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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. 

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 
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 
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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 
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al., 2023a; 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 
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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). 
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? 
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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? 

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 supplement and Fig S1 for details). 
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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. 

The simplest model was a GLMM that estimated bottom dissolved oxygen � of observation i	 in	 
region r	 following a Gaussian distribution based on depth D in meters and day of year C 

�!,# = �(log(D!)) + �(C!), Eq. 1 

where �! is the oxygen measurement for sample � in �mol kg-1, and �(���(�))! and �(C)! are 
smooth on log(D) and day-of-year (i.e. 1–365) (see supplement 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 �! 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 supplement 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) �! 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 �! (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 supplement 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 �!, where i is used to index the observation. Four structures for accounting for latent spatial and 
temporal effects were considered (none, persistent spatial fields �", annual effects in addition to 
persistent spatial fields �!["], and persistent spatial fields in addition to latent spatiotemporal variation �") 
for three covariate structures (no covariates, temperature only �(�"), and temperature and salinity �(�") 
(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 �(C!)and depth �(log (�!)). 
Equation 
Numbers 

Spatial and Temporal Structure Covariates Equation 
Spatial Annual Spatiotemp 

oral 
Temp Sal 

1 �! = �(C!) + �(���(D!)) 
2 X + �(�!) 
3 X X +�(�!) + �(�!) 
4 X +�! 
5 X X +�! + �(�!) 
6 X X X +�! + �(�!) + �(�!) 
7 X X +�! + �$%&#[!]�! 
8 X X X +�! + �$%&#[!]�! + �(�!) 
9 X X X X +�! + �$%&#[!]�! + �(�!) + �(�!) 
10 X X +�! + �! 
11 X X X +�! + �!+ �(�!) 
12 X X X X +�! + �! + �(�!) + �(�!) 

231 

232 To evaluate prediction skill of all models, we used a cross-validation procedure that iteratively 
233 removed one year of bottom trawl oxygen observations from the integrated oxygen dataset (i.e. 
234 “test year”), trained the model on the remaining years of data (which included data from non-
235 concurrent sources in the test year, i.e. “training years”), used the fitted model to predict to 
236 concurrent sampling events from the test year, and compared the model predictions of dissolved 
237 oxygen to the observed concurrent oxygen in the test year. We are assessing whether we can 
238 accurately predict oxygen for an entire missing sample year, given concurrent data (i.e. the 
239 measurements collected with fish sampling) from the same survey available in other years and 
240 non-concurrent data from other sources in that missing year. Only years with more than 50 
241 concurrent observations and independent data within that year were included as test years. For 
242 the California Current, this allowed nine test years (2009-2015, 2022-2023), six years for British 
243 Columbia (2017-2019, 2021-2023), but only two years for the Gulf of Alaska (2013, 2015), 
244 Eastern Bering Sea (2012, 2016), and Aleutian Islands (2014, 2016). The number of observations 
245 in each test year for each region ranged from 50—1314, and in training data from 680—10,592 
246 (see Table S1df). We calculated root mean squared error (RMSE) of model predictions to 
247 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 

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 

248 
249 Oceanographic output 

250 We also compared how a widely used dynamical oceanographic model product—the Copernicus 
251 Global Ocean Biogeochemistry Hindcast (GOBH)—compared to in situ bottom dissolved 
252 oxygen observations from concurrent fish surveys versus predictions from our approach. GOBH 
253 provides 3D dissolved oxygen values at a ¼ degree resolution and with 75 vertical levels (fixed 
254 levels for all points, except for the last level, where thickness is adapted to the bathymetry) from 
255 December 1992 through March 2024 at a daily resolution (Mercator-Ocean, 2024; Perruche et 
256 al., 2024). We selected GOBH because it provided comprehensive and consistent coverage of our 
257 entire study region and time period. 

258 We extracted the bottom dissolved oxygen for each fish catch event from GOBH by using a 
259 statistically robust method to interpolate between the grid points and depths in GOBH. For each 
260 region in each year of fish catch data, we subset the GOBH model for the geographic domain of 
261 the region (including all depths) for the time period of the survey (May 1st-October 30th). We 
262 then fit the dissolved oxygen output for this entire GOBH subset to a generalized linear mixed 
263 effects model (GLMM) using sdmTMB, including smoother effects on depth and day-of-year, 
264 spatial random fields, and following a Gaussian distribution (Eq. 13). We then extracted 
265 dissolved oxygen as predictions to the specific day, depth, and location (coordinates) of each fish 
266 catch observation. We calculated RMSE of in situ oxygen observations as a metric of accuracy. 

267 �!,$%&#,#%)!*+ = �(���(depth!)) + �(doy!)+ �! Eq. 13 

268 Species distribution modeling comparison 

269 We fit case studies of fish distribution models using each of the three dissolved oxygen data 
270 sources and compared estimated effects of oxygen on fish density. We chose two benthic-
271 associated species with commercial importance—one that has a deeper habitat preference, 
272 sablefish (Anoplopoma fimbria), and one shallower, Dover sole (Microstomus pacificus)—in the 
273 California Current and British Columbia. To estimate the response of fish density to dissolved 
274 oxygen, we implemented GLMMs in sdmTMB (Anderson et al, 2025) using total catch rate as a 
275 Tweedie distributed response (Eqs S1-S2). The model formula included fixed effects of quadratic 
276 logged depth, year, and dissolved oxygen, and a random spatial field (Eqs S1). Dissolved oxygen 
277 was modeled as a breakpoint function (Eq. S3). We focus on a breakpoint model of oxygen (see 
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supplement 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). 

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 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 
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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 
(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 (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 (Figure S3C), while the California Current was more consistently 
covered (Figure S3A). The concurrent bottom trawl dissolved 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 (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 
(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 (Figure S3), 
salinity, temperature, year, or day-of-year (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 dif    fered 
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 (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   �mol kg-1 higher than the integrated 
predictions in each region (T  able 3).   

Table  3.  Overall  root  mean  squared  error  (RMSE)  of  predictions  empirical  statistical  predictions  of  bottom di ssolved 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 
�mol  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 R MSE.  

   California   British Columbia    Gulf of Alaska   Eastern Bering  Aleutian Islands  
 Current  Sea 

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

 l  l  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 a
Em

pi
ri

c a
tic  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 s

St
at

i 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 
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368 Application to fish distribution model  

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 ef  fects 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 ef fect was detected regardless of the oxygen data type (Figure 6).    
However, the estimated threshold of this ef fect 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  �mol kg-1, but 56.14 ±  69 �mol  
kg-1  when using empirical statistical predictions, and 73.6  ±  60.9  �mol kg-1  from the  
oceanographic model (Table S2). For Dover sole in British Columbia, the estimated threshold  
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was 22.7  ± 111.9 �mol kg-1 for the in situ data, 38.6 ± 114 �mol kg-1 for empirical statistical 
predictions, and 54.9 ± 130.8 �mol 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 (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) (Figure S8). The differences in the oxygen values between 
data sources is therefore impacting threshold estimation. 

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. 
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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 �mol 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 �mol 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, 
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. 
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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 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. 
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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. 
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Using empirical statistical predictions or GOBH to fill in missing observations and expand the 
amount of data for distribution modeling did 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 
�mol kg-1) and estimated loss-of-equilibrium for sablefish of 16 �mol kg-1 (at 12 C; pO2, crit of 44 
�mol 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 �mol kg-1.Claireaux 
et al., 2000) or Doryteuthis squid (51-68 �mol 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. 
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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 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 
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645

612 observations at bottom depths are less widely available (Wang et al., 2024); for instance, 
613 satellites do not detect bottom oxygen, and only a subset of Argo floats measure dissolved 
614 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 
616 long-term, historical reconstructions of subsurface environmental conditions will improve 
617 oceanographic modeling outputs (Breitburg et al., 2018). Collecting dissolved oxygen data 
618 concurrently requires time and financial resources that may be limited with possible declining 
619 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 
621 environmental conditions at an ecologically relevant resolution, validating oceanographic 
622 outputs, and expanding coverage with predictions from empirical statistical approaches. 

623 There is a growing need to bridge the gap between the methods and priorities of oceanographic 
624 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 
626 oceanographic outputs for the resolution of biological sampling. We provide guidance on 
627 operationalizing in situ and oceanographic model outputs to be applicable to fisheries data and 
628 methods. In our case studies, relying on only in situ data or only an oceanographic output would 
629 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 
631 time period. We suggest greater attention to evaluating model sensitivity, quantifying uncertainty, 
632 and testing robustness of conclusions to environmental data inputs. We focused on bottom 
633 dissolved oxygen because it is less available in marine biological surveys and more difficult to 
634 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 
636 phytoplankton. We also encourage the fisheries research community to develop standardized 
637 techniques for how environmental data (whether in situ or from oceanographic output) are 
638 processed in spatial models to facilitate comparison across systems. 

639 
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650 

651 Figure 1. The trade-off between spatiotemporal coverage and resolution in oxygen data options 
652 for species distribution modeling. A) There are inter- and intra-annual gaps in oxygen data 
653 coverage of fish catch surveys. Number of observations from bottom trawl surveys (black) in the 
654 California Current (the NOAA Northwest Fisheries Science Center West Coast Bottom Trawl 
655 Survey), British Columbia (the Department of Fisheries and Oceans Canada West Coast 
656 Concurrent Trawl Surveys), the Gulf of Alaska and Eastern Bering Sea (NOAA Alaska Fisheries 
657 Science Center Gulf of Alaska and Eastern Bering Sea Bottom Trawl Surveys), and the number 
658 of trawls with in situ oxygen observations available (grey). B) The spatiotemporal resolution 
659 mismatch between oceanographic model output and fish catch surveys. Example of fish catch 
660 survey locations for a section of the West Coast Bottom Trawl Survey in the California Current 
661 in 2012) (blue points) and the Global Ocean Biogeochemistry Hindcast grid points (orange 
662 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) (�mol 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 �mol 
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). 
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Figure 5. A) Predicted bottom dissolved oxygen and observed bottom dissolved oxygen in �mol 
kg-1 (in situ observations withheld from training data) for an example year and region, the 
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 (�mol kg-1) for the predictions versus 
observations from each. 
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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 
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 



 

 

   
  

     
      

  

  

  

  

  
  

 
 

  
  

  

  

715 regardless of data source. Conditional effects were calculated with depth effects set to 0 m, year 
716 at a reference year (2012 in California Current and 2019 in British Columbia), and no random 
717 effects. Population density (unscaled units of biomass kg km-2) is shown scaled to the maximum 
718 value of the conditional effect on biomass density (i.e. 1) in each species and region. 

719 

720 

721 

722 

723 Figure 7. Trawl locations where dissolved oxygen conditions were estimated to be suitable 
724 (blue, no effect on fish density) and unsuitable (red, a reducing effect on fish density) for one 
725 example year (2023) for a case study species and region, sablefish in the California Current, 
726 using the estimated threshold from the dissolved oxygen breakpoint model fit to dissolved 
727 oxygen data from the different data sources: (left) concurrent in situ observations only, (center) 
728 predictions from the empirical statistical model, and (right) oceanographic model output, from 
729 the Global Oceanographic Biogeochemistry Hindcast. 

730 



 

 

  

   
    

 
  

   
  

  
  

  

731

732
733
734
735
736
737
738
739
740

Figure 8. Dissolved oxygen (�mol 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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