

ml8

m19

Predictors

Depth (Penalized spline)
Year

Depth (seconarder polynomial)
Year

Depth (Penalized spline)
Year
Area

Depth (seconarder polynomial)
Year
Area

Depth (Penalized spline)
Year

Family

Binomial
(Componentl)
Gamma
(Component p
Binomial
(Componentl)
Gamma
(Component 2)
Binomial
(Componentl)
Gamma
(Component p
Binomial
(Componentl)
Gamma
(Component 2)
Binomial
(Componentl)
Gamma
(Component 2)
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Spatial

On

On

Spatiotemporal

Time

Shared range

cont. on the next page



Table B3 cont.

Models

Biomass outliers >99 percentile removed

m20

m21

m22

m23

m24

Predictors

Depth (seconarder polynomial)
Year

Depth (Penalized spline)
Year
Area

Depth (seconarder polynomial)
Year
Area

Depth (Penalized spline)
Year

Depth (secondarder polynomial)
Year

Family

Binomial
(Componentl)
Gamma
(Component 2)
Binomial
(Componentl)
Gamma
(Component 2)
Binomial
(Componentl)
Gamma
(Component 2)
Binomial
(Componentl)
Gamma
(Component 2)
Binomial
(Componentl)
Gamma
(Component p
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Spatial

On
On
On
On
On
On
On
On
On

On

Spatiotemporal

1D
[ID
1D

1D

Time

Year

Year

Year

Year

Shared range

Yes
Yes
Yes

Yes

cont. on the next page



Table B3 cont.

Models

Biomass outliers >99 percentile removed

Depth (Penalized spline)

m25 Year
Area

Depth (seconarder polynomial)

m26 Year
Area

m27 Year

Year

Biomass at depths >200m removed

m29 Year

Predictors

Depth (thirderder polynomial)

Depth (fourtherder polynomial)

Depth (Penalized spline)

Family

Binomial
(Componentl)
Gamma
(Component p
Binomial
(Componentl)
Gamma
(Component 2)
Binomial
(Componentl)
Gamma
(Component p
Binomial
(Componentl)
Gamma
(Component 2)

Binomial
(Componentl)

Gamma
(Component 2)
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Spatial

On
On
On
On
On
On
On

On

On

On

Spatiotemporal

1D
1D
1D
1D
1D
1D
1D

1D

1D

1D

Time

Year

Year

Year

Year

Year

Year

Year

Year

Year

Year

Shared range

Yes
Yes
Yes
Yes
Yes
Yes
Yes

Yes

Yes

Yes

cont. on the next page



Table B3 cont.

Models

Predictors

Biomass at depths >200m removed

m30

m31

m32

m33

m34

Depth (secondrder polynomial)

Year

Depth (thirderder polynomial)
Year

Depth (fourtherder polynomial)
Year

Depth (fourtherder polynomial)
Year

Depth (fourtherder polynomial)
Year

Family

Binomial
(Componentl)
Gamma
(Component 2)
Binomial
(Componentl)
Gamma
(Component 2)
Binomial
(Component)
Gamma
(Component 2)
Binomial
(Componentl)
Gamma
(Component 2)
Binomial
(Componentl)
Gamma
(Component 2)
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Spatial

On

On

On

On

On

On

On

On

On

On

Spatiotemporal

1D

1D

1D

1D

1D

1D

1D

[ID

1D

1D

Time

Year

Year

Year

Year

Year

Year

Year

Year

Year

Year

Shared range

Yes
Yes
Yes
Yes
Yes
Yes
No
No
Yes

No

cont. on the next page



Table B3 cont.

Models Predictors Family Spatial  Spatiotemporal Time Shared range

Biomass at depths >200m removed

Binomial

M35 Depth (fourtherder polynomial) (Componentl) on b vear No
Year Gamma

(Component 2) On 1D Year Yes
Binomial

36 Depth (fourtherder polynomial) (Componentl) on b vear No
Year Gamma

- 1D Year -

(Component 2)
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Table Bt. Diagnostic quantities for the spring Delta gamma observation models fit for Atlantic ma€&kereach of the models, the
following information is given: Akaike’s Information Criterion (AIC), percent deviance explained, the tolédbgeod, the mean
squared error across the folds of each evadislation, and the model convergenthe final candidate models are highlighted in
red

Models AIC Devia_nce Sum log likelihood Mean Squared Model Cross Validation
Explained Error Convergence Convergence
All data present
ml 11,278.5¢ 95.43% -5,730.74 1,956.9¢€ True True
m2 11,479.7¢ 97.15% -5,846.2C 2,006.75 True True
m3 11,281.9¢ 95.43% -5,768.61 2,056.3¢€ True True
m4 11,478.6€ 97.10% -5,868.22 2,003.52 True True
m5 10,438.92 88.22% -7,178.2C 2,088.47 True True
m6 10,439.3¢ 88.23% -7,400.34 2,216.34 True True
m7 10,442.0¢ 88.22% -7,080.0C 2,170.32 True True
m8 10,442.4z 88.22% -7,148.2¢ 2,151.4¢ True True
m9 9,660.7€ 81.57% -10,457.9: 1,999.92 True True
m10 9,670.3% 81.65% -11,227.7¢ 2,038.8¢ True True
mll - - - - - -
m12 9,673.3C 81.64% -11,607.0¢ 1,967.02Z True True
m13 9,647.24 81.42% -10,838.71 2,045.52 True True
m1l14 9,640.44 81.33% -10,434.1¢ 1,986.94 True True
Biomass outliers >99th percentile removed
m15 9,714.5E 96.59% -4,858.6¢ 36.33 True True
m16 9,827.7¢ 97.73% -4,941.02 36.50 True True
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Table B4 cont.

Models AIC beviance o 1 log likelihood
Explained

Biomass outliers >99th percentile removed

ml7 9,714.54 96.55% -4,854.7¢
m18 9,819.34 97.60% -4,934.9€
m19 9,073.31 90.10% -4,827.97
m20 9,075.1¢ 90.12% -4,958.22
m21 9,073.5E 90.06% -4,880.65
m22 9,074.7C 90.07% -4,913.54
m23 8,480.2¢ 84.13% -5,882.63
m24 8,484.4¢ 84.17% -6,054.02
m25 8,483.9¢ 84.12% -5,827.27
m26 8,487.77 84.16% -6,094.82
m27 8,467.82 83.96% -5,852.5C
m28 8,464.1€ 83.89% -5,845.9¢
Biomass at depths >200m removed

m29 8,818.24 82.54% -9,211.7C
m30 8,811.24 82.47% -8,423.9€
m31 8,808.24 82.40% -8,344.62
m32 8,802.1¢ 82.31% -8,286.17
m33 8,803.62 82.29% -8,690.8¢
m34 8,804.1¢ 82.31% -8,441.82
m35 8,801.62 82.29% -8,092.74
m36 8,799.62 82.29% -8,305.9¢
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Mean Square

Error

35.80
36.38
36.17
36.91
36.58
36.74
36.33
38.60
37.89
38.66
38.49
38.23

2,251.81
2,248.1¢
2,213.1C
2,330.0%
2,311.1C
2,310.6¢
2,324.47
2,216.04

Model
Convergence

True
True
True
True
True
True
True
True
True
True
True
True

True
True
True
True
False
False
True
True

Cross Validatior
Convergence

True
True
True
True
True
True
True
True
True
True
True
True

True
True
True
True
False
False
True
True



	ABSTRACT
	ACKNOWLEDGMENTS

