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Abstract

Predictions of the distribution of groundfish species are needed to support ongoing marine spatial planning initiatives in
Canadian Pacific waters. Data to inform species distribution models are available from several fishery-independent surveys.
However, no single survey covers the entire region and different gear types are required to survey the range of relevant habitat.
Here, we demonstrated a method for integrating presence—-absence data across surveys and gear types that allows us to predict
the coastwide distributions of 65 groundfish species in British Columbia. Our model leverages data from multiple surveys to
estimate how species respond to environmental gradients while accounting for differences in survey catchability. We find that
this method has two main benefits: (1) it increases the accuracy of predictions in data-limited surveys and regions while having
negligible impacts on accuracy when data are already sufficient, and (2) it reduces uncertainty, resulting in tighter confidence
intervals on predicted occurrences. These benefits are particularly relevant in areas of our coast where our understanding of

habitat suitability is limited due to a lack of spatially comprehensive long-term groundfish surveys.
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Introduction

Coastwide predictions of the distribution of groundfish
species are needed to support ongoing marine spatial plan-
ning (e.g., PNCIMA 2017) and oil spill response planning
in Canada’s Pacific Region. Data to inform these predic-
tions are available from several fishery-independent sur-
veys (Anderson et al. 2019). However, these surveys cover
different spatial extents, target different substrate types, use
different gear types, and thus vary in their ability to catch
different species. Therefore, no single survey can capture the
full coastwide extent for which distribution information is
desired and needed to support marine spatial planning initia-
tives. To date, species distribution models (SDMs) applied in
this region have restricted their inference to data from single
surveys or, in some cases, multiple surveys that use the same
gear type (Nephin et al. 2020; Thompson et al. 2022). How-
ever, if models could be developed that are jointly informed
by all surveys, we could have higher confidence in applying
them to predict the coastwide distribution of species.

Methods that integrate different data types and sources
have been demonstrated to improve SDMs by increasing the
accuracy of the predictions, by reducing uncertainty, and
by increasing the spatial and temporal extent of the model
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(Fletcher et al. 2019; Miller et al. 2019; Isaac et al. 2020;
Rufener et al. 2021; Watson et al. 2021). The benefits of in-
tegrated models have been demonstrated when models com-
bine higher and lower quality datasets (e.g., expert surveys
and presence only data Pacifici et al. 2017; Robinson et al.
2020), as well as when models combine data from surveys
that differ in their spatial extent or method of sampling (e.g.,
Pirtle et al. 2019). However, constructing integrated SDMs re-
quires careful consideration and accounting for differences
and biases in the various data sources (Fletcher et al. 2019;
Isaac et al. 2020) or models risk providing less accurate predic-
tions compared with models based on the best single source
of data (Simmonds et al. 2020). Integrated models rely on the
assumption that all data sources are providing estimates of
the same underlying species distribution (Miller et al. 2019).
Thus, while each data source may provide an incomplete
and potentially biased sample of that distribution, the fi-
nal predicted distribution must be consistent with the data
from all sources. Therefore, integrated models produce a sin-
gle set of model parameters associated with environmental
covariates and any latent variables, while other parameters
account for differences in data source and the method of
sampling.
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While SDMs based on individual surveys are still the norm
in marine systems (Griiss and Thorson 2019), models that in-
tegrate multiple surveys and gear types are becoming more
common (Griiss et al. 2018a, 2018b, 2021; Runnebaum et al.
2018; Griiss and Thorson 2019; Pirtle et al. 2019; Webster et al.
2020; Monnahan et al. 2021; Watson et al. 2021). Studies that
have assessed how integrating influences model performance
have found that combining surveys can improve model preci-
sion (Griiss and Thorson 2019; Rufener et al. 2021) and accu-
racy (Runnebaum et al. 2018; Rufener et al. 2021). However,
these comparisons were only based on a single species and
it is unknown whether this would hold when applying inte-
grated models across multiple taxonomic groups.

When considering fishery-independent groundfish survey
data in Canadian Pacific waters, a major difference that must
be accounted for is the sampling gear (i.e., longline vs. trawl).
Longlines attract fish using bait on a finite number of hooks
and species vary in the degree to which they are likely to be
caught on a hook and the degree to which they will compete
for hooks with other species (Kuriyama et al. 2019). In con-
trast, bottom trawls catch a wider range of species, and each
trawl typically covers a larger spatial extent than would be
sampled by a single longline set (Anderson et al. 2019). Thus,
combining these two data types to jointly predict species’
abundance or biomass is a considerable challenge (but see
Runnebaum et al. 2018; Webster et al. 2020 for single-species
examples). However, data from these surveys can be con-
verted to presence-absence data with the assumption that
the probability of occurrence may differ across surveys be-
cause of differences in catchability by the different gear types
(e.g., Griiss et al. 2018a). This allows us to integrate data across
models by including the survey associated with each observa-
tion as a fixed effect that accounts for the average difference
in catchability between surveys.

In this analysis, we combine presence-absence data from
three fishery-independent scientific surveys that employ
longline or bottom trawl methods to develop integrated
SDMs for 65 species of groundfish that span the entire conti-
nental shelf to the toe of the slope in Pacific Canadian waters.
We test the hypothesis: if integrating data from multiple sur-
veys improves SDMs, then across the majority of species in-
vestigated, integrated models should have higher predictive
power and reduced uncertainty compared with models that
rely on only data from a single survey. We then used these in-
tegrated models to make coastwide predictions of groundfish
occurrence and diversity that can be used for marine spatial
planning and oil spill response in Pacific Canadian waters.

Methods

Survey data

Our SDMs are based on data from three fishery-
independent scientific surveys conducted within Canadian
Pacific waters (Fig. 1): the Fisheries and Oceans Canada
(DFO) groundfish synoptic bottom trawl surveys (Sinclair
et al. 2003; Anderson et al. 2019), the DFO groundfish hard
bottom longline surveys (Lochead and Yamanaka 2006, 2007;
Doherty et al. 2019), and the International Pacific Halibut

Commission fishery-independent setline survey (IPHC 2021).
In all cases, we based our analyses on data from 2003 to 2020
and used presence-absence records to facilitate integrating
across surveys and gear types. Our analysis included all
species that were present in at least 150 sets (to exclude
species that are rarely sampled by the surveys) across all the
survey datasets, resulting in a final set of 65 species (Table
S1).

Groundfish synoptic bottom trawl surveys

The groundfish synoptic bottom trawl surveys (Trawl) cover
the upper continental shelf and most of the British Columbia
coast (Figs. 1a—1c). The surveys cover five subregions: Queen
Charlotte Sound (QCS), Hecate Strait (HS), West Coast Vancou-
ver Island (WCVI), West Coast Haida Gwaii (WCHG), and the
Strait of Georgia (SoG). The surveys are conducted between
May and September and follow a random depth-stratified de-
sign with 2 km? sampling blocks. The surveys use an Atlantic
Western IIA box trawl connected to 1500 kg Thyboron Type
II doors (Nottingham et al. 2018), except in the SoG where
a smaller Yankee 36 Trawl net connected to 1135 kg U.S.A
Jet doors were used to minimize catch of depleted species
and to allow for a smaller area of deployment for fishing
events (King et al. 2013). The QCS and HS surveys have been
conducted in odd years since 2003 and 2005, respectively,
although QCS was also sampled in 2004. WCVI and WCHG
surveys have been conducted in even years since 2004 and
2006, respectively, although WCHG was also sampled in 2007.
Our analysis included 5696 trawls, of which 93 come from
the SoG. In this manuscript, Trawl refers to the entire survey
dataset, Outer Trawl refers to the dataset excluding the SoG,
and SoG Trawl refers to the data just from the SoG.

Groundfish hard bottom longline surveys

The groundfish hard bottom longline surveys (HBLL) cover
most of the nearshore, hard bottom habitat of coastal British
Columbia where trawl surveys are not possible (Fig. 1d). Our
analysis includes data from 2003 (the first year of the sur-
vey) to 2020. Like the trawl surveys, the Longline Surveys
follow a random depth-stratified design with 2 km? sam-
pling blocks. The inner surveys cover the inlets and pro-
tected waters east of Vancouver Island. Northern (Johnstone
Strait and Broughton Archipelago) and southern sites (Des-
olation Sound, the Strait of Georgia, and southern Gulf
Islands) are sampled on alternating years (Lochead and
Yamanaka 2007). The outer surveys cover most of the remain-
ing coastline of British Columbia (Fig. 1). Northern (north-
ern Milbanke Sound, Dixon Entrance, and Haida Gwaii) and
southern (southern Milbanke Sound, Queen Charlotte Sound,
and the north and west coasts of Vancouver Island) sites
are sampled on alternating years in summer months (July-
September; Doherty et al. 2019). The surveys use a standard-
ized “snap and swivel” longline hook gear baited with frozen
squid and set on the ocean floor. The inner surveys use a size
13/0 circle hook and the outer surveys use a size 14/0 circle
hook. Despite this minor difference in hook size, we elected
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Fig. 1. Map of the study area with names of geographic locations referred to in the text (a) and maps of the locations where the
survey data were collected (b—e). Each point in panels (b—e) represents a single trawl or longline set. Map projection is NAD83/BC
Albers and the coastline polygon was produced by the Canadian Hydrographic Service, DFO. The inset map projection in panel

(a) is NAD83/Albers Canada.
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to combine the inner and outer surveys in our analysis. Cases
when the majority of hooks on a longline set are taken by fish
indicate that fish may be competing for hooks and so some
species that are present may not be caught by the surveys
(Obradovich 2018). To avoid this, we excluded all sets where
fewer than 20% of hooks were recovered with bait, as opposed
to having caught a fish or where the bait was lost. This thresh-
old was determined visually as the approximate point below
which sets tended to be dominated by North Pacific Spiny
Dogfish and the occurrence of other species decreased (Fig.
S1). This resulted in excluding 757 of the total 3403 sets, leav-
ing 2646 sets from the HBLL surveys in our final analysis.

International Pacific Halibut Commission
fishery-independent setline survey

The International Pacific Halibut Commission fishery-
independent setline survey (IPHC) surveys nearly the entire
commercial fishing grounds of the Pacific Halibut fishery in
both the U.S.A. and Canada in summer months. Our analysis
is restricted to surveys conducted in British Columbian wa-
ters (Fig. 1e) and includes all years from 2003 to 2019, with
the exception of 2013. Each year a set of standard stations set
on a 10 x 10 nautical mile square grid, limited to seafloor
depths of 37-503 m, is surveyed. In 2018, an additional 131
stations were sampled to capture inlets and nearshore waters
not typically covered by the survey. The survey uses between
five and seven 549 m skates, each with 100 (16/0) circle hooks
per skate, at each station (IPHC 2021). This survey offers the
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benefit of using similar methods to the HBLL, while overlap-
ping with the footprints of both the trawl and the HBLL sur-
veys, making it easier to link the three surveys using a single
integrated model. Frozen chum salmon (Oncorhynchus keta) are
used as bait. Hook competition is also a potential issue in the
IPHC survey. Here, we excluded stations where fewer than
12% of hooks were recovered with bait. We found that below
this threshold, sets tended to be dominated by North Pacific
Spiny Dogfish and the occurrence of other species decreased
(Fig. S2). This resulted in excluding 1963 of the total 2824 sets,
leaving 861 sets from the IPHC surveys in our final analysis.

Environmental predictors

As environmental predictors, we used log seafloor depth,
bathymetric position index (BPI), substrate indices for mud-
diness and rockiness, log tidal speed (m-s~!), mean summer
ocean current speed (m-s~!), mean summer salinity (prac-
tical salinity units, PSU), and mean summer salinity range
(PSU). We opted not to include temperature as a predictor be-
cause it is highly correlated with depth in this region, and
because year-to-year variation in temperature has been es-
timated to only explain a small fraction of the variation in
species’ occurrence after accounting for depth (Thompson
et al. 2022). Environmental predictors for the Northern and
Southern Shelf Bioregions were at a resolution of 100 m and
predictors in the Salish Sea were at a resolution of 20 m, but
were aggregated to the same 100 m based on the mean value
in each 100 m grid cell. Details on the data sources and pre-
processing methods are described in Nephin et al. (2020). In
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our SDM (described below), we included all environmental
predictors other than depth and BPI as linear fixed effects.
We included depth and BPI as second-order polynomials to
allow for non-linearity in response curves. We also included
year as a penalized spline (i.e., generalized additive model;
Wood 2017) to account for year-to-year variation in species’
occurrences. All environmental predictors were standardized
by subtracting their mean and dividing by their standard
deviation prior to model fitting. Environmental data were
matched to each survey set by taking the median value across
10 equally spaced points between the starting and ending co-
ordinates for the trawl or longline. To ensure a good match
between our environmental values and the surveys, we ex-
cluded any sets for which the median depth estimated based
on the coordinates and bathymetric layer differed by more
than 100 m from the depth recorded at the time of sampling.

The Salish Sea and BC Shelf bathymetry layers were de-
rived by mosaicking four digital terrain models, using the
GDAL library, to cover the entire study area (Gregr 2012;
Carignan et al. 2013; Davies et al. 2019; Kung 2021). The Sal-
ish Sea bathymetry layer had a 20 m resolution and the BC
Shelf bathymetry layer that covered the rest of the study area
had a 100 m resolution. The BPI layer is a derivative of the
bathymetry layer, calculated with the Benthic Terrain Mod-
eller 3.0 Toolbox in ArcGIS Pro 2.5 (Walbridge et al. 2018). BPI
captured topographic features within a 1 to 10 km neighbour-
hood. Substrate layers were derived from a predictive model
of categorical substrate types (Gregr et al. 2021). From the cat-
egorical substrate, continuous indices for sandy and muddy
substrate, ranging from 0 to 1, that represent the amount of
each substrate category within a 10 cell radius circular neigh-
bourhood were calculated with the raster package (Hijmans
2022) in R (R Core Team 2021). The substrate index layers
aimed to reduce patchiness and uncertainty in the categor-
ical layer by integrating substrate information across a wider
area.

Bottom salinity (mean and range) and ocean current speed
(tidal and circulation) predictors were sourced from two re-
gional circulation models: a 1998-2007 hindcast from a BC
Shelf model with a roughly 3 km resolution (Masson and Fine
2012) and a 2017 hindcast from a Salish Sea model with a
roughly 500 m resolution (Soontiens et al. 2016; Soontiens
and Allen 2017). Mean summer bottom salinity and bottom
ocean circulation current speed were calculated from April
to September outputs of these models. Salinity range and
tidal current speed were calculated from model outputs from
April to September values in all years. Current speeds were
calculated from zonal (u) and meridional (v) velocities from
the two regional circulation models using the root mean
square method to calculate tidal current speed and using the
monthly means of u and v velocities to calculate ocean circu-
lation current speed. Salinity and current speed layers were
downscaled to match the resolution of the bathymetry and
substrate layers using the spline with barriers function in Ar-
cGIS Pro 2.5 with a smoothed coastline polygon as a barrier
to interpolation. Additional smoothing using a 13 cell cir-
cular neighbourhood was applied to the downscaled Salish
Sea current speed layers to reduce sharp changes in current
speed values that were visible between depth levels in the re-

gional model. These were likely artefacts of extracting only
the bottom cells from the depth-level regional model, where
the height of the bottom cell varies with depth (M. Dunphy
(personal communication)).

Species distribution model

We fitted SDMs using generalized linear mixed effects mod-
els with the sdmTMB package (Anderson et al. 2022). We
chose to use the sdmTMB package because it allowed us to
include spatial and spatiotemporal random fields. These spa-
tial and spatiotemporal random effects capture additional
variation in species occurrences (Anderson et al. 2022). This
could include variation that is due to environmental variables
that were not included in the model as well as spatiotempo-
ral variation due to dispersal patterns, biotic interactions, or
stochasticity (Ovaskainen and Abrego 2020; Thompson et al.
2020). The spatial random effects estimate spatial patterns
that are present across all years, while the spatiotemporal
random effects estimate patterns that vary from year to year.
Although estimating temporal change was not the goal of this
study (but see Thompson et al. 2022), we included the spa-
tiotemporal random effects to improve the model fit so that
the environmental responses could be more accurately esti-
mated and for valid statistical inference by accounting for
year-to-year spatial autocorrelation (Dormann et al. 2007).

For each species, we modelled the occurrence Y;; at loca-
tion s and time t using a binomial observation model and a
logit link:

(1) Y5 = logit (usy), sy = X B+ w5 + &5
® ~ MVNormal (0, £,), & ~ MVNormal(0, X,)

where u,; represents the mean occurrence. The symbol X;;
represents the vector of environmental predictors (described
above) corresponding to location s and time t, and § repre-
sents a vector of corresponding fixed effect parameters. The
spatial and spatiotemporal random effects are represented by
ws and €, respectively (Fig. S3). These random effects were
assumed to be drawn from a Gaussian random field with co-
variance matrices X, and X, that were constrained by Matérn
covariance functions (Cressie and Wikle 2011). The spatial
components of the analysis were modelled as random fields
using a predictive process approach with a triangulated mesh
(Lindgren and Rue 2015) and bilinear interpolation between
vertices (Fig. S4). We constructed the mesh such that vertices
had a minimum gap (“cutoff”) of 15 km. We applied a coast-
line physical barrier in which we assumed the spatial range
(distance at which two data points are effectively indepen-
dent) was 0.2 of the in-water range (Bakka et al. 2019). This
causes the spatial correlation to decay five times faster with
distance across land than water. A comparison of models with
different minimum distances between vertices showed that
meshes with smaller minimum distances had slightly higher
predictive accuracy, but models using a 15 km value were
nearly as accurate as models with 5 km values, while being
much faster to fit (Fig. S5). sdmTMB fits the model by maxi-
mum marginal likelihood using a mesh constructed by INLA
(Rue et al. 2009; Lindgren et al. 2011; Lindgren and Rue 2015),
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a model template coded in TMB (Kristensen et al. 2016), the
marginal likelihood function maximized with the non-linear
minimizer nlminb (Gay 1990) in the R statistical language
(R Core Team 2021), and the random effects integrated over
via the Laplace approximation (Kristensen et al. 2016).

Candidate models

For each species, we compared the predictive power of
three classes of models. These were models fit on the indi-
vidual surveys separately (HBLL, IPHC, Outer Trawl, and the
SoG Trawl), models that integrated surveys that shared the
same gear type (integrated gear model), and a model that
integrated both gear types and all surveys (fully integrated
model). We excluded surveys that included fewer than 10 oc-
currences for the focal species because including these sur-
veys resulted in poor model convergence. Thus, for some
species, the fully integrated model or one or both (i.e., trawl
and longline) of the integrated gear models were not run.
The SoG Trawl survey was only conducted in 2012 and 2015
and is typically excluded in analyses of the broader dataset
(Anderson et al. 2019) because of the differences in gear and
the limited temporal coverage. Thus, we considered the SoG
Trawl survey as a separate survey in our single-survey models
but not in our integrated models (see the “Model Compari-
son” section for details).

A summary of the models is provided in Table 1. All mod-
els included the fixed and spatiotemporal random effects
described previously except for the SoG Trawl single-survey
model where fixed effects other than depth were dropped
because more complex models failed to converge due to the
low number of observations in that dataset. We integrated
the surveys using a categorical fixed effect (i.e., HBLL vs. IPHC
vs. Trawl) to account for methodological differences between
the surveys. This survey effect was included in both the in-
tegrated longline model and in the fully integrated model.
Because we did not use a survey effect to distinguish be-
tween the Outer and SoG trawls, there was no survey ef-
fect in the integrated gear trawl model. Species responses to
the environmental conditions were shared across surveys in
the integrated models, but the overall probability of occur-
rence could vary depending on the survey. Although there are
some methodological differences in the trawl surveys in the
SoG compared with the other regions, we assume that these
differences would have minimal effect on presence-absence
data. Furthermore, it would not be possible to distinguish
these effects from the spatial and environmental differences
that exist between the SoG and the outer shelf, which we as-
sume have a larger impact on species occurrences. Thus, we
elected to consider all trawl surveys as a single survey in the
integrated models.

Model comparison

We compared models based on their predictive accuracy es-
timated using spatial block cross-validation. We used three-
fold cross-validation with folds arranged sequentially over 24
blocks that divided the coastline equally from north to south
(Fig. S6). We assessed predictive accuracy using the area un-
der the curve (AUC; Pearce and Ferrier 2000) and the expected

‘Canadian Science Publishing

log pointwise predicted density (ELPD; Vehtari et al. 2017) of
the withheld data in the cross-validation. Because the folds
did not contain equal numbers of observations, we elected
not to estimate our predictive accuracy within each fold and
then average. Instead, we collected the predicted values from
all three cross-validation folds and then estimated predictive
accuracy from the full dataset. We also estimated our pre-
dictive accuracy statistics separately for data from each in-
dividual survey. This allowed us to compare the accuracy of
the single-survey models with the integrated models when
predicting the same data. In addition, we calculated model
residuals using the DHARMa package (Hartig 2022), simulat-
ing new observations with all parameters at their maximum
likelihood estimates, and visually inspected model residuals
using quantile-quantile plots (Fig. S7).

Estimated response curves

We estimated species’ response curves for each environ-
mental gradient while setting all other environmental val-
ues to their mean across all surveys and setting year as 2015.
We used 2015 because this is the most recent year in which
we have data from all surveys. For each environmental gra-
dient, we estimated the response curves across the full range
of values present for which we make our spatial predictions
(see next section), regardless of whether that range of condi-
tions was sampled by the specific surveys used to train the
model. We set the random field values to zero, thereby re-
moving their uncertainty from the response curves.

Selection of final model for each species

After comparing the predictive accuracy of the various
models, we selected a model for each species for our final spa-
tial predictions. We selected this final model for each species
by applying a series of decisions:

(1) Exclude SoG Trawl single-survey models because of their
spatial coverage constraints.

(2) Exclude all models with a cross-validation AUC less than
0.7 because of low predictive accuracy.

(3) Select the highest level of integration within the remain-
ing models.

(4) When a fully integrated model is selected, select the sur-
vey for making predictions (i.e., survey fixed effect) based
on which survey has the higher proportion of occur-
rences for that species, with two exceptions—we elected
not to select the IPHC survey for Pacific Halibut and North
Pacific Spiny Dogfish as these species have an extremely
high affinity for longlines and were caught in more than
98% of all sets. Although the IPHC survey is well suited to
estimating spatial variation in biomass for these species
(Webster et al. 2020), this high catch rate makes it poorly
suited for a presence-absence model.

Spatial species distribution predictions

We made predictions of species occurrence for our selected
models at a 1 km resolution and at a resolution of 3 km
for our non-selected models. This lower resolution was used
for computational efficiency as these predictions were only
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Table 1. Summary of models including the model name, the level of integration (Type), the surveys that the model
was trained on (Survey inputs), the fixed effects, the random effects, and the surveys for which the model can make

predictions (Prediction surveys).

Model name Type Survey inputs Fixed effects Random effects Prediction surveys
HBLL Single HBLL All environmental Spatial + spatiotemporal HBLL

IPHC Single IPHC All environmental Spatial + spatiotemporal IPHC

Outer Trawl Single Outer Trawl All environmental Spatial + spatiotemporal Outer Trawl

SoG Trawl Single SoG Trawl Depth Spatial + spatiotemporal SoG Trawl
Longline Integrated gear HBLL, IPHC All environmental + survey Spatial + spatiotemporal HBLL, IPHC

Trawl Integrated gear  All trawls All environmental Spatial + spatiotemporal Trawl

Fully integrated Fully integrated All surveys All environmental + Spatial + spatiotemporal HBLL, IPHC, Trawl

surveysx

«HBLL vs. IPHC vs. Trawl.

used to illustrate differences between the outputs of the var-
ious models. Predictions were made across the full British
Columbia coast for areas where seafloor depth was between
10 and 1400 m and mean sumimner bottom salinity was above
28 PSU. These values correspond to the approximate range
of environmental conditions sampled in the surveys (Fig. S8).
Environmental values were obtained by averaging the 100 m
resolution environmental data described previously within
each 1 or 3 km grid cell. The 1 km resolution for our selected
models was chosen because it corresponds with the average
distance between the start and end coordinates of the HBLL
surveys (1.1 km) and is in the same magnitude as the average
trawl length (1.8 km). Finer scale predictions could be made
if necessary (e.g., Nephin et al. 2020). However, this would
require making the assumption that a model trained on sur-
vey data, which integrates multiple kilometres of habitat, can
make predictions at finer spatial resolutions. All species dis-
tribution predictions were made using models fit to the full
dataset, rather than using the cross-validation models. Pre-
dictions were made for 2012-2015 and then averaged across
years in each grid cell. We elected to use this time span be-
cause the SoG Trawl survey was only conducted in 2012 and
2015 and so our predictions would not require extrapolation
beyond the years in which we have data. Using the mean
value across multiple years ensured that our predictions are
not heavily influenced by year-to-year variation in predicted
species occurrences.

For each model, we repeated our predictions for each sur-
vey that was included in the model. For the single-survey
methods, this corresponds to a single prediction across the
region, which generally requires considerable extrapolation
to areas and environmental conditions that were not sampled
by that survey. In the integrated models, this corresponds to
multiple predictions across the coast, each of which are our
predictions for the probability of catching a species if that
survey were used across the entire spatial extent. Again, this
requires extrapolation into areas that were not sampled by
that survey, but now these predictions are also informed by
the other surveys that did sample in those regions.

To obtain confidence estimates of species occurrences, we
drew 500 simulated values from the joint precision matrix of
our model, assuming a multivariate normal distribution on
the parameters as transformed internally in the model (sensu

Gelman and Hill 2007). We calculated the standard error (SE)
of our predictions as the standard deviation of these simu-
lated values. To compare how integrating the surveys changes
prediction uncertainty, we calculated the ratio between the
integrated model SE and the single-survey model SE for each
grid cell and year combination: Si]';:iig‘:d We made this com-
parison for both the integrated gear vs. single model as well
as for the fully integrated vs. single model. We then calcu-
lated the median value across all grid cells and years to obtain
a central value of uncertainty change for each species.

To identify occurrence hotspots for the individual species,
we calculated the proportion of simulated values in each grid
cell that exceeded a high occurrence threshold. This thresh-
old was the lower of (1) 0.8 and (2) the 80th percentile of the
predicted probability of occurrence values across all grid cells
that had a probability of occurrence greater than 0.05. Ex-
cluding grid cells with a probability of occurrence lower than
0.05 ensured that habitats that were unsuitable were not in-
cluded. Using an upper bound of 0.8 for the hotspot thresh-
old ensured that thresholds were not unreasonably high for
species with high occurrence probability where it is predicted
to be found (e.g., >0.999 for Longspine Thornyhead).

Species richness predictions

We predicted species richness by summing the predicted
species occurrences within each grid cell across all the se-
lected final models (sensu Ovaskainen and Abrego 2020). This
value should be interpreted as the number of species that
would be expected to be caught if that location were surveyed
using the most appropriate survey method for each species.
This assumes, for example, that if one species has a probabil-
ity of occurrence of 0.6 and another species has a probability
of 0.8 in a given location, then a survey would catch an aver-
age of 1.4 species at that location if sampled repeatedly.

Results

There was large variation in the estimated environmental
response curves based on the models fit to the individual sur-
veys and these response curves often had high uncertainty,
particularly in portions of the environmental range that were
not well sampled by the survey (e.g., Fig. 2). Integrating the
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Fig. 2. Estimated environmental response curves for Pacific cod (Gadus macrocephalus) as an example of how the integrated
models estimate coefficients that are consistent with other data sources. Estimates are with all other predictors set at their
mean values. Only a select set of environmental covariates used in the model is shown. The models trained on just one survey
are shown in yellow, the integrated gear models (trained on the HBLL and IPHC together, or the Outer Trawl and SoG Trawl
together) are shown in red, and the fully integrated models that are trained on all four surveys are shown in blue. Each
row shows the survey (fixed effect) used to make the predictions, labelled on the right-hand side. The lines show the mean
estimated values and the bands show the 95% confidence intervals, which include intercept and main effect uncertainty but
exclude random field uncertainty. The ticks at the top of the panels show the environmental conditions for all the individual
survey sets. Note that only depth is included in the single model for the SoG Trawl. Our decision rules recommended making
predictions for Pacific cod using the fully integrated model with fixed effect for survey set to Outer Trawl. See Supplementary
Material C or our Shiny app (https://msea.science/integrated_gf shiny/) for the environmental response curves for other species.
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models aligned these response curves and tended to reduce
uncertainty.

The single-survey models differed in their predicted spa-
tial distributions (e.g., Fig. 3). The single-survey model pre-
dictions tended to differ the most in regions where one or
more surveys did not sample. Integrating the surveys aligned
the spatial pattern of the predictions, but the models differed
in their estimated occurrence values depending on for which
survey the predictions were made. For example, the Outer
Trawl survey tended to make poor predictions in the Strait of
Georgia, but this was corrected when the data from the SoG
Trawl were integrated.

All 65 species included in our analysis had at least one
model that met our inclusion criteria of having an AUC above
0.7. The final models selected included 29 fully integrated
models, 33 integrated gear models, and 3 single-survey mod-
els (Fig. 4). In the fully integrated models, our decision rules
recommended making predictions using Outer Trawl as the

survey fixed effect for 19 species, with HBLL as the fixed effect
in 8 species, and with IPHC as the fixed effect in 2 species.
All but one selected integrated gear models were based on
the longline surveys and for these our decision rules recom-
mended making predictions using the HBLL survey. All single-
survey models are based on the HBLL survey. The species-
specific outputs from the selected models (i.e., occurrence
prediction maps, hotspot probability maps, environmental
response curves) are available in Supplementary Materials
B-D and in our Shiny app (https://msea.science/integrated_gf
_shinyy).

Integration resulted in an average increase in model
AUC for predicting data from the two surveys with the
fewest samples (IPHC and SoG Trawl), and negligible dif-
ferences for the surveys with more data (HBLL and Outer
Trawl; Table 2; Figs. 5a and 5b). The greatest improve-
ment in AUC was for predicting data from the IPHC survey
(both integrated models) and for predicting the SOG Trawl
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Fig. 3. Example of how integrating alters the predicted spatial distribution of the species, using Pacific cod (Gadus macrocephalus)
as an example. Panel (a) shows the locations of the sets for each of the four surveys (panels), and sets that contained Pacific cod
are shown in red; sets without Pacific cod are shown in black. Panel (b) shows the predicted probability of occurrence of Pacific
cod across the full coast at a 3 km grid cell scale. The three types of models—single, integrated gear, and fully integrated—are
shown in different columns. Each row shows the survey (fixed effect) used to make the predictions, labelled on the right-hand
side. Our decision rules recommended making predictions for Pacific cod using the fully integrated model with fixed effect
for survey set to Outer Trawl. See Supplementary Material D or our Shiny app (https://msea.science/integrated_gf shiny]) for
the predicted occurrence maps for other species. Map projection is NAD83/BC Albers and the coastline polygon was produced
by the Canadian Hydrographic Service, DFO.

b
Survey Observations Pacific Cod
Single Integrated Gear

54°N 4 § 54°N { > 1
52ON | I 520N -

@

—

—
50°N 1 50°N 1
48°N 48°N

540N {*F 54°N

52°N 52°N o

OHdI

50°N - 50°N 4

48°N 48°N A
54°N 54°N
o o
52°N 4 =z 52°N - =
= -
) )
50°N - = 50°N - =
48°N - 48°N A
54°N 4 54°N
¢ ¢
52°N A o) 52°N - 2
3 )
50°N - = 50°N 4 =3
48°N A T T T £ 48°N T T T T T il T T T ¥ :;
132°W  128°W  124°W 132°W  128°W  124°W  132°W  128°W  124°W  132°W  128°W  124°W

present - 0 - 1 Prob. occur. “

0.00 0.25 0.50 0.75 1.00

survey with the fully integrated model. Integration resulted = with increases and decreases being roughly balanced
in no median change or minimal changes to the AUC (Fig. S9).

when predicting the HBLL and Outer Trawl data. Integra- Integration generally reduced uncertainty in the model
tion also resulted in minimal changes in ELPD (Table 2), predictions but there was variation across species and
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Fig. 4. Predictive accuracy (AUC) of the selected model for each species. Species are distinguished based on whether the selected
model was based on a single survey or whether it integrated surveys of common gear type (integrated gear) or integrated all
surveys (fully integrated). The colour of each point indicates either the corresponding survey for the single-survey models or
the survey that our decision rules recommend for making further predictions (e.g., maps) in the integrated models.

Selected Models

Tiger Rockfish 4 ®
Vermilion Rockfish o
Cabezon A

a|buis

Bigeye Poacher - [}
Widow Rockfish 4 [}
Redstripe Rockfish = L ]
Yellowtail Rockfish = [ ]
Pygmy Rockfish 4 [ ]
Shortbelly Rockfish L ]
Darkblotched Rockfish [
Threadfin Sculpin o [}
Sharpchin Rockfish o [
Harlequin Rockfish =
Slender Sole -
English Sole -
Pacific Herring
Pacific Hake
Rex Sole 4
Blackbelly Eelpout 1 [ ]
Eulachon - [ ]
Bigfin Eelpout A [
Splitnose Rockfish )
Pacific Ocean Perch [ ]
Darkfin Sculpin [
Black Eelpout 4 [
Kelp Greenling - [}
Pacific Tomcod - L ]
Curlfin Sole [ ]
[ J
[ J
o
[ ]

leen) pejeibolu|

American Shad

Pacific Sand Lance

Butter Sole 1

China Rockfish -

Roughback Sculpin L ]

Sturgeon Poacher - ® IPHC
Longspine Thornyhead [ ]

Sand Sole @

Survey
e HBLL

e Trawl

Lingcod A [ J
Big Skate -
Yelloweye Rockfish - ®
Canary Rockfish o [ ]
North Pacific Spiny Dogfish - [}
Longnose Skate
Sandpaper Skate - [ ]
Pacific Cod - [
Walleye Pollock °
Bocaccio [ ]
Spotted Ratfish - [}
Rosethorn Rockfish A °
Petrale Sole [
Greenstriped Rockfish - [}
Sablefish A °
Silvergray Rockfish 4 [ J
Quillback Rockfish 4 [ ]
Yellowmouth Rockfish = [ ]
Dover Sole - [ ]
Flathead Sole - [ ]
Copper Rockfish [
Rougheye Rockfish Complex 4 [ ]
Redbanded Rockfish - [ ]
Pacific Halibut [
Shortraker Rockfish = [}
Pacific Sanddab - [ ]
Arrowtooth Flounder ®
Southern Rock Sole A [
Shortspine Thornyhead - []

0.7 0.8 0.9 1.0
Predictive accuracy (AUC)

pajeibayu| Ajing

surveys (Fig. 6) and across space (Fig. 7). The largest re- creased for the other surveys (Table 2). For all surveys, the me-
ductions in uncertainty were for the predictions based on dian reduction in uncertainty was greater for the fully inte-
the IPHC and SoG Trawl surveys, but uncertainty also de- grated model compared with the integrated gear model. The
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Table 2. Comparison predictive accuracy change (AAUC, AELPD) and stan-
dard error (SE) change between the single-survey models and the integrated

gear or fully integrated models.

Model Survey AAUC AELPD SE ratio
Integrated gear
Integrated gear HBLL 0.001 —0.0012 0.97
Integrated gear IPHC 0.026 0.0064 0.50
Integrated gear Outer Trawl 0.000 —0.0003 0.99
Integrated gear SoG Trawl 0.000 0.0000 0.86
Fully integrated
Fully integrated HBLL —0.005 —0.0058 0.78
Fully integrated IPHC 0.038 —0.0048 0.04
Fully integrated Outer Trawl —0.002 —0.0066 0.90
Fully integrated SoG Trawl 0.056 0.0025 0.77

Note: AAUC (ELPD) is the integrated model AUC (ELPD) minus the single-survey model AUC (ELPD). SE
ratio is the median standard error (across all grid cells) of the integrated model divided by the median
standard error in the single-survey model. All values are medians across all species.

Fig. 5. Predictive accuracy difference, as measured by area under the curve (AUC) based on spatial block cross-validation,
between the single-survey models and the integrated gear (a) or fully integrated (b) models. Positive values (green) indicate an
increase in predictive accuracy in the integrated model over the single-survey model. Each point represents a single species.
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spatial pattern of uncertainty change from integration was
heterogeneous, but in general, integration tended to reduce
uncertainty in areas that are not well sampled by the sur-
veys but have minor changes in areas that are well sampled
(Fig. 7).

Predicted species richness ranged spatially from 1.2 to 25
with a median value of 15.6 (Fig. 8a). Predicted species rich-
ness was generally higher on the outer shelf than in the wa-
ters to the east and south of Vancouver Island (e.g., Strait of
Georgia, Juan de Fuca Strait, Johnstone Strait; Fig. 1a). The
median SE of predicted occurrences across species ranged
spatially from 0.67 to 5.1 with a median value of 1.2 (Fig. 8b).
These SEs were lowest on the outer shelf where the Outer
Trawl survey is conducted and was highest in the inlets, the
Strait of Georgia, and the Juan de Fuca Strait, where less data
are available.
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Discussion

Our analyses suggest that integrating data from multi-
ple scientific surveys can provide improved predictions of
groundfish species occurrence and biodiversity patterns in
Canadian Pacific waters. Integration allowed us to develop
models that were informed by data that cover a much broader
environmental and spatial range, resulting in model parame-
ters that were consistent with the full range of survey data in
the region. Integration resulted in increased predictive accu-
racy for the majority of species. This increase in accuracy was
most often seen when predicting data from the more data-
limited surveys (i.e., SoG Trawl and IPHC for some species),
whereas integration had negligible impacts on predictive ac-
curacy for the Outer Trawl and HBLL surveys where data are
already sufficient in most cases. However, the main benefit
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Fig. 6. Comparison across species of the change in the size of the standard error of the predicted occurrence values in the
integrated models and the single-survey models. Each point represents a single species and is the median value of the ratio
between the integrated standard error and the single-survey standard error across all 3 km grid cells in the model. Values below
1 (green) represent a decrease in standard error in the integrated models. Panel (a) shows the comparison for the integrated
gear model. Panel (b) shows the comparison for the fully integrated model.
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of integration was that it resulted in higher model certainty
as quantified by the changes in the SE of the predictions.
Thus, the integrated model predictions represent a substan-
tial improvement over the single-survey models because they
allowed us to make coastwide predictions with higher cer-
tainty, while increasing the accuracy of predictions in areas
that are not as frequently sampled.

We expected that the integrated models would have in-
creased predictive accuracy over individual models because
integration should allow for more accurate estimates of how
the environmental covariates shape species’ distributions
(Miller et al. 2019). This was likely the case for the many
species for which the integrated models had higher AUC
when predicting occurrences, particularly in the more data-
limited SoG Trawl and IPHC (for some species) surveys. These
increases in model accuracy are consistent with improved
model performance that integration provided in a model of
cusk in the Gulf of Maine (Runnebaum et al. 2018). How-
ever, there are also species that showed a decrease in AUC in
the integrated models—again primarily in the SoG Trawl and
IPHC surveys. These cases likely reflect single-survey mod-
els that were overfit to the data and so had higher predic-
tive accuracy but were not consistent with data from the
rest of the surveys. However, it is also possible that, for
some species, the reduction in AUC from integration could
be a signal that the surveys are sampling different subsets
of the species that differ in their environmental responses
(e.g., Dahlke et al. 2020). For example, if juveniles inhabit
nearshore habitats and are sampled by one survey, and adults
live in deeper habitats and are sampled by another survey.
These surveys are not well suited to catch very young fish
and there tends to be high overlap in the length distribu-
tions of individuals caught in the HBLL and trawl surveys (Fig.

Single survey vs. fully integrated model
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$10). However, lengths do differ for some species, which in-
dicates that the surveys may be catching different life stages.
In such cases, integration would result in environmental re-
sponse curves that are broader than those that would de-
fine any individual life stage. Nevertheless, the fact that
integration tended to increase the predictive accuracy of the
data-limited surveys, while having minimal impact on the
predictive accuracy of the data-rich surveys (i.e., HBLL and the
Outer Trawl survey), suggests that integration tends to result
in models that are as good, or better than the single-survey
models.

In contrast to the mixed effects on predictive accuracy, in-
tegration had more consistent benefits for reducing model
uncertainty. This was expressed both in the fact that integra-
tion decreased model uncertainty for most species (Fig. 6),
and in most locations on the coast (Fig. 7). This is consis-
tent with the reduction in uncertainty in integrated models
of Gulf of Mexico Red Snapper (Griiss and Thorson 2019) or
when integrating commercial with survey data (Rufener et al.
2021). Across the diversity of species included in our analysis,
these reductions in uncertainty were common. Like with pre-
dictive accuracy, the largest changes in uncertainty occurred
when making predictions based on the more data-limited
SoG Trawl and IPHC (for some species) surveys. This rein-
forces the conclusion that integrated models tend to have the
greatest benefit when data are limited, while having minimal
influence in more data-rich scenarios. Nevertheless, there
was still considerable spatial variation in the uncertainty of
our model predictions. Areas such as the continental shelf
that are well sampled had small confidence intervals, but
our predictions were much less certain in areas off the conti-
nental shelf break, within the Strait of Georgia, the Juan de
Fuca Strait, Johnstone Strait, and in the inlets and fjords. This
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Fig. 7. Map of the proportional change in the standard error of the species occurrence predictions due to integration in the
various surveys. Values are medians across all species within each 3 km grid cell. All standard error ratios are based on the value
in the integrated model (i.e., fully integrated or integrated gear) divided by the value from the single-survey model. Values below
1 (blue) represent a proportional reduction in uncertainty in the integrated models; values above 1 (red) represent proportional
increases in uncertainty in the integrated models. The two levels of integration are shown in the columns; the four surveys are
shown in the rows. Map projection is NAD83/BC Albers and the coastline polygon was produced by the Canadian Hydrographic

Service, DFO.
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suggests that our understanding of the groundfish commu-
nity in these areas would benefit greatly from additional sam-
pling effort focused in these areas.

When selecting the final model for estimating species oc-
currence distributions, we balanced the ability of the models
to predict data from the individual surveys with our confi-
dence in using the models to make predictions in areas that
are less frequently sampled. This meant that we did not nec-
essarily select the model that most accurately predicted the
survey data that it was trained on. Instead, we opted to se-
lect the model that integrated across the most surveys pos-
sible, provided it had adequate predictive accuracy (i.e., AUC
> 0.7). For the species where the fully integrated model was
not selected, this tended to be because the species was not
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caught in sufficient frequency in the other surveys to allow
the fully integrated model to be fit. We have less confidence
in applying these models to the full spatial extent of the re-
gion because more extrapolation is involved compared with
when full integration is possible.

A downside of using presence-absence data to integrate dif-
ferent surveys is that our models cannot provide predictions
of abundance or biomass. Models that integrate long line and
trawl data to predict biomass have been developed, but so far
have been limited to single species (e.g., Runnebaum et al.
2018; Webster et al. 2020). Scaling these methods up to make
predictions at the scale of the entire groundfish community
will require further consideration, especially with respect to
length selectivity, but is a promising future direction.
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Fig. 8. Map of the predicted number of species in each location (i.e., species richness) (a) and the median standard error of
predicted occurrence in link space across all species (b). Predictions are made at a 1 km resolution. Colour scale in panel (b)
is log transformed. See our Shiny app (https://msea.science/integrated_gf shiny/) for an interactive version of panel (a). Map
projection is NAD83/BC Albers and the coastline polygon was produced by the Canadian Hydrographic Service, DFO.
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While integrating data from multiple surveys resulted in
clear benefits for our predictions of almost all species, this
does not suggest that integration will always improve model
performance. Integration requires that data sources contain
sufficient overlap in environmental and geographic space
so that differences in observation probability between data
sources can be accurately estimated (Isaac et al. 2020). There-
fore, integrating surveys that target distinct geographic ar-
eas or environmental conditions will require making addi-
tional assumptions about which factors are responsible for
the differences in observation probability. In addition, many
integrated models couple high-quality survey data covering
a limited spatial and temporal extent with lower quality
observation data (e.g., from databases such as the Global Bio-
diversity Information Facility and the Ocean Biodiversity In-
formation System) that cover a much broader extent (Fletcher
et al. 2019). While such integration may allow for predictions
across a broader extent, these models may sacrifice accuracy
compared with models trained only on higher quality data.
Nevertheless, simulations have shown that such reductions
in accuracy can be avoided or minimized when biases in the
data are properly accounted for (Simmonds et al. 2020). Inte-
grating our three fishery-independent surveys was relatively
straightforward because they overlap in space, have good
spatial balance, and provide presence-absence estimates.
However, a wealth of additional data exist in the marine en-
vironment from sources such as commercial catch, oppor-
tunistic observations, museum collections, and eDNA. Point
process models could allow these diverse, but often highly

132°W 128°W

biased, data types to be integrated with fishery-independent
surveys, which may provide additional insight into the dis-
tribution of marine species (e.g., Rufener et al. 2021; Watson
et al. 2021).

Our final selected models provide predictions of species oc-
currence for 65 groundfish species that can inform ongoing
marine spatial planning initiatives in Canadian Pacific wa-
ters. Previous models of groundfish distribution and diversity
in this region have been informed by data from single-survey
types, and thus their predictions have been spatially limited
to subsets of the region (Nephin et al. 2020). Here, integra-
tion allowed us to make predictions that span nearly the full
extent of the continental shelf and slope in Canadian Pacific
waters up to a depth of 1400 m. In particular, we provided pre-
dictions in areas such as the fjords and inlets and the Strait
of Georgia, which are areas where we previously lacked this
information (Anderson et al. 2019; Carrasquilla-Henao et al.
2019, Thompson et al. 2022). These models have the poten-
tial to identify the diversity of the groundfish community and
the specific species that are likely to be present in locations
that may be impacted by oil spills or other anthropogenic or
environmental impacts and will be used to inform ongoing
marine spatial planning initiatives (e.g., PNCIMA 2017; MPA
Network 2022). In addition, because our models identify areas
of our coast where uncertainty is highest, they can be used to
target areas for additional sampling to benefit models in the
future. Overall, this analysis demonstrates how existing sur-
veys can be integrated to increase the accuracy, confidence,
and spatial extent of biodiversity and species occurrence pre-
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dictions to support the spatial management of marine ecosys-
tems.
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