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Conservation of mobile organisms is difficult in the absence of detailed information about movement and habitat use. While the miniaturization of tracking devices has eased the collection of such information, it remains logistically and financially difficult to track a wide range of species across a large geographic scale. Predictive distribution models can be used to fill this gap by integrating both telemetry and census data to construct distribution maps and inform conservation goals and planning. We used tracking data from 520 individuals of 14 seabird species in Atlantic Canada to first compare foraging range and distance to shorelines among species across colonies, and then developed tree-based machine-learning models to predict foraging distributions for more than 5000 breeding sites distributed along more than 5000 km of shoreline. Despite large variability in foraging ranges among species, tracking data revealed clusters of species using similar foraging habitats (e.g., nearshore vs. offshore foragers), and within species, foraging range was highly colony-specific. Even with this variability, distance from the nesting colony was an important predictor of distribution for nearly all species, while distance from coastlines and bathymetry (slope and ruggedness) were additional important predictors for some species. Overall, we demonstrated the utility of tree-based machine-learning approach when modeling tracking data to predict distributions at un-sampled colonies. Although tracking and colony data have some shortcomings (e.g., fewer data for some species), where results need to be interpreted with care in some cases, applying methods for modeling breeding season distributions of seabirds allows for broader-scale conservation assessment. The modeled distributions can be used in decisions about planning for offshore recreation and commercial activities and to inform conservation planning at regional scales.
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Introduction

There is considerable interest in using seabirds to identify ecologically important marine areas (Hooker and Gerber, 2004; Lascelles et al., 2016; Krüger et al., 2017; Hindell et al., 2020). Seabird marine distributions, both around colonies and offshore, may be key information sources for designating Marine Protected Areas (MPAs) (Hyrenback et al., 2000; Ronconi et al., 2012; Davies et al., 2021) or proposing other conservation measures (Arcos et al., 2012; O’Brien et al., 2012; Sonntag et al., 2012; Augé et al., 2018). Globally, seabirds are threatened by a broad range of anthropogenic activities at sea (Cury et al., 2011; Zydelis et al., 2013; Lieske et al., 2019) which necessitates marine conservation planning to mitigate threats. Moreover, seabirds are considered important indicators of marine ecosystem processes (Piatt et al., 2007), and because they are readily observable and tracked, they may serve as sentinels for broad-scale marine conservation planning for other marine top predators (Hazen et al., 2019; Hindell et al., 2020).

Fundamentally, setting priorities for marine area conservation is a spatial allocation decision-making process, and is more likely to succeed when information about biological resources can be combined with an assessment of threats and risks of interacting with those threats (Le Corre et al., 2012; Montevecchi et al., 2012; Lieske et al., 2020). For instance, cumulative risks can be assessed by overlaying multiple spatial layers (Halpern et al., 2008; Ban et al., 2010) to better understand spatial patterns of offshore marine anthropogenic threats. Understanding the foraging areas of certain seabird species can highlight areas of importance to a species and where individuals might be particularly vulnerable during the breeding season (Thaxter et al., 2012; Soanes et al., 2016; Wakefield et al., 2017; Cleasby et al., 2020). Such information forms the base upon which considerations for marine conservation can be layered to provide direct protection of seabirds from threats or indirect protection through conservation of their prey base and habitats.

Seabird foraging areas may be quantified in many ways, the simplest being the delineation of foraging ranges as maximum distributions around breeding colonies (Thaxter et al., 2012; Oppel et al., 2018). A maximum radius approach, however, does not consider underlying habitat associations and is further complicated by significant within and among individual, species, colony, and annual variation (Thaxter et al., 2012; Soanes et al., 2016; Camprasse et al., 2017). Model-based approaches offer a way to relate foraging distributions to important constraints, such as interactions between distance to a colony and underlying habitat requirements, and allow better estimation of geographic areas where a species is most likely to be present (Soanes et al., 2016; Wakefield et al., 2017; Baylis et al., 2019). Furthermore, because it is logistically and financially intractable to obtain tracking information from all species across all of their breeding sites, a modelling approach that incorporates data on species-specific and colony-based foraging areas for sampled colonies provides a way to extrapolate distributions to other colonies that have no tracking data, thereby addressing critical information gaps (Grecian et al., 2012; Gaston et al., 2013; Wakefield et al., 2017; Hindell et al., 2020). Although foraging ranges may be applied as a preliminary tool to investigate important marine areas for breeding seabirds (Thaxter et al., 2012), such foraging radii extrapolation can be further improved with consideration of colony population sizes (Grecian et al., 2012; Jovani et al., 2016) and density dependent effects (Wakefield et al., 2017), indicating the predicted abundance of birds within a particular foraging radius.

While attending the colony, seabirds are central place foragers, and thus are geographically constrained (Orians and Pearson, 1979). This means that their feeding areas and foraging decisions are constrained by how far they can fly from a colony before having to return to incubate eggs or feed chicks. Seabird distribution during the nesting period is limited by a complex set of interacting factors including time and energetic constraints associated with flight and commuting distance (Houston and McNamara, 1985), competition with conspecifics (Elliott et al., 2009; Wakefield et al., 2013), availability of prey within foraging ranges (Birt et al., 1987; Burke and Montevecchi, 2009), as well as both dynamic and static marine habitat variables affecting prey distribution, such as oceanographic fronts and bathymetry (Weimerskirch, 2007; Bost et al., 2009; Soanes et al., 2016). Taken together, these constraints can determine and control the realized foraging ranges of breeding seabirds (Gaston et al., 2013).

We used tracking data and a machine-learning approach to model distributions of seabirds around colonies as a function of distance from colony sites, coastlines, and shelf breaks, as well as associations with seafloor characteristics such as depth, slope, and ruggedness. Constructing this model based on static environmental variables ensured that central place foraging constraints could be captured (e.g. Wakefield et al., 2017) while still maintaining sufficient generalizability for predictions to be applicable to other colonies. Machine-learning techniques such as Boosted Regression Trees (BRT) make no assumptions about the functional forms of relationships with the predictors, are flexible in handling missing data, and can easily capture complex, non-linear interactions (De’ath and Fabricius, 2000; Lieske et al., 2018) such as those that may underlie seabird foraging distributions. Similarly, Hindell et al. (2020) used BRT to model multi-species tracking data to develop broad-scale, predictive maps for marine conservation planning in the Southern Ocean.

Using tracking data compiled from 2005 to 2016, we investigated foraging ranges of 14 of the 21 marine bird species that regularly breed in Atlantic Canada, representing different families, modes of foraging, and positions in marine food webs: pursuit-diving piscivores (5 species), a plunge-diving piscivore (1), surface-feeding piscivores and scavengers (6), surface-feeding planktivore (1), and a benthic foraging seaduck (1). Our objectives were to 1) describe marine bird foraging ranges as a function of several environmental covariates, 2) examine inter- and intraspecific variability in foraging ranges, comparing against available literature, and 3) develop a predictive modeling approach to make region-wide species distribution models for breeding seabirds in Atlantic Canada. The latter objective used BRT model-derived predictions combined with information on colony size from a comprehensive colony database of more than 3500 sites surveyed between 1996 and 2016. Our goal was to better describe and predict the marine distribution of a suite of species around breeding colonies, thereby creating the first layer of information for identifying important marine areas, and laying an enhanced groundwork for assessing risks and setting conservation priorities in Atlantic Canada (Lieske et al., 2020).



Methods


Study Area and Species

This study focused on seabirds and one seaduck species (hereafter “seabird” unless specifically referring to seaducks) tracked in Atlantic Canada (Figure 1) including Newfoundland and Labrador (NL), Nova Scotia (NS), New Brunswick (NB), Prince Edward Island (PEI), and Quebec(QC). Major eco-regions in this area include the Bay of Fundy (NB/NS), Scotian Shelf (NS), Laurentian Channel (NS/NL), Gulf of Saint Lawrence (NB/PEI/NS/NL/QC), Grand Banks (NL), and Labrador Shelf (NL). Seabird colony data (site locations and census numbers) were obtained from all provinces (see below). Tracking data were obtained from government and academic researchers from studies in all provinces except Prince Edward Island (no known studies in this province). We studied 14 seabird species in Atlantic Canada representing five foraging guilds (Table 1, see also Table S1 for sample sizes and study years). Study species encompassed most breeding seabird species from this region, for which tracking data were available: common eider (Somateria mollissima dresseri), Leach’s storm-petrel (Hydrobates leucorhous), northern gannet (Morus bassanus), great black-backed gull (Larus marinus), herring gulls (L. smithsoniansus), black-legged kittiwake (Rissa tridactyla), common tern (Sterna hirundo), Arctic tern (S. paradisaea), roseate tern (S. dougallii), razorbill (Alca torda), Atlantic puffin (Fratercula arctica), common murre (Uria aalge), thick-billed murre (U. lomvia), and black guillemot (Cepphus grylle).




Figure 1 | Distribution of colonies from which birds were tracked (hollow circles, “training colonies”) as well as the colonies for which model predictions were applied (solid circles). Model predictions were applied to individual colonies, but colonies are shown here for visualization purposes as numbers of colonies (counts) binned across the landscape. A region-wide view is shown (A), as well as finer scale maps of the Scotian Shelf/Bay of Fundy/Gulf of St. Lawrence (B), island of Newfoundland (C), and Labrador (D).




Table 1 | Study species names, abbreviations, foraging guilds, and tag types.





Colony Data

A comprehensive seabird colony database from Environment and Climate Change Canada (Atlantic Colonial Waterbird Database, Banque informatisée des oiseaux de mer au Québec; http://donnees.ec.gc.ca/data/species/assess/atlantic-colonies-density-analysis/) contained more than 8,000 colony records (species-colony combinations) for five Canadian provinces (Figure 1), most of which were accompanied by estimates of population size, dating back to the 1960s. In Quebec, our analysis included only colonies from the Gulf of St. Lawrence, thus excluding colonies from the northern Arctic coastlines. From this, we extracted the largest known colony size for each site and species in the last 20 years (1996 to 2016), resulting in 3556 unique sites (colony locations) and 5318 species-colony combinations. As a precautionary approach, by selecting the largest known population size per species at each site within that period, we account for variation in survey timing, survey methods, cyclical natures of some populations, and declining colonies that might recover – this is meant to capture the recent potential for seabird distributions in a given area and to ensure consistency across sites. By including colony data from the most recent 20 years, data represented both current and past colony locations and helped identify not only the important colonies, but the range of possibilities (i.e., if some colonies had disappeared). This selection also ensured that remote, less frequently visited colony sites were not excluded from the analysis.



Tracking Data

Tracking data were obtained from 520 tag deployments between 2005-2016 at 23 sites, providing 43 independent datasets (species-site combinations; Table 2 and Figure 1). At the time, this included all known telemetry studies using devices enabling geographic positions of breeding seabirds in Atlantic Canada, plus additional data from common eiders from two colonies in Maine, USA, and from Leach’s storm-petrel from one colony in France (Saint Pierre and Miquelon). These included unpublished data (Black, 2006; Symons, 2018; and other unpublished sources) as well as reassessment of previously published data on terns (Rock et al., 2007a; Rock et al., 2007b; Pratte et al., 2021), gulls (Maynard & Ronconi, 2018; Anderson et al., 2019; Shlepr et al., 2021), alcids (Regular et al., 2013; Pratte et al., 2017; Gulka et al., 2019), northern gannet (Garthe et al., 2007; Garthe et al., 2011; Montevecchi et al., 2012), Leach’s storm-petrel (Pollet et al., 2014; Hedd et al., 2018), and common eider (Mallory et al., 2020).


Table 2 | Study species and sites where tracking devices were deployed (see Table 3 for tracking effort).



Species were tracked with different tag types (Table 1 and Table S1, Supplementary Material), each of which have differences in accuracy and location frequency. Though location data frequency (i.e. number of locations per day) varied considerably among species and tag types, the predictive modeling analyses (see below) were done at the site/colony level; therefore we were able to maintain the maximum amount of data at each site, but ensured that there was consistent processing among individuals within species-site combinations. The following data quality considerations were applied. Ten species were tracked with GPS tags with expected positional accuracy of < 15 m. Great black-backed gulls (Sable Island) and common eiders (all sites) were tracked with Platform Terminal Transmitters (PTTs) and we used the highest accuracy location classes of 2 and 3 (expected accuracy <1000 m and <500 m, respectively; Nicholls et al., 2007). Herring gulls on Sable Island were tracked with GPS-PTT which collected GPS locations at regular intervals of 1 to 2 h, and Argos (PTT) locations every 4 days when tags transmit data to satellites. For these GPS-PTT data we applied Bayesian state-space models to estimate locations at regular (1-h) intervals, giving higher weighting to GPS locations and higher accuracy PTT locations (Jonsen et al., 2005), thus providing estimated locations likely as accurate as most of the GPS data. Bayesian models treated GPS locations as “fixed” locations, used a hierarchical first-difference correlated random walk (hDCRW), was run in batches on groups of 4 birds, and modeled with Markov chain Monte Carlo method with 10,000 iterations (thinned every 10th record) after a burn-in of 40,0000 iterations. Geolocation-Sensing (GLS) tags were used to track Leach’s storm-petrels at all sites (see Pollet et al., 2014; Hedd et al., 2018 for details and data processing). GLS tags have an estimated error of approximately 180 ± 114 (SD) km (Phillips et al., 2004), and given that foraging ranges vary from 500-1500 km for this species, this error still provides a reasonably accurate estimation of at-sea distribution (Hedd et al., 2018). VHF data were obtained from studies of common and Arctic terns (Black, 2006; Rock et al., 2007a) which rely on aerial surveys to obtain location estimates, thus providing limited, but the only, tracking data available for these species. Roseate terns were tracked by VHF tags at Country Island (Rock et al., 2007b) and GPS at North Brother Island (Pratte et al., 2021).

All tags were deployed on breeding adults. Most species were tracked only during the breeding season, except common eiders, herring gulls, and great black-backed gulls, from which we used a breeding-season subset of the year-round tracks. We retained common eider locations from 0-60 days after the estimated hatch date for each colony, when females attend young in crèches as they disperse from nest sites (Goudie et al., 2000). Within this period, we also excluded locations > 30 km from nest sites to account for presumed unsuccessful breeders, which began early migrations (Goudie et al., 2000). For both herring and great black-backed gulls, we included locations during incubation and early chick-rearing, up to 30 days before and after average hatch dates for each colony. For gulls, we also excluded data for presumed unsuccessful breeders that left colonies prematurely, prior to 30 days post-hatch.

To concentrate on locations associated with foraging activity, including transits to foraging areas, we excluded locations associated with colony attendance and focused the analysis on breeding season at-sea distribution for all study species. This was also necessary to make data comparable among species and study sites because not all tag types recorded locations when individuals were at a colony. The proportion of locations obtained for each colony was highly variable depending on tag type, tag programming, and species behaviour. To standardize within species among colonies, and omit “colony attendance”, we used the following criteria. For burrow-nesting Leach’s storm-petrels tracked with GLS, we omitted locations within 50 km of the colony (7% of the data), because these devices had low accuracy in location estimates (see above). For herring and great black-backed gulls which may forage on land and in the intertidal areas of their nesting colonies, we omitted locations within 200 m of nest sites (data associated with localized activities including incubation, chick provisioning, and roosting; 55-59% of the data), but retained locations which occurred on land in other parts of their colonies/islands.

For all other species, a polygon was traced around the colony perimeter using the polygon tool in GoogleEarth, exported as kml files and imported into program R where they were converted to standard internal representations (e.g. SpatialPolygons[DataFrame]) using readOGR function of package ‘rgdal’ (Bivand et al., 2013). These polygons were drawn in consideration of raw tracking data plotted in GoogleEarth to identify and encompass associated roosting sites on colonies or adjacent rocky outcrops (which may not have appeared in the shoreline layer, below). We measured distance of points to the polygons (on the WGS84 ellipsoid) using dist2Line function in package ‘geosphere’ (Hijmans, 2014) and determined if points were “on land” using the gContains function of package ‘rgeos’ (Bivand and Rundel, 2013). We then excluded all points “on land” and at-sea within 20 m of the colony edge (selected as an expected buffer against the accuracy of the shoreline perimeter and the location error of the GPS data). This buffer excluded the following data for each species: common eider (4%), northern gannet (1%), razorbill (37%), Atlantic puffin (5%), common murre (20%), thick-billed murre (48%), black guillemot (26%), roseate tern (73%), and black-legged kittiwake (25%). No locations were excluded from the VHF data collected for tern species, as these were not tracked in the colonies.



Data Quality

Given the wide range of species in this study and associated variability in tracking technology as well as sample sizes, we provide a qualitative assessment of data reliability used to assess foraging ranges and as inputs to predictive distribution models (below). This assessment is not incorporated into modeled results, but is provided to facilitate interpretation and understand the likely reliability of the results.

For each study species, we scored quality and quantity of tracking data, and the completeness and accuracy of colony data, on a scale of 1 (low) to 3 (high): the sum of the scores represent the overall reliability of the model inputs on a scale of 4 (minimum) to 12 (maximum). Quality of tracking data is based on device type: VHF and GLS (code 1), PTT (2), and GPS (3). Quantity of tracking data is based on a combination of the number of individuals, number of sites, and number of bird locations. Examples of low (1) scores include low numbers of location data (terns, common eider), tracking of few individuals (black guillemots) and/or few colonies (black-legged kittiwakes). In contrast, examples of high (3) quantity of data include high sampling intensity (common murre) and/or tracking of many individuals across multiple sites (herring gull, razorbill, Leach’s storm-petrel). Colony data are scored based on their completeness (likelihood that all colony locations are represented in the database) and expected accuracy with respect to population estimates (which may vary by the census method and/or availability of recent estimates). For example, low scores are associated with species that are infrequently censused or difficult to census at colonies (e.g. black guillemot, common eider), and high scores are associated with species that are frequently censused, easy to observe, and accurately counted (e.g. northern gannet, common murre).

While it was beyond the scope of this paper to assess effects of tags on the behaviour and reproduction of each study species, it should always be considered that attaching devices to birds may disrupt their normal behaviours and movements. Species like gulls, terns, and storm-petrels seem to experience slight or no effects of tagging (Pollet et al., 2014; Thaxter et al., 2016; Seward et al., 2021), yet other species groups, such as the auks, may be more prone to negative effects of logger attachment (Paredes et al., 2005; Symons and Diamond, 2019) and, thus, tracking data may be less representative of true foraging behaviours.



Foraging Ranges

Distance from a colony and distance to coastline were used to describe and compare foraging ranges and habitats among species. For each location we measured distance to individuals’ colonies using the distance function of package ‘argosfilter’ (Freitas, 2012). For the study area coastline, we used version 1.0 of the CanCoast shoreline database compiled from the Canadian National Topographic Database, Geobase, and Landsat 7/SPOT imagery (Smith et al., 2013). Distance to nearest coastline was measured for each location using the dist2Line function. For gulls, which may use inland terrestrial habitat, we further quantified “on land” locations using the gContains function with a polygon of the entire coastal area, and inland locations were transformed to negative values so that distances from coastline measurements ranged from positive (marine) to negative (terrestrial) values, relative to the coast (value of zero).

For each species-site combination, we determined the maximum range (distance from colony) of all individuals, as is frequently reported in literature on foraging ranges (Thaxter et al., 2012; Soanes et al., 2016), and the maximum distance to nearest coastline. Because these metrics are sensitive to outlier individual birds or trips, we additionally report the 99th percentile distances for each species-site combination, which better represents the typical maximum for a given site. Furthermore, we report the mean maximums among individuals for each species-site, thus characterizing typical ranges within populations. Finally, to illustrate how densities of birds may differ with respect to distance from coastlines, we summarize distance to shore of all locations pooled into distance bins: inland (gulls only), 0-1, 1-10, 10-100, and >100 km from coastline.



Predictive Species Distribution Models


Pre-Processing

To support the calculation of species-specific, colony-centered distribution models (see Statistical modelling), analysis grids were constructed for each tracked individual, centered on the breeding colony of the bird. Because of differences in sampling effort between colonies, resulting from disparities in the performance of different tracking devices as well as the fact that some colonies had more tracked individuals than others, the density of positions (per grid cell) was converted to relative density (RDi,k):

 

where i = a particular grid cell location, k = a particular tracked bird, and N = the total number of grid cells in the surface. As a final pre-processing step, grids from each tracked individual were combined (concatenated) to form a single RD grid prior to habitat modelling (see Statistical modelling).

The maximum extent of each grid was empirically defined as the mean of the maximum observed foraging distances across the training colonies. The analysis grids for most species were 2-km resolution, except for the herring gull (5-km), northern gannet (5-km), and Leach’s storm-petrel (12-km) where a combination of very large foraging distances and computing performance warranted greater spatial aggregation.



Predictor Variables

Prior to statistical modelling, six variables were generated for each grid cell, though different combinations were used for different groups of species (Table 3). Bathymetry (BATH), both marine (bathymetry) as well as terrestrial (elevation), was estimated for all species using the 30-arc second resolution ETOPO 2v2 grid, from which slope (SLOPE) and ocean floor/terrain ruggedness (RUGGED) were derived at the same spatial resolution.


Table 3 | Environmental predictor variables used to construct colony-centered species distribution models.



The remaining three variables were planimetric in nature and defined at a resolution of 2- x 2-km. Distance to coast (COASTDIST), where the reference coastline was delineated using the CanCoast 1.0 vector coastline database, was calculated for each species/species group as the shortest straight-line (Euclidean) distance. Distance to colony (COLONYDIST) was defined for all species, but in two different ways depending upon the group. For gulls, which travel over land, simple Euclidean distance to the colony center was employed. For all other (i.e., non-gull) species, distance to colony center was defined using the minimum distance by sea, calculated using the Path Distance procedure of ESRI (2015). This procedure allowed for the specification of surface travel weights and, in this case, terrestrial grid cells were defined as having a very high cost weight of 999,999, with water having a value of 1. Distance to shelf break (SHELFDIST), a variable used only in the model for the Leach’s storm-petrel, was calculated as the Euclidean distance to the 1200-m isobath.



Statistical Modelling

The procedure for construction of statistical models is outlined in Figure 2, and employed BRT (see Friedman, 2001). The BRT algorithm has been described as a “slow learning” technique where predictions are constructed additively, sequentially, and incrementally (Elith et al., 2008; James et al., 2013). Data were not bootstrap-sampled nor was the response variable directly modelled; rather the attention of the model-fitting procedure is focused on the residual or unexplained variation (James et al., 2013). The BRT algorithm was implemented using the gbm R package of Ridgeway (2012), with tuning parameters defined as follows: learning rate of 0.01, 2000 trees per iteration, and a tree (interaction) depth of 3. Given the specification of the BRT interaction depth parameter (k=3), importance values reflect complicated three-way interactions between predictor variables.




Figure 2 | Flowchart illustrating the procedure for statistical modelling: (1) using training colonies, construct colony-specific, Boosted Regression Tree (BRT) models, (2) average the predictions derived from each colony-specific model, for each prediction colony grid, and (3) apply a kernel density smoother to the immediate nearest neighbours, defined using a radius equal to the diagonal distance of the prediction grid cell, to compute the total number of individuals at any location.



BRT models were constructed for each training colony using one of two possible combinations of predictor variables to estimate  :

 ~ f(COASTDIST, COLONYDIST, BATH, SLOPE, RUGGED) (2)

for all species except Leach’s storm-petrel, which was modelled as:

 ~ f(COASTDIST, COLONYDIST, BATH, SLOPE, RUGGED, SHELFDIST) (3)

Predicted RD values ( ), derived from each of the colony-specific training models, were combined by averaging, and re-scaled from 0 to 1 to yield an estimated probability of grid cell usage (P̂):



The estimated number of individuals per grid cell, per colony(), was estimated as the product of the colony size, C, times the probability of grid cell usage by individuals from that colony,



for grid cell location i, and colony j.

Total number of individuals, per grid cell, per colony, were combined together as spatially overlapping points, and a kernel density moving window applied (using a nearest-neighbour distance equivalent to 1.41 * grid cell resolution) to estimate the total number of individuals present at that location (see Figure 2). The resulting prediction surface represented the final estimate of the number of individuals, from all colonies, at any given location.

Prediction error was assessed using a 10-fold cross-validation procedure, with 70% of randomly-chosen analysis grid cells selected for model training, and 30% withheld for error assessment. Error was measured using mean mean-square prediction error (Mean MSE) calculated over the ten iterations.





Results

Tracking data from 520 individuals yielded 9,291 bird-tracking days, and 390,461 locations after filtering out locations for colony attendance (Table S1 and Supplementary Material). Tracking effort among species varied widely due to the types of tags used and number of years tracked. Northern gannets and gulls, tracked by data-rich GPS and PTT across multiple sites and years, comprised 41% and 38% of the locations, respectively. The remainder of the data includes other species tracked by GPS (~19%), Leach’s storm-petrels tracked by GLS (~1%), common eiders tracked by PTT (0.3%) and terns tracked by VHF (0.04%). The quality and the quantity of the tracking data likely influence reliability of empirical results (e.g., measured foraging ranges). The relative quality of tracking and colony data used in this study highlight some important differences among species or species groups (Table 4). Alcids (except black guillemots), herring gulls, and the northern gannets had the highest quality owing to the availability of tracking data from multiple sites and well-censused colonies. Terns (except roseate tern), common eiders, and black guillemots had the lowest quality scores, typically due to limited availability of tracking data. Nonetheless, we expect the predictive distribution models to be more robust to variations in data density, because tracking positions were counted and represented as relative densities within analysis grids (see Discussion regarding additional considerations of reliability). Still, predictions are not possible when colony locations are not known; therefore, incomplete colony data (e.g. black guillemot, common eider, black-legged kittiwake) may lead to the largest source of error with respect to predictive distribution models.


Table 4 | Qualitative assessment of the data used as inputs to the predictive distribution models.




Foraging Ranges

Foraging ranges spanned more than 1,000 km for Leach’s storm-petrel to less than 20 km for coastal species such as common eider, black guillemot, and terns (Table 5 and Figure 3). In general, species that travel farther from colony sites also travel farther from coastline, yet this is not always the case (Figure 3). Comparisons of distance from colony and distance to coast (Figure 3) suggest clusters of species groups including short-range and nearshore (common eider, roseate tern, and gulls), medium range (razorbill, common murre, Arctic and common terns), long-range and nearshore (northern gannet and black-legged kittiwake), and long-range and offshore (Atlantic puffin and thick-billed murre). Leach’s storm-petrel foraged extremely far from colonies, nearly always far offshore, at an order of magnitude greater than all other species.


Table 5 | Summary of breeding season foraging ranges of 14 species from 23 colonies.






Figure 3 | Distribution of tracking data for 14 seabird species (codes in Table 1 caption) with respect to distance from colony sites (upper panel) and distance to coastline (lower panel). Boxplots show median distance, 1st and 3rd quantiles, 95% confidence intervals (whiskers), and outliers (dots). Data are pooled among sites for each species, but “X” represents maximum foraging ranges for each tracked colony (taken from Table 4).



Distance from colony and/or distance to coastline differed among colonies for each species (Table 5). Colony-specific differences in foraging ranges are likely a result of local habitats or greater distance of colonies from mainland coastlines (e.g., Machias Seal Island and Funk Island). Colony-specific differences in foraging ranges and distance to coastline were also evident from density plots of raw tracking data, and highlight strong variability in foraging ranges that are well below “mean maximum” levels (Figure 4, with additional species presented in Supplementary Material Figure S1). For example, although maximum foraging ranges for Atlantic puffin may be ~ 100 km at some sites, peak densities in tracked locations occur near 5, 20, and 50 km from colonies, and nearly always within 40 km of land (Figure 4). Similarly, herring gulls tracked from four colonies had considerable variability in peak densities from colonies (ranging from 40-60 km maximum distance depending on colony), but strong convergence on coastal areas.




Figure 4 | Smoothed density estimates of telemetry locations with respect to distance from colony (i.e. nest site; upper panels) and distance to coastline (lower panels) for Atlantic puffin and herring gull (see Supplemental Materials Figure S1 for plots of other species). Density estimates are scaled from 0 to 1 for each study colony, where a density of 1 occurs at the distance where the highest density of locations occurs. Dashed vertical lines show 99th percentile of distance measurements (Table 5).



We compared our results to those from a literature review (Thaxter et al., 2012, and also Masden, 2012; Shoji et al., 2015) which reported on the same species, primarily from studies in the eastern North Atlantic (Table 6). Overall, maximum and mean maximum foraging ranges were quite similar for most species, though large differences were observed with common eider (maximum range of 14 km vs. 80 km previously reported), herring gull (mean maximum ranges 2.1 times larger in the current study), and Leach’s storm-petrel (mean maximum approx. 14 times larger than reported by Thaxter et al., 2012), owing mostly to limited or poor data available when the original review was conducted.


Table 6 | Summary of species-specific breeding season foraging ranges (km), comparing results of the current study against a comprehensive literature review (Thaxter et al., 2012).





Predictive Species Distribution Models

The relative importance of each predictor variable varied by species, though some predictors were common to most (Table 7). Distance to colony (COLONYDIST) was the first or second most influential predictor for 12 of the 13 species, whereas distance from coastlines (COASTDIST) was the first or second most influential predictor for six species. Other influential predictors were seafloor slope (SLOPE) for two species (common eider, razorbill) and terrain/seafloor ruggedness (RUGGED) for two species (roseate tern and great black-backed gull). Bathymetry (BATH) was the second most influential predictor for three species groups: terns, black-legged kittiwake, and Leach’s storm-petrel (Table 7).


Table 7 | Relative influence (%) of environmental predictor variables (see Table 3), based on a BRT predictive model trained using all individuals pooled, and an interaction depth (k) equal to three.



Prediction error, assessed for the averaged BRT predictions, showed that errors tended to be higher for the terns, which were at least partially tracked using VHF receivers, as well as common eider and black guillemot, which had lowest numbers of tracked individuals.

Maps derived from the predictive models varied considerably by species (Figure 5 and S2). Common murre, which we describe as a medium range species, had distributional halos several orders of magnitude larger than those of the black guillemots, and at the regional scale were primarily concentrated near the very large colony of Funk Island, Newfoundland, in contrast to the smaller colonies in southern New Brunswick and Nova Scotia (Figure 5A). Herring gull, which had similar 99th percentiles for foraging distances as common murre, were present at many more colonies (1,207 vs. 65) including some inland colonies (e.g. Lake Melville, Labrador) (Figure 5B). The presence of this species at numerous colonies, combined with a propensity to forage in coastal and terrestrial zones (Figure 5B), made herring gulls ubiquitous throughout Atlantic Canada. However, regional hotspots were observed in the St. Lawrence estuary, the northern Gulf of St. Lawrence, the Gaspé Peninsula and northeastern New Brunswick, eastern Newfoundland, and the Bay of Fundy. As a short-range species, black guillemot were notably discrete in their occurrence, owing to their small foraging ranges, and concentrated at colonies primarily along the Labrador coastline in the northern portion of the study area (Figure 5C). Important concentrations of this species also occurred off the Gaspé Peninsula, Anticosti Island, and the Magdalen Islands. More localized and isolated breeding colonies occurred in the Grand Manan Archipelago and off the southwest coast of Nova Scotia. As a species that over the past 20 years is only known to have occurred at eight different colony sites, the northern gannet was particularly concentrated around the large colonies of Bonaventure and Bird Rock in the Gulf of St. Lawrence, and Cape St. Mary’s, Newfoundland (Figure 5D). Distribution maps of the other species are provided in the supplemental materials (Figure S2).




Figure 5 | Predictive models of the region-wide distribution of seabird abundance around breeding colonies for (A) common murre (COMU), (B) herring gull (HERG), (C) black guillemot (BLGU), and (D) northern gannet (NOGA). See Supplemental Materials (Figure S2) for maps of other species. Boosted Regression Trees (BRT) were used to model the relative density of tracking locations for each species separately. BRT models were then used to predict abundance distribution, using maximum colony size (based on census data gathered between 1996 and 2016) for each colony, and a kernel smoother applied to estimate abundance distribution region-wide.






Discussion

Using tracking data and a predictive Boosted Regression Tree method, we were able to describe foraging distributions for the majority of seabirds and colonies in Atlantic Canada. Tracking data from 520 birds illustrated variability in foraging ranges among species and sites, but provided a robust dataset for modeling predictive distributions around colonies. Foraging ranges and distance to shoreline helped describe species distributions by guilds and highlight that space use is more nuanced than just “maximum foraging range” (Thaxter et al., 2012). Using predictive density surface modelling, we were able to map the spatial “footprint” of breeding seabirds among more than 5000 colonies distributed along more than 5000 km of shoreline, which enhances our toolkit and opportunities for conservation planning at a landscape scale, rather than the site-by-site approach typically viewed from individual tracking datasets.


Foraging Ranges

Foraging ranges have been proposed as a tool for preliminary assessment to help identify important areas for seabird conservation (BirdLife International, 2010; Thaxter et al., 2012; Oppel et al., 2018). Taken together, summary statistics (Table 3) and density plots (Figures 4 and S1) in this study suggest that use of absolute maximum foraging ranges for sites may dramatically over-estimate typical foraging ranges for any given species. This is consistent with Soanes et al. (2016) who recommended using mean values of all previously reported maxima, informed further by bathymetric data. Alternatively, our approach using predictive density surface modeling provides a realistic presentation of breeding seabird distribution which weights foraging ranges (up to a maximum) along with habitat constraints (such as distance to shorelines) in combination with colony sizes.

Not surprisingly, we observed large variability in foraging ranges of this diverse group of species. Nonetheless, the comparisons presented here provide useful metrics for conservation planning around seabird colonies in marine areas of Atlantic Canada. Moreover, similarities in ranges among species identify groupings that may simplify conservation planning, for example, when MPA boundaries or other conservation measures are to be established around mixed-species colonies (Oppel et al., 2018). This highlights the scales at which conservation measures should be considered from local scales of < 10 km for coastal terns, gulls, and eiders, to meso-scales up to 100 km for most alcids, and large scales of 100s of km for northern gannet and Leach’s storm-petrel. These scales are generally in agreement with previously reported foraging ranges for these species (Garthe et al., 2007; Thaxter et al., 2012; Pollet et al., 2014; Shoji et al., 2015; Soanes et al., 2016), with some exceptions (Table 6).

Within our study area, we documented considerable intraspecific variability in foraging ranges and distance from coastlines. Foraging effort and ranges may also be influenced by interspecific competition within colonies (Delord et al., 2020; Petalas et al., 2021) as well as density-dependent intraspecific competition and interference driven by colony size (Lewis et al., 2001; Grecian et al., 2012; Gaston et al., 2013; Jovani et al., 2016) and local prey abundance and/or prey condition (Burke and Montevecchi, 2009; Elliott et al., 2009). We were unable to formally test this with our data given the small number of tracked colonies for each species (in contrast to Wakefield et al., 2017). Intraspecific variability in foraging ranges can also be associated with prey-base differences and local foraging conditions, prey quality, and habitat characteristics, which may also vary from year-to-year (Burke and Montevecchi, 2009; Elliott et al., 2009). Additionally, there is a growing body of evidence that individual-level specialization may exist within seabird populations (Woo et al., 2008; Ceia and Ramos, 2015; Phillips et al., 2017; Maynard and Ronconi, 2018), further reinforcing the need for tracking data to include a large sample of individuals (Soanes et al., 2013; Lascelles et al., 2016). Given that some species in our study were tracked at only a few sites, a few individuals, and/or few years, considerations of data quality (Table 4) should be taken when interpreting results.



Predictive Models

Despite the widespread intraspecific variability in foraging ranges, it is not practical (logistically or financially) to track most species, or large numbers of individuals, from representative colonies across their range. Therefore, predictive distribution models are the most effective way to synthesize information from multiple telemetry studies to visualize the relative distribution of species over a wide area (e.g. Hindell et al., 2020). Furthermore, by incorporating location and census data from current as well as past colony sites, it becomes possible to not only delineate recent hotspots of occurrence, but also help to identify important breeding areas from the recent past. This is important for conservation planning of endangered species such as roseate tern, where knowledge of potentially suitable sites permit the identification of candidate locations for future colony re-establishment (Environment Canada, 2015).

To our knowledge, this study is the first attempt to model breeding seabird distributions for an entire community of species over such a wide area using a partially-historical collection of tracking data, though recent studies (Wakefield et al., 2017; Reisinger et al., 2018; Baylis et al., 2019; Hindell et al., 2020) have applied comparable modelling frameworks to synthesize broad-scale patterns in other contexts. Predictive models have tended to be constructed for single species, breeding at a few colonies (Grecian et al., 2012; Gaston et al., 2013), and some multi-species tracking assessments from single locations may not employ predictive modelling at all (e.g., Le Corre et al., 2012; Young et al., 2015; Requena et al., 2020). This study developed a method for modeling breeding season distributions which is: (1) applicable and comparable across species and guilds; (2) allows for broader-scale conservation assessment and supports more comprehensive priority setting; and (3) generates predictions for breeding seabirds that naturally supplements information obtained for non-breeding seabirds based on tracking (Grecian et al., 2016; Krüger et al., 2017) and at-sea survey data (Arcos et al., 2012; Wong et al., 2014). The main end product of this analytical approach was a series of large-area distribution maps.

A number of factors impinged upon the choice of analysis framework. First, there was a significant volume of data in need of processing (520 tagged individuals, yielding over 600,000 positions), which demanded a robust and flexible modelling approach. Second, the historical nature of the tracking data meant that positions had been gathered under different environmental conditions, using different protocols, and employing different types of transmitters, which resulted in variation in the quantity of information available for each species. Third, both tracking as well as colony census data were gathered over a wide time interval. The first two considerations were addressed through the use of a gridded analysis, which permitted calculation of relative densities, thereby providing a standardized way to assess distributions across species. Similarly Wakefield et al. (2017) used a gridded approach with location intensities, but modeled habitat associations with mixed-effects GLMs, possible because of the large number of locations for each tracked individual. Alternatives to analysis of gridded data (relative densities) is the use of simulated tracks which produce pseudo-absences, or areas where animals could have occupied (Hindell et al., 2020), but these required high quality tracking data which could be modeled/simulated, which was not always the case with our data (e.g. limited or infrequent time intervals to the data). With regards to the third consideration, the fact that colony sizes were defined as the maximum over a 20-year period meant that temporal variation was rolled into an aggregate summary. While this represented a loss in temporal detail, it allowed for a comprehensive summary of the biological importance of a very large number of widely-distributed breeding locations for each species. Furthermore, the results of the predictive modelling demonstrated that static variables (bathymetric and distance-based) were effective at capturing species-specific constraints on foraging range, while at the same time acting as proxies for conditions known to affect biological productivity (Mann and Lazier, 2006).

A key aspect of the methods for predictive modelling was the use of machine learning (ML), specifically BRTs. ML-based frameworks have previously been applied to model the distribution of coastal and pelagic seabirds (Yen et al., 2004; Oppel et al., 2012; Reisinger et al., 2018; Hindell et al., 2020), primarily because of their capacity to flexibly and robustly deal with the high variability typically observed in at-sea survey data. ML techniques are adept at handling “noisy” or missing data, i.e., data which do not meet the distributional assumptions of traditional statistical models. In the case of BRT models, non-linear responses are easily accommodated, and do not require a priori specification of a functional form of the predictors, which is particularly useful in ecological contexts when the correct functional form (e.g., increasing linear, exponential, unimodal) is not known or cannot be assumed in advance (De’ath and Fabricius, 2000; Hochachka et al., 2007). Furthermore, specification of deeper tree depths provides a way to capture complicated, multi-way interactions.

Predictive modeling provided several key findings with respect to the environmental predictor variables that influenced distributions of breeding seabirds in Atlantic Canada. First, distance from a breeding colony was one of the primary factors contributing to all species predictions, a result consistent with other central place foragers (Wakefield et al., 2017; Baylis et al., 2019). The exception was for common eiders where seafloor slope and distance to coastlines had greater influence on predictive distributions, likely because this species is not restricted to central place foraging once broods hatch and females disperse to rear chicks (Goudie et al., 2000). Likewise, distance from coastlines was an important predictor for other near-shore foragers such as herring gull and black guillemot, as well as northern gannet which is both a long-range and nearshore forager. Bathymetry, including depth, slope, and seafloor ruggedness, showed species-specific emphasis on predictions, similar to other predictive modeling studies of these species (Wakefield et al., 2017).



Data and Model Limitations

Though the resulting species distribution models from our study provide a comprehensive layer which may be used for various conservation planning initiatives (e.g., Lieske et al., 2020), these outputs warrant careful discussion about our assumptions and data limitations, which may lead to sources of error. Errors may arise from three sources including: 1) representativeness of tracking data; 2) accuracy and completeness of colony data; and 3) ability for machine-learning models to produce ecologically realistic predictive models.

Tracking data formed the foundation of our species distribution models with the assumption that patterns observed at one or more colonies may be representative of the species more generally. However, there is a wide body of literature suggesting that, in general, seabirds show intraspecific plasticity in foraging activities (e.g., Garthe et al., 2007; Gaston et al., 2013; Camprasse et al., 2017), likely to accommodate variability in food availability around colonies (Harding et al., 2013). As such, a large number of tracked individuals, across multiple years, may be required to properly define foraging areas at a given colony (Soanes et al., 2013; Lascelles et al., 2016; Wakefield et al., 2017). Some of the largest mean-squared prediction errors of our output models were observed for species that had few individuals tracked (e.g., black guillemot) or had less tracking data per individual (e.g., common eider, tern species). Lascelles et al. (2016) suggest that between 25 and 50 foraging trips are required within a group to be representative of a population, a target which was not met by several species in our study (black guillemot, tern species, common eider). Moreover, accuracy of different tracking devices may influence model outcomes (Quillfeldt et al., 2017); thus, problems of prediction error may have been exacerbated by use of lower-accuracy tracking data from satellite transmitters (e.g. common eider) and VHF tags (tern species), in contrast to species tracked by GPS tags. Therefore, variability in the quality and quantity of our tracking data may reduce reliability of distribution models for some species.

In addition to tracking data, species distribution models were built upon information on colony locations and population size, and consequently model outputs will be contingent on availability of complete and accurate census data. The colonial seabird monitoring program in Atlantic Canada spans more than four decades, and includes data on species which are surveyed on a three- to 10-year cycle (e.g. Wilhelm et al., 2016), others that are surveyed opportunistically at longer intervals (e.g. Wilhelm et al., 2015), as well as ad hoc inventory from other sources (e.g., Ronconi and Wong, 2003). Accuracy of population estimates can also vary depending on the survey methods (aerial estimates vs. ground counts). To buffer against this variability within the colony database, we invoked a decision to use the largest population size for each species and colony within the most recent 20 years. A qualitative assessment of the colony data highlights species that may be underrepresented in our models (Table 4). Specifically, species distribution models may be incomplete for black guillemot which are notoriously difficult to census because they breed in small and often widely dispersed colonies (Ronconi and Wong, 2003), as well as the common eider, which is more regularly assessed by winter aerial surveys than by breeding colony estimates (Bowman et al., 2015).Notwithstanding the issues identified with respect to tracking and colony input data, other aspects of predictive modeling can generate additional variation in outputs. Models were based on distance from colonies, distance to coastlines, and other static environmental predictors associated with bathymetry. Soanes et al. (2016), for example, demonstrated that bathymetric constraints can help refine foraging ranges derived from a maximum radius approach. Alternatively, additional environmental covariates, such as dynamic oceanographic variables, may improve predictability of models, at a cost of increased complexity (Wakefield et al., 2017; Baylis et al., 2019). Though dynamic, local-scale environmental factors could more accurately depict distributions at the site (colony) level, this omission was deliberate and necessary to achieve our objectives of broad-scale mapping, particularly considering limited tracking data for some species. Moreover, even when dynamic oceanographic variables are included in predictive models, distance from a colony may still be among the strongest predictors for breeding seabirds as central place foragers (Baylis et al., 2019). We suggest that our current models provide robust distribution mapping for broad-scale assessment and conservation planning initiatives (Lieske et al., 2020). However, further refinement of these models is required for local, site-level, conservation and management action (e.g. delineating MPA boundaries; Lascelles et al., 2012).



Conservation Implications

Ultimately, describing species-specific seabird distribution across a wide geographic range is beneficial for conservation planning in expanding how we think about protecting seabird habitat. Globally, there are ~ 1,600 seabird colonies designated as Important Bird Areas (IBAs, www.birdlife.org), yet these sites generally represent land-based breeding sites, sometimes including seaward boundaries associated with foraging areas that are crucial to breeding seabirds. Conservation managers should also be interested in applying conservation action to the marine areas surrounding these sites, and therefore, management and conservation actions around these sites will require practical designation of foraging areas, ideally using tracking data to identify local differences in foraging range, strategies, and habitat preferences (Oppel et al., 2018; Requena et al., 2020). Given that it is unrealistic and impractical that all birds from IBAs (or other key colonies) be tracked, the predictive modelling approach is a constructive solution.

Identifying MPAs is a key part of the Convention on Biological Diversity, which had a target of 10% marine protection by 2020 (CBD, Convention on Biological Diversity 2010), and calls for new targets for 30% marine protection by 2030 (www.campaignfornature.org). However, the ephemeral and dynamic nature of the ocean and its wildlife present obvious difficulties for creating static protected boundaries (Hyrenback et al., 2000). Inter-annual changes in behaviour or prey distribution may cause seabirds to react differently across years (e.g., northern gannet: Garthe et al., 2011; Warwick-Evans et al., 2016), potentially foraging in different locations and at different scales (e.g., if the colony grows larger). However, evidence suggests that reducing near-colony competition for forage fish, through no-take fishing zones, improves foraging efficiency (and also reduces bycatch risk) of birds living at that colony and is likely to encourage them to forage nearer home, within protected marine zones (Pichegru et al., 2012; Sydeman et al., 2021). Despite extensive mobility and variation among seabird species, MPAs with discrete boundaries around key seabird colonies can still provide foraging habitat protection for seabird species despite the patchy nature of ocean environments (Young et al., 2015). However, MPAs are just one tool for marine biodiversity conservation, and long-distance foraging ranges of some seabirds argue for greater, and perhaps increasingly innovative, ocean management beyond MPA or jurisdictional boundaries (Yorio, 2009; Lascelles et al., 2016; Oppel et al., 2018; Beale et al., 2021). Understanding seabird distributions across a wider geographic region can help frame conservation objectives and put marine spatial planning into perspective.

In summary, the analysis framework employed in this study is an approach for synthesizing empirically-derived distributional information (based on individual tracking and colony survey data), for a diverse community of organisms, to visualize spatial patterns of occurrence for a large region. By highlighting core areas of breeding activity for each of the species, planners and decision makers will now have access to a comprehensive set of tools to better understand where marine birds are actually concentrated in Atlantic Canada. Such information not only offers a way to identify gaps in protection, but can also be used to assess the potential for negative interactions with particular types of human activity (Lieske et al., 2020). This provides a landscape scale approach towards conservation planning, which can then be supplemented by region- or site-specific studies, with more precise tracking devices and fine-scale modeling, to developed more accurate and targeted conservation strategies.
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OEBPS/Images/table4.jpg
Tracking data Colony data

Quality Quantity Completeness Accuracy Sum
common murre 3 3 3 3 12
northern gannet 3 3 3 3 12
Atlantic puffin 3 2 3 3 11
herring gull 3 3 3 2 11
razorbill 3 3 3 2 "
thick-billed murre 3 2 3 3 "
roseate tern 2 2 3 3 10
great black-backed gull 2 2 3 2 9
Leach’s storm-petrel 2 3 2 2 9
black-legged kittiwake 3 1 2 2 8
arctic tern 1 1 3 2 7
common tern 1 1 3 2 7
black guillemot 3 1 1 1 6
common eider 2 1 2 1 6

1, low; 2, moderate; 3, high.

Species are ordered by sum of scores, from highest to lowest quality of input data. For each type of data and species we score the data reliability as low, 1, moderate, 2, and
high, 3; the sum of the scores represent overall reliability of the model inputs on a scale of 4 (minimum) to 12 (maximum). Quality of tracking data is based on device type (see
methods). Quantity of tracking data is based on a combination of the number of individuals, number of sites, and number of bird locations. Colony data are scored based on their
completeness (likelihood that all colony locations are represented in the database) and accuracy (which may vary by the census method and/or availability of recent estimates).
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Abbreviation Variable Unit

COASTDIST Euclidean distance to coast m

COLONYDIST Distance to colony center m

BATH Marine bathymetry and terrestrial elevation m

SLOPE Slope Deg.

RUGGED Ocean floor/terrain ruggedness Index ranging from O to 1
SHELFDIST Euclidean distance to shelf break m

Resolution

2x2km

2x2km

30-arc seconds
30-arc seconds
30-arc seconds

2x2km

Source

Euclidean distance to coast, with vector coastline
based

on CanCoast 1.0

Alternately defined: (1) For gulls: defined by the
Euclidean distance, calculated using Spatial
Analyst, Euclidean Distance Tool?; (2) For non-
gulls: defined by the minimum distance by sea,
calculated using the Spatial Analyst Path Distance
tool with terrestrial grid cells defined using a

very high cost weight (999,999)

ETOPO 2v23

Derived from ELEV using Benthic Terrain Modeller*
Derived from ELEV using Benthic Terrain Modeller*,
defined using a 3x3 neighbourhood

Euclidean distance to shelf break (defined as the
1200-m

isobath)

1Smith CD, Manson GK, Couture NJ, James TL, Lemmen DS, Forbes DL, Fraser F, Frobel D, Jenner KA, Lynds TL, Szlavko B, Taylor RB, Whalen D. 2013. CanCoast: A National-
scale framework for characterising Canada’s marine coast. URL: http://coinatlantic.ca/coastgis2013/docs/proceedings.pdf.

2Environmental Systems Research Institute. 2017. ArcGIS, version 10.5. Redlands, California.

3National Geophysical Data Center. 2006. 2-minute Gridded Global Relief Data (ETOPO2) v2. URL: http://www.ngdc.noaa.gov/mgg/fliers/06mgg01.html.

‘Benthic Terrain Modeller. 2016. Benthic Terrain Modeler (BTM), version 3.0 http://www.arcgis.com/home/item.html’

0d0be66£d33440d97e8c83d220e7926.
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OEBPS/Images/table7.jpg
Species

common eider
roseate tern

tern spp.

great black-backed gull
herring gull
black-legged kittiwake
black guillemot
razorbill

Atlantic puffin
common murre
thick-billed murre
northern gannet
Leach’s storm-petrel

COLONYDIST

18.8
27.0
2904
227
60.1
38.6
48.0
204
40.1
26.5
18.5
39.3
48.9

COASTDIST

23.9
24.5
23.3
22.4
20.3
1.9

33.7
4.8

34.7
3.7

55.2
25.5
13.2

BATH

7.9
35
26.5
127
12.8
32.6
87
37
36
20.3
8.6
17.6
18.2

RUGGED

7.3
30.2
8.6
29.7
3.9
19.0
5.1
136
191
24.2
1.7
12.0
24

SLOPE

421
14.8
122
125
29
7.9
4.6
57.5
25
253
15.9
26
10.0

SHELFDIST

n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
72

Mean MSE

200.5
92.7
98.0
109
44.5
0.4
123.0
7.1
20
36
33
0.9
02

Values in bold indicated the predictor variables with the highest and second highest relative influence for each species. Mean mean-square prediction error (MSE) of relative density

(RD) values (x 10%) last column. SHELFDIST was only included in the models for Leach’s Storm-petrel (see Methods). n/a = not applicable.
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Species

common eider
roseate tern

common tern

arctic tern

great black-backed gull
herring gull
black-legged kittiwake
black guillemot*
razorbill

Atlantic puffin
common murre
thick-billed murre
northern gannet
Leach’s storm-petrel

Thaxter et al., 2012 This study Difference (proportion)
Max. Meanmax.SD n Method Confidence in Max. Mean SD n Max. Mean max.
assessment max.

80 80 na 1 All data Poor 14 1241 21 4 02 0.2
30 16.6 116 6 Survey Low 24 19.1 69 2 08 1A
30 16.2 12 6 Direct Moderate 31 275 47 2 1.0 18
30 24.2 6.3 4 Direct Moderate 35 278 101 2 1.2 1.1
Not reported 81 563 364 2 na n/a
92 61.1 44 2 Direct Moderate 212 1268 629 4 23 21
120 60 233 6 Direct Highest 130 129.9 na 1 T 22
7.6 4.7 41 2 Direct 12 1.5 01 2 15 24
95 485 35 4 Direct+indirect Moderate 99 626 284 & 1.0 13
200 105.4 46 9 Indirect Low 119 828 425 3 06 0.8
135 84.2 50.1 & Direct Highest 90 665 211 4 07 0.8
Not reported 65 65.1 na 1 n/a n/a
590 229 124 7 Direct Highest 616 330 261 3 1.0 1.4
120 92 28 3 All data Poor 1619 1282 272 8 135 14.0

Max represents greatest foraging range among all study sites, mean max + standard deviation (SD) represents the average maximum across multiple study sites (n = number of
studies). Difference is calculated as proportion relative to this study: max. current study/max. n/a = not applicable, previous studly.
*values calculated from Masden (2012) and Shoji et al. (2015), no data from Thaxter et al. (2012).
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OEBPS/Images/table2.jpg
Country, Province/State

Canada, Newfoundland & Labrador

Canada, Quebec

France, Saint Pierre and Miquelon
Canada, Nova Scotia

Canada, New Brunswick

USA, Maine

Colony name

Gannet Islands
Funk

Cabot
Baccalieu
Gull

Middle Lawn
Bonaventure
Bicquette
Gros Pot
Gros Pelerin
Grand Colombier
Country

Bird

West Brother
Devil's

Brier

Sable

North Brother
Bon Portage
Kent
Machias Seal
Metinic

Flag

Latitude

53.9429
49.7565
49.1709
48.1198
47.2629
46.8700
48.4913
48.4126
47.8722
47.7487
46.8220
45.1005
44.8681
44.8238
44.5811
442528
43.9402
43.6368
43.4620
44.5784
445014
43.8880
43.7517

Longitude

-56.5115
-563.1855
-53.3587
-52.7986
-562.7730
-556.6200
-64.1471
-68.8861
-69.6894
-69.6903
-56.1660
-61.5419
-62.2783
-62.3609
-63.4603
-66.3582
-60.0094
-65.8234
-65.7460
-66.7567
-67.1017
-69.1260
-69.8911

Study species

ATPU, COMU, RAZO, TBMU
COMU, NOGA

COMU

LESP, NOGA

ATPU, BLKI, COMU, HERG, LESP
LESP

NOGA

RAZO

RAZO

RAZO

LESP

ARTE, BLGU, COTE, LESP, ROST
COEl, LESP

COE!

GBBG

HERG

GBBG, HERG

ROST

LESP

BLGU, HERG, LESP

ARTE, ATPU, COTE, RAZO
COEl

COEl

References

a
b,c,d
e
c,d,f
f.g.h
f

b

fiik

f,h,n
op
|

|

We refer to these as “training sites” with respect to predictive modeling described in the body of the text. Sites are listed from north to south within provinces and states. References
are provided where methods and/or tracking data have been previously described for some species or sites. See Table 1 for species names and abbreviations. *Fratte et al., 2017;
bGarthe et al., 2007; *Garthe et al., 2011, IMontevecchi et al., 2012; *Gulka et al., 2019; Hedd et al., 2018; 9Regular et al., 2013; "Anderson et al., 2019; ‘Rock et al., 2007a; Rock

et al., 2007b; ¥Pollet et al., 2014; 'Mallory et al., 2020; ™Maynard and Ronconi, 2018; "Shlepr et al., 2021; °Black, 2006; PSymons, 2018; 9Pratte et al., 2021
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OEBPS/Images/table1.jpg
Common Name

common eider
roseate tern

common tern

arctic tern

great black-backed gull
herring gull
black-legged kittiwake
black guillemot
razorbill

Atlantic puffin
thick-billed murre
common murre
northern gannet
Leach’s storm-petrel

Scientific Name

Somateria mollissima
Sterna dougallii
Sterna hirundo
Sterna paradisaea
Larus marinus

Larus smithsoniansus
Rissa tridactyla
Cepphus grylle

Alca torda

Fratercula arctica
Uria lomvia

Uria aalge

Morus bassanus
Hydrobates leucorhous

Abbreviation

COE
ROST
COTE
ARTE
GBBG
HERG
BLKI
BLGU
RAZO
ATPU
TBMU
CcomMu
NOGA
LESP

Foraging guild

benthic-foraging diver

surface-feeding piscivore/scavenger
surface-feeding piscivore/scavenger
surface-feeding piscivore/scavenger
surface-feeding piscivore/scavenger
surface-feeding piscivore/scavenger
surface-feeding piscivore/scavenger

pursuit-diving piscivore
pursuit-diving piscivore
pursuit-diving piscivore
iving piscivore
iving piscivore
plunge-diving piscivore
surface-feeding planktivore

Tag types

PTT
VHF.GPS
VHF
VHF
PTT,GPS
GPS
GPS
GPS
GPS
GPS
GPS
GPS
GPS
GLs

Tag types used on species included Platform Terminal Transmitters (PTT), Very High Frequency radio tags (VHF), Global Positioning System (GPS), and Geolocation Light

Sensing (GLS).





OEBPS/Images/table5.jpg
All individuals Averaged among individuals

Foraging range Dist. to shore Foraging range Dist. to shore Percentage of locations at distance to shore
intervals (excluding colony attendance)

Species Site Birds (n) Maximum (99th Maximum Mean max. (sd) Mean max. (sd) inland 0-1 km 1-10 km 10-100 km >100 km
perc.) (99th perc.)

COEl  Bird 9 12.4 (10.1) 37(1.3) 6.8 (3 12(1) na 969 34 00 00
COEl  West Brother 3 14 (14) 0.7 (0.7) 9.4 (6.5) 0.6(0.2) na 1000 00 00 00
COEl  Metinic 4 13.2 (13) 0.7 (0.6) 125 (1) 05(0.2) na 1000 00 00 00
COEl  Flag 4 92 (8.4) 2.4(15) 5.7 (35) 1.2(0.9) na 977 23 00 0.0
ROST  Country 8 23.9 (20.6) 1.3(1.1) 9.8 (6.6) 0.5 (0.4) na 964 36 00 00
ROST  North Brother 7 142 (14.2) 8.3(6.2) 11.4(1.8) 6.6(1.9) na 712 288 00 0.0
COTE ~ Country 14 24.2 (24) 3229 126 (6.8) 1(1) na 829 174 00 0.0
COTE  Machias Seal 14 30.8 (30.3) 27.6 (26.5) 20.9 (5.5) 13.1(8.95) n/a 222 37.0 40.7 0.0
ARTE  Country 13 20.6 (19.1) 15.1 (14) 10.3 (5.8) 4(4.5) na 267 667 67 00
ARTE  Machias Seal 12 34.9(34.7) 335 (32) 21.4 (10.7) 16.9(9.2) na 74 429 500 00
GBBG  Devil's 3 29.5(24.8) 23.5(14.7) 221 (11.9) 9.1(12.5) 55.4  40.1 2.4 22 0.0
GBBG Sable 9 81(67.3) 75.4 (61.4) 30.4 (27.5) 225 (26.5) 57.8 183 59 179 0.0
HERG  Gull 8 939 (67.5) 3993 60 (16.9) 18.1 (15) 771 196 8.1 02 0.0
HERG  Kent 13 134.3 (74.1) 88(21.7) 64.4 (40.5) 27.6 (24.5) 477 344 149 30 0.0
HERG  Brier 16 67.3 (56.9) 29.9 (6.3) 447 8.8) 10.2 (6.4) 67.4 175 150 01 0.0
HERG  Sable 8 211.5(114.2) 201.9(104.3) 109 (561.5) 99 (50.9) 58.7 158 7.8 16.6 12
BLKI Gull 8 129.9 (128.2) 16.5 (10) 776 (62.6) 9.6 (6.7) n/a 68.4 30.6 1.0 0.0
BLGU  Country 5 11.4 (7.6) 2.32.1) 6.5(3) 1.9(0.3) na 779 224 00 00
BLGU  Kent 2 11.6 (10.2) 5(5) 9.2 (3.4) 49(0.2) na 516 484 00 00
RAZO  Gannet 6 67.3 (66.8) 59.4 (59.3) 413 (21.1) 15.4 (21.6) na 419 492 89 0.0
RAZO  Bicquette 11 37.5 (29.5) 22 (18.7) 24.6 (9) 16.8 (4.6) na 804 451 245 0.0
RAZO  Gros Pot 3 31.1(30.1) 7.5(6.5) 21187) 6.2(1.3) na 734 266 00 0.0
RAZO  Gros Pelerin 20 99.3(79.2) 11.29.7) 58.3(18.5) 8.7 (2.3) na 279 716 05 0.0
RAZO  Machias Seal 12 779 (74) 20.4 (20) 48.9 (20.9) 12.1(6.5) n/a 33.2 48.5 18.3 0.0
ATPU  Gannet 3 35.9 (35.6) 32 (29.5) 322(37) 28.6(3.2) na 139 239 621 00
ATPU  Gull 11 118.7 (79.8) 111.2(632)  59.4 (26) 488 (26.7) na 94 252 65.3 0.4
ATPU  Machias Seal 12 93.9(89.2) 37.7 (31.7) 45.7 (23) 24.6(11.3) n/a 21 405 57.4 0.0
TBMU  Gannet 9 65.1 (64) 63 (61.6) 412 (17.3) 39.1(17) na 115 95 79.0 00
COMU  Gannet 6 73.9 (73.8) 36.8(36.3) 383 (215) 17.2(11.5) na 843 447 211 00
COMU  Funk 9 62 (60.4) 376(358  459(10.7) 29.9 (4.8) na 56 274  67.1 0.0
COMU  Cabot 6 39.9 (38.4) 399(384) 31169 18(11.7) na 290 647 63 0.0
COMU  Gull 10 90.1 (89.8) 70.2 (69.5) 27.5(23.5) 18.4 (20.8) n/a 30.4 48.3 213 0.0
NOGA  Funk 26 268 (245) 130 (66) 111 (77) 47 (30) na 167 406  42.6 0.1
NOGA  Bonaventure 46 616 (336) 105 (88) 229 (118) 66 (32) na 142 490 366 0.2
NOGA  Baccalieu 6 104 (91) 98 (86) 60 (28) 33 (36) na 111 652 237 00
LESP  Baccalieu 19 892 (825) 880 (806) 714 (116) 686 (123) n/a 0.0 0.4 4.2 95.4
LESP  Gull 23 1394 (1181) 1376 (1160) 845 (198) 827 (195) n/a 0.0 0.2 3.3 96.5
LESP  Middle Lawn 19 1619 (1465) 1554 (1368) 1029 (295) 904 (303) n/a 0.0 0.5 37 95.8
LESP  Grand Colombier 2 1272 (1266) 1062 (1052) 1200 (102) 1016 (65) n/a 0.0 0.0 3.7 96.3
LESP  Country 16 1459 (12565) 1460 (1003) 1083 (206) 743 (265) na 0.0 0.0 6.0 94.0
LESP  Bird 10 1131 (1110) 1064 (1007) 994 (163) 60 (154) na 0.0 0.3 37 96.0
LESP  Kent 32 939 (812) 663 (509) 592 (190) 30 (135) na 03 26 243 727
LESP  Bon Portage 43 1542 (1175) 1400 (983) 755 (271) 671 (234) na 04 0.3 44 95.3

Foraging range is measured as the maximum distance (km) from colonies and the maximum distance to coastline, for all individuals pooled (maximum) and averaged among
individuals (mean maximum). 99" percentiles of all locations provide more typical maximum foraging ranges by eliminating outlier foraging trips (see Methods). Percentage of
locations at distance to coastline intervals illustrate how birds are distributed within the maximum ranges presented (see also Figure 2). See Tables 1, 2, and S1 for species names,
island locations, and years of study. n/a = not applicable.





