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How inappropriate to call this planet ‘Earth,’ when it is clearly ‘Ocean.’ 

  
Sir Arthur C. Clark  
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Executive Summary 
Climate change is an existential threat to marine resources because global warming is irreversibly 

altering biophysical conditions (Burrows et al., 2011; Williamson et al., 2018). Studies show that 

warming sea surface temperatures have shifted the historic distribution and availability of marine wild 

fish populations, jeopardizing the stability of current management frameworks and resilience of coastal 

fishing communities (Garcia & Rosenberg, 2010; Pinskey et al., 2020; Young et al., 2019). In particular, 

warming rates in the Northwest Atlantic Ocean surpass global averages, with sea surface temperatures in 

the Gulf of Maine increasing faster than 99% of the global ocean (Pershing et al., 2015).  

Many marine species along the Northeast United States Continental Shelf have shifted spatial 

distribution and abundance in response to local climate variability and large-scale warming. Such shifts 

over time can influence management decisions to adjust commercial and recreational allocation along the 

eastern seaboard, as demonstrated in 2021 through state quota reallocation measures for Black Sea Bass 

(Centropristis striata) under the Atlantic States Marine Fisheries Commission’s Summer Flounder, Scup 

and Black Sea Bass Fishery Management Plan.  

Given these recent changes in management, this master’s project provides a comprehensive 

review of black sea bass population spatio-temporal patterns of distribution and abundance along the 

United States Northeast Continental Shelf. I analyzed black sea bass fishery-independent survey and 

fishery-dependent landings data (1986 - 2019) using a two-stage generalized additive model approach to 

evaluate whether environmental variables or fishing pressure significantly influence distribution and 

abundance. Additionally, I examined the shift of suitable habitat availability based on oceanographic 

conditions assumed under Representative Concentration Pathway8.5, a climate scenario consistent with 

the current pace of global emissions.  

This study finds that the mean center of the black sea bass population has significantly migrated 

northward over the last fifty years. Sea surface temperatures strongly correlate with black sea bass 

distribution in the Spring and Fall, as does sea surface salinity. The study also finds that annual fishing 

mortality rates significantly correlate with black sea bass distribution and abundance the following year. 

Finally, suitable habitat availability is projected to decrease under a “business-as-usual” climate scenario, 

though the realized value of suitable habitat will depend on emissions abatement measures. Temperature 

and salinity are simply two conditions among a myriad of factors that impact distribution and abundance 

of a population. Therefore, shifts under climate change may be multidimensional, and projections of 

distribution changes are not predictions for realized distribution or abundance. 
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These findings have relevant policy implications for the future management of black sea bass and 

suggest that managers must continue to evaluate state allocations and fishing pressure as black sea bass 

continue their northward migration. Several studies have suggested that sustainable management 

interventions could supersede the effects of climate change on wild stocks (Free et al., 2020; Gaines et al., 

2018). Fishery management policy that fully incorporates climate adaptation and resilience into all 

present and future management decisions will be a must to bolster present efficacy of these systems to 

acclimate to the changes ushered in by global warming. A key component of these climate adaptive 

fishery management schemes is the alignment of science and policy that is able to respond to changes in 

the system on an appropriate time and geographic scale. The principles of adaptive management require 

science-based decisions, dynamic responses to changing conditions, local and expert knowledge, and 

clear considerations of tradeoffs to minimize risks to sustainability and community resilience in 

conditions of high uncertainty (Burden & Fujita, 2019; Davidson et al., 2013). Swift action is required to 

overcome the novel challenges presented by climate change, and management interventions will require 

equally unprecedented levels of collective political will to secure the sustainable management of the wild 

caught fisheries. These challenges are not insignificant, and future efforts should focus on understanding 

the long-term implications of these shifting regimes under a changing climate. 
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Introduction 

Project Background 

Fishery scientists are increasingly concerned about the impacts of climate change on marine 

fisheries and ecosystem health. Many marine species along the Northeast United States continental shelf 

have shifted spatial distribution and abundance in response to local climate variability and large-scale 

warming. Such shifts over time can influence management decisions to adjust commercial and 

recreational allocation along the eastern seaboard, as demonstrated in recent state allocation changes for 

Black Sea Bass (Centropristis striata). This master’s project evaluates black sea bass fishery-independent 

survey and fishery-dependent landings data (1986-2019) using a two-stage generalized additive model to 

identify the importance of environmental factors in shaping their spatial abundance and project future 

distribution shifts under a “business as usual” climate change scenario in which future carbon emissions 

are consistent with the current pace of global emissions. This approach may provide insight into future 

suitable habitat availability of black sea bass, and this master’s project serves to contextualize the need for 

adaptive management that increases the equitable and economically sound distribution of access to 

marine resources in a changing climate. 

Northwest Atlantic Ocean 

The United States Continental Shelf in the Northwest Atlantic Ocean, (NEUS Continental Shelf) 

is a richly complex region oceanographically, and oceanographic conditions shape the ecological 

communities within the region (Kleisner et al., 2017; Roberts et al., 2020). Temperature plays a strong 

role in the distribution for many marine species (Hare et al., 2010; Nye et al., 2009, Pinsky and Fogarty, 

2012; Pinsky et al., 2013), and temperature variability throughout NEUS Continental Shelf is largely 

determined by the convergence of the Gulf Stream (Zhang, 2008 as cited in Kleisner et al., 2017) and 

Labrador Current (Saba et al., 2016). The Gulf Stream functions as a northward heat transport that drives 

warm, saline surface waters to the north along the NEUS Continental Shelf and meets colder, fresher 

waters flowing south within the Labrador Current (Saba et al., 2016). The Gulf Stream is a powerful 

driver of the world’s oceans, and in the U.S. NES, creates a sharp transition zone of temperature, salinity, 

and water stratification (Linder & Gawarkiewicz, 1998; Talley et al., 2011).  

Heat exchanged between the two oceanic currents is part of a larger component of the climate 

system called the Atlantic Meridional Overturning Circulation (AMOC) (Zhang, 2008 as cited in Kleisner 

et al., 2017). The transfer of heat within this system affects the climate over North America and Western 
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Europe, and the National Oceanic and Atmospheric Administration estimates that the strength of the 

AMOC will decrease by 25 - 30% because of climate change (Delworth et al., 2008).  

The Atlantic Ocean also experiences high climate variability due to the quasi-decadal North 

Atlantic Oscillation (NAO; Talley et al., 2011). The NAO can induce changes in the “westerly winds, air-

sea buoyancy fluxes, and surface ocean properties,” and the NAO is a key driver of decadal energy 

(Talley et al., 2011; pg 249). The strength of the NAO is associated with changes in the positioning of the 

Gulf Stream, affecting sea surface temperatures in the region.  

Life History of Black Sea Bass  

Black sea bass (Centropristis striata), are a protogynous serranid found in the Northwest Atlantic 

Ocean along the entire coastline of the eastern United States, from Massachusetts to Florida and the Gulf 

of Mexico (Wenner et al., 1986; Sedberry, 1988; Vaughan et al., 1995, 1998). Black sea bass that inhabit 

waters north of Cape Hatteras is the only subset of the population that exhibits seasonal migration 

patterns and are managed as a separate stock (Roy et al., 2012; McCartney et al., 2013). This study will 

focus on the life history of the northern population of black sea bass.  

As a demersal species, black sea bass are consistently found within rocky, hard bottom habitats 

20 to 60 meters in depth (Moser & Shepherd, 2009). Video analysis of black sea bass in coastal waters of 

Maryland found that habitat type was significant for the presence of black sea bass (Cullen & Stevens, 

2017). They were most often observed in structurally complex habitats within coastal waters during the 

spring and coarse sand habitats farther offshore in the fall. 

Black sea bass migrate seasonally, moving offshore in the fall and migrating to coastal waters in 

the spring to spawn (Miller et al., 2016; Moser & Shepherd, 2009). A study evaluating the habitat 

preferences of adult and juvenile black sea bass found that migration is triggered by bottom water 

temperatures and habitat selection is guided by changes in salinity (Miller et al., 2016). Winter 

temperatures were found to detrimentally affect the survival of juvenile black sea bass abundance, 

indicating a need to understand the influence of environmental variables and conditions on the 

distribution and abundance for this species.  

Black sea bass reach sexual maturity between 1 and 3 years of age and grow up to 60 cm and 20 

years of age (Dery & Mayo, 1988). The average standard length of black sea bass has decreased over time 

from 1978 - 1998, after sustained heavy fishing pressure beginning in 1960 (McGovern et al., 2002).  
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Fishery Management and Policy in the Northwest Atlantic Ocean 

Fishing removes either prey or predator species, impacting other species within the food chain 

(Jennings & Kaiser, 1998). Additionally, removal of target species can create space for the growth of non-

target species, irreversibly impacting the target species population regrowth. Overfishing has 

fundamentally altered marine ecosystems all of which predate climatic warming and eutrophication 

(Jackson et al., 2001). Removal of key species or sustained overfishing has reduced habitat resilience, 

making ecosystems susceptible to other perturbations such as eutrophication, disease, etc. Growth rates 

affecting maturation, reproduction and recruitment also contributed to overfishing and depletion more so 

than change in conditions due to climate change (Jennings et al., 2003; Pinskey & Byler, 2015). 

Fishery management is largely related to the exertion of fishing pressure on a stock. Hilborn et al. 

explains, “the classic theory of fishing holds that the biomass of fish stocks primarily depends on fishing 

pressure; for stocks to be at or above the abundance that would produce [Maximum Sustainable Yield] 

MSY (BMSY), fishing pressure or mortality (U) must be reduced to UMSY” (Hilborn et al., 2020, pg 2219).  

Under the Magnuson-Stevens Fishery Conservation and Management Act (MSA), managers of 

exploited stocks are required to conserve fishery populations under implemented fishery management 

plans (FMP; 16 U.S.C 1852/MSA §302, 2007) with the purpose of achieving sustainable optimal yield 

(16 U.S.C. 1801 MSA § 2, 2007).1 The MSA mandated the creation of eight regional fishery management 

councils, charged with the responsibility of managing and conserving fisheries in federal waters within 

their respective regions (16 U.S.C. 1851 MSA § 301, 2007).  

The Atlantic States Marine Fisheries Commission’s2 FMP for black sea was first approved in 

October 1996. The Mid-Atlantic Regional Fishery Management Council added the black sea bass FMP to 

the Summer Founder FMP the same year through Amendment 9. This FMP outlined the process for 

setting commercial quotas, recreational harvest limits, management measures, and requirements for 

permitting and reporting. In 2002, Amendment 13 of the Summer Flounder, Scup, and Black Sea Bass 

FMP established a state-by-state allocation system to be managed by the ASMFC for equitable 

distribution of quota to fishers closest to the resources. States were permitted to allocate their respective 

quota “for the greatest benefit of the industry in their state” (ASMFC, 2021 pg 3). Allocations within the 

 
1 The term "optimum" in this context refers to the amount of fish that achieves the maximum sustainable yield from 
the fishery, as reduced by any relevant economic, social, or ecological factors (16 U.S.C. 1802 MSA § 3, 2007).  
2 ASMFC represents an interstate compact to collectively manage fisheries in coastal state waters from Florida to 
Maine. See http://www.asmfc.org/ 
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coastwide FMP were based on historical landings from 

1980 - 2001, of which 67% were allocated to states from 

North Carolina to New Jersey, with the remaining 33% 

allocated to states from New York to Maine (Table 1, 

ASMFC, 2021 pg 10). In 2009, states were allowed to 

transfer quota among states per Addendum XX. Nearly a 

decade later, scientists and fishers reported range shifts for 

black sea bass within coastal waters of northern states 

(Bell et al., 2015; Miller et al., 2016). Fishers from North 

Carolina were traveling more than ten hours north to catch 

black sea bass in coastal waters where local fishers lacked 

the appropriate quota to land the species (Goldfarb, 2017).  

In 2018, the Management Board within the 

ASMFC created the Commercial Black Sea Bass Working 

Group in order to evaluate the present state of stock and 

identify appropriate management proposals. The 

Commercial Black Sea Bass Working Group concluded 

that historical allocation was no longer appropriate to 

present day distribution and abundance patterns. The Management Board proposed allocation changes, 

which were approved in 2021 through Addendum XXXIII (ASMFC, 2021). Table 1 shows the change 

from historical allocation to present day allocations per state for the northern stock of black sea bass. 

Management for black sea bass will continue cooperatively by the ASMFC and the Mid-Atlantic 

Figure 1. States with black sea bass quota 
allocations per the Summer Flounder, Scup, and 
Black Sea Bass Fishery Management Plan 
managed by the Atlantic States Marine Fisheries 
Commission. 

Table 1. Black Sea Bass State Quota Allocations. Changes in baseline state allocation from historical allocations 
under Addendum XXXIII. Historical Allocation values were established in 2003 (Amendment 13) and New 
Baseline Allocation values were implemented in February 2021 (Addendum XXXIII). (Source: ASMFC, 2021 pg 
10) 
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Regional Marine Fisheries Council in state (0 - 3 miles) and federal waters (3 - 200 mile) (ASMFC, 

2021).  

The black sea bass population in the NEUS continental sustained heavy fishing pressure from 

1960 - 1980 (McGovern et al., 2002). The Northeast Fisheries Science Center 27th Northeast Regional 

Stock Assessment reported that black sea was both overfished and that overfishing was occurring, citing 

the age and size structure of landings as truncated (NEFSC, 1998). Because black sea bass are a 

protogynous (meaning that at females transition sex to male during their life history), sustained 

overfishing and depressed abundance rates can result in population composition shifts (McGovern et al., 

2002). Following management intervention in 1996, the northern black sea bass population has recovered 

and is no longer overfished. Sustained fishing pressure can influence distribution and abundance, and 

continued stock assessments and management interventions will increase the sustainability within this 

fishery.  

Climate Change 

The Fundamentals 

The Intergovernmental Panel on Climate Change (IPCC) is the leading intergovernmental 

organization of climate experts charged with assessing the state of climate science and climate system 

(IPCC Website). These volunteer expert panels do not conduct their own research within the organization, 

however, they do review and publish assessments based on current climate studies and findings. The 

IPCC defines Earth’s climate system into five components: atmosphere, hydrosphere, cryosphere, land 

surface, and biosphere (Baede et al., 2001). The climate system is the collection of these five components 

that are intrinsically linked with one another through the exchange of energy and feedback systems 

(Kump et al., 2009). The energy inputs from one component affect the others until the entire system 

stabilizes to reach a state equilibrium. Understanding how these elements are coupled through 

observational analysis from historic data allows us to project how the complete climate system will 

respond to external perturbations in the future. 

There are two main mechanisms within the climate system that need to be considered when 

evaluating the cause of climate change. The earth’s system received a constant influx of solar radiation 

from the sun in the form of shortwave energy (Kump et al., 2009). The energy balance within the system 

is maintained when a portion of the incoming energy is reflected back by surfaces with high albedo 

(clouds, ice, snow) and a portion of the energy is absorbed by surfaces with low albedo (soil, forest). The 

earth’s atmosphere naturally creates a greenhouse effect, insulating the earth by trapping a portion of the 

thermal energy as it moves through the four other components. Temperature, a measure for thermal 
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energy, within an equalized system remains more or less constant, with natural fluctuations occurring on 

regular intervals (Baede et al., 2001; Kump et al., 2009). 

Anthropogenic activity has released high concentrations of carbon dioxide (CO2) into the system, 

amplifying the natural greenhouse effect, and perturbing the natural balance of energy within the system. 

More energy is being trapped by the atmosphere, increasing global surface temperatures (Baede et al., 

2001; Kump et al., 2009). An imbalance in the system is created by a change called climate forcing. Over 

time, the climate system will rebalance if concentrations of greenhouse gas (GHG) emissions, such as 

CO2, are stabilized or abated, but the natural steady state of the system will be warmer. A shift in the 

steady state of the system is considered a climate response to the climate forcing. The magnitude of a 

climate response is dependent on the strength and magnitude of climate forcing. Forcings can be natural 

(incoming solar radiation) or anthropogenic (CO2 emissions), and the climate will respond by either 

cooling or warming until the perturbation ceases. The ability to distinguish natural and anthropogenic 

forcings is imperative to attributing trends in warming within the climate system.  

Natural climate variabilities fluctuate on seasonal, annual, decadal, multidecadal, 

glacial/interglacial time scales, and variability changes can be attributed to heat exchange between the 

climate components (Kump et al., 2009). Assessing the patterns of thermal oscillations within the system 

must be conducted on the timescale at which the oscillation occurs. For example, the temperature range 

observed on a single day does not inform us of the temperature range observed through the natural 

fluctuations over the seasons of a year. Therefore, researchers must be careful to measure and analyze 

observations of natural variability on the appropriate timescale. Surface temperature is the most 

commonly used metric for assessing the movement of thermal energy within the climate system, and data 

points are collected and analyzed over time periods relevant to the scope of the study (Kump et al., 2009). 

Direct temperature data measurements are converted to calculations of deviations from the study period 

average in order to quickly identify anomalies with the surface temperature data set.  

In order to observe the trends in global surface temperature, observations have to be made in a 

timescale that reduces noise from diurnal, seasonal, or interannual fluctuations (IPCC, 2013). Researchers 

evaluating such trends compare historic temperature data going back several centuries in order to make 

comparisons pre- and post- the industrial revolution and quantify the impacts of anthropogenic forcings 

on the climate system. On this timescale, the data clearly shows a global warming trend relative to 

preindustrial levels that natural forcings do not appear to explain alone. Scientists use similar approaches 

to evaluate evidence of accelerated melting rates within the cryosphere and rates of the sea level rise in 

the hydrosphere. Natural fluctuations within these systems exist, therefore it is imperative that historic 

data captures the oscillation patterns in the system to ensure comparisons of historic and present data are 

conducted across a valid and relevant baseline.   



14 

Representative Concentration Pathways 

The Fifth IPCC report concluded that the cumulative CO2 emissions are the driving force behind 

global warming trends over the last century (2014). Additionally, because of the long lifespan of CO2, 

global average surface temperatures will continue to rise, even if all emissions were immediately 

suspended (IPCC, 2014). Representative Concentration 

Pathways (RCP) are climate model projections based on 

idealized carbon emission in the future (IPCC, 2013). 

The IPCC has adopted four RCP scenarios to describe 

the potential pathways for GHG emissions, emissions 

and atmospheric concentrations, air pollutant emissions 

and land use (Figure 2). As described by the IPCC, 

“[the] RCPs include a stringent mitigation scenario 

(RCP2.6), two intermediate scenarios (RCP4.5 and 

RCP6.0) and one scenario with very high GHG 

emissions (RCP8.5). Scenarios without additional 

efforts to constrain emissions (’baseline scenarios’) lead 

to pathways ranging between RCP6.0 and RCP8.5. 

RCP2.6 is representative of a scenario that aims to keep 

global warming likely below 2°C above pre-industrial 

temperatures” (ICCP, 2014; pg 8). RCP8.5 is commonly 

referred to as a “business-as-usual” scenario because it 

infers that climate emission growth will continue unabated, and subsequently, is the most extreme climate 

projection scenario.  

The extent of global warming will depend on realized concentration of CO2 emissions, not the 

rate of emissions (IPCC, 2014). Said another way, global temperatures will entirely depend on the 

cumulative concentration of CO2 emissions from pre industrial levels to present. The RCPs are not 

predictions for the future but estimations on how future mitigation policies or abatement will impact 

global temperature in the future. This allows social scientists, economics, and policy makers to assess the 

cost and outcome of mitigations practices based on our goals for the future. As such, RCPs are a critical 

tool that communicate the outcome and urgency for the collective responses to global warming.  

The Coupled Model Intercomparison Project 

The World Climate Research Programme (WCRP) was founded in 1980 through the International 

Science Council and World Meteorological Organization. WCRP’s Coupled Model Intercomparison 

Figure 2. Representative Concentration 
Pathways. Global temperature increase used in 
IPCC-AR5 presented by the Representative 
Concentration Pathways. The values in 
parentheses represent the number of Global 
Circulation Models. (Source: Knutti & Sedlácek, 
2013) 
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Project (CMIP) is a collective effort to provide model intercomparison data for past, present and future 

climate changes (WCRP Website). CMIP provides standardized outputs of climate models based on a 

series of selected parameters with the ability to assess historic climatological data and provide future 

projections. These models are sophisticated in their ability to represent complex climate system responses 

to natural and anthropogenic forcings including cloud cover, ice cover, deep ocean circulation, and the 

carbon cycle. CMIP6 is the most recent iteration of these global coupled climate models, meaning models 

that couple ocean and atmospheric outputs. CMIP6 provides outputs from 23 individual global climate 

models with information on air temperature, precipitation, sea surface temperature, and sea surface 

salinity.  

Climate Change in the Marine Environment 

Climate scientists agree that anthropogenic activities have perturbed the climate system through 

high concentrations of carbon emissions in the last century (IPPC, 2013). It is estimated that the oceanic 

system has absorbed more than ninety percent of anthropogenic generated heat in the last several decades, 

and the absorption of heat within the marine system will impact oceanic conditions in several ways 

(IPCC, 2013; Talley et al., 2011). 

The most significant greenhouse gas contributing to global warming is CO2 (IPPC, 2014). 

Greenhouse gases act to thermally insulate the climate system, increasing global surface temperatures 0.4 

- 0.8 °C from preindustrial levels (IPPC, 2013). Such significant warming has increased the uptake of 

thermal energy within the first 700 meters of sea surface waters (IPPC, 2013; Talley et al., 2011). 

Increasing sea surface temperature (SST) has resulted in the thermal expansion of water and has 

been attributed to 2 mm of sea level rise (SLR) annually in the last century (IPPC, 2013; Kump et al., 

2009; Talley et al., 2011). It is estimated that SLR will reduce habitat availability in intertidal coastal 

areas by 20 - 70% over the next century, depending on realized emissions concentrations (Harley et al., 

2006). Many coastal species rely on estuarine habitats for juvenile populations, and loss of habitat from 

developed or developed coastlines could be detrimental for population recruitment of marine species in 

the future (Harley et al., 2006; Jennings et al., 2003; Lenoir & Svenning, 2015; Pulliam, 2000). 

Warming surface waters can also increase stratification within the water column, thereby limiting 

the exchange of thermal energy and reducing the interchange of nutrient and oxygen rich waters from 

deep within the water column (Kump et al., 2009; Talley et al., 2011). Furthermore, disruption in oceanic 

patterns related to stratification can affect larval transport mechanisms (Jennings et al., 2003; Harley et 

al., 2006). 
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Higher SST can also increase the amount of precipitation within coastal areas (IPCC, 2013; 

Talley et al., 2011). An increase in storm intensity and frequency, in addition to higher amounts of 

precipitation, may shift the turbidity, salinity, and nutrient runoff in coastal habitats (Harley et al., 2006). 

This could significantly alter the chemical properties of coastal waters imperative to the health and 

stability of coastal species and populations that rely on estuarine habitat for juveniles. Additionally, more 

extreme gradients in land and sea surface temperatures produce larger storm events with stronger winds, 

bolstering surface currents and upwelling events (Harley et al., 2006;Kump et al., 2009). 

Climate Change Impacts to Marine Fish 

Climate studies have primarily focused on the thermal tolerance of species to predict habitat 

distribution under various climate scenarios (Cheung et al., 2009; Gaines et al., 2018; Harley et al., 2006). 

Aquatic animals have fewer mechanisms to regulate body temperature compared to terrestrial animals 

because of the immersive nature of their environment and high efficiency of heat exchange between the 

blood and water through their gills (Nilsson & Lefevre, 2016). With the exception of endothermic3 

pelagic species such as billfish, sharks, and tuna, ectothermic4 marine fish populations will be critically 

impacted by climatic warming because they are dependent upon ambient temperatures to regulate body 

temperature and metabolic rates (Pauly & Cheung, 2018). 

Increases in water temperature may push the physiological limits of these fish past the point of 

efficiency. Studies have found that the thermal tolerance for other biological functions such as growth and 

reproduction have smaller thermal windows than oxygen consumption and metabolic maintenance, and, 

as such, these functions become limiting factors in physiological performance under higher temperature 

scenarios (Nilsson & Lefevre, 2016; Pörtner, 2001). A fish cannot devote energy to these functions if 

more energy has to be devoted to increased metabolic rates because of oceanic warming. Other functions 

that may limit thermal range are growth, gonad size, immune competence, fecundity and offspring 

survival (Jennings et al., 2003; Kleisner et al., 2017; Nilsson & Lefevre, 2016; Pörtner & Farrell, 2008). 

Marine finfish population shifts in distribution and range extent correlate to regions associated 

with species-specific tolerances for environmental factors including temperature, salinity, upwelling 

(Cheung et al., 2009). Marine finfish respond to changing conditions in their environment by colonizing 

novel regions, which may result in local extinction in regions of historic distribution (Fredston-Hermann 

et al., 2020; Pinskey et al., 2020). Temperature is a key driver to these distribution changes, and the 

 
3 Endothermic organisms are able to regulate internal body temperatures by generating heat within the body.  
4 Ectothermic organisms are unable to regulate internal body temperatures, subsequently internal body temperature 
varies with the external environment.  
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immersive nature of the marine environment makes 

these shifts more pronounced in the ocean than on 

land (Fredstron-Hermann et al., 2020). Temperature 

anomalies5 in temperate regions have pushed 

thermally optimal regions poleward for many marine 

species (Cheung et al., 2009; Poloczanska et al., 

2013).  

In particular, warming rates in the Northwest 

Atlantic Ocean surpass global averages, with sea 

surface temperatures in the Gulf of Maine increasing 

faster than 99% of the global ocean (Pershing et al., 

2015). Shi et al. (2018) attribute the regional 

warming to a weakening of the AMOC. A weaker 

AMOC allows the Gulf Stream to reach northward to 

the Gulf of Maine, flooding the region with warmer 

water (Caesar et al., 2018; see Figure 3).   

Recent studies have attributed range shifts of 

marine species in the NEUS to climate change 

(Dulvey et al., 2008; Kleisner et. al., 2017; Nye et al., 

2009). An evaluation of the spatial distribution and 

abundance of 58 demersal species in the NEUS found 

that the majority of species exhibited a northward 

shift in thermal habitat, and climate change is poised 

to moderately decrease suitable thermal habitat for 

commercially important species such as American 

Plaice and Atlantic Cod (Kleisner et al., 2017). 

Another study evaluated 105 species in the Northeast 

and Mid-Atlantic and noted significant increases in 

mean depth for 17 stocks (Nye et al., 2009). 

Projections made for future species distribution under RCP8.5 found that the mean direction for 383 

Atlantic species moved northeast along the NEUS Continental Shelf (Morley et al., 2018). Demersal 

species in the NEUS are more likely to shift their range extent than benthic species (Roberts et. al., 2020), 

 
5 Temperature anomaly means a departure from a reference value or long-term average. 

Figure 3. Illustration of the Gulf Stream system 
and observed areas of warming on the Northeast 
United States Continental Shelf. The color 
shading shows the measured temperature trend 
since the late 19th century. (Source: Mooney, 
2018; this diagram is based on Caesar et al., 
2018). 

Figure 4. August Sea Surface Temperature 
Anomalies. (Source: NASA Earth Observatory 
images by Lauren Dauphin, and sea surface 
temperature data from Coral Reef Watch as it 
appears in Carlowicz, 2018) 



18 

indicating that individual species should be closely evaluated to understand the extent dynamic 

environmental variables will influence spatial shifts in a changing climate. Bell et al. (2015) indicated a 

significant relationship between black sea bass and temperature in the NEUS Continental Shelf and 

concluded that the long-term distribution of the black sea bass stock is likely related to the long-term 

warming trend in the region. The study aligns with observations made by fishers that note black sea bass 

presence has increased in the Gulf of Maine in recent years (Goldfarb, 2017). 

Species Distribution Models 

Models are broadly defined as either mechanistic, empirical, and statistical. Mechanistic models 

are mathematical descriptions of well-known processes that describe behavior (for example Newton’s 

Laws of Physics). Empirical models are based on empirical observations as opposed to relationships that 

can be mathematically replicated. Statistical models are mathematical descriptions for a series of 

assumptions representative of our best understanding of a random response variable to selected 

parameters of interest. Statistical modeling allows researchers to make inferences on unknown 

relationships between two variables based on statistical derivations that generate probable outcomes.  

This master’s project deploys statistical models to explain the response of black sea bass 

(response variable) to external environmental variables (parameters of interest) based to their known 

distribution and abundance in order to generate probable outcome surfaces that are likely to explain their 

spatio-temporal patterns beyond what has been directly observed. The outputs of such models are not 

predictions but tools to guide policy and management with general trends and patterns of climate change 

impacts on biodiversity.  

Bioclimate envelope models are the primary approach to modeling distribution of marine species 

response to changes in the environment due to climate change (Cheung et al., 2009). The thermal 

envelope is the range of thermal conditions a species can tolerate, and researchers use this envelope of 

conditions to project suitable habitat under various climate change scenarios. A number of additional 

environmental predictor variables are incorporated within climate models including: sea surface and 

bottom temperature, salinity, sea ice cover, oceanic advection, coastal upwelling, bathymetry, proximity 

to nursery habitats, sea mounts, and marine structures (Cheung et al., 2009).  

A species distribution model (SDMs), then, is a mathematical representation of ecological 

interactions of a species within its environment based on the assumption that the species is in equilibrium 

within the system (Elith & Leathwick, 2009; Jennings et al., 2003). The aforementioned studies related to 

marine finfish population  distributions shifts (Kleisner et al., 2017; Nye et al., 2009; Roberts et al., 2020) 

have published their findings based on the use of statistical models that best explain the response of focus 
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species (or ensemble of species) to known environmental conditions in order to generate statistically 

probable outcomes under conditions that cannot yet be observed (ie. projected thermal temperatures 

attributed to climate change).  

Limitations of Climate Models 

Climate models are statistical representations of how experts understand the movement of energy 

through Earth’s climate system. Models serve to validate the understanding of relationships between the 

five climate components and provide the basis for how we project disturbances to this system in the future 

(IPCC, 2013). Climate models incorporate natural and anthropogenic feedbacks and processes and 

conceptualize these coupled interactions to scale (IPCC, 2013). When a model is created, the earth is 

divided into a series of grids representing a parcel. Climate variables within the model include surface 

cover type, surface albedo, evaporation rates, cloud cover, etc., and these predictor variables are system 

behavior parameters specific to the region. The variables inform the model on the mathematical 

relationship for air movement patterns, thermal energy transfers, and natural oscillations according to the 

laws of physics, effects of forcings, feedback couplings, and natural variability. Each model represents a 

set of unique equations weighted for strength and magnitude of these variables, and solving the model 

equations under specific parameters provides researchers with a statistically probable output of how the 

climate system should respond given our understanding.  

Scale and resolution are incredibly important to creating climate models that accurately reflect 

observed behavior within the system. Models scaled for the globe utilize 1-degree grid cells equating to 

100-kilometer squares, but climatic variables like cloud coverage naturally occur on much smaller scales. 

As such, parameters are difficult to replicate within large scale models. Climate models with smaller 

resolution are able to resolve parameters, but the accuracy of the output is limited to a regional level. 

Model biases arise because there are uncertainties in the coupling of parameters within the 

system. For example, a model may not resolve cloud cover correctly on a global scale because feedback 

and response couplings aren’t accurately represented (IPCC, 2013). Given that models are based on 

mathematical assumptions that represent our best understanding of climate component relationships, 

researchers need to test the validity of these assumptions against observed data to confirm if a model can 

accurately predict historic climate conditions (Elith & Leathwick, 2009). Each forcing or feedback 

equation can be evaluated for accuracy, holding all else constant.  

Models are incredibly important to validating our understanding how the components within the 

climate system respond to one another. Researchers take historical temperature data and refine the model 

assumptions until it can accurately reproduce observed data. Too many parameters create a model that is 
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overfit to the data and specific to the included variables. Too few parameters create a model that is 

generalized and will create outputs that oversimplify the system. Testing a model is an iterative process 

that must take place before researchers can use the model to reasonably project outcomes for the future. 

The future is inherently uncertain, and while models can adequately reproduce historic conditions, future 

projections are not predictions. The output of a climate model should be considered among an array of 

scientific tools upon which to base policy and mitigation decisions.  

Study Objectives 

Fishery managers need to know both where a species is distributed and the abundance of the species 

over time in order to make appropriate decisions that achieve maximum sustainable yield over time. The 

2021 quota allocation changes within the Summer Flounder, Scup, and Black Sea Bass Fishery 

Management Plan approved by the Atlantic States Marine Fisheries Commission brought up three 

primary research questions.  

1. How has the black sea bass population along the United States Northeast Continental Shelf 

changed distribution and abundance over time? 

2. Does fishing pressure or other environmental variables significantly influence changes in 

distribution and abundance?  

3. How may suitable habitat availability change under RCP8.5, a “business-as-usual” climate 

scenario? 

Materials and Methods 

Methods Overview 

To answer the study’s three research questions, I conducted this project in three stages.  

1. Use presence absence data to evaluate spatio-temporal variation in distribution and abundance 

from 1986 to 2018. 

2. Create a Delta-GAM to model the presence/absence and abundance of black sea bass, and 

identify whether environmental variables and fishing pressure are of significant influence. 

3. Develop a GAM model to project suitable habitat availability under projected environmental 

conditions created by RCP8.5? 
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Species Presence Data 

Black sea bass presence data were retrieved from the Northeast Fishery Science Center’s Spring and 

Fall Bottom Trawl Survey Programs. Each year, NEFSC conducts scientific bottom trawl surveys for the 

purpose of bottom fish and marine invertebrate sampling to determine seasonal distribution, relative 

abundance, and biodiversity. The surveys span the eastern seaboard from Cape Hatteras, North Carolina 

to Nova Scotia, Canada. Depths of sampling generally range from 25 to 366 meters and nearly 300 

individual bottom-trawls tows are conducted during each survey. Location (longitude and latitude) and 

oceanographic condition data, such as surface and bottom temperature (°C), salinity (ppt), depth (m) etc., 

are collected and archived for each trawl. Spring surveys are conducted March through May, and Fall 

Surveys are conducted September through November.  

Environmental Data 

I selected environmental conditions known to influence marine species distribution and abundance 

(Nye et. al, 2009; Roberts et al., 2020). Position (latitude and longitude), surface temperature (°C), and 

salinity (ppt) were obtained from NEFSC Spring and Fall Survey bottom-trawls.  

Climatological data, such as temperature and salinity, can provide information on distribution and 

abundance based on the suitable thermal habitats for a species (Davis, et al., 1998). In order to collect 

information on climatological data on an appropriate timescale that accurately reflect seasonal and long-

term variability, the daily values for SST and SSS across the 20-year time period were obtained from 

HYbrid Coordinate Ocean Model consortium (HYCOM). 

Seasonal SST and SSS climate anomalies for the 21st century period spanning 2020 - 2049 were 

downloaded for Fall (October - December) and Spring (April - June) based on outputs available through 

NOAA’s Physical Sciences Laboratory CMIP6 Ocean And Marine Ecosystems data portal. The outputs 

were based on the average of all models based on historical data from 1984 - 2014 for the Eastern United 

States (50°N to 22°S; -100°W to -60°E) as netCDF files.  

Benthic habitat structure can be key predictors for species presence (Roberts et al., 2020). 

Bathymetric and habitat data was collected for the NEUS Continental Shelf. Sediment size and 

bathymetric habitat classification covariates should account for habitat preferences of black sea bass, and 

act as a proxy for other elements like depth, slope, and rugosity.  

Data for annual averages for Winter NAO and AMO variability were collected as an index for 

temperature anomalies within the Northwest Atlantic Ocean (Enfield et al., 2001; Hurrell 1995; Roberts et 

al., 2020). Winter NAO is measured as the difference in normalized sea surface pressure between 
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subtropical (Lisbon, Portugal) high and subpolar (Reykjavík, Iceland) low. Most NAO variance occurs 

during the winter months (Nye et al., 2009).  

Fishing pressure has been shown to influence on distribution and abundance on marine species, 

therefore stock assessment data from the RAMs Legacy Stock Assessment Database was cleaned to 

provide annual fishing mortality rates for this study period.  

The study also compiled annual commercial and recreation landings data from 1985 - 2019. 

Reviewing landings data can provide information on catch trends, and provide statistics on pounds landed 

identified by species, year, month, state, county, port, water, and fishing gear. 

A one-year lag was added to the Winter NAO and AMO data, fishing mortality data, and landings 

data to account for the fact that these variables may affect recruitment and distribution of black sea bass 

the following year (Auber et al., 2015; Baptista et al., 2014). 

Data Analysis 

Stage 1: Evaluate Spatio-temporal Variation in Distribution and Abundance 

Stage one evaluated the spatio-temporal patterns of black sea bass distribution and abundance from 1986 

to 2018. I organized the seasonal bottom-trawl survey data for black sea bass from following R scripts 

available on the Ocean Adapt Website. This script was adapted by Sarah M. Roberts to create a dataset 

that included the bathymetric habitat classifications and sediment size. 

To understand distribution of black sea bass across Spring and Fall seasons, I created simple plots 

showing the presence and absence of black sea bass throughout the study period (Figure 5). Similar plots 

were created for abundance (biomass in tons) of black sea bass when present by season (Figure 6).  

This study followed the methods of Nye et al. (2009) to calculate the mean center of biomass 

abundance based on latitudinal, longitudinal, and depth distributions of black sea bass by season (Figure 7 

& Figure 8). R Program scripts provided by Sarah M. Roberts calculated the mean position through time 

for black sea bass. A subset of the data included stratum, location, depth, area and haul ID was grouped 

by stratus and then summarized by the mean latitude, mean longitude, and mean depth and stratum for 

each year by Season, Spring and Fall (Figure 9 & Figure 10). 

Commercial and recreational catch landings for black sea bass from 1985 - 2019 were compiled 

into three regions, Mid-Atlantic Bight (New Jersey, Delaware, Maryland, Virginia, North Carolina), 

Southern New England (Rhode Island, Connecticut, New York), and the Gulf of Maine (Maine, New 

Hampshire, Massachusetts). Values for total annual landings were plotted for each region (Figure 11). 
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Fishing mortality (U/UMSY) values for each year were calculated as the value for general harvest 

rate (U) relative to management harvest target (UMSY) at maximum sustainable yield (MSY). Harvest rates 

above the value of one is considered overfishing, and harvest rates equal to one is considered MSY. 

Fishing mortality values were plotted overtime in contrast to fishery management intervention for the 

stock in 1992 (Figure 12). 

Stage 2: Delta-Generalized Additive Models  

The methods used in this study build upon existing methodologies for distribution and abundance 

modeling. A generalized additive model (GAM) is a ‘correlative approach’ used to describe nonlinear 

relationships between a response variable to specific parameters selected for their assumed influence on 

presence and absence (Soberon & Peterson, 2005). GAMs are especially useful for data where predictor 

variable relationships are unknown. GAMs allow for more variance in the relationship between the 

response and predictive variables and can be made to “fit” this relationship and extrapolate outputs that 

resemble empirical data (Soberon & Peterson, 2005).  

In stage two, I utilized a Delta-GAM approach consisting of two sub-GAM (or sub-models) to 

understand distribution and abundance patterns of black sea bass (Lo et al., 1992; Pennington, 1996; 

Stefansson, 1996 as cited in Bacheler & Ballenger, 2018). The overall effects of predictor variables 

(hereon referred to as covariates) on distribution is calculated by multiplying the coefficients of covariates 

from each sub-model (Maunder & Punt, 2004; Murray, 2004; Li et al., 2011 as cited in Bacheler & 

Ballenger, 2018).  

The training data was split by season, Spring and Fall, to account for the seasonal migrations 

along the NEUS Continental Shelf exhibited by black sea bass; therefore, two separate Delta-GAMs were 

produced. Each Delta-GAM consists of two sub-models: one binomial sub-model that models presence-

absence of black sea bass and another abundance sub-model that models biomass (tons) when black sea 

bass are present (see Table 2). The methodologies of Bacheler & Ballenger (2018) were used as a 

framework for the development of Delta-GAMs in this study, following research that suggests there may 

be stronger outputs when binomial and abundance models are combined. 

This study evaluated the influence of eight primary covariates on black sea bass distribution and 

abundance: spatial position (pos; latitude, longitude), sea surface salinity (salinity; ppt), sea surface 

temperature (temp; °C), winter NAO values with a year lag (WNAO), AMO values with a year lag 

(AMO), sediment size classifications (sed), bathymetric habitat classifications (bath), and fishing 

mortality rates (mort). Sediment size was classified into six categories based on sediment size and 

composition (silt, mud, sand, coarse sand to gravel; see Table A1). Bathymetric habitat classifications 

were composed of eighteen different categories that encompassed depth, slope, and position (see Table 
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A2). Latitude and longitude were included as a single environmental variable because in the Northwest 

Atlantic Ocean, longitude corresponds with depth, and the model should exclude correlated covariates. 

Including latitude and longitude could constrain the model when projecting the model with future 

conditions, but because this model lacks biotic covariates, regional positioning within this model could 

act as a proxy for prey availability, predator presence, interspecies competition, proximity to nursery 

habitat, etc.  

Several studies have evaluated the spatial distribution and abundance of black sea bass in various 

capacities (Bacheler & Ballenger, 2015; Kleisner et al., 2017; Moser & Shepherd, 2009), and found that 

bottom water temperature is a significant indicator for spatio-temporal patterns. However, this study 

selected SST and SSS over sea bottom temperature and sea bottom salinity because bottom temperature 

and salinity projections are not yet available from CMIP6. 

First, I developed a binomial sub-model that related to the presence and absence (distribution) of 

black sea based on the aforementioned eight covariates. Each observation within the bottom-trawl survey 

was assigned a value of 1 if black sea bass were present, and 0 if black sea bass were absent. The 

binomial sub-model assumes the binary presence or absence of black sea bass follows the Bernoulli 

distribution. The presence of the binary variable is given the value 1 with a probability of 𝜋, and the 

absence of the binary variable is given the value 0 with the probability of (1-𝜋). Therefore, the following 

binomial model that models the probability of presence can be written as follows: 

 

logit(𝜋) = α + s1(temp) + s2(salinity) + s3(WNAO) + s4(NAO) + f1(sed) + f2(bath) + s5(mort) + 

s6(pos),       

       

where α is the model intercept, f is a categorical function, and s is a cubic spline function used for 

continuous variables. All covariates were continuous except for sed and bath. 

Sub-model selection was based on the Akaike information criterion (AIC; Burnham & Anderson 

2002). AIC information can be compared only with models using the same data and affirms that we have 

chosen a ‘best’ fit model (Burnham & Anderson, 2002). Simply put, the lower the AIC score, the better 

fit the model. Variables were removed one at a time, and the AIC values of each model were compared to 

the model with all variables present (see Table 3). The model with the lowest AIC score included all of 

the covariates above.  
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The abundance sub-model included the same covariates included within the binomial sub-model. 

Abundance sub-models provide the probable abundance (𝝀, biomass in tons) when black sea bass are 

present. This submodel is represented as:  

 

log(𝝀) = α + s1(temp) + s2(salinity) + s3(WNAO) + s4(NAO) + f1(sed) + f2(bath) + s5(mort) + 

s6(pos).  

 

Model selection for the abundance sub-model was based on the comparison of error distributions 

of various abundance GAMs including Tweedie, Gaussian with a log and fourth root transformation, and 

negative binomial. Quantile-quantile plots (QQ-plots) were evaluated for data normality, of which the 

Gaussian with a log transformation had the greatest performance.  

Stage 3: Project Suitable Habitat Availability under Climate Change 

The third stage of this analysis created a suitability habitat map to model distribution and abundance 

under the RCP8.5 scenario, meaning “business-as-usual.” Modeling suitable habitat probability is a 

Table 2. Binomial Sub-Model Selection. This table lists the binomial sub-models and respective covariate values for 
degrees of freedom for categorical covariates (f) and continuous covariates(s) for (A) Spring Binomial sub-model 
and (B) Fall Binomial sub-model. Asterisks denote significance at the following alpha levels: *0.05, **0.01, 
***0.001; AIC = Akaike information criterion; % Deviance Explained = percent deviance explained by the model; 
pos = position (latitude, longitude); salin = sea surface salinity; temp = sea surface temperature; WNAO = annual 
Winter North Atlantic Oscillation values with 1-year time lag; AMO = Atlantic Mercadial Oscillation with 1-year 
time lag; sed = sediment size classifications; bath = bathymetric habitat classifications. 
 



26 

method for managers to quickly establish potential redistribution areas influenced by climate change that 

warrant further investigation for resource allocation in the future. The analysis followed the development 

for sub-models described above.  

The training data was split by season, thereby producing two separate GAMs, one for Spring and 

one for Fall. The GAMs developed in this stage of the analysis include only two climatological 

covariates, sea surface temperature (temp) and sea surface salinity (salin) and two bathymetric covariates, 

bathymetric habitat classifications (bath) and sediment size classifications (sed). The following models 

provides habitat suitability as a probability of presence given the provided parameters: 

 

logit(𝜋) = α+ s1(temp) + s2(salin) + sed + bath 

 

where α is the model intercept.  

While there are fewer covariates in the Delta-GAM for Stage 3 than Stage 2, climatological data 

and bathymetric parameters should be sufficient to provide an estimate for habitat suitability for the 

presence and absence of black sea bass in an RCP8.5 climate scenario. Habitat suitability is not a direct 

measure of presence or absence given that the model does not include additional covariates that 

incorporate potential shifts in prey availability, predator presence, loss or gain of nursery habitats, etc., 

but the outputs of this stage should provide a surface layer from which comparisons can be made for 

habitat availability changes given the influences of climate change within the marine system.  

A raster is a layer of cells (pixels) organized within a single layer. Each cell is attached to a value 

for a covariate. For example, a raster layer of temperature is a matrix of cells, each of which has 

information on temperature at that particular location within the layer. Rasters with smaller sized cells 

provide higher resolution outputs, than models with larger cells that generalize information over a larger 

area.  

To create rasters for SST and SSS for a raster stack representative of present habitat availability, 

climatological data for these covariates was obtained from HYCOM in 1 day step times from 01-01-1992 

to 12-31-2018 using the Marine Geospatial Ecology Tools (MGET; Roberts et al., 2010) in 

ArcMap10.7.1. The daily values for SST and SSS across the 20-year time period was averaged in three-

month bins (January - March, April - June, July - September, October - December) and downloaded in the 

form of rasters using MGET’s ‘Create Raster’ tool. 

To generate rasters for SST and SSS for a raster stack representative of future habitat availability 

in a RCP8.5 climate scenario, SST and SSS climate anomaly data in the 21st century (2020 - 2049) for 

Spring (April, May, June) and Fall (October, November, December). Climate anomaly data is the 

calculated difference between long-term averages for a variable (like temperature and salinity) and 
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averaged future values. I selected near-term (2020 - 2049) anomaly data because of its modest sensitivity 

to alternative RCP scenarios (Kirtman et al., 2013) and its relevance to present management decisions. 

Anomaly values were added to the long-term covariate averages of each season. 

In total, I organized four raster stacks for historical (1992 -2018) and future climate (2020 -2040) 

conditions (1) Spring historical raster stack, (2) Fall historical raster stack, (3) Spring climate raster stack, 

and (4) Fall climate raster stack. Each of these four raster stacks with SST and SSF values were stacked 

with raster layers with Sediment and Bathymetric Classification information in RStudio (version 

1.2.5033). 

The purpose of these models is to assess the relationship between the variables across the 

Northwest Atlantic Ocean and use that information to provide a probability index of whether or not each 

surface layer cell is suitable habitat or not based on the relationships calculated by the model on the 

observed data. The two GAMs (binomial models for Spring and Fall) were used to evaluate suitable 

habitat availability across historic oceanographic conditions and conditions expected under climate 

change. 

Results 

Stage 1: Evaluate Spatio-temporal Variation in Distribution and Abundance 

In total, the entire bottom-trawl survey dataset spanned 1986 - 2018 and included 17,986 bottom-

trawl observations, of which black sea bass are present in 2,046 times. Black sea bass were observed 

9.94% of the trawls conducted in the Spring and 12.84% of the trawls conducted Fall. Seasonal migration 

patterns are clear within Figure 5, showing that black sea bass inhabit offshore waters during the winter 

months, and migrate seasonally to coastal waters in the Spring. The figure includes all data points within 

the period of interest, and thus, observations may overlap.  

Figure 6 visualizes the distribution of abundance (biomass in tons) of black sea bass over the 

same study time period. Biomass follows the patterns of black sea bass in the fall, but in the spring, black 

sea bass are present in low numbers in coastal waters, with a higher concentration of abundance located 

offshore. 
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Figure 5. Distribution of black sea bass along the Northeast United States Continental Shelf based on data provided 
by Northeast Fishery Science Center’s Spring and Fall Bottom-Trawl Survey Program from 1986 - 2018. 
Distribution is grouped by season, Spring and Fall. 
 

 
Figure 6. Abundance (biomass in tons) of black sea bass along the Northeast United States Continental Shelf based 
on data provided by Northeast Fishery Science Center’s Spring and Fall Bottom-Trawl Survey Program from 1986 - 
2018. Abundance is grouped by season, Spring and Fall. In this figure, lighter colors indicate higher values of 
biomass. The range of the abundance scale makes it difficult to visualize, but observations of abundance in darker 
purple represent trawl observations in which abundance values are less than 500 pounds. 
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Calculations for the mean center of biomass based on mean latitude and mean longitude, 

longitudinal, and depth distributions of black sea bass by season (Figure 7 & Figure 8) show a clear 

northward progression. Because this data did not require the removal of missing values for oceanographic 

condition data, the evaluation period for this figure spanned 1963 - 2019.  

R scripts provided by Sarah M. Roberts were used to calculate the mean center of abundance 

through time for black sea bass. A subset of the data included stratum, location, depth, area and haul ID 

was grouped by stratus and then summarized by the mean latitude, mean longitude, and mean depth and 

stratum for each year by Season, Spring and Fall (Figure 9 & Figure 10). Each point in the figures 

represent a single year with lighter values representing the beginning of the evaluated study period and 

darker values representing the most recent observations. The northward progression aligns with the 

ASMFC decisions to reallocate quota to northern states. Values for standard error are available in Tables 

A3 & A4 

Visually depicted another way, Figures 9 & 10 show a clear trend of black sea bass moving 

northward and eastward in both the Spring and Fall over the period of 1963 - 2019. The mean latitude and 

longitude for black sea has increased significantly during both the Spring and Fall seasons. Black sea bass 

appear to have increased in mean depth over time in the Spring, whereas mean depth over time in the Fall 

has remained relatively stable over time. 
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Figure 7. Mean Center of Abundance of black sea bass in the Spring along the Northeast United States Continental 
Shelf based on data provided by Northeast Fishery Science Center’s Spring Bottom-Trawl Survey Program from 
1963 to 2019. Each point represents a year, and time progresses from lighter to darker colors.  
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Figure 8. Mean Center of Abundance of black sea bass in the Fall along the Northeast United States Continental 
Shelf based on data provided by Northeast Fishery Science Center’s Fall Bottom-Trawl Survey Program from 1963 
to 2019. Each point represents a year, and time progresses from lighter to darker colors.  
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Figure 9. Using the ‘center of gravity’ approach, mean latitude, mean depth, and mean longitude values of black sea 
bass in the Fall along the Northeast United States Continental Shelf based on data provided by Northeast Fishery 
Science Center’s Spring Bottom-Trawl Survey Program from 1963 to 2019. Each point represents a year, and time 
progresses from left to right. P-value significance at the following alpha levels: *0.05, **0.01, ***0.001; 
 
 
 

 
Figure 10. Using the ‘center of gravity’ approach, mean latitude, mean depth, and mean longitude values of black 
sea bass in the Fall along the Northeast United States Continental Shelf based on data provided by Northeast Fishery 
Science Center’s Fall Bottom-Trawl Survey Program from 1963 to 2019. Each point represents a year, and time 
progresses from left to right. 
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Commercial and recreational catch landings from 1985 to 2019 show clear trends within each 

region over time. In the Mid-Atlantic Bight, black sea bass landings (pounds) have steadily decreased 

over time, while landings in Southern New England and the Gulf of Maine have both increased over time. 

While the values are not proportionate, clear trends can be observed, all of which are statistically 

significant. 

 

 
Figure 11. Commercial and recreational catch landings of black sea bass within Mid-Atlantic Bight (New Jersey, 
Delaware, Maryland, Virginia, North Carolina), Southern New England (Rhode Island, Connecticut, New York), 
and the Gulf of Maine (Maine, New Hampshire, Massachusetts).  
 

 
Figure 12. Fishing mortality rates of black sea bass over time based on stock assessment data from  1968 - 2015 
obtained from the RAMS Legacy Stock Assessment Data Portal. The blue line indicates management intervention 
by the Atlantic States Marine Fisheries Commission via the addition of black sea bass to the Summer Flounder 
Fishery Management Plan in 1996. The dotted red line indicates a fishing mortality rate that would achieve 
maximum sustainable yield.  
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Stage 2: Delta-Generalized Additive Model Results 

 
Table 3. The selected Delta-GAM sub-models and respective covariate values for degrees of freedom for categorical 
covariates (f) and continuous covariates(s). Asterisks denote significance at the following alpha levels: *0.05, 
**0.01, ***0.001; AIC = Akaike information criterion; % Deviance Explained = percent deviance explained by the 
model; pos = position (latitude, longitude); salin = sea surface salinity; temp = sea surface temperature; WNAO = 
annual Winter North Atlantic Oscillation values with 1-year time lag; AMO = Atlantic Multidecadal Oscillation with 
1-year time lag; sed = sediment size classifications; bath = bathymetric habitat classifications. 
 

All of the sub-models within the two Delta-GAMS (one for Spring and another for Fall) include 

eight covariates: position (pos, latitude, longitude), sea surface salinity (salin),  sea surface temperature 

(temp), annual Winter NAO with a year-lag (NAO), annual AMO (AMO), sediment size classifications 

(sed), bathymetric habitat classifications (bath), and annual fishing mortality rates (mort) (see Table 3). 

All four sub-models explain more than 40.7% of the deviance.  

Figures 13 & 14 are visualizations for the presence probabilities for black sea bass in the Spring 

and Fall based on the binomial sub-models for each season. In both figures, the season migration between 

offshore habitats and inshore habitats is quite clear. The spatial extent for which black sea bass have a 

higher probability for presence is much larger in the Spring between Cape Hatteras, NC and Providence 

Rhode Island, whereas the spatial extent for which black sea bass are likely to be observed is much 

smaller in the Fall. Presence in this sense is limited to areas in which a black sea bass may be observed.  

The abundance sub-model visualizations for Spring (Figure 15) and Fall (Figure 16) depict the 

likely abundance when black sea bass are present. From these four figures, we observe that black sea bass 

may be present across a larger extent in the Spring, but their abundance is highly concentrated in offshore 

waters from Cape Hatteras NC, to Long Island, NY. They are also much more abundant in bottom-trawl 

surveys conducted in the Spring than bottom-trawl surveys conducted in the Fall. The highest abundance 

of black sea bass is projected to occur in offshore waters east of Long Island, NY in the Spring.  
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Figure 13. Spring Presence Probability Surface. This figure provides the partial effects of position on the spatial 
distribution of black sea bass based on the binomial generalized additive model built upon bottom-trawl survey data 
collected by the Northeast Fishery Science Center’s Spring Bottom-Trawl Survey Program. The lightest colors 
indicate areas where the probability of black sea bass presence is highest and darker colors indicate areas where the 
probability of black sea bass presence is the lowest. The probability surface is overlaid with red points where black 
sea bass were and black points where black sea bass were absent in Spring bottom-trawls (1963 to 2019).  
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Figure 14. Fall Presence Probability Surface. This figure provides the partial effects of position on the spatial 
distribution of black sea bass based on the binomial generalized additive model built upon bottom-trawl survey data 
collected by the Northeast Fishery Science Center’s Fall Bottom-Trawl Survey Program. The lightest colors indicate 
areas where the probability of black sea bass presence is highest and darker colors indicate areas where the 
probability of black sea bass presence is the lowest. The probability surface is overlaid with red points where black 
sea bass were and black points where black sea bass were absent in Fall bottom-trawls (1963 to 2019).  
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Figure 15. Spring Abundance Probability Surface. This figure provides the partial effects of position on the spatial 
distribution of black sea bass based on the abundance generalized additive model built upon bottom-trawl survey 
data collected by the Northeast Fishery Science Center’s Spring Bottom-Trawl Survey Program. The lightest colors 
indicate areas where the probability of black sea bass abundance is highest and darker colors indicate areas where 
the probability of black sea base abundance is the lowest. The probability surface is overlaid with circles that 
correspond to the values of observed abundance of black sea bass when present in Spring bottom-trawls (1963 to 
2019). 
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Figure 16. Fall Abundance Probability Surface. This figure provides the partial effects of position on the spatial 
distribution of black sea bass based on the abundance generalized additive model built upon bottom-trawl survey 
data collected by the Northeast Fishery Science Center’s Fall Bottom-Trawl Survey Program. The lightest colors 
indicate areas where the probability of black sea bass abundance is highest and darker colors indicate areas where 
the probability of black sea base abundance is the lowest. The probability surface is overlaid with circles that 
correspond to the values of observed abundance of black sea bass when present in Fall bottom-trawls (1963 to 
2019).  
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This study also evaluated the influence of the eight covariates on black sea bass distribution and 

abundance for each season. Table 3 shows the significance of each covariate within the sub-models based 

on the following levels: 0.05, 0.01, and 0.001. Covariates with a p-value greater than or equal to 0.05 is 

considered statistically significant. Position (latitude, longitude) is significantly correlated within 

distribution and abundance in Spring and the Fall, as was annual fishing mortality rates with a one-year 

lab. Distribution in the Spring and Fall strongly correlates with SST values. SST also appears to be a 

significant indicator for black sea bass abundance in the Spring. Black sea bass presence and abundance 

in the Spring appear to be influenced by SSS and AMO variability, whereas neither presence or 

abundance strongly correlate to these environmental conditions in the Fall.  

The Delta-GAM approach allows us to evaluate the combined effects of covariates on species 

distribution and abundance. Figure 17 & Figure 18 visualize the selected covariates and their relationship 

to the response variable (either presence or distribution of black sea bass) for black sea bass in the Spring 

and the Fall. In the Spring, the probability of observing black sea bass increases when SST is between 5 - 

15 degrees Celsius, while abundance is likely to increase in temperatures reaching above 10 degrees 

Celsius. Presence remains relatively stable across salinity values (20 - 30 ppt). Of interest are the 

distribution patterns based on sediment size classifications. The probability of presence of black sea bass 

is slightly higher in classification 5 (0.36 - 0.48 Sand, see Table 1A), whereas abundance peaks in 

sediment size classification 1 (0 - 0.03 Silt/Mud). 

The probability of presence for black sea bass in the Spring differs from that in the Fall (see 

Figure 18). The presence probability for black sea bass in Fall trawls decreases as temperature increases, 

while abundance increases with temperature (as it does in the Spring). Black sea bass are also more 

evenly distributed across habitats with various sediment sizes, though abundance is slightly higher in 

regions in sediment size classification (0.35 - 0.36 Sand). The confidence intervals are larger for the 

combined effects than expected, but this is perhaps due to the population’s wider range of distributions 

across season, and therefore have a tolerance for a larger range of environmental condition. Winter NAO 

variability with a one-year lag does not appear to have a statistically significant influence on black sea 

bass.  

Generally, black sea bass are very likely ( >60%) to be observed in areas described as Somewhat 

Deep Depressions. Across both seasons, they seek refuge in areas described as Moderate Depression (9), 

Moderate Flat (10), Shallow Depressions (11), and Very Shallow Depressions. In the Fall, it appears they 

have a higher probability of observance, with presence associations all above 40%. Observance 

probabilities in the Spring are much lower and range between 25 - 40%. 
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Figure 17. Predicted probability of black sea bass per bottom-trawl as a function of sea surface temperature (A), sea 
surface salinity (B), fishing mortality rates (C), Winter North Atlantic Oscillation variability (D), Atlantic 
Multidecadal Oscillation variability (D), Sediment Size (F) using generalized additive models built upon bottom-
trawl survey data collected by the Northeast Fishery Science Center’s Spring Bottom-Trawl Survey Program from 
1963 to 2019. Binomial modeling results are shown in the left column, abundance modeling results shown in the 
middle column, and their combined (overall effects) are shown in the right column. Solid lines indicate probability 
per bottom-trawl and dashed lines represent 95% confidence intervals.  
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Figure 18. Predicted probability of black sea bass per bottom-trawl as a function of sea surface temperature (A), sea 
surface salinity (B), fishing mortality rates (C), Winter North Atlantic Oscillation variability (D), Atlantic 
Multidecadal Oscillation variability (D), Sediment Size (F) using generalized additive models built upon bottom-
trawl survey data collected by the Northeast Fishery Science Center’s Fall Bottom-Trawl Survey Program from 
1963 to 2019. Binomial modeling results are shown in the left column, abundance modeling results shown in the 
middle column, and their combined (overall effects) are shown in the right column. Solid lines indicate probability 
per bottom-trawl and dashed lines represent 95% confidence intervals.  
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Figure 19. Predicted probability of black sea sea bass per bottom-trawl as a function of bathymetric habitat 
classification (G) in the Spring using generalized additive models built upon bottom-trawl survey data collected by 
the Northeast Fishery Science Center’s Fall Bottom-Trawl Survey Program from 1963 to 2019. Binomial modeling 
results are shown.  Solid lines indicate probability per bottom-trawl and dashed lines represent 95% confidence 
intervals.  

 
Figure 20. Predicted probability of black sea sea bass per bottom-trawl as a function of bathymetric habitat 
classification (G) in the Fall using generalized additive models built upon bottom-trawl survey data collected by the 
Northeast Fishery Science Center’s Fall Bottom-Trawl Survey Program from 1963 to 2019. Binomial modeling 
results are shown.  Solid lines indicate probability per bottom-trawl and dashed lines represent 95% confidence 
intervals.  
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Stage 3: Projections for Habitat Suitability under Climate Change 

The third stage of this analysis created a suitability habitat map based on historic environmental 

conditions (1992 - 2018) and under RCP8.5 climate change scenario in the 21st century (2020 - 2049). 

Modeling suitable habitat probability is a method for managers to quickly establish potential 

redistribution areas that warrant further investigation for resource allocation in the future. The model 

projected suitable habitat availability for rasters stacks that included SST, SSS, Bathymetric Habitat 

Classifications, and Sediment Size Classifications for historic environmental conditions in the (A) Spring, 

(B), Fall and the projected environmental conditions under RCP8.5 in the (C ) Spring and (D) Fall (see 

Figure 21).  

Figure 21 is a visualization that shows a projected suitable habitat. Regions in red to light blue are 

for regions with moderate to high probability of suitable habitat (40 - 75%). Areas in dark purple are 

unlikely to be areas of suitable habitat (0 - 10%). These suitable habitat regions are based on seasonal 

environmental conditions that include seasonal variability, as well as multidecadal variability because 

each raster layer for SST and SSS was based on averages over a 20-year period.  

Frames A & B in Figure 21 show the habitat availability across seasons Spring and Fall. During 

the Spring, environmental conditions optimal for black sea bass span over a large extent from the Mid-

Atlantic Bight to the Gulf of Maine. Habitat Suitability increases in offshore waters, as can be seen in 

Frame A. Habitat suitability is highest off of the coast of Connecticut, Rhode Island, Massachusetts and 

New Hampshire. This habitat expanse aligns with Figure 13, showing areas where black sea bass are 

likely to be observed. Figure 21 was produced using high resolution data which allowed for the creation 

of a more detailed layer. Frame B shows habitat suitability based on historic conditions for Fall. The 

extent of suitable habitat is much lower than in the spring, and habitat suitability is concentrated around 

Cape Hatteras, NC and follows coastal waters in Delaware, New Jersey, and Massachusetts. Here, 

seasonal variability in oceanographic conditions can be attributed to changes in positioning of the Gulf 

Stream that occurs throughout the year (Auer 1987; Kelly and Gille 1990). 

Frames C & D in Figure 21 show habitat availability across season Spring and Fall under 

projected climate conditions. Several key observations can be made. In the Spring, suitable habitat 

appears to decrease slightly in extent under climate change, but habitat suitability in the northeastern 

waters of the Gulf of Maine increase in suitability. Similarly, in comparing the frames for Fall, the extent 

of suitable habitat decreases under climate change, but suitable conditions increase in the Gulf of Maine 

and northward into Nova scotia.   
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Figure 21. Probability Surface for Suitable Habitats (A) Historically in the Spring (B) Historically in the Fall; (C ) 
Projected under RCP8.5 in the Spring; (D) Projected under RCP8.5 in the Fall. based on the binomal generalized 
additive model built upon bottom-trawl survey data collected by the Northeast Fishery Science Center’s Fall 
Bottom-Trawl Survey Program. Historic sea surface temperature and salinity based on HYCOM climatoloigcal data 
from 1992 - 2018, and projected sea surface temperature and salinity is based on anomaly data produced by CMIP 6. 
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Discussion 

Importance of Environmental Conditions 

This analysis provides a series of methods to evaluate spatio-temporal patterns for black sea bass 

in order to understand how environmental variables and fishing pressure influence distribution and 

abundance. Black sea bass have exhibited a clear and significant distribution shift northward over the 50 

years in both the Spring and the Fall. The findings in this study affirm the management decision to 

reallocate state quota to Connecticut to better align with increased presence of black sea bass in Southern 

New England.  

Both distribution and abundance in the Spring and Fall are significantly influenced by sea surface 

temperature and fishing mortality rates. Furthermore, habitat suitability projections indicate the potential 

for continued changes in distribution and abundance, depending on realized climate abatement measures 

over the next several years.  

Climate change will present a number of changes to environmental conditions that will affect the 

distribution and abundance of marine species, including black sea bass. As this study illustrates,  marine 

species are moving poleward to follow thermally optimal conditions (Poloczanska et al., 2013). 

Additional observations show species redistributing within the water column by decreasing in depth to 

stay within their thermally optimal range (Cheung et al., 2013, Jennings et al., 2003; Nye et al., 2009). 

Long-term redistribution of populations will be determined by their ability to shift their spatial extent to 

regions of thermally optimal regions at various life states. Survival and recruitment for these populations 

will largely depend on the future availability of suitable habitat, reproductive success, availability of prey, 

and rates of predation (Nye et al., 2009). Many coastal species are reliant upon estuarine or coastal 

features for juvenile life stages, and loss of habitat within suitable thermal ranges will limit success of 

larval recruitment for populations (Harley et al., 2006; Pulliam, 2000).  

In many species, reproductive events are thermally regulated (Jennings et al., 2003; Pörtner & 

Farrell, 2008). Higher seasonal SST have the potential to trigger reproductive events that are misaligned 

to prey availability, severely reducing the success of recruitment events for populations. Additionally, 

shifts in food availability and food web structure may impact the resilience of populations to perturbations 

within the system by reducing growth and reproduction rates. Migration patterns may also be 

detrimentally impacted by the alteration in seasonal timing as a result of increased SST (Jennings et al., 

2003; Nye et al., 2009). 

Optimal growth, reproductive, and behaviorally preferred temperatures do not always match 

temperature to optimal aerobic scope or prey availability (Nilsson & Lefevre, 2016). Not all species will 
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be impacted uniformly by changing SST, and populations will be categorized as “winners and losers” due 

to changes in the carrying capacity affecting population growth, net migration and relative abundance 

over time (Gaines et al., 2018; Kleisner et al., 2017; Pörtner & Knust, 2007). Thus, complexities in 

interactions between species and their prey/predators are difficult to predict. 

Climate model projections assume that species have the capacity to relocate to thermally optimal 

habitat through means of dispersal (Sillero, 2011; Soberon & Peterson, 2005). Species reliant on larval 

transport via currents may face new challenges as they adjust latitudinally or within the water column to 

reach thermally optimal habitats (Pinsky et al., 2020). In such scenarios, projected habitat may be suitable 

under a specific climate warming scenario, but the realized niche may be much smaller than the projected 

niche due to dispersal limitations. It is reasonable to assume that species with larger ranges of temperature 

tolerance, diet, and generalized habitat preferences will be quicker to adapt, and thus more resilient, to 

changes within their environment or ecological community. 

Study Limitations 

It is important to speak to the limitations of these analyses. Because conditions under climate 

change are unprecedented, the relationships between biotic and abiotic factors are unpredictable (Harley 

et al., 2006). Communal relationships are not defined by a single or two variables, but consist of a myriad 

of conditions and system relationships that are not always well understood. Analysis is hard to project 

because we assume linear relationships for variables that may actually be nonlinear. The relationship of a 

response variable (like presence) may have a linear relationship with temperature, but the relationship 

between prey and predator is not. Thus, changes may be sudden and unpredictable. Furthermore, variables 

are not independent of one another, thus the effect of each variable cannot be predicted from the 

individual variable of each. Models that include biotic interactions are based on the assumption that such 

predictor variables interactions are consistent across time and space within the study area. Deciding 

whether to link or unlink biotic interactors will depend on whether the biotic condition is affected by the 

focal species. (Anderson, 2017). 

Single species modeling of suitable habitat predictions consider abiotic and biotic conditions 

necessary for growth, reproduction and survival, but limit the role interspecies competition, predation, 

and ecological perturbations have upon population distribution and abundance (Hollowed et al., 2000). 

Multispecies modeling incorporates competition through abundance variables and predation rates within a 

system. However, these linkages are not independent of one another and do not remain static over time 

(Harley et al., 2006). Disturbances within the system can significantly alter trophic levels within the 

system, further exacerbating changes fundamentally altering ecological communities over time. Species 
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distribution models have the potential for more realistic projections in how spatial distribution and 

abundance may transform over time but should be treated as statistical probabilities of potential 

outcomes, rather than direct predictors of the future. 

Longitudinal, latitudinal and depth are all potential redistribution shifts in the marine system 

resulting from increases in SST. The extent of these shifts is highly dependent on local climatic 

conditions and other biotic and abiotic factors impacting the niche of a species or ecological community. 

A species linkage to its ecological community is not defined by a variable, but comprised of a myriad of 

conditions and interactions, and system relationships are not always well understood. Temperature is one 

such condition but cannot be the only factor to determine distribution and abundance of a population. 

Projecting the response of an ecological community is challenging given tolerance and response rates 

vary by species. Therefore, realized shifts may be multidimensional, and projections of distribution 

changes are not likely to predict realized distribution or abundance. (Harley et al., 2006; Kleisner et al., 

2017; Lenoir & Svenning, 2015). 

Furthermore, overfitting the models with conditional data can limit results. Alternatively, failure 

to include appropriate conditions required for species survival may oversimplify the model and produce 

outputs that are too generalized. The context and goals will determine the scale of resolution required for 

model outputs, and the resolution scale of these models will affect the estimations for species distribution. 

Finer scale models will require higher resolution data, which could be limiting for many species (Wiens et 

al., 2009). Careful consideration should be made when evaluating the need for consistency of resolution 

for species distribution and environmental predictor data within the climate model (Elith & Leathwick, 

2009, Wiens et al., 2009). Climate models that project future outcomes, while inherently full of 

uncertainty, are a means with which to idealize our best understanding of species and ecological 

communities. The marine system’s dynamic nature presents innumerable challenges should we limit our 

knowledge and decisions based on empirical evidence. Fishery climate models are critical to describing 

patterns and projecting statistically probable future conditions but should be considered among an array of 

scientific tools that inform policy and management required for the long-term sustainability of marine 

resources and socio-economic prosperity of fishing communities that depend on them. 

Therefore, studies, such as this one, can project statistically probable suitable habitats, but can't 

speak to the realized habitat for species even with the inclusion of abiotic and biotic factors. This is 

because realized habitat will depend on competition within the environment and limitations to dispersal to 

optimally thermal habitats. (Sillero et al., 2011). Furthermore, species can be limed in this new habitat 

representing distributions of ecological niches, so we must assume that the realized niche area will be 

much smaller. The models developed in this study do not account for other important biotic conditions 

like interspecies competition, predation, and ecological perturbations that have upon population 
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distribution and abundance required for the sustained health of a stock. Therefore, model projections 

should be considered statistically probable areas for potential redistribution, and further analysis should 

be conducted to validate these findings. SDMs can provide a close guide to how a species may interact 

with the environment over space and time, but should be treated as statistical probabilities of potential 

outcomes.  

Climate Adaptive Management Strategies 

The results within this study have notable implications for fishery management. Fish populations 

are not bound geographically by political management frameworks, complicating the approach of 

sustainable management when these populations pass through multiple management areas. Too often, 

management plans are not designed to monitor stock activity and movement across multiple agreement 

areas and allocation mechanisms are too rigid to incorporate quota reallocation measures on a meaningful 

timescale (Burden et al., 2017; Jensen et al., 2015; Troel et al., 2017). Changes in stock productivity, 

abundance, and distribution can occur rapidly and static policy frameworks may not be designed to adjust 

with the rate of change observed in the water, leading to the mismanagement of socioeconomically 

important resources (Dunn et al., 2019, Pinksey & Fogerty,2012).  

Warming sea surface temperatures have shifted the historic distribution and availability of marine 

wild fish populations, jeopardizing the stability of current management frameworks and resilience of 

coastal fishing communities (Garcia & Rosenberg, 2010; Pinksey et al., 2020; Young et al., 2019). 

Present management strategies are not set up to manage dynamic marine systems (Pinsky et al., 2018). 

The extent of changes created by global warming are only recently being understood, but management 

systems need to take a proactive approach to create mechanisms to cooperate and collaborate before 

disputes over resource management are exacerbated. 

Sustained pressure from overfishing can cause fisheries to collapse, creating unforeseen and 

permanent consequences in the ecosystem (Hsieh et al., 2006). A holistic understanding of ecosystem 

interactions among shifting species is required to understand the management and rapid response period 

needed to monitor and harvest these resources. Technology and behavior can help communities be more 

resilient to changes in species distribution and abundance (Pinksy & Fogerty, 2012). Cost can be 

prohibitive for fishermen faced with the option of either changing target species or following a species to 

new fishing grounds. One study tracked historic catch and landings to evaluate change in distribution of 

fishing and fishing communities and found for every degree northward species, landings shifted 0.13 - 

0.32 degrees (Pinsky & Fogerty, 2012). If managers fail to understand the myriad of conditions required 

for sustainable recruitment and health of a population, they risk the sudden collapse or local extinction of 
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a stock (Pörtner & Farrell, 2008). Fishery management will be key in sustaining populations in a 

changing climate.  

Several studies have suggested that sustainable management interventions could supersede the 

effects of climate change on wild stocks (Free et al., 2020; Gaines et al., 2018). Fishery management 

policy that fully incorporates climate adaptation and resilience into all present and future management 

decisions will be a must to bolster present efficacy of these systems to acclimate to the changes ushered in 

by global warming. 

Conclusion 

This study joins a plethora of others that demonstrate wild fishery stocks are migrating 

northward. The analyses confirm the mean center of the black sea bass population has significantly 

migrated northward over the last fifty years. Sea surface temperatures strongly correlate with black sea 

bass distribution in the Spring and Fall, as does sea surface salinity. The study also finds  that annual 

fishing mortality rates significantly correlate with black sea bass distribution and abundance the following 

year. Finally, suitable habitat availability is projected to decrease under a “business-as-usual” climate 

scenario, though the realized value of suitable habitat will depend on emissions abatement measures. The 

efficacy of amended fishery management plans will largely depend on the available capacity required for 

full implementation of management frameworks responsive to changes in the marine system on 

appropriate timescales. Even if wild stocks are not at risk in the short and long term, much uncertainty 

remains for management frameworks that are largely ill equipped to adapt to the dynamic impacts to 

vulnerable fishing communities. Increased frequency and intensity of natural disasters, sea level rise, and 

coastal erosion will also impact access to coastal fisheries over time, which may jeopardize long term 

sustainability of marine wild caught fisheries. Efforts should be directed at supporting and building 

capacity for climate adaptive management strategies. Through continued investments in research, science 

can better inform fishery managers on how to best maximize sustainable yield in marine fisheries and 

preserve marine biodiversity. Climate change is a global challenge that will require the integration of 

collective action, effort, and cooperation on an unprecedented scale in the coming decades. It is crucial 

that scientists are able to communicate key findings in order to generate the urgency for actions 

appropriate for dealing with a global crisis.  
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Data Availability 
This data analysis relied on the following open source data repositories: The Ocean Adapt data portal 
hosts data collected from the annual bottom-trawl tow surveys conducted by NEFSC 
(https://oceanadapt.rutgers.edu/). Historic sea surface temperature and sea surface salinity data are 
available through HYCOM’s website (https://hycom.org/ dataserver/gofs-3pt0/reanalysis). Projected 
climate anomaly data for climate scenario SSP5 - 8.5 were downloaded from NOAA’s Physical Sciences 
Laboratory CMIP6 Ocean And Marine Ecosystems data portal (https://psl.noaa.gov/ipcc/cmip6/). 
Bathymetric habitat classifications and sediment composition were obtained from The Nature 
Conservancy 
(https://www.conservationgateway.org/ConservationByGeography/NorthAmerica/UnitedStates/edc/report
sdata/marine/namera/namera/Pages/Spatial-Data.aspx). Fishing mortality data was sourced from the RAM 
Legacy Stock Assessment Database, a data repository for stock assessment evaluations for commercial 
marine stocks (re3data.org). Commercial and recreational landings data is available on NOAA’s 
Commercial Fisheries Landing website (https://www.fisheries.noaa.gov/national/sustainable-
fisheries/commercial-fisheries-landings) 
 
Code Availability 
 
All analysis was conducted in RStudio (version 1.2.5033). The following packages were used throughout 
this study for mgcv, dplyr sp, spatialEco, geosphere, ggplot2, reshape, Hmisc, lattice, scales, 
rnaturalearth, maps, mapdata, sna, phenology, raster packages in R. 
 
Code used to run these analysis and generate figures can be found at https://github.com/crystal-
franco/BSB-DeltaGAMS 
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Appendices 

 Appendix A - Additional Data Visualization Plots 

 
Figure XXXX. Abundance (Biomass in tons) per year of black sea bass.  
 
 

 
Figure XXXX Distribution of Biomass in tows Across Surveys 
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Figure XXXX Bathymetry Classifications Distribution Across Trawl Surveys 
 
 

 
Figure XXXX Surface Salinity Observed Across Trawl Surveys 
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Figure XXXX Surface Temperature Observed Across Trawl Surveys 
 
 

Sediment Size Classifications 

Classification Value 

0 - 0.03 Silt/Mud 1 

0.03 - 0.17 Sand 2 

0.17 - 0.35 Sand 3 

0.35 - 0.36 Sand 4 

0.36 - 0.48 Sand 5 

0.48+ Coarse Sand to Gravel 6 

Table 1A. Sediment Size Classifications 
 

Benthic Habitat Classifications 

Classification Name Value 

Deep Depression 1 

Deep Flat 2 

Deeper Depression 3 

Deeper Flat 4 

Deepest Depression 5 

Deepest Flat 6 
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High Flat 7 

Low Slope 8 

Moderate Depression 9 

Moderate Flat 10 

Shallow Depression 11 

Shallow Flat 12 

Side Slope 13 

Somewhat Deep Depression 14 

Somewhat Deep Flat 15 

Steep 16 

Very Shallow Depression 17 

Very Shallow Flat 18 

Table 2A. Bathymetric Habitat Classifications 
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Appendix B - Standard Error Tables for Mean Center of Abundance  
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Appendix C - Data preparation in ArcGIS 

 
Preparation of Climatological and Projected Anomalies under Representative Concentration Pathway8.5 
 
Python Script available upon request.  
 


