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Species distribution models (SDMs) were used in this study to estimate the future distributions of California Current species under climate change. These SDMs come from a variety of sources and varying methods, depending on the type of species analyzed. Below, each group of SDMs is described, including how SDM outputs were translated into the Atlantis model itself. Table A3.1 (this Appendix) summarizes the model basis, source, and resolution of SDMs for each functional group.

Groundfish SDMs

SDMs were fitted for 24 Atlantis functional groups that appear in the West Coast Bottom Trawl Survey data (see below). If a functional group included more than one species (e.g., the group “shallow small rockfish” includes gopher, greenstriped, and stripetail rockfish), all species data were pooled before model fitting. The SDMs described here are an expansion of the ensemble SDMs described in detail in Liu et al. (2023).

Data sources

Data on demersal species occurrence and density used in the models comes from the West Coast Bottom Trawl Survey (WCBTS), a long-term, standardized trawl survey conducted by NOAA’s Northwest Fisheries Science Center (Keller et al. 2017). Although other trawl surveys have existed in some form since the late 1970s, the WCBTS has used consistent sampling gear, spatial sampling protocols, and methods annually since 2003 to assess species’ abundances, size structure, and age composition with a random stratified design. The SDMs used observed catch-per-unit-effort (CPUE, in kg/km2) from the trawl survey for each species (or pooled species for multi-species Atlantis functional groups), where effort is defined as area swept by the survey gear.

Environmental covariate data used in the SDMs were extracted from the downscaled GLORYS-ESM products described in Appendix 2. Specifically, each model was fitted to the GLORYS hindcast data for bottom temperature and dissolved oxygen, then projected under the three alternative, delta-downscaled Earth System Models (i.e., GLORYS-GFDL, GLORYS-IPSL, and GLORYS-HAD).

Model building

We used the R package sdmTMB (Anderson et al., 2022) to construct SDMs and make ensemble predictions of future spatial distributions for Atlantis demersal species. The sdmTMB package implements the Stochastic Partial Differential Equation (SPDE) approach (Lindgren et al. 2011) to approximating spatial Gaussian random fields as developed in the Integrated Nested Laplace Approximation R package (INLA; Lindgren et al 2015). sdmTMB fits the models with maximum marginal likelihood through Template Model Builder (TMB; Kristensen et al. 2016). We constrained the spatial domain for both SDM fitting and projection to the overlap between the Atlantis model domain and the spatial extent of the WCBTS. We fit SDMs to WCBTS data for the years 2003-2019, which spans the overlapping period between the beginning of current methods in the trawl survey (2003-present) and the end of the GLORYs hindcast oceanographic data.

We fit four alternative SDMs to WCBTS data from each functional group. All models were generalized linear mixed models (GLMMs). Our four alternative model configurations included models with and without an estimated latent spatial field, and covariates (bottom oxygen, bottom temperature) modeled either as a quadratic function or as a smooth (spline) function. Ideally, environmental covariates would explain nearly all variation in the data; however, as some biological processes may not be perfectly represented with oxygen and temperature, the latent spatial field represents additional variation in density not explained by these covariates. Additional model complexity, such as spatiotemporal variation, or temporal covariates (e.g., fixed effects by year or autoregressive terms) are possible in sdmTMB, but were not used in fitting because of difficulties in projecting these effects many years in the future.

We visualized and quantified model fit using relative log-likelihood and by visually inspecting randomized quantile residual plots (Dunn and Smythe 1996). We then quantified the predictive ability of each model for each functional group by splitting data into a test and training set and using the test set to compute the predictive density. Test and training partitions were generated by assigning 10 percent of observations randomly to the test set, ignoring effects of space and time (but using the same data splits for a given functional group across the four models). After fitting the model to the training data, the total predictive density for each model was calculated as the product of likelihoods for the test set. Then, these total predictive densities across models were then used to generate ensemble predictions, using a likelihood-based stacking approach from the Bayesian literature, described in Yao et al. (2018). This approach uses optimization to assign a weight to each of the four models that maximizes the summed, total predictive density.

Projecting species distributions

We made ensemble CPUE (i.e., biomass density) predictions using the optimized model weights, projected onto annual bottom temperature and bottom oxygen fields extracted from the GLORYS-GFDL, GLORYS-IPSL, and GLORYS-HAD model projections (years 1980-2100). In the projections, environmental data included July mean bottom temperature and oxygen from the oceanographic projections for each prediction location, representing approximately the midpoint of the trawl survey season. Using these July means, we made one ensemble prediction for each functional group per location per year.

Finally, SDM outputs were translated from the gridded GLORYS domain onto the Atlantis box structure using a simple spatial join of points-to-polygons. For each projection year, the mean biomass density within each Atlantis box was calculated by taking an average across all GLORYS points falling within each box. Then, the biomass density was multiplied by the area of each box and divided by the total biomass across all boxes to obtain the final measure of proportional biomass per Atlantis box per year. These proportional distributions were the final product used to force groundfish distributions for the Spatial Shift and GLORYS- scenarios described in the main text.

CPS SDMs
Data sources
We used fishery-independent survey data to construct all Species Distribution Models (SDMs). SDMs for adult stages of Pacific sardine, northern anchovy, Pacific herring, Pacific mackerel, and jack mackerel were constructed using data from the NOAA Southwest Fisheries Science Center trawl surveys (2003 – 2021) and the Columbia River Predator trawl surveys (1998 – 2012). These surveys used a Nordic 264 trawl net towed near the surface at night, at a target speed of 3.5 – 4.0 knots (Emmett et al. 2006; Zwolinski and Demer, 2012; Zwolinski et al., 2012). The Southwest Fisheries Science Center surveys sampled between March and October, with most effort concentrated between April and August, while the Columbia River Predator surveys sampled between April and August, with the majority of effort between May and August. SDMs for pelagic juvenile and adult stages of market squid used combined data from juvenile salmon surveys conducted by the NOAA Northwest Fisheries Science Center and Southwest Fisheries Science Center (1998 - 2019). Salmon surveys use a 264 Nordic rope trawl towed near the surface during the day, and commonly catch market squid. Following Chasco et al. (2022), we excluded trawls where a downward-facing marine mammal excluder device was fitted, as this reduced squid catches and thus likely impacted probability of occurrence.
Environmental covariates included SST from the NOAA 0.25° Daily Optimum Interpolation Sea Surface Temperature (OISST) product, version 2.1 (Reynolds et al. 2007; Huang et al. 2021), and surface chlorophyll a (natural log transformed) from the Global Ocean Colour (Copernicus-GlobColour) L4-processed product (Garnesson et al. 2019; Colella et al. 2022), which is available from the Copernicus Marine Service (doi: https://doi.org/10.48670/moi-00281). This dataset combines global ocean color observations from sensors including SeaWiFS, MODIS and MERIS, which are then reprocessed and interpolated to remove gaps caused by cloud cover. Full details on processing and quality assessment are documented at https://doi.org/10.48670/moi-00281. Chlorophyll was extracted at daily, 0.25° resolution. An additional predictor describing distance from the North American west coast was also included (via the geosphere package in R: Hijmans 2021). This was the only spatiotemporal predictor included in the SDMs. Lastly, we included moon phase as % of the moon illuminated, which can impact catchability of mobile marine animals at night. For Pacific herring only, an additional predictor describing the distance to the nearest major river (> 50,000 cubic feet per second mean discharge) was included in SDMs. This was necessary as Pacific herring are strongly associated with coastal waters in and around estuaries, but a reliable predictor of surface salinity was not available for a sufficient length of time for SDM training.
Model training
We trained and validated SDMs using presence/absence observations. The available survey data were split 50/50 into a model training and model testing set. We built SDMs using Generalized Additive Models fitted using a boosting algorithm based on component-wise base-learners, constructed in the mboost R package (Hothorn et al. 2021; R Core Team, 2021). These base-learners can allow constraining the shapes of partial responses to avoid biological unreasonable extrapolation (e.g. Citores et al. 2020). For this study, we constrained only the partial responses for SST and distance from shore, and set the base-learners to be concave. To further constrain these SDMs under extrapolation, we also added “dummy” survey locations to the training dataset only. These are locations selected to be outside the thermal (or geographic) ranges of the species of interest, and are included as negative observations in SDMs. Inclusion of dummy observations can help to force environmental response curves to approach zero when conditions exceed known physiological limits (e.g., see Muhling et al. 2017). This approach requires accurate knowledge of species physiological and geographic limits in order to produce biologically realistic predictions and projections. We used published studies of physical tolerances in the laboratory as well as field observations (e.g., Pribyl et al. 2016 for sardine, Brewer et al. 1976 for anchovy, Raymond 1989 for herring, Schaefer 1986 for Pacific mackerel, Vidal & Boletzky 2014 for market squid) to define dummy locations, and confirmed these using observations of overall ranges e.g., from The Global Biodiversity Information Facility (GBIF 2023). We then extracted the same environmental predictors described above for each. For each species, we included 250 warm and cold dummy locations in the training dataset, and then manually checked partial responses to SST in the final model to ensure that modeled predictions were consistent with ecological knowledge. We assessed model skill using the Area Under the Receiver Operating Characteristic curve (AUC) against the withheld test dataset (which did not include any dummy locations).
Projecting species distributions
Probabilities of occurrence for each CPS were calculated using monthly sea surface temperature and surface chlorophyll fields extracted from the GLORYS-GFDL, GLORYS-IPSL, and GLORYS-HAD model projections (years 2006-2100). Distance from shore did not change for the projected versus historical time-period, and moon phase was held constant. As CPS observations were collected across more months of the year than groundfish, SDM predictions were output for all months of the year, for each species, at 0.25 degree resolution.

CPS SDM outputs were translated from the gridded GLORYS domain onto the Atlantis box structure using a simple spatial join of points-to-polygons. For each projection month, the mean probability of occurrence within each Atlantis box was calculated by taking an average across all GLORYS points falling within each box. Then, the relative probability of occurrence in each box was calculated per Atlantis box per month. These relative probabilities comprised our measure of proportional distributions that were the final product used to force distributions of coastal pelagic species for the Spatial Shift and GLORYS- scenarios described in the main text.


Large Pelagic Species SDMs

SDMs were adopted from Lezama-Ochoa et al. 2024 for the following functional groups: Large pelagic predators, bluefin tuna, pelagic sharks, California sea lions, baleen whales, toothed whales, and dolphins. Lezama-Ochoa et al. 2024 produced climate projections under the same 3 ESMs as our Atlantis model, using SDMs previously reported in other publications (Becker et al. 2020, Brodie et al. 2018, Welch et al. 2019).

Data Sources

Data on highly migratory species occurrence comes from a variety of sources (Lezama-Ochoa et al. 2024), including NOAA fisheries observer data for harvested sharks, satellite tracking data for California sea lion, and line-transect sightings data for whales and dolphins.

Model Training

Models for highly migratory species all fall into the class of Boosted Regression Tree (BRT) models of presence-absence data, using a variety of physical environmental variables such as sea surface temperature, sea surface height, current velocity, eddy kinetic energy, etc. to estimate species’ probabilities of occurrence. See Lezama-Ochoa et al. 2024, Becker et al. 2020, Brodie et al. 2018, and Welch et al. 2019 for details on each particular species model.

Projecting species distributions

Similar to the SDMs for CPS, probabilities of occurrence for each group were projected within the California Current domain. Lezama-Ochoa et al. 2024 produced daily projections for each study species for the period 1980-2100. Daily values were averaged in each spatial cell in each year for translation into Atlantis.

SDM outputs were translated from the gridded outputs from Lezama-Ochoa et al. onto the Atlantis box structure using a simple spatial join of points-to-polygons. For each projection year, the mean probability of occurrence within each Atlantis box was calculated by taking an average across all SDM points falling within each box. Then, the relative probability of occurrence in each box was calculated per Atlantis box per year. These relative probabilities comprised our measure of proportional distributions that were the final product used to force distributions of these large pelagic species.


Seabird Species SDMs

Seasonal distributions for the seabird functional groups in our model were adapted from Lierness et al. (2021), who used seabird sightings data from 21 separate survey datasets to produce seasonal SDMs for a large number of species. The study used boosted generalized additive models as its statistical approach, and included a large variety of physical variables to predict spatial density of each seabird species (Table 2.5 in Lierness et al. 2021). The seabird models were projected on a 2-km resolution grid.

Full details of the modeling approach are given in Lierness et al. 2021. For the purposes of building our Atlantis model, we extracted seasonal (spring, summer, fall, winter) seabird distribution data from Lierness et al. for the species comprising each Atlantis seabird functional group (Table S1.1). We then matched those data to our Atlantis boxes and averaged their values within each box as described above for the other SDMs. These relative densities comprised our measure of proportional distributions that were the final product used to force distributions of seabirds.

Notably, the seabird models are not projected. Instead, they are organized as seasonal distributions, which distinguishes them from some other SDMs used in Atlantis (Table A3.1). Therefore, seabirds in our model undergo seasonal distribution shifts, but their seasonal distributions are the same in each projected model year.

Table A3.1. Species distribution models incorporated into the California Current Atlantis model. All functional groups in the model are listed, with descriptors for whether or not a group has an SDM, the temporal resolution of the original SDM, and the model or data from which the SDM was derived.
	Functional Group
	Code
	SDM?
	Projected?
	Temporal Resolution
	Model Basis

	Dover sole
	FDP
	Yes
	Yes
	Annual
	Liu et al. 2023

	Canary rockfish
	FPO
	Yes
	Yes
	Annual
	Liu et al. 2023

	Shortbelly rockfish
	FVV
	Yes
	Yes
	Annual
	Liu et al. 2023

	Cowcod
	SHC
	Yes
	Yes
	Annual
	Liu et al. 2023

	Yelloweye rockfish
	YEL
	Yes
	Yes
	Annual
	Liu et al. 2023

	Black rockfish
	BRF
	Yes
	Yes
	Annual
	Liu et al. 2023

	Myctophids
	FBP
	Yes
	Yes
	Annual
	Liu et al. 2023

	Deep demersal fish
	FDD
	Yes
	Yes
	Annual
	Liu et al. 2023

	Deep small rockfish
	FDC
	Yes
	Yes
	Annual
	Liu et al. 2023

	Deep large rockfish
	FDO
	Yes
	Yes
	Annual
	Liu et al. 2023

	Darkblotched rockfish
	DAR
	Yes
	Yes
	Annual
	Liu et al. 2023

	Small flatfish
	FDF
	Yes
	Yes
	Annual
	Liu et al. 2023

	Shallow miscellaneous fish
	FDE
	Yes
	Yes
	Annual
	Liu et al. 2023

	Midwater rockfish
	FDS
	Yes
	Yes
	Annual
	Liu et al. 2023

	Bocaccio
	BOC
	Yes
	Yes
	Annual
	Liu et al. 2023

	Pacific Ocean perch
	POP
	Yes
	Yes
	Annual
	Liu et al. 2023

	Shallow small rockfish
	FDB
	Yes
	Yes
	Annual
	Liu et al. 2023

	Shallow large rockfish
	SHR
	Yes
	Yes
	Annual
	Liu et al. 2023

	Pacific hake
	FMM
	Yes
	Yes
	Annual
	Liu et al. 2023

	Sablefish
	FMN
	Yes
	Yes
	Annual
	Liu et al. 2023

	Large piscivorous flatfish
	FVD
	Yes
	Yes
	Annual
	Liu et al. 2023

	Arrowtooth flounder
	ARR
	Yes
	Yes
	Annual
	Liu et al. 2023

	Petrale sole
	PET
	Yes
	Yes
	Annual
	Liu et al. 2023

	Large demersal predators
	FVS
	Yes
	Yes
	Annual
	Liu et al. 2023

	Large pelagic predators
	FVT
	Yes
	Yes
	Monthly
	Lezama-Ochoa et al., 2023

	Albacore_tuna
	ALB
	Yes
	Yes
	Seasonal
	Muhling et al. unpubl. data, based on Muhling et al. 2019

	Bluefin_tuna
	BLF
	Yes
	Yes
	Monthly
	Lezama-Ochoa et al., 2023

	Mackerel
	FPL
	Yes
	Yes
	Monthly
	Muhling et al. 2020, Muhling et al. 2019, Muhling unpubl. data

	Jack mackerel
	JAC
	Yes
	Yes
	Monthly
	Muhling et al. 2020, Muhling et al. 2019, Muhling unpubl. data

	Small planktivorous fish
	FPS
	No
	N/A
	
	

	Sardines
	SAR
	Yes
	Yes
	Monthly
	Muhling et al. 2020, Muhling et al. 2019, Muhling unpubl. data

	Anchovies
	ANC
	Yes
	Yes
	Monthly
	Muhling et al. 2020, Muhling et al. 2019, Muhling unpubl. data

	Pacific herring
	HER
	Yes
	Yes
	Monthly
	Muhling et al. 2020, Muhling et al. 2019, Muhling unpubl. data

	Chinook salmon
	FVB
	No
	N/A
	
	

	Demersal sharks
	SHD
	No
	N/A
	
	

	Small demersal sharks
	SHB
	No
	N/A
	
	

	Spiny dogfish
	DOG
	No
	N/A
	
	

	Mammal eating sharks
	SHM
	No
	N/A
	
	

	Pelagic sharks
	SHP
	Yes
	Yes
	Annual
	Lezama-Ochoa et al. 2024

	Skates and rays
	SSK
	No
	N/A
	
	

	Pinnipeds
	PIN
	No
	N/A
	
	

	California sea lions
	CSL
	Yes
	Yes
	Annual
	Lezama-Ochoa et al. 2024

	Harbor seals
	HSL
	No
	N/A
	
	

	Transient orcas
	REP
	No
	N/A
	
	

	Baleen whales
	WHB
	Yes
	Yes
	Annual
	Lezama-Ochoa et al. 2024

	Gray whales
	GRA
	No
	N/A
	
	

	toothed Whales
	WHT
	Yes
	Yes
	Annual
	Lezama-Ochoa et al. 2024

	Resident orcas
	ORC
	No
	N/A
	
	

	Dolphins
	WHS
	Yes
	Yes
	Annual
	Lezama-Ochoa et al. 2024

	Sea otters
	WDG
	No
	N/A
	
	

	Migrating birds
	FVO
	Yes
	No
	Seasonal
	Leirness et al. 2021

	Brown pelican
	BP
	Yes
	No
	Seasonal
	Leirness et al. 2021

	Seabirds (pelagic feeders)
	SB
	Yes
	No
	Seasonal
	Leirness et al. 2021

	Seabirds (benthic and pelagic feeders)
	SP
	Yes
	No
	Seasonal
	Leirness et al. 2021

	Benthic Carnivore
	BC
	No
	N/A
	
	

	Deposit feeders
	BD
	No
	N/A
	
	

	Stony corals
	TCR
	No
	N/A
	
	

	Black corals
	BCR
	No
	N/A
	
	

	Deep benthic filter feeder
	BFD
	No
	N/A
	
	

	Soft corals
	SCR
	No
	N/A
	
	

	Shallow benthic filter feeders
	BFS
	No
	N/A
	
	

	Bivalves
	BFF
	No
	N/A
	
	

	Benthic herbivorous grazers
	BG
	No
	N/A
	
	

	Nearshore sea urchins
	NUR
	No
	N/A
	
	

	Pandalid shrimp
	PSP
	No
	N/A
	
	

	Crangon shrimp
	PWN
	No
	N/A
	
	

	Sea stars moonsnail whelk
	BMD
	No
	N/A
	
	

	Octopus
	BMS
	No
	N/A
	
	

	Crabs
	BML
	No
	N/A
	
	

	Dungeness crab
	DUN
	No
	N/A
	
	

	Squid
	CEP
	No
	N/A
	
	

	Market squid
	MSQ
	Yes
	Yes
	Monthly
	Muhling et al. 2020, Muhling et al. 2019, Muhling unpubl. data

	Humboldt squid
	HSQ
	No
	N/A
	
	

	Gelatinous zooplankton
	ZG
	No
	N/A
	
	

	Large zooplankton
	ZL
	No
	N/A
	
	

	Mesozooplankton
	ZM
	No
	N/A
	
	

	Pteropods
	PTE
	No
	N/A
	
	

	Microzooplankton
	ZS
	No
	N/A
	
	

	Large phytoplankton
	PL
	No
	N/A
	
	

	Small phytoplankton
	PS
	No
	N/A
	
	

	Seagrass
	SG
	No
	N/A
	
	

	Macroalgae
	MA
	No
	N/A
	
	

	Microphytobenthos
	MB
	No
	N/A
	
	

	Coccolithophore
	COC
	No
	N/A
	
	

	Benthic bacteria
	BB
	No
	N/A
	
	

	Pelagic bacteria
	PB
	No
	N/A
	
	

	Meiobenthos
	BO
	No
	N/A
	
	

	Carrion
	DC
	No
	N/A
	
	

	Labile detritus
	DL
	No
	N/A
	
	

	Refractory detritus
	DR
	No
	N/A
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