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The ocean is rapidly changing, with impacts on both the physical environment and ecological systems. In 

my dissertation, I seek to understand how variations in fish populations over space and time are driven by 

environmental conditions in the ocean, and to improve statistical methods to accomodate this variation and 

thereby contribute to sustainable fisheries. In the following four chapters of my dissertation, I develop, test, 

and apply improved methodologies that link fish demographics to environmental conditions and address 

pressing management concerns. A spatio-temporal model of weight-at-age of walleye pollock improved 

our understanding of the dynamics of local and population-level demographic processes and can be used in 

future stock assessment models. I developed a statistical model that incorporated a physiological response 

to temperature and oxygen into distribution modeling to better capture this joint effect, in the context of 

predicting impacts of climate change on local fish densities. Because spatial statistical models rely on 

environmental data, I used statistical approaches to expand oxygen data available and test the sensitivity of 

ecological models to environmental data. Lastly, I applied these improved techniques in retrospective 

statistical models to evaluate evidence for oxygen limitation on the distribution of 32 groundfish species in 

the northeastern Pacific Ocean. Overall this dissertation advances statistical solutions for accomodating 

spatio-temporal data in estimates and predictions of fish ecological responses to environmental change. 



 

TABLE OF CONTENTS 

Introduction ............................................................................................................................. 10 

Chapter 1. Incorporating distribution shifts and spatio-temporal variation when estimating 
weight-at-age for stock assessments: A case study involving Berring Sea pollock (Gadus 
chalcogrammus) ............................................................................................................................ 26 

1.1 Abstract ......................................................................................................................... 26 

1.2 Introduction ................................................................................................................... 27 

1.3 Methods......................................................................................................................... 29 

1.3.1 Data compilation ....................................................................................................... 29 

1.3.2 Model structure ......................................................................................................... 30 

1.3.3 Annual population size-at-age .................................................................................. 32 

1.3.4 Question 1: Spatial and temporal patterns of size-at-age .......................................... 33 

1.3.5 Question 2: Impact of spatial and spatio-temporal variation on size-at-age matrix . 33 

1.3.6 Question 3: Contribution of local variation in size versus abundance to size-at-age 

matrix 34 

1.3.7 Question 4: Stock assessment comparison ............................................................... 34 

1.4 Results ........................................................................................................................... 36 

1.4.1 Question 1: Spatial and temporal patterns of size-at-age .......................................... 36 

1.4.2 Question 2: Impact of spatial and spatio-temporal variation on size-at-age matrix . 37 

1.4.3 Question 3: Contribution of location variation in size versus abundance to size-at-

age matrix .............................................................................................................................. 37 

1.4.4 Question 4: Stock assessment comparison ............................................................... 37 

1.5 Discussion ..................................................................................................................... 42 

1.6 Acknowledgements ....................................................................................................... 45 



 

1.7 References ..................................................................................................................... 46 

Chapter 2. Estimating a physiological threshold to oxygen and temperature from marine 
monitoring data reveals challenges and opportunities for forecasting distribution shifts ............ 55 

2.1 Abstract ......................................................................................................................... 55 

2.2 Introduction ................................................................................................................... 55 

2.3 Methods......................................................................................................................... 58 

2.3.1 Model structure ......................................................................................................... 58 

2.3.2 Simulation testing ..................................................................................................... 59 

2.3.3 Application to case studies ........................................................................................ 61 

2.4 Results ........................................................................................................................... 63 

2.4.1 Estimation of temperature-oxygen synergistic effect in case studies ....................... 67 

2.5 Discussion ..................................................................................................................... 68 

2.6 Data Availability Statement .......................................................................................... 71 

2.7 Acknowledgements ....................................................................................................... 72 

2.8 References ..................................................................................................................... 72 

Chapter 3. Skill testing oxygen data for distribution modeling of marine species ................. 81 

3.1 Abstract ......................................................................................................................... 81 

3.2 Introduction ................................................................................................................... 81 

3.3 Methods......................................................................................................................... 85 

3.4 Results ........................................................................................................................... 89 

3.5 Discussion ................................................................................................................... 100 

3.6 Acknowledgements ..................................................................................................... 105 

3.7 References ................................................................................................................... 105 



 

Chapter 4. Oxygen constrains local densities across diverse bottom-associated marine fishes
..................................................................................................................................................... 115 

4.1 Abstract ....................................................................................................................... 115 

4.2 Introduction ................................................................................................................. 115 

4.3 Results ......................................................................................................................... 115 

4.4 Discussion ................................................................................................................... 117 

4.5 Materials and Methods ................................................................................................ 127 

4.6 Acknowledgements ..................................................................................................... 133 

4.7 References ................................................................................................................... 133 

Synthesis ............................................................................................................................... 139 

Chapter 1 Appendix .............................................................................................................. 150 

Chapter 2 Appendix .............................................................................................................. 158 

Chapter 3 Appendix .............................................................................................................. 167 

Chapter 4 Appendix .............................................................................................................. 183 



 

ACKNOWLEDGEMENTS 

My grandparents, Anne and Jim Simon, instilled in all their kids and grandkids the value of 
education and generously supported all of us in pursuing it. They were loving, smart, and curious 
people, and I would not be where I am now without them. Thank you to my family—Mom, Gabi 
and Luke—for your limitless sense of humor and patience and for shaping me into the person I 
am. (Mom, thanks for taking care of my cat.) And thank you to my extended family—Uncle Jimmy 
and Aunt Cecilia, Uncle Steve and Aunt Heather, Madeleine, Adam, Nathaniel, Nancy, David, 
Jen, Dave, Max, Jakob, Jolli, and more—for so much love and support over the years. 

While starting a PhD in Fall 2020 was tough for many reasons, it did mean I got to be part of the 
best cohort at SAFS. You are all spectacular scientists and friends, and I have been lucky to get to 
go through everything with you all the last five years. Emily (B) is the best lab buddy and friend I 
could have asked for through grad school. Thanks for the acrostic poem of my work strategy, so 
many winter Tuesdays spent at the climbing gym, and for talking on the phone basically every 
day. Jess, Arial, Zoe, and Laurel all kept me grounded, provided non-stop support, advice, and 
laughter, reminded me that we were all in this together. Markus, thanks for never letting me forget 
that my first chapter was about walleye pollock. Zoe, thank you for being my statistical phone-a-
friend and sounding board. And to the rest of the SAFS graduate school community—Helena, 
Jezella (there’s no one else I’d rather go to Medora’s dance class with!), Callum, Amelia, Miranda, 
Emily (J), Emily (S) and dozens others that I am forgetting—you are what make this department 
a strong community. And thanks to my friends that are not fish scientists—Maddie, Heidi, Marissa, 
Megan, Caitlin, Cheryl, Cailene—for always being up for backpacking, traveling, and phone calls 
that got me out of my dissertation brain and back into the real world. 

Science requires scientists, and scientists require funding. I was fortunate to be supported in my 
PhD from multiple sources. My deepest thanks to the Usha and S. Rao Varanasi Endowed 
Fellowship in Environmental and Marine Stewardship; H. Mason Keeler Endowment for 
Excellence; Richard T. Whiteleather, Fisheries B.S. 1935 Endowed Scholarship; The Hall Puget 
Sound Student Support Fund; Washington Sea Grant; the National Pacific Research Board; and 
the UW Cooperative Institute for Climate, Ocean, & Ecosystem Studies (CICOES) for providing 
fellowships and grants that funded my PhD.  

My favorite part of science is getting to work with incredible people. A large scientific 
community made the work of this dissertation possible and have supported my career. Most 
importantly, an endless thank you to my advisor Tim. I cannot imagine a better person to get to 
work with for my PhD—I am grateful for the constant support on analysis, writing, and 
everything research related; for the the positive, collaborative, and compassionate lab culture that 
you foster; and for being a funny, kind, thoughtful, and helpful human. Between getting stuck on 
a boat in the Puget Sound a couple times and working through math on the whiteboard, it has 
been a joy to get to work with you. And thank you to my committee members—Jim Thorson, 
Chelsea Wood, Daniel Schindler, and Karin Martin—for always asking insightful questions that 
made me think more deeply about my research and how to be a better scientist.  



 

My collaborators and coauthors Eric Ward, Sean Anderson, Jim Ianelli, Lewis Barnett, Sam 
Siedlecki, John Pohl, and Sean Rohan all contributed immense help throughout the research 
process, including on data wrangling, model fitting, and manuscript writing. Thank you to Owen 
Liu, Caitlin Allen-Akselraud, and Sofia Wasserman for help with data curation and analysis; 
Allen Hicks and Ian Stewart for help with the International Pacific Halibut Commission data; 
and to all participants of the bottom trawl survey for their important work collecting data that this 
dissertation used. Thank you to Sam Scherer, Michael Martinez, and the rest of the SAFS Admin 
office for make sure everything is running smoothly. Special thank you to Jenny Bigman and 
Alexa Fredston for being such helpful and encouraging friends and mentors.  

Thank you to Nick Ward and Allison Myers-Pigg at PNNL for giving me the chance to do so 
much labwork, field work, analysis, and manuscript writing that prepared me for this PhD. And 
to the many teachers, professors, and supervisors over the years—Sonia Sultan and Michael 
Singer at Wesleyan University, Bree Yednock at South Slough National Estuarine Research 
Reserve—that encouraged me to continue pursuing this career. Lastly, I was incredibly fortunate 
to intern with the White House Office of Science and Technology Policy Climate & 
Environment team in 2023. Thank you to everyone there—Heather, Jane, Laura, Hila, Dave, and 
more—for the opportunity to learn and be part of it. It was inspiring to see what good people in 
government can do. 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

DEDICATION 
 

 
To my grandparents, Anne and Jim Simon 

הכרבל םנורכיז   
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



INTRODUCTION  
Fisheries scientists have long recognized that fish demography and distribution are driven by 
environmental conditions in the ocean. There is extensive spatial complexity and heterogeneity 
of population density (Hutchings 1996, Sagarin & Gaines 2002, Sagarin et al. 2006, Barnett et al. 
2021) and in population vital rates, such as in offspring survival (Langangen et al. 2016), 
density-dependence (Shima & Osenberg 2003, Johnson 2006), recruitment (Myers & Ca 1998) 
and growth (Kerrigan 1994, Marshall & Frank 1995, Taylor & Stefánsson 1999, Gust et al. 2001, 
Pardoe et al. 2008, Correa et al. 2021). This spatial and temporal variability is often tied to 
differences in local environmental conditions and habitat features, such substrate, depth, and 
food availability, over both space and time across a seascape (Hofmann and Powell 1998, 
Bergstad et al. 2008, Medeiros et al. 2010, Frederiksen et al. 2014, Kimirei et al. 2015, Vincenzi 
et al. 2018). For instance, fundamental physiological impacts of dissolved oxygen and 
temperature on fish influence size and growth (e.g. Portner and Knust 2007, Audzijonyte et al. 
2018, Rubalcaba et al. 2020) and can limit species’ ranges to their thermal tolerances (Ekman 
1953). Changes in temperature over time can similarly cause shifts in spatial distributions (Rose 
et al. 2000, Perry et al. 2005) and can impact annual recruitment (DeYoung and Rose 1993, 
Johnson 2007, Mueter et al. 2011) and growth (Portner et al. 2001, Hurst and Abookire 2006).  
 
Climate change will be a source of unprecedented environmental change in the ocean, including 
to the spatial and temporal patterning of marine environmental characteristics that will impact 
marine fish. Over the next century many regions are likely to experience rising temperatures 
(Cheng et al. 2019) and widespread decline in dissolved oxygen (Diaz and Rosenberg 2008). 
Differences in the magnitude of these shifts at the regional and at a local level (Garcia-Soto et al. 
2021) will change the spatial makeup of environmental conditions. Increasing frequency of 
extreme events such as heatwaves (Frölicher et al. 2018) will also change temporal dynamics of 
the environment. Overall, variability in marine environmental conditions is projected to increase 
under climate change, in turn increasing environmental heterogeneity (Boyd et al. 2016).  
 
These environmental changes will likely have complex and varied impacts to demographic 
processes and spatial distributions. Temperature and oxygen, two key environmental conditions 
directly altered in climate change, are central to fundamental physiological processes in marine 
fishes. There is early documentation of biological patterns linked to temperature, such as in 
species’ occurrences (Ekman 1953), range edges (Grinnell 1917), fluctuations in population size 
(Hjort 1914), and latitudinal clines in body size (Bergmann 1847). In addition to these broad 
biogeographic patterns, early research recognized that metabolism (aerobic, i.e. oxygen 
consumption) of individual organisms scaled with body mass (Kleiber 1932; Rubner 1883) and 
temperature (Ege & Krogh 1914; Murray 1908), and that fish avoided low oxygen (Shelford & 
Allee 1914). Observed natural patterns were subsequently described by mathemetical expressions 
rooted in fundamental laws of physics and chemistry: the mechanical forces and geometry behind 
morphology (Thompson 1917); that metabolic rates, as chemical reactions, are dependent on 
temperature (Arrhenius 1889); and geometric scaling of surface to volume ratios (Kleiber 1832, 
Rubner 1883). These physical and chemical laws, for instance, underlay the mathematical 
expression of growth developed in von Bertalanffy (1938) that is widely used. Application of these 
principles additionally underpinned early theorizing of oxygen and temperature limitations for fish 
(Fry 1947). Sustained empirical experimental laboratory studies have been a primary focus to 
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measure the temperature scaling of metabolic rates, and therefore oxygen demand, for numerous 
species (Beamish 1964; Fry & Hart 1948; Gardner et al. 1922; Ultsch et al., 1978;  see Rogers et 
al. 2016 for meta-analysis of 96 published studies). 
 
Further research to develop mechanistic understandings and unified frameworks has continued to 
build widespread theoretical and empirical support for physiological impacts of temperature and 
oxygen on marine species. For instance, von Bertalanffy growth has been applied to develop 
mechanistic hypotheses on how oxygen limitation stems from morphological constraints on the 
proportion of gill area to body size (Pauly 1981). Physical and chemical principles and empirical 
research on metabolic rates discussed above were similarly formally unified into the Metabolic 
Theory of Ecology (Brown et al. 2004; Gillooly et al. 2001). By conceptually and mathematically 
linking temperature, body size, and metabolic rates, this theory provides a framework for 
understanding temperature-driven patterns from individual to biogeographic scales, and has been 
empirically demonstrated to help explain individual growth (Lindmark et al. 2022), trophic 
dynamics (O’Gorman et al. 2016), ecosystem metabolism  (Enquist et al. 2003), and biogeographic 
gradients in larval dispersal (O’Connor et al. 2007) and biomass (van Denderen et al. 2023). 
Metabolic theory has additionally been integrated into indices that provide a way to statistically 
evaluate the effects of changing oxygen and temperature on fish distribution (e.g. Deutsch et al. 
2015) and growth (e.g. Clarke et al. 2021; Lindmark et al. 2022). For instance, combining insights 
from metabolic theory with von Bertalanffy indicates that higher temperatures and lower oxygen 
will lead to smaller fishes and changes in abundance and distribution (Cheung et al., 2012). 
 
Together with direct physiological impacts of temperature and oxygen described above, climate 
change is influencing fish population dynamics via a range of ecological mechanisms, such as 
changes in food availability, predator—prey interactions and species assemblage, and phenology 
(Brander 2007). Together these changes are impacting demographic processes, such as growth 
and size (e.g. Huang et al. 2021, Sheridan and Bickford 2011, Audzijonyte et al. 2020) and 
recruitment (e.g. Shoji et al. 2011). Additionally, there will likely be shifts in fish distributions, 
and some shifts have already been observed (Mueter et al. 2011, Pinsky et al. 2020, Rooper et al. 
2020, Campana et al. 2020). For instance, species in the northeast U.S. have moved 
northeastward on average 20 kilometers per decade (Pinsky et al. 2013), and Atlantic cod have 
moved significantly northward and deeper in the North Sea since the 1940s (e.g. Engelhard et al. 
2013).  
 
These impacts of rapid environmental change on fish demographic rates have implications for 
fisheries conservation and management. While many countries may have research programs 
related to impacts on climate change or consider ecosystem impacts of climate change, climate is 
not explicitly considered in policy or in stock assessments of any of the countries examined in 
one review (Bryndum-Buchholz et al., 2021). Yet stock assessment models used to make 
management decisions are sensitive to changes in demographic rates (Thorson et al. 2015b) that 
are impacted by environmental conditions. Additionally, population-level demographic rates 
used in stock assessment models consist of local-scale responses of fish to environmental 
conditions (Fredericksen et al. 2014; Horodysky et al. 2015; Thorson et al. 2020). Stock 
assessment models often do not incorporate the extent of variation in demographic 
characteristics, such as growth, both over time and spatially over a species’ geographic range 
(Cadrin et al. 2020, Gruss et al. 2021, Punt et al. 2021). Not considering this spatial variation can 
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lead to biased and imprecise estimates of population status (Hamilton et al 2011,Thorson et al., 
2015, Barnett et al. 2021). If climate change alters the prevailing environment, and demographic 
rates consequently change, the outcomes of a stock assessment will be inaccurate if they fail to 
take into account this variation. Being able to explore how demographic rates may respond to 
environmental change is therefore crucial for incorporating the effects of climate change into 
stock assessment models (Punt et al. 2021) and fisheries management (Holbrook and Johnson 
2014). 
 
Similarly, distributional shifts due to climate change may cause challenges for existing fisheries 
management regimes. Allocation and management boundaries are often static geographic areas 
that are based on historical adult distributions during a particular season (e.g., one that is easily 
surveyed or the primary fishing component). As species shift in or out of these boundaries across 
seasons and/or years, there are various possible governance challenges. It may increase inter-
state conflict, as it did in the case of the “mackerel wars” (Spijkerss & Boonstra 2017) or cause 
mismatch between existing monitoring, survey, and allocation regimes (Sumaila et al. 2011, 
Pinsky et al., 2018, Baudron et al. 2020). Even within jurisdictional boundaries, shifts in 
distribution may constrain or expand fishing opportunities at a local level through changes in the 
location of target species relative to existing ports and processing facilities, gear type, and the 
presence of co-occurring protected bycatch species (e.g. Astthorsson et al. 2012, Pinsky and 
Mantua 2014, Hare et al. 2016, Kleisner et al. 2017, Liu et al 2023). Anticipating possible 
changes in species distribution will enable management to pre-emptively plan, such as 
establishing transboundary agreements (Oremus et al. 2020, Pentz & Klenk 2023), quota 
reallocation (Costello et al. 2008, Bell et al. 2020, Palacios-Abrantes et al. 2022) and survey 
design and data processing (e.g. O’Leary et al. 2020). Forecasting these shifts also facilitates 
adaptation in the fishing industry, such as identifying new fishing options (Bell et al. 2020, 
Fulton et al. 2021), changing permit rules (McIlgorm et al. 2010, Mills et al. 2013, Farady & 
Bigford 2019) new markets and post-harvest value (Bell et al. 2020), moving or building new 
infrastructure (Bell et al. 2020), developing insurance programs (Hotta 1999, Mumford et al. 
2009) and permit banks (Bell et al. 2020) and eliminating harmful fisheries subsidies (Cisneros-
Montemayor et al. 2020). Evaluating the need for these management and industry options 
requires understanding the extent and pace of change to fish population dynamics and 
distributions for that specific region and species. 
 
Incorporating environmental variation to predict fish population demography and distribution has 
therefore been an ongoing effort in fisheries research (e.g. Haltuch et al. 2019, Thompson et al. 
2023); however, it still faces several challenges to implement. For one, it is often difficult to 
identify the specific environmental characteristics that explain current fish population dynamics 
(Thorson et al. 2017, Dambrine et al. 2020). For example, environment-recruitment relationships 
are notoriously difficult to establish (Myers & Cadigan 1998, Punt et al. 2014, Schindler & 
Hilborn, 2015) and a regime shift in the North Pacific in 1976-1977 was not identified until 
decades later because of high interannual variation that masked it (Wooster & Zhang 2004). 
There are complexities inherent in ecological systems that complicate analysis: overlapping 
processes operating across different time scales (Levin 1992, Tommasi et al. 2017), regional 
differences in how climate and oceanographic conditions are related (Hunt et al. 2002, 
Huntington et al. 2020), confounding environmental changes (temperature, oxygen, pH, etc.) 
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(Scheutz et al. 2019), and underlying spatial and temporal variation that is unaccounted for in 
environmental covariates (Thorson et al. 2015, Maunder et al. 2020, Breivik et al. 2021).  
 
Additionally, specific features of climate change exacerbate these ecological complexities and 
the analytical challenges for forecasting species responses to environmental changes. Populations 
face cumulative impacts (Pinsky and Mantua 2014) from multiple stressors (Brander 2007)—that 
is, numerous physical changes, such as to temperature, oxygen, acidification, sea level, ocean 
circulation, and related ecosystem effects, such as to food availability and species interactions. 
Second, the pace and magnitude of climate change is anomalously high and in some regions is 
creating novel environmental conditions outside historical conditions in at least the past 1500 
years (e.g. Marshall et al. 2017, Smith et al. 2022). This may cause systems to behave differently 
than in the past (Palacios-Abrantes et al. 2022), as systems often exhibit changing relationships 
between the environment and population dynamics over time (Asch et al. 2022). Predictions of 
fish distribution based on relationships during the modern era (i.e., past 500 years) may 
consequently break down when used in forecasting (Muhling et al 2020, Barnes et al. 2022). 
Relatedly, there are probably nonlinear responses to these novel conditions, such as tipping 
points, threshold values, and rapid state shifts (Selkoe et al. 2015) that challenge forecasting. 
Lastly, there is a high degree of uncertainty in forecasting climate change responses. This is due 
to added uncertainty from both the projections of earth system models and in the emissions 
scenarios (e.g. Brodie et al. 2022, Davies et al. 2023), on top of the inherent uncertainty in fish 
response to the environment stemming from the challenges discussed previously. 
 
This dissertation advances solutions to these challenges by: 1) incorporating spatial and temporal 
variation of demographic traits and 2) linking changes in environmental characteristics to local 
fish densities, in the contexts of important management questions. I developed a spatio-temporal 
model of weight-at-age of walleye pollock, a data-rich and commercially important fishery, for a 
new approach to be used in the stock assessment (Chapter 1). To enable better predictions of 
effects of environmental change, I tested a new approach to incorporate physiological effects of 
oxygen and temperature on fish responses in spatial models (Chapter 2). I expanded the 
underlying environmental data available for physiological thresholds and distributional responses 
to local conditions and evaluated the sensitivity of these estimates to the source of environmental 
data (Chapter 3). Lastly, I applied these improved fish distribution models to a broad geographic 
and species assemblage to identify groundfish species with a threshold response to oxygen along 
the U.S. West Coast (Chapter 4). Overall this dissertation improves methodologies to link fish 
demographic rates and distribution to environmental conditions and to address pressing 
management concerns to improve the sustainable management of fisheries.  
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Chapter 1. INCORPORATING DISTRIBUTION SHIFTS AND 

SPATIO-TEMPORAL VARIATION WHEN 

ESTIMATING WEIGHT-AT-AGE FOR STOCK 

ASSESSMENTS: A CASE STUDY INVOLVING 

BERRING SEA POLLOCK (GADUS 

CHALCOGRAMMUS)  

Publication history: This study was co-authored with James N. Ianelli, James T. Thorson, and 
Timothy E. Essington. At the time this dissertation was submitted, a version of this chapter was 
published in ICES-Journal of Marine Science (https://doi.org/10.1093/icesjms/fsac236). 

1.1 ABSTRACT 

Environmental conditions can create spatial and temporal variability in growth and distribution 
processes, yet contemporary stock assessment methods often do not explicitly address the 
consequences of these patterns.  For example, stock assessments often assume that body weight-
at-age (i.e. size) is constant across the stocks’ range, and may thereby miss important spatio-
temporal patterns. This is becoming increasingly relevant given climate-driven distributional 
shifts, because samples for estimating size-at-age can be spatially unbalanced and lead to biases 
when extrapolating into unsampled areas. Here, we jointly analyzed data on the local abundance 
and size of walleye pollock (Gadus chalcogrammus) in the Bering Sea, to demonstrate a tractable 
first step in expanding spatially unbalanced size-at-age samples while incorporating fine-scale 
spatial and temporal variation for inclusion in stock assessments. The data come from NOAA’s 
bottom trawl survey data and were evaluated using a multivariate spatio-temporal statistical model. 
We found extensive variation in size-at-age at fine spatial scales, though specific patterns differed 
between age classes. In addition to persistent spatial patterns, we also documented year-to-year 
differences in the spatial patterning of size-at-age.. Intra-annual variation in the population-level 
size-at-age (used to generate the size-at-age matrix in the stock assessment) was largely driven by 
localized changes in fish size, while shifts in species distribution had a smaller effect.  The spatio-
temporal size-at-age matrix led to marginal improvement in the stock assessment fit to the survey 
biomass index. Results from our case study suggests that accounting for spatially unbalanced 
sampling improved stock assessment consistency. Additionally, it improved our understanding on 
the dynamics of how local and population-level demographic processes interact. As climate change 
affects fish distribution and growth, integrating spatiotemporally explicit size-at-age processes 
with anticipated environmental conditions may improve stock-assessment forecasts used to set 
annual harvest limits. 

https://doi.org/10.1093/icesjms/fsac236
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1.2 INTRODUCTION 

Fisheries managers depend on stock assessments to make informed decisions about conservation 
and management measures (Methot 2009). State-of-the-art methods typically involve fitting an 
age-structured population dynamics model to evaluate the current and projected status of the 
resource including biomass and fishing mortality (Hilborn and Walters 1992). The population 
dynamics model relies on data from surveys and fisheries to estimate survival patterns and age-
specific demographic rates, including growth, mortality, recruitment, and maturation. Key stock 
characteristics estimated from assessment models are sensitive to changes in these demographic 
rates (Thorson et al. 2015). Therefore, the accuracy and precision of the data ultimately impact the 
value of stock assessments for managers, especially when assumptions such as constant growth 
rates can be avoided (Methot 2009, Francis 2011). 
 
Survey and fishery data on catch rates and composition inevitably have biases and gaps that present 
challenges to using them in stock assessments (Thorson 2014, Breivik et al. 2021, Ducharme-Barth 
et al. 2022). While well-designed fishery-independent surveys attempt to account for known 
sources of variation with standardized protocols (Gunderson 1993), there are inevitable disruptions 
in survey implementation and unobservable sources of variation that make this challenging 
(Kimura and Somerton 2007). For instance, sampling intensity may not be equally distributed 
across a species’ range (Thorson 2014), there may be aberrant extreme catches (Thorson et al. 
2011), and the catchability of survey gear may vary (Kotwicki and Ono 2018). Resource 
limitations and weather conditions may contribute to unforeseen gaps in spatial coverage (Adams 
et al., 2021). In 2020, for instance, many planned surveys were canceled due to COVID-19 
restrictions (e.g., NOAA 2020a-d). As fish distributions shift due to climate change (Mueter et al. 
2011, Pinsky et al. 2020, Rooper et al. 2020), available data may increasingly fail to align with 
species’ actual ranges (Link et al. 2010; O’Leary et al. 2020) and will exacerbate the challenge of 
handling biases and gaps in data. 
 
Spatio-temporal models are being used more commonly to address these issues (Maunder and Punt 
2004, Francis 2011(Breivik et al. 2021, Maunder et al. 2020, O’Leary et al. 2020, Ducharme-Barth 
et al. 2022). By accounting for persistent spatial differences (i.e., spatial variation) and spatial 
differences that change over time (i.e., spatio-temporal variation) in the catch rate data, these 
models can provide better estimates of annual abundance in areas with missing data (e.g. Breivik 
et al. 2021), extrapolate to unsampled years (e.g. O’Leary et al. 2020), and correct for differences 
in sampling intensity across the range (e.g. Maunder et al. 2020). Spatio-temporal models have 
begun to similarly be applied to age composition data (Thorson 2014, O’Leary et al. 2020, Thorson 
and Haltuch 2018). These models provide a way to predict fish density by standardizing catch rates 
by the area sampled (“area-weighting”) and to predict composition information, such as age and 
size, by standardizing composition data by the fish density (“density-weighting”) of each location 
(Thorson et al. 2020). Spatio-temporal models were found to improve prediction and accuracy of 
abundance estimates over other standardization methods (Gruss et al. 2019, Zhou et al. 2019, 
Thorson et al. 2015b). 
 
However, spatio-temporal models have rarely been applied to standardizing size-at-age (here 
defined as weight-at-age), another critical component of assessment models. While there are 
different methods used to incorporate growth rates in stock assessment models (Helser and 
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Brodziak 1998, Clark and Hare 2002, Whitten et al. 2013, Minte-Vera 2004, Thorson and Minte-
Vera 2016), often an annual size-at-age is derived from size measurements of survey or fishery 
data in an empirical size-at-age matrix (e.g. Kuriyama et al. 2016, Ianelli et al. 2021). 
Standardizing data for size-at-age is inherently more complicated than standardizing catch rate for 
abundance indices because size data results from the interplay between variation in two processes: 
growth (and resulting size) within different habitats, and the stock abundance in those habitats. 
First, environmental differences in food availability, temperature, or oxygen may impact local 
growth rates, resulting in variation in local size-at-age (DeVries and Frie 1996). Second, fish 
populations are distributed in space via movement processes that are constrained by physiological 
limits and dispersal capability. This can lead to spatial mis-matches between local food conditions 
and prey availability, as in the case in the Baltic Sea where expansion of hypoxic water has 
concentrated cod into the remaining suitable habitat that lacks their main prey (Casini et al. 2016). 
The size of cod in this area has consequently drastically declined, at the same time that cod 
abundance in the same area has increased (Casini et al. 2016). Thus, spatio-temporal variation in 
both local habitat conditions and population distributions must both be considered when 
standardizing size-at-age. Given these multiple mechanisms, it can be helpful to attribute variation 
in annual size-at-age to the various processes contributing to them (e.g. Thorson et al. 2017), in 
this case spatial and spatio-temporal variation and local size versus local abundance.   
 
In this study, we used walleye pollock (Gadus chalcogrammus) in the Bering Seas as a data-rich 
case study in using a spatio-temporal model to incorporate local-scale spatial and temporal 
variation in size (i.e. weight) and abundance to estimate population-level size-at-age (i.e. a size-
at-age matrix for use in a stock assessment). We evaluate the pattern of size over space and time, 
whether these patterns are persistent or transient (i.e., varying among years), and their implications 
for the stock assessment. This fishery is particularly relevant to test a spatio-temporal size-at-age 
model. Bering Sea walleye pollock is the world’s second-largest single-species fishery by catch 
weight (FAO 2021), with an average catch of 1.2 million tons since 1979 and first-wholesale value 
of $1.55 billion in 2019 (Ianelli et al. 2021). The stock is sampled with extensive fishery-
independent surveys, providing a rich data set to evaluate spatio-temporal variability in size-at-
age. Finally, size-at-age is an important component of the stock assessment because it converts 
numbers of fish (which forms the basis of the model dynamics) to biomass and catch 
recommendations. Although the stock assessment is already transitioning to using spatio-temporal 
models for estimates of a biomass index and age composition (O’Leary et al. 2020), these models 
have yet to be applied to size-at-age.  
 
Additionally, climate change is predicted to cause significant shifts in the physical and biological 
regime (Hunt et al. 2008; Whitehouse et al. 2021) that will greatly impact the spatial distribution 
of walleye pollock (O’Leary et al. 2020). As the pollock range shifts out of the historical survey 
footprint, spatial gaps in survey data will increase (O’Leary et al. 2020, O’Leary et al., 2022). In 
addition to incorporating local-scale variation in growth processes and compensating for local 
abundance, this spatio-temporal model could therefore also enable better predictions of the pollock 
stock under future climate change by providing a way to extrapolate to unsampled regions as 
spatial distributions shift. Further research could explore the impact of including covariates and 
correlation between ages and hauls, as well as short-term forecasting skill. However, we focus here 
on the first step (showing how model-based estimators compare with existing methods for 
expanding size-at-age data) and leave these other topics for future research.  
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It is often difficult to identify the specific environmental features that cause observed variation in 
fish populations (Thorson et al. 2017, Dambrine et al. 2021). Because of this, here we constrained 
our analysis to quantifying latent spatial and spatio-temporal variation and to retrospective size-
at-age data to determine the best analysis protocols, to establish an operating model framework, 
and to ensure that it could replicate existing estimators and be applied in the stock assessment 
before delving into covariates and forecasts. Here we focus on an initial assessment of the pattern 
of spatial and temporal variation in size-at-age in Bering Sea pollock, the demographic processes 
contributing to this variation, and how this model impacts outcomes of the stock assessment.  
 
We seek to answer the following questions: 

1. How does size-at-age vary spatially and temporally, both locally and at the aggregated 
population-level (i.e. the size-at-age matrix used in the stock assessment)?  

2. How do local spatial and spatio-temporal variation impact the size-at-age matrix? 
3. How does local variation in size versus abundance contribute to the size-at-age matrix? 
4. How does our spatio-temporal model of the size-at-age matrix affect the stock assessment 

predictions of population biomass compared to a simple empirical estimate? 
 
To do so, we develop a spatio-temporal model for size-at-age and fish density, and use this to 
calculate the population-level size-at-age, i.e. the “size-at-age matrix”, that is used as input within 
many stock-assessment models worldwide (e.g. Kuriyama et al. 2016). We then evaluate the 
drivers within the model and explore its inclusion in a stock assessment compared to a simple 
empirical estimate.   

1.3 METHODS 

We aimed to estimate annual time series of population size-at-age (i.e. a size-at-age matrix) for 
Bering Sea walleye pollock that incorporated local spatial variability in size-at-age while also 
compensating for shifts in the relative density of areas with small and large fishes. This required 
an estimate of two response variables—average size and fish density—for each age class for each 
year in distinct locations across the Bering Sea. Then, to aggregate the local size-at-age at each 
location up to the population level, we area-expanded fish density to abundance and weighted the 
size-at-age at each location by the local abundance-at-age in that year to calculate the population-
level “size-at-age matrix”. We therefore sought to estimate density and size in a joint model. To 
accommodate estimating both response variables in a single joint model, we used a flexible model 
structure (a  Poisson-link delta approach to a generalized linear mixed model ) that predicts 
density-at-age 𝑛!,#,$	 and size-at-age 𝑤!,#,$	for each year y and age a for distinct locations in space 
g, while accounting for annual effects and spatial fields that cover spatially and temporally 
dynamic latent variables. We then evaluated how these estimates might affect key outcomes in a 
stock assessment model. 

1.3.1 Data compilation 

The model was fitted to data collected from the NOAA Groundfish Bottom Trawl Survey from 
1982—2019. Estimating size-at-age relied on the specimen age ai (years), weight vi (grams), and 
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length li (millimeters) measurements that are sub-sampled as part of hauls in the survey. Surveys 
were not conducted in 2020, and completed survey data from 2021 was not available at the time 
of this study. Surveys from 1984—1998 did not measure individual fish weights because motion-
compensating scales were not widely available at that time (e.g. Wilson and Armestead 1991, 
Walters 1997, Nebenzahl and Goddard 2000). After 1991, specimen weights were sampled 
sporadically, and were consistently measured from 1999 onwards. For 1984—1999 weight was 
estimated from measured lengths using sex-specific weight-length conversion parameters (Ianelli 
et al. 2021) (Appendix A). Individual fish from the northern Bering Sea survey were not aged by 
the time this study was completed. Additionally, there was no specimen data available for age-14 
in 2018 and age-15+ in 1986 and 2019. The density-at-age data that we used is the age-stratified, 
density-dependence-corrected catch-per-unit-effort (CPUE) per haul (numbers of fish hectare-1) ci 
(see Kotwicki et al. (2014) for details). Figure 1 shows the spatial distribution of survey data for a 
subset of years, and the general geographic extent of CPUE and specimen weight or length data is 
similar. See Appendix B Figure 1 for full time series of locations of specimen weight and length 
data and Appendix B Figure 2 for CPUE data. 
 

 

Figure 1. Bottom trawl survey locations in the Bering Sea for subset of years to show extent of survey over time.  
 

1.3.2 Model structure 

Average local size 𝑤$,!,#	for each year y and age a for distinct locations in space g was estimated 
using a log-linked generalized linear mixed model. The model includes a single linear predictor 
that contains terms for temporal variation 𝛽, spatial variation 𝜔, and spatio-temporal variation 𝜀. 
 
log*𝑤$!,!!,#!+ = 𝛽		!!,#!-./

&'()*+!,	-!+.!/.*0

+ 𝜔$!,!!-./
1)!/.!,	-!+.!/.*0

+ 𝜀$!,!!,#!-./
1)!/.*2/'()*+!,	-!+.!/.*0

                    [1]                              

 
Temporal variation was estimated as a fixed effect for each age a and year y, and represents a fixed 
intercept for each age and year. Spatial and spatio-temporal variation were estimated as Gaussian 
random effects with mean 0 and were assumed to follow a multivariate normal distribution with 
covariance matrices 𝜎34𝐑𝛚 and 𝜎64𝐑6. Covariance matrices include the correlation between 
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locations, calculated using a Matérn function in the correlation matrices 𝐑𝛚 and 𝐑6, which are 
governed by a shared decorrelation rate κ (i.e. the distance that locations are uncorrelated), and the 
estimated marginal variances 𝜎7 and 𝜎6 .		Spatio-temporal variation also follows an auto-regressive 
process, governed by the autocorrelation parameter 𝜌6. 
 
𝛚𝒂~MVN(𝟎, 𝜎34𝐑𝛚)                       [2] 

𝛆𝒂,𝒚~@
MVN(𝟎, 𝜎64𝐑6) if	𝑡 = 1

MVN*𝜌6𝛆𝒂,𝒚2𝟏, 𝜎64𝐑6+ if	𝑡 > 1                 [3] 

The measured size 𝑣. is assumed to follow a lognormal distribution, with log-mean log*𝑤$!,!!,#!+ 
and log-variance 𝜎;4. 
 
Pr(𝑉 = 𝑣.) = 	lognormal(𝑣.| log*𝑤$!,!!,#!+ , 𝜎;

4)                        [4]           

In order to weight the local size estimates from this size-at-age model by the local abundance at 
each location in each year, we additionally needed a similar spatio-temporal model of density-at-
age 𝑛$,!,#	 for each year y and age a for distinct locations in space g. However, catch rates contain 
many zeroes for certain ages in certain years (Martin et al. 2005). To accommodate for zero-
inflation in the model of abundance, we used a Poisson-link delta approach to a generalized linear 
mixed model (Thorson 2018). This approach calculates the probability of encounter 𝑟<,. from a 
Poisson distribution whose rate parameters are governed by linear predictor 𝑝<,. (i.e., a 
complementary log-log link function),  and the density if encountered 𝑟4,. from the Poisson 
distribution modeled as 𝑝<,., and a gamma-distributed multiplier of counts whose mean and 
variance are determined by a linear predictor 𝑝4,. . Thus, the encounter rate 𝑟<,. and density if 
encountered 𝑟4,. equal: 
 
𝑟<,. = 1 − 𝑒2'

"#,!	                 [5] 
 
𝑟4,. =

	'"#,!

+#,!
× 𝑒)&,!                 [6] 

 
Final estimated density 𝑛.	 is then the product of 𝑟<,. and 𝑟4,., such that log(𝑛.) = 𝑝<,. + 𝑝4,.. 
 
Because both linear predictors are included in the calculation of positive catch rates 𝑟4,., including 
the three variation terms in the first linear predictor includes them in both 𝑟<,. and 𝑟4,.. To simplify 
the model for computational efficiency, temporal, spatial, and spatio-temporal variation are 
included in the first linear predictor, 𝑝<,. , while only temporal variation was included in the second 
linear predictor. When using the Poisson-link delta model, the variance associated with the second 
linear predictor is typically small, and we can assume that excluding the terms in the second linear 
predictor will have negligible impacts on the model estimates (see Thorson et al. 2018). 
 
𝑝<,. = 𝛽		<,!!,#!-S.S/

&'()*+!,	-!+.!/.*0

+ 𝜔$!,!!-./
1)!/.!,	-!+.!/.*0

+ 𝜀$!,!!,#!-./
1)!/.*2/'()*+!,	-!+.!/.*0

                           [7]                              
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𝑝4,. = 𝛽		4,!!,#!-S.S/
&'()*+!,	-!+.!/.*0

                [8] 

 
The probability of not encountering an age-class in a given sample [i.e. Pr(𝐶.=0)] equals 1 − 𝑟<,., 
and the positive catch rates 𝐶. >0 were assumed to follow a gamma distribution, governed by shape 
parameter 𝑘 and scale parameter 𝜃, with mean 𝑟4,. and coefficient of variation 𝜎+, where 𝑘 = <

='&
 

and 𝜃=𝑟4,. 	× 	𝜎+4. 

Pr(𝐶 = 𝑐.) = @
1 − 𝑟<,. if	𝑐 = 0

𝑟<,. × gamma{𝑐|𝑟4,. , 𝜎+4} if	𝑐 > 0                         [9] 

 
We implemented this joint spatio-temporal size- and density-at-age model using the R package 
VAST version 3.8.2 (Thorson 2019). This package allows the flexibility to do a multivariate 
spatio-temporal model, essentially treating each size- and density-at-age as a different response 
variable (i.e. category). Each category is specified with its probability distributions and link 
function, and separate spatial (i.e. omega term) and spatio-temporal (i.e. epsilon term) variation 
are estimated for each size- and density-at-age. Spatial and spatio-temporal terms are not correlated 
across ages. This package also allowed the flexibility to estimate both size- and density-at-age by 
using a Poisson-link delta approach that estimated density-at-age as in Equations 5—9, but 
essentially fixed the encounter probability for size-at-ages at 1 (i.e. 100% encountered) to 
ultimately estimate size-at-age by a single linear predictor. For additional details on how this joint 
model was coded in VAST, see Appendix D. Additional information on code and documentation 
of the VAST package is available at https://github.com/James-Thorson-NOAA/VAST.  
 
Ultimately, the model extrapolated size and abundance by predicting density-at-age 𝑛$,!,#	 and 
size-at-age 𝑤$,!,#	for each year y and age a for distinct locations in space g. The model estimated 
spatial and spatio-temporal effects across 500 points (i.e. termed “knots” in VAST) that were 
uniformly distributed across the Bering Sea and used bilinear interpolation to cover the entire 
geographic extent of the model (in this case, the Bering Sea) between these points with 51,769 
distinct locations (i.e. grid cells g). We established that 500 knots was sufficient by qualitatively 
comparing model predictions over a range of knots. Density- and size-at-age were estimated for 
each of the years 1982—2019 at each of these 51,769 locations spanning the region. 
Approximating the multivariate normal distribution was accomplished using the SPDE method 
(Lindgren et al., 2011), and the matrices involved were calculated using R-INLA (Lindgren & 
Rue, 2015). See Appendix Figure 3 for the map of the SPDE mesh and Appendix Table 2 for 
estimated model parameters. 
 

1.3.3 Annual population size-at-age 

From these 51,769 local estimates of size-at-age for each year, we wanted an average annual 
population-level size-at-age (i.e. “size-at-age matrix”) that incorporated local variation in size and 
compensated for the local abundance. This is because the stock assessment model requires a size-
at-age matrix with dimensions age x year. To that end, for each year we calculated a weighted 
average of size-at-age, weighted by the local abundance. First, the modeled density 𝑛$,!,#	  per age 

https://github.com/James-Thorson-NOAA/VAST
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a, year y, and grid cell g (in number of fish hectare-1) was expanded by the area 𝐴$ of the grid cell 
(in kilometers2) to calculate area-expanded abundance 𝑛\$,!,# (with units numbers of fish) using 
Equation 10. 𝑛\$,!,#was then summed across all grids per year and per age to calculate the annual, 
population-level area-expanded abundance 𝑛\!,#. 
        
𝑛\!,# =	∑ (𝑛$,!,#	 × 𝐴$)>

$?<                      [10] 
 
Second, a weighted-average of size for each age class and year, 𝑤̂!,# , was calculated by weighting 
size-at-age 𝑤!,#,$ by the abundance associated with this extrapolation point 𝑛$,!,#	 × 𝐴$. 
       
𝑤̂!,# = ∑ [𝑤$,!,# × (

0(,),*	×A(
0B),*

	)]$
$?<            [11] 

1.3.4 Question 1: Spatial and temporal patterns of size-at-age 

We descriptively evaluated spatial and temporal patterns in the model predictions of size and 
abundance at the local level and in population-level size-at-age matrix. We also calculated the 
coefficient of variation (CV) in size for each age class to quantify the extent of variation and 
compare patterns in size-at-age. 
 
We were also interested in comparing our spatio-temporal model of the size-at-age matrix to a 
non-spatially explicit simple estimate. For this simple empirical estimate, we calculated the 
weighted average of size-at-age per year from the observed size data, weighting mean size-at-age 
in each haul by catch-at-age in that haul from the survey data. (See Appendix C for detailed 
equations.) 

1.3.5 Question 2: Impact of spatial and spatio-temporal variation on size-at-age matrix 

We sought to compare how much spatial versus spatio-temporal variation impacted the model 
predictions of the size-at-age matrix used in the Bering Sea walleye pollock stock assessment. A 
greater contribution of  spatio-temporal variation indicates that there are important transient annual 
changes in habitat suitability. To do so, we used a method similar to adjusted predictions or 
marginal effects (e.g Williams 2012, Bornmann and Williams 2013, Mize 2019) and to the 
counterfactual approach in Thorson et al. (2017), where model predictions are compared when 
some variables in the model are held constant while the variable of interest fluctuates as a way to 
evaluate the effect of each variable within the model. In our study, the spatial term 𝜔$,!		and spatio-
temporal term 𝜀$,#,!		from each grid cell was each alternately replaced with the respective mean to 
calculate a reduced model (i.e. no spatial or no spatiotemporal variation term) of population size-
at-age 𝑤̂!,# for the size-at-age matrix. Because spatial and spatio-temporal terms are random 
effects with means of 0, this essentially “zeroes out” the term and allows us to see from the change 
in model prediction the relative impact of spatial or spatio-temporal variation in the model. We 
used this approach, rather than compare predictions between alternative model fits, because we 
aimed to compare the relative strength of each type of variation within our model structure when 
both spatial and spatio-temporal variation are estimated. Our approach allows us to quantify the 
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effect of each model component when used in the inverse-link transformed linear predictor, and 
hence provides a more useful summary that simply interpreting the estimated standard deviation 
of each model component as its “importance”.  The percent difference between 𝑤̂!,# in the reduced 
model (i.e. no-spatial or no-spatiotemporal variation) from the full model (i.e. all forms of 
variation) was then calculated for each year. We interpreted the greater percent difference between 
the simplified and full model as indicating a greater impact of that source of variation.  

1.3.6 Question 3: Contribution of local variation in size versus abundance to size-at-age 

matrix 

We similarly evaluated how the size-at-age matrix was impacted by accounting for the local 
variation in size and by local abundance. To do so, we alternately replaced the grid-level 
abundance-at-age and grid-level size-at-age with their average across all years, and re-calculated 
the size-at-age matrix using these values. Specifically: 

• To isolate the impact of correcting for local abundance, the local area-expanded abundance 
𝑛\$,!,# was replaced with the mean abundance-at-age for each grid cell across all years, 𝑛\a$,!. 

• Alternately, to isolate the effect of local size-at-age, the local size, 𝑤$,!,#, was replaced 
with the average size for each grid cell for each age class 𝑤bC,D	across years and subsequently 
used to calculate annual size-at-age 𝑤̂!,#. 

The percent difference between 𝑤̂!,# in the reduced model (i.e. no local temporal variation in size 
or no local temporal variation in density) from the full model was calculated for each year.   
 

1.3.7 Question 4: Stock assessment comparison 

We evaluated how using our spatio-temporal model to calculate the size-at-age matrix 𝑤̂!,# —
incorporating local spatio-temporal variation in size and weighting by abundance—impacts 
outcomes of the stock assessment. We did so by comparing the walleye pollock stock assessment 
model (see Ianelli et al. 2021) using our spatio-temporal size-at-age matrix compared to using the 
simple empirical estimate (see above). Because there was no specimen data available for age-14 
in 2018 and age-15+ in 1986 and 2019, we used average values since there were no model 
estimates for those age classes in those years. We ran the Bering Sea walleye pollock stock 
assessment model using each size-at-age matrix method and compared the total estimated biomass 
and the predicted numbers of fish in the stock from the stock assessment model. We compared the 
fit of the stock assessment model using each size-at-age method to the trawl survey biomass using 
Akaike Information Criteria (AIC), where a value of <2 is weak, >10 is very strong, and between 
these is intermediate (Burnham and Anderson 2002) . 
 

Table 3. Variable names and symbols used in data processing and model outputs 

Name Symbol Units 

Indices   
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Specimen (data) i -- 

Haul (data) h -- 

Age (data and model) a year 

Year (data and model) y -- 

Grid cell (model) g -- 

Data Inputs 
 

 

Fish specimen size (weight) vi grams 

Fish specimen fork length li Millimeters 

Catch rate (density-corrected catch-per-unit-effort) ci Number of fish hectare-1 

Model Components   

Temporal variation 𝛽 -- 

Spatial variation 𝜔 -- 

Spatio-temporal variation 𝜀 -- 

Linear predictor 𝑝 -- 

Encounter probability 𝑟< -- 

Density if encountered 𝑟4 -- 

Autocorrelation for spatio-temporal variation 𝜌6 -- 

Spatial correlation matrix for spatio-temporal 
variation 

𝐑6 -- 

Spatial correlation matrix for spatio-temporal 
variation 

𝐑𝛚 -- 

Shape parameter of gamma distribution 𝑘 -- 

Scale parameter of gamma distribution 𝜃 -- 

Model Outputs   

Fish density (i.e. density) n Number of fish hectare-1 (or km-

2) 

Abundance 𝑛\ Number of fish 
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Size (i.e. weight) w Grams 

Abundance-weighted size 𝑤̂ Kilograms 

Area A Kilometer2 
 

1.4 RESULTS 

1.4.1 Question 1: Spatial and temporal patterns of size-at-age 

Size-at-age varied across the Bering Sea and among years. Across the Bering Sea, we found some 
persistent spatial patterns (i.e. spatial variation). For instance, age-1 pollock size reached 30-40g 
in the western extent of its range, while averaging only 10-20g in the eastern extent of the range 
(Figure 2). Age-9 pollock were typically larger at the eastern end of the range than the western, 
reaching 2000g in some years in the eastern end while less than half that size in the western end 
(Figure 2). However, the spatial patterns of size differed among years (i.e. spatio-temporal 
variation). For example, an area of particularly higher age-1 size appeared in the northeast in 2019 
(Figure 2), and some years exhibited more variability in size across the region. For example, while 
there was great spatial variation and stratification of size in age-9 pollock in 1982 and 2000, there 
was a more uniform size-at-age across the entire Bering Sea in 1990 and 2019. 
 
The overall magnitude of spatial variation in size also differed among age classes. The youngest 
age classes showed the greatest variation across grid cells (Figure 3), with a CV of 42% for age-1 
and 39% for age-2 pollock. There was a marked decline in variation for older ages. CV dropped 
to 30% for age-3 and further declined to ~18-22% for each age classes 4-15+.  
 
There was also a trend of declining size-at-age over the study period for all but the youngest age 
classes at both the local and population level (i.e. the size-at-age matrix). Beginning in 2015 
through 2019, there was a distinct, uniform decline in weight for age-8 pollock and older across 
the entire Bering Sea, while this was not evident in younger ages (e.g. see Appendix E Figure 4). 
At the population level, size-at-age from the first modeled year (1982) to the last modeled year 
(2019) declined by 24% for age-1 pollock, increased by 12—60% for age-2 through age-5 pollock, 
and declined by 15—30% for age classes 6—8, and 35—50% for age classes 9 and older (e.g. 
Figure 4 and Appendix E Figure 5).  
 
Our spatio-temporal size-at-age matrix differed from the simple empirical estimate (i.e. the non- 
spatially explicit, simple empirical average) of size-at-age. Though this non-spatial estimate 
somewhat tracked fluctuations in the model size-at-age, it often fell outside the confidence range 
(Figure 4 and Appendix E Figure 5). 
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1.4.2 Question 2: Impact of spatial and spatio-temporal variation on size-at-age matrix 

The size-at-age matrix was impacted by both spatial and spatiotemporal variability. Both latent 
persistent spatial and transient spatio-temporal patterns in size across the Bering Sea contributed 
to the fluctuations in the population-level size-at-age matrix. Population-level size-at-age that 
excluded spatial or spatio-temporal variation differed from the full model (Figure 5 and Appendix 
E Figure 6), though the magnitude of the impact varied between age classes. Spatial variation had 
the largest impacts in age-1 and ages 5-7, with 10-25% average impact on annual size-at-age. 
However for the remaining age classes, the impact of spatial variation was relatively minor, with 
an average difference of 8-14% for age-8—14, and almost zero impact on age-3 and age-15. 
Spatio-temporal variation had an overall lower impact on more age classes, ranging from 2-8% for 
age-1 and age 4—15, and only had a larger impact on age-2 and age-3 pollock (14% and 20%, 
respectively). Overall, spatial and spatio-temporal variation had relatively similar magnitude of 
impact on the size-at-age matrix. 

1.4.3 Question 3: Contribution of location variation in size versus abundance to size-at-age 

matrix 

Annual fluctuations in the weight-at-age matrix were almost entirely due to changes in local size 
between years, rather than shifts in local fish abundance (Figure 6). Inter-annual fluctuations in 
size-at-age were markedly dampened when local variation in size-at-age was removed, but were 
not substantially changed when local variation in abundance was removed. Incorporating local 
variation in abundance-at-age but holding local size constant caused an 11-19% average difference 
(Figure 6 and Appendix E Figure 7). Including local changes in fish size while holding local 
abundance-at-age constant on average caused only a 2-8% average difference (Figure 6). Overall, 
accounting for the changes in local size-at-age processes year-to-year had a substantial impact 
when extrapolating to the population level, while compensating for local changes in fish density 
did not greatly change the size-at-age matrix value.  

1.4.4 Question 4: Stock assessment comparison 

The spatio-temporal size-at-age matrix did marginally change estimated annual biomass and 
numbers of fish from the walleye pollock stock assessment (Figure 7) compared to the simple 
empirical mean. The stock assessment model using our spatio-temporal size-at-age resulted in a 
slightly improved fit than a model using the simple empirical estimate (DAIC=3.6). In particular, 
the spatio-temporal model resulted in marginally better predicted biomass in year 2003 (Figure 7), 
when the observed biomass in the bottom trawl survey was anomalously higher than the model 
estimates for that year. The spatio-temporal model was able better avoid the underestimation and 
capture the higher biomass that was a closer fit to the survey observation. A similar pattern is seen 
in 1991, though there is less divergence between the model and observation than 2003. The spatio-
temporal size-at-age matrix generally estimated lower size-at-age than the simple empirical 
estimate in 1991, except for much higher estimates in the oldest age-classes of 13—15+. In 2003 
size-at-age was also higher in the spatially explicit model in the oldest age classes, but also in some 
younger ages (Appendix E Figure 5). There was essentially no difference in the estimated numbers 
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of fish in the stock by the assessment model between size-at-age methods until the most recent 
several years (2015—2021), when the numbers of fish estimated using the spatio-temporal size-
at-age are consistently higher than the simple empirical estimate (Figure 4). This suggests that 
local-scale variation in weight did manifest in the demographic patterns of the population, and that 
accounting for these structures scaled up to impact the estimation of population-level metrics.  
 

 

Figure 2. Model estimates of area-expanded abundance (log(abundance, numbers of fish) and weight (grams) for age-
1 and age-9 walleye pollock (Gadus chalcogrammus) for subset of years (1982, 1990, 2000, 2010, and 2019). 
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Figure 3. Spatial coefficient of variation of estimated size-at-age of walleye pollock (Gadus 
chalcogrammus) in the Bering Sea for each age class, calculated as the standard deviation across 
all grid cells and all years divided by the mean across grid cells and years. 
 

 
Figure 4. Size-at-age matrix (i.e. annual abundance-expanded population size-at-age) from model 
estimates (dashed line) and standard error (grey shaded), compared to the simple empirical estimate 
(i.e. the simple empirical average, a non-spatially explicit weighted average of observations) (solid 
black line) for ages 1 (top panel) and 9 (bottom panel) walleye pollock. See Appendix E Figure 4 
for all age classes. 
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Figure 5. The size-at-age matrix (i.e. annual abundance-expanded population size-at-age) from the 
full model, including spatial, spatio-temporal, and temporal variation (solid black line) compared to 
1) removing spatial variation (dashed line) and 2) removing spatio-temporal variation (dotted line). 
See Appendix E Figure 5 for all age classes. 
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Figure 6. The population size-at-age matrix from the full model (i.e. calculating the abundance-
expanded size-at-age with both local size-at-age and local abundance-at-age) (solid black line) 
compared to the size-at-age matrix calculated using: 1) local abundance but mean size-at-age (i.e. 
showing the contribution of local size-at-age) (dotted line), and 2) mean abundance but local size-
at-age (i.e. showing the contribution of local abundance) (dashed line). See Appendix E Figure 6 for 
all age classes. 
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Figure 7.  Walleye pollock biomass from bottom trawl survey (top) and predicted numbers of 
fish (bottom) estimated from stock assessment model (Ianelli et al. 2021) using spatio-temporal 
size-at-age matrix (blue) and from the simple empirical estimate (a non-spatially explicit 
weighted average of observations) (red), compared to observed biomasses (black points). 

 

1.5 DISCUSSION 

We developed and demonstrated a population-level size-at-age matrix that accounts for both 
inherent differences in size-at-age between habitats across the region and movement of fish (i.e. 
shifts in distribution) among patches with smaller or larger size. Local spatial variation in size-at-
age, rather than local changes in abundance, largely governed variability in the resulting weight-
at-age matrix. Accounting for spatial and spatio-temporal variation in local size-at-age therefore 
considerably impacts the estimated population size-at-age. Spatio-temporal models, such as with 
VAST as done here, of abundance (e.g. Fenske et al. 2020) and age composition (e.g. O’Leary et 
al. 2020, Thorson and Haltuch 2018) have been used in stock assessments previously, but to our 
knowledge this is the first example of the approach being applied to size-at-age. While the stock 
assessment in our study was relatively robust to the method used to calculate survey size-at-age, 
climate change will make it increasingly important for fisheries to account for the rapid pace of 
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distribution shifts and environmental changes that species are likely to experience. The overall 
framework implemented here (spatio-temporal estimation and abundance-expansion of size-at-
age) could be widely applied to other systems and stock assessments to evaluate the sensitivity of 
estimates to changing species distributions and local changes in productivity and growth. 
 
This study highlights large decreases in size-at-age for pollock. Our model showed a general trend 
of a decline in size-at-age between the beginning and end of the study period in all but the youngest 
age classes of pollock. While age-2 through age-5 pollock did not see a decline, sizes of age-1 and 
ages-6—15+ in the final year of the study period (2019) were 15—50% lower than at the beginning 
(1982). This aligns with recent reports from fishers, who noted smaller than usual pollock in 2020 
and 2021 catches (Ianelli et al. 2021).  
 
This decline may be due to changes in environmental conditions or size-selective fishing. Declines 
in fish growth and size with ocean warming are expected due to increased metabolic demand and 
reduced oxygen availability in higher sea temperatures (Daufresene et al. 2009, Gardner et al. 
2011) and have been widely documented (e.g. Baudron et al. 2014, van Rijn et al. 2017). For 
instance, Pacific halibut mean size-at-age has declined at a similar magnitude to our study 
(Holsman et al. 2018), and has been attributed to both sea temperature (Holsman et al. 2018) as 
well as interspecific competition, density-dependent effects, and size-selective fishing (Clark and 
Hare 2002, Sullivan et al. 2018). Higher temperatures are also likely to reduce body size in larger 
and older individuals more than smaller and younger individuals (Ikpewe et al. 2020, Lindmark et 
al. 2022, Oke et al. 2022). Over the last several years (~2016—2021), the Bering Sea has 
experienced warmer than average temperatures (Ianelli et al. 2021). The age-class patterns we 
observed and recent environmental conditions of the Bering Sea would be consistent with an age-
specific growth response to environmental conditions.  
 
Size-selective fishing may also have contributed to the decline in size-at-age. Fishery-induced 
declines in size-at-age have been documented in numerous fisheries (Sharpe and Hendry 2009) 
such as Pacific halibut (Sullivan 2016, Sullivan 2018) and northern cod (Krohn and Kerr 1997). 
Size-selective fishing can lead to smaller body size through evolutionary pressure (e.g. Jorgensen 
et al. 2009, Swain et al. 2007) causing heritable genetic change (Uusi-Heikkila et al. 2015), 
phenotypic plasticity (Fenberg and Roy 2008), or the higher removal of faster-growing individuals 
of a population (i.e. the “Rosa Lee phenomen”, Kraak et al. 2019). In the Bering Sea pollock 
fishery, vessel operators pursue pollock that are optimal for cost-efficient processing and market 
demand and some vessels have modified gear to exclude smaller pollock (Ianelli et al. 2021). 
Further exploration of the links between spatio-temporal variation in size-at-age of walleye pollock 
in the Bering Sea and environmental conditions would help clarify the possible cause of declining 
size-at-age. 
 
This spatio-temporal model of size-at-age can improve stock assessments in several ways. Our 
estimated weight-at-age matrix incorporated the extensive local variation in size across the eastern 
Bering Sea. By jointly estimating size and abundance at a fine spatio-temporal scale, we also 
compensated for uneven distributions in fish abundance and shifts in distribution of fish throughout 
the region when expanding the local size estimates to the population size-at-age matrix. While the 
stock assessment was not substantially impacted by the method for generating the size-at-age 
matrix, the spatio-temporal and abundance-expanded size-at-age matrix did slightly improve the 
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fit of the model to the biomass survey data. For instance, the spatio-temporal size-at-age was able 
to slightly improve the model’s ability to capture the anomalously high biomasses observed in the 
bottom trawl survey in 2003 (and to a lesser extent in 1991). Lastly, a spatio-temporal model as 
done in this study can help extrapolate in time and space to account for shifting survey and stock 
extents (Adams et al., 2021; O’Leary et al., 2020, 2022). For instance, in this study weight 
observations of pollock in the northern Bering Sea were not available, and there is sparse data from 
that region because of limited surveys. Additionally, our joint modelling approach allows the size-
at-age matrix to include both uncertainty in estimates of size and uncertainty in estimates of 
abundance. Spatio-temporal approaches have become more common practice in some components 
of the stock assessment (such as biomass and age composition). While we did not see a marked 
change in the stock assessment outcome from our spatio-temporal method to size-at-age, 
accounting for spatio-temporal variation in other demographic metrics, such as size-at-age in this 
study, are the logical next step and will improve methodological consistency across a stock 
assessment. 
 
Extending our spatio-temporal framework of size-at-age to fishery size data could be particularly 
beneficial because fishery-dependent data tends to have more pronounced spatial variation in 
fishing effort. There are differences in selectivity between fleets (e.g. gear characteristics such as 
depth of fishing) and unbalanced sampling in areas of higher, or lower, fish abundance due to 
fishers preferentially targeting areas based on convenience, safety, profitability, etc. (Maunder et 
al. 2020). A spatio-temporal model of size-at-age from fishery data consequently would require 
additionally accounting for catchability and selectivity when weighting size-at-age by catch 
(Thorson et al. 2020, Maunder et al. 2020). Stock assessments can be sensitive to how fishery size-
at-age is estimated (Punt and Smith 2001). An accurate fishery size-at-age is necessary for 
correctly determining the number of fish caught by the fishery when landings are measured in 
weight, and consequently how actual fishing mortality compares to management limits (Ianelli et 
al. 2021). This study shows that it is feasible to take the grid-level output of size and abundance 
estimates from VAST and calculate a population average size-at-age, first weighting density by 
area and then weighting size by abundance. Including catchability covariates and weighting size 
by catch and fitting to fishery data would be a tractable extension of the model used in this study. 
 
Our model showed extensive local-scale differences in size-at-age across the region and across 
years, suggesting that there is significant variation in local growth processes. Certain areas may 
have intrinsic conditions that make them more or less favorable for growth (e.g. Williams et al. 
2003, Begg and Martensdottir 2002), contributing to the persistent spatial differences seen. Spatial 
patterns in pollock size have been previously observed; for instance, pollock in the northwest area 
have typically been found to be smaller than those in the southeast (Ianelli et al. 2020). 
Additionally, we saw annual differences in the spatial patterns that may indicate more transient 
changes in habitat conditions. We also saw some evidence of local shifts in abundance, though this 
was not as predominant as local variation in size-at-age. Passive dispersal and habitat selection can 
impact size-at-age if fish move to optimize foraging resources, to access spawning grounds, or to 
avoid competition or predators (Hanselman et al. 2015). Fish may also make dynamic migratory 
decisions based on energetic status, resulting in larger individuals migrating to different habitats 
than smaller individuals, such as has been seen in sablefish (Hanselman et al. 2015). In this study, 
however, local changes in growth processes, rather than shifts in distribution, seemed to be the 
principal driver of size-at-age. 
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Our spatio-temporal model of size-at-age also informs our understanding of how these local spatial 
and temporal patterns in size affect population-scale productivity. This has been identified as a 
“Grand Habitat Challenge” (Thorson et al. 2021b). Here, we developed a model of local size at a 
fine spatial scale, and expanded it to population-level abundance and productivity through the 
stock assessment. We show that persistent habitat conditions (spatial variation) and annual 
fluctuations in the suitability of a habitat for growth (spatio-temporal variation) caused local-scale 
variation in size-at-age over space and between years. Incorporating the variation in local size-at-
age was the main driver of the annual population size-at-age (i.e. the size-at-age matrix). This 
suggests that variation in local growth processes across years did have an impact on population-
level demographic metrics. In this study we therefore show a feasible approach to incorporate fine-
scale local demographic processes into population-level assessments. 
 
Being able to predict how demographic rates, such as growth and size, may respond to 
environmental change will also be crucial for incorporating the effects of climate change into stock 
assessment models (Punt et al. 2021). In the Bering Sea, climate change is likely to alter 
environmental conditions known to impact walleye pollock demographics. Declining sea ice cover 
and associated declines in zooplankton may reduce food availability and impact growth processes 
(Hunt et al. 2008, Mueter and Litzow 2008, Hunt et al. 2022) and recruitment (Mueter et al. 2011), 
and reduced bottom sea temperatures (i.e. the “cold pool extent) impacts a suite of demographic 
characteristics (Gruss et al. 2021). A model that can estimate size-at-age at fine spatial and 
temporal scales will enable better predictions of size-at-age, and the associated impacts on yield-
per-recruit and other elements of the stock assessment, under future climate scenarios. For 
simplicity, in this study we did not integrate environmental or catchability covariates or forecast 
future size-at-age. Rather, we focused on an initial assessment of the feasibility of applying spatio-
temporal models to size-at-age and abundance for stock assessments. It can often be difficult to 
identify the specific environmental features that cause observed variation in fish populations 
(Thorson et al. 2017, Dambrine et al. 2021), and addressing the latent spatio-temporal as done here 
was a tangible first step. The framework presented here can be expanded to incorporate 
environmental covariates and used for short-term forecasting.   
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Chapter 2. ESTIMATING A PHYSIOLOGICAL THRESHOLD TO OXYGEN 

AND TEMPERATURE FROM MARINE MONITORING 

DATA REVEALS CHALLENGES AND 

OPPORTUNITIES FOR FORECASTING 

DISTRIBUTION SHIFTS  

Publication history: This study was co-authored with Sean C. Anderson, Lewis A.K. Barnett, 
Eric J. Ward, and Timothy E. Essington. At the time this dissertation was submitted, a version of 
this chapter was published in Ecography (https://doi.org/10.1111/ecog.07413). 
 

2.1 ABSTRACT 

Species distribution modeling is increasingly used to describe and anticipate consequences of a 
warming ocean. These models often identify statistical associations between distribution and 
environmental conditions such as temperature and oxygen, but rarely consider the mechanisms 
by which these environmental variables affect metabolism. Oxygen and temperature jointly 
govern the balance of oxygen supply to oxygen demand, and theory predicts thresholds below 
which population densities are diminished. However, parameterizing models with this joint 
dependence is challenging because of the paucity of experimental work for most species, and the 
limited applicability of experimental findings in situ. Here we ask whether the temperature-
sensitivity of oxygen can be reliably inferred from species distribution observations in the field, 
using the U.S. Pacific Coast as a model system. We developed a statistical model that adapted 
the metabolic index—a compound metric that incorporates these joint effects on the ratio of 
oxygen supply and oxygen demand by applying an Arrhenius equation—and used a non-linear 
threshold function to link the index to fish distribution. Through simulation testing, we found 
that our statistical model could not precisely estimate the parameters due to inherent features of 
the distribution data. However, the model reliably estimated an overall metabolic index threshold 
effect. When applied to case studies of real data for two groundfish species, this new model 
provided a better fit to spatial distribution of one species, sablefish (Anoplopoma fimbria),than 
previously used models, but did not for the other, longspine thornyhead (Sebastolobus altivelis). 
This physiological framework may improve predictions of species distribution, even in novel 
environmental conditions. Further efforts to combine insights from physiology and realized 
species distributions will improve forecasts of species’ responses to future environmental 
changes.  

2.2 INTRODUCTION 

Range shifts of aquatic and terrestrial species are widespread, although the velocity and 
magnitude vary with taxa and system (Lenoir et al., 2020). Anticipating how species 
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distributions might shift under future climate conditions can enable more effective conservation 
and natural resource actions. Predicting these range changes can inform disease and parasite risk 
analysis (Polley & Thompson, 2009; Rohr & Cohen, 2020), invasive species control (Beaury et 
al., 2020; Smith et al., 2022), protected area design (Monzón et al., 2011; Hoffmann et al., 2019), 
and harvest management (Baudron et al., 2020; Bell et al., 2020).  
 
However, there are limits to our ability to forecast species range shifts. For instance, correlative 
species distribution models (SDMs), a type of habitat suitability model (Hirzel & Le Lay, 2008), 
have been a common approach to predict species responses to climate change (Franklin, 2010; 
Warton & Shepherd, 2010; Swanson et al., 2013; Melo-Merino et al., 2020). These models 
identify historical associations between species densities and relevant environmental conditions 
to explain past shifts and forecast future shifts. Relying on correlations from the past may 
provide unskillful forecasts as climate change pushes environmental conditions far outside those 
seen in the past (Williams & Jackson, 2007; Marshall et al., 2017; Rollinson et al., 2021; Smith 
et al., 2022). Ecological systems may have novel responses to these anomalous conditions 
(Williams & Jackson, 2007; Hobbs et al., 2009) and often exhibit changing relationships over 
time (e.g. Myers 1998; Asch et al., 2022). For instance, the temperature-recruit relationship for 
Pacific sardine (Sardinops sagax) used in operational stock assessments was no longer 
significant when re-evaluated with more recent data (McClatchie et al., 2010). Predictions based 
on historical relationships may consequently break down when used in forecasting (Veloz et al., 
2012; Muhling et al., 2020; Barnes et al., 2022), especially in novel environments (Waldock et 
al., 2022).  
 
Incorporating mechanistic relationships into SDMs is one approach to include biological realism 
and improve inference and forecasting ability (Kearney & Porter, 2009; Martínez et al., 2015; 
Urban et al., 2016; Urban, 2019; Briscoe et al., 2023). For marine taxa, one possible mechanistic 
pathway for predicting responses to climate change is considering the joint effect of temperature 
and oxygen on metabolism (e.g. Methorst et al., 2017; Duncan et al., 2020). Due to climate 
change, ocean temperatures are projected to to increase (Cheng et al., 2019), and extreme 
heatwave events are becoming more frequent (Frölicher et al., 2018; Laufkötter et al., 2020). 
There will also likely be widespread oxygen depletion (Diaz & Rosenberg, 2008). Temperature 
governs metabolic rate and therefore oxygen demand (Gillooly et al., 2001; Brown et al., 2004). 
Temperature and oxygen may therefore jointly govern tolerances to environmental conditions 
through these metabolic requirements (Pörtner & Knust, 2007, Pörtner 2010, Verberk et al., 
2016a, Pörtner et al., 2017, Leiva et al., 2019), though there is ongoing debate on the exact way 
and extent to which limitations may occur (e.g. see Verberk et al., 2016b, Lefevre et al., 2017, 
Jutfelt et al., 2018, Seibel and Deutsch 2020, Verberk et al., 2020, Scheuffele et al., 2021, 
Atkinson et al. 2022). Yet overall, parameterizing the interactive effect of temperature and 
oxygen in the metabolic index, rather than separately or linearly, can provide a framework rooted 
in physiological theory to explain historical effects of temperature and oxygen on distributions. 
This can help better identify habitats important for fish population processes (i.e. for designating 
essential fish habitat, Rosenberg et al., 2000; Moore et al., 2016) and predict future range shifts, 
contractions, or expansions.  
 
One way to capture how the interaction between oxygen and temperature shapes species’ 
distribution is the “metabolic index” (f) a compound metric that incorporates the joint effects of 
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temperature and oxygen on the ratio of oxygen supply to oxygen demand (Deutsch et al., 2015). 
Theory predicts a ratio below which aquatic taxa are likely to avoid due to insufficient 
temperature-oxygen conditions for metabolic functioning (Deutsch et al., 2015). We recognize 
that there are other possible frameworks for combining the effects of oxygen and temperature on 
fish (e.g. the aerobic growth index in Clarke et al. 2021, Moreé et al. 2023; Ern 2019), yet 
comparison of different frameworks is beyond the scope of this study. The metabolic index was 
found to closely align with species distributions across biogeographic scales to define species’ 
range limits (Deutsch et al., 2020; Sunday et al., 2022) and has been used to explain 
contemporary distributions (Franco et al., 2022, Penn & Deutsch, 2024), past extinction events 
(Penn & Deutsch, 2022), and predict future marine habitat shifts (Chen et al., 2024).  
  
Using the metabolic index (or a similar ecophysiological metric) in statistical species distribution 
models may improve predictions of distribution shifts under future climate regimes. However, 
implementing this approach is often challenged by the paucity of information on how the ratio of 
oxygen demand and supply scale with temperature. Most data to estimate the metabolic index are 
derived from laboratory studies. Because of the time and logistical demands of such studies, such 
information is only available for a small number of marine taxa. A recent empirical meta-
analysis used taxonomic imputation of data from 74 marine taxa to evaluate the parameters of 
the metabolic index across species (Essington et al., 2024). This approach (see Penone et al., 
2014; Debastiani et al., 2021; Thorson et al., 2021b) is a rigorous statistical model that accounts 
for phylogenetic relationships to predict traits for unmeasured species. The empirical meta-
analysis found that the temperature-sensitivity of oxygen tolerance was highly variable across 
taxa and could not be precisely predicted for unmeasured species from existing data. Moreover, 
the applicability of experimental findings to explain distributions in situ is limited (e.g. Essington 
et al., 2022; Bandara et al., 2023) owing to the wide range of physiological acclimations and 
potential for local adaptation.  

Here, we evaluate the reliability of a new approach to estimate a physiologically-based (i.e. 
metabolic index) temperature-dependence of oxygen tolerance from species distribution data 
within a statistical model, using the U.S. Pacific coast as a model system. This approach aims to 
overcome limitations of laboratory studies by estimating this component of the metabolic index 
(the temperature-dependence of oxygen tolerance) from widely available data (e.g. species 
distribution data collected from the field). While our approach is not directly mechanistic, we 
aim to (1) improve existing methods by basing the response of fish to temperature and oxygen in 
a more physiologically and ecologically realistic relationship than considering temperature and 
oxygen independently or linearly, and (2) illustrate data limitations and gaps in estimating 
metabolic responses. 

We first developed a statistical model that simultaneously estimates relevant metabolic index 
parameters and estimates the effect of temperature and oxygen (metabolic index) on local fish 
density (i.e. estimates parameters that describe this function). We then used simulation testing to 
evaluate whether our new model could accurately recover parameters, a standard practice when 
developing quantitative methods. For this, we simulated data of fish density and distribution 
from our model with specified parameters, fit our new model, and then compared estimated 
parameter estimates with the known values (i.e., those used in simulation). Finally, we fit the 
model to real-world data of two Pacific coast demersal fish species as case studies to evaluate 
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model performance and behavior, and to demonstrate how the model can be used to evaluate the 
extent to which oxygen, temperature, or the metabolic index governs fish distributions.  

2.3 METHODS 

2.3.1 Model structure 

We modified a geostatistical generalized linear mixed effects model (GLMM) widely used for 
correlative SDMs that estimates local population densities as a function of observed and latent 
environmental variables. This approach is generic and could be extended to other models 
consistent with a GLMM framework. These modifications were twofold. First, we introduced an 
additional term that would allow for an asymptotic effect of oxygen on local abundance, which 
recognizes that oxygen is a limiting factor. Second, we accounted for the interactive effect of 
pO2 and temperature as described by the metabolic index. We describe these steps in detail 
below and provide a graphical summary of the modeling framework in Figure 1. 
 
The SDM is a generalized linear mixed effects model (Eq. 1) that estimates the expected density 
𝜇 of observation i with a log link 
  
log	(𝜇.) = 𝑏#'!+[.]𝑡. +	𝑏4𝑑. + 𝑏G𝑑.4 + 𝜔.           Eq.1 

 
where 𝑏#'!+ are independent year effects for each year 𝑡., 𝑏4 and 𝑏G are the estimated effects of 
scaled log(depth) (𝑑.) and its square (𝑑.4), and 𝜔. is a spatial random effect that accounts for 
spatially structured latent variables. Depth is included because fish have depth preferences 
separate from other environmental conditions (e.g. sablefish in Sogard and Berkely 2017). We 
model spatial effects using the stochastic partial differential equation (SPDE) approximation to 
Gaussian random fields via Gaussian Markov random fields (GMRFs) (Lindgren et al., 2011) as 
implemented in TMB (Kristensen et al., 2016). The random effects describing the spatial field 
are estimated at a set of vertices or knots and then projected to the locations of observed data 
with bilinear interpolation, assuming spatial covariance is modeled using a GMRF with a Matérn 
covariance function and anisotropy. The approach allows modelling a sparse precision matrix of 
a GMRF, which is considerably more efficient than modelling the covariance matrix of a 
Gaussian random field directly (Lindgren et al., 2011). Given that observations in catch-per-unit-
effort (CPUE) data typically include positive continuous values and zeros, we assumed the 
observed process followed a Tweedie distribution (Shono, 2008, Tweedie 1984) so that the ith 
observation is drawn from a Tweedie distribution with mean 𝜇., power parameter p, and scale 
parameter s. 
 
We made two adjustments to the linear structure of the above model (Eq. 1), depicted visually in 
Figure 1. One, the model uses oxygen and temperature and estimates the parameter 𝐸! to 
generate the portion of the metabolic index (the temperature-dependence of oxygen tolerance) 
that can be uniquely estimated in this statistical modelling framework (Φ'H*,.) (see Appendix A). 
The symbol Φ'H*	is defined as the terms of the metabolic index that depend on pO2 and 
temperature (see Appendix A for derivation, Eqs. S5—S7): 
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Φ'H*,. 	 = 		𝑝𝑂2,𝑖	exp	 g
𝐸0
𝑘𝑏
( 1
𝑇𝑖
− 1

𝑇𝑟𝑒𝑓
)h                                       Eq. 2 

where 𝐸I is an estimated parameter that describes the temperature dependence of the ratio of 
oxygen supply to demand, kb is Boltzmann’s constant, and Tref  is a reference temperature (here 
chosen as 12 C). Both T and Tref  are in Kelvin units in Eq. 2. 
 
Second, we defined a function f(Φ'H*,.) that takes the calculated Φ'H*,. and estimates parameters 
that governs the predicted mean density at a sample site, and is added to the suite of linear 
predictors in equation 1: 
 
log	(𝜇.) = 𝑏#'!+[.]𝑡. +	𝑏4𝑑. + 𝑏G𝑑.4 + 𝜔. + 𝑓*Φ'H*,.+           Eq. 3 
 
Here, 𝑓(Φ'H*), when exponentiated, acts as a multiplier to diminish predicted mean density 
when oxygen and temperature conditions are estimated to be physiologically stressful. We 
expected this to be a monotonically increasing function that asymptotes at 1, i.e. there is no 
additional benefit of oxygen and temperature on density once oxygen and temperature exceed 
limiting values, following typical fish responses to environmental conditions (Farrell & 
Richards, 2009). We therefore needed to choose a functional form for 𝑓(Φ'H*) such that 𝑒J(L+,-) 
is asymptotic and bounded between 0 and 1. The following function meets these criteria: 
 
𝑓(Φ'H*) = 𝜓 m 1

1+exp(−𝛼0−𝛼1L+,-)
− 1n           Eq. 4 

 
where 𝛼!and 𝛼2 are parameters describing a sigmoidal curve (based on a modified logistic 
function) and ψ scales the function (example plot of this function shown in Figure 1). We re-
parameterized Eq. 4 to both work in the log-linear model framework and to have more easily 
interpretable parameters (see Appendix A, Eqs. S1—S4): the value of Φ'H*  at which the 
exponentiated value of the function 𝑓(Φ'H*) equals 0.5, s50 (i.e. the value of Φ'H* that reduces 
fish density by 50%) and the value of Φ'H* where the exponentiated value of the function equals 
0.95, s95	(i.e. the value of Φ'H* that reduces fish density by 5%). All parameters of the model 
are estimated simultaneously using maximum marginal likelihood.  
 
To implement this model, we have added a feature within the widely used sdmTMB package 
(Anderson et al., 2024) that requires a simple addition to the model formula (see [github link will 
be provided for publication after peer-review process is completed] for example vignette. 

2.3.2 Simulation testing 

To evaluate whether our model could accurately estimate the metabolic-index parameter	𝐸! and 
parameters of	𝑓(Φ'H*), we used simulation testing, a standard practice for testing model 
performance. This involves specifying values of all model parameters in an operating model, 
simulating data as if the model were “true”, and passing simulated data to the estimation routine. 
In this way, bias and precision of parameter estimates can be evaluated because the “true” 
parameter values are known. Our goals of this simulation were to ask: 1) How accurately could 
the model estimate key parameters relating local density to oxygen and temperature (E0 and 
s50)? 2) How accurately could the model estimate a response of local density to the combined 
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temperature and oxygen function 𝑓(Φ'H*)? 3) Does constraining model estimation with prior 
information on E0 improve accuracy? 4) How robust are parameter estimates to a hypothetical 
model mis-specification? 
 
We simulated data for fish density and distribution, using the U.S. Pacific coast as a model 
system. Our objective was to replicate the distribution of a hypothetical fish species that inhabits 
a broad range of depths, specifically extending through its oxygen minimum zone. For instance, 
sablefish and longspine thornyhead can both be found in habitat up to 1250 m deep (Appendix B 
Fig S5). We used year effects and a quadratic response to depth for sablefish based on the 
estimated parameters in Essington et al., (2022). We simulated datasets for two cases, reflecting 
contrasting effects of the temperature-dependence of oxygen tolerance. The first (i.e. “typical 
case”) represented a case where the simulated species’ temperature-dependence of oxygen 
tolerance (Eq. 2) was close to the median value from the empirical meta-analysis for a generic 
teleost (E0=0.3) in Essington et al. (2024), as described above. The second (i.e. “unusual case”) 
represents a case in which the simulated species’ temperature-dependence of oxygen sensitivity 
deviates greatly from the expected value (i.e. the median of the meta-analysis) and is roughly 
equal to the upper 90% of the meta-analysis distribution (E0=0.7). A higher value of E0 indicates 
a steeper sensitivity of oxygen tolerance to changes in temperature.  
 
For both cases, the 𝑓(Φ'H*)	threshold function parameters were selected to generate a reasonably 
shaped sigmoidal curve, where ~30% of observations fell below the s50 threshold (see Appendix 
B Table S1 for full values used in data generation and all equations and Fig S3 for simulated 
𝑓(Φ'H*)	response for typical and unusual cases). We used the actual latitude/longitude and 
temperature, oxygen, and depth of each haul from the West Coast Bottom Trawl Survey 
(WCBTS) data from 2010-2015, rather than simulating random locations, bathymetry, and 
environmental conditions. We wanted to retain the covariances and confounding effects of 
environmental conditions and space from the real data, thus challenging the model's ability to fit 
to data resembling real-world environmental and biological characteristics (see Appendix B Fig 
S2 for covariation plots). The WCBTS is a standardized trawl survey of the U.S. portion of the 
California Current (spanning the Pacific coast waters of Washington, Oregon, and California). It 
uses a random stratified design and has had consistent sampling procedures since 2003 (Keller et 
al. 2017). Using this environmental data and the specified parameter values, fish densities were 
then generated following Eq. 2-4 using sdmTMB (Anderson et al., 2024) for 250 unique datasets 
(Appendix B Fig S1). Each iteration was a randomized realization (varying in the specific year 
effects, spatial variation, and observation error) of the same true structure. We evaluated the 
number of iterations to ensure that it was sufficient for stable results (Appendix B Fig S4).  
 
To evaluate how well parameters could be recovered, we then fit a perfectly specified model to 
each simulated dataset (i.e., the fitted model was identical to the data generating model, Eq. 3), 
using sdmTMB (Anderson et al., 2024). To evaluate parameter estimation, we calculated overall 
accuracy (root mean squared error (RMSE) across all data iterations of each generating-fitting 
scenario); bias (difference between the maximum likelihood estimate (MLE) and the true value), 
and precision (standard deviation of the MLEs across all data iterations). To evaluate the 
accuracy of the estimated temperature-oxygen effect compared to the true effect size used to 
simulate data, we calculated the conditional effect of 𝑓(Φ'H*) for each data iteration (Eq. 4) and 
the RMSE compared to the true value. We evaluated the support for the “true” model in 
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comparison to alternative models (see models in Table 1) by calculating and comparing the 
marginal Akaike Information Criterion (AIC) (Akaike, 1974) for each iteration of generated data. 
This also provided an assessment of how well a standard model selection procedure could 
identify the correct model as the one most supported by the data. 
 
To assess the impact of using empirical information about physiological parameters on model 
performance, we repeated the same model fitting procedure for each simulated dataset as 
described above (i.e. “unconstrained model”), but applied a prior probability via a likelihood 
penalty on estimated E0  (i.e. “constrained model”). The penalized likelihood was based on the 
distribution expected for teleosts from the empirical meta-analysis of laboratory data (Essington 
et al., 2024), which followed a normal distribution of mean=0.3422 and standard 
deviation=0.1455. This approach is one way to integrate information from multiple sources; if 
empirical data on a related species are available, that could provide an informative prior to 
constrain the values of E0 estimated from realized distribution data. By comparing model fit with 
and without a prior to both simulated species, we evaluated the ability of the data to estimate the 
𝑓(Φ'H*) parameters versus the reliance on a prior and whether, and to what extent, a prior 
improves estimation. 
 
We also evaluated the robustness of model performance against one hypothetical model mis-
specification. In the first two model fittings above, the estimation model was perfectly matched 
to the covariate structure of the generating model. We challenged the model estimation by mis-
specifying the covariate structure in Eq. 3 fit to the simulated datasets by using only a linear 
depth term rather than a quadratic (i.e. “mis-specified model”), using unconstrained E0 
estimation (i.e. with no prior). 

2.3.3 Application to case studies 

After the simulation testing allowed us to understand how the model performed with known 
parameters, we then used empirical distribution data to assess how well this new model structure 
with the 𝑓(Φ'H*) term performed relative to other models that either did not consider oxygen or 
that considered oxygen and temperature as separate predictor variables. While this analysis does 
not allow us to assess precision or accuracy (because the true values of parameters are not 
known), it does illustrate the application of the method in a realistic context. For this assessment, 
we used species distribution data on two groundfish species— sablefish (Anoplopoma fimbria) 
and longspine thornyhead (Sebastolobus altivelis)— in the northeast Pacific coast that inhabit a 
wide range of habitats that include those with low oxygen over a range of temperatures and 
depths (Appendix B Fig S5). There is not laboratory data sufficient to derive the metabolic index 
following Deutsch et al. (2015) for these or other demersal fish species important to the region. 
For each species, we modeled the observed CPUE (kg km-2) from the West Coast Bottom Trawl 
Survey data. We restricted analysis to the catch rate of intermediate-sized fish following the 
method in Essington et al., (2022) so that the data represented a narrow range of fish sizes. We 
did this because coast fish distributions are often size-structured, and physiological sensitivity to 
oxygen is also size-dependent (Rubalcaba et al., 2020).  
 
We used multi-model inference to judge the weight of evidence for our new model (Eq. 3) 
compared to other parameterizations of oxygen or temperature, as well as not including them at 
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all. Including a null model with no temperature and oxygen terms provided a comparison to 
evaluate if a species’ distribution is not bound by these environmental conditions, rather than 
assuming they are a constraint. Models denoted with “breakpoint” function use the following 
structure to relate a slope 𝛽 on a predictor variable, 𝑥, up until the breakpoint of the predictor 
variable 𝑥N), on the expected value of the response variable: 

𝑔(𝑥) = u
𝑥𝛽
𝑥N)𝛽

					 .J	OP	O."	*/Q'+R.S'         Eq. 5 

 
The full suite of alternative models is provided in Table 1. 
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Figure 1. Conceptual diagram showing the data inputs and estimation model. The data required is 
spatially explicit temperature, oxygen, and fish catch, and any additional environmental 
covariates (e.g. depth). The model is a commonly used spatial generalized linear mixed model 
(GLMM), implemented using the R package sdmTMB (Anderson et al. 2024). This model is 
flexible to allow optional temporal, spatial, and spatio-temporal random variation, as well as 
environmental covariates. We have added a feature within the standard GLMM estimation 
procedure that simultaneously estimates 1) a modified form of the metabolic index from 
temperature and oxygen data, and 2) a sigmoidal threshold function that estimates an asymptotic 
effect of oxygen on local abundance when oxygen becomes a limiting factor. Dashed line boxes 
indicate the estimated parameters.  

2.4 RESULTS 

Our simulation testing revealed limited accuracy of estimated metabolic index parameters and 
thresholds when they were estimated from species distribution data. The parameter E0, which 
defines the temperature-dependency of oxygen tolerance of the metabolic index (Eq. 2), was 
estimated with relatively low bias, but low precision (Fig 2A). The average estimate of E0 was 
only 0.04 less (-13%) than the true value for the typical case (E0=0.3) and 0.03 higher (+4%) 
than that of the unusual case (E0=0.7). However, across the 250 iterations of generated data there 
was a wide range of estimates, for instance ranging from negative values to almost 1 for the 
typical case. A similar pattern was seen for the threshold parameter s50 (Fig 2B): the average 
estimate was closely estimated to the true value, but there was wide variability in the estimate 
across data iterations.  
 
A key reason for this low precision is the high covariance between these two parameters (Fig 
3A), caused in part by limited information in the data. Because the model can produce the same 
overall 𝑓(Φ'H*) shape by estimating multiple combinations of values E0 and s50,	so that 
precision in any one parameter is low (Fig 3B). Across all simulations, the estimated 𝑓(Φ'H*) 
were consequently close to the true function (Fig 3B). There are two reasons underlying this 
covariance. One, the model internally estimates a covariate Φ'H*  (via E0)	and the effect of that 
covariate 𝑓(Φ'H*) on the local density. Two, the environmental data do not have enough contrast 
in temperature and pO2 near the true threshold value (Fig 3C). There was only a narrow band of 
temperatures (6.5 – 10 C) where observed pO2 values were above and below the threshold. 
However, as the overall function 𝑓(Φ'H*) was well estimated across a range of E0 estimates (Fig 
3B), predictions of fish response to novel climate conditions (e.g. a +1.5 C increase in 
temperature) were generally similar among simulations with different parameter estimates (Fig 
3D). The true model was also consistently identified as the most parsimonious model against the 
alternative models that were fit to the simulated data by a large margin (DAIC=20—300, 
Appendix Table S2).  
	
We then asked whether, and to what extent, constraining E0 based on empirical laboratory data 
on metabolic index traits would improve the accuracy of estimation. We specified the prior as the 
median value expected for a teleost from the empirical meta-analysis using taxonomic 
imputation (Essington et al., 2024), as this represents the best estimate for a generic fish with no 
laboratory data available. For a typical case, where the mean of this prior was close to the true 
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value of the species, accuracy was improved (Fig 4A). However, in an unusual case, where a fish 
had a temperature-dependence of oxygen tolerance far from that expected from empirical data, 
the overall accuracy was largely unchanged because precision improved while bias increased 
(Fig 4A). For the unusual species, the median of the MLEs was 0.48, higher (+68%) than the 
prior median (0.331) and lower (-68%) than the true value (0.7) (Fig 4A). In both cases, the 
distributions of maximum likelihood estimates were distinct from the prior (Fig 4A).  
 
Estimation accuracy was reduced by a hypothetic model mis-specification. When we omitted the 
quadratic effect of log(depth) from the estimation model, parameter estimates were highly biased 
in both the typical and unusual cases, leading to a 5 – 7 fold increase in RMSE (Appendix C Fig 
S6A). For instance, for the typical species, E0 was underestimated by 1.45 (-300%) (Appendix C 
Fig S6A), compared to 0.04 (+13%) in the correctly specified model (Fig 2A). While the RMSE 
of the estimated function 𝑓(Φ'H*) also increased, the magnitude of change was relatively small 
with an RMSE of 0.14±0.009 for a typical case and 0.26±0.14 for an unusual case (Appendix C 
Fig S6C). Despite reduced accuracy, the model that included 𝑓(Φ'H*) was still most commonly 
identified as the most-supported model for the simulated data for the typical case and for the 
majority of simulated datasets for the unusual case. 

 
Figure 2. Comparison of maximum likelihood estimates for (A) the temperature-dependence of 
oxygen sensitivity parameter E0 from the derived metabolic index and (B) s50, a parameter in 
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the sigmoidal threshold function, for each of the two data generating scenarios (a typical case, 
left and an unusual case, right) for the unconstrained model (estimated with no prior on E0 ) 
across all 250 data simulation iterations. The typical case represents a simulated species’ 
temperature-dependence of oxygen tolerance that is close to the median value from the empirical 
meta-analysis for a generic teleost (E0=0.3), and the unusual case where a simulated species’ 
temperature-dependence of oxygen sensitivity deviates greatly from the expected value (i.e. the 
median of the meta-analysis) and is roughly equal to the upper 90% of the meta-analysis 
distribution (E0=0.7). The blue curves show a fitted kernel density smoother across the maximum 
likelihood estimates (MLEs) for all 250 simulated data iterations. The black dashed line shows 
the true parameter value specified to generate the simulated data, and the orange line shows the 
average maximum likelihood estimate across all iterations of simulated data. The upper left 
figure shows the interpretation of bias and precision. Bias is calculated as the difference between 
the average MLE and the true value, and precision is the standard deviation of MLEs across all 
iterations (proportional to the width of the blue kernel density). RMSE is the Root Mean Squared 
Error, which gives a single metric of accuracy.  

 
Figure 3. (A) Maximum likelihood estimates of derived metabolic index parameter E0 and 
sigmoidal threshold parameter	s50	for each simulated data set. (B) Estimated synergistic 
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temperature-oxygen effect 𝑓(Φ'H*) from each model fit to each of 250 simulated data sets, with 
color indicating the value of the maximum likelihood estimate of the derived metabolic index 
Φ'H*parameter E0, and the dashed line the true effect specified in the simulated data. Root mean 
squared error, shown as the average RMSE±SD of iterations, shows the mean and spread of 
accuracy across iterations. RMSE for the unusual species was similar, 0.032±0.016. (C) The 
temperature and pO2 values from the data (points), and the combinations of temperature and pO2 
where Φ'H* equals the s50		threshold value (black line). Grey shaded area depicts combinations 
below this threshold.	(D) The estimated synergistic temperature-oxygen effect from two model 
fits, one high (E0=0.77, s50=3.03, yellow) and one low (E0=0.03, s50=1.48, blue) metabolic 
index and sigmoidal threshold parameters given a hypothetical 1.5 C increase in bottom 
temperature (compared to the true response at a base reference temperature of 6 C, dashed line) 
across a range of plausible observed oxygen values. 

 
Figure 4. Comparison of maximum likelihood estimate for (A) the temperature-dependence of 
oxygen sensitivity parameter E0 from the derived metabolic index and (B)s50, a parameter in the 
sigmoidal threshold function from each of the two data generating scenarios (a typical case, in 
the left column, and an unusual case, right). The typical case represents a simulated species’ 
temperature-dependence of oxygen tolerance that is close to the median value from the empirical 
meta-analysis for a generic teleost (E0=0.3), and the unusual case where a simulated species’ 
temperature-dependence of oxygen sensitivity deviates greatly from the expected value (i.e. the 
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median of the meta-analysis) and is roughly equal to the upper 90% of the meta-analysis 
distribution (E0=0.7). Model estimation included a prior constraint on E0 via a penalized 
likelihood. The blue curves show the fitted kernel density smoother across the maximum 
likelihood estimates (MLEs) for all 250 simulated data iterations (narrower densities translates to 
more precision). Gray curves show the prior distribution used to constrain E0 based on the 
empirical model. The black dashed line shows the true parameter value specified to generate the 
simulated data, and the orange line is the average maximum likelihood estimate across all 
iterations of simulated data.  

2.4.1 Estimation of temperature-oxygen synergistic effect in case studies 

When applied to two groundfish species, we found mixed support for our new model compared 
to alternative models. For sablefish, our new model provided the most parsimonious fit by a 
large margin over a sigmoidal model of pO2 alone (DAIC=20) (Table 1). However, for longspine 
thornyhead the new model and the model with sigmoidal(pO2) as a predictor had roughly 
equivalent support (DAIC of new model=0.77) (Table 1). For both species, the new models 
provided a substantially better fit than any other alternative model of temperature and/or oxygen 
and of the null model (i.e., oxygen linearly or as a breakpoint, temperature linearly, or both 
oxygen and temperature combined as separate linear terms or as an interactive term) (Table 1). 
Because the simulation testing showed that s50 and E0 could not be estimated precisely, we 
focus on the estimated 𝑓(Φ'H*) (Fig 3B). (See Appendix Table S3 for parameter estimates). Only 
a small percentage of longspine thornyhead observations were below the 𝑓(Φ'H*) s50 or s95 
threshold and were therefore predicted to be restricted by low oxygen and high temperature (Fig 
4B). Yet for sablefish, 3% of hauls were below the s50 and 18% below s95	(Fig 4A). A primary 
reason why the new model was strongly supported for sablefish, but not longspine thornyhead, is 
that there were more sablefish catches where density was constrained by the estimated Φ'H*. 
 

 
Figure 5. Estimated marginal effect of the synergistic temperature-oxygen term 	𝑓(Φ'H*) on fish 
density for A) sablefish (Anoplopoma fimbria) and B) longspine thornyhead (Sebastolobus 
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altivelis), for each Φ'H* calculated as the observed oxygen and temperature and estimated 
parameter E0 . Color indicates the observed catch per area sampled, and the grey shaded areas 
indicate the values Φ'H* where fish would be restricted by low oxygen and high temperature. 
 
Table 1. Model selection for alternative models fit to sablefish and longspine thornyhead data. 
𝑓(Φ'H*) refers to the new model described in Eq. 2-4, including degrees of freedom (df), log-
likelihood, and DAIC. Null refers to the base model only, which included independent means by 
year, a quadratic effect of depth, and a spatial random field. 
  Sablefish Longspine thornyhead 
Model df Log-

likelihood 
DAIC Log-likelihood DAIC 

+	𝑓(Φ'H*) 18 -14477.61 0 -74441.266 0.8 
+logistic(pO2) 17 -14488.85 20.5 -7441.887 0 

+breakpoint(pO2)  16 -14495.00 32.7 -7469.342 52.9 

+Temperature * 
pO2 

17 -14500.74 50.9 -7460.328 46.1 

+Temperature + 
pO2 

16 -14505.06 51.9 -7466.307 44.3 

+ temperature 15 -14509.76 56.3 -7505.677 122.2 
+ pO2 15 -14506.56 58.3 -7466.385 123.3 
Null 14 -14509.77 44.3 -7506.110 36.0 

 

2.5 DISCUSSION 

We developed a statistical model that estimates the temperature-dependence of oxygen tolerance 
(metabolic index) using the spatiotemporal distribution of a species, rather than laboratory data, 
by simultaneously estimating the value of the metabolic index and its effect on fish density. 
Using simulation testing, we evaluated the performance of the new model and then applied it to 
empirical data from two groundfish species. Our findings reveal both opportunities and 
challenges for this approach. Generally, historical distributions were estimated accurately, even 
when models were mis-specified. Additionally, these models were sufficient for forecasting 
responses to simulated changes in environmental conditions, even though the statistical model 
could not uniquely estimate two covarying parameters: the temperature-dependence of oxygen 
sensitivity, and the threshold value of the index at which species densities decline. The addition 
of priors provided some benefits, but these came with the risk of increasing bias when taxa’s 
oxygen limits had unusual temperature dependence.  
 
Our findings demonstrate the possible benefit of this approach for predicting species’ responses 
to climate change. Our full model provided the most parsimonious fit to simulated data and for 
empirical Pacific coast sablefish distribution, and was a more parsimonious fit than a null model 
or models with temperature and oxygen alone for longspine thornyhead. The full model 
remained the most parsimonious fit in simulation testing even with a mis-specified covariate, 
though we did not test robustness against all possible mis-specifications. As our approach is a 
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correlative model, it may still be subject to a common critique of correlative models, namely that 
an improved fit to historical data does not necessarily translate to better prediction, especially 
when extrapolating to unobserved environmental conditions (Barnes et al., 2022; Brodie et al., 
2022). However we found that our approach could reliably generate a unique effect of a change 
in oxygen for a given temperature change. A key benefit of our approach is that by rooting in 
physiology, it constrains extrapolation toward more biologically realistic responses by 
encompassing novel combinations of changes in two dimensions—oxygen and temperature—
into a single value (the metabolic index) that can be interpolated along a known response curve. 
In our study region, bottom temperatures are projected to increase 0.5—2.5 C by 2100, and 
oxygen levels to drop by 0-30 mmol/m3 (Liu et al., 2023), producing a range of new conditions. 
These effects may be mapped to identify areas or habitats that are facing higher risks associated 
with climate change (Parouffe et al., 2023).  
 
However, there are still limitations with the approach. We caution that each parameter (E0 and 
s50	) should not be used in isolation for prediction outside of this model structure, since the 
covariance in estimation means that it did not reliably delineate between the temperature-
sensitivity of oxygen (i.e.	Φ'H*) versus the threshold of temperature-corrected oxygen (i.e. s50). 
Additionally, it is necessary to consider this model in a suite of alternative configurations of 
temperature and oxygen, including a null model to ensure that a response to temperature and 
oxygen is best supported by the data, rather than assuming that they are constraining distribution. 
The estimated response also needs to be properly interpreted for the body size structure of each 
dataset and population, as metabolic rate scales with body size (Deutsch et al., 2015; Rubalcaba 
et al., 2020). For instance, biomass, rather than numerical abundance, data should be used, and 
the size structure of the fish catch needs to be considered. Here, we restricted fish densities to 
only biomass of intermediate-sized fish (see Methods), and therefore interpret the metabolic 
index to be estimated and density predicted for intermediate-sized fishes. Overall properly 
quantifying and incorporating uncertainty in the metabolic index response (Brodie et al., 2022; 
Davies et al., 2023) will help reflect the parameter imprecision and range of possible fish 
distribution outcomes under future conditions.  
 
Some of the estimation challenges we encountered were a result of inherent characteristics of the 
environmental data. For one, the range of environmental conditions present in the data was 
limited, providing insufficient contrast around the threshold. If the data had provided more 
combinations of temperature and pO2 that produced a Φ'H* above and below the threshold (e.g. 
high temperature and low pO2, or low temperature and high pO2), it is possible that the precision 
of the threshold estimation would have been improved. Truncated environmental data, with a 
restricted representation of possible conditions—particularly relative to the variation and 
extremes observed on shorter timescales—is an ongoing challenge in forecasting distributions 
(Thuiller et al., 2004; Hannemann et al., 2016; Charney et al., 2021). Seeking out datasets, or 
combining data across a broader geographic range, that can expand the range of training data to 
capture a wider range of conditions (Bandara et al., 2023) and reduce extrapolation (Davies et 
al., 2023; Brodie et al., 2022; Waldock et al., 2022) may allow better estimation of responses to 
temperature and oxygen. This would additionally help identify whether a species (such as 
longspine thornyhead here) with a poor fit of this model and with density estimated to be 
constrained only at a very low metabolic index value, is due to the dataset only including 
environmental conditions within a species’ tolerance, versus a species whose distribution is truly 
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not constrained by temperature and oxygen. This finding supports the need for increased 
monitoring to better characterize thresholds: advanced ocean observing instrumentation that can 
collect environmental data with greater spatial and temporal resolution and extent, and additional 
biological survey efforts that focus on sampling environmental extremes and complement 
existing stratified random sampling designs.  
 
Second, there was spatial structure in—and covariation between—the environmental variables of 
interest (temperature and oxygen) and other environmental features, such as bathymetry. We 
recognize that the species distribution model (a generalized linear mixed model with latent 
spatial fields) and underlying data (point densities) we used here are only one of many possible 
frameworks for evaluating and predicting distributions in response to environmental change. Yet 
other model approaches and distribution data in other environmental systems likely face similar 
challenges, for instance as seen in: spatial confounding in Bayesian approaches (Mäkinen et al., 
2022); spatial bias in presence-only data (Phillips et al., 2009; Baker et al., 2022); spatial 
dependence and bias in maximum entropy (Kramer-Schadt et al., 2013; Halvorsen et al., 2016); 
and the impact of spatial autocorrelation in various methods including boosted regression trees, 
generalized additive models, mixed effects models, maximum entropy, and others (e.g.; Santika 
& Hutchinson, 2009; Crase et al., 2014; Brodie et al., 2020). Other efforts to apply the metabolic 
index by parameterizing directly from laboratory data have seen similar limitations when fitting 
to realized distributions, such as a restricted range of environmental conditions in the data 
(Bandara et al., 2023) and confounding spatial features (Essington et al., 2022). Estimating these 
temperature-oxygen relationships directly from the distribution data itself did not fully resolve 
these issues. Combining distribution data from a wider geographic area, such as across the entire 
northeastern Pacific range for sablefish, may provide enough contrast in the relationships 
between environmental variables to overcome challenges of spatial structure and covariance, 
since correlations between bathymetry, oxygen, and temperature differ between regions. 
 
Our findings highlight a well-recognized difficulty in identifying causal pathways from 
distribution data (e.g. Thorson et al., 2021a; Addicott et al., 2022). Here, we were able to flag 
uncertainty in the parameter estimates because our estimation model included latent spatial fields 
and other covarying environmental features (depth). If we had not included these effects, we may 
have wrongly identified a temperature-oxygen impact on distribution that was actually due to 
other factors. It is important to note that there are other possible impacts on density that were not 
included in the model (such as food availability or predator presence) that may not have been 
captured by the latent spatial field and may have impacted the estimated response to the 
metabolic index. Additionally, fish may show no threshold response to oxygen and temperature 
and not be bound by these environmental constraints. In some cases, there may be an advantage 
to not use spatial random fields, as they may absorb too much of the variation and dampen the 
effect of the environmental variable of interest (Hodges & Reich, 2010). This reinforces the need 
to properly consider model structure to avoid spuriously attributing species distribution to 
environmental conditions (e.g. Bahn & McGill, 2007; Chapman, 2010; Brodie et al., 2022). By 
accounting for additional physical and biotic factors beyond temperature and oxygen that may 
exert more influence on population densities at fine spatiotemporal scales (Whittaker et al., 
2001), our approach may improve the explanatory and predictive skill of the metabolic index, 
which has previously been challenging (e.g. Essington et al., 2022, Bandara et al., 2023). 
Analyses conducted at broader biogeographic scales to evaluate range limits have attributed 
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much of the observed patterns to the metabolic index while ignoring additional drivers (e.g. 
Deutsch et al., 2015, Penn & Deutsch, 2024). Considering multiple dimensions of control on 
species distribution, not solely the variables of interest, and comparing to more complex models 
to test robustness (Oster 2016) can ensure proper attribution to the temperature-oxygen response 
of interest. 
 
Improving methods for combining physiological responses and the information from realized 
distributions will support forecasting the effects of climate change on marine species (e.g. 
Meineri et al., 2015; Peterson et al., 2015; Gamliel et al., 2020; Tourinho & Vale, 2023). For the 
metabolic index, resolving the temperature-sensitivity of oxygen will be a particular challenge. 
Empirical laboratory data and spatial comparisons show high variation in E0 across species and 
regions (Essington et al., 2024, Penn & Deutsch, 2024). Here, distribution data similarly did not 
provide a reliable estimate of E0	 alone, but could estimate a combined threshold effect. Applying 
empirical data to inform a prior on the E0 parameter also did not resolve this challenge, as it can 
greatly bias estimates if species’ realized behavior greatly differs from that theoretically 
expected. While we adopted the metabolic index for this study, other physiological frameworks 
of how fish respond to oxygen and temperature (e.g. Ern 2019; Clarke et al. 2021) and other 
mechanisms, could similarly be tested. Estimating sensitivities to oxygen and temperature from 
responses beyond distribution, such as growth and size (e.g. van Denderen et al. 2020; 
Dimarchopoulou & Tsikliras, 2022), may also be informative. Limited availability or 
applicability of data for parameterization is a common problem for incorporating mechanistic 
responses into species distribution models (e.g. Gamliel et al., 2020). For identifying mechanistic 
parameters from distribution data in other cases, our study highlights the need for simulation 
testing (also see DiRenzo et al., 2023) to validate that the mechanistic parameters can be reliably 
estimated, given the unique spatial structure, range of environmental conditions, and 
confounding covariates specific to that dataset and model structure. Additionally, evaluating 
multiple distribution models specified with alternative parameter values spanning a plausible 
range informed by empirical data (e.g. similar to the “ecotype” approach in Chen et al., 2024), 
rather than assuming a single parameterization, could help capture uncertainty in the mechanistic 
response (Brodie et al., 2022). Other modeling approaches—such as space- or time-varying 
coefficients (Barnett et al., 2021), a fully Bayesian method (e.g. Talluto et al., 2016; Gamliel et 
al., 2020; Morera-Pujol et al., 2023), empirical dynamic modeling (e.g. Wang et al., 2020) and 
structural equation modeling (Liu et al., 2005; Thorson et al., 2021a)—may also provide an 
improved framework to estimate mechanistic responses and combine insights from empirical 
laboratory work and realized species distributions.      

2.6 DATA AVAILABILITY STATEMENT 

Data are available from the Dryad Digital Repository: https://doi.org/10.5061/dryad.47d7wm3pb 
(Indivero et al. 2024). The data and code are also available at 
https://github.com/jindivero/estimating_mi_from_distribution2. 
 

https://github.com/jindivero/estimating_mi_from_distribution2
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Chapter 3. SKILL TESTING OXYGEN DATA FOR DISTRIBUTION 

MODELING OF MARINE SPECIES 

Publication history: This study was co-authored with Sean Anderson, Lewis Barnett, John Pohl, 
Sean Rohan, Sam Siedlecki, Eric Ward and Timothy Essington. At the time this dissertation was 
submitted, a version of this chapter was accepted at Fisheries Oceanography (https://doi.org/ 
10.1111/fog.70005). 

3.1 ABSTRACT 

Spatial models that identify statistical relationships between environmental conditions and species 
distributional data are commonly used in fisheries research to evaluate habitat suitability and 
predict distributional shifts, such as those driven by changing ocean temperature and oxygen. 
However, a lack of environmental data—particularly dissolved oxygen—at the same temporal and 
spatial resolution as biological data can limit these analyses. We evaluate the ability to predict 
bottom dissolved oxygen via imputation and extrapolation and with biophysical oceanographic 
models in the northeastern Pacific Ocean (Aleutian Islands, Eastern Bering Sea, Gulf of Alaska, 
British Columbia, and California Current). Specifically, we measure predictive skill compared to 
in situ observations (measured concurrently with bottom trawl data) for 1) predictions from an 
empirical statistical model fit to integrated dissolved oxygen observations; and 2) a commonly 
used dynamical oceanographic model estimate of oxygen, the Global Oceanographic 
Biogeochemistry Hindcast (GOBH). Lastly, we evaluate how estimation and interpretation of a 
species distribution model is impacted by use of different oxygen data sources. Using leave-one-
year-out cross-validation, we find that the empirical statistical model predicts bottom dissolved 
oxygen for fish catch sampling events with relatively high accuracy in only certain regions 
(California Current and British Columbia) (root mean squared error [RMSE] ~16-30 µmol kg-1). 
Prediction skill was more than 2x lower in Alaska regions that did not have extensive data 
(~<0.075 observations km-2), and this approach would likely not provide sufficiently accurate 
oxygen values for SDMs in these regions. An oceanographic model (the Copernicus Global 
Oceanographic Biogeochemistry Hindcast) had substantially lower prediction skill than the 
integrated statistical predictions (RMSE ~30-90 µmol kg-1). When applied to species distribution 
models, the estimated dissolved oxygen thresholds differed by 20-50 µmol kg-1 when fit to 
different dissolved oxygen data sources. We focus on oxygen in the northeastern Pacific, yet our 
approach is generalizable to other variables and systems. We recommend increased attention to 
validating oceanographic models when operationalized to fisheries applications, and evaluating 
the robustness of conclusions to environmental covariate data sources. 

3.2 INTRODUCTION 

To evaluate environmental drivers of ecological systems, researchers often use retrospective 
spatial models that identify statistical relationships between historical environmental conditions 
and biological data. In marine systems, seabed features (such as depth and substrate) and ocean 
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conditions (such as pH, temperature, and oxygen) are often included as covariates to assess their 
influence on habitat use and population dynamics, supporting sustainable fisheries management. 
For instance, spatial statistical models are used for designating essential habitat (Dambrine et al., 
2021; Moore et al., 2016), identifying environmental impacts on individual traits (e.g., Lindmark 
et al., 2023; Oke et al., 2022), and for projecting population abundance and distribution under 
climate change (e.g. Grüss et al., 2021; Liu et al., 2023; Thompson, et al., 2023a). These models 
rely on temporal and spatial variation in observations across time and space to provide informative 
contrasts and estimate the responses of species to environmental conditions. Including data with a 
greater range of environmental conditions—such as including longer time series and greater spatial 
coverage—improves estimation of environmental sensitivities and projections of the impacts of 
climate change by increasing contrasts in the data and reducing extrapolation beyond the range of 
observations (Brodie et al., 2022; Davies et al., 2023; Indivero et al., 2024).  
 
There has been particular focus on how declining ocean oxygen may impact fish distribution 
(Deutsch et al., 2023; Pörtner & Knust, 2007; Pörtner, 2010; Pörtner et al., 2017; Rubalcaba et al., 
2020; Verberk et al., 2016). Dissolved oxygen in the ocean has decreased globally by 
approximately 2% since the pre-industrial period due to increased temperatures and various 
associated biological and physical changes (Schmidtko et al., 2017), expanding oxygen minima 
and hypoxic dead zones (Diaz & Rosenberg, 2008; Stramma et al., 2010). Globally, dissolved 
oxygen is projected to continue to decline over the next century by around 1-7% (Keeling et al., 
2010; Kwiatkowski et al., 2020; Matear & Hirst, 2003). Organisms’ sensitivity to dissolved oxygen 
depends on temperature (Deutsch et al., 2015; Pörtner & Knust 2007; Vaquer-Sunyer & Duarte, 
2011), and empirical biogeographic studies have demonstrated that these interacting constraints 
can explain marine species distributions (Deutsch et al., 2015, 2020; Morée et al., 2023). In 
addition to lethal effects of low dissolved oxygen, such as those associated with large-scale 
mortality events in the Gulf of Mexico (Altieri et al., 2017; Joyce, 2000), moderate declines in 
oxygen can also impact fish behavior and influence habitable area (Deutsch et al., 2015; Gray et 
al., 2002; Kim et al., 2023; Kramer, 1987; Vaquer-Sunyer & Duarte, 2008). Fish response to low 
oxygen is expected to be non-linear (Fry, 1971; Farrell and Richards 2009). Behavioral and 
physiological plasticity (Kramer, 1987) can allow an organism to tolerate low oxygen up to a 
certain threshold, below which there are sublethal impacts on growth and other core metabolic 
functions (Fry, 1971; Pörtner and Knust, 2007; Farrell and Richards, 2009). Eventually oxygen 
becomes too low to support routine metabolism and fish must shift to habitat with sufficient 
oxygen to survive (Kramer, 1987). Quantifying these thresholds is therefore necessary for 
predicting how declining ocean oxygen will impact habitat availability and distributional shifts.  
Scientists have long conducted laboratory experiments to measure thresholds of oxygen tolerance 
(e.g. Ultsch et al., 1978, Beamish 1964; and see Rogers et al., 2016 for meta-analysis of 96 
published studies). Yet there can be high variability in such thresholds between species and taxa, 
and data are only available for a handful of species (Vaquer-Sunyer & Duarte, 2008; Rogers et al., 
2016). Additionally, thresholds of oxygen tolerance from laboratory-derived physiological 
measures have sometimes failed to show improvement in predicting fish distribution at a fine 
spatial scale (Bandara et al., 2023; Essington et al., 2022).  
 
Due to these limitations of laboratory studies, there is a need for statistical spatiotemporal models 
that can estimate dissolved oxygen effects from field observations of species density (Bandara et 
al., 2023; Essington et al., 2022; Franco et al., 2022; Liu et al., 2023; Thompson et al., 2023a; 
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Thompson et al., 2023b). However, these analyses are often hampered by limited availability of 
dissolved oxygen data at the same temporal and spatial resolution as the standardized catch data 
that are used to monitor fish distribution and abundance.  
 
Fishery-independent surveys sometimes concurrently collect in situ dissolved oxygen data, though 
this is often limited to only a subset of years or locations (Figure 1A), often due to logistical and 
financial constraints. For instance, while the U.S. West Coast Bottom Trawl Survey has 
consistently collected annual data since 2003, concurrent oxygen data are publicly available only 
for a subset of years (2009-2015, 2022-2023). And while stationary profilers and buoys are useful 
for monitoring environmental conditions, coverage on the continental slopes and shelf habitat is 
often insufficient to characterize oxygen at a scale that matches catch data (e.g. in the GOBAI 
model, Sharp et al., 2022; Breitburg et al., 2018). Similarly, regional and global oceanographic 
circulation models are generally only available in a coarser spatial and temporal resolution than 
biological data. For instance, bottom trawl survey observations are located at multiple specific 
points within the ¼° grid of the Global Ocean Biogeochemistry Hindcast (GOBH, Mercator-
Ocean, 2023) (Figure 1B). Bottom trawl observations are also collected at specific points of time 
within a day, while oceanographic outputs like GOBH are typically only available at broader daily 
or 3-day averages. (Figure 1B). This mismatch in resolution means that oceanographic models 
may not capture the oxygen dynamics at the particular time and location of a biological 
observation. Oceanographic models also have faced challenges reproducing historical ocean 
oxygen conditions (e.g. Oschlies et al., 2018). The predicted decline in dissolved oxygen over the 
next century is not uniform between or within ocean basins, and is caused by different processes 
in different areas and depths: reduced oxygen solubility in warmer waters (Diaz & Breitburg, 2009; 
Keeling et al., 2010), increased stratification causing reduced subsurface ventilation (Keeling et 
al., 2010; Schmidtko et al., 2017), increased eutrophication and aerobic decomposition (Diaz & 
Breitburg, 2009), changes in wind and upwelling patterns (Sydeman et al., 2014), and long-term 
natural variability (Broecker et al., 1999). Including oxygen as a covariate in species distribution 
modeling is overall challenging due to the limited data availability and complexity of dissolved 
oxygen dynamics. 
 
There is a trade-off between spatial and temporal coverage and spatiotemporal resolution in the 
different approaches taken to address this lack of dissolved oxygen data. Some modelers have 
opted to limit analyses to subsets of biological data with concurrent dissolved oxygen data 
available (e.g. Essington et al., 2022; Franco et al., 2022). This provides a close observation to the 
time and location of the actual bottom conditions at each sampling event, capturing fine-scale 
spatial and temporal variation. However, it removes a large quantity of biological data from 
analysis, and consequently possibly removes important inter- and intra-annual environmental 
contrasts, especially when entire years lack environmental data. For instance, 2021 was a 
particularly strong hypoxic event in the U.S. Pacific Northwest coast (Barth et al., 2024). If this 
year of sampling data is removed from model fitting because it lacks concurrent oxygen data, 
unique information on fish response in extreme low oxygen conditions may be lost. Other studies 
instead use output from regional or global oceanographic models in place of any concurrent data, 
and extract the oceanographic output to sample locations via various methods, such as nearest 
neighbor matching or bilinear interpolation (e.g. Bandara et al., 2023; Liu et al., 2023). Such 
oceanographic models can cover a wider geographic area over a longer period of time, thereby 
providing a more complete time series to facilitate spatial coverage (Perruche et al., 2024). 
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However, oceanographic models may not resolve the fine-scale spatial and temporal variation in 
fluctuations (e.g. Verezemskaya et al., 2021, Arevalo-Martínez et al., 2015; Breitburg et al., 2018; 
McCarthy et al., 2015) to which fish can respond to oxygen conditions (Kim et al., 2023; Kramer, 
1987). Typically oceanographic model outputs have been validated only at coarser spatial and 
temporal scales than biological sampling (such as climatological means and seasonal patterns, e.g. 
Kristiansen et al., 2024; Perruche et al., 2024), yet there have been increasing efforts to validate 
for the fine-scale dynamics relevant to ecological modeling, such as for temperature (Kearney, 
2021; Kearney & Porter, 2009) and zooplankton (Sullaway et al., 2024). Overall, neither using in 
situ observations or oceanographic models fully uses the information available to identify links 
between species response and environmental conditions. 
 
Here, we aim to improve the use of environmental covariates in spatial modeling of marine species 
in three main ways. First, we test an empirical statistical model to expand the fine-resolution 
bottom oxygen data available for spatiotemporal modeling of biological data, building off 
Thompson et al. (2023a). This method combines multiple sources of in situ bottom dissolved 
oxygen observations from concurrent surveys and various independent CTD casts, fits 
spatiotemporal statistical models to the data, and predicts oxygen levels at biological sampling 
events. When there are gaps in oxygen observations of biological data, this can provide a way to 
estimate oxygen at a fine spatial and temporal scale by interpolating to unsampled dates and 
locations in a robust statistical framework. We conduct skill testing of the empirical model to 
predict the in situ data. Second, we compare a commonly used oceanographic model of oxygen to 
in situ data collected by bottom trawl surveys. Third, we evaluate how use of the different oxygen 
data sources (concurrent only, empirical statistical predictions, and dynamical oceanographic 
model output) in species distribution models impacts estimation of a threshold effect of oxygen 
with case studies of two species (sablefish Anoplopoma fimbria and Dover sole Microstomus 
pacificus) in two regions (California Current and British Columbia). Overall, we provide guidance 
to species distribution modelers on trade-offs among different sources of dissolved oxygen data 
by comparing these three approaches. 
 
In the context of improving oxygen data availability and guidance for using in marine species 
spatial modeling, we evaluate: 
 
1. To what extent can in situ bottom dissolved oxygen observations accurately predict values at 

unsampled biological sampling events (i.e. those without concurrent measurements)?  
2. How does accounting for different spatial and temporal variation structures in fitting models to 

the in situ oxygen data impact predictive skill?   
3. How does this approach compare to bottom dissolved oxygen values from a dynamical 

oceanographic model output? 
4. How does the choice of oxygen data source in species distribution modeling impact estimation 

and interpretation of effects of oxygen on species population density? 
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3.3 METHODS 

We compared estimation of fish species distribution models when fit to three different sources of 
dissolved oxygen data: in situ concurrent observations, a dynamical oceanographic output, and 
predictions from an empirical statistical model. We used the northeastern Pacific Coast as a study 
system (from the Aleutian Islands and eastern Bering Sea through Gulf of Alaska, British 
Columbia, and California Current) (Figure 2). First, we validate the empirical statistical predictions 
compared to the concurrent in situ data to test an approach to expand the fine-scale bottom oxygen 
data available when fitting spatiotemporal models to fish catch data with environmental covariates. 
We then compare an oceanographic output to the in situ concurrent dissolved oxygen data. Lastly, 
we fit species distribution models from these three different oxygen data sources to case studies of 
two species in two regions. 
 
Concurrent observations 
Dissolved oxygen measurements collected at the time of bottom trawl sampling (i.e. concurrent) 
were obtained for the U.S. National Oceanic and Atmospheric Administration (NOAA) bottom 
trawl surveys in the Gulf of Alaska (Siple et al., 2023), eastern and northern Bering Sea continental 
shelf (Markowitz et al., 2024), eastern Bering Sea continental slope (Hoff, 2016), Aleutian Islands 
(Siple et al., 2025), and U.S. West Coast (Keller et al., 2017), and the Department of Fisheries and 
Oceans Canada (DFO) British Columbia Groundfish Concurrent Bottom Trawl Surveys in Queen 
Charlotte Sound, Hecate Strait, West Coast Vancouver Island, West Coast Haida Gwaii, and the 
Strait of Georgia (Anderson et al., 2019; DFO, 2024) (see Table 2). Measurements were similarly 
collected across all bottom trawl surveys, with dissolved oxygen sensors attached to the headline 
of trawls. 
 
Predictions from empirical statistical model 
We tested an empirical statistical approach to expand the fine-scale bottom oxygen data available 
when fitting spatiotemporal models to fish catch data with environmental covariates. This method 
is an extension of interpolation procedures to fill in missing data (see Li & Heap 2014, Nakagawa 
2015, Little & Rubin 2020 for comprehensive reviews), expanding to integrate other data sources 
and rigorously skill test alternative model structures. In addition to the concurrent observations, 
we combined bottom dissolved oxygen observations from other scientific (i.e. fishery-
independent) marine biological surveys (International Pacific Halibut Commission longline 
surveys, Joint U.S.-Canada Pacific Hake Acoustic Trawl Survey) and independent oxygen 
measurements from ocean monitoring programs (see Table 2 and Figure 1 for data included). Data 
were quality-controlled and standardized (see Appendix A and Appendix A Fig S1 for details). In 
total, 26,617 bottom dissolved oxygen observations were included in model fitting. For each 
region, we fit generalized linear mixed effects models (GLMMs) to the combined oxygen dataset 
that considered spatial and temporal structure in different configurations using the package 
sdmTMB (Anderson et al., 2025). Fitted models were then used to predict bottom dissolved 
oxygen to sampling events from fish catch surveys. To evaluate how including different spatial 
and temporal structures in the model might improve prediction skill, we compared models with 
increasing levels of complexity (Table 2). We describe these models below. 



 86 

 
The simplest model was a GLMM that estimated bottom dissolved oxygen 𝑂 of observation i	in	
region	r	following a Gaussian distribution based on depth D in meters and day of year C 
 
𝑂.,+ = 𝑠(log(D.)) + 	𝑠(C.),       Eq. 1 

where 𝑂. is the oxygen measurement for sample 𝑖 in 𝜇mol kg-1, and 𝑠(𝑙𝑜𝑔(𝐷)). and 𝑠(C). are 
smooth on log(D) and day-of-year (i.e. 1–365) (see Appendix A for additional model details). 
Specifically, we used penalized regression splines ("P-splines") for both smooths (Eilers & Marx, 
2021). Depth and day-of-year were included to account for seasonal and depth-dependent variation 
in ocean dissolved oxygen. We then add a stationary spatial random effect 𝜔. to Eq. 1 that accounts 
for spatially structured Gaussian Markov random field (GMRF) latent variables that approximate 
a Gaussian random field with a Matérn correlation function (Eq. 4-6 in Table 1). We iteratively 
tested mesh size, and used a minimum allowed triangle edge length of 45 km to optimize number 
of knots in each region (~100-200) (see Appendix A for more details). The spatial field represents 
variation not explained by fixed effects, which includes both process variation (spatial patterning 
in oxygen levels shared across years) as well as sampling effects (slight differences in 
measurements from different surveys). We include temporal variability in two ways. One, we 
include a fixed effect of year t (as a factor) 𝑏/ to represent interannual variation in mean oxygen 
levels (Eq. 7-9). Second, we consider variation across space that evolves over time with a latent 
first-order autoregressive GMRF spatiotemporal processes 𝜀. (Eq. 10-12), which allows each year 
to have unique spatial patterning of oxygen levels.  
 
For each of the four spatial and temporal structures described above (null, spatial only, 
annual+spatial, and spatial+spatiotemporal), we test three configurations of covariates—none, 
temperature only, and temperature and salinity—to determine the predictive ability of potential 
covariates that could be associated with oxygen concentration. Salinity (PSS-78, practical salinity 
units) was converted to potential density anomaly with a reference pressure of 0 dbar in kg m-3 

(see Appendix A for more details). These covariates were considered because temperature and 
salinity are measured in trawl surveys more frequently than dissolved oxygen, and are likely to 
covary with dissolved oxygen due to shared physical drivers (e.g. upwelling, freshwater inputs). 
We also considered more complex model structures (e.g. spatially varying coefficients, 
interactions, bivariate splines, survey effects, and oxygen solubility) but found no improvement to 
predictive skill, so for brevity we do not include them here.  
 
Table 1. Alternative models for fitting the empirical statistical model to combined dissolved oxygen data 
𝑂5, where i is used to index the observation. Four structures for accounting for latent spatial and temporal 
effects were considered (none, persistent spatial fields 𝜔0, annual effects in addition to persistent spatial 
fields 𝑏/[0], and persistent spatial fields in addition to latent spatiotemporal variation 𝜀0) for three covariate 
structures (no covariates, temperature only 𝑠(𝑇0), and temperature and salinity	𝑠(𝑆0) (potential density 
anomaly referenced to 0 dbar, kg m-3). Components included in each model are marked with an X. 
Smoother functions were used on temperature and salinity.	All models included smoothers on day-of-
year 𝑠(C5)and depth 𝑠(log	(𝐷5)). 
Equation 
Numbers 

Spatial and Temporal Structure Covariates Equation 
 Spatial Annual Spatiotemp

oral 
Tem
p 

Sal 
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1      𝑂. = 𝑠(C.) + 𝑠(𝑙𝑜𝑔(D.)) 
2    X  + 𝑠(𝑇.) 
3    X X +𝑠(𝑇.) + 𝑠(𝑆.) 
4 X     +𝜔. 
5 X   X  +𝜔. + 𝑠(𝑇.) 
6 X   X X +𝜔. + 𝑠(𝑇.) + 𝑠(𝑆.) 
7 X X    +𝜔. + 𝑏#'!+[.]𝑡. 
8 X X  X  +𝜔. + 𝑏#'!+[.]𝑡. + 	𝑠(𝑇.) 
9 X X  X X +𝜔. + 𝑏#'!+[.]𝑡. + 𝑠(𝑇.) + 𝑠(𝑆.) 
10 X  X   +𝜔. + 𝜀. 
11 X  X X  +𝜔. + 𝜀.+ 𝑠(𝑇.) 
12 X  X X X +𝜔. + 𝜀. + 𝑠(𝑇.) + 𝑠(𝑆.) 

 
To evaluate prediction skill of all models, we used a cross-validation procedure that iteratively 
removed one year of bottom trawl oxygen observations from the integrated oxygen dataset (i.e. 
“test year”), trained the model on the remaining years of data (which included data from non-
concurrent sources in the test year, i.e. “training years”), used the fitted model to predict to 
concurrent sampling events from the test year, and compared the model predictions of dissolved 
oxygen to the observed concurrent oxygen in the test year. We are assessing whether we can 
accurately predict oxygen for an entire missing sample year, given concurrent data (i.e. the 
measurements collected with fish sampling) from the same survey available in other years and 
non-concurrent data from other sources in that missing year. Only years with more than 50 
concurrent observations and independent data within that year were included as test years. For the 
California Current, this allowed nine test years (2009-2015, 2022-2023), six years for British 
Columbia (2017-2019, 2021-2023), but only two years for the Gulf of Alaska (2013, 2015), 
Eastern Bering Sea (2012, 2016), and Aleutian Islands (2014, 2016). The number of observations 
in each test year for each region ranged from 50—1314, and in training data from 680—10,592 
(see Table S1df). We calculated root mean squared error (RMSE) of model predictions to 
observations in each excluded test year as a metric of predictive skill. 
 
Table 2. Bottom dissolved oxygen data included in model fitting. “Concurrent” refers to oxygen observations 
measured in situ in the same survey protocol as bottom trawl sampling (either trawl-mounted or concurrent CTD 
cast). “Independent” refers to oxygen observations measured as part of surveys or research separate from bottom 
trawl surveys. 

Name Type Region Years Number of 
observations 

Source 

West Coast 
Bottom Trawl 

Concurrent California 
Current 

2009-2015, 
2022-2023 

5233 Keller et al., 2017 

Alaska Bottom 
Trawl Survey 

Concurrent Gulf of 
Alaska 

2013, 2015, 
2023-2024  

1316 Rohan et al., 2024; Siple et al., 
2023 

Alaska Bottom 
Trawl Survey 

Concurrent Aleutian 
Islands 

2014, 2016, 
2024 

551 Rohan et al., 2024; Siple et al., 
2025 
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Alaska Bottom 
Trawl Survey 

Concurrent Eastern 
Bering Sea 

2012, 2016, 
2023-2024 

300 Rohan et al., 2024; Markowitz et 
al., 2023 

DFO West Coast Concurrent British 
Columbia 

2017-2023 1802 Anderson et al., 2019; DFO 
Canada, 2024 

International 
Pacific Halibut 
Commission 
Long-Line 
Survey 

Independent California 
Current, 
British 
Columbia, 
Eastern 
Bering Sea (2 
years), Gulf of 
Alaska, 
Aleutian 
Islands 

2009-2022; 
Bering Sea 
2006, 2015 

7598 IPHC, 2022, 2024 

Pacific Hake 
Acoustic Trawl 
Survey 

Independent California 
Current 

2011-2013, 
2015 

368 NOAA, 2020 
 

Newport Line Independent California 
Current 

1998-2021 2425 Risien et al., 2022, 2023 

CalCOFI Independent California 
Current 

1949-2021 1176 CalCOFI, 2024 

Line P Independent British 
Columbia, 
California 
Current 

1990-2019 3 Franco et al., 2021 

WCOA (NOAA 
West Coast 
Ocean 
Acidification) 
and Harmful 
Algal Bloom 
surveys 

Independent California 
Current 

2007, 2011-
2013, 2016-
2017, 2021 

964 NOAA, 2021b 

CODAP Independent West Coast, 
Gulf of 
Alaska, 
Eastern 
Bering Sea 

2007-2013, 
2015-2017 

1347 NOAA, 2021a 

OCNMS 
(Olympic Coast 
National Marine 
Sanctuaries) 

Independent West Coast 2005-2023 
2004-2015 

2692 Risien et al., 2024b, 2024a 

 
Oceanographic output 
We also compared how a widely used dynamical oceanographic model product—the Copernicus 
Global Ocean Biogeochemistry Hindcast (GOBH)—compared to in situ bottom dissolved oxygen 
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observations from concurrent fish surveys versus predictions from our approach. GOBH provides 
3D dissolved oxygen values at a ¼ degree resolution and with 75 vertical levels (fixed levels for 
all points, except for the last level, where thickness is adapted to the bathymetry) from December 
1992 through March 2024 at a daily resolution (Mercator-Ocean, 2024; Perruche et al., 2024). We 
selected GOBH because it provided comprehensive and consistent coverage of our entire study 
region and time period. 
 
We extracted the bottom dissolved oxygen for each fish catch event from GOBH by using a 
statistically robust method to interpolate between the grid points and depths in GOBH. For each 
region in each year of fish catch data, we subset the GOBH model for the geographic domain of 
the region (including all depths) for the time period of the survey (May 1st-October 30th). We then 
fit the dissolved oxygen output for this entire GOBH subset to a generalized linear mixed effects 
model (GLMM) using sdmTMB, including smoother effects on depth and day-of-year, spatial 
random fields, and following a Gaussian distribution (Eq. 13). We then extracted dissolved oxygen 
as predictions to the specific day, depth, and location (coordinates) of each fish catch observation. 
We calculated RMSE of in situ oxygen observations as a metric of accuracy.  
 
𝑂.,#'!+,+'$.*0 = 𝑠(𝑙𝑜𝑔(depth.)) + 	𝑠(doy.)+	𝜔.       Eq. 13 

Species distribution modeling comparison 
We fit case studies of fish distribution models using each of the three dissolved oxygen data 
sources and compared estimated effects of oxygen on fish density. We chose two benthic-
associated species with commercial importance—one that has a deeper habitat preference, 
sablefish (Anoplopoma fimbria), and one shallower, Dover sole (Microstomus pacificus)—in the 
California Current and British Columbia. To estimate the response of fish density to dissolved 
oxygen, we implemented GLMMs in sdmTMB (Anderson et al, 2025) using total catch rate as a 
Tweedie distributed response (Appendix A Eqs S1-S2). The model formula included fixed effects 
of quadratic logged depth, year, and dissolved oxygen, and a random spatial field (Appendix A 
Eqs S1). Dissolved oxygen was modeled as a breakpoint function (Eq. S3). We focus on a 
breakpoint model of oxygen (see Appendix A for more details) because fish response to dissolved 
oxygen is expected to be saturating (Kramer, 1987) and we are primarily interested in how different 
oxygen data sources could impact detection and estimation of an oxygen limitation on fish 
distribution. For the test of concurrent data only, we restricted model fitting to include data only 
where concurrent dissolved oxygen was available. For dissolved oxygen from empirical statistical 
predictions, we used the model that included spatiotemporal variation and temperature, which was 
the model with the highest predictive skill and would maximize the number of additional trawls 
(as salinity data was missing in many trawls).  

3.4 RESULTS 

Empirical statistical predictions 
The skill in predicting oxygen from the empirical statistical model varied between regions. 
Dissolved oxygen at bottom trawl sampling events in the California Current and British Columbia 
could be predicted with relatively high accuracy, while predictions were less skilled in all Alaska 
regions. For the model with the highest predictive skill in each region, the overall RMSE (across 
all test years) for the California Current was 16.2 µmol kg-1 and 25.1 µmol kg-1 for British 
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Columbia (relative to observed range of 1-400 µmol kg-1 and 2-370 µmol kg-1, respectively), but 
was 36.7 µmol kg-1 for the eastern Bering Sea (relative to observations ranging from 16-450 µmol 
kg-1), 55.1 µmol kg-1 for the Gulf of Alaska (relative observations ranging from 15-690 µmol kg-1 

), and 55.2 µmol kg-1 for the Aleutian Islands (relative to observations ranging from 14-560 µmol 
kg-1) (Table 3). At the resolution of sampling events, across all regions combined, 92% of test 
observations (n=13,581) were within 50 µmol kg-1 and 78% within 25 µmol kg-1 (Figure 3). Within 
each region, predictions from the model of bottom dissolved oxygen that included all covariates 
were more accurate and unbiased for the California Current, British Columbia, and Eastern Bering 
Sea, while predicted oxygen in the Gulf of Alaska and Aleutian Islands were consistently 
underestimated by the model (Figure 3).  
 
In all regions, the model with the highest predictive skill in each region included both temperature 
and salinity, and a spatial and/or spatiotemporal random fields (Table 3). Including only 
temperature increased accuracy (i.e. reduced RMSE) over models with no covariates by ~2-8 µmol 
kg-1, while including both temperature and salinity improved predictive skill by ~5-11 µmol kg-1 
(Table 3). For models with both temperature and salinity, including latent spatial, temporal, or 
spatiotemporal structures usually improved predictive skill, but with smaller improvements than 
from adding temperature and salinity to the null model and by varying amounts across regions 
(Table 3). The strongest improvement was seen in the Eastern Bering Sea where RMSE decreased 
by 3.9 µmol kg-1 when spatial and spatiotemporal structures were added. However, in some cases, 
certain temporal and spatial structures increased RMSE compared to the temperature and salinity 
only models (e.g., Gulf of Alaska S+T vs. S+T+spatiotemporal in Table 3). For models with no 
observable covariates, including spatial, temporal, or spatiotemporal structure only improved 
predictive skill over a null model by up to ~4 µmol kg-1, except for in British Columbia where it 
improved accuracy by ~7 µmol kg-1. The spatial or temporal structure that provided the most 
accurate predictions differed between regions. For the full covariate model (which was consistently 
more accurate than a model with no observable covariate regardless of spatial or temporal 
structure), the spatial and temporal structure with the highest predictive skill was spatial variation 
in the California Current, Gulf of Alaska, and Aleutian Islands, and both spatial and spatiotemporal 
variation in British Columbia and the Eastern Bering Sea. Overall, all the most accurate models 
included spatial and/or spatiotemporal structures, but these structures alone could not achieve the 
same predictive skill as including observable covariates. 
 
Differences in accuracy between regions were likely driven by the amount and coverage of training 
data available. Accuracy was notably improved with increased density of observations (Appendix 
B Figure S2). The densities of observations in the Gulf of Alaska and Aleutian Islands were only 
a quarter the density of observations in the California Current, and RMSE was three times higher. 
In the Aleutian Islands, for instance, there were fewer than 1,000 (ranging from 685—745 for each 
test year) bottom dissolved oxygen observations for fitting models in a survey area of over 70,000 
km2, while in the California Current there was an order of magnitude more—over 12,000 
observations—for an area around 100,000 km2 (Appendix B Figure S2). British Columbia had 
~5,000 observations and an area of 53,580 km2, while the Gulf of Alaska had ~5,000 observations 
for an area of 320,202 km2. Data coverage in some regions was patchier and more spatially 
unbalanced between years than other regions; for instance, the Eastern Bering Sea had highly 
varied spatial coverage between years (Appendix B Figure S3C), while the California Current was 
more consistently covered (Appendix B Figure S3A). The concurrent bottom trawl dissolved 
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oxygen data in Gulf of Alaska and the Aleutian Islands also had overall higher oxygen values than 
the training datasets, but no bias was observed in any other region (Appendix B Figure S4). Since 
only two years of concurrent bottom trawl data were available in each Alaska region for predictive 
skills testing, there were fewer years for comparison than the California Current and British 
Columbia. As dynamic oceanographic variables (such as temperature, oxygen, and salinity used 
here) and depth are highly correlated (Appendix B Figure S6), distinct bathymetric and 
oceanographic features of each region likely contributed to regional differences in predictive skill 
and the best spatial and temporal structures. Yet overall there were not evident patterns in bias of 
predictions within each region across space (Appendix B Figure S3), salinity, temperature, year, 
or day-of-year (Appendix B Figure S5A). However, oxygen was generally over-predicted at 
shallower depths with higher predicted oxygen in the Alaska regions, while in British Columbia 
and the California Current there was underestimation of oxygen at shallow depths and low 
predicted oxygen (Figure 4).  
 
Oceanographic model 
 
Accuracy of the oceanographic output, Copernicus Global Ocean Biogeochemistry Hindcast 
(GOBH), compared to the observed bottom dissolved oxygen at fish catch points also differed 
between regions. The overall error (i.e. RMSE) was 38.2 µmol kg-1 in the California Current and 
43.7 µmol kg-1 in British Columbia, but almost doubled in Alaskan regions, with an RMSE of 66.5 
µmol kg-1 in the Gulf of Alaska, 65.8 µmol kg-1 in the Eastern Bering Sea, and 89.4 µmol kg-1 in 
the Aleutian Islands. There was both a consistent bias in predictions underestimating observed 
oxygen and a high imprecision in estimates, as evident at the scale of individual fish catch sampling 
events (Figure 5). This inaccuracy in predicting oxygen at fish sampling events was similar when 
comparing GOBH to independent CTD cast observations (Appendix B Figure S7). Overall the 
GOBH oxygen values were less accurate (i.e. a higher RMSE) than empirical statistical predictions 
in each region, with an RMSE ~15-30 𝜇mol kg-1 higher than the integrated predictions in each 
region (Table 3). 
 
 

 Table 3. Overall root mean squared error (RMSE) of predictions empirical statistical predictions of bottom dissolved 
oxygen predictions for fish catch survey events withheld from training data for each region. Models with different 
spatial and temporal structures—none, persistent spatial fields (“Spatial”) and plus annual fixed effects of year 
(“Annual”) or plus spatiotemporal latent effects (“Spatiotemporal”— and including either no covariates (“None”), 
temperature (“T”) or temperature and salinity (“T+S”) (with salinity as sigma0) were fit to in situ dissolved bottom 
oxygen observations. Units are 𝜇mol kg-1. RMSE is also shown for the Copernicus Global Ocean Biogeochemistry 
Hindcast (GOBH). an interpolation method that uses a spatial model to predict bottom dissolved oxygen from GOBH 
given depth, day-of-year, and latent spatial fields. Blue cells indicate models with the lowest out-of-sample RMSE. 

  California 
Current 

British Columbia Gulf of Alaska Eastern Bering 
Sea 

Aleutian 
Islands 

 None T S+T None T S+T None T S+T None T S+T None T S+T 

Em
pi

ri
ca

l 
St

at
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al

 None 23.4 20.7 17.4 36.9 33.3 25.5 64.4 65.0 57.9 47.2 40.1 40.6 68.6 63.6 56.6 
Spatial 21.1 19.1 16.2 28.3 27.7 25.6 56.9 59.5 55.1 47.8 40.3 40.6 69.1 57.9 55.2 
Annual 22.2 19.9 16.9 29.0 28.3 25.2 59.9 61.1 56.7 46.6 55.6 44.8 83.6 71.7 76.4 
Spatiotemporal 21.6 19.7 16.8 29.5 27.7 25.1 60.2 61.8 59.4 45.6 43.9 36.7 71.5 62.4 65.6 

 GOBH 38.2 43.7 66.5 65.8 89.4 
 
Application to fish distribution model 
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In the case studies, the detection of a threshold—the biologically expected model—did not depend 
on the oxygen data used; however, if there was a threshold effect, the oxygen value at which fish 
densities were limited was sensitive to the type of oxygen data. For Dover sole in the California 
Current and sablefish in British Columbia, there was no threshold effect of oxygen detected (i.e. a 
flat line in the conditional effects plots) when fish density was fit to any of the oxygen data types 
(Figure 6). Similarly, for Dover sole in British Columbia and sablefish in the California Current, 
a threshold effect was detected regardless of the oxygen data type (Figure 6). However, the 
estimated threshold of this effect depended on data type. For instance, for sablefish in the 
California Current, when fit to only the concurrent in situ data, the estimated breakpoint (maximum 
likelihood estimate ± standard error) was 20.7 ± 60.8 𝜇mol kg-1, but 56.14 ± 69 𝜇mol kg-1 when 
using empirical statistical predictions, and 73.6 ± 60.9 𝜇mol kg-1 from the oceanographic model 
(Appendix B Table S2). For Dover sole in British Columbia, the estimated threshold was 22.7  ± 
111.9 𝜇mol kg-1 for the in situ data, 38.6 ± 114 𝜇mol kg-1 for empirical statistical predictions, and 
54.9 ± 130.8 𝜇mol kg-1 for the oceanographic model. When these estimated dissolved oxygen 
thresholds are subsequently used to estimate habitat with dissolved oxygen concentrations higher 
than or less than the threshold, a much wider range (essentially all trawls across the California 
Current) would be identified as having insufficient oxygen (i.e. unsuitable) using the integrated 
predictions of oxygen (Figure 7). However, the model fit to concurrent data identifies only a 
narrow band at the (deeper) western edge of the range with unsuitable conditions (Figure 7).  
 
The distribution of fish catch across depth and oxygen conditions in the different data types likely 
contributed to differences in estimated thresholds. For instance, in the California Current the 
concurrent data shows a much tighter range of oxygen conditions than predicted by the integrated 
model or in the oceanographic output at deeper depths (Figure 8). The difference in estimated 
effects are primarily due to differences in the oxygen predictions, rather than just the amount of 
data available. Here we showed the most realistic scenario, in which we used the integrated 
predictions or oceanographic model to predict at all trawl samples when concurrent in situ data 
was not available, which greatly expanded the number of years of fish data that were used in model 
fitting. When data used in model fitting is instead restricted to only the years where concurrent 
data is available, there are even greater differences in estimated effects. For British Columbia 
Dover sole (Appendix B Figure S8), no threshold effect was detected when using the predictions 
from the integrated statistical model or the oceanographic output. In the California Current, no 
threshold is detected when using the oceanographic output (but is still detected from the integrated 
statistical predictions) (Appendix B Figure S8). The differences in the oxygen values between data 
sources is therefore impacting threshold estimation. 
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Figure 1. The trade-off between spatiotemporal coverage and resolution in oxygen data options 
for species distribution modeling. A) There are inter- and intra-annual gaps in oxygen data 
coverage of fish catch surveys. Number of observations from bottom trawl surveys (black) in the 
California Current (the NOAA Northwest Fisheries Science Center West Coast Bottom Trawl 
Survey), British Columbia (the Department of Fisheries and Oceans Canada West Coast 
Concurrent Trawl Surveys), the Gulf of Alaska and Eastern Bering Sea (NOAA Alaska Fisheries 
Science Center Gulf of Alaska and Eastern Bering Sea Bottom Trawl Surveys), and the number 
of trawls with in situ oxygen observations available (grey). B) The spatiotemporal resolution 
mismatch between oceanographic model output and fish catch surveys. Example of fish catch 
survey locations for a section of the West Coast Bottom Trawl Survey in the California Current 
in 2012) (blue points) and the Global Ocean Biogeochemistry Hindcast grid points (orange 
stars).  
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Figure 2. A) Composition of and B) map of 
in situ bottom dissolved oxygen 
observations used in model training and 
testing in each region across years (2000—
present). Asterisks indicate concurrent 
observations with fish catch surveys (either 
bottom trawl or long-line). All other surveys 
are CTD casts independent from fish 
surveys. California Current n=12894, British 
Columbia n=4713, Gulf of Alaska n=5939, 
Eastern Bering Sea n=2019, and Aleutian 
Islands n=1084. C) All data in each region. 
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Figure 3. A) Distribution of residuals (observations minus predictions) (𝜇mol kg-1) for 
predictions of bottom dissolved oxygen for fish catch surveys (observations withheld from model 
fitting) from the highest-skill model of in situ bottom dissolved oxygen observations for each 
region. B) Predicted bottom dissolved oxygen and observed bottom dissolved oxygen in 𝜇mol 
kg-1 (in situ observations withheld from training data) for each region. Black line indicates a 1:1 
relationship (i.e. perfect accuracy).  
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Figure 4. Residuals of predictions (observation—prediction) from all years of leave-one-year-
out skills testing by observed bottom dissolved oxygen (µmol kg-1) and depth of observation (m). 
 
 

 
Figure 5. A) Predicted bottom dissolved oxygen and observed bottom dissolved oxygen in 𝜇mol 
kg-1 (in situ observations withheld from training data) for an example year and region, the 
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California Current in 2012, for the spatiotemporal model with both temperature and salinity 
covariates fit to in situ data (black) and the Global Ocean Biogeochemistry Hindcast model 
interpolated to depth, day-of-year, and coordinates (grey). Black line indicates a 1:1 relationship 
(i.e. perfect accuracy). B) Distribution of residuals (𝜇mol kg-1) for the predictions versus 
observations from each. 
 
 

 
Figure 6.  The response of fish density to dissolved oxygen for each species and region 
estimated from the three different sources of dissolved oxygen data (concurrent in situ 
measurements from the bottom trawl surveys, predictions from the empirical statistical model, 
and output from a global oceanographic model, the Global Oceanographic Biogeochemistry 
Hindcast). Response is shown as the conditional effect (maximum likelihood estimate ± standard 
error) of the dissolved oxygen breakpoint model. Conditional effects without standard errors are 
due to inherent computational challenges in maximum likelihood estimation when the second 
derivative of the log-likelihood is near zero or undefined, making the curvature-based (inverse 
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Hessian) calculation of standard errors not reliably approximated. Dover sole in British 
Columbia and sablefish in the California Current show a threshold effect, but the specific 
breakpoint differs when estimated from different data sources. Dover sole in the California 
Current and sablefish in British Columbia show no effect of dissolved oxygen on fish density 
regardless of data source. Conditional effects were calculated with depth effects set to 0 m, year 
at a reference year (2012 in California Current and 2019 in British Columbia), and no random 
effects. Population density (unscaled units of biomass kg km-2) is shown scaled to the maximum 
value of the conditional effect on biomass density (i.e. 1) in each species and region. 
 
 
 

 
Figure 7. Trawl locations where dissolved oxygen conditions were estimated to be suitable 
(blue, no effect on fish density) and unsuitable (red, a reducing effect on fish density) for one 
example year (2023) for a case study species and region, sablefish in the California Current, 
using the estimated threshold from the dissolved oxygen breakpoint model fit to dissolved 
oxygen data from the different data sources: (left) concurrent in situ observations only, (center) 
predictions from the empirical statistical model, and (right) oceanographic model output, from 
the Global Oceanographic Biogeochemistry Hindcast. 
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Figure 8. Dissolved oxygen (𝜇mol kg-1) and depth (m) for each of the three dissolved oxygen 
data sources (concurrent in situ observations measured at each bottom trawl survey, empirical 
statistical predictions, and the dynamical oceanographic output, Global Ocean Biogeochemistry 
Hindcast) at each haul for each case study species and region. Color indicates the fish catch per 
unit effort (CPUE) (kg km-2) of each bottom trawl survey, scaled by the mean and standard 
deviation of log(CPUE) (i.e. the geometric mean and standard deviation). In situ observations 
have a narrower range of estimated dissolved oxygen concentrations across depth, especially at 
deeper locations, while there is much greater variation in dissolved oxygen in predictions from 
the empirical statistical model or oceanographic output.  
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3.5 DISCUSSION 

Here we demonstrate the necessity of carefully considering the source of covariate environmental 
data in species distribution modeling, focusing on dissolved oxygen in the northeastern Pacific. 
We found possible benefits and drawbacks to expanding the amount of data through empirical 
statistical predictions or with dynamical oceanographic model output. Using a relatively simple 
structure of the empirical statistical model to predict dissolved oxygen by integrating multiple 
existing datasets, we could reasonably predict oxygen conditions at the resolution of marine 
biological surveys in two of the five regions (only British Columbia and California Current) over 
the required duration. Yet achieving reasonably accurate predictions required an extensive amount 
of oxygen data. The Alaska regions, with limited data, produced large errors in predictions. In all 
regions, the dynamical oceanographic model output (GOBH) had even lower predictive skill at 
specific sampling events. The level of accuracy in both approaches still introduced sufficient 
variation in oxygen values to affect the outcome of estimated oxygen thresholds when used in 
species distributions models.   
 
We found that empirical statistical predictions could be a viable option for expanding coverage of 
environmental data in only some cases. Leave-one-year-out cross-validation skill testing showed 
that the model could reliably predict dissolved oxygen at bottom trawl events in the California 
Current and British Columbia (with an RMSE ~16 µmol kg-1 and 22 µmol kg-1 respectively). And 
in all regions, this approach could fill in gaps in in situ concurrent observations with greater 
accuracy than using the oceanographic model output for the period of time it was trained to 
reproduce. In all regions here, the most accurate predictions could be generated from simple 
regression models of other covariates (temperature and salinity) that are driven by similar 
oceanographic processes as oxygen, plus spatial and sometimes spatiotemporal random fields. 
Since temperature has historically been more frequently available in trawl datasets than dissolved 
oxygen, this method may be readily applicable to other biological datasets. It can also be useful to 
fill in missing oxygen observations if measured simultaneously with temperature and salinity and 
sensors fail. If temperature and salinity are not available, accounting for latent spatial and temporal 
structure with random fields could still reasonably predict dissolved oxygen but with more error 
(an additional ~5-10 𝜇mol kg-1).  
 
Despite the utility of empirical statistical approaches for resolving oxygen at appropriate scales, 
this method should only be used if data can provide sufficient spatial and temporal coverage. We 
find that regions with lower density of observations data available (<0.075 observations per km2) 
had less accurate predictions. In Alaska regions, error was especially large (~35-50 𝜇mol kg-1), 
and ~2x greater than British Columbia and California Current. In the Gulf of Alaska, around four 
times more data than available (~20,000 observations; only ~5,000 available here) would be 
needed to achieve the same observational density as the California Current. Regions with fewer 
observations had both reduced years of coverage (e.g. less than 10 years of data with annual gaps 
in the Aleutian Islands vs. over 20 years of continuous annual data in the California Current) and 
were more spatially patchy data relative to the area of the survey region, and fewer independent 
sources of oxygen data (e.g. three sources of oxygen data in the Aleutian Islands versus eight in 
the California Current). The amount of data available relative to capturing the unique 
oceanographic characteristics within each region (such as particular bathymetry, river outflows, 
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wind mixing, upwelling dynamics, and biogeochemical processes) may also impact predictive skill 
and needs to be considered specifically for each system. 
 
Interpolating to fill in missing covariate data is commonly used in distribution modeling (e.g. Li 
& Heap, 2014; Thompson et al., 2023), yet we recommend considering empirical statistical 
predictions only after validating for the specific region of analysis with cross-validation techniques 
(Roberts et al., 2017) and using only if accuracy (e.g. RMSE) is within a tolerable range for the 
purpose of the analysis. For instance, in our case studies of groundfish distribution modeling, we 
would consider using this approach only for British Columbia and California Current, as the errors 
in the Alaska regions are too large relative to the low oxygen values that define hypoxic conditions. 
There are additional limitations to consider when applying this empirical statistical method. We 
did not intend for this approach to mechanistically evaluate drivers of dissolved oxygen dynamics, 
but rather to maximize predictive skill for obtaining point oxygen value at biological sampling 
events to use as a covariate in species distribution models. In our case, simpler models with salinity 
and temperature produced more skillful predictions than models with only latent random fields. 
Combining both provided the highest accuracy. Testing alternative models of increasing levels of 
complexity—from simple models to highly parameterized models and with complex error 
structures—can help identify the most skillful model for the unique oceanographic conditions in 
other systems. In addition, we only evaluated skill for predicting entirely unsampled years. For 
using this method to fill in gaps in spatial coverage within a sampled year, one could conduct skill 
testing with spatial blocking (Roberts et al., 2017). Lastly, not unlike statistical predictions for 
ocean acidification (Carter et al. 2021; Alin et al. 2023) this statistical method does not include 
possible long-term change (i.e. deoxygenation signals) because of the short temporal duration (< 
20 years) of observations in the training period. For ocean acidification reconstructions without 
time-varying anthropogenic effects, usage is often limited to 10 years around the training period 
(McGarry et al. 2021; Alin et al. 2020). Some regions may do well to predict contemporaneous 
oxygen, but it is likely that biases will emerge over the future years, particularly in regions with 
high uptake of anthropogenic CO2 such as the North Atlantic (Gruber et al. 2019; Carter et al. 
2021). 
 
We validate that oceanographic model outputs for dissolved bottom oxygen can be a suitable 
alternative if sufficient in situ observations are not available, but a greater amount of error in 
dissolved oxygen should be expected. While the oceanographic model output used here (the Global 
Oceanographic Biogeochemical Hindcast) has been validated for capturing climatological and 
seasonal dynamics across space and depth (Perruche et al., 2024), it could not precisely describe 
fluctuations at the resolution of fish catch surveys. This inaccuracy was due in part to bias but also 
due to greater variation; adjusting with a simple constant (i.e. a delta-correction method) therefore 
would not sufficiently correct the discrepancy. 
 
Overall, we recommend validating oceanographic model outputs for specific applications to 
species distribution modeling. Oceanographic model outputs are often validated at coarser spatial 
and temporal scales than biological sampling (such as climatological means and seasonal patterns, 
e.g. Kristiansen et al., 2024; Perruche et al., 2024; though see Kearney, 2021 and Kearney & Porter, 
2009 for fine-scale temperature validation and Sullaway et al., 2024 for zooplankton). Our 
approach compares output to in situ observations for the specific biological survey being analyzed, 
and can therefore help quantify uncertainty in oceanographic models at the scale of biological 
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observations. We did not intend to be a comprehensive survey of oceanographic data options. 
Rather, we aimed to validate the model most suitable for our purposes and provide a demonstration 
and framework that could be generalized for any oceanographic output when applying to species 
distribution models. Here, we used GOBH because it provided the most comprehensive spatial and 
temporal coverage for our study system. However, because of the resolution it does not capture 
some local processes at smaller scales. In other studies, such as for a more constrained geographic 
area, oceanographic model outputs such as regionally downscaled models that have higher 
resolution of bathymetry and coastal dynamics (e.g. upwelling and eddies) may be available and 
could be validated using our approach. For instance, there are hindcasts from Regional Ocean 
Modeling System (ROMS) models (e.g. in the northeastern Pacific, Hauri et al., 2020; Pozo Buil 
et al., 2021), upcoming MOM6 models (Ross et al., 2023), GOBAI-O2 (Sharp et al., 2022), and 
ESPER-NN (Carter et al., 2021). In addition to validating oceanographic models, we also 
recommend to fit a spatial model to oceanographic output to interpolate values at specific location, 
depth, and day of each biological sampling event, rather than using the nearest oceanographic 
output grid location. Error of the oceanographic output was significantly greater when using 
nearest neighbor matching (~200% greater RMSE in the California Current and British Columbia, 
and 33% in the Alaskan regions). The interpolation method used here can greatly improve the 
accuracy of dissolved oxygen values by reducing the coarseness of the oceanographic model and 
better capturing the spatial resolution of biological data.  
 
Our analysis spotlights that the level of error in both empirical statistical predictions and dynamical 
oceanographic output can be enough to impact the outcomes of species distributions models of 
demersal fishes. In our case studies, the detection of an effect of oxygen on fish distribution did 
not differ between oxygen data types. Yet if a threshold effect was detected (sablefish in the 
California Current and Dover sole in British Columbia), the estimated breakpoint—the oxygen 
value below which fish density is reduced—was sensitive to data type. Our results suggest that 
this is due to bias and variation in empirical statistical predictions and dynamical oceanographic 
values compared to in situ data. In estimating and projecting biological responses to the 
environment, there are multiple sources of uncertainty (e.g. Brodie et al., 2022; Davies et al., 2023) 
and decision points throughout the data and modeling process (e.g. Commander et al., 2023). Here 
we aim to highlight that the decisions of which environmental data source to use and how to 
account for uncertainty in this data are two other key decision points that needs to be carefully 
considered.  
 
First, in deciding the input for an environmental covariate, modelers need to evaluate the tradeoff 
between coverage and resolution given the options available for the specific region and time period 
and the purpose of the model. There is no single “best” choice. Spatial models of biological data 
are used for various purposes, including projecting distributions of changing climate (e.g. Liu et 
al., 2023), designating essential fish habitat designation (e.g. Moore et al., 2016), and evaluating 
environmental drivers of characteristic such as growth (e.g. Lindmark et al., 2022a; Lindmark et 
al., 2022b). If the primary goal is historical ecological inference and precise empirical estimates, 
then prioritizing resolution over coverage and using in situ observations collected at the time of 
biological sampling would likely provide the most specific measure of conditions at the location 
and time of biological data. For instance in our case studies, we considered our baseline as expected 
oxygen based on the database of oxygen measurements. Using empirical statistical predictions or 
GOBH to fill in missing observations and expand the amount of data for distribution modeling did 



 103 

not provide enough benefit to outweigh information lost by introducing greater error in oxygen 
values. However for studies that need wider temporal or geographic coverage than that available 
from in situ data, empirical statistical predictions or a dynamical oceanographic model output 
would be more suitable. If using an oceanographic output, we recommend using the option 
available with the highest resolution possible that still covers the geographic extent of the study 
region, and following the validation and interpolation methods discussed above. Combining 
multiple downscaled oceanographic outputs to patch together across multiple regions (rather than 
using one more global model, as done with GOBH here) would require validating in each region 
and evaluating biases between regions to be able to compare biological models fit to different 
oceanographic outputs. For many species (such as Dover sole here), there are not laboratory 
estimates on oxygen sensitivity available. However considering the ecology and physiology of the 
species when available can provide context and biological realism when evaluating the sensitivity 
of the estimated biological response to possible error from the environmental data. For instance, 
the low end of hypoxia definitions (10 𝜇mol kg-1) and estimated loss-of-equilibrium for sablefish 
of 16 𝜇mol kg-1  (at 12 C; pO2, crit of 44 𝜇mol kg-1) (Leeuwis et al., 2019) is within the RMSE of 
the empirical statistical and oceanographic models here even for regions with the highest predictive 
skill. It therefore may not be precise enough for studies evaluating precise empirical responses 
these low thresholds. Yet using these methods (for only the regions with higher predictive skill) 
may be more robust for species expected to have a higher threshold, such as Atlantic cod (52-58 
𝜇mol kg-1.Claireaux et al., 2000) or Doryteuthis squid (51-68 𝜇mol kg-1,Birk 2018).  
 
There are other situations where an oceanographic model or empirical predictions may be more 
suitable. Oceanographic model outputs are a powerful tool for capturing biogeochemical and 
physical dynamics (Di Biagio et al., 2023; Li et al., 2024; Siedlecki et al. 2015; Pena et al., 2010) 
and are crucial for projecting impacts of future oxygen and temperature conditions (e.g. Liu et al., 
2023; Thompson et al., 2023; Sunday et al. 2022). We did find that different data sources in our 
case studies were robust to overall categorical classification of whether a species did or did not 
have any response to oxygen conditions. Similarly, oceanographic model outputs would be useful 
for studies needing to summarize monthly, season, and annual indices and across broader 
geographic regions because they are often accurate at recreating trends and dynamics at these 
broader scales (e.g. Perruche et al., 2024). This includes annual recruitment models (e.g. Ward et 
al., 2024), characterizing marine heatwaves (e.g. Fredston et al., 2024), or evaluating spatially 
varying responses to global or regional conditions (e.g. Thorson 2019). Lastly, oceanographic 
model output, even if biased, is still effective for forecasting biological responses if they are used 
consistently. For instance, using the historical reconstruction and climate projections from the 
same oceanographic model will keep biases consistent between the data used to estimate the 
environmental effects and the projected environmental conditions.  
 
A second decision point to consider, regardless of data source, is accounting for uncertainty in the 
environmental covariate data. Our framework—comparing species models fit to different 
environmental input data (e.g. oceanographic output versus in situ model) to quantify differences 
in estimated threshold due to data uncertainty—is one option. These range of thresholds could 
subsequently classify vulnerability of a species to low oxygen in a particular region by comparing 
the threshold range to predicted future changes in dissolved oxygen. Similar methods are already 
common for projecting ecological responses to climate forecasts from multiple different Earth 
System Models (e.g. Liu et al., 2023; Townhill et al., 2023). If only an oceanographic model 
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hindcast and no in situ data are available in the region for comparison, using standard sensitivity 
analysis techniques (Cariboni et al., 2007; Steel et al., 2009), such as by simulating error in the 
oceanographic output, could quantify the robustness of estimated effects to error in the 
oceanographic output. Models could be combined via ensemble methods with equal or non-equal 
weights (e.g. Anderson et al., 2017; Harris et al., 2024). State-space models could explicitly build 
observation error in the environmental covariate into the model (Correa et al., 2023; Lindén & 
Knape, 2009; Thorson et al., 2021). Oceanographic output could be included in models as a 
separate covariate (Sullaway et al., 2024), or as joint models with observations as responses using 
shared latent variables (Thorson et al., 2021), to generate spatially resolved corrections (Hay et al., 
2000). In some cases, it may be suitable to aggregate species density data into coarser scales, such 
as pooling data into the resolution of oceanographic output (Chen et al., 2023; Commander et al., 
2022). Conversely, local biological response to regionally or globally scaled environmental 
variables (such as an oceanographic index) could be evaluated via spatially varying coefficients 
(e.g. Thorson 2019). Here, we focused on GLMMs for species distribution, but other approaches 
for estimating effects of oxygen on species populations, such as structural equation models 
(Thorson et al., 2024), simulating ecosystem dynamics in Ecopath and Ecosim (e.g. de Mutsert et 
al., 2016) or reconstructing environmental histories with otoliths (e.g. Valenza et al., 2023) may 
provide additional insights. Overall, considering uncertainty stemming from the environmental 
data will ensure more robust estimates of environmental drivers on ecological systems and 
projections of impacts under future climate change. 
 
Our findings indicate that prioritizing measuring environmental data concurrently with biological 
sampling can reduce uncertainty in estimating environmental effects on marine species. We found 
that a global hindcast could produce greater uncertainty than concurrent data when using 
retrospective models to estimate environmental drivers of marine species distributions. 
Oceanographic models that have performed well at finer scales are not available at the large scales 
of time and space required for analyses like the one we performed here, due primarily to 
computational limitations. Concurrent observations are similarly prioritized in carbon cycling 
research (termed co-locating observations, e.g. Newman et al., 2019). Prioritizing environmental 
data can also improve oceanographic models. Dissolved oxygen is particularly challenging to 
capture at a fine scale in oceanographic models (Stramma et al., 2012). Yet dissolved oxygen 
observations at bottom depths are less widely available (Wang et al., 2024); for instance, satellites 
do not detect bottom oxygen, and only a subset of Argo floats measure dissolved oxygen (Argo, 
2024). Expanding advanced ocean observing instrumentation to regions with limited coverage, 
such as the Bering Sea and Aleutian Islands, and generating high-quality and long-term, historical 
reconstructions of subsurface environmental conditions will improve oceanographic modeling 
outputs (Breitburg et al., 2018). Collecting dissolved oxygen data concurrently requires time and 
financial resources that may be limited with possible declining budgets (NOAA, 2024b) and 
upcoming survey changes (NOAA, 2024a; NOAA Fisheries, 2024). Here, we demonstrate that 
these data are highly valuable for capturing fine-resolution environmental conditions at an 
ecologically relevant resolution, validating oceanographic outputs, and expanding coverage with 
predictions from empirical statistical approaches. 
 
There is a growing need to bridge the gap between the methods and priorities of oceanographic 
and fisheries research communities to advance fisheries management (Berx et al., 2011, Drenkard 
et al., 2021). Here, we identify an opportunity for increasing alignment by validating 
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oceanographic outputs for the resolution of biological sampling. We provide guidance on 
operationalizing in situ and oceanographic model outputs to be applicable to fisheries data and 
methods. In our case studies, relying on only in situ data or only an oceanographic output would 
have led to different interpretations of the vulnerability of species to decreased oxygen. The most 
suitable data source will depend on a study’s purpose and the options available for the region and 
time period. We suggest greater attention to evaluating model sensitivity, quantifying uncertainty, 
and testing robustness of conclusions to environmental data inputs. We focused on bottom 
dissolved oxygen because it is less available in marine biological surveys and more difficult to 
capture in oceanographic models. Yet our approach and guidance can be similarly applied to other 
environmental characteristics often included in species modeling, such as temperature and 
phytoplankton. We also encourage the fisheries research community to develop standardized 
techniques for how environmental data (whether in situ or from oceanographic output) are 
processed in spatial models to facilitate comparison across systems.  
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Chapter 4. OXYGEN CONSTRAINS LOCAL DENSITIES ACROSS 

DIVERSE BOTTOM-ASSOCIATED MARINE 

FISHES 

Publication history: This study was co-authored with Sean C. Anderson, Lewis A.K. Barnett, 
Samantha Siedlecki, James T. Thorson, Eric J. Ward and Timothy E. Essington. At the time this 
dissertation was submitted, a version of this chapter was in prep for journal submission. 

4.1 ABSTRACT 

Dissolved oxygen has often been used to explain the distributions of marine species. However, 
much of this research has focused on broad-scale biogeographic patterns in species’ distributions, 
rather than how oxygen may constrain densities at local scales, where other ecological processes 
operate. As ocean oxygen is expected to decline under climate change, understanding possible 
thresholds to low oxygen at fine spatial scales is vital for fisheries management. Here we evaluate 
whether and to what extent there is evidence for oxygen limitation on local density in 32 demersal 
(i.e. bottom-associated) species in the northeastern Pacific Ocean, by combining observational data 
from five fishery-independent surveys from 2008-–2024 in robust statistical models. We find that 
more than one-half of fish species showed a threshold relationship between local density and 
oxygen. Local densities were consistently more reduced by low-oxygen conditions in southern 
regions (California Current and British Columbia) compared to northern regions (Gulf of Alaska 
and Eastern Bering Sea). Species with an oxygen threshold spanned a diverse range of taxonomies 
and ecologies, and estimated thresholds ranged widely across species from ~2—25 kPa. These 
estimates of the sensitivity of local density to oxygen can help anticipate effects of future 
deoxygenated oceans on marine ecosystems. 

4.2 INTRODUCTION 

Understanding the drivers of species’ spatial patterns has long been a focus of research in both 
terrestrial and marine systems1. In marine species, oxygen limitation has often been identified as 
a key determinant of range limits2,3, past extinctions4, biodiversity5, thermal tolerance6–9, and 
growth and size10–12. There are various metrics for quantifying species’ oxygen requirements 7,13,14, 
but the impacts of oxygen on these dynamics in marine species are generally rooted in fundamental 
physiological constraints on how temperature and size govern metabolic rate and therefore oxygen 
demand15,16. Given that ocean oxygen is projected to decline over the next century by 
approximately 1—7%17–19 , and has already decreased by ~2% globally since 196020, the extent to 
which oxygen requirements can determine species’ range limits holds particular importance for 
projecting the impacts of changing environmental conditions on marine habitats and populations21. 
 
However, these global assessments of macroecological patterns in oxygen limitation have often 
overlooked nuances in species’ ecology and other environmental processes that can drive 
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distributional patterns at smaller scales. At a local level, ecological dynamics such as predator-
prey interactions22, food availability23, and competition24, as well as other environmental 
preferences such as temperature25–27, depth28, and substrate29, can also dictate species’ local 
densities and mediate physiological constraints. Species also have a wide potential for local 
acclimations30 and adaptations to tolerate environmental conditions. And even above levels that 
would be physiologically lethal, decreased oxygen can still impact marine species’ growth31,32, 
behavior 33,34, and avoidance of areas35. Fine scale changes in local distributions can have 
cascading impacts on ecosystem dynamics36,37, fishing opportunities38, critical habitat39, and 
transboundary fisheries governance40. While distributional shifts associated with temperature have 
been more widely investigated 41–43, deoxygenation may effect distributions even more than 
temperature and acidification44 and can profoundly shape ecological systems45–47. Yet there is 
relatively less evidence of the extent to which oxygen shapes local fish distributions. 
 
This limited evidence is partly due to lack of data at scales relevant for these small-scale processes. 
For example, oxygen thresholds have been measured in laboratory settings with well-defined 
procedures48–50. The physiological complexity of oxygen tolerance means that it is often 
parameterized with other terms, such as temperature-dependence7. There is extensive variability 
in oxygen tolerance and associated physiological traits between species51,52, and laboratory data is 
only available for ~80 of the hundreds of thousands of marine fish species. Additionally, 
laboratory-derived oxygen thresholds have in some cases not adequately described effects of 
oxygen on species at local scales53,54. For the majority of species, laboratory data therefore often 
does not provide sufficient information to determine low oxygen tolerances or how oxygen may 
impact habitat use within their ranges. 
 
Observational data can instead reveal information on associations of fish densities to oxygen in 
real environmental contexts. However, observational data also does not provide unambiguous 
information concerning oxygen thresholds that prompt ecological responses. Depth, temperature, 
and oxygen in particular strongly covary in many ocean systems (Fig 1). This covariance makes it 
particularly challenging to identify the specific distributional responses associated with oxygen 
versus depth preferences55. Reliable estimates from observational data depend on properly 
accounting for other measured and unmeasured environmental variables, though these are often 
not included in analyses2. Additionally, empirical estimation requires observational datasets large 
enough to provide sufficient variation in density and environmental conditions to allow statistical 
inferences. Yet in situ oxygen measurements collected at the time of biological sampling are less 
frequently available in species’ density data, and oceanographic model hindcasts and interpolation 
techniques that are sometimes used56 do not adequately capture oxygen dynamics to estimate 
unbiased and precise oxygen thresholds at local scales57. Lastly, the functional form of oxygen 
should approximate physiological and ecological responses. As described above, oxygen 
requirements are often temperature-dependent through metabolic constraints, and these parameters 
are species-specific. Limited laboratory data, as described above, poses difficulties for 
parameterizing the response. The effect of oxygen on fish is also expected to be non-linear, with a 
saturating threshold effect58,59. Yet research often does not consider these physiological or non-
linear structures 38,56,60. To date, there have been few analyses of observational data of local 
densities associated with oxygen that fully address these challenges for a wide number of species.  
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Here, we evaluate whether and to what extent there is evidence for oxygen limitation on local 
distributions in 32 demersal (i.e. bottom-associated) species in the northeastern Pacific Ocean 
(eastern Bering Sea through southern California Current, Fig S1) by combining insight from 
physiological trait and observational data in statistical models. This area is especially relevant as 
continental shelf ecosystems like this coast contain some of the most valuable fisheries in the 
world61 and include a diverse array of fishes and oxygen regimes. We compile data from five 
fishery-independent surveys from 2008-2024, with over 8,000 observations for each species of 
density and in situ temperature, oxygen, and depth. Fishery-independent data are uniquely useful 
for statistical inference because they follow standardized grids and protocols and report zero (i.e. 
absent) catches. Compiling data from multiple surveys provides both high spatial and temporal 
resolution and wide geographic coverage that spans a range of habitats and climates. While there 
are not physiological data for the majority of species we evaluate, we take advantage of a recent 
phylogenetic imputation of oxygen-tolerance traits51 to correct oxygen for temperature-
dependence (i.e. pO2’). We use correlative species distribution models 51 to fit these data in 
coastwide and region-specific models. This approach is flexible to address the challenges outlined 
above, by estimating oxygen effects on local density where statistical robustness is strengthened 
by accounting for survey catchability effects, measured confounding environmental effects (depth 
and temperature) and unmeasured (i.e. latent) spatial and spatio-temporal variation. It additionally 
can consider oxygen as temperature-dependent and in a biologically-informed saturating threshold 
function. We use fitted models to first identify species with local distributional responses to 
oxygen, either coastwide or in specific regions. We then use these estimated oxygen thresholds to 
retrospectively identify spatial and annual patterns in local biomass density (i.e. shifts in 
distribution, not total population biomass). 

4.3 RESULTS 

More than one half of fish species (18 out of 32) showed a positive threshold association between 
local density and oxygen, either coastwide or in at least one region (Fig 1, Table S2). For these 
species, models with an additional threshold effect of a temperature-corrected oxygen term (pO2’) 
improved explanation of local densities compared to alternative models that included only baseline 
effects (catchability terms, latent fields, and depth) or temperature. Most of the species with 
evidence for an effect of oxygen use shallower habitat (<500 m deep), and only one species, 
shortspine thornyhead (Sebastolobus alascanus), commonly inhabits deeper than 1000 m (Table 
S1). Species influenced by oxygen spanned different families (e.g. Gadidae, Pleuronectidae, 
Scorpaenidae), occupied different parts of the water column (benthic, demersal, and semi-pelagic), 
and included commercially and culturally important species.  
 
To evaluate the threshold below which local fish density is reduced due to pO2’, we calculated 
ensemble conditional effects from estimated oxygen coefficients in the fitted models. Only species 
that included pO2’ as a best-fitting model were evaluated. Each species’ conditional effect 
comprises five fitted alternative SDMs: the base and temperature models, and three configurations 
of pO2’ thresholds. These configurations were fit with pO2’ calculated from three taxon-specific 
temperature-sensitivity parameters spanning the 95% confidence interval expected from 
phylogenetic imputation51. Temperature-sensitivity terms from laboratory measurements were not 
available for these species, and a threshold and temperature-sensitivity cannot be uniquely 
estimated directly from observational data55. Rather than selecting a single best-fitting model or 
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single temperature-sensitivity value for each species, we used ensembling to combine estimated 
effects and incorporate uncertainty62 in fish response and in species’ temperature sensitivity to 
oxygen. Ensembled effects were calculated for 100 Monte Carlo simulations drawn from 
Maximum Likelihood Estimation and averaged by weighting with marginal Akaike Information 
Criteria (AIC).  
 
There was high variation among species in the ensembled threshold of pO2’ below which local 
fish density was reduced, ranging from ~2 kPa to as high as 25 kPa (Fig 2). Oxygen thresholds in 
some species were estimated with relatively low uncertainty (e.g. coastwide yellowtail rockfish, 
Sebastes flavidus and shortspine thornyhead, Sebastolobus alascanus), yet with higher uncertainty 
in others (e.g. coastwide sandpaper skate and pacific cod) (Fig 2). There was generally alignment 
of estimated thresholds between species’ coastwide and region-specific models (Fig S2). More 
species had evidence for an oxygen threshold in the southern extent of the coast (British Columbia 
and California Current) than northern (Gulf of Alaska and eastern Bering Sea). In regional models, 
for instance, oxygen improved models of local fish density for only three species in the Gulf of 
Alaska (walleye pollock, Pacific cod, and Pacific halibut) and only two species in the eastern 
Bering Sea (Pacific cod and Pacific halibut) (Table S2). There were also regional differences in 
spatial variability of oxygen. Oxygen observations were more variable in the California Current 
and British Columbia (spatial SD=2.8 and 2.3, and spatiotemporal SD=0.8 and 1.4, respectively), 
than in the Gulf of Alaska and Eastern Bering Sea (spatial SD=1.9 and 0.9, and spatiotemporal 
SD= 1.4 and 1.2, respectively). 
 
To evaluate retrospective spatial and annual patterns in local fish densities associated with oxygen, 
we calculated ensembled conditional effects, following the approach above, for coastwide models 
at all oxygen observations in a compiled database (Indivero et al., in review) from the study period 
(2008-2024). There were consistent regional differences in oxygen effects (Fig 3), with little 
evidence for oxygen influencing local fish densities in the Eastern Bering Sea and Gulf of Alaska. 
Most oxygen observations in the Gulf of Alaska and Eastern Bering Sea were above the oxygen 
threshold, while most of oxygen observations in the California Current and British Columbia were 
below (Fig S3). Consequently, there were greater local reductions in fish density associated with 
oxygen in southern areas compared to northern sections of the coast (Fig 3). And while the 
proportion of oxygen observations below species’ thresholds in each region varied across years, 
there has not been a consistent temporal trend (Fig S4), and spatial patterns were generally stable 
over time (e.g. Fig S5). This aligns with patterns in the oxygen data, which had greater persistent 
spatial variation (SD= ~2.5) than spatio-temporal variation (SD= ~1) (Fig S6). While regional 
differences in oxygen effects were generally similar, the magnitude of density reduction due to 
oxygen varied across species. Lingcod and Pacific halibut, for instance, have historically 
experienced less strong reductions in fish density from oxygen compared to big skate and canary 
rockfish (Fig 3).            
 
We focused on regions with greater oxygen effects (British Columbia and the California Current) 
in higher spatial resolution by interpolating oxygen across regional grids (Indivero et al., in review; 
see Materials and Methods) and similarly calculating ensembled conditional effects of oxygen on 
local fish density. There were species, spatial, and annual differences in oxygen effects. Big skate, 
canary rockfish, shortspine thornyhead, silvergray rockfish, and Pacific cod had the greatest 
estimated reductions in local fish density due to oxygen in these regions (Fig 4). The portion of 
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the California Current off the coasts of Washington and Oregon experienced particularly strong 
limiting effects of oxygen on fish density compared to further north in British Columbia, and this 
was generally consistent across all species (Fig 4). Some species (e.g. shortspine thornyhead and 
big skate) also showed strong effects in the southernmost area of California (Fig 4). As expected, 
greater effects of oxygen on fish density were seen further offshore throughout the coast (Fig 4). 
The amount of area with limited oxygen (i.e. below estimated thresholds) generally increased with 
increasing depth (Figure S7). For instance, the Washington state coast showed relatively consistent 
effects latitudinally, but reductions in local density from oxygen increased further offshore (Figure 
S8). 
 
While oxygen (Fig S9) and the magnitude of reduction in local densities associated with oxygen 
varied among years in these regions over the study period (2008-2024), there was no clear trend 
that would signal improving or worsening conditions (Fig S10). However, there were certain years 
with distinctly increased reductions in local fish density associated with oxygen, such as 2021 (Fig 
S10, S11). These reductions were most pronounced off the coasts of Oregon and Washington (Fig 
S12). In 2021, for instance, off the Washington coast fish density reductions due to oxygen were 
higher and more widespread, and particularly apparent offshore (Fig 5), compared to 2010. For 
canary rockfish, for example, though in a typical year local fish densities are not strongly reduced 
by oxygen, in a low oxygen year there is a wide band of limiting oxygen conditions at the deeper 
edge of their typical depth (Fig 5). 
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Figure 1. Observations of oxygen and temperature measured in situ at the time of fish survey 
sampling across depths in each region. 
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Figure 2. Threshold (土 standard error) of the temperature-corrected pO2 (i.e. pO2’). Color 
indicates the geographic extent of the model (region-specific or coastwide). Circles are models fit 
with both IPHC and bottom trawl data, and triangles are models fit to bottom trawl data only. 
Thresholds estimates are calculated as the mean ensemble 土 standard deviation from the three 
pO2’ models (low, median, and high E0) weighted by marginal Akaike Information Criteria (ΔAIC) 
across 100 Monte Carlo simulations drawn from the mean and standard deviation of the maximum 
likelihood estimate of the threshold parameter.  
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Figure 3. Impact of oxygen on local fish density, expressed as predicted % reduction in local 
density, at oxygen observations compiled coastwide. Observations across all years of study period 
(2008-2024) are included. Reductions in density were calculated as the mean conditional effects 
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ensembled across the five models–base, temperature, and the three breakpoint(pO2’)–with 
conditional effects weighted by conditional Akaike Information Criteria (AIC) across 100 Monte 
Carlo simulations of the maximum likelihood estimation of the breakpoint and slope parameters. 
Only species with a coastwide pO2’ model are included. All other fixed (year, survey, region) and 
random fields (spatial and spatio-temporal variation) are set to zero. Observations are constrained 
to the latitudinal range and typical depth habitat (200m buffer deeper than 99% cumulative catch) 
of each species. Pacific halibut and Pacific cod models were fit to combined bottom trawl and 
IPHC longline survey, and the remainder of species were fit to only bottom trawl data (NOAA and 
DFO). Pacific cod was fit to abundance (numbers of fish ha-1) data, and the remainder of species 
were fit to biomass data (kg ha-1). Grey points indicate there was no estimated density reduction 
from oxygen at that oxygen observation.  
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Figure 4. Impact of oxygen on local fish density, expressed as predicted % reduction in local 
density, at oxygen observations compiled coastwide. in 2021 (a year with hypoxic conditions63). 
Reductions in biomass were calculated as the mean conditional effects ensembled across the five 
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models–null, temperature, and the three breakpoint(pO2’)–with conditional effects weighted by 
conditional Akaike Information Criteria (AIC) across 100 Monte Carlo simulations of the 
maximum likelihood estimation of the breakpoint and slope parameters. All other fixed (year, 
survey, region) and random (spatial and spatio-temporal variation) effects were set to zero. 
Observations are constrained to the latitudinal range and typical depth habitat (200m buffer deeper 
than 99% cumulative catch) of each species. For each species, the model fit to coastwide data and 
including IPHC data were used if available, otherwise region-specific models were used. Pacific 
halibut and Pacific cod models were fit to combined bottom trawl and IPHC longline survey, and 
the remainder of species were fit to only bottom trawl data (NOAA and DFO). Pacific cod was fit 
to abundance (numbers of fish) data, and the remainder of species were fit to biomass data (kg ha-

1). Grey indicates there was no estimated density reduction from oxygen. Oxygen was statistically 
interpolated across the grid from compiled in situ oxygen observations (Indivero et al, in review). 
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Figure 5. A) Proportion of area 土 standard deviation across California Current and British 
Columbia survey grids that historical oxygen is estimated to be associated with greater than 10% 
reduction in local fish density, and B) Comparison of impact of oxygen on local fish density, 
expressed as predicted % reduction in local density, at in a recent year with hypoxic conditions 
(2021) versus less hypoxic year (2010) for four example species along the Washington state coast. 
Grid cells are constrained to the latitudinal range and typical depth habitat (200m buffer deeper 
than 99% cumulative catch) of each species. Reductions in density were calculated as the mean 
conditional effects ensembled across the five models–null, temperature, and the three 
breakpoint(pO2’)–with conditional effects weighted by marginal Akaike Information Criteria 
(AIC) across 100 Monte Carlo simulations of the maximum likelihood estimation of the breakpoint 
and slope parameters. All other fixed (year, survey, region) and random fields (spatial and spatio-
temporal variation) are set to zero. 
 

4.4 DISCUSSION 

We found evidence for oxygen limitation on local densities across a wide variety of demersal fish 
species evaluated in the northeastern Pacific Ocean from 2008-2024. Oxygen limitation has often 
been used to explain biogeographic patterns in species’ range edges2,3,7, but this work has often 
failed to account for local ecological and environmental processes that may also shape species’ 
densities at finer scales. Our study expanded on existing research in several ways. We conducted 
a comprehensive treatment of oxygen sensitivity for a diverse suite of demersal species, combining 
standardized data from multiple fishery-independent surveys with high spatial and temporal 
resolution of fish densities and oxygen conditions across a wide geographic area. These data were 
analyzed in statistical models that considered the high dimensionality of species’ habitat and 
environmental preferences and the physiological temperature-dependence of oxygen tolerance. By 
providing ways for variability in species density to be explained by other drivers and processes, 
we conservatively estimate the extent to which local fish density could be associated with oxygen. 
Some, but not all, groundfish species evaluated in the northeastern Pacific Ocean showed evidence 
for an effect of oxygen on local distributions.  
 
Fishes in our study widely differed in the magnitude of their response to oxygen conditions. 
Species that showed evidence for an oxygen threshold spanned a variety of taxonomies and 
ecologies. Those with limiting effects included rockfishes, flatfishes, and gadids, and across 
ecological niches. One relatively consistent pattern is that species that commonly live in deeper 
water (below 1000m) were less likely to have evidence for a limiting effect of oxygen on 
abundance, as only one deeper-living species (shortspine thornyhead) had support for an oxygen 
threshold. It is likely that species adapted to deep habitat, with naturally limited oxygen, are able 
to tolerate these low oxygen conditions64 or rapidly acclimate30.  
 
Among species with evidence for an association of oxygen and density, there was a wide range of 
oxygen thresholds below which species’ local densities were reduced, ranging from 3-25 kPa (~4-
32 𝜇mol kg-1). Laboratory studies have similarly found high heterogeneity in hypoxia tolerance 
across taxonomies50–52. Sablefish, for instance, were measured to have a loss of equilibrium at 6 
𝜇mol kg-1 (at 12 C; pO2, crit of 44 𝜇mol kg-1)65, while Atlantic cod at 52-58 𝜇mol kg-166. Hypoxia is 
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typically defined at a level (<60 µmol kg-1, or ~47 kPa at 500m and 12° C) higher than the 
distributional thresholds we estimated from observational data. Yet here we are evaluating oxygen 
thresholds as the level of oxygen below which are reductions in local densities, i.e. a distributional 
response, rather than physiological limits. As there are no laboratory data on oxygen tolerance for 
the majority of the species in our study, we cannot compare these distributional thresholds directly 
to laboratory-measured physiological limits. Because there appear to be idiosyncratic oxygen 
tolerances across taxa, there was no straightforward way to flag species that may be oxygen-
limited. While biogeographic theories of oxygen limitation tend to assume it is universally 
applicable to species, we find a wide variety of realized responses to oxygen at local scales. 
 
There were also distinct regional differences in exposure to potentially limiting oxygen in the last 
few decades that may indicate areas with higher vulnerability to low oxygen. In more poleward 
regions (eastern Bering Sea and Gulf of Alaska), oxygen levels in our dataset have been 
consistently high compared to more southly sites. The Arctic is warming faster than average67 and 
has experienced heatwaves68 that are likely to increase in frequency69. Increased temperatures may 
increase fishes’ oxygen demand. Yet in our dataset, we observed that oxygen levels were generally 
well above estimated thresholds associated with constraints on local densities, even accounting for 
the temperature-dependence of oxygen demand. Conversely further south, the California Current 
naturally experiences depleted oxygen conditions due to upwelling processes70 and higher 
variability71, such as the 2021 hypoxic event in the California Current63 during our study period. 
Oxygen is expected to decline in the California Current72 and British Columbia 73 under future 
climate scenarios. Considering the effect of oxygen on local densities—not just temperature—may 
more accurately project species’ responses to climate change. Prioritizing the evaluation of 
species’ association with oxygen in regions known to experience low oxygen conditions, such as 
the eastern tropical Pacific and Atlantic74 and tropical reefs75, can help target research efforts to 
anticipate effects of hypoxia in the regions where it may be of particular concern. 
 
These regional differences additionally highlight the challenge of detecting associations between 
species’ densities and environmental conditions when limiting thresholds are rarely experienced. 
For species that did not show evidence for association between oxygen and local density, oxygen 
conditions may not have dropped below their tolerances, at least during the spatial and seasonal 
extent of the bottom trawl and longline surveys and in the time period of our study. The fish 
surveys are also conducted in the summer, when oxygen conditions have likely already seasonally 
deteriorated and fish may have already re-distributed to suitable oxygen habitats. Together these 
circumstances may have made it more difficult to detect effects by reducing contrast in the fish 
and oxygen data. Our approach spatially expanded the data available for estimation, by combining 
standardized data from multiple independent surveys and accounting for catchability differences 
in statistical models. While there was patchy regional coverage between years, oxygen data varied 
more in persistent spatial patterns than annually. For instance, oxygen conditions were consistently 
high in the eastern Bering Sea, and region-specific oxygen thresholds were not detected for most 
species in this region. However by combining data coastwide to encompass more of a species’ 
range, we were able to estimate a distributional threshold with oxygen for more species than would 
models fit to regional data only. Predicting future ecological responses can be particularly 
challenging when ecosystems experience novel conditions that are unprecedented and non-
analogous to existing historical datasets 76,77. In smaller datasets, it is more likely that critical 
information on limitation are missing or are present in only a portion of the full time series. 
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Combining sources to expand datasets may encompass more environmental extremes and reduce 
extrapolation to novel environmental conditions.  
 
Changes in species’ spatial distributions are a commonly documented outcome of climate change 
in both terrestrial and aquatic environments78. Research tracking species’ shifts has primarily 
focused on rising temperatures as the driver79,80. Yet oxygen dynamics in the ocean are also 
expected to be profoundly altered17–19. Here we add to the growing body of research53,54,56,60,81 that 
for some marine species, sensitivity to low oxygen may be an additional trait that shapes some 
species’ responses to climate change. Changes in species’ densities at small scales can disrupt 
ecosystem dynamics36. For instance, diverging species’ responses to low oxygen may alter 
community interactions82 such as predator—prey , competition, and host—parasite83 dynamics, 
following habitat compression84,85 or spatial mismatch38,86. These local density changes may also 
have implications for fisheries management, as they can reduce or redistribute fishing 
opportunities38, increase bycatch risk87, and challenge transboundary governance40,88.  
 
Using robust statistical frameworks can disentangle the environmental associations of densities at 
small scales. While there is a rich body of theory and laboratory research on physiological 
constraints on oxygen limitation in marine species, researchers have often failed to consider the 
context of local conditions when using observational data to evaluate the effect of oxygen on local 
density. Yet distributions are determined by various ecological factors, not just physiological 
limits, and oxygen is highly correlated with other environmental processes, such as temperature 
and depth. Failing to include these dynamics in analysis can result in spuriously attributing 
distribution to oxygen rather than other factors. By considering species densities in a robust 
statistical framework as we used here, we can directly account for certain effects and to include 
latent fields for other unobserved ecological or ecosystem processes. This approach is flexible to 
include the specific processes and biases in other systems and datasets. Researchers can therefore 
take advantage of publicly available and large datasets to better understand the patterns of oxygen 
limitation and other environmental drivers at the finer scales that matter for ecological processes 
and management decisions.  
 

4.5 MATERIALS AND METHODS 

Data 
We selected 32 species of demersal (bottom-associated) fishes that were well-sampled and wide-
ranging, with at least 50 positive catches in at least two regions in the northeastern Pacific Ocean. 
Species represent a range of depth preferences, latitudinal distributions, ecological niches, 
commercial target and bycatch species, and cultural significance (See Table S1 for full species 
list).  
 
We combined data from scientific bottom trawl surveys from the Eastern Bering Sea through 
southern California: the U.S. National Oceanic and Atmospheric Administration Gulf of Alaska89, 
eastern and northern Bering Sea continental shelf90, eastern Bering Sea continental slope91, and 
U.S. West Coast92 surveys; and the Department of Fisheries and Oceans Canada (DFO) British 
Columbia Groundfish Concurrent Bottom Trawl Surveys in Queen Charlotte Sound, Hecate Strait, 
West Coast Vancouver Island, West Coast Haida Gwaii, and the Strait of Georgia93,94. We also 
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included the International Pacific Halibut Commission fishery-independent set survey (FISS)95 
(Fig S1, Fig S13). The bottom trawl survey catch data is reported as catch-per-unit effort in 
biomass (kg ha-1) and abundance (numbers ha-1). More detailed explanations of survey protocols 
and data harmonization of bottom trawl surveys can be found in Ward et al. 96. 
 
While the IPHC FISS is designed to survey Pacific halibut, it collects catch data on additional 
species. Typically the first 20 hooks of each 100-hook skate are observed, and data are then 
extrapolated to all hooks observed from this subsample. We included IPHC FISS data for only 
eight species that are considered well-sampled by the FISS survey: Anoplopoma fimbria 
(sablefish), Gadus macrocephalus (pacific cod), Sebastes ruberrimus (yelloweye rockfish), 
Caliraja rhina (longnose skate), Caliraja binoculata (big skate), Squalus suckleyi (spiny dogfish), 
and Sebastes aleutianus (rougheye rockfish). Catch-per-unit-effort for Pacific halibut is reported 
in biomass (kg hook-1) and all other species in abundance (numbers hook-1). All data are corrected 
with site-specific hook competition adjustment factors97. 
 
For each species, data were included for model fitting only in the species typical depth habitat (up 
to the depth at 99% cumulative biomass in the complete coastwide data, Fig S14, Table S1) and 
latitudinal range (up to the northern latitude at the 99% cumulative biomass in the eastern Bering 
Sea, and down to the southern latitude at the 99% cumulative biomass within the California 
Current; Fig S15, Table S1). Data were constrained to species’ typical depth and range limits 
because we were interested in evaluating the thresholds below which local density is reduced 
within a species’ range, and it is assumed that factors beyond the scope of this modeling effort 
contribute to depth and latitudinal range edges. 
 
We used temperature and oxygen in situ observations measured concurrently with sampling events 
during fish surveys. Only fish catch observations with concurrent temperature and oxygen 
observations were included in model fitting. There are not oxygen data for all years of fish catch 
surveys, and this consequently limited years of data available for model fitting. However, we use 
in situ data, rather than interpolating missing values or using oceanographic model hindcasts, to 
prioritize the precision of the oxygen conditions at the time of bottom trawl sampling for ecological 
inference, as other methods introduce sufficient variation to bias threshold estimates57.  
 
We transformed oxygen to account for the interactive effect of oxygen and temperature as 
described by the metabolic index7. The critical oxygen partial pressure below which an organism’s 
metabolic rate is unsustainable (Pcrit) is a widely used measure of hypoxia tolerance98. In log space, 
Pcrit is linear with inverse temperature53. Additional terms that scale the metabolic index (Ao and 
Bn) are inseparable when estimated in a threshold function55. We therefore instead transform each 
oxygen observation 𝑝𝑂4,. with the terms of the metabolic index that depend on pO2 and 
temperature to calculate a temperature-dependent 𝑝𝑂4	(i.e. 𝑝𝑂4′) following an Arrhenius equation: 
 
𝑝𝑂4,.′	 = 		𝑝𝑂4,. 	exp	 g

T3
U.
( <
&!
− <

&'+4
)h                       Eq. 1             

 
where 𝐸I is an estimated parameter that describes the temperature dependence of the ratio of 
oxygen supply to demand, kb is Boltzmann’s constant, and Tref  is a reference temperature (here 
chosen as 12 C). Both T and Tref  are in Kelvin units in Eq. 1. Previous work has shown that the 
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temperature-sensitivity and hypoxia thresholds cannot be uniquely estimated from distribution 
data55, and there is not experimental laboratory data on the 𝐸I parameter for the 32 species in this 
study. We instead draw the E0 parameter for each species from a phylogenetic imputation of 
metabolic index traits51. For each species, pO2’ was calculated with three E0 values. We used the 
median, low 90th percentile, and high 90th percentile for the lowest taxonomic group available, 
usually family (see Table S1). We calculate 𝑝𝑂4,.′ for each of the three E0 values.  
 
Model Fitting 
For each species, data were fit to five spatial statistical models using sdmTMB99 for each region 
separately (Eastern Bering Sea, Gulf of Alaska, British Columbia, and California Current) and 
combined coastwide data. The five models are a base model, temperature, and three configurations 
of temperature+oxygen. The details are described below. The base SDM model is a generalized 
linear mixed effects model (Eq. 2 for coastwide and Eq. 3 for region-species) that estimates the 
expected density 𝜇 of observation i with a log link, 
  
Coastwide: log	(𝜇.) = 𝑏#[.]𝑦. +	𝑏4𝑑. + 𝑏G𝑑.4 + 𝑏V𝑑.G + 𝑏+[.]𝑟. + 	𝜔.      Eq. 2 
Region: log	(𝜇.) = 𝑏#[.]𝑦. +	𝑏4𝑑. + 𝑏G𝑑.4 + 𝑏V𝑑.G + 𝜔. + 𝜀. 	       Eq. 3 
𝐶.~ Tweedie(𝜇. , 𝜙, 𝑝)             Eq. 4 
 
where 𝑏# are independent year effects for each year 𝑦.; 𝑏4, 𝑏G, and 𝑏V are the estimated effects of 
scaled log(depth) (𝑑.), its square (𝑑.4), and its cube. By scaled, we mean we subtracted by the mean 
and divided by one standard deviation. Depth is included because fish have depth preferences 
separate from other environmental conditions100. Coastwide models also include fixed effect 𝑏+ of 
region. Species whose datasets include IPHC data in addition to bottom trawl data have an 
additional fixed effect for survey type included in both coastwide and region models, essentially 
calculating a fishing-power correction (i.e. catchability ratio) for each survey relative to the base 
level of the fixed effect term. Both region and coastwide models include 𝜔., a spatial random effect 
that accounts for spatially structured latent variables. Region-specific models also include spatio-
temporal random effect 𝜀. to account for annual changes in spatially structured latent fields, that 
treat effects in each year as independent and identically distributed. Spatial and spatio-temporal 
random effects are modeled with the stochastic partial differential equation (SPDE) approximation 
to Gaussian random fields via Gaussian Markov random fields (GMRFs)101 and implemented in 
TMB102. The GMRF estimates spatial covariance with a Matern covariance function and 
anisotropy at a set of vertices (i.e. knots) and projects to the locations of data observations via 
bilinear interpolation. Because initial testing showed computational challenges estimating spatio-
temporal random fields with very patchy data for many species (Fig S16), spatio-temporal fields 
were included in region-specific models but not coastwide models. We model the observed catch 
rate 𝐶. to follow a Tweedie distribution 103,104, with power parameter 𝑝 (1 < 	𝑝 < 2) and scale 
parameter 𝜙 (Eq. 4). The Tweedie distribution is flexible to account for the large number of zeroes 
in catch rate data without requiring a delta or hurdle two-part model. 
 
To test if including temperature and oxygen improve estimation of fish density, we add 
temperature and oxygen terms to the base model described above. We add temperature as a scaled 
quadratic effect105. We consider oxygen as the temperature-dependent oxygen pO2’ as a 
“breakpoint” function, and test three separate models with pO2’ calculate from the low, median, 
and high expected temperature-sensitivity. The breakpoint function relates a slope 𝛽 on the 
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predictor variable, 𝑥, (i.e. pO2’) up until the breakpoint of the predictor variable 𝑥N), on the 
expected value of the response variable: 
 

𝑔(𝑥) = u
𝑥𝛽
𝑥N)𝛽

					 .J	OP	O."	*/Q'+R.S'         Eq. 5 

 
Slope was constrained to be positive, and breakpoint estimates that were outside the range of 
oxygen values in the data and with 0 slope estimate (i.e. no effect of oxygen on fish density) were 
assumed to have no breakpoint effect of oxygen. 
 
Within each dataset (coastwide and each of the region-specific models) for each species, we 
evaluated the suite of five models with conditional Akaike Information Criteria106 (ΔAIC). Only 
models that passed convergence and diagnostics checks were included in model comparison.  
 
Evaluation of oxygen effects 
If a pO2’ model improved fitting species density (i.e. ΔAIC=0 for that model) over the base and 
temperature-only models, we evaluated the conditional effects of pO2’ on fish density. For each 
species, we show results for the coastwide model if available, or region-specific if oxygen was 
only included in best-fitting model in a particular region. For species with IPHC data available, 
we show results for the model that included both bottom trawl and IPHC data. See Table S2 and 
Supplemental Fig S6 and S7 for comparisons of coastwide and regional models and data types. 
Conditional effects were calculated with model ensembles of the five model (base, temperature, 
and three breakpoint pO2’ models), weighted by ΔAIC. To account for uncertainty in model 
estimation, we used Monte Carlo simulation with 100 iterations. For each iteration, we generated 
a draw of the pO2’ parameters (the slope and threshold values of the breakpoint function) from the 
multivariate normal approximation to the distribution for the threshold and slope parameters (i.e. 
the mean and standard error of the maximum likelihood estimation). All other fixed and random 
effects in the model were set to zero. We then calculated the ΔAIC-weighted ensemble conditional 
effect for each iteration. Across all 100 iterations, we then calculate the average and standard 
deviation of ensembled conditional effects. We use this approach to calculate the ensembled 
estimates of the threshold term (Fig S5) and conditional effects across oxygen from 0-30 kPa at 
12 C (Fig 2, Fig S6). 
 
To compare historical oxygen conditions between regions, we evaluate to what extent fish density 
was estimated to be reduced due to oxygen from compiled coastwide oxygen observations from 
2008-2024. We calculated pO2’ (Eq. 1) from observed dissolved oxygen and temperature in an 
integrated coastwide oxygen dataset that includes all bottom trawl data, IPHC data, and 
independent oxygen observations (such as the Newport Line, CODAP, calCOFI, etc.)57. Oxygen 
observations were limited to the species’ latitudinal range and typical depth habitat (200m deeper 
than observed depth limit). The estimated reduction in fish density due to observed pO2’ was then 
calculated as the mean ensemble conditional effect following the Monte Carlo model-weighting 
described above.  
 
To evaluate historical spatial and annual patterns in effects of oxygen on fish density at a finer 
spatial scale in focus regions (the California Current and British Columbia), we used integrated 
statistical predictions of oxygen observations57 to interpolate oxygen and temperature to a grid of 
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each region for each year of the study period (2008-2024) for the middle of the survey period (mid-
July). Temperature and oxygen were each interpolated across the grid from observations using a 
spatial statistical model with a smoother on depth and day-of-year, and spatial and spatio-temporal 
(IID) random fields, following Indivero et al57. We evaluated the conditional effect of oxygen on 
density at each grid cell in each year, with the same protocol as for coastwide observations above. 
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SYNTHESIS   
 
The ocean is rapidly changing. Understanding how fish population dynamics are linked to the 
environment over space and time can allow fisheries managers, scientists, and communities to 
anticipate effects of these changes. Yet estimating links between the environment and ecological 
responses can be challenging due to mismatches in scale, confounding processes, and nonlinear 
relationships. This dissertation adds to our understanding of the spatial and temporal dynamics of 
fish demographics and distributions, particularly those associated with temperature and oxygen, 
and improves statistical methods for estimating these relationships. I applied fundamental 
metabolic principles to provide a theoretical basis for how we might expect fish to respond and 
advanced statistical methods for using field data to disentangle realized effects. Together, these 
ecological insights and statistical advancements can be readily applied to sustainable fisheries 
management. 
 
The impacts of environmental conditions on fish growth, abundance, and other demographic 
characteristics have long been a focus of research (Ekman, 1953), such as biogeographic patterns 
in range edges (Grinnell, 1917), fish size and temperature (Bergmann, 1847), and annual 
fluctuations in population size (Hjort, 1914). This dissertation contributes to this body of work in 
evaluating environmental effects on two attributes of fish population—individual size and 
distribution—applied to groundfish in the northeast Pacific Ocean. For one, I find extensive 
variation in weight-at-age over space and time in walleye pollock, a highly commercially 
important species (Chapter 1). While links to environmental conditions were not directly 
evaluated, this research captured how variation in weight-at-age over space and time was 
associated with unmeasured spatial and spatio-temporal environmental processes. I found 
extensive spatial fine-scale heterogeneity in size-at-age within a species’ range that may be driven 
by environmental features, and the framework of this analysis was used in subsequent work to 
evaluate temperature drivers of weight-at-age (Bigman et al., in review). My research also 
contributed additional evidence of declines in size in older age classes over the last few decades, 
which has been similarly observed in other species (Baudron et al., 2014). This may be due to 
long-term increases in temperature in the region, aligning with the temperature-size rule (Atkinson, 
1994). This dissertation additionally contributes evidence of oxygen-limiting effects on 
distribution in some groundfish species across diverse marine fishes (Chapter 4). As almost all of 
the 32 species evaluated in this study had never been measured for oxygen tolerance in laboratory 
settings, this provided the first assessment of oxygen limitations for many of these species through 
field observations. Oxygen limitation from physiological constraints (Vaquer-Sunyer & Duarte, 
2008) has been used to explain broad biogeographic edges to marine species’ ranges (Deutsch et 
al., 2020), prehistoric species extinction (Penn et al., 2018), and community assembling (Brandl 
et al., 2023). I added to these broad-scale patterns by identifying species and regional differences 
in how oxygen may constrain species’ densities on smaller, local scales. I find that species’ 
distributions within their range may be associated with oxygen for some, but not all, species, and 
find wide variation in species’ sensitivities to oxygen and differences in regional exposure to low 
oxygen conditions.  
 
This dissertation developed novel approaches to estimate these environment-population 
relationships by applying ecological principles and advancing statistical methods. Correlative 
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species distributions—the backbone of the analytical approaches in this dissertation—are an 
increasingly used approach for estimating associations between populations and the environment 
(Liu et al., 2023; Ward et al., 2024). Using these models, this dissertation developed a modeling 
framework for weight-at-age that accounts for spatial and spatio-temporal variation in size and 
changes in abundance, which can better capture species’ movement year-to-year or when there are 
spatial patterns in growth (Chapter 1). Additionally, this dissertation developed an approach to 
apply concepts from fundamental metabolic theory (Brown et al., 2004) to spatial statistical models 
by including a functional response of the effect of temperature on oxygen tolerance (Chapter 2). 
This allows estimation of fish response to the environmental to more realistically reflect fish 
physiology. Other functional mechanisms (Kearney & Porter, 2009) could be used in spatial 
statistical analysis to estimate responses from observational data following a similar template. This 
dissertation also applied insights about the spatial and temporal resolution of fish response 
compared to environmental conditions to evaluate impacts of different data sources on the 
robustness of environmental relationships estimated from distribution models (Chapter 3). It 
identified a key need to validate climate projections for ecological modeling and provided a 
framework for validating and evaluating uncertainty, a main consideration in forecasting climate-
driven ecological dynamics (Brodie et al., 2022; Davies et al., 2023). 
 
The ecological findings and statistical advancements of this dissertation have practical applications 
for sustainable fisheries management. The spatio-temporal model of weight-at-age (Chapter 1) in 
Bering Sea walleye pollock has been operationalized and presented to the North Pacific Fishery 
Management Council. Because of the dynamic variation in weight-at-age found across space and 
time, this work will provide a more accurate estimate of population-level size-at-age than previous 
methods and can address issues of unbalanced survey designs. National Oceanic and Atmospheric 
Administration (NOAA) regional offices could also use the weight-at-age model to identify areas 
that support larger fish for additional habitat protections by designating as Essential Fish Habitat 
(EFH). This makes a step towards addressing the challenge of considering spatial demographic 
processes in designating EFH (Thorson et al., 2021).  

Temperature-adjusted oxygen thresholds for groundfish species (Chapter 4) can similarly inform 
fisheries management policies that are strongly dependent on where fish are located (Pinsky et al., 
2018), and therefore might be vulnerable to shifts in distribution due to future declines in oxygen 
in a warming ocean. Research on fish distributions and environmental change is a key concern of 
fisheries worldwide and to management agencies responsible for the region studied in this 
dissertation, such as the Pacific Fisheries Management Council and North Pacific Fisheries 
Management Council (Dorn et al., 2017). There is still much uncertatiny in how oxygen drives 
fish distributions, due to difficulty in estimating the physiological thresholds of oxygen tolerance 
(Chapter 2) and limited ocean oxygen data (Chapter 3). Additionally, other factors such as 
temperature, predator avoidance, prey and food availability, and depth preferences add complexity, 
where oxygen thresholds alone will not fully explain or predict fish distributions. The thresholds 
estimated here (Chapter 4) therefore can provide general bounds for what oxygen and temperature 
conditions may be limiting, but likely would not allow precise quantitative predictions of future 
distributions. For instance, at decadel and century time scales, using projected climate scenarios 
to evaluate against estimated oxygen thresholds may help generally identify regions likely to 
experience oxygen-limiting conditions. To account for these at-risk areas and align with expected 
future distributions, regional Councils and state and Tribal fisheries agencies could change fishing 
quota boundaries (Baudron et al., 2020). Local governments and the fishing industry could also 
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strategically locate and invest in new infrastructure, such as ports and processing facilities. In the 
near-term, temperature-adjusted oxygen thresholds may be considered in a general risk 
management approach, with temperature and oxygen conditions one possible indicator for 
adaptive management, which are of recent interest to state managers (Watson et al., 2023a). For 
instance, certain sections of the coast could be automatically closed to fishing of specific species, 
or bycatch limits reduced, when temperature and oxygen conditions jointly reach thresholds. With 
further refining of estimated temperature-adjusted oxygen thresholds, these could also be the basis 
for parametric insurance, triggering payments to fishers when there are extreme environmental 
events that limit fishing opportunities (Hobday et al., 2025; Watson et al., 2023b). Overall, 
identifying the species and areas vulnerable to low oxygen (Chapter 4) can guide development of 
effective strategies to adequately plan for a warming and deoxygenating ocean.  
 
The research of this dissertation highlights several ongoing challenges and possible solutions in 
analyzing the effect of the environment on fish population dynamics using observational data. For 
one, the classic problem of scale in ecology (Levin 1992) needs continued deliberate consideration 
in spatio-temporal analysis of fish populations. Marine systems have overlapping processes 
operating across a range of spatial and temporal scales. Local-scale variation can broadcast out to 
large-scale changes, and at the same time global forces can have localized effects (Levin, 1992). 
Spatially, there are processes down from a centimeter (e.g. the relationship of zooxanthellae and a 
single piece of symbiotic coral), to meters (e.g. the species assemblage of micropatches of a coral 
reef or single schools of fish), up through kilometers (a whole coral reef), regional, (the Gulf of 
Mexico, Bering Sea, to entire current and upwelling systems), and global (Levin, 1992). Similarly, 
across temporal scales, there are processes occurring on time scales of less than a day (e.g. diel 
migrations, predator-prey interactions), seasonal cycles, and annual and decadal, and longer cycles 
(e.g. ENSO, PDO, NAO), and even longer time scales (e.g. how much temperatures will rise over 
the next two centuries, evolution). It is necessary to properly consider how variation at one scale 
may broadcast out to larger scales, such as when fine-scale spatial and temporal differences are 
aggregated into population-level metrics (Chapter 1). It is also important to consider possible 
mismatches in scale in analysis, such as oceanographic models at coarser spatial scale than the 
data relevant to ecological research (Chapter 3). Spatially- and temporally-varying coefficients 
(Gelfand et al., 2003), for instance, are an emerging method that may bridge scales of analysis, 
such as by capturing local responses to oceanographic regional and global metrics (J. Thorson, 
2019).  

Isolating the effect of a particular environmental driver amongst complex, overlapping spatial and 
temporal processes is also a persistent problem. In a classic case of regime shift of Atlantic cod, 
for instance, high inter-annual natural variation masked a trend of response to climate change 
(Wooster & Zhang, 2004). At smaller spatial and temporal scales, there are numerous co-occurring 
dynamics that complicate detecting environmental links, such as the confounding effects of depth, 
temperature, and oxygen (Chapters 2 & 4). The work in this dissertation primarily focused on 
physical drivers of local fish densities; ecological dynamics, such as food availability or species 
interactions, were not formally considered in model structure and were considered only as 
unmeasured latent effects. Future research could explicitly include these, such as in joint species 
distribution models that assume joint responses of species to the environment and each other (e.g. 
Pichler & Hartig, 2021). Structural equation modeling (Grace et al., 2015; Pearl, 2012) may also 
better delineate and isolate complex spatial and temporal processes in population dynamics by 
capturing confounding, indirect, and reciprocal effects. This can also help move estimation 
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towards causal inference (Cox & Wermuth, 2004), improving projections of how species may 
respond when extrapolating to future novel environmental conditions.  
 
Continuing to explore non-linear effects of environmental conditions will also aid more realistic 
estimates of fish response to environmental change. For instance, ecological theory expects 
“pulse” events such as marine heatwaves to be more impactful than the long-term average “press” 
changes (Harris et al., 2018) that this dissertation focused on (Chapter 4). Marine heatwaves are 
forecasted to increase in frequency, magnitude, intensity, and duration due to anthropogenic 
climate change (Frölicher et al., 2018). Mass coral bleaching events, for example, are a highly 
visible example of abrupt ecosystem responses to extreme climate conditions (Eakin et al., 2019). 
Tipping points and regime shifts are widely expected under climate change (Berx et al., 2011; 
Selkoe et al., 2015). Advancing techniques to identify these ecosystem thresholds (Detmer et al., 
2025) from observational data will refine how we can estimate and anticipate a wider range of 
possible ecological responses to the environment. 
 
Expanding data availability will also help address these various analytic challenges. For instance, 
a focus on collecting observational data of environmental covariates at the same time as biological 
sampling will help expand the spatio-temporally precise data that provides enough information for 
inference from pointwise correlative distribution modeling (Chapter 3). International and cross-
agency data sharing and collaboration was crucial for this work (Chapter 4). Combining data from 
multiple surveys allowed evaluation of species’ response to oxygen across a wide geographic 
region. Efforts to compile, standardize, and make data publicly available will be a powerful tool 
for detecting other ecological patterns at broader spatial and temporal scales (A. Maureaud et al., 
2021; Comte et al., 2020; Lawlor et al., 2024; Maureaud et al., 2024). This can provide coverage 
across a wider range of environmental conditions, such as including more temperature extremes 
or both a species’ warm and cool range edges, which reduces extrapolation (Brodie et al., 2022). 
Additionally, there are geographic biases in data availability (Parker et al., 2024; White et al., 
2021). Emphasis on capacity building in less developed regions can fill these global gaps in 
coverage and cover more species and environmental conditions. 
 
Lastly, combining insights from theory with statistical analysis of observational data, as done in 
this dissertation, can refine identification and projection of fish responses to environmental change. 
This dissertation focused on metabolic constraints and oxygen limitation (Chapters 2 & 4). Yet 
fishery-independent survey data, such as the bottom trawl and longline data used here (Chapters 
1-4), can be a rich source of observational data for testing other predictions from theoretical and 
fundamental theory. These datasets are particularly useful because they have long time series in 
regions around the world, each collected with standardized protocols (A. Maureaud et al., 2021). 
For instance, there is a strong theoretical basis for how temperature and oxygen impact size and 
growth of fish (Rubalcaba et al., 2020), yet empirical support for the mechanisms behind these 
patterns and how they manifest in natural populations is unresolved (Audzijonyte et al., 2019). 
Observational specimen and abundance data from bottom trawl surveys could be applied to test 
empirical support for these theories and evaluate whether and the extent to which there is evidence 
for consistent patterns in environmental drivers of size.  
 
The analytical challenges of assessing variation in fish population dynamics discussed above are 
important to consider when applying to management and conservation. For instance, it is crucial 
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to ensure the scale and resolution of analysis is useful to the needs of management or stakeholders. 
In some cases, the spatial scale of analysis can impact conclusions on outcome. A global-level 
analysis may show no large total decline in fisheries catch (Gaines et al., 2018), yet at a regional 
level there may be some gains and other losses (Oremus et al., 2020). Similarly, there may be port-
level differences in climate impacts even within the same region (Santora et al., 2020; Selden et 
al., 2020). Individual fishers care about the response at the local level of their fishing grounds, 
while managers may be interested in the abundance and distribution changes at the level of 
management unit. Temporally, there may be management decisions that need to be informed by 
short-, medium-, or long-term understandings of how the marine system will respond (Holsman et 
al., 2019). The timescale of a species distribution shift is also important for determining when 
governance structures and fishing agreements need to be in place (Palacios-Abrantes et al., 2022). 
Interdisciplinary research that can align on spatial and temporal scales—such as rapid access to 
output from numerical ocean models for use in within-season “dynamic ocean management” —
will enable providing more effective information to decisionmakers.  
 
This dissertation’s analysis of the links between population dynamics and the environment is 
particularly relevant for fisheries management in the context of climate change. Currently, climate 
change is often not directly factored into the information used in decision-making by fisheries 
management councils (Bryndum-Buchholz et al., 2021). However, recent initiatives (e.g. 
Changing Ecosystems Fisheries Initiative [CEFI] in the United States, , Saba, 2023) are 
transitioning to climate-ready fisheries management. The joint effects of temperature and oxygen 
on fish estimated here (Chapter 4) could be incorporated into CEFI initatives to operationalize 
climate (i.e. temperature and oxygen effects) into the quantitative analyses that inform decisions 
by the Fishery Management Councils in myriad ways: including impacts of annual environmental 
conditions in age structures (Chavez et al., 2017), reference points (Morrison et al., 2024), 
abundance indices and vital rates (Link et al., 2011), and harvest control rules (Free et al., 2023); 
developing environmental indicators (ICCAT, 2013; Selkoe et al., 2015); evaluating seasonal time 
scales and correcting for phenological changes (Olmos et al., 2023) and correctly accounting for 
climate-driven distribution shifts in survey indices (O’Leary et al., 2020). Additionally, Ecosystem 
Status Reports could include temperature and oxygen conditions in a region in the current year and 
projected for future years shown visualized against species’ temperature-adjusted oxygen 
thresholds. This would identify risks of the environment nearing species’ limits and inform 
Council decisions on allowed catches. These technical changes can provide more comprehensive 
and accurate assessments of the status of fish populations that incorporate climate and are directly 
embedded within the scientific information that Council decisions rely on.  
 
Analytical challenges in isolating ecological responses to environmental conditions and 
uncertainties in predictions of environmental conditions (Chapter 3) compound into unresolved 
uncertainty in projecting effects of climate change that fisheries management also needs to 
consider. Approaches that promote flexibility across different climate outcomes will therefore 
likely be most effective (Golden et al., 2024). While technical advice and statistical modeling can 
provide some actionable information, often the range of uncertainty in projected effects are too 
large for specific management recommendations. Rather, scenario evaluation (Moore et al., 2013) 
can be an effective management approach for climate change by providing bracketed exploration 
of plausible future conditions. Decisionmakers can then aim to select approaches that do the best 
under a range of possible scenarios (Kaplan et al., 2012; Lim-Camacho et al., 2015). Establishing 
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policies—such as bilateral/multilateral agreements, harvest control rules, and quota allocation 
schemes—that can adapt to different climate outcomes will promote resiliency of ecological and 
social systems.  
 
Because of heterogeneity in environmental conditions in marine systems around the world, 
fisheries management approaches will also need to be tailored for specific climate vulnerabilities, 
ecological dynamics, and economic, socio-political, and cultural values. For instance, this 
dissertation focused on a region of the world that is particularly data-rich and economically 
advantaged, and there are inherent differences between fisheries such as these versus small-scale 
artisanal subsistence fisheries (Cochrane et al. 2009). Engaging with local communities is crucial 
to address the management needs, governance structures, and values of the specific community 
(Mason et al. 2023). Likewise, it is important to note scientists’ role in pushing for co-production 
of knowledge that prioritizes Indigenous Peoples’ values and knowledge systems, in order to 
ensure ecosystem management is not only resilient but also more equitable and just (Yua et al., 
2022). 
 
Identifying environmental drivers of spatial and temporal patterns in the natural environment is a 
rich source of future ecological research. This dissertation focused primarily on two direct impacts 
of climate change, increasing temperature and decreasing oxygen in the ocean, and on population 
outcomes of fish size and distribution. Yet there are numerous environmental stressors that are 
similarly important to explore. The ocean habitat will continue to be shaped by natural 
environmental variability, pollution, climate change, and emerging marine spatial uses such as 
seabed mining and renewable energy. These complex stressors similarly pose questions about how 
they will impact marine populations, communities, and ecosystems. The tools to answer these 
questions will need to continue to be refined and advanced to take advantage of new technologies, 
expanding datasets, and increasingly complex natural dynamics. The aim of this dissertation, and 
of future work, is to apply these tools, rooted in our understanding of ecological theories, to provide 
information with enough lead time to develop, evaluate, and apply the policy actions that allow 
marine systems to thrive for future generations. 
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CHAPTER 1 APPENDIX 
Appendix A. Weight-length relationships 

 
Appendix B. Data availability 

 
Appendix Figure 1. Locations of walleye pollock (Gadus chalcogrammus) specimen 
measurements used for size (i.e. weight) data. For 1982—1999 (except for 1991), length and age 
data was used to calculate weight using the weight-length relationship. For 2000—2019 (and 
1991), direct weight measurements were used (N=59,576 individual fish) 

Appendix Table 1. Values of parameters used for length-weight relationship  w=aLb  
in walleye pollock stock assessment (Ianelli et al. 2020) 

Sex a (kg x cmb) b 

Male 0.000004919 3.038 

Female 0.000006681 2.986 

Unknown 0.0000063611 2.9954 
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Appendix Figure 2. Locations of density-corrected catch-per-unit-effort per haul for years 
1982—2019 (N=14,500 distinct hauls)  
 
 
Appendix C. Calculation of simple empirical mean (i.e. non-spatial estimate) 
 
For the simple empirical estimate (i.e. a non-spatial estimate), we calculated a non-spatially 
explicit weighted average of observations. We calculated the weighted average of size-at-age 𝑣̅D,W 
per age a and year y from the observed size data 𝑣., weighting mean size-at-age va,h per haul h by 
catch-at-age in density-corrected-numbers-of-fish in that haul from the survey data. First, we 
took the average size 𝑣̅D,X	in each haul for each age class present in the haul: 
 

𝑣̅D,X = @
𝑁𝑢𝑙𝑙 if	𝑐!,Q = 0
	<
Y
∑ 𝑣.Y
. if	𝑐!,Q > 0        [Equation S1] 

 
Then, total catch-per-unit-effort 𝑐!,#	of age a per year y was calculated as the sum of catch 𝑐!,Q 
of each age class across all hauls within each year. 
 
𝑐!,# = ∑ 𝑐!,QQ

Q           [Equation S2] 
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Catch of each age in each haul 𝑐!,Q was then weighted by total catch 𝑐!,# for each age in each 
year, if individual specimens of that age class were present, to obtain the weighted catch-per-
unit-effort for each age in each haul,	𝑐̂!,Q.  
 

𝑐!̂,Q = �
𝑁𝑢𝑙𝑙 if	𝑣̅!,Q = 𝑁𝑢𝑙𝑙
	H),*,5	
H),*

if	𝑣̅!,Q > 0         [Equation S3] 

For each haul and age, the average size was corrected by 𝑐̂!,Q to calculate the weighted-average 
size per haul per age 𝑣\D,X.  

𝑣\D,X = u
𝑁𝑢𝑙𝑙 if	𝑣̅D,X = 0

	vaD,X 	× 	 𝑐̇D,X if	𝑣D,X > 0       [Equation S4] 

 
For each age and year, 𝑣\D,Xwere then summed to obtain the annual simple empirical estimate of 
size-at-age 𝑣̅D,W 
 
𝑣̅D,W =	∑ 𝑣\D,XQ          [Equation S5] 
     

 
Appendix Figure 3. Plot of SPDE mesh 

 
Appendix D. Guidance for implementing models in VAST 
In order to jointly estimate abundance-at-age 𝑛$,!,#	 and size-at-age 𝑤$,!,!, we needed to 
implement a model that could accommodate two different assumptions and structures of each 
response variable. Given these constraints, we implemented the joint model using the Poisson-
link delta approach. Each size- and density-at-age category is specified with its probability 
distributions and link function (i.e. by setting the ObsModel in VAST terminology), and separate 
spatial (i.e. omega term) and spatio-temporal (i.e. epsilon term) variation are estimated for each 
size- and density-at-age. Spatial and spatio-temporal terms are not correlated across ages (i.e. 
they are “IID” in VAST input terminology). Abundance followed the same structure as the 
univariate model of abundance above [Eqs. 5-9]. However, modeling encounter probability 𝑟<,. is 
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unnecessary for size-at-age because there are no zero-measurements in the size-at-age data set. If 
there was any size measurement from an age class in a year, the temporal variation term 𝛽		<,!!,#! 
was set at an arbitrarily high value. This essentially fixed the encounter probability 𝑟<,.  at 1 (i.e. 
100% encountered). This subsequently sets the probability of encounter, 𝑤 = 0 (a meaningless 
measure for size) to 0. As the final estimated metric in the Poisson-link model is the product of 
𝑟<,. and 𝑟4,., the estimated size 𝑤$,!,# is ultimately determined by 𝑟4,.. Additionally, to handle any 
possible missing observations from the size data, if for a certain age class in a year there was not 
any size measurement from the survey, 𝛽		<,!!,#! was set to an arbitrarily low value so that the 
encounter probability was 0, and the final estimated size was 0 and could be considered null. The 
linear predictors for size included the same terms for spatial, spatio-temporal, and temporal 
variation as for abundance [Eq. 7-8]. Estimated size (i.e. 𝑤 > 0) was then assumed to follow a 
lognormal distribution. For additional details on how we coded this model in VAST, see 
https://github.com/jindivero/BS_pollock_size. 
 
Appendix E. Results 

Appendix Table 2. Estimated parameters from model fit 
Age Type log	(𝜎7) log	(𝜎6) log (𝜎-) log (𝜎+) log (	κ ) 𝜌6 

1-15+ Abundance & 
Size 

-- -- -- -- -4.06394897 0.362476913 

1 Abundance 0.97807 1.557673 -- 0.115971   
2 Abundance 1.223764 1.762706 -- 0.269778   
3 Abundance 1.946981 1.927802 -- 0.206826   
4 Abundance 1.940865 1.842483 -- 0.212377   
5 Abundance 2.298627 2.106406 -- 0.214086   
6 Abundance 2.120513 1.959273 -- 0.156079   
7 Abundance 1.992946 1.840066 -- 0.088229   
8 Abundance 1.763281 1.592529 -- 0.06348   
9 Abundance 1.523168 1.431957 -- -0.01098   
10 Abundance 1.428176 1.349939 -- -0.00129   
11 Abundance 1.188955 1.17892 -- -0.03362   
12 Abundance 1.054299 1.154933 -- -0.03973   
13 Abundance 0.949679 1.081978 -- -0.03917   
14 Abundance 0.832815 1.065698 -- -0.061   

15+ Abundance 0.932644 1.03676 -- -0.00944   
1 Size 0.220492 0.262857 -1.03459    
2 Size 0.267444 0.339945 -1.12323    
3 Size 0.165468 0.273865 -1.14332    
4 Size 0.096283 0.176453 -1.48536    
5 Size 0.085841 0.146942 -1.54024    

https://github.com/jindivero/BS_pollock_size
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Appendix Figure 4. Log(weight, grams) for age-1 (left) and age-9 (right) pollock in 1982—2019.  

 
 

6 Size 0.066936 0.147395 -1.56107    
7 Size 0.073079 0.142947 -1.57347    
8 Size -0.07264 0.139977 -1.53177    
9 Size 0.09113 0.14984 -1.50034    
10 Size 0.094674 0.147367 -1.47795    
11 Size 0.097925 0.141009 -1.43676    
12 Size 0.111473 0.124506 -1.39966    
13 Size 0.109395 0.123049 -1.38787    
14 Size 0.121948 0.136685 -1.4969    

15+ Size 0.107769 0.115632 -1.46591    
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Appendix Figure 5. Annual abundance-weighted size-at-age (i.e. size-at-age matrix) from 
model estimates (solid black line) and standard error (grey shaded) compared to the non-
spatially explicit weighted average of observations (dashed line). 
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Appendix Figure 6. Contribution of spatial (dashed line) and spatio-temporal (dotted line) 
variation to the population size-at-age matrix compared to the full model (black line). 
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Appendix Figure 7. Contribution of local abundance (dotted line) versus local size-at-age 
(dashed line) to the population size-at-age matrix (solid black line) compared to the full model. 
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CHAPTER 2 APPENDIX 
Appendix A. Re-parameterization of logistic function 

We re-parameterized the threshold function (Eq. 3), since α0 and α1 are not readily interpretable 
and their estimates covary. We therefore applied a common reparameterization of the logistic 
function by replacing these two terms with two location parameters, one describing the value of 
𝑓(Φ'H*)	at which 𝑒J(L+,-)	equals 0.5 (s50) and another describing the value of 𝑓(Φ'H*) at which      
𝑒J(L+,-)	 equals 0.95 (s95).   
 
Given those parameters, the two parameters αo and α1 equal:  
αI = m 𝑏−𝑎

𝑠95−𝑠50
n					 	 	 	 	 	 	 	 		 	 Eq. S1	

α< = m 𝑎−𝑏
𝑠95−𝑠50

n			 	 	 	 	 	 	 	 	 	 Eq. S2	
 
Where, 
𝑎 = 6 𝜓

𝑙𝑜𝑔	(!.=)	?@ − 17	           Eq. S     
3 
𝑏 = 6 𝜓

𝑙𝑜𝑔	(!.A=)	?@ − 17	          Eq. S4 
 
Linking estimation model to the metabolic index 
The metabolic index is a ratio of Arrhenius equations expressing the ratio of oxygen supply to 
oxygen demand: 
 

Φ = 	𝐴𝑜𝐵𝑛	𝑝𝑂2	𝑒𝑥𝑝	 g
𝐸0
𝑘𝑏
(1
𝑇
− 1

𝑇𝑟𝑒𝑓
)h         Eq. S5 

 
Where Φ is the metabolic index, Ao is the ratio of resting metabolic oxygen supply to oxygen 
demand at a reference temperature (Tref), B is body mass, n is an allometric scaling factor, T is 
temperature in degrees Kelvin, kb is Boltzmann’s constant, and E0 is the effect of temperature on 
the ratio of oxygen supply to demand.  
 
We wish to use the metabolic index as the basis of Eq. 2, i.e. we want the model to relate local 
abundance to the metabolic index. Substituting Eq. S4 for Φ'H*: 
 

𝑓(Φ'H*) = 𝜓� 1

1+𝑒𝑥𝑝	^−𝛼0−𝛼1𝐴𝑜𝐵𝑛	𝑝𝑂2,𝑖	𝑒𝑥𝑝	_
𝐸0
𝑘𝑏
( 1𝑇𝑖
− 1
𝑇𝑟𝑒𝑓

)`a	
− 1�	 	 	 	 	 	Eq. S6	

 
However, this expression includes three non-separable terms: α1, Ao and Bn.  The estimated 
parameter α1 (Eq. 3) is a combination of terms that includes Ao and Bn,	and	we therefore instead 
express Φ'H*  as only those terms of the metabolic index that depend on pO2 and temperature: 
 

Φ𝑒𝑐𝑜,𝑖 = 𝑝𝑂J,5	𝑒
23
45
K 678

L 6
79:;

M
          Eq. S7 
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Appendix B. Supplemental Methods 
Table S1. Summary of variable names, symbols, values, and units used in data simulation and model fitting 

Name Source Symbol Value in Simulated data Units 

Dissolved oxygen Data pO2 NOAA bottom trawl data Partial pressure 

Temperature Data T NOAA bottom trawl data Celsius (converted to 
Kelvin) 

Depth Data d NOAA bottom trawl data Meters (logged and 
scaled) 

Observation Data, model i NOAA bottom trawl data Year and latitude and 
longitude of catch 

Year Data, model t NOAA bottom trawl data -- 

Fish density Data, model y Eq. 2 Kilograms kilometer-2  

Year effects (2011, 2012, 
2013, 2014, 2015) 

Parameter (model) 𝑏6789	 N(4,1) 

 

-- 

Depth effect Parameter (model) 𝑏:	 1.5 -- 

Depth2 effect Parameter (model) 𝑏;	 -1.0 -- 

Spatial variation Model  𝜔 -- -- 

Spatial range Parameter r 85 -- 

Spatial standard deviation Parameter 𝜎 1.77 -- 

Mean fish density Tweedie distribution 
(model) 

𝜇 -- -- 

Tweedie scale parameter  Parameter (Tweedie 
distribution)  

s 10 -- 

Tweedie power parameter  Parameter (Tweedie 
distribution)  

𝑝	 1.5 -- 

𝑓(Φ𝑒𝑐𝑜)	 Synergistic 
temperature-oxygen 
effect term (Model) 

 Eq. 3; (Eqs. S1—4)  

Scaling parameter Parameter (logistic 
function) 

𝜓 50 -- 

95% threshold Parameter (logistic 
function) 

s95	 4 -- 

50% threshold Parameter (logistic 
function) 

𝑠50	 2 -- 



 160 

Logistic coefficient Re-parameterized 
coefficient (logistic 
function) 

αI 1.119 -- 

Logistic coefficient Re-parameterized 
coefficient (logistic 
function) 

α< 1.313 -- 

Logistic coefficient Re-parameterized 
coefficient (logistic 
function) 

a -3.744 -- 

Logistic coefficient Re-parameterized 
coefficient (logistic 
function) 

b -6.369 -- 

Metabolic Index Adapted metabolic 
index (Model) 

Φ'H* Eq. 4; (Eqs. S5—S7)  

Boltzmann’s constant Constant (Derived 
metabolic index) 

𝑘<	 8.6173324x105 eV K-1 

Reference temperature Constant (Derived 
metabolic index) 

𝑇97=	 12  Celsius (converted to 
Kelvin) 

Temperature-sensitivity 
of oxygen dependence 

Parameter (Derived 
metabolic index) 

𝐸!	 0.3 (Typical Case) 

0.7 (Unusual Case) 

-- 
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Figure S1. Example of one simulated dataset of catches across years and space (left), and across 
oxygen compared to the real data (right). 
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Figure S2. (A-C) Temperature (C), depth (m), and partial pressure oxygen (kPa) from the West 
Coast Bottom Trawl Survey data 2010-2015 (see Keller et al., 2017) used for the data 
simulations, (D) correlation matrix of depth, temperature, oxygen, and the simulated metabolic 
index 
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Figure S3. The sigmoidal response to the adapted metabolic index 𝑓(Φ'H*) simulated for the 
typical case (𝐸*=0.3) and the unusual case (𝐸*=0.7) across a range of oxygen at an example 
temperature (6 C). The typical case represents a simulated species’ temperature-dependence of 
oxygen tolerance that is close to the median value from the empirical meta-analysis for a generic 
teleost (E0=0.3), and the unusual case where a simulated species’ temperature-dependence of 
oxygen sensitivity deviates greatly from the expected value (i.e. the median of the meta-analysis) 
and is roughly equal to the upper 90% of the meta-analysis distribution (E0=0.7). 
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Figure S4. Cumulative root mean squared error (RMSE) for increasing number of iterations of 
generated data, with 250 total simulated datasets.   
 
 

 
 
Figure S5. (A) Catch for sablefish and (B) longspine thornyhead across depth (meters) and 
oxygen (kPa) 

A B 
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Appendix C. Supplemental Results 

 
Figure S6. (A-B) Predicted parameter estimates and (C) 𝑓(Φ'H*) marginal effect for the mis-
specific model for the simulated typical and unusual cases with maximum likelihood estimates. 
The dashed black line indicates the true value across all panels, and dashed orange line the 
average maximum likelihood estimate. 
 
Table S2. Alternative models for simulated data of species with typical and unusual 
temperature-dependences of oxygen. D AIC was calculated for alternative models within each 
data simulation compared to the best-supported model, + 𝑓(Φ'H*), and then averaged across 
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the 250 data simulations. Average D AIC ± standard deviation across the 250 data simulations 
is reported.  
Model D AIC typical species DAIC unusual species 
+breakpoint(pO2)  294±53 265±72 
+ 𝑓(Φ'H*) 0 0 
+logistic(pO2) 2.75±4  20±62 
+ temperature 494±74  394±92 
+ pO2 483±73 386±92 
+Temperature + pO2 483±73 387±92 
+Temperature * pO2 425±69 347±85 
Null 506±77 400±93 

 
 
Table S3. Parameter estimates of threshold parameters for alternative models fit to sablefish 
and longspine thornyhead. Parameter estimated reported as maximum likelihood estimate ± 
standard error. (NA indicates standard error was not calculated because of NA values returned 
in estimation procedure.) 

Model Sablefish Longspine thornyhead 

+Breakpoint(pO2) Slope= 41.84±13.7 
Breakpoint= -1.0± 0.01 

Slope=21.7±2.63 
Breakpoint= -1.12±0.0 

+𝑓(Φ'H*) s50=0.88±0.08 
s95 =0.57±0.13 
𝜓 =3365±62201 
E0=1.53±0.28 

s50=0.26±0.05 
s95=0.06±0.04 
𝜓=100±NA 
E0=-0.79±0.56 

+Logistic(pO2) s50=-1.11±0.01 
s95=-2.42±0.21 
𝜓 =200±1066 

s50= -1.18 ±0.01 
s95=-3.34±0.43 
𝜓 =64.62±769.35 
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CHAPTER 3 APPENDIX 
Appendix A Methods 
Study Region Descriptions 
The California Current system extends approximately 3,000 km from southern British Columbia 
to the Baja California, Mexico and ~500-800 km offshore into deeper water off the continental 
shelf. It is characterized by strong wind-driven upwelling in the spring and summer (overlapping 
with the bottom trawl sampling period), and outflows of large freshwater rivers (Checkley and 
Barth, 2009). The British Columbia region encompasses the continental shelf and upper slope of 
most of the British Columbia coast (Queen Charlotte Sound, Hecate Strait, West Coast 
Vancouver Island, West Coast Haida Gwaii, and the Strait of Georgia). It has an intricate 
coastline of islands, deep fjords, and networks of inlets and straits with seasonal upwelling 
(Crawford and Thomson, 1991). The Eastern Bering Sea is a broad (>500 km wide) and flat 
continental shelf terminating with a steep continental slope and large marine canyons. It is 
characterized by high seasonal dynamics and oceanographic conditions influenced strongly by 
variation in the extent of seasonal sea ice that can extend across the continental shelf and 
northern slope during winter and spring (Coachman 1986; Stabeno et al., 2016a). The Gulf of 
Alaska is a semi-enclosed basin that is influenced by variation in the timing and magnitude of 
river discharge and eddy transport (Stabeno et al., 2004; Stabeno et al., 2016b. The bottom trawl 
survey samples across ranging from glacial fjords with a freshwater lens to marine-influenced 
continental slope regions with glacial troughs and submarine canyons that facilitate on-shelf flow 
(Mordy et al., 2019). The Aleutian Islands are an ice-free archipelago over 2000 km long with a 
narrow (25-100 km) continental shelf divided by ocean passes. Its oceanography is coastally 
influenced in the east because of coastal currents (warmer and fresher; salinity < 33) and oceanic 
currents further west (colder and saltier; salinity > 33) (Hunt Jr. & Stabeno, 2005). 
 
Oxygen data quality control and standardization 
Dissolved oxygen data flagged with quality issues were removed. CTD cast data were filtered to 
the bottom depth of the cast. Reported depth was compared to NOAA bathymetry depth 
(ETOPO 2022 NOAA bathymetry database, NOAA 2022). Observations with reported depth 
more than twice the RMSE of the NOAA bathymetry data were removed. Oxygen values were 
standardized to units of 𝜇mol kg-1. Salinity S was converted to potential density anomaly with a 
reference pressure of 0 dbar, i.e. sigma0, (𝜌(𝑆A, 𝜃, 𝑝) − 1000 kg m-3), with potential density	𝜌 , 
absolute salinity 𝑆A,  potential temperature 𝜃, and pressure 𝑝 following the TEOS-10 polynomial 
expressions (Roquet et al., 2015) implemented using the R package gsw (Kelley et al., 2024). 
Salinity values less than 28 were replaced with 24 to improve computation of estimation, as 
marginal effects showed little effect of salinity lower than 24 (Appendix A Figure S1). Oxygen 
outliers (greater than 1500 𝜇mol kg-1) were removed from training data. 
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Figure S1. Marginal effect of smoother on salinity, converted to sigma0, fit to all the combined 
oxygen data. 
 
Application to fish distributions 
 
Distribution models were fit to two species in two regions for each of the three oxygen data 
sources using a widely used framework and following the methods of Essington et al. (2022). 
The base species distribution model (SDM) is a generalized linear mixed effects model (GLMM) 
that estimates the expected density 𝜇 of observation i at location s at year t with a log link, 
 
log	(𝜇.) = 𝑏/[.]𝑡. +	𝑏4𝑑. + 𝑏G𝑑.4 + 𝜔. 	 	 	 	 	 	 	 		Eq.S1 
𝑦.~ Tweedie(𝜇. , 𝜙, 𝑝)           Eq. S2 
 
where 𝑏/ are independent year effects for each year 𝑡., 𝑏4 and 𝑏G are the estimated effects of 
scaled log(depth) (𝑑.) and its square (𝑑.4), and 𝜔. is a spatial random effect that accounts for 
spatially structured latent variables. By “scaled”, we mean we subtracted the mean and divided 
by one standard deviation. Observed catch rate 𝑦. is assumed to follow a Tweedie distribution 
with power parameter 𝑝 (1 < 	𝑝 < 2) and scale parameter 𝜙 (Shono, 2008, Tweedie 1984), 
because it is flexible to account for the large number of zeroes in catch rate data without 
requiring a delta or hurdle two-part model. Spatial effects are modeled as the stochastic partial 
differential equation (SPDE) approximation to Gaussian random fields via Gaussian Markov 
random fields (GMRFs) (Lindgren et al., 2011) as implemented in TMB (Kristensen et al., 
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2016). The random effects describing the spatial field are estimated at a set of vertices or knots 
and then projected to the locations of observed data with bilinear interpolation, assuming spatial 
covariance is modeled using a GMRF that approximates a Matérn covariance function with 
anisotropy (directionally dependent correlation) (Lindgren et al., 2011, Thorson et al. 2015). We 
iteratively tested mesh size, and used a cutoff of 45 to optimize the number of knots in regions of 
different sizes: 150 knots in California Current, 100 in British Columbia, 250 in Gulf of Alaska, 
and 150 in Aleutian Islands. The approach allows modelling a sparse precision matrix of a 
GMRF, which is considerably more efficient than modelling the covariance matrix of a Gaussian 
random field directly (Lindgren et al., 2011).  
We consider oxygen as a “breakpoint” function that relates a slope 𝛽 on a predictor variable, 𝑥, 
up until the breakpoint of the predictor variable 𝑥N), on the expected value of the response 
variable: 

𝑔(𝑥) = u
𝑥𝛽
𝑥N)𝛽

					 .J	OP	O."	*/Q'+R.S'         Eq. S3 

 
Slope was constrained to be positive, breakpoint estimates that were outside the range of oxygen 
values in the data and with 0 slope estimate (i.e. no effect of oxygen on fish density) were assumed 
to have no breakpoint effect of oxygen. 
 
Appendix B Results 

Figure S2. Root mean squared error (RMSE) for each test year in each region for the empirical in situ statistical predictions, and 
the oceanographic output Global Oceanographic Biogeochemistry Hindcast (GOBH). Models with different spatial and temporal 
structures—none, persistent spatial fields (“Spatial”) and plus annual fixed effects of year (“Annual”) or plus spatio-temporal 
latent effects (“Spatiotemporal”)— and including either no covariates (“None”), temperature (“T”) or temperature and salinity, as 
sigma0 (“T+S”) were fit to in situ dissolved bottom oxygen observations. Units are 𝜇mol kg-1. 

Region Year N 
training 
data 

N 
testing 
data 

Empirical Statistical Predictions GOBH 

None Spatial Annual Spatiotemporal 

N T S+T N T S+T N T S+T N T S+T 

California Current 2009 12452 331 22 19.2 14.9 18.1 16.9 13.5 18 23.9 17.1 18.6 21.7 16.9 43.4 

California Current 2010 12161 622 18.5 19.6 15.1 19.6 16.7 13.7 24.6 21.4 17.3 17.9 17 13.4 30.9 

California Current 2011 12192 591 21.5 20.1 15.9 19.9 16.9 13.9 19.6 16.6 13.6 17.9 16.2 13.1 33.2 

California Current 2012 12124 659 22.6 21 18.1 18.8 19.3 16.6 18.9 20.3 17.5 22 19.8 17 40.6 

California Current 2013 12362 421 19.5 20.5 16 18.3 20.5 15.8 18.5 20.1 15.7 22.8 21.1 16.5 31.8 

California Current 2014 12167 616 24.6 18.9 17.9 21.7 16.8 16.4 21.7 16.6 16 24.4 17.5 17 32 

California Current 2015 12181 602 28 21.2 18 26.5 19 16.9 22.9 17.9 17 26.1 17.7 16.7 33 

California Current 2022 12190 593 27 24.2 19.8 23.5 22 18.8 25.1 21.6 18.8 22.9 22.4 20 36.3 

California Current 2023 12231 552 23.8 20.7 19 19.9 22.1 18.8 25.6 21.4 18.3 19.2 22.8 19.3 57.5 

British Columbia 2017 4644 343 37 34.2 33.2 38.7 36.5 37.5 37.8 38 35.4 37.1 32 33.5 46.8 

British Columbia 2018 4730 257 33.5 36.1 15.9 16.7 15.7 10.7 15.7 19.9 12.8 22.5 23.9 19.3 17.3 

British Columbia 2019 4648 339 34.1 34.7 33.1 33.9 34.8 33.1 34.4 34.5 33.7 33.4 32.3 33.2 38.5 

British Columbia 2021 4704 283 28.6 22.7 13.1 20.7 15.8 13 20.7 14.2 12.6 25.9 15.5 14.4 18.9 

British Columbia 2022 4746 241 33.9 30.9 18.2 21.8 20.8 16.7 23 20.2 13.2 24.2 22.2 17.4 20.9 
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British Columbia 2023 4647 340 48.4 39.1 25.1 27.9 28.4 23 35 32.2 23.6 50.3 41.7 25.8 74.9 

Gulf of Alaska 2013 5704 579 82.8 78.5 73.8 73.9 77.1 72.8 72.5 75.8 69.5 72.6 76.9 70.2 86.6 

Gulf of Alaska 2015 5559 724 46.5 54.3 42.1 39 42 35.9 47.9 47.9 46.6 48.4 48.6 51.5 61.2 

Eastern Bering Sea 2012 1913 103 54.6 43 36.9 53.4 43.8 39.9 45.9 45.4 44.6 46.9 46.8 41.6 97.7 

Eastern Bering Sea 2016 1905 111 39 37.2 43.8 42 36.8 41.3 47.1 63.7 45.1 44.3 41 31.4 79.4 

Aleutian Islands 2014 885 177 63.9 59 52.4 64.6 54.7 48.6 71.1 70.7 80.4 65.2 58.3 62.1 99.5 

Aleutian Islands 2016 964 98 76.4 71.3 63.5 76.5 63.2 65.5 102.3 73.4 68.7 81.8 69.3 71.5 118.2 

 
 

 
Figure S2. Root mean squared error of each test year (in situ bottom dissolved oxygen 
observations withheld from model fitting, units in 𝜇mol kg-1) for each region and the density of 
observations in the training data (number of observations in training data per area (in km2) of the 
testing region (i.e. bottom trawl survey footprint). The California Current had ~12,000 
observations per year and an area of 118,391 km2. British Columbia had ~5,000 observations and 
an area of 53,580 km2. The Gulf of Alaska had ~5,000 observations and an area of 320,202 km2. 
The Eastern Bering Sea had ~2,000 observations and an area of 32,861 km2. The Aleutian 
Islands had <1,000 observations per year and an area of 72,741 km2. 
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Figure S3. Residual (observation—prediction) of the spatio-temporal model with both covariates 
(temperature and salinity) for California Current, B) British Columbia, C) Gulf of Alaska, D) 
Eastern Bering Sea, and E) Aleutian Islands. 

C 

D 

E 
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Figure S4. Distribution of oxygen values in observations from concurrent (bottom trawl surveys) 
sources and CTD casts independent from fish surveys. 
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Figure S5. Residual (observation—prediction) for each oxygen predicted from the empirical 
statistical model in each region with color indicating observed A) temperature, B) salinity (in 
sigma0), C) day-of-year, and D) year 

D
 A

C 
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Figure S6.  Observations of concurrent in situ data A) temperature (Celsius) and B) salinity (as 
sigma0) by depth (m) and dissolved oxygen (𝜇mol kg-1).  
 
 

A B 
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Figure S7. Predicted dissolved oxygen from Global Ocean Biogeochemistry Hindcast output 
compared to observed dissolved oxygen observations from independent CTD casts from 
different sources (see Table 1), and root mean squared error (RMSE) for each data source. Black 
line indicates 1:1 relationship. 
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Figure S8. Conditional effect (maximum likelihood estimate ± standard error) of the dissolved 
oxygen breakpoint model for each dissolved oxygen data source for the case study species and 
regions for the test of limited years to only the subset where concurrent in situ data was 
available. Conditional effects were calculated with depth effects set to 0, year at a reference year 
(2012 in California Current and 2019 in British Columbia), and no random effects. Population 
density in biomass kg km-2 is shown scaled to maximum density for each species and region. 
 
Table S2. Maximum likelihood estimate and standard error for the oxygen slope and breakpoint 
terms in the four case study applications of the three different oxygen data types (concurrent in 
situ data only, predicted values from empirical statistical models, and values from the dynamical 
oceanographic model the Global Oceanographic Biogeochemistry Hindcast [GOBH]) to sablefish 
and dover sole in the California Current and British Columbia regions. Breakpoint estimates that 
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were outside the range of oxygen values in the data and with 0 slope estimate were assumed to 
have no breakpoint effect of oxygen. 

Data Type Region Species Parameter Estimate Standard Error 

Concurrent California Current Sablefish Slope 0.566 1.235 
Concurrent California Current Sablefish Breakpoint 20.715 60.883 

Predicted California Current Sablefish Slope 0.137 1.585 
Predicted California Current Sablefish Breakpoint 56.144 69.536 

GOBH California Current Sablefish Slope 0.2 1.513 
GOBH California Current Sablefish Breakpoint 73.56 60.909 

Concurrent British Columbia Sablefish Slope 0 4651.98 
Concurrent British Columbia Sablefish Breakpoint -- -- 

Predicted British Columbia Sablefish Slope 0 72.557 

Predicted British Columbia Sablefish Breakpoint -- -- 

GOBH British Columbia Sablefish Slope 0 87.915 

GOBH British Columbia Sablefish Breakpoint - -- 

Concurrent California Current Dover sole Slope 0 222.1 

Concurrent California Current Dover sole Breakpoint -- -- 

Predicted California Current Dover sole Slope 0 6.164 

Predicted California Current Dover sole Breakpoint -- -- 

GOBH California Current Dover sole Slope 0 17.101 

GOBH California Current Dover sole Breakpoint -- -- 

Concurrent British Columbia Dover sole Slope 2.267 1.566 
Concurrent British Columbia Dover sole Breakpoint 22.729 111.907 

Predicted British Columbia Dover sole Slope 0.661 1.646 
Predicted British Columbia Dover sole Breakpoint 38.576 114.329 

GOBH British Columbia Dover sole Slope 0.854 1.28 
GOBH British Columbia Dover sole Breakpoint 54.894 130.822 

 
 
 
 
 
 
 



 181 

Appendix References 
Checkley Jr, D.M. and Barth, J.A. (2009). Patterns and processes in the California Current  

System. Progress in Oceanography, 83(1-4): 49-64. 
https://doi.org/10.1016/j.pocean.2009.07.028 

Coachman, L.K., 1986. Circulation, water masses, and fluxes on the southeastern Bering Sea  
shelf. Continental Shelf Research, 5(1-2), pp.23-108. 
https://www.sciencedirect.com/science/article/abs/pii/0278434386900117 

Crawford, W.R. and Thomson, R.E., 1991. Physical oceanography of the western Canadian  
continental shelf. Continental Shelf Research, 11(8-10), pp.669-683. 
https://doi.org/10.1016/0278-4343(91)90073-F 

Essington, T. E., Anderson, S. C., Barnett, L. A. K., Berger, H. M., Siedlecki, S. A., & Ward, E.  
J. (2022). Advancing statistical models to reveal the effect of dissolved oxygen on the 
spatial distribution of marine taxa using thresholds and a physiologically based index. 
Ecography, 2022(8), e06249. https://doi.org/10.1111/ecog.06249 

Hunt Jr, G.L. & Stabeno, P.J. (2005.) Oceanography and ecology of the Aleutian Archipelago:  
spatial and temporal variation. Fisheries oceanography, 14: 292-306. 
https://doi.org/10.1111/j.1365-2419.2005.00378.x 

Lindgren, F., Rue, H., & Lindström, J. (2011). An explicit link between Gaussian fields and  
            Gaussian Markov random fields: the stochastic partial differential equation approach.       
            Journal of the Royal Statistical Society: Series B (Statistical Methodology), 73(4), 423–  
            498. https://doi.org/https://doi.org/10.1111/j.1467-9868.2011.00777.x 
Kelley D, Richards C, SCOR/IAPSO W (2024). gsw: Gibbs Sea Water Functions. R package  

version 1.2-0, http://teos-10.github.io/GSW-R/. 
Kristensen, K., Nielsen, A., Berg, C. W., Skaug, H. and Bell, B. M. 2016. TMB: Automatic  
             differentiation and Laplace approximation. Journal of Statistical Software 70: 1–21.     
             https://doi.org/10.18637/jss.v070.i05 
Mordy, C.W., Stabeno, P.J., Kachel, N.B., Kachel, D., Ladd, C., Zimmermann, M., Hermann,  

A.J., Coyle, K.O. and Doyle, M.J. (2019). Patterns of flow in the canyons of the northern 
Gulf of Alaska. Deep Sea Research Part II: Topical Studies in Oceanography, 165: 203-
220. https://doi.org/10.1016/j.dsr2.2019.03.009 

NOAA. (2022). 2022: ETOPO 2022 15 Arc-Second Global Relief Model. NOAA National  
Centers for Environmental Information.https://doi.org/10.25921/fd45-gt74 

Thorson, J.T., Shelton, A.O, Ward, E.J., & Skaug, H.J. (2015) Geostatistical delta-generalized  
linear mixed models improve precision for estimated abundance indices for West Coast 
groundfishes. ICES Journal of Marine Science, 72(5): 1297-
1310. https://doi.org/10.1093/icesjms/fsu243 

Tweedie, M.C.K. 1984. An index which distinguishes between some important exponential  
     families. In Statistics: Applications and New Directions. Proceedings of the Indian     
            Statistical Institute Golden Jubilee International Conference. Edited by J.K. Gosh and J.   
            Roy. Indian Statistical Institute, Calcutta. pp. 579–604 
Shono, H. (2008). Application of the Tweedie distribution to zero-catch data in CPUE analysis.  

Fisheries Research, 93(1), 154–162. H
 ttps://doi.org/https://doi.org/10.1016/j.fishres.2008.03.006 
Stabeno, P.J., Danielson, S.L., Kachel, D.G., Kachel, N.B. and Mordy, C.W. (2016a.) Currents  

https://doi.org/10.1016/j.pocean.2009.07.028
https://www.sciencedirect.com/science/article/abs/pii/0278434386900117
https://doi.org/10.1016/0278-
https://doi.org/10.1111/ecog.06249
https://doi.org/10.1111/j.1365-2419.2005.00378.x
https://doi.org/https://doi.org/10.1111/j.1467-9868.2011.00777.x
https://doi.org/10.18637/jss.v070.i05
https://doi.org/10.1093/icesjms/fsu243


 182 

and transport on the Eastern Bering Sea shelf: An integration of over 20 years of 
data. Deep Sea Research Part II: Topical Studies in Oceanography, 134: 13-29. 
https://doi.org/10.1016/j.dsr2.2016.05.010 

Stabeno, P.J., Bell, S., Cheng, W., Danielson, S., Kachel, N.B. and Mordy, C.W. (2016b). Long- 
term observations of Alaska Coastal Current in the northern Gulf of Alaska. Deep Sea 
Research Part II: Topical Studies in Oceanography, 132: 24-40. 
https://doi.org/10.1016/j.dsr2.2015.12.016 

Stabeno, P.J., Bond, N.A., Hermann, A.J., Kachel, N.B., Mordy, C.W. and Overland, J.E. (2004).  
Meteorology and oceanography of the Northern Gulf of Alaska. Continental Shelf 
Research, 24(7-8): 859-897. https://doi.org/10.1016/j.csr.2004.02.007 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 183 

CHAPTER 4 APPENDIX 
 

Figure S1. A) Compiled observations of fish catch available for model fitting in each region in 
each year. Each observation is a single sampling event. Colors indicate the region, with bars  
above the line observations from bottom trawl data (U.S. National Oceanic and Atmospheric 
Administration [NOAA] and Department of Fisheries and Oceans Canada [DFO]) and bars 
below the line from International Pacific Halibut Commission (IPHC) longline data. B) Map of 
fish catch data, with colors indicating the data source: International Pacific Halibut Commission 
longline data, NOAA Bering Sea (BS), Gulf of Alaska (GOA), and West Coast (WC); and DFO 
British Columbia (BC) bottom trawl surveys. 
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Table S1. Species tested for threshold effects of temperature-corrected oxygen on fish density. Taxonomic Group refers to the taxonomic 
group that the temperature-dependence of oxygen tolerance parameter (E0) was pulled from in the phylogenetic imputation. Depth limit (in 
meters) is the depth at 99% of the cumulative catch biomass of the species in the catch data. Southern limits are the latitude at the 99% for 
the southern extent of cumulative biomass in the California Current, and northern limits at the latitude at the 99% for northern extent of 
cumulative biomass in the eastern Bering Sea. Species without a northern or southern limit did not have clear range limits. 

Common Name Scientific Name 
Taxonomic 
Group  Depth limit (m) Southern limit (°N) Northern limit (°N) 

Southern rock sole Lepidopsetta bilineata pleuronectidae 297 42.15 -- 

Big skate Raja binoculata elasmobranchii 525.8791 -- -- 

Canary rockfish Sebastes pinniger scorpaenidae 261.3 42.42 -- 

Yellowtail rockfish Sebastes flavidus scorpaenidae 313.17 -- -- 

Pacific sanddab Citharichthys sordidus paralichthyidae 302.9 37.76 -- 

Pacific cod Gadus macrocephalus gadidae 363.9 37.65 -- 

Yelloweye rockfish sebastes ruberrimus scorpaenidae 200.3087 -- -- 

Redstripe rockfish Sebastes proriger scorpaenidae 237.744 39.88 -- 

Walleye pollock Gadus chalcogrammus gadidae 311.7181 -- -- 

Silvergray rockfish Sebastes brevispinis scorpaenidae 310.7657 -- -- 

Sharpchin rockfish Sebastes zacentrus scorpaenidae 131 -- 55.68 

English sole Parophrys vetulus pleuronectidae 403.058 37.92 -- 

Lingcod Ophiodon elongatus perciformes 386.4 35.97 -- 

Petrale sole Eopsetta jordani pleuronectidae 276.1488 40.17 -- 

Spiny dogfish Squalus suckleyi elasmobranchii 446.3967 -- -- 

Redbanded rockfish Sebastes babcocki scorpaenidae 229.2 36.96 -- 

Darkblotched rockfish Sebastes crameri scorpaenidae 526.095 34.50 59.66 

Spotted ratfish Hydrolagus colliei elasmobranchii 503 42.99 58.66 

Pacific halibut 
Hippoglossus 
stenolepis pleuronectidae 431 -- -- 

Slender sole Lyopsetta exilis pleuronectidae 433 38.91 -- 

Flathead sole 
Hippoglossoides 
elassodon pleuronectidae 514.9 -- -- 

Arrowtooth flounder Atheresthes stomias pleuronectidae 370 43.58 -- 

Pacific hake Merluccius productus gadidae 546.9 -- -- 

Blackbelly eelpout Lycodes pacificus zoarcidae 384.048 40.49 -- 

Rougheye rockfish sebastes aleutianus scorpaenidae 325.5264 35.04 -- 

Rex sole 
Glyptocephalus 
zachirus pleuronectidae 283.464 43.83 -- 
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Table S2. Marginal Akaike Information Criteria (ΔAIC) for each of the five models fit to each species and dataset 
combination. For species and datasets with one of the pO2’ models identified as best-fitting (i.e. ΔAIC=0), the 
breakpoint and slope estimate is calculated as the mean ensemble 土 standard deviation from the three pO2’ models 
(low, median, and high E0) weighted by marginal Akaike Information Criteria (ΔAIC) across 100 Monte Carlo 
simulations of the maximum likelihood estimation of the breakpoint and slope parameters. N obs is the number of 
observations in the model fitting, N region is the number of regions included, and N years the number of years of data 
included. Dashed lines in the ΔAIC columns indicate the model failed to pass diagnostics checks, and dashed lines in 
the parameter estimate columns indicate a pO2’ model was not identified as best-fitting. 
   ΔAI

C 
    Paramet

er 
estimate
s 

      

Species Region Data 
type 

Base Temp pO2’ 
low 

pO2’ 
med 

pO2’ 
high 

Breakpo
int 
mean 

Breakp
oint 
SD 

Slope 
mean 

Slope 
SD 

N obs N 
yea
rs 

N 
regi
ons 

silvergray 
rockfish 

bc bottom 
trawl 
only 

45.8
86 

26.87
1 

0 -- 6.57
1 

6.885 0.275 2.456 0.325 832 1 6 

blackbelly 
eelpout 

cc  bottom 
  trawl  
  only 

39.2
1 

29.50
5 

15.244 14.01
7 

0 2.138 1.923 0.552 0.243 1114 1 10 

blackbelly 
eelpout 

bc bottom 
trawl 
only 

16.3
79 

0 -- -- -- -- -- -- -- 356 1 6 

blackbelly 
eelpout 

coastwide bottom 
trawl 
only 

-- -- 12.066 0 5.81
4 

-- -- -- -- 1470 2 14 

redstripe 
rockfish 

cc bottom 
trawl 
only 

0.92 -- -- 0 0.05
1 

-- -- -- -- 88 1 9 

redstripe 
rockfish 

bc bottom 
trawl 
only 

6.04
8 

2.522 4.911 -- 0 -- -- -- -- 436 1 6 

redstripe 
rockfish 

coastwide bottom 
trawl 
only 

27.7
42 

17.51
9 

0 6.716 6.32
4 

2.575 1.199 1.572 0.449 524 2 13 

lingcod cc bottom 
trawl 
only 

0.93
1 

-- -- 0 -- 4.95 1.334 0.262 0.139 1716 1 10 

Sandpaper skate Bathyraja kincaidii elasmobranchii 262 -- -- 

Longnose skate Raja rhina elasmobranchii 1060.939 -- 57.34 

Dover sole Microstomus pacificus carangiformes 587 -- -- 

Sablefish Anoplopoma fimbria perciformes 1150.8 -- 59.81 

Shortspine thornyhead 
Sebastolobus 
alascanus scorpaenidae 1215.4 -- -- 

Longspine thornyhead Sebastolobus altivelis scorpaenidae 998.52 -- 59.81 
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lingcod bc bottom 
trawl 
only 

15.5
59 

14.89
5 

0 6.263 4.90
8 

5.574 0.607 1.173 0.229 734 1 6 

lingcod coastwide bottom 
trawl 
only 

8.46 -- 0 1.454 -- 4.787 1.344 0.263 0.118 2448 2 14 

sharpchin 
rockfish 

cc bottom 
trawl 
only 

-- -- -- 0 0.38
5 

-- -- -- -- 292 1 9 

sharpchin 
rockfish 

bc bottom 
trawl 
only 

5.67
9 

0 3.374 3.113 -- -- -- -- -- 440 1 6 

sharpchin 
rockfish 

coastwide bottom 
trawl 
only 

0 3.079 6.13 8.241 6.76
8 

-- -- -- -- 729 2 13 

yellowtail 
rockfish 

cc bottom 
trawl 
only 

17.9
24 

15.81
7 

0 0.409 1.01
9 

5.974 0.297 1.412 0.203 367 1 9 

yellowtail 
rockfish 

bc bottom 
trawl 
only 

-- -- 0 -- -- -- -- -- -- 477 1 6 

yellowtail 
rockfish 

coastwide bottom 
trawl 
only 

48.0
28 

47.63
2 

-- 0 9.33
7 

5.817 0.351 2.234 0.276 843 2 13 

pacific 
sanddab 

cc bottom 
trawl 
only 

34.9
93 

14.01
7 

-- 0 -- 3.272 1.392 0.224 0.091 1683 1 10 

pacific 
sanddab 

bc bottom 
trawl 
only 

-- -- 0 0.933 15.0
12 

-- -- -- -- 421 1 6 

pacific 
sanddab 

coastwide bottom 
trawl 
only 

-- -- -- 0 -- -- -- -- -- 2103 2 14 

yelloweye 
rockfish 

cc bottom 
trawl 
only 

-- 0 4 -- 4 -- -- -- -- 95 1 9 

yelloweye 
rockfish 

bc bottom 
trawl 
only 

0 2.512 5.909 -- -- -- -- -- -- 174 1 6 

yelloweye 
rockfish 

coastwide bottom 
trawl 
only 

0 3.568 6.847 5.984 7.21
9 

-- -- -- -- 269 2 13 

yelloweye 
rockfish 

cc bottom 
trawl 
& 
IPHC 

0 3.409 7.409 7.409 -- -- -- -- -- 194 1 11 

yelloweye 
rockfish 

bc bottom 
trawl 
& 
IPHC 

0 3.244 5.788 5.638 5.01
7 

-- -- -- -- 706 1 15 

yelloweye 
rockfish 

goa bottom 
trawl 
& 
IPHC 

3.37
4 

0.769 1.429 0 1.14
3 

-- -- -- -- 1085 1 13 
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yelloweye 
rockfish 

coastwide bottom 
trawl 
& 
IPHC 

8.79
1 

0 3.776 12.48
7 

4 -- -- -- -- 1985 3 15 

english 
sole 

cc bottom 
trawl 
only 

28.1
19 

0 4 -- 3.53
6 

-- -- -- -- 2104 1 10 

english 
sole 

bc bottom 
trawl 
only 

-- -- 3.403 0 -- 3.27 1.975 0.485 0.19 868 1 6 

english 
sole 

goa bottom 
trawl 
only 

0 2.898 3.025 3.244 2.94
3 

-- -- -- -- 56 1 2 

english 
sole 

coastwide bottom 
trawl 
only 

-- 0 -- -- 1.14
2 

-- -- -- -- 3029 3 14 

petrale 
sole 

cc bottom 
trawl 
only 

-- -- 0 -- 5.34 2.896 1.196 0.214 0.092 2165 1 10 

petrale 
sole 

bc bottom 
trawl 
only 

-- -- -- -- 0 -- -- -- -- 974 1 6 

petrale 
sole 

coastwide bottom 
trawl 
only 

147.
028 

0 0.498 0.3 1.05
5 

-- -- -- -- 3139 2 14 

southern 
rock sole 

cc bottom 
trawl 
only 

0 3.457 7.174 6.631 5.99
7 

-- -- -- -- 256 1 10 

southern 
rock sole 

bc bottom 
trawl 
only 

-- -- 5.535 -- 0 7.555 3.741 0.457 0.223 397 1 6 

southern 
rock sole 

goa bottom 
trawl 
only 

0 2.803 -- -- -- -- -- -- -- 180 1 2 

southern 
rock sole 

coastwide bottom 
trawl 
only 

2.45
7 

0 3.46 3.147 2.95
4 

-- -- -- -- 833 3 14 

darkblotch
ed 
rockfish 

cc bottom 
trawl 
only 

-- 0 4 4 -- -- -- -- -- 839 1 9 

darkblotch
ed 
rockfish 

bc bottom 
trawl 
only 

-- 0 -- 3.346 4 -- -- -- -- 265 1 6 

darkblotch
ed 
rockfish 

coastwide bottom 
trawl 
only 

19.8
35 

0 -- -- -- -- -- -- -- 1105 2 13 

redbanded 
rockfish 

cc bottom 
trawl 
only 

-- -- 2.895 0.395 0 -- -- -- -- 374 1 9 

redbanded 
rockfish 

bc bottom 
trawl 
only 

-- -- 0.649 0 1.68
2 

-- -- -- -- 709 1 6 

redbanded 
rockfish 

coastwide bottom 
trawl 
only 

48.4
23 

0.084 -- -- 0 -- -- -- -- 1084 2 13 
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big skate bc bottom 
trawl 
only 

10.3
7 

-- 0.198 0 2.79
6 

-- -- -- -- 195 1 6 

big skate cc bottom 
trawl 
& 
IPHC 

0 1.986 -- -- 2.46
9 

-- -- -- -- 132 1 11 

big skate bc bottom 
trawl 
& 
IPHC 

6.52
2 

0 0.809 -- 2.16
1 

-- -- -- -- 486 1 15 

big skate goa bottom 
trawl 
& 
IPHC 

51.7
5 

0 0.144 0.581 -- -- -- -- -- 1362 1 13 

big skate coastwide bottom 
trawl 
& 
IPHC 

37.9
53 

8.685 0 -- -- 11.215 1.468 0.549 0.179 1980 3 15 

slender 
sole 

cc bottom 
trawl 
only 

232.
394 

13.68
4 

0 2.748 8.56
3 

-- -- -- -- 2371 1 10 

slender 
sole 

bc bottom 
trawl 
only 

4.77 0 -- -- -- -- -- -- -- 975 1 6 

slender 
sole 

coastwide bottom 
trawl 
only 

-- 65.47 0 8.415 18.9
51 

-- -- -- -- 3345 2 14 

canary 
rockfish 

cc bottom 
trawl 
only 

-- -- 0 -- 0.52
4 

-- -- -- -- 400 1 9 

canary 
rockfish 

bc bottom 
trawl 
only 

7.97
9 

10.53
5 

-- 1.402 0 11.135 0.729 2.155 0.401 381 1 6 

canary 
rockfish 

coastwide bottom 
trawl 
only 

5.82
6 

-- -- 0 -- 7.463 1.238 0.792 0.289 782 2 13 

rex sole cc bottom 
trawl 
only 

41.0
55 

0 -- -- -- -- -- -- -- 2723 1 10 

rex sole bc bottom 
trawl 
only 

-- -- 21.17 21.09
4 

0 -- -- -- -- 1486 1 6 

rex sole goa bottom 
trawl 
only 

0 3.375 3.329 2.906 3.09
9 

-- -- -- -- 415 1 2 

rex sole ebs bottom 
trawl 
only 

0.8 0.227 -- -- 0 -- -- -- -- 266 1 6 

rex sole coastwide bottom 
trawl 
only 

44.8
94 

0 1.583 1.134 2.43
8 

-- -- -- -- 4891 4 15 

rougheye 
rockfish 

bc bottom 
trawl 
only 

12.5
64 

0 4 4 -- -- -- -- -- 404 1 6 



 189 

rougheye 
rockfish 

goa bottom 
trawl 
only 

0 3.888 0.406 0.858 2.07
1 

-- -- -- -- 88 1 2 

rougheye 
rockfish 

coastwide bottom 
trawl 
only 

-- -- -- -- -- -- -- -- -- 491 2 8 

rougheye 
rockfish 

cc bottom 
trawl 
& 
IPHC 

4.90
6 

0 -- -- -- -- -- -- -- 65 1 12 

rougheye 
rockfish 

bc bottom 
trawl 
& 
IPHC 

-- 0 -- -- -- -- -- -- -- 242 1 15 

rougheye 
rockfish 

goa bottom 
trawl 
& 
IPHC 

-- -- -- -- -- -- -- -- -- 217 1 13 

rougheye 
rockfish 

coastwide bottom 
trawl 
& 
IPHC 

1.24 0 4 -- 4 -- -- -- -- 524 3 15 

spotted 
ratfish 

cc bottom 
trawl 
only 

-- -- -- 0 -- -- -- -- -- 2398 1 10 

spotted 
ratfish 

bc bottom 
trawl 
only 

83.5
63 

0 2.076 -- 3.21
8 

-- -- -- -- 1574 1 6 

spotted 
ratfish 

coastwide bottom 
trawl 
only 

115.
398 

4.954 0 2.529 0.71
7 

6.5 0.744 0.28 0.067 3972 2 14 

arrowtoot
h flounder 

cc bottom 
trawl 
only 

9.67 0 3.729 1.174 1.79
1 

-- -- -- -- 1603 1 9 

arrowtoot
h flounder 

bc bottom 
trawl 
only 

-- -- -- -- 0 -- -- -- -- 1457 1 6 

arrowtoot
h flounder 

goa bottom 
trawl 
only 

0 0.503 1.556 2.264 -- -- -- -- -- 623 1 2 

arrowtoot
h flounder 

ebs bottom 
trawl 
only 

20.0
04 

0 -- 4 4 -- -- -- -- 640 1 6 

arrowtoot
h flounder 

coastwide bottom 
trawl 
only 

36.7
17 

0 -- 3.378 4 -- -- -- -- 4322 4 14 

pacific 
hake 

cc bottom 
trawl 
only 

150.
211 

59.36
6 

-- -- 0 -- -- -- -- 1858 1 10 

pacific 
hake 

bc bottom 
trawl 
only 

32.7
01 

31.57
6 

0.932 3.542 0 -- -- -- -- 663 1 6 

pacific 
hake 

coastwide bottom 
trawl 
only 

34.2
5 

0 -- -- -- -- -- -- -- 2521 2 14 
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flathead 
sole 

cc bottom 
trawl 
only 

-- -- 0.441 -- 0 -- -- -- -- 403 1 9 

flathead 
sole 

bc bottom 
trawl 
only 

41.1
16 

7.242 -- 0.3 0 -- -- -- -- 752 1 6 

flathead 
sole 

goa bottom 
trawl 
only 

0 2.331 6.315 6.331 6.25
5 

-- -- -- -- 443 1 2 

flathead 
sole 

ebs bottom 
trawl 
only 

0 2.252 -- -- 2.92
1 

-- -- -- -- 813 1 6 

flathead 
sole 

coastwide bottom 
trawl 
only 

11.8
86 

-- 0 -- -- -- -- -- -- 2408 4 14 

longnose 
skate 

cc bottom 
trawl 
only 

83.0
56 

5.682 0 3.712 -- -- -- -- -- 2828 1 10 

longnose 
skate 

bc bottom 
trawl 
only 

0 3.596 -- -- -- -- -- -- -- 608 1 6 

longnose 
skate 

coastwide bottom 
trawl 
only 

95.9
47 

16.67
4 

9.232 0 8.98
3 

-- -- -- -- 3436 2 14 

longnose 
skate 

cc bottom 
trawl 
& 
IPHC 

68.1
36 

12.83 0 2.367 6.81
5 

-- -- -- -- 3125 1 13 

longnose 
skate 

bc bottom 
trawl 
& 
IPHC 

4.18
2 

0 3.614 3.977 3.92
4 

-- -- -- -- 1459 1 15 

longnose 
skate 

goa bottom 
trawl 
& 
IPHC 

-- -- -- -- -- -- -- -- -- 3611 1 13 

longnose 
skate 

coastwide bottom 
trawl 
& 
IPHC 

199.
596 

0 -- -- -- -- -- -- -- 8195 3 16 

pacific 
halibut 

cc bottom 
trawl 
only 

18.1
73 

17.20
5 

0 1.914 2.63
6 

5.345 0.384 0.813 0.158 394 1 9 

pacific 
halibut 

bc bottom 
trawl 
only 

1.39
8 

0.804 0.343 0 0.89
4 

6.792 0.755 0.667 0.191 658 1 6 

pacific 
halibut 

goa bottom 
trawl 
only 

0 3.153 -- -- -- -- -- -- -- 610 1 2 

pacific 
halibut 

ebs bottom 
trawl 
only 

0 3.732 2.108 1.646 2.76
4 

-- -- -- -- 753 1 6 

pacific 
halibut 

coastwide bottom 
trawl 
only 

9.72
1 

1.46 1.828 1.026 0 13.285 4.489 0.265 0.13 2417 4 14 
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pacific 
halibut 

cc bottom 
trawl 
& 
IPHC 

67.7
84 

63.04
3 

3.843 2.257 0 6.386 0.214 1.067 0.119 989 1 12 

pacific 
halibut 

bc bottom 
trawl 
& 
IPHC 

56.3
22 

47.05
1 

11.23 2.912 0 9.283 0.344 0.724 0.089 2500 1 14 

pacific 
halibut 

goa bottom 
trawl 
& 
IPHC 

32.3
81 

13.57
3 

5.277 0 3.80
6 

25.92 5.761 0.055 0.021 5984 1 12 

pacific 
halibut 

ebs bottom 
trawl 
& 
IPHC 

34.6
48 

-- 6.939 0 -- 8.222 3.062 0.2 0.063 1362 1 11 

pacific 
halibut 

coastwide bottom 
trawl 
& 
IPHC 

59.8
92 

34.45
9 

0.61 42.14
5 

0 10.266 0.58 0.272 0.031 10835 4 15 

spiny 
dogfish 

cc bottom 
trawl 
only 

35.2
21 

0 3.414 -- 3.07
9 

-- -- -- -- 937 1 9 

spiny 
dogfish 

bc bottom 
trawl 
only 

41.7
83 

0 4 -- -- -- -- -- -- 823 1 6 

spiny 
dogfish 

coastwide bottom 
trawl 
only 

75.9
42 

44.26
8 

0 16.19
3 

43.7
12 

-- -- -- -- 1759 2 13 

spiny 
dogfish 

cc bottom 
trawl 
& 
IPHC 

28.6
16 

0 0.094 3.931 -- -- -- -- -- 1330 1 11 

spiny 
dogfish 

bc bottom 
trawl 
& 
IPHC 

59.0
93 

3.845 2.097 0.178 0 4.76 2.64 0.222 0.086 2354 1 15 

spiny 
dogfish 

goa bottom 
trawl 
& 
IPHC 

55.6
49 

0 4 2.884 3.89
6 

-- -- -- -- 3063 1 13 

spiny 
dogfish 

coastwide bottom 
trawl 
& 
IPHC 

192.
335 

0 1.418 189.4
19 

4 -- -- -- -- 6747 3 15 

pacific 
cod 

cc bottom 
trawl 
only 

22.1
23 

25.63
2 

-- 0 -- 5.587 0.466 1.391 0.343 255 1 9 

pacific 
cod 

bc bottom 
trawl 
only 

0.23
3 

0 -- -- -- -- -- -- -- 976 1 6 

pacific 
cod 

goa bottom 
trawl 
only 

0 1.691 -- 3.94 -- -- -- -- -- 544 1 2 
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pacific 
cod 

ebs bottom 
trawl 
only 

-- 0 3.999 3.735 3.42
6 

-- -- -- -- 1007 1 6 

pacific 
cod 

coastwide bottom 
trawl 
only 

16.2
25 

11.78
7 

0 0.971 0.82 14.197 2.501 0.333 0.086 2783 4 14 

pacific 
cod 

cc bottom 
trawl 
& 
IPHC 

29.6
57 

31.94
2 

0.775 -- 0 6.441 0.466 1.565 0.268 269 1 11 

pacific 
cod 

bc bottom 
trawl 
& 
IPHC 

0 3.066 -- 3.234 3.50
3 

-- -- -- -- 947 1 15 

pacific 
cod 

goa bottom 
trawl 
& 
IPHC 

188.
848 

81.25
3 

0 1.059 3.17
1 

15.43 0.4 0.412 0.03 4606 1 13 

pacific 
cod 

ebs bottom 
trawl 
& 
IPHC 

44.5
41 

19.45
3 

10.58 5.46 0 -- -- -- -- 1588 1 11 

pacific 
cod 

coastwide bottom 
trawl 
& 
IPHC 

232.
058 

104.9
43 

0 174.1
67 

4.74
9 

11.853 0.483 0.613 0.057 7410 4 15 

walleye 
pollock 

bc bottom 
trawl 
only 

17.1
12 

0 2.791 -- 1.22
8 

-- -- -- -- 950 1 6 

walleye 
pollock 

goa bottom 
trawl 
only 

-- 5.243 -- 0 5.67
8 

11.849 2.341 1.009 0.313 543 1 2 

walleye 
pollock 

ebs bottom 
trawl 
only 

0.96
9 

0 -- 2.854 2.71
3 

-- -- -- -- 1025 1 6 

walleye 
pollock 
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Figure S2. Mean ensemble conditional effect 土 standard deviation of the partial pressure of 
oxygen (pO2’) (kPa) at 12 degrees C on local fish density, scaled to the maximum effect size. 
mean conditional effects ensembled across the five models—base, temperature, and the three 
breakpoint(pO2’)—with conditional effects weighted by conditional Akaike Information Criteria 
(AIC) across 100 Monte Carlo simulations of the maximum likelihood estimation of the 
breakpoint and slope parameters. All other fixed (year, survey, region) and random fields (spatial 
and spatio-temporal variation) are set to zero. Color indicates the geographic extent of the model 
(region-specific or coastwide) Solid line indicates species was fit to only bottom trawl data, and 
dashed line that species was fit to combined bottom trawl and IPHC longline data. 
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Figure S3. Density of oxygen observations in each region in three example years (2012, 2015, 
2023) for two example species (pacific cod and walleye pollock), with dashed lines showing the 
mean ensemble temperature-corrected oxygen threshold. California Current and British 
Columbia are consistently generally below this threshold, while oxygen observations in the Gulf 
of Alaska and Eastern Bering Sea are generally above the threshold. 
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Figure S4. Proportion of historical oxygen observations 土 standard error in each year and region 
at which mean ensemble reduction in fish density due to oxygen is estimated to be greater than 
10%. Observations are constrained to the latitudinal range and typical depth habitat (200m buffer 
deeper than 99% cumulative catch) of each species. Reductions in biomass were calculated as 
the mean conditional effects ensembled across the five models–null, temperature, and the three 
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breakpoint(pO2’)--with conditional effects weighted by marginal Akaike Information Criteria 
(AIC) across 100 Monte Carlo simulations of the maximum likelihood estimation of the 
breakpoint and slope parameters. All other fixed (year, survey, region) and random fields (spatial 
and spatio-temporal variation) are set to zero. While there is some fluctuation between years, 
there is no clear trend. 
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Figure S5. Percentage reduction in local fish density due to oxygen at oxygen observations 
compiled coastwide in each year for lingcod. While spatial area of observations available in each 
year varies, the overall spatial pattern in estimated reductions in density are similar and stable 
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across years. Reductions in density were calculated as the mean conditional effects ensembled 
across the five models–base, temperature, and the three breakpoint(pO2’)–with conditional 
effects weighted by marginal Akaike Information Criteria (AIC) across 100 Monte Carlo 
simulations of the maximum likelihood estimation of the breakpoint and slope parameters. Only 
species with a coastwide pO2’ model are included. All other fixed (year, survey, region) and 
random fields (spatial and spatio-temporal variation) are set to zero. Observations are 
constrained to the latitudinal range and typical depth habitat (200m buffer deeper than 99% 
cumulative catch) of each species. Pacific halibut models were fit to combined bottom trawl and 
IPHC longline survey biomass data (kg ha-1). Grey points indicates there was no estimated 
biomass reduction from oxygen at that oxygen observation. 
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Figure S6. A-D) Estimated persistent spatial variation (i.e. omega) of dissolved oxygen of period 
in each region in A) California Current, B) British Columbia, C) Eastern Bering Sea, and D) 
Gulf of Alaska. Overall spatial variation in each region was larger than estimated spatio-temporal 
variation. 
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Figure S7. Proportion of area 土 standard deviation in 2021 at which mean ensemble reduction in 
fish density was estimated to be greater than 10% across depth (50m bins) in each region. 
Dashed lines indicate the depth limit at which species were typically found in data (at 99% of 
cumulative fish catch). Grid is constrained to the latitudinal range and typical depth habitat 
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(200m buffer deeper than 99% cumulative catch) of each species. Reductions in biomass were 
calculated as the mean conditional effects ensembled across the five models–base, temperature, 
and the three breakpoint(pO2’)–with conditional effects weighted by marginal Akaike 
Information Criteria (AIC) across 100 Monte Carlo simulations of the maximum likelihood 
estimation of the breakpoint and slope parameters. All other fixed (year, survey, region) and 
random fields (spatial and spatio-temporal variation) are set to zero.  
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Figure S8.  Reduction in local fish density due to oxygen in 2021 (a year with hypoxic 
conditions, Barth et al 2024) off the coast of Washington state. Reductions in biomass were 
calculated as the mean conditional effects ensembled across the five models–null, temperature, 
and the three breakpoint(pO2’)–with conditional effects weighted by marginal Akaike 
Information Criteria (AIC) across 100 Monte Carlo simulations of the maximum likelihood 

https://www.nature.com/articles/s41598-024-54476-0
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estimation of the breakpoint and slope parameters. All other fixed (year, survey, region) and 
random (spatial and spatio-temporal variation) effects were set to zero. Grid is constrained to the 
latitudinal range and typical depth habitat (200m buffer deeper than 99% cumulative catch) of 
each species. For each species, the model fit to coastwide data and including IPHC data were 
used if available, otherwise region-specific models were used. Pacific halibut and Pacific cod 
models were fit to combined bottom trawl and IPHC longline survey, and the remainder of 
species were fit to only bottom trawl data (NOAA and DFO). Pacific cod was fit to abundance 
(numbers of fish) data, and the remainder of species were fit to biomass data (kg ha-1). Grey 
indicates there was no estimated biomass reduction from oxygen. Oxygen was statistically 
interpolated across the grid from compiled in situ oxygen observations (Indivero et al., 2025). 
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Figure S9. Oxygen across grid of California Current and British Columbia  
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Figure S10. Proportion of area in survey grid 土 standard deviation that historical oxygen is 
estimated to cause greater than 10% reduction in local fish density. Grid cells are constrained to 
the latitudinal range and typical depth habitat (200m buffer deeper than 99% cumulative catch) 
of each species. Reductions in density were calculated as the mean conditional effects ensembled 
across the five models–null, temperature, and the three breakpoint(pO2’)–with conditional 
effects weighted by marginal Akaike Information Criteria (AIC) across 100 Monte Carlo 
simulations of the maximum likelihood estimation of the breakpoint and slope parameters. All 
other fixed (year, survey, region) and random fields (spatial and spatio-temporal variation) are 
set to zero. 
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Figure S11. Estimated percentage reduction in local fish density due to oxygen off Washington 
coast each year of study period for an example species (canary rockfish). Estimated reductions 
were calculated as the mean conditional effects ensembled across the five models–basel, 
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temperature, and the three breakpoint(pO2’)--with conditional effects weighted by marginal 
Akaike Information Criteria (AIC) across 100 Monte Carlo simulations of the maximum 
likelihood estimation of the breakpoint and slope parameters. All other fixed (year, survey, 
region) and random fields (spatial and spatio-temporal variation) are set to zero. Grid is 
constrained to the latitudinal range and typical depth habitat (200m buffer deeper than 99% 
cumulative catch) of each species. Oxygen was statistically interpolated across the grid from 
compiled in situ oxygen observations (Indivero et al, 2025). 
 

 
Figure S12. Proportion of area in survey grid in each U.S. state and British Columbia that 
historical oxygen 土 standard deviation is estimated to cause greater than 10% reduction in local 
fish density. Grid cells are constrained to the latitudinal range and typical depth habitat (200m 
buffer deeper than 99% cumulative catch) of each species. Reductions in density were calculated 
as the mean conditional effects ensembled across the five models–null, temperature, and the 
three breakpoint(pO2’)–with conditional effects weighted by marginal Akaike Information 
Criteria (AIC) across 100 Monte Carlo simulations of the maximum likelihood estimation of the 
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breakpoint and slope parameters. All other fixed (year, survey, region) and random fields (spatial 
and spatio-temporal variation) are set to zero.  
 
 
 
 



 211 

 
Figure S13. Number of observations with positive catch for each species in each region and year. 
Bars are colored by region, and dashed lines indicate data from the International Pacific Halibut 
Commission longline survey and solid bars from bottom trawl data (U.S. National Oceanic and 
Atmospheric Administration and Department of Fisheries and Oceans Canada). 
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Figure S14. Cumulative sum of species catch (biomass) across depth, with dashed lines 
indicating the depth at 99% of cumulative sum. Data were filtered to above this depth limit for 
model fitting.  
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Figure S15. Cumulative sum of species catch (biomass) across latitude in the northern (A) and 
southern (B) regions,, with dashed lines indicating the depth at 99% of cumulative sum. Data 
were constrained to latitudinal ranges when there were clear range limits. 
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Figure S16. Example of observations (positive catch only) in data used in model fitting for 
Pacific halibut, with coastwide data including all bottom trawl surveys and the International 
Pacific Halibut Commission longline data.



 


