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A B S T R A C T

Euphausiids (krill) are globally significant zooplankton prey for many commercially important or endangered 
predator species. In the productive upwelling system of the Northern California Current (NCC), two krill species, 
Euphausia pacifica and Thysanoessa spinifera, dominate the preyscape and constitute an important food resource 
for many seabirds, cetaceans, and fish. In this study, we use five years of hydroacoustic and net tow data 
collected in the NCC to develop integrative models predicting acoustic backscatter scaled for E. pacifica or 
T. spinifera separately. Boosted Regression Trees and Generalized Additive Models are applied in an original 
ensemble hurdle framework to predict krill presence and abundance from a diverse set of topographic and 
oceanographic predictors. Krill metrics had significant relationships with seabed depth, distance to submarine 
canyons, and variables indicative of dynamic ocean conditions (e.g., total deviance explained in acoustic data: 
25 % in the presence-absence model & 49 % in the abundance model). Predictions of krill abundance at 5 km 
resolution averaged by month indicate differential habitat preferences between the two species: T. spinifera was 
constrained to the continental shelf, around and inshore of the 200 m isobath, whereas E. pacifica was found in 
greater abundances just offshore of the 200 m isobath and into offshore water in lower abundances. E. pacifica 
was generally more abundant than T. spinifera (10:1.3 ratio). Both species increased in abundance in the spring 
and summer, followed by a rapid decline in the fall, and lowest abundances in the winter. These models can 
produce fine-scale spatial and year-round weekly predictions of E. pacifica and T. spinifera abundance in the NCC, 
which will provide essential knowledge and new spatial layers about critical ecosystem components to support 
research and management.

1. Introduction

Zooplankton play essential roles in global marine biogeochemical 
cycles (Tovar-Sanchez et al., 2007) and pelagic food webs as they form 
an important link between primary producers and higher trophic levels 
in the ocean (Ruzicka et al., 2012). Understanding the habitat and 
environmental drivers of zooplankton spatiotemporal dynamics is 
essential for predicting the pelagic ecosystem’s response to climate 
change (Ratnarajah et al., 2023). In particular, improved knowledge of 

variation in zooplankton distribution is needed to enhance estimates of 
predator distributions and trends in managed fish stocks within a 
changing and increasingly anthropized ocean.

Euphausiids, hereafter “krill”, are important zooplankton prey in the 
California Current, an eastern boundary current flowing equatorward 
along the North American west coast (Checkley and Barth, 2009). In this 
highly productive ecosystem, krill are consumed by a variety of preda-
tors, including marine mammal and seabird species (e.g., blue whales, 
Balaenoptera musculus, and humpback whales, Megaptera novaeangliae, 
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Fossette et al., 2017; Cassin’s Aucklets, Ptychoramphus aleuticus, 
Abraham and Sydeman, 2006, 2004; Ainley et al., 1996; Sydeman et al., 
1997; Sooty shearwaters, Puffinus griseus, Chu, 1984; Santora et al., 
2012) and fish species of economic significance (Hill et al., 2015), 
including anchovies (Engraulis mordax, Brodeur et al., 1987), Pacific 
sardines (Sardinops sagax, Emmett et al., 2005; Hand and Berner, 1959), 
Chinook and Coho salmon (Brodeur et al., 1987; Sabal et al., 2020; 
Thayer et al., 2014), Pacific hake (Merluccius productus, (Bizzarro et al., 
2017; Buckley and Livingston, 1997), and several species of rockfish 
(Lee and Sampson, 2009). Several studies investigated the co-occurrence 
patterns of krill and their predators in the California Current (Bliss et al., 
2024; Cimino et al., 2020; Croll et al., 2005; Kaplan et al., 2024; Phillips 
et al., 2023; Rockwood et al., 2020; Santora et al., 2012, Santora et al., 
2011) and emphasized the value of ecosystem approaches to inform 
management of essential habitats for both predators and prey. However, 
krill data is seldom available at the appropriate spatio-temporal scale for 
inclusion in predator distribution models (Derville et al., 2022). As a 
result, these models often rely on proxy relationships with environ-
mental predictors due to the absence of prey data (Redfern et al., 2006).

In the California Current, two krill species are dominant: (1) 
Euphausia pacifica, which is the more abundant but smaller-sized species 
compared to (2) Thysanoessa spinifera that is a more energetically prof-
itable species to predators due to their larger body size and higher lipid 
density (Fisher et al., 2020). The two species overlap in range (Brinton, 
1962) and their abundance has been linked to seabed topographic fea-
tures such as submarine canyons (Santora et al., 2018) and the conti-
nental shelf break, delineated by the 200 m isobath (Rockwood et al., 
2020; Santora et al., 2011). These two krill species also show distinct 
habitat preferences in terms of seabed depth: T. spinifera tends to occur 
over the continental shelf (bottom depth ~ 0–200 m), while E. pacifica 
also expands to the shelf break (~ 200 m), the continental slope (~ 
200–500 m; as defined in Phillips et al., 2022), and the outer-shelf (>
500 m); Brinton, 1962; Cimino et al., 2020; Dorman et al., 2023; Gómez- 
Gutiérrez et al., 2005; Santora et al., 2012). As predators are known to 
adapt their distribution and behavior based on prey availability (e.g., 
humpback whales, Fleming et al., 2016), and to select specific prey 
species based on energetic content (e.g., blue whales target T. spinifera, 
Nickels et al., 2018), understanding the spatiotemporal distribution 
patterns of these two krill species with seasonally varying lipid densities 
(Fisher et al., 2020) may provide greater insights into the predator 
distributions and locations and times of the year where lipid-rich prey 
may be encountered.

Krill distributions are inherently patchy and dynamic both spatially 
and temporally (Benoit-Bird et al., 2019). They form discrete aggrega-
tions and undergo diel vertical migration (Bollens et al., 1992; Brinton, 
1967, 1962), a behavior that balances predator avoidance at depth 
during the day and access to foraging opportunities near the productive 
surface mixed layer at night. While krill abundance was shown to peak a 
few months after the onset of seasonal wind-driven upwelling (July- 
October in Monterey Bay, Croll et al., 2005), their spatial distribution is 
dissociated from upwelling centers where strong currents occur, and 
associated instead with retention zones where krill, and presumably 
their phytoplankton prey, are retained by eddies and slower currents 
(Dorman et al., 2015b; Santora et al., 2011). Indeed, variable oceano-
graphic conditions are important drivers of local krill abundance 
(Fiechter et al., 2020). Krill reproductive development, cross-shore and 
alongshore distribution, and biomass varies in response to basin-scale 
climatic oscillations, such as the Pacific Decadal Oscillation (PDO) and 
the El Niño Southern Oscillation (ENSO; Brinton and Townsend, 2003; 
Peterson et al., 2017; Santora et al., 2017). During negative (cool) 
phases of the PDO, T. spinifera are more abundant and found closer to 
shore compared to positive phases of the PDO (Shaw et al., unpublished 
data). Warmer conditions found during El Niño years, positive PDO 
phases, and extreme marine heatwaves also result in lower krill abun-
dance and biomass (Brinton and Townsend, 2003; Peterson et al., 2017). 
For example, E. pacifica and T. spinifera individuals were significantly 

smaller during the 2014–2016 Northeast Pacific marine heatwave 
(Killeen et al., 2022; Robertson and Bjorkstedt, 2020). Therefore, un-
derstanding how the distribution and abundance of these important prey 
species varies seasonally, inter-annually, and in relation to environ-
mental variability is needed to inform predictions of the impact of 
environmental change on higher trophic levels.

The importance of krill in the California Current ecosystem has 
driven many efforts to quantify variation in their alongshore and 
interannual abundance patterns, and to relate this variation to envi-
ronmental conditions (Cimino et al., 2020; Dorman et al., 2015a; Phil-
lips et al., 2022; Rockwood et al., 2020; Santora et al., 2012, 2011). 
These modeling efforts often capitalize on continuous underway active 
hydroacoustic data that can provide estimates of krill abundance within 
the water column over large spatial areas during routine fisheries sur-
veys (e.g., Phillips et al., 2022; Rockwood et al., 2020; Santora et al., 
2011). While these acoustic methods allow quantification of krill 
abundance over much larger spatial areas, and often throughout deeper 
water depths, than traditional net sampling, they are often unable to 
discriminate species-specific acoustic signals due to the overlapping 
frequency response of E. pacifica and T. spinifera. Given the distinct 
distribution patterns and energetic quality between these krill species, 
there are important ecological insights to be gained by separating these 
two species in quantitative models. For example, Cimino et al., (2020)
found that species-specific krill abundance predictions of E. pacifica and 
T. spinifera based on catch per unit of effort from net hauls outperformed 
the combined species krill model, emphasizing the importance of 
separating these species and modeling their distributions independently 
in relation to environmental drivers. More recently, Dorman et al., 
(2023) modeled the distribution of E. pacifica and T. spinifera from net 
samples relative to bathymetry to estimate the proportion of the back-
scatter attributable to each species and investigated temporal variation 
in species-specific biomass in the central California Current. These 
species-specific approaches provide promising avenues to more accu-
rately assess the distribution and availability of bioenergetics available 
to higher trophic levels.

In this study, we expand upon and innovate from prior predictive 
krill models to assess year-round distribution patterns of E. pacifica and 
T. spinifera in the Northern California Current (NCC) from both hydro-
acoustic and net tow data. Past modelling efforts with a spatio-temporal 
predictive aim utilized krill data collected in central California and 
during spring (Cimino et al., 2020), which limits robust extrapolation to 
other seasons and regions of the California Current. Here, we predict 
species-scaled acoustic backscatter (Nautical Area Scattering Coeffi-
cient, NASC) using five years of in situ hydroacoustic and plankton net 
tow data collected in the NCC over 10 degrees of latitude. Krill presence/ 
absence and abundance or biomass of krill are modeled separately with 
a hurdle modeling framework that is suited for zero-inflated data (Cragg, 
1971). Hurdle models are two-part models that first model the proba-
bility of observing a zero, then model the probability of the non-zero 
positive values. Our framework incorporates best practices in species 
distribution modeling, including careful choice of topographic and dy-
namic environmental predictors, use of two different statistical algo-
rithms recognized for their predictive performance (Generalized 
Additive Models, GAMs; and Boosted Regression Trees, BRTs), blocked 
cross-validation, and validation of predictions with an external dataset. 
This comprehensive and integrative framework is described in detail to 
allow reproducibility and application to other regions and prey species 
that can be detected through hydroacoustics and captured in nets. We 
calculate multiple evaluation metrics to assess model performance. We 
inspect predictions to evaluate three paradigms of krill distribution in 
the NCC in the current literature: 1) Do monthly predictions follow a 
seasonal trend of increased abundance (using NASC as a proxy) or 
biomass after the onset of the upwelling season? 2) Do average spatial 
predictions show a general association of krill with the continental shelf, 
shelf break, and slope? and, 3) Is T. spinifera predicted to be less abun-
dant and more restricted to the continental shelf compared to E. pacifica? 
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Upon validation of our models through answers to these questions, our 
fine-scale and year-round weekly predictions of E. pacifica and 
T. spinifera species-scaled NASC will provide ecological insight and an 
important tool for scientists and managers of the NCC region to enhance 
assessments of the distribution of commercially important or endan-
gered predator species.

2. Material and methods

2.1. Study area and period

Krill hydroacoustics data and net tow samples were collected during 
10 research surveys between 2018 and 2022 (hereafter “NCC surveys”) 
conducted in the NCC aboard the NOAA Ship Bell M. Shimada (Table S1). 
These surveys were conducted in February, May, and September, along 
east–west transects and transits between La Push, WA to Crescent City, 
Trinidad, or San Francisco, CA, USA, covering the continental shelf, 
shelf break and slope along each transect, extending up to 200 nautical 
miles offshore of Newport, OR and 150 nautical miles offshore of 
Crescent City, CA (Fig. 1).

2.2. Krill data

2.2.1. Hydroacoustic data
Hydroacoustic data were collected via hull-mounted downward- 

looking Simrad EK60 (2018) and EK80 (2019–2022) narrow-band split- 

beam echosounders operating at multiple frequencies (18, 38, 70, 120, 
and 200 kHz). Data were processed using Echoview version 13.1 
(Echoview Pty Ltd, Hobart, Australia) following the workflow described 
by Kaplan et al. (2024) modified after Phillips et al., (2022). All pro-
cessing steps, including background noise removal, seafloor correction, 
and krill classification using db-differencing are described in detail in 
Kaplan et al. (2024). Acoustic data classified as krill were exported as 
integrated area backscatter (nautical-area-backscattering coefficient, sA 
or NASC, m2 nmi− 2) in 10 x 10 m bins from 30 m below the water surface 
to 300 m water depth, in order to account for surface noise and the near- 
field range of the 38 kHz echosounder, and the decreased signal-to-noise 
ratio with depth for the 120 kHz frequency. Acoustic data were not 
retained for analysis when the vessel speed dropped below 5 knots. We 
considered NASC a relative index of abundance and a proxy for krill 
biomass within this depth range.

Nighttime NASC data were filtered out as the diel vertical migration 
of krill to the surface mixed layer results in the disappearance of part of 
the krill acoustic signal above the echosounder’s range. Although krill 
can also be found at the surface during the day (Endo, 1984; Smith and 
Adams, 1988), we considered the daytime NASC to be more represen-
tative of krill abundance. The daytime NASC data (one hour after sunrise 
to one hour before sunset) were therefore summed through the water 
column and averaged daily over grids of 5 km resolution (Fig. 1a).

2.2.2. Bongo net tow data
Krill were collected at night and dusk at long-term, established 

Fig. 1. Maps of study area and a) total krill NASC calculated along transects and aggregated in 5 km resolution grids (daily data are overlayed), b) E. pacifica biomass 
and c) T. spinifera biomass estimated from bongo net tows conducted at discrete stations of the NCC surveys along the US West Coast. Maps display data from multiple 
surveys conducted across five years (2018–2022). Land is shown in dark gray. Isobaths (200 m, 500 m, 1000 m, and 1,500 m deep) are represented with gray lines.

S. Derville et al.                                                                                                                                                                                                                                 Progress in Oceanography 231 (2025) 103388 

3 



stations (Figure S1, Table S1) by towing a bongo net with a mouth 
diameter of 0.6 m and 335 µm mesh obliquely through the upper 100 m 
of the water column. The samples were preserved in 5 % buffered 
formalin and later processed in the lab where the samples were split 
using a Folsom splitter. Krill were individually measured and identified 
to species and developmental stage (juvenile, non-reproductive adult, 
female, and male). A General Oceanics flowmeter (model 2030) 
measured the volume of water filtered from each bongo tow, which was 
used to calculate density (ind. m− 3) for each species and life history 
stage. Density was converted to biomass (mg C. m− 3) using dry weight to 
total length regressions from Fisher et al. 2020 (E. pacifica: DW = 0.0008 
* TL3.19; T. spinifera: DW = 0.004 * TL2.81) and a dry weight to carbon 
multiplier of 0.45 from (Ross, 1982). More details about the sample 
processing can be found in Fisher et al. (2020).

A complementary dataset of krill biomass from shallow bongo net 
tows was used to test and validate the modeled predictions of E. pacifica 
and T. spinifera proportions. These data were collected from bongo net 
tows conducted monthly or bi-monthly year-round since 2001 at five 
stations along the Newport Hydrographic Line (NH Line, 44.6◦N, 
Figure S1), located 9–46 km from shore (https://www.integratedecosys 
temassessment.noaa.gov/regions/california-current/newport-h 
ydrographic-line). These oblique bongo tows sampled the upper 25 m of 
the water column and were conducted at night to target krill that 
migrated into the surface mixed layer. Because of differences in depth 
used for sampling methods between the NCC and NH Line, biomass data 
are not directly comparable. However, we assumed that the relative 
proportions of E. pacifica and T. spinifera found in the NH Line tows were 
representative of the average species proportions in the water column, 
and therefore appropriate to use as validation for our modeled pre-
dictions of each krill species (but not appropriate to be combined with 
the model training dataset composed of NCC survey samples). The entire 
NH Line biomass dataset (2001–2022) was used to visually compare 
model predicted species-scaled NASC to observed biomass averaged by 
month x year, and then either by month or depth bin. The NH Line 
biomass dataset collected during this study (2018–2022) was used to 
numerically validate the predicted proportions of T. spinifera and 
E. pacifica.

2.3. Environmental data

Krill distribution was assessed with respect to topographic and dy-
namic environmental variables known to affect productivity and krill 
distribution in the central and southern California Current (Cimino 
et al., 2020; Dorman et al., 2015b; Santora et al., 2018, 2011). Bathy-
metric charts were obtained from the General Bathymetric Chart of the 
Oceans (GEBCO, 15 arc-second resolution). Depth (hereafter “DEPTH”) 
and slope (hereafter “SLOPE”) were derived from these charts. Depth 
was log-transformed to increase the contribution of the depth changes 
on the shallow continental shelf slope compared to the deeper offshore 
regions. Coastlines were obtained from the OpenStreetMap dataset 
(https://openstreetmapdata.com/data/coastlines) and used to map data 
and results. Distance to the closest submarine canyon (CANYON) was 
calculated from a worldwide geomorphological map (Harris et al., 
2014), so that results would be comparable to Santora et al., (2018). 
Dynamic variables were acquired from daily fields of the near-real time 
configuration (2011-present) of the Regional Ocean Modeling System 
(ROMS, Neveu et al., 2016) covering the California Current System from 
134◦W to the coast, and from 30 to 48◦N, with a horizontal resolution of 
0.1◦ (https://oceanmodeling.ucsc.edu:8443/thredds/catalog.html).

Eight variables were derived from ROMS to describe surface and 
subsurface ocean circulation dynamics: sea surface temperature (SST in 
◦C) and its spatial standard deviation (SSTSD; calculated over 0.3◦

squares), sea surface height (SSH in m) and its spatial standard deviation 
(SSHSD; calculated over 0.3◦ squares), eddy kinetic energy (EKE; 
calculated from eastward and northward surface current velocities, 
kg⋅m2⋅s− 2), wind stress curl (CURL in Newton⋅m− 3), isothermal layer 

depth (ILD in m) and bulk buoyancy frequency (BBV averaged over the 
upper 200 m, also known as Brunt-Väisälä frequency, in s− 1). These 
variables are good indicators of horizontal and vertical ocean mixing 
that occur during upwelling events in the spring and summer and have 
been shown to correlate with the distribution and movements of krill 
predators (e.g., blue whales, Abrahms et al., 2019; humpback whales, 
Derville et al., 2022, blue, fin, and humpback whales, Becker et al., 
2018). In addition, remotely-sensed daily chlorophyll-a (CHLA) data 
were acquired from the Aqua MODIS satellite products at 0.025◦ reso-
lution (ERDDAP: NOAA NMFS SWFSC, https://coastwatch.pfeg.noaa.go 
v/erddap/info/erdMBchla1day/index.html) to reflect primary produc-
tivity in the study system. Daily CHLA layers were averaged over 7 days 
and interpolated to fill part of the small data gaps from cloud cover with 
a focal mean calculated over a 0.075◦ square. ROMS daily layers were 
slightly extrapolated in the most nearshore waters of the study area 
where data gaps of 0.1◦ wide were filled with the average values from 
the three nearest neighboring cells. EKE and CHLA layers were log10- 
transformed following (Cimino et al., 2020). All environmental layers 
were projected in a Universal Transverse Mercator coordinate system to 
ensure accurate spatial computations within our study area (UTM 10 N) 
and rescaled to 5-km resolution.

2.4. Modeling framework

2.4.1. Hurdle framework
Krill NASC data were modeled in relation to a series of environ-

mental variables extracted at the center of each daily 5 km x 5 km cell of 
aggregated acoustic data. Krill biomass data from net samples for each 
species were similarly modeled using the same environmental variables, 
matched in space and time to each bongo net tow. For both datasets, and 
in the case of biomass for both species, the same modeling framework 
was applied (Figure S2), which consisted of two different statistical al-
gorithms (GAMs and BRTs) and for each of these methods, models were 
further decomposed with a two-step hurdle approach. With both NASC 
or biomass data, initial models set all positive values to 1, and the 
resulting presence / absence data were modeled as a binomial response. 
Second, all values equal to zero (i.e., absence of krill) were removed, and 
the resulting abundance conditional on presence was modeled with a 
Gamma distribution and log link function (GAM) or was log-transformed 
and modeled with a Gaussian distribution (BRT).

2.4.2. Statistical algorithms
GAMs (Hastie and Tibshirani, 1990) were fitted with the mgcv R 

package (version 1.8–38; Wood, 2011) using a restricted maximum 
likelihood method. We used penalized thin-plate regression splines for 
all environmental predictors, with smooth basis size limited to 5 to 
prevent overfitting. Variable selection was conducted with a shrinkage 
approach implemented in the mgcv R package, which adds an extra 
penalty to each smoother and penalizes non-significant variables to zero 
(Marra and Wood, 2011). BRTs (Friedman, 2001) were fitted with the 
gbm R package (version 2.1.8) with a custom tuning algorithm that 
iteratively runs the gbm.step function, starting with a learning rate of 
0.01 and dividing it by two until the number of trees is above 1000 
(Barlow et al., 2020). Models were fitted with an initial number of 50 
trees, a tree complexity of 2, and a bag fraction of 0.75.

2.4.3. Environmental predictors
Up to seven different combinations of environmental predictors were 

tested to identify primary drivers of krill by topographic and dynamic 
features while avoiding variable collinearity and testing the effect of 
variable transformations. As collinearity among explanatory variables is 
known to affect a model’s stability, Pearson coefficients were computed 
beforehand between each pair of variables recorded at the krill NASC 
data locations and we checked that none exceeded 0.7 (Dormann et al., 
2013, Figure S3). The “topographic” model design included only the 
three topographic variables: DEPTH, SLOPE, and CANYON. The 
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“dynamic” design included the three topographic variables, plus eight 
dynamic variables derived from ROMS: SST, SSH, SSTSD, SSHSD, EKE, 
CURL, BBV, and ILD. The “dynamic-chla” design included all of these 
eleven variables, plus the satellite-derived CHLA. The “dynamic-log-
depth” design was the same as the “dynamic” design except that DEPTH 
was log-transformed. The “topographic-logdepth” design was similar to 
the “topographic” design except that DEPTH was log-transformed and 
was tested only in the biomass model. The “dynamic-sst” design 
included log-transformed DEPTH, SLOPE, CANYON, and SST and was 
tested only in the biomass model. The “dynamic-0.6cor” design included 
a smaller selection of seven variables (DEPTH, SLOPE, SST, SSTSD, 
SSHSD, ILD, BBV) that passed a stricter collinearity test, by which none 
of these pairs of variables were correlated with a Pearson coefficient >
0.6. In all dynamic models, dynamic variables were computed at a 
weekly scale, with daily values averaged over the 7 days prior to any 
given survey day included in the data. Predictor sets are summarized in 
Table 1.

2.5. Model evaluation

Models were run with 8-fold (for krill NASC data) and 10-fold (for 
krill biomass data by species) cross-validation grouped by research 
cruise to account for the structure of the data. In turn, one of the folds 
(hence one of the surveys) was withheld for testing and evaluation while 
the other folds were used to train the model. Since winter conditions 
were only represented in the NASC data with one survey (February 
2020), this survey was not considered as a separate fold to be withheld 
and rather was always included in the training set. The percentage of 
deviance explained by each of the model runs was calculated over the 
training fold. To evaluate the binomial models of presence/absence, the 
Area Under the ROC Curve (AUC) was calculated both over the training 
data (AUC.train) and the withheld testing fold (AUC.test). To evaluate 
the abundance models, the Spearman correlation coefficient and the 
Pearson correlation coefficient between observed and predicted NASC 
or biomass were computed in the test fold. Finally, all evaluation metrics 
were averaged over the 8 or 10-fold model runs.

Functional response plots were produced for each significant envi-
ronmental predictor across folds (approximate smooth term significance 
with p-value < 0.05) to visualize the effect of one variable while all 
others were held constant at their mean. Variable importance was esti-
mated for GAMs as the number of fold runs with significance p-values 

less than 0.05, 0.01 and 0.001 and for BRTs as the relative influence 
scaled to 100. This metric reflects the number of times a predictor is 
selected for splitting and how much it improves the BRT fit (Friedman 
and Meulman, 2003).

2.6. Predicted distributions

2.6.1. Hurdle model predictions
Krill distribution was predicted from 2018 to 2022 at monthly scales 

on a 5-km resolution grid. For each month, predictions were first 
computed at a weekly scale, from the last week of the previous month to 
the third week of the month of interest. Mean predicted krill distribution 
was calculated across the four weeks, then averaged across the 8 or 10 
cross-validation runs. Whether predicting from the total krill NASC 
models or from the species-specific biomass models, the final predictions 
were obtained by multiplying the predicted probabilities of presence 
derived from the presence/absence model (i.e., continuous values ∈ [0, 
1]), with the predicted abundance derived from the abundance model (i. 
e., continuous values > 0; Phillips et al., 2022). Based on multiple 
quantitative evaluation metrics described above (AUC.train, AUC.test, 
Spearman correlation coefficient) and visual assessment of the pre-
dictions’ ecological credibility, the “optimum” model combination was 
selected for the total krill NASC models and for the species-specific 
biomass models. All possible combinations were considered, across the 
two algorithms (GAM or BRT) and the five predictor sets (topographic, 
dynamic, dynamic-logdepth, dynamic-chla, dynamic-0.6cor). An 
“ensemble” combination of models was also considered whereby the 
results of a presence/absence BRT were combined with that of an 
abundance GAM.

2.6.2. Species-scaled NASC predictions and evaluation
The final species-specific predictions of E. pacifica and T. spinifera, 

termed “species-scaled NASC”, were calculated with both the outputs of 
the krill NASC models and the krill biomass models. First, the monthly 
predictions derived from the krill biomass models were combined across 
the two species to calculate the respective proportions of E. pacifica and 
T. spinifera predicted to occur at any time and place (e.g., E. pacifica 
proportion = E. pacifica predicted biomass / (E. pacifica + T. spinifera 
predicted biomass)). At this point, the credibility of the species pro-
portions predictions were also evaluated by comparing them to monthly 
observed species proportions from the year-round NH Line bongo net 
tows. This external dataset allowed for an independent evaluation of the 
seasonal and longitudinal patterns (along the continental shelf to 300 m 
water depth) predicted by the species-specific krill biomass models. A 
Pearson correlation coefficient was used to compare observed and pre-
dicted proportions along the NH Line and NCC survey stations.

Finally, to derive monthly predictions of species-scaled NASC, the 
monthly predicted proportions of E. pacifica and T. spinifera, generated 
from the optimum species-specific krill biomass model, were multiplied 
by the monthly NASC predictions of overall krill abundance, generated 
from the optimum krill NASC model. Predicted species-scaled NASC 
were then summed by month over the study region to derive a monthly 
climatological time series of E. pacifica and T. spinifera abundance from 
2018 to 2022 to quantify seasonal differences in the occurrence of the 
two species. The same time series was also derived only along the lati-
tude of the NH Line to directly compare the temporal and cross-shelf 
trends of the modeled species-scaled NASC to the observed E. pacifica 
and T. spinifera biomass from the NH Line data. To compare trends, 
predicted and observed values were scaled to 0–100 and linear re-
gressions were conducted to compute slope coefficients.

3. Results

A total of 4,023 km of daytime krill NASC data (equivalent to 1,512 
values from 5x5 km average daily grid cells), 118 nighttime and 8 dusk 
bongo net tows from the NCC surveys, and 112 nighttime bongo net tows 

Table 1 
Predictor sets tested in the krill NASC and biomass models.

Predictor set 
name

Topographic predictors Dynamic predictors

Topographic DEPTH, SLOPE, CANYON 
Topographic- 

logdepth
Log-transformed DEPTH, 
SLOPE, CANYON



Dynamic DEPTH, SLOPE, CANYON SST, SSH, SSTSD, SSHSD, EKE, 
CURL, BBV, ILD

Dynamic- 
logdepth

Log-transformed DEPTH, 
SLOPE, CANYON

SST, SSH, SSTSD, SSHSD, EKE, 
CURL, BBV, ILD

Dynamic-chla DEPTH, SLOPE, CANYON SST, SSH, SSTSD, SSHSD, EKE, 
CURL, BBV, ILD, CHLA

Dynamic-0.6cor DEPTH, SLOPE SST, SSTSD, SSHSD, ILD, BBV
Dynamic-sst Log-transformed DEPTH, 

SLOPE, CANYON
SST

Environmental predictors are classified as topographic or dynamic: distance to 
canyons (CANYON in km), seabed depth (DEPTH in m), seabed slope (SLOPE in 
radians), sea surface temperature (SST in ◦C) and its spatial standard deviation 
(SSTSD calculated over 0.3◦ squares), sea surface height (SSH in m) and its 
spatial standard deviation (SSHSD calculated over 0.3◦ squares), log- 
transformed eddy kinetic energy (EKE calculated from eastward and north-
ward surface current velocities, kg⋅m2⋅s− 2), wind stress curl (CURL in Newton. 
m− 3), isothermal layer depth (ILD in m), bulk buoyancy frequency (BBV in s− 1) 
and satellite-derived chlorophyll-a (CHLA).
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from the NH Line stations were collected and processed across five years 
(2018–2022, Fig. 1, Figure S4). Krill NASC data ranged from 0 to 29,800 
m2nmi− 2 with a mean of 102 m2 nmi− 2 and median of 0 m2 nmi− 2 

indicating zero-inflation. E. pacifica biomass (mean 10.9 mg C m3, max 
270.0 mg C m3) captured by the tows at the NCC survey stations was 
higher than that of T. spinifera (mean 2.2 mg C m3, max 39.4 mg C m3; 
Wilcoxon rank sum test: W = 10905, p < 0.001).

3.1. Krill NASC models

3.1.1. Model selection
As our “optimum” NASC model, we selected the BRT presence/ 

absence model and the GAM abundance model of krill NASC in relation 
to the dynamic-logdepth predictors to investigate krill habitat use pat-
terns and produce monthly predicted maps of krill NASC. The BRTs 
performed consistently better than GAMs, with greater deviance 
explained in the presence/absence NASC model, whereas greater devi-
ance was explained by the GAMs for the abundance model (Table 2). The 
dynamic-logdepth model displayed the greatest deviance explained 
across the five predictor sets tested, reaching 24.5 % in the presence/ 
absence BRT model and 48.8 % in the abundance GAM model. When 
predicting to the training folds, BRTs had consistently higher AUC 
values than GAMs, whereas when predicting to the test folds, BRTs and 
GAMs had similar AUC values. This difference between training and test 
data set performance indicates a potential for slight overfitting by the 
BRTs compared to GAMs. The dynamic-logdepth models still ranked 
among the top models under this evaluation metric (BRT dynamic- 
logdepth AUC.train = 0.948, AUC.test = 0.664). Furthermore, when 
assessing the performance of the abundance model to predict krill NASC 
to the test folds, the dynamic-logdepth GAM model also marked the 
highest scores, measured by a Pearson coefficient of correlation of 0.449 
between observed and predicted values. Taken together, these perfor-
mance metrics supported our choice of an ensemble approach as the best 
model combination to proceed with.

3.1.2. Predictor influence and trends
In the BRT presence/absence model, the probability of krill NASC 

presence was predominantly driven by topographic variables: depth 
(mean influence = 17.2 %) and distance to canyons (mean influence =

12.9 %; Fig. 2a). Indeed, the probability of presence showed a peak at a 
depth of 250 m (Fig. 2b). Krill probability of presence increased in 
proximity to canyons between 0 and 100 km, as well as at very large 
distances (150–250 km). Dynamic predictors had similar contributions 
around 10 % but showed relatively consistent patterns across folds, 
which supports the stability of the ecological relationships identified in 
the functional response plots (Fig. 2b). In the GAM abundance model, 
krill NASC abundance was driven by depth, sea surface height, wind 
stress curl, and isothermal layer depth, which were all significant with a 
0.001 threshold in at least 7 out of 8 folds (Fig. 2a). Abundance was 
predicted to increase around a depth of 150 m, as well as when the 
standard deviation of SST increased, when sea surface height was 
negative (indicating upwelling favorable and/or equatorward trans-
port), when wind stress curl was negative, and when isothermal layer 
was more shallow (Fig. 2c).

3.1.3. Predicted maps
The predictions of krill NASC (Fig. 3) resulting from the ensemble 

predictions of the BRT presence/absence model and the GAM abundance 
model visualize the ecological relationships identified in Fig. 2. The 
monthly maps of predictions reflected the expected seasonality (less krill 
in the winter months) and topographic association (more krill around, 
and inshore of, the 200 m isobath). The models captured the sharp 
decline in krill NASC predicted to occur in the most nearshore waters of 
the inner continental shelf, while offshore waters showed generally low 
to very low predicted krill NASC (except for discrete offshore patches of 
relatively high predicted krill NASC in September).

3.2. Krill species-specific biomass models

3.2.1. Model selection
Selecting a single best performing model for each of the two species- 

specific biomass models was more challenging than selecting the best 
NASC model, as performance metrics showed contrasting results, and 
models were generally more unstable due to smaller sample sizes. Across 
both krill species, GAMs generally performed better in terms of deviance 
explained, while BRT had greater AUC values when calculated over the 
training folds (AUC.int, Table 3). Considering the relatively small sam-
ple size applied in this cross-validation (n = 126 station samples) and 

Table 2 
Performance metrics of the krill NASC model.

Model type Predictors Method Dev (%) AUC.train AUC.test Pearson Spearman

presence/absence model dynamic-logdepth BRT* 24.512 0.948 0.664  
dynamic-chla BRT 24.45 0.954 0.644  
dynamic BRT 23.7 0.947 0.657  
dynamic-0.6cor BRT 21.625 0.929 0.649  
dynamic-logdepth GAM 18.387 0.78 0.679  
dynamic-chla GAM 17.325 0.772 0.642  
dynamic GAM 14.912 0.753 0.662  
topographic BRT 13.012 0.799 0.684  
dynamic-0.6cor GAM 10.113 0.71 0.655  
topographic GAM 7.95 0.693 0.662  

Abundance model dynamic-logdepth GAM* 48.788   0.449 0.34
dynamic-chla GAM 44.362   0.166 0.206
dynamic GAM 41.825   0.168 0.216
dynamic-0.6cor GAM 37.138   0.23 0.18
dynamic-chla BRT 30.562   0.355 0.318
dynamic BRT 29.625   0.343 0.31
dynamic-logdepth BRT 29.562   0.349 0.314
dynamic-0.6cor BRT 27.925   0.343 0.306
topographic GAM 26.025   0.34 0.183
topographic BRT 21.363   0.405 0.344

All metrics are averaged over the 8 folds of the cross-validation. Abbreviations: dev (%) = deviance explained by the model; AUC.train = Area Under the roc Curve 
calculated over the training folds; AUC.test = Area Under the roc Curve calculated over the test folds; Pearson = Pearson correlation coefficient calculated over the test 
folds; Spearman = Spearman rank correlation coefficient calculated over the test folds. Models are ranked by deviance explained and asterisks indicate the models 
selected for the ensemble approach.
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Fig. 2. Predictor contributions (a) and partial response plots representing the probability of krill presence (b) and krill abundance (c) as predicted by the hurdle 
models of total krill NASC (BRT and GAM respectively for b and c). Functional response curves represent the effect of a predictor upon the trend in krill probability of 
presence or abundance. Solid lines represent the marginal effect of each variable relative to krill per cross-validation fold. Only the variables with a contribution of 
more than 5 % (BRT) or an approximate smooth significance p-value < 0.05 (GAM) are shown per model fold. Predictor contributions to each of these models are 
illustrated as radar plots and measured either by the percent of contribution estimated in the BRT presence/absence model or by the number of cross-validation folds 
in which the approximate smooth significance p-values were below 0.05, 0.01 or 0.001 (shown with increasingly dark color shades) in the GAM abundance model. 
Environmental predictors are the following: distance to canyons (CANYON in km), log-transformed seabed depth (DEPTH in m), seabed slope (SLOPE in radians), sea 
surface temperature (SST in ◦C) and its spatial standard deviation (SSTSD calculated over 0.3◦ squares), sea surface height (SSH in m) and its spatial standard 
deviation (SSHSD calculated over 0.3◦ squares), log-transformed eddy kinetic energy (EKE calculated from eastward and northward surface current velocities, 
kg⋅m2⋅s− 2), wind stress curl (CURL in Newton.m− 3), isothermal layer depth (ILD in m) and bulk buoyancy frequency (BBV in s− 1).
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Fig. 3. Monthly maps of predicted krill NASC for the months of February, May, and September 2018–2022. Maps are obtained by multiplying weekly predictions 
from the krill presence/absence model and the krill abundance model and averaging the outputs by month. Abundance is shown on a log-transformed color scale, 
with purple indicating lower values and yellow indicating higher values. Land is shown in dark gray. Isobaths (200 m, 500 m, 1000 m, and 1,500 m deep) are 
represented with gray lines. Latitude and longitude coordinates of the maps are shown on the left and bottom panels respectively. (For interpretation of the references 
to color in this figure legend, the reader is referred to the web version of this article.)
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therefore the small number of stations that could be withheld in each 
test fold (from 3 to 21), we chose not to rely on the test fold performance 
metrics (AUC.ext, Pearson and Spearman coefficients) to select the op-
timum predictor set for the next steps of the analysis. Training fold 
performance metrics were favored instead. While the GAMs applied 
with the dynamic-chla or dynamic-logdepth predictors performed well 
in terms of deviance explained (Table 3), further visual inspection of the 
predictions revealed extrapolation issues, where unrealistically high 
krill biomass was predicted in the winter and/or offshore for T. spinifera 
(Figure S5). Predictor contribution percents showed that these dynamic 

models were mostly driven by topographic variables, indicating that the 
simpler topographic predictor set may be more appropriate and con-
servative (Figure S6). Similarly, the dynamic-sst model that only 
included the three topographic predictors and SST, showed unrealistic 
predictions and was rejected.

To help select the optimum presence/absence and biomass model, 
the predicted proportions of E. pacifica and T. spinifera biomass from the 
six most well-performing combinations of models were computed at the 
time and location of each NCC (n = 126) and NH Line (n = 112) sam-
pling station to compare the model-derived species proportions to the 

Table 3 
Performance metrics of the krill species-specific biomass models. All metrics are averaged over the 10 folds of the cross-validation.

Species Model type Predictors Method Dev (%) AUC.train AUC.test Pearson Spearman

E. pacifica Presence/absence model dynamic-chla GAM 93.3 0.998 0.863  
dynamic GAM 93.06 0.998 0.932  
dynamic-logdepth GAM 90.17 0.996 0.863  
dynamic-0.6cor GAM 70.44 0.979 0.929  
dynamic-sst GAM 58.62 0.962 0.935  
topographic-logdepth GAM 58.21 0.963 0.938  
topographic BRT 57.8 0.991 0.895  
dynamic-0.6cor BRT 57.71 0.995 0.904  
topographic-logdepth* BRT 57.53 0.991 0.895  
topographic GAM 56.86 0.963 0.938  
dynamic-chla BRT 56.79 0.995 0.901  
dynamic BRT 56.5 0.996 0.901  
dynamic-logdepth BRT 56.21 0.996 0.901  
dynamic-sst BRT 55.74 0.993 0.904  

Biomass model dynamic-chla GAM 37.88   0.388 0.396
dynamic-logdepth GAM 35.57   0.237 0.347
dynamic GAM 35.28   0.234 0.348
dynamic-0.6cor GAM 29.03   0.325 0.42
topographic GAM 23.43   0.27 0.411
dynamic-sst GAM 22.26   0.246 0.408
topographic-logdepth* GAM 22.26   0.246 0.408
topographic-logdepth BRT 15.12   0.456 0.377
topographic BRT 13.52   0.454 0.372
dynamic-0.6cor BRT 13.1   0.398 0.391
dynamic-sst BRT 12.52   0.443 0.383
dynamic-logdep BRT 9.09   0.402 0.406
dynamic BRT 8.74   0.427 0.362
dynamic-chla BRT 8.67   0.437 0.446

T. spinifera  Presence/absence model dynamic-sst GAM 20.38 0.753 0.704  
topographic-logdepth GAM 20.38 0.752 0.704  
dynamic-logdepth GAM 18.03 0.772 0.62  
dynamic GAM 15.83 0.751 0.63  
dynamic-chla GAM 14.92 0.742 0.609  
topographic BRT 13.76 0.888 0.712  
topographic-logdepth* BRT 13.31 0.891 0.738  
topographic GAM 11.95 0.608 0.635  
dynamic-sst BRT 10.81 0.908 0.727  
dynamic-0.6cor GAM 8.52 0.691 0.583  
dynamic-0.6cor BRT 4.92 0.895 0.662  
dynamic BRT 4.62 0.901 0.647  
dynamic-chla BRT 4.46 0.903 0.642  
dynamic-logdepth BRT 3.55 0.897 0.64  

Biomass model dynamic-chla GAM 51.8   0.565 0.479
dynamic-logdepth GAM 50.34   0.5 0.453
dynamic GAM 40.51   0.522 0.53
dynamic-sst GAM 35.78   0.494 0.383
dynamic-0.6cor GAM 34.14   0.483 0.521
dynamic-0.6cor BRT 28.42   0.392 0.334
topographic-logdepth* GAM 27.01   0.403 0.416
topographic BRT 21.75   0.504 0.559
topographic GAM 21.69   0.474 0.436
dynamic BRT 21.23   0.432 0.459
dynamic-sst BRT 20.94   0.438 0.419
dynamic-logdepth BRT 18.62   0.415 0.472
topographic-logdepth BRT 15.75   0.496 0.498
dynamic-chla BRT 11.72   0.424 0.37

Abbreviations: dev (%) = deviance explained by the model; AUC.train = Area Under the roc Curve calculated over the training folds; AUC.test = Area Under the roc 
Curve calculated over the test folds; Pearson = Pearson correlation coefficient calculated over the test folds; Spearman = Spearman rank correlation coefficient 
calculated over the test folds. Models are ranked by deviance explained and asterisks indicate the models selected for the ensemble approach.
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observed proportions. We found a correlation of r2 = 0.59 (p < 0.001) 
between observed and predicted proportions from the ensemble BRT / 
GAM biomass models applied to the topographic-logdepth design, which 
was higher than those obtained from our other top model candidates 
(Figure S7). This comparison validated the ensemble approach with 
topographic-logdepth predictors as the optimum modeling approach for 
E. pacifica and T. spinifera biomass.

3.2.2. Predictor influence and trends
In the ensemble model of E. pacifica and T. spinifera biomass, bottom 

depth dominated the presence/absence models for both species, but 
particularly in the E. pacifica model where it contributed greater than 90 
% of the variance (Fig. 4a). Higher probability of presence was predicted 
in depths of 100 m and deeper for E. pacifica, and shallower than 200 m 
for T. spinifera (Fig. 4b), with a particularly strong agreement between 
cross-validation folds in the E. pacifica depth fitted relationships. 
T. spinifera presence was also strongly influenced by proximity to can-
yons (Fig. 4b). Conditional on presence, steep slopes correlated with 
higher E. pacifica biomass (Fig. 4c), a pattern that is to be expected along 
the shelf break. Both species were predicted to increase in biomass in 
depths shallower than 200 m.

3.2.3. Predicted maps
The marked patterns of species-specific distribution with respect to 

seabed topography were reflected in the predicted maps of E. pacifica 
and T. spinifera proportion (%), representing the probability of 
encountering one species over the other (Fig. 5 and Figure S6 for crop-
ped or full extent maps respectively). Overall, E. pacifica dominated the 
proportions (median predicted proportions across study area 95 % 
E. pacifica, 5 % T. spinifera), particularly just offshore of the shelf break, 
and on the slope and off-shelf habitats, while T. spinifera were most 
prevalent on the shelf in waters < 200 m of depth. There were regions 
where both species overlapped. These regions were mainly concentrated 
along, and just inshore of, the 200 m isobath.

3.3. Species-scaled NASC predictions

3.3.1. Predicted maps
Finally, predicted proportions of E. pacifica and T. spinifera combined 

with predicted krill NASC allowed us to derive weekly and monthly 
predictions of species-scaled NASC across the NCC region. Predictions 
averaged by month showed a clear difference in habitat preference be-
tween T. spinifera that is constrained to the shelf, around and inshore of 
the 200 m isobath, and E. pacifica that is found in high abundance just 

Fig. 4. Predictor contributions to species-specific models of krill biomass (a) and functional response curves representing the effect of the main predictors on the 
trend in krill probability of presence (BRT; b) or biomass (GAM; c). Solid lines represent the marginal effect of each variable relative to krill per cross-validation fold. 
Only the variables with a contribution of more than 5 % (BRT) or an approximate smooth significance p-value < 0.05 (GAM) are shown per model fold. Predictor 
contributions are measured either by the percent of contribution estimated in the BRT presence/absence model or by the number of cross-validation folds in which 
the approximate smooth significance p-values were below 0.05, 0.01 or 0.001 (shown with increasingly dark color shades) in the GAM abundance model. Envi-
ronmental predictors shown on the x-axis (b, c) are the following: distance to canyons (CANYON in km), log-transformed seabed depth (DEPTH in m), and seabed 
slope (SLOPE in radians). An inset graph shows the relationship to DEPTH in the inner 300 m.
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Fig. 5. Predicted proportion of Euphausia pacifica and Thysanoessa spinifera biomass on the continental shelf and slope (full predictions extent available in Figure S8). 
Note that predictions of proportions are only based on topographic variables and are therefore static through time. Land is shown in dark gray. Isobaths (200 m, 500 
m, 1000 m, and 1,500 m deep) are represented with gray lines.
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offshore of the 200 m isobath and further offshore in lower abundance 
(Figs. 6 and 7). The latitudinal distribution of T. spinifera was also pre-
dicted to be more skewed to the north of the study area where the shelf is 
wider. This cross-shelf species-specific pattern matched the biomass 
observed at stations along the NH Line off Newport over the long term 
(2001–2022) and over recent years (2018–2022; Fig. 8). E. pacifica 
increased as a function of log-transformed depth at a similar rate in the 
predicted NASC values (linear regression coefficient estimate = 69.3 ±
SE 7.0; Fig. 8b) and NH Line observed biomass values (linear regression 
coefficient estimate = 78.3 ± SE 9.3; Fig. 8c).

3.3.2. Seasonal and annual variability
The climatology of monthly species-scaled NASC showed that 

E. pacifica was more abundant during each month than T. spinifera, and 
both species displayed a strong seasonal trend (Fig. 7). The species- 
scaled NASC of both species increased in the spring and summer, fol-
lowed by a rapid decline in abundance in the fall (Sep-Nov), and the 
lowest abundance occurred during the winter months. Both E. pacifica 
and T. spinifera species-scaled NASC were predicted to decrease slightly 
during the month of June. While the species-scaled NASC of both species 
was highest in August, the variability in predicted patterns across years 
was also the highest during this month, indicating interannual or spatial 
variation in peak abundance. Note that since the selected species- 
specific biomass models only included topographic variables, the 
inter-annual and seasonal variability in the final species-scaled NASC 
predictions originates from the NASC models and is the same across 
species in Fig. 7. These seasonal patterns, including the drop in abun-
dance in June, follow those found in the monthly year-round observa-
tional sampling along the NH Line (Figure S9). E. pacifica increased 
between February and August, then decreased between August and 
December at similar rates in the predicted NASC values (linear regres-
sion coefficient estimates = Feb-Aug 14.5 ± SE 1.8, Aug-Dec − 21.7 ± SE 
4.0; Figure S9a) and NH Line observed biomass values (linear regression 
coefficient estimates = 7.8 ± SE 3.7, Aug-Dec –22.3 ± SE 4.3; 
Figure S9b). Similarly, T. spinifera increased between February and 
August, then decreased between August and December at similar rates in 
the predicted NASC values (linear regression coefficient estimates =
15.7 ± SE 2.3, Aug-Dec − 21.8 ± SE 4.1; Figure S9a) and NH Line 
observed biomass values (linear regression coefficient estimates = 15.6 
± SE 4.7, Aug-Dec − 21.2 ± SE 7.7; Figure S9b). Inter-annual variability 
is illustrated in the monthly predictions for August for each year of the 
study (Fig. 9). The areas of highest variability are also those with the 
highest predicted NASC, illustrating the strong fluctuations of resource 
availability that are faced by predators. Areas of stronger inter-annual 
variability include the shelf waters north of Cape Mendocino, off Cape 
Blanco, and south of Heceta Bank.

4. Discussion

This study expands on prior krill modeling efforts in the California 
Current region by producing fine-scale (5 km resolution) and year-round 
predictions of E. pacifica and T. spinifera krill distribution with models 
that were trained to fit environmental relationships specific to the NCC 
region. Our study also provides a new methodology for scaling contin-
uous hydroacoustics backscatter to species-specific krill abundance es-
timates using long-term data from plankton net sampling. With this 
analytical advancement, our models describe the contrasting abundance 
and distribution patterns of these two critically important prey species in 
the NCC. Furthermore, the models can derive species-specific, high 
resolution spatial predictions of krill abundance that can be incorpo-
rated into multiple marine predator studies in the NCC to inform man-
agement efforts.

Previous modeling efforts using hydroacoustics to estimate krill 
abundance do not distinguish the backscatter signal between the two 
dominant krill species in the California Current (Phillips et al., 2022; 
Rockwood et al., 2020; Santora et al., 2012) because the size range of 

these two species overlaps (Siegel, 2000) as well as their expected target 
strengths and frequency responses (Phillips et al., 2022). Thus, direct 
sampling of target species is required to apportion the backscatter. 
Concurrent trawl sampling has been used in previous research to scale 
acoustic backscatter to estimates of generalized krill biomass 
(Rockwood et al., 2020), or to infer target species through correlations 
of backscatter to species biomass estimates (Santora et al., 2011). 
Average cross-shelf distribution of E. pacifica and T. spinifera from net 
samples was also used to estimate the proportion of the backscatter 
attributable to each species (Dorman et al., 2023). While continuous 
hydroacoustic datasets provide opportunities to estimate krill abun-
dance over large spatial areas, without species-specific biomass esti-
mates, research on species-specific habitat preferences and 
spatiotemporal distributions is limited, and can only be inferred from 
previous research on cross-shore and latitudinal differences between the 
two species. Employing the methods presented in this study to scale 
continuous underway hydroacoustic data to apportion E. pacifica and 
T. spinifera abundances using estimates from net sampling greatly im-
proves our understanding of the spatiotemporal distribution of these two 
important forage species. Moreover, our integrative approach to derive 
species-scaled NASC can be applied to other regions and ecosystems 
where acoustically detectable species cannot be discriminated based on 
backscatter alone.

The modeled habitat associations of E. pacifica and T. spinifera were 
consistent with prior work in the California Current that demonstrated 
the influence of the continental shelf break as a feature of where krill 
accumulate, and to the cross-shelf pattern of species-specific habitat 
selection (Cimino et al., 2020; Dorman et al., 2015b; Rockwood et al., 
2020; Santora et al., 2011). In the final predictions (Figs. 6 and 8), the 
200 m isobath is an important boundary between preferential T. spinifera 
habitat (on the shelf) and E. pacifica’s more cosmopolitan habitat (over 
the shelf break and offshore). Proximity to canyons was also confirmed 
as an influential variable for T. spinifera but not for E. pacifica. Canyons 
have been shown to aggregate krill in the California Current (Santora 
et al., 2018), but our species-specific methods suggest that this response 
might differ by species. Overall, predictions align with the known 
dominance of E. pacifica over T. spinifera across the region. E. pacifica 
densities are often referred to as being one order of magnitude greater 
than T. spinifera in the NCC (as per Shaw, unpublished data, referenced 
in Feinberg et al., 2013; Rockwood et al., 2020) and long-term biomass 
records along the NH Line show a similar ratio of about 10:1 (Peterson 
et al., 2017). In our predictions, the ratios of species-scaled NASC were 
very similar, with an average ratio of 10:1.3, which adds confidence in 
the quality of our krill distribution models.

In addition to E. pacifica and T. spinifera being strongly associated 
with topographic features, the monthly predictions also showed strong 
seasonal and interannual patterns of abundance, which could have im-
plications for migrating predators. Both species were most abundant 
during the spring and summer upwelling months, with the highest 
abundance occurring in August. However, predicted abundances were 
also the most variable during this period, indicating both interannual 
and spatial variability in this important prey resource. Indeed, during 
August, when krill abundance was highest, spatially explicit aggrega-
tions occurred, but their location and intensity varied throughout the 
five years of this study (Fig. 9). These aggregations occurred just north of 
known upwelling centers, north of Cape Blanco and Cape Mendocino, 
and in regions with shallow banks and retentive circulation features 
along the Stonewall and Heceta Bank region (Checkley and Barth, 
2009). Similar spatial dissociation between krill aggregations and up-
welling centers were found off Central California (Santora et al., 2011) 
and krill concentration in retentive recirculating features was observed 
to the north of our study region (Phillips et al., 2022). Interannual 
changes in the intensity and location of these aggregations is likely due 
to variation in oceanographic forcing, which has been identified as 
drivers in other regions of the California Current (Fiechter et al., 2020). 
Although the geographic extent and magnitude of these aggregations 
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Fig. 6. Monthly average maps of predicted krill species-scaled NASC, a) Euphausia pacifica, and b) Thysanoessa spinifera. Average monthly predictions are calculated 
across five years, 2018–2022. Maps are obtained by multiplying predictions of krill NASC and predictions of species proportions. Species-scaled NASC is shown on a 
log-transformed color scale, with purple indicating lower values and yellow indicating higher values. Land is shown in dark gray. Isobaths (200 m, 500 m, 1000 m, 
and 1,500 m deep) are represented with gray lines. Latitude and longitude coordinates of the maps are shown on the left and bottom panels respectively. (For 
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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changed interannually, the retentive region of Stonewall and Heceta 
Bank had the highest and the most consistent abundance for both 
E. pacifica and T. spinifera. This finding was similar to that of Phillips 
et al., (2022), who found the most consistent biomass in the recircula-
tion feature of the Juan de Fuca eddy to the north. These two recircu-
lation features in the NCC are known to concentrate phytoplankton that 
krill feed on (Hickey and Banas, 2008), and they may be persistent 
features where predators can predictably find prey (Bliss et al., 2024).

Like any other model, our krill distribution models provide a useful 
yet imperfect representation of reality. Our framework (Figure S2) 
involved a series of methodological choices informed by a combination 
of quantitative performance metrics and qualitative considerations, 
following best practices of marine species distribution modeling 
(Derville et al., 2018; Elith and Leathwick, 2009; Qiao et al., 2015; 
Roberts et al., 2017; Robinson et al., 2011). First, even if our two sta-
tistical approaches (penalized GAM and BRT) were inherently capable of 
selecting the predictors that most contributed to explaining the variance 
observed in krill NASC and biomass, we still assessed the added value of 
each predictor. For instance, while chlorophyll-a has been used as a 
predictor of ocean productivity and krill abundance (Cimino et al., 2020; 
Phillips et al., 2022) and seemed to contribute to our models (Table 2) it 
was not favored in our optimum models due to data gaps from cloud 
cover and the loss in operability that would necessitate integrating a 
satellite-derived data product into our framework. Second, multiple 
performance metrics, as well as expected predictive outcomes, were 
considered to select optimum models at each of the framework steps 
(NASC model, E. pacifica biomass model, T. spinifera biomass model). 
For instance, while the deviance or AUC metrics pointed to differences 
between the models of the two species, we selected the same ensemble 
approach for E. pacifica and T. spinifera biomass to ensure comparability 
of predictions. Finally, visual examination of predictions and compari-
son to observed biomass values from the NH Line was important to select 
optimum models, regardless of the performance metrics. Thus, despite 
higher deviance explained, our dynamic species-specific biomass models 
suffered from outer-shelf unrealistic predictions (likely due to less data 
being available offshore) and had to be discarded in favor of more 
parsimonious topographic models. While this static modelling of 

biomass limits the capacity to assess how E. pacifica and T. spinifera may 
differentially respond to environmental change, it was the most realistic 
and conservative description of biomass observed in NCC survey net 
tows. Future extensions of our modeling framework, incorporating 
additional net tow biomass data, should focus on integrating dynamic 
predictors into this part of the model, as the temporal variability in the 
distributions of E. pacifica and T. spinifera likely impacts the spatial 
behavior of mobile predators.

Model transferability (i.e. predictions under novel environmental 
conditions) remains a challenge in species distribution models (Bouchet 
et al., 2019; Yates et al., 2018) and must be considered in future ap-
plications of our krill predictions. Non-stationarity of krill ecological 
relationships in space and time may limit the robustness of our pre-
dictions in the future or in other parts of the California Current region. 
Our models trained using five years of data did not cover all potential 
environmental conditions that may occur in the NCC and the robustness 
of predictions during future extreme climatic events such as marine 
heatwaves may be challenged (Muhling et al., 2020). Model trans-
ferability in space warrants caution as spatial sampling bias may cause 
environmental variables to be unevenly or incompletely sampled. This 
bias can increase uncertainty of trends fitted in undersampled envi-
ronmental space. For instance, the bimodal trend fitted between krill 
NASC and distance to canyons was likely influenced by uneven sampling 
with respect to these fixed topographic features. The increased NASC 
predicted in regions distant to canyons (>150 km) could be the result of 
other confounding factors and should be considered with caution as it is 
likely not transferable to other geographic areas. Moreover, predictions 
in the winter months and waters south of the Oregon-California border 
should be considered with caution as these period and region were 
subject to less sampling effort (Table S1, Figure S4). Predictions of 
species-habitat relationships may also be non-stationary across 
geographical domains. For instance, simulated distributions of krill 
hotspots in central-northern California showed high geographical vari-
ability in terms of how they associated with centers of upwelling 
(Dorman et al., 2015b). Similarly, rorqual whale models trained with 
data collected in the NCC showed different relationships than those 
trained with central and southern California Current data (Derville et al., 
2022). Therefore, comparing the predictions respectively generated by 
models trained using NCC (the present study) and Central-Southern 
California (Cimino et al., 2020; Rockwood et al., 2020) data would 
provide an unprecedented and informative understanding of prey- 
predator adaptations to local marine processes.

Krill are important prey to many ecologically and commercially 
important species including marine mammals listed in the Endangered 
Species Act. E. pacifica biomass are ten fold higher than that of 
T. spinifera, while T. spinifera are the more energetically profitable spe-
cies (Fisher et al., 2020). These important differences in prey energetics 
and abundance likely influence predator selection of prey resources 
(Nickels et al., 2018). Thus, providing species-specific predictions of 
their abundance and distribution will provide the explanatory layers 
needed to develop a better understanding of predator distributions and 
foraging energetic needs. In this study, both species of krill had the 
highest abundances during spring and summer, coincident with their 
highest total lipid content (Fisher et al., 2020). Although the lipid con-
tent in both species is higher during the upwelling season, T. spinifera 
have over four times the total lipids per body weight, and they are larger 
in size compared to E. pacifica. The spatial segregation of the two species 
implies strong cross-shelf differences in lipid content available to pred-
ators, with higher concentration of lipid-rich T. spinifera on the conti-
nental shelf and the more abundant, but less lipid dense E. pacifica 
concentrated along and offshore of the shelf break. Changing ocean 
conditions could disrupt the distribution and abundance of lower tro-
phic level prey to energy dependent large marine predators. The near-
shore affinity for T. spinifera likely reflects their association with cooler 
ocean temperatures and a diatom-rich food source (Fisher et al., 2020). 
During the 2014–2016 NE Pacific marine heatwave, the density and 

Fig. 7. Predicted krill species-scaled NASC, for Euphausia pacifica and Thysa-
noessa spinifera per month, averaged across five years (2018–2022). Error bars 
represent the standard deviation around the mean abundance that was calcu-
lated as the sum of predicted grid cells values across the study area.
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biomass of E. pacifica decreased dramatically and they were smaller in 
size, while T. spinifera were almost completely absent (Peterson et al., 
2017; Robertson and Bjorkstedt, 2020). A warming global ocean com-
pounded with the prediction that marine heatwaves will become more 
frequent and intense, could have serious impacts on pelagic predators in 
search of patchy and dynamic prey (Frölicher and Laufkötter, 2018; 
Oliver et al., 2019).

Krill are an essential component of the NCC ecosystem. Thus, this 
study provides the foundation for future ecosystem hypotheses testing 
across the NCC food web and for managing current and emerging 
threats. Collated with predator distribution data, the predictions of 
E. pacifica and T. spinifera will allow researchers to investigate the 
foraging behavior of predators and clarify the behavioral choices by 
which they balance their energetic needs in a highly dynamic environ-
ment. Such fine scale, widely extensive, and dynamic predictions of krill 

will provide key information to describe how environmental fluctua-
tions and prey availability have shaped the phenology and life history of 
predators foraging in the NCC. In a context of rapid climate change and a 
growing human footprint in the oceans, our predictive distribution 
models will help assess the times and places where krill-eating predators 
are most at risk of interacting with human activities such as ship traffic, 
fishing, and offshore energy development.
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