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Materials and Methods 

Whale species distribution modeling 

Whale location data 

We first assessed data availability for all thirteen species of great whales, including all 

baleen whales and sperm whales, by collating downloadable location data (from the Global 

Biodiversity Information Facility, Ocean Biodiversity Information System, Spatial Ecological 

Analysis of Megavertebrate Populations, MoveBank, Pacific Islands Ocean Observing System, 

Australian Antarctic Data Center, California Department of Fish and Wildlife, and Southwest 

Fisheries Science Center Surveys), and acquiring additional data to fill geographic gaps 

(including data from the International Whaling Commission (IWC), the North Atlantic Right 

Whale Consortium, Ocean Wise Conservation Association (52), Heritage Expeditions, Sistema 

de Apoio ao Monitoramento de Mamíferos Marinhos (SIMMAM), and Southern Ocean Whale 

and Ecosystem Research Programme; see Supplementary Data S1 for a full list of dataset 

citations). We identified four globally-ranging species that the IWC recognizes as being 

significantly threatened by ship-strikes and that had sufficient location data to conduct global 

analyses (9, 53): blue whales, fin whales, humpback whales, and sperm whales. Locations that 

were recorded between 1960-01-01 and 2020-12-31 were included in the analysis (Figs. S1-S5). 

North Atlantic right whales (Eubalaena glacialis) are also threatened by collisions with 

vessels, and ship-strikes, alongside fishing gear entanglement, have driven a population decline 

resulting in this species being considered Critically Endangered (17, 54). This species has been 

the subject of intensive monitoring (e.g., (55–57)) and species distribution models already exist 

for this species over most of its occupied range (58, 59). As our objective is to quantify ship-

strike risk for globally-ranging species for whom risk was unknown across large extents of their 

ranges, we did not include North Atlantic right whales in our analysis. 

Integrated Species Distribution Modeling 

Integrated species distribution models are an analytical approach to integrate location 

data from multiple data types and sources (28). In brief, integrated species distribution models 

are state-space models that allow for different data types to be described with different 

observation models while contributing to the same ecological process model, which is generally 

an inhomogeneous point process model (28, 60). This approach enhances model performance 

and accuracy compared to traditional species distribution models that are fit to a single data type 

and facilitates modeling distributions over larger geographic scales (28, 61). We used Bayesian 

hierarchical modeling to fit integrated species distribution models incorporating four different 

data types – survey data (presence-absence), opportunistic sightings (presence-only), tagging 

data (presence-only), and whaling records (presence-only) – into models relating whale space 

use to environmental conditions (see Spatial covariates and model terms below for information 

on covariates and model specification). We used the Integrated Nested Laplace Approximation 

to fit integrated species distribution models using INLA and inlabru packages in R version 4.2.2 

(62, 63).  

Absence and background data 

For each presence location, we sampled one absence or background location. For surveys 

(presence-absence), absences were randomly sub-sampled along survey tracklines. For presence-



 

 

 

only data types characterized by high sampling bias (opportunistic sightings and whaling 

records), we used a target-group approach to generate background locations to account for 

sampling bias (64, 65). Target group sampling is a method of choosing background data with the 

same bias as presence data through estimating areas with non-zero detection probability from 

presence data of similar species, and is effective at reducing sampling bias in species distribution 

models (64, 66). For opportunistic sightings, target group sampling was done by fitting 100km-

radius buffers around each recorded presence for all thirteen species of great whales and taking 

the union of those spatial buffers as in (65), which represented the area under observation. We 

then drew background locations for each species from this buffered region. This approach has 

been shown to out-perform uniform background sampling (65). For tagging data (presence-only), 

we first subsampled tracks by selecting one location per day per individual (31, 67). We 

generated background locations by fitting minimum convex polygons around all recorded 

locations for each species in each tagging dataset, and randomly sampled an equivalent number 

of background locations as presence locations (68). We included whaling records for blue and fin 

whales, as these species lacked sufficient data from other sources, and used the target group 

sampling approach to generate background locations. Regions over which background locations 

were generated and survey tracklines are shown in Figures S2-S5. 

  

Regional definitions  

We modeled blue, fin, and humpback whale sub-populations separately to account for the 

regional patterns of population structure evident in genetic analyses and subspecies 

classifications (69). For each species, we generated background locations separately by region to 

ensure a 1:1 ratio of presence to background locations within each region. For blue whales, 5 

sub-populations were defined for the North Pacific, North Atlantic, eastern South Pacific, 

Antarctic, and Indian Ocean-Western Pacific, following (70). Note that a recent analysis suggests 

that the eastern South Pacific population interbreeds with eastern North Pacific populations, and 

accordingly characterizes all eastern Pacific blue whales as one Evolutionarily Significant Unit 

(ESU) (71). However, there is genetic divergence between eastern South Pacific and eastern 

North Pacific populations, which the analysis identifies as two distinct conservation units within 

the higher-level ESU. Both humpback and fin whales exhibit genetic differentiation between the 

North Pacific, North Atlantic, and Southern Hemisphere (72–74), so these three regional sub-

populations were applied for both species. The Southern Hemisphere region extends to 5˚N to 

account for the oceanographic equator being north of the geographical equator in the Tropical 

Surface Water mass (73, 75). In contrast to the other species, sperm whales do not exhibit 

nuclear genetic differentiation across ocean basins due to male dispersal and migration (76). As 

such, sperm whales were modeled as a single, global population [sensu (77)]. 

 

Spatial covariates and model terms  

 We extracted data on environmental conditions that have been shown to be important 

drivers of whale space use [e.g., (24, 31, 77)]. Covariate data were downloaded from Copernicus 

Marine Environment Monitoring Service (CMEMS) Global Ocean Physics Reanalysis (78), 

CMEMS Global Ocean Biogeochemistry Hindcast (79), and ETOPO1 Global Relief Model (80). 

Covariates included bathymetry (m), rugosity (a proxy for seabed complexity calculated as 

standard deviation of bathymetry; m), sea surface temperature (SST; °C), the standard deviation 

of sea surface temperature (a proxy for frontal activity; °C), net primary production (mg m-3 day-

1), mixed layer depth (m), and sea level anomaly (m). Covariate data were at 0.25°x0.25° spatial 



 

 

 

resolution, and dynamic covariates were at monthly mean temporal resolution. To minimize 

missing covariate values around the coasts, we smoothed covariate data by 1.25 degrees (i.e., 

each quarter degree pixel was re-calculated as the spatial mean of all pixels within a 1.25 degree 

surrounding square). Contemporaneous dynamic covariate data were available for all covariates 

from 1993-01-01 to 2021-01-01. Whale locations recorded in this window were matched with 

monthly contemporaneous ocean conditions in that grid cell, and locations recorded before 1993 

were matched with long-term monthly average ocean conditions in that grid cell (i.e., 

climatological; monthly means of 1990-2020 for SST and mixed layer depth; 1993-2020 for sea 

level anomaly; and 1992-2020 for primary productivity).  

We included smooth terms for environmental covariates to allow species-environment 

relationships to be nonlinear, and estimated these relationships using stochastic partial 

differential equation models with one-dimensional meshes that included ten knots (81).  

 

Model validation 

We used out-of-sample validation to evaluate each model using a random 80:20% 

training:testing split (Table S1) (82) . We used Area Under the receiver operating characteristic 

Curve (AUC) and True Skill Statistic (TSS) to evaluate model performance for the testing set, 

which are both commonly used to evaluate species distribution models (83). The AUC represents 

the true positive rate (sensitivity) versus false positive rate (1 – specificity). AUC ranges from 0 

to 1, with values >0.5 indicating better performance than random and values >0.75 considered 

effective for use in conservation planning (84). The TSS score is calculated as the sum of 

sensitivity and specificity minus 1 and ranges from -1 to 1, with values >0 indicating better 

performance than random (85, 86). We also consulted with experts on each whale species to 

ensure the biological realism of the resulting spatial predictions (68, 87).  

 

Model prediction 

 For each species, we predicted whale distributions (predicted probability of species 

occurrence) across each species range defined by the International Union for Conservation of 

Nature (IUCN; 88–91), and refer readers to (92) for additional range maps. As models included 

dynamic covariates at the monthly temporal resolution, we predicted monthly whale distributions 

based on mean conditions for each climatological month (n=12). Our objective was to 

characterize broad-scale global patterns of ship-strike risk without introducing false precision, so 

we aggregated predictions to 1˚ resolution for final whale distribution maps (Figs. S6-S9) (26, 

93). We calculated the whale space-use index (wj) in each grid cell j for each species by 

averaging predicted probability of occurrence in that grid cell across months and then scaling 

between 0-1 to develop a static metric of whale space use from which to calculate ship-strike 

risk. 

 

Vessel data 

 

Vessels broadcast Automatic Identification System (AIS) signals for navigational safety, 

and these signals are relayed by satellites and terrestrial receivers to nearby vessels. In recent 

years, AIS has evolved into a valuable scientific and managerial tool for quantifying vessel 

traffic in space and time (25). We used newly-available global AIS data for vessels to map global 

shipping traffic between 2017 and 2022. AIS data were sourced from Spire and Orbcomm and 

processed by Global Fishing Watch to determine vessel type and size (25, 94). Spire’s satellites 



 

 

 

were launched in 2017, so we only use AIS data starting in 2017 in order to ensure more 

complete coverage (93). We interpolated AIS data by connecting consecutive locations for each 

vessel and regularized tracks to one location for each vessel every five minutes. We calculated 

vessel speed for each location as the speed between that location and the vessel’s previous 

location. We restricted our analysis to non-fishing vessels >300GT, as larger vessels have stricter 

AIS requirements and are more likely to lethally strike whales. The International Maritime 

Organization (IMO) requires AIS transmission by all vessels >500GT and vessels >300GT that 

are traveling internationally, and AIS usage declines as vessel size decreases (95). Larger vessels 

also pose a greater threat to whales based on probability of collision and lethality of collision 

(40, 96, 97). We excluded fishing vessels because previous analyses have shown considerable 

gaps in the AIS record for fishing vessels compared to non-fishing vessels (93, 98). 

To calculate speed-weighted vessel density in each 0.25˚x0.25˚ grid cell, we used an 

additive approach that reduces bias in shipping density and probability of lethal collision 

calculations (16, 99). The probability that a collision between a vessel and a whale is lethal 

increases with faster vessel speeds (40):  

𝑝 𝑙𝑒𝑡ℎ𝑎𝑙 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛,𝑖  =
1

1 + 𝑒𝑥𝑝−(−1.905 + 0.217∗𝑠𝑝𝑒𝑒𝑑𝑖)
    Equation 1 

We calculated plethal collision, i for each vessel location i, based on the speed of the vessel between 

that location and its previous location.  

 Next, we calculated speed-weighted vessel distance traveled for each vessel location by 

multiplying the plethal collision, i and the distance (di) between location i and location i-1 (99). We 

then calculated speed-weighted vessel density (Dj) by summing speed-weighted distance traveled 

values for each vessel location in each grid cell j:  

𝐷𝑗  =  ∑ (𝑝𝑙𝑒𝑡ℎ𝑎𝑙 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛,𝑖  ∗  𝑑𝑖)
𝑁
𝑖 = 1      Equation 2 

where N is the number of vessel locations within the grid cell j. We log-transformed speed-

weighted vessel density and rescaled between 0 and 1 (100).  

 

Quantifying ship-strike risk  

 

We multiplied the speed-weighted vessel density (Dj) and each species’ space-use index 

(wj) to yield our ship-strike risk index (Rj) in each grid cell j at 1˚x1˚ resolution (99):  

𝑅𝑗  =  𝑤𝑗 ∗ 𝐷𝑗        Equation 3 

We identified ship-strike hotspots as areas with greater than or equal to the 99th 

percentile of risk from the static maps for each species (i.e., grid cells in the top 1% of risk). We 

conducted a sensitivity analysis, considering 90, 95, 99, and 99.5 percentile cutoffs to evaluate 

the sensitivity of our hotspot analysis to choice in cutoff value (Table S2, Fig. S16). We overlaid 

risk hotspots for each species to identify areas that present high collision risk to multiple species.  

 

Summarizing ship-strike risk by region and management status 

 

Shipping calculations 

 We calculated the number of 1˚x1˚ grid cells within species IUCN-defined ranges that 

did not contain any large vessel traffic during each year. We also calculated the total distance 

traveled by vessels in each species IUCN-defined range each year.  

 

Comparison with risk in the California Current Ecosystem 



 

 

 

 The California Current Ecosystem is a well-studied region in which rates of mortality 

from ship-strikes have been calculated for blue, fin, and humpback whales and have been found 

to be between 2-(humpback) to 8-(blue whale) times higher than the legal limit for anthropogenic 

mortality (16, 29). We calculated the mean ship-strike risk across all species in the California 

Current Ecosystem and identified grid cells that had equivalent or higher predicted risk. 

 

Ship-strike risk across regions 

We quantified how ship-strike risk varied across ocean regions, exclusive economic 

zones, and marine protected areas. For ocean regions, we used regional definitions for global 

oceans and seas from (101). We accessed exclusive economic zone boundaries from (102) and 

the single polygon designating the high seas from (103). We extracted the mean predicted ship-

strike risk for each species in each exclusive economic zone as well as the high seas polygon. We 

then used a t-test to determine whether the difference between predicted risk within each 

exclusive economic zone and mean value in the high seas was significantly different from zero. 

Similarly, we evaluated whether predicted ship-strike risk differed within and outside of marine 

protected areas. We split up this analysis by ocean region because marine protected area 

coverage varies across regions. We accessed marine protected area polygons from (104). For 

each ocean region, we calculated the difference in ship-strike risk within each marine protected 

area compared to the mean ship-strike risk outside of marine protected areas for that region, and 

used t-tests to evaluate whether the difference was significantly different from zero.  

 

Management status of ship-strike risk hotspots 

We characterized the management status of ship-strike risk hotspots. The World Shipping 

Council (WSC) compiled governmental measures aimed at reducing ship-strike risk to whales 

into a report (42). From this report, we digitized spatially-static measures (i.e., zones that cover 

the same area across years, rather than spatially-dynamic or mobile areas triggered by the 

detection of a target species), including vessel speed reduction and area closures (i.e., areas to be 

avoided) aimed at protecting whales from shipping. We excluded spatially-dynamic zones 

because they do not represent areas that are permanently protected year-to-year, and no spatially-

dynamic zones were aimed at protecting any of our four focal species. For vessel speed reduction 

zones, we considered areas with a stated speed limit (e.g., 10 knots rather than a directive such as 

“use caution”). We considered both voluntary and mandatory measures, and year-round and 

seasonal measures. Moving shipping lanes has also been successfully implemented in some areas 

(20), however because we are looking at current management strategies in the time these 

hotspots were identified (shipping data from 2017-2022), past movement of shipping lanes 

would be reflected in AIS data. We considered a hotspot “managed” if it overlapped to any 

degree with a management area. We calculated the percentage of hotspots that were protected 

overall and by species. We calculated the total area of hotspots that lack any management, and 

compared that to the area of the global oceans.  



 

 

 

 

 
Figure S1. Whale location data. Location data for blue, fin, humpback, and sperm whales from 

1960-2020.   



 

 

 

 
 

Figure S2. Blue whale range and location data. A) Blue whale range map as defined by the 

International Union for Conservation of Nature (IUCN). B) Blue whale locations and effort data. 

Blue whale locations are color-coded by data type. Survey tracklines are shown in dark gray. The 

light gray shaded region indicates the area over which background points were generated for 

presence-only data types (see Materials and Methods).   



 

 

 

 

Figure S3. Fin whale range and location data. A) Fin whale range map as defined by the 

International Union for Conservation of Nature (IUCN). B) Fin whale locations and effort data. 

Fin whale locations are color-coded by data type. Survey tracklines are shown in dark gray. The 

light gray shaded region indicates the area over which background points were generated for 

presence-only data types (see Materials and Methods).  

  



 

 

 

 

Figure S4. Humpback whale range and location data. A) Humpback whale range map as 

defined by the International Union for Conservation of Nature (IUCN). B) Humpback whale 

locations and effort data. Humpback whale locations are color-coded by data type. Survey 

tracklines are shown in dark gray. The light gray shaded region indicates the area over which 

background points were generated for presence-only data types (see Materials and Methods).  



 

 

 

 
Figure S5. Sperm whale range and location data. A) Sperm whale range map as defined by 

the International Union for Conservation of Nature (IUCN). B) Sperm whale locations and effort 

data. Sperm whale locations are color-coded by data type. Survey tracklines are shown in dark 

gray. The light gray shaded region indicates the area over which background points were 

generated for presence-only data types (see Materials and Methods).   



 

 

 

 
Figure S6. Blue whale distribution in January, April, July, and October. Probability of blue 

whale occurrence for climatological mean conditions from 1993-2020 in January, April, July, 

and October from integrated species distribution models. Probability of occurrence was modeled 

across the IUCN-defined blue whale range.  

 



 

 

 

 
Figure S7. Fin whale distribution in January, April, July, and October. Probability of fin 

whale occurrence for climatological mean conditions from 1993-2020 in January, April, July, 

and October from integrated species distribution models. Probability of occurrence was modeled 

across the IUCN-defined fin whale range.  

 



 

 

 

 
Figure S8. Humpback whale distribution in January, April, July, and October. Probability 

of humpback whale occurrence for climatological mean conditions from 1993-2020 in January, 

April, July, and October from integrated species distribution models. Probability of occurrence 

was modeled across the IUCN-defined humpback whale range.  

 



 

 

 

 
Figure S9. Sperm whale distribution in January, April, July, and October. Probability of 

sperm whale occurrence for climatological mean conditions from 1993-2020 in January, April, 

July, and October from integrated species distribution models. Probability of occurrence was 

modeled across the IUCN-defined sperm whale range.   



 

 

 

 
 

Figure S10. Upper and lower prediction intervals for blue whale distribution. Upper and 

lower bounds of 95% prediction intervals of probability of blue whale occurrence for 

climatological mean conditions from 1993-2020 in January, April, July, and October from 

integrated species distribution models. Probability of occurrence was modeled across the IUCN-

defined blue whale range.   



 

 

 

 

 
 

Figure S11. Upper and lower prediction intervals for fin whale distribution. Upper and 

lower bounds of 95% prediction intervals of probability of fin whale occurrence for 

climatological mean conditions from 1993-2020 in January, April, July, and October from 

integrated species distribution models. Probability of occurrence was modeled across the IUCN-

defined fin whale range.  

  



 

 

 

 
Figure S12. Upper and lower prediction intervals for humpback whale distribution. Upper 

and lower bounds of 95% prediction intervals of probability of humpback whale occurrence for 

climatological mean conditions from 1993-2020 in January, April, July, and October from 

integrated species distribution models. Probability of occurrence was modeled across the IUCN-

defined humpback whale range.  

 

  



 

 

 

 
Figure S13. Upper and lower prediction intervals for sperm whale distribution. Upper and 

lower bounds of 95% prediction intervals of probability of sperm whale occurrence for 

climatological mean conditions from 1993-2020 in January, April, July, and October from 

integrated species distribution models. Probability of occurrence was modeled across the IUCN-

defined sperm whale range.   



 

 

 

 

 
Figure S14. Areas of equivalent risk to the California Current Ecosystem. Areas of 

equivalent or higher predicted ship-strike risk than mean ship-strike risk across all species in the 

California Current Ecosystem (shown in green outline, with mean predicted risk value of 0.397).  



 

 

 

 
Figure S15. Mean ship-strike risk across global oceans and seas for each species. Error bars 

are ± 1 standard deviation. The International Union for the Conservation of Nature (IUCN) blue 

whale and humpback whale range maps do not include the Mediterranean so ship-strike risk was 

not calculated for that region.  

 



 

 

 

 



 

 

 

Figure S16. Ship-strike risk hotspots for blue, fin, sperm, and humpback whales defined 

using different percentile cutoffs (90%, 95%, 99%, and 99.5% of predicted ship-strike risk for 

each species). In the main text, hotspots are defined using the 99th percentile cutoff – i.e., grid 

cells in the top 1% of risk for each species.  

  



 

 

 

 

 

 
Figure S17. Distribution of hotspots across global oceans and seas for each species. Percent 

of global ship-strike risk hotspots (defined as top 1% of global ship-strike risk for each species) 

in each region.  

 

  



 

 

 

 
Figure S18. Distribution of hotspots across global oceans and seas. Percent of global ship-

strike risk hotspots (defined as top 1% of global ship-strike risk for any species) in each region. 

  



 

 

 

 
Figure S19. Locations of recognized high-risk areas for blue, fin, humpback, and sperm 

whales designated by the International Whaling Commission (9). Symbol shapes differ 

across species to allow shared high-risk areas to be visible (e.g., three regions in the 

Mediterranean are recognized as high risk for both fin and sperm whales). 

 



 

 

 

 
Figure S20. Whale space use and shipping traffic by species. Bivariate map showing the 

relative levels of whale space use and shipping traffic in each grid cell, both split into 5 

quantiles.   



 

 

 

 
 

Figure S21. Maps of existing ship-strike management efforts and unmanaged ship-strike 

risk hotspots. Management zones were digitized from the World Shipping Council report (42), 



 

 

 

and include mandatory or voluntary measures that are spatially static and that either involve the 

closure of an area to vessels or vessel speed reduction that is associated with a specific speed 

limit. A) Mandatory (blue) and voluntary (teal) ship-strike management measures. Because many 

areas are very small, for ease of viewing this map shows management interventions on the 1˚ 

gridded resolution used for mapping ship-strike risk. B) Ship-strike risk hotspots for any species 

that do not overlap with an existing ship-strike management measure. C) Multi-species ship-

strike risk hotspots (i.e., risk hotspots that are shared by ≥2 species) that do not overlap with an 

existing ship-strike management measure.  
 

 

  



 

 

 

 
Fig. S22: Percentages of each species ship-strike risk hotspots that are protected by 

mandatory and voluntary management measures.  



 

 

 

Figure S23: Ship-strike risk in Marine Protected Areas. Mean predicted ship-strike risk by 

region within MPAs compared to non-MPA areas. Error bars are 95% confidence intervals and 

asterisks indicate significant differences (p < 0.001). 



 

 

 

Table S1. Model validation and sample sizes for whale species distribution models. Model validation metrics include the area 

under the receiver operating characteristic Curve (AUC) and the true skill statistic (TSS). Sample sizes indicate the number of 

presence locations. The total sample size is the total number of whale locations included in each model, and the Sightings through 

Whaling records columns are the number of locations within that data type.  

 

  Model validation Sample size 

Species Region AUC TSS Total Sighting Survey Tagging Whaling records 

Blue whale Antarctic 0.776 0.396 1824 93 310 0 1421 

Blue whale Eastern South Pacific 0.856 0.516 901 32 43 0 826 

Blue whale 
Indian Ocean-Western 

Pacific  0.853 0.546 6666 753 143 480 5290 

Blue whale North Pacific 0.908 0.688 13646 5466 851 6849 480 

Blue whale North Atlantic 0.838 0.517 1345 938 147 241 19 

Fin whale North Atlantic 0.765 0.405 41675 19521 10418 294 11442 

Fin whale North Pacific 0.882 0.617 20818 2330 1982 374 16132 

Fin whale Southern Hemisphere 0.875 0.624 27505 400 724 0 26381 

Humpback whale North Atlantic 0.907 0.66 43032 34655 8377 0 0 

Humpback whale North Pacific 0.954 0.77 59558 55375 4183 0 0 

Humpback whale Southern Hemisphere 0.85 0.581 33609 25331 3074 5204 0 

Sperm whale Global 0.808 0.465 23578 12705 7673 3200 0 

 



 

 

 

Table S2. Sensitivity analysis for percentile cutoffs for risk hotspot definitions. Spatial distribution and management coverage of 

species hotspots defined using different percentile cutoffs (99.5%, 99% [used in the main analysis], 95%, and 90%). For each region, 

values are the percent of each species’ hotspots defined by the focal cutoff value that fell within each ocean region. Dashes indicate 

regions that are not included in species’ ranges as defined by the International Union for the Conservation of Nature (i.e., blue and 

humpback whale ranges do not include the Mediterranean Sea). For management type, values are the percent of each species’ hotspots 

defined by the focal cutoff value that contained a mandatory management (Mandatory) or any management effort, either mandatory or 

voluntary (All). 

Species 
Hotspot 

percentile 

Region Management type 

Arctic Indian Mediterranean N Atlantic N Pacific S Atlantic S China S Pacific Southern Mandatory All 

Blue 99.5 0 32.97 - 7.03 38.92 0 12.97 8.11 0 0 5.41 

Blue 99 0 39.73 - 10 30 0 12.7 7.57 0 0.54 4.05 

Blue 95 3.35 38.2 - 13.58 17.48 3.9 11.26 12.23 0 0.54 1.95 

Blue 90 6.41 36.93 - 15.56 12.91 6.06 8.74 13.37 0.03 0.54 1.3 

Fin 99.5 0 25.38 1.54 0.77 22.31 31.54 0 18.46 0 0 6.15 

Fin 99 0 23.94 1.16 3.86 23.55 24.71 0 22.78 0 0 4.25 

Fin 95 2.24 14.31 7.27 10.83 29.54 17.71 0.23 16.32 1.55 0.54 4.41 

Fin 90 3.21 12.49 6.73 11.79 28.73 17.75 0.43 16.74 2.13 0.54 3.05 

Humpback 99.5 0.53 12.23 - 1.06 46.28 17.02 9.04 13.83 0 0.53 4.79 

Humpback 99 1.06 13.56 - 3.72 38.56 21.01 6.65 15.43 0 0.27 4.52 

Humpback 95 3.41 19.58 - 12.99 26.61 12.35 8.46 16.18 0.43 1.01 2.34 

Humpback 90 4.18 20.41 - 15.25 21.5 11.5 9.37 17.03 0.77 0.69 1.49 

Sperm 99.5 0.53 4.26 53.19 26.6 7.45 1.6 4.26 2.13 0 0 10.11 



 

 

 

Sperm 99 0.53 7.73 37.6 26.93 10.93 3.73 6.67 5.87 0 0 6.67 

Sperm 95 1.71 14.29 12.59 26.03 13.44 9.28 8.16 14.51 0 0 1.92 

Sperm 90 1.84 17.2 7.28 24.25 17.55 9.26 6.86 15.76 0 0 1.28 



Movie S1. Blue whale distribution across months of the year. Probability of blue whale 

occurrence for climatological mean conditions for each month from 1993-2020 from integrated 

species distribution models. Probability of occurrence was modeled across the IUCN-defined 

blue whale range. 

Movie S2. Fin whale distribution across months of the year. Probability of fin whale 

occurrence for climatological mean conditions for each month from 1993-2020 from integrated 

species distribution models. Probability of occurrence was modeled across the IUCN-defined fin 

whale range. 

Movie S3. Humpback whale distribution across months of the year. Probability of humpback 

whale occurrence for climatological mean conditions for each month from 1993-2020 from 

integrated species distribution models. Probability of occurrence was modeled across the IUCN-

defined humpback whale range. 

Movie S4. Sperm whale distribution across months of the year. Probability of sperm whale 

occurrence for climatological mean conditions for each month from 1993-2020 from integrated 

species distribution models. Probability of occurrence was modeled across the IUCN-defined 

sperm whale range. 

Data S1. Citations for whale location datasets included in whale distribution modeling 

analysis.  
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