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Estimates of home range sizes for marine fishes are essential for designing and assessing the effects

of spatial wildlife conservation policies and management interventions. However, in situ studies of
marine species movement are challenging and often expensive, resulting in a paucity of data on the
home range size of the vast majority of marine fishes. Here, we develop a set of new datasets, which

we have collectively named Marine Fish Movement, that synthesises published empirically evaluated
home ranges reported for adult marine fishes that interact with fisheries and leverage these data to
estimate home range sizes for unstudied species. The empirical data contain estimated home range
sizes (km?) for 193 species across 63 family groups from 179 studies published between 1971 and 2022.
We use a random forest regression model to estimate home range sizes (km?) for 664 fished marine
species currently lacking home range estimates. Marine Fish Movement can inform spatial interventions
including the design and management of marine protected areas and dynamic fisheries management to
meet sustainability goals.

Background & Summary

The study of animal movement in the ocean is constrained by logistical challenges associated with observing
marine species in situ. Underwater direct observations by divers or snorkelers or tag-recapture via catch and
release fishing long served as the primary windows into understanding space use by marine organisms. Recent
advances in biologging technology have enabled the remote measurement of the movements and behaviour of
free-ranging marine species, leading to a rapid expansion of animal movement ecology research in the ocean'~.
Satellite and acoustic telemetry now allow for the precise estimation of the space use of a broad range of taxa
across coastal and open ocean ecosystems, and provide data that can be used to define home ranges among other
spatial features of biological and ecological significance"*>.

A home range is the area an animal regularly uses during the course of its normal activities®. Estimates of
animal home ranges are generally quantified through kernel density estimation’® to map utilisation distributions
(UDs) across a landscape or geometric methods such as the minimum convex polygon (MCP)®. Resulting home
range estimates are explicitly linked to location and habitat to describe an animal’s cognitive map of its “home”1,
often delineated into individual kernels to distinguish core use from general or even total use areas (i.e., 50%,
95%, or 100% UDs or MCPs). Though size is just one of many components of a home range, it serves as a useful
metric of animal movement for inclusion in spatial conservation planning and management. Species’ home
range size is often a necessary parameter to design and evaluate marine protected areas'!~'* and other spatial
fisheries management interventions such as Territorial Use Rights in Fisheries (TURFs)'¢. For example, Green
et al.' recommend designing protected areas to be more than twice the size of the home range of focal coral reef
fishes. Despite technological and statistical advancements in measuring and assessing home ranges, most marine
species remain unstudied, including species targeted for fisheries and conservation management.
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Fig. 1 Conceptual schematic of the data curation process and the potential applications of the novel dataset.
A targeted literature review of commercially relevant marine fishes was conducted to compile published home
range size data; random forest regression models were used to estimate home range sizes for unstudied fishes.
These data can be used to inform marine spatial planning efforts and management strategy evaluation for
wildlife conservation and management.

Here, we provide a collection of novel datasets, Marine Fish Movement’, that contain home range size esti-
mates for adult marine fishes that interact with fisheries as target or incidental catch. The primary home range
size estimate dataset was developed using the following procedure: (1) create a species list of marine fishes that
interact with commercial fisheries as target or incidental catch; (2) collate published empirical estimates of indi-
vidual species’ home range sizes via targeted literature review; (3) identify known and hypothesised predictors
of species home range size and collect and harmonise requisite data for each species; and (4) implement random
forest regression models to estimate home range sizes for marine fishes lacking empirical evaluation (Fig. 1).
Companion datasets including the empirical home range size estimates collected through the literature review
and categorical movement indices are published as part of the Marine Fish Movement collection.

Methods

Data collection. Species list. Marine Fish Movement targets global marine fishes that are caught by com-
mercial fisheries, as reported by Costello et al.'® (n =744 species). These data include all fish stocks, which we
have combined at the species level, from global fisheries (both within exclusive economic zones and the high seas;
across all gear types; including industrial and small-scale commercial fisheries).

Empirical home range size estimates.  Using the species list, we conducted a targeted search of peer-reviewed
literature via Google Scholar for empirical studies and reviews reporting home range information (Keywords:
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Fig. 2 Overview of published home range sizes of marine fishes. Natural log of empirical home range sizes of
commercially exploited fishes (n =193) from 179 published studies shown by family group (n=63).

“[species name]” AND “home range” OR “kern* utili* density” OR “KUD” OR “minimum convex polygon” OR
“MCP” OR “geometric” OR “GEO” OR “move*”). Opportunistic searches were also conducted using reference
lists from identified studies. Home range studies use a variety of observational and analytical approaches to
estimate home range size. Field surveys conducted via satellite, radio, and acoustic telemetry, tag recapture, or
direct observation for species with home ranges that were small enough that they could accurately be described
in situ were retained. We included studies with home range estimates produced via kernel utilisation distri-
butions (KUD), minimum convex polygons (MCP), and other geometric estimation techniques (GEO) that
defined home range as 75-100% of an adult individual’s total utilised area. Study method was recorded, with
studies using satellite, radio, acoustic telemetry, or mark-recapture data to estimate home range size preferred
over studies using visual observations, except when the home range was small enough to be visually tracked. All
home range size estimates were converted to km?.

For each study, we recorded the following information: species scientific name (Genus species), mean home
range (km?), home range standard deviation (km?), home range percent (75-100%; i.e., the percent of the adult’s
individual total utilised area), home range estimation method (KUD, MCP, GEO), observation method (direct
observation, mark-recapture, telemetry), sample size (number of individuals), study duration (days), study loca-
tion, reference. Note that standard deviations were inconsistently reported and home range estimates were often
reported as averages. Consequently, we were often unable to independently calculate standard deviation from
reported home range estimates. When mean home range was not reported, we derived it from the individual
home range sizes reported. In cases where multiple studies were conducted on the same species, we calculated a
weighted geometric mean across studies using reported sample sizes. If the sample size was not reported (n=21),
it was assumed to be 1 to down-weight the contribution of these studies. Unreported sample sizes tended to be
from studies of highly territorial and/or site attached species (e.g., damselfishes, gobies) in which the number of
individuals were reported as a density (individuals m~2) or not reported at all. This resulted in data records for
estimated home range sizes of 193 species, representing 63 family groups from 179 unique references (Fig. 2).

Statistical analysis. Model parameterization. To estimate home range size for fisheries-relevant species
without empirical data, we built and evaluated random forest regression (RFR) models'®. Our goal was not to mech-
anistically derive the key drivers of home range size, but rather we sought an approach that maximises overall model
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Estimation parameter Data source
Maximum length (cm) FishBase?!
Trophic level FishBase?!
Intrinsic growth, r Sala et al.?
Carrying capacity, K Sala et al.?
Geographic range AquaMaps?
Movement keyword This paper

Table 1. Estimation parameters and data sources used in the random forest regression model.

performance and predictive power. Given this, we used the RFR machine learning approach, which is an ensemble
learning technique that applies different regression functions across the predictor space as opposed to a parametric
or nonparametric function across the full suite of independent variables, as is the case in traditional regressions.

To predict home range size (km?), we assembled independent variables known (e.g., Krueck et al.*) or
hypothesised to influence home range size: maximum length (cm), trophic level, intrinsic population growth
rate, species-level carrying capacity, geographic range, and a descriptive movement keyword (final model var-
iables are shown in Table 1). A standard maximum length measurement is not available on FishBase?!, so total
length (snout to tip of tail), fork length (snout to fork of tail), and standard length (snout to last vertebra)
were all accepted length measurements. For species without reported trophic levels, we used a linear regres-
sion model to predict trophic level from reported food trophic level values. For species missing both trophic
level and food trophic level, a genus level mean was used to impute missing data. Intrinsic growth rate (r)
reported by species and carrying capacity (K) reported by stock were taken from Sala et al.”?, with stock level K
summed across stocks to get a species-level K. Geographic range size reported by predicted AquaMaps® range
maps based on a 0.5 threshold probability of occurrence was also included for each species. The descriptive
movement parameter dataset (both a keyword and a categorical classifier were tested) was assembled from a
systematic keyword search across three databases that were searched sequentially: FishBase?!, the Food and
Agricultural Organization (FAO) of the United Nations?, and the International Union for the Conservation of
Nature (IUCN) Red List of Threatened Species® (Table 2). After imputing missing trophic values, species miss-
ing any predictor variables were excluded from the model. The full set of estimation parameters were available
for 664 of the 744 commercially caught fish species, including 70 of the 193 species with empirical home range
size estimates, which we merged by species name in R (version 4.1.3) using the tidyverse*® package.

Model implementation, validation, and testing. Empirical home range data were split into a training (48 spe-
cies) and a testing (22 species) dataset for model fitting and evaluation, stratified by family to get a representative
sample of all scientific families present within the empirical data in the training dataset. We explored alternative
stratification procedures, including stratifying by movement keyword (see Table 2), but this approach did not
perform as well as the family level stratification and so was not retained for the final model. All numeric predic-
tors were normalised, and home range size values were log-transformed to prevent an over-influence of large
values on model predictions. Cross validation was used to determine the best values for the following hyperpa-
rameters: the number of trees in the model, the number of predictors in each sample, and the minimum number
of data points in each node required for node split for each model tested. We examined root mean squared error
(RMSE) and R? values for predicted test data to assess model performance and for model selection (retaining the
model with the lowest RMSE and highest R% Table 3). Cross validation was also used to generate an estimate of
out-of-bag error (OOB RMSE; error when predicting samples that were not used in training a specific tree). All
models were implemented using the tidymodels’” and ranger®® packages, and variable importance was assessed
using RMSE dropout loss implemented via the DALEX? package in R.

Model performance for training was deemed suitable with RMSE =2.18 and R?=0.88. We used cross val-
idation to find a mean R? value across the training folds and then examined model accuracy within an order
of magnitude by back-transforming predicted home range sizes and comparing them to empirical home range
size estimates. These order of magnitudes are binned (i.e., 0.14 km?=10"! = order of magnitude of —1, and
109km? = 10> = order of magnitude of 2). The model was determined to be reliably generalizable with the mean
R? from cross validation equal to 0.51 (SE: 0.06) and an OOB RMSE of 4.39, only slightly higher than the full
model RMSE (see below). We then used the same specification and procedure of the RFR model to generate
predictions for all 664 parameterizable species in our list of commercially relevant marine fishes reported in the
Marine Fish Movement dataset, along with predictions of the 5th, 25th, 75th, and 95th quantiles as measures
of uncertainty. Estimated home range sizes are shown in Fig. 3 by family group, with home range size values
back-transformed from the log scale for interpretability; quantile estimates are reported in the published dataset.

Full model performance was again acceptable (RMSE =3.32, R?=0.44). In general, the model underpre-
dicted home range sizes (Fig. 4a). RMSE values are reported based on the log of the predicted data versus the
log of the observed data. While more useful for summarising the entire model given our large range of values,
this reporting method can impede interpretability. We therefore calculated RMSE for the back-transformed
variables as well (RMSE = 2,281.9), which is inflated due to a single outlier that similarly obfuscates interpret-
ability. Removing this outlier reduces the RMSE for the full dataset to 2.32. The influence of this outlier is fur-
ther apparent when examining back-transformed RMSE values across home range size categories: high movers
(home range size > 100 km?) = 10703; medium movers (1 km? < home range size < 100 km?) = 7.40; low movers
(0.01 km? < home range size < 1 km?) = 0.56; and lowest movers (home range size < 0.01km?) =0.1.
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Movement Movement
keyword classifier Description FishBase/FAO/TUCN keywords
adults are sessile (e.g., toadfish), burrow/crawl/attached | “sessile”; “burrow”; “limited movement”; “sedentary”;
sedentary low e «  »
with limited movement; sensu Welch (18) home ranging
territorial low adults are territorial with limited territory size “territorial”; “home ranging”
. . adults are associated with reef habitat (coral reef, rocky “coral”; “rock”; “reef”; “inshore reef”; “associated with
habitat_reef medium . », L
reef); generally found in coastal waters reefs”; “reef-associated
. . adults are associated with non-reef coastal waters “coastal’; “inshore”; “lagoon”; “brackish waters”;
habitat_coastal | medium N . « », R . « . »
(lagoons, estuaries, rivermouths, seagrass beds) ‘seagrass beds”; “continental shelf”; “pelagic inshore
habitat_benthic | medium adults are associated with the benthos “sandy bottom”; “benthic”; “mud”; “demersal”
habitat_deep medium adults are associated with deep ocean habitat (>100 m) deep water ; outer conﬁn}(ental shelves_af’ld upper
slopes”; “bathydemersal”; “benthopelagic
hms high adults are highly migratory species “highly migratory species”
migratory high adults undergo regular migrations >50km “strongly migratory”; “extensive migrations”; “migrant”
pelagic high adults move throughout the pelagic zone “pelagic”; “oceanic”; “open sea”; “offshore”; “free-living”
deep high adults are transient at depths >100m “bottom browser”

Table 2. Categorical movement classification system developed for the random forest regression model.
Detailed results and references are published as Data Record #3 along with this publication.

All variables were important for the model; intrinsic growth rate, trophic level, and carrying capacity were
the most important model predictors, and length and geographic range were the least important (Fig. 4b).
Across the testing data, 68.18% of predictions were within one order of magnitude of the observed home range
size value (Table 3). Therefore, we recommend interpreting estimated home range sizes as being accurate within
the predicted order of magnitude or using the quantile predictions, specifically the 25th and 75th quantiles, as
a measure of uncertainty. These predictions improve markedly upon the previous classification of fish as either
“low”, “mediun’, or “high” movers.

Marine Fish Movement and associated code are publicly available (see Data Records section for access).
Datasets and interactive data visualisations can be explored via an associated Shiny app (hosted at: https://
emlab-ucsb.shinyapps.io/fish_homeranges/).

Data Records
Marine Fish Movement contains three novel datasets and source code, which have been published as Marine
Fish Movement to Dryad (data)!” and Zenodo (code)*. The repository contains the following files:

1. “homerange_rf predictions.csv” contains the estimated home range sizes from the random forest regres-
sion model and associated data.

2. “empirical_homerange.csv” includes the results from the targeted literature review.

3. “movement_classification.csv” contains the detailed results from the movement classification system
shown in Table 2.

A “README.md” file also published to Dryad provides additional descriptive information and metadata for
each data file.

Technical Validation
To validate published empirical home range size estimates, we had four independent reviewers (T'W, SF, KDM,
and DB) collect and cross check entries. Home range size averages across a reported sample and standard
deviations were similarly calculated by independent reviewers. A fifth reviewer (AMC) did a final check of all
recorded empirical home range sizes and associated data and calculations. Because charismatic species are often
the subject of empirical home range studies, multiple independent studies were concentrated on a handful of
species. For these species, a geometric mean home range size was calculated using study sample size (i.e., num-
ber of individuals per study) as the scaling factor.

Taxon names are inconsistently reported across studies and databases. To effectively merge species level
information across our various datasets for model implementation, we used the World Register of Marine
Species (WoRMS)?° as our reference taxonomic database and the following validation procedure:

« Get scientific names from WoRMS?!, FishBase?!, Encyclopedia of Life*? (EOL), Catalogue of Life (COL)*,
and Global Biodiversity Information Facility** (GBIF) using the taxize*® R package.

o Resolve scientific names starting with WoRMS, then FishBase, then EOL, then COL, then GBIE, if the name
is missing from the prior sources.

« Cross check and filter resolved scientific names from taxize against the valid names in WoRMS using the
worms®® R package to remove subspecies or synonyms. This resulted in resolved scientific names for 189 out
of 193 validated species names.

o For the remaining four unresolved scientific names, filter out “ambiguous” records, for which a resolved sci-
entific name has multiple records. This occurred for two species and the records with the accepted valid name
from WoRMS was retained.
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Model Strata | Test RMSE | Test R? | Same ORD (%) | 1 ORD difference (%) | >1 ORD difference (%)
hr~r+K+m+1+t move | 46363.82 0.43 17.39 8.70 73.91
hr~r+K+m+I1+t family | 4989.64 0.77 4.55 18.18 77.27
log(hr) ~r+K+m+I1+t move |4.82 0.24 21.74 39.13 39.13
log(hr) ~r+K+m+I1+t family | 3.80 0.26 27.27 50.00 22.73
log(hr) ~r+ K+m+1+t+f move | 4.83 0.24 21.74 34.78 43.48
log(hr) ~r+K+m+1+t+g+f | move |4.61 0.29 13.04 43.48 42.48
log(hr) ~r+K+m+1+t move | 4.60 0.29 113.04 43.48 42.48
log(hr) ~r+K+m+1+t+g family | 3.32 0.44 22.73 45.45 31.82

Table 3. Model selection for the random forest regression testing model. RFR model specification along with
testing sample stratification procedure (taxonomic family, “strata family,” or movement classifier, “strata move”),
test root mean squared error (RMSE), test R, and percent of predictions that are the correct order of magnitude
(ORD; i.e., same for observed and predicted), within 1 order of magnitude of the observed value, or >1 order

of magnitude different from the observed value are shown. Bold has been used to indicate the best performing
indicator across models; we selected the best estimation model based on the lowest RMSE and highest R?of the
models predicting the natural log of home range size. Parameter abbreviations: hr =home range; r = growth rate;
K = carrying capacity; m = movement keyword; /=length; t = trophic level; f=family; g= geographic range.
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Fig. 3 Estimated home range sizes of marine fishes. Natural log of home range sizes of commercially exploited
marine fishes (n = 664) shown by family group (n=151) and coloured by individual species estimated via a
random forest machine learning model.

o The valid name of an additional two records were unaccepted due to an outdated species name. For these
cases, the resolved scientific name was used, resulting in the validation of all 193 species.

Details and associated code are available in “clean_spp_names.Rmd” published as part of Marine Fish
Movement™.

Considerations for application. This paper presents Marine Fish Movement, a dataset containing pre-
dicted home range values for a wide range of marine fish species. We note two key considerations when using
Marine Fish Movement: First, home range studies are expensive and dominated by large, charismatic taxa (i.e.,
sharks, tuna), as evidenced by the empirical data collected to develop our predictive model. As a result, home
range model training and testing are based on a limited sample that does not represent all marine taxa. We there-
fore recommend data users interpret results at the order of magnitude level, where individual RMSE values were
lowest and indicative of good model fit. Note that order of magnitude home range estimates are trained on the log
scale due to a large range of values and skewed distribution; predictions at this scale have been back-transformed
for interpretability.
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Fig. 4 Model estimation and variable importance. Natural log of observed home range size estimates (from
empirical data) compared to home range sizes estimated by the random forest regression (RFR) model (a).
Variable importance via drop-out loss for each predictor variable in the (RFR) model (b); more important
variables have a larger impact on model performance (i.e., larger drop-out loss) than less important variables.

Second, the degree of “accuracy” of the results depends to some extent on the type of movement character-
istic of the species (e.g., sedentary, territorial, migratory, associated with reefs, pelagic — see Table 2 for details).
For species with relatively small home range values, even seemingly small RMSE may be too large for some anal-
yses, while for high mobile species, the same RMSE value may be acceptable. For very low movement fish (home
range values < 0.01), data users are advised to explicitly consider their tolerance for error for a given application.
For example, for small coastal MPAs, calculating minimum size to protect low movement species using home
range values likely requires precision beyond that available for some estimates reported here. On the other hand,
approaches using species area of occurrence and adult movement to determine appropriate sampling design for
underwater monitoring may be more tolerant of error.

Taken together, practical application of Marine Fish Movement will, as with any data, require consideration
of appropriate error and uncertainty. By publishing all model code® and input data'’, we hope that Marine Fish
Movement can continue to be improved as additional marine fish home range estimates become available. At the
same time, additional studies of key model parameters, including trophic level and intrinsic population growth
rate, will further improve estimates of home range size for species lacking empirical assessment. The addition of
new model parameters known to affect species movement extent, such as philopatry*’, could further improve
model performance. Notwithstanding these improvements, Marine Fish Movement can immediately be used
to inform the design and management of a variety of ocean interventions, including large- and small-scale
MPAs that seek to protect species within their borders, MPA networks that require an assessment of habitat
connectivity from adult fish movement, TURF design to balance protection with production objectives, and
dynamic spatial fisheries management to avoid endangered, threatened, and protected bycatch species and meet
sustainability goals.

Code availability
All code associated with the Marine Fish Movement data!” are available as a zip file, “marine_fish_movement_
code.zip” hosted by Zenodo®):

1. data-prep folder with two R Markdown scripts: (i) “clean_spp_names.Rmd” to clean up species taxonomy, and
(ii) “randomforest_dataprocessing. Rmd” for harmonising and processing model variables.

2. analysis folder with a single R Markdown script, “homerange_randomforest. Rmd” that sets up and implements
the random forest regression model.

3. README.md providing further relevant details.

Code can be reproduced using R version 4.1.3.

Received: 26 October 2022; Accepted: 1 August 2024;
Published online: 10 August 2024

SCIENTIFIC DATA | (2024) 11:865 | https://doi.org/10.1038/s41597-024-03728-9 7


https://doi.org/10.1038/s41597-024-03728-9

www.nature.com/scientificdata/

References

1.

2.

3.

10.

11.

12.

13.

14.

15.

16.

17.
18.

19.
20.

21.
22.

23.
24.
25.
26.
27.

28.

29.

Hussey, N. E. et al. Aquatic animal telemetry: A panoramic window into the underwater world. Science 348, 1255642, https://doi.
org/10.1126/science.1255642 (2015).

Rutz, C. & Hays, G. C. New frontiers in biologging science. Biology Letters 5, 289-292, https://doi.org/10.1098/rsbl.2009.0089
(2009).

Bograd, S.J., Block, B. A., Costa, D. P. & Godley, B. J. Biologging technologies: new tools for conservation. Introduction. Endangered
Species Research 10, 1-7, https://doi.org/10.3354/esr00269 (2010).

. Harcourt, R. et al. Animal-Borne Telemetry: An Integral Component of the Ocean Observing Toolkit. Frontiers in Marine Science 6,

https://doi.org/10.3389/fmars.2019.00326 (2019).

. Block, B. A. et al. Toward a national animal telemetry network for aquatic observations in the United States. Animal Biotelemetry 4,

6, https://doi.org/10.1186/s40317-015-0092-1 (2016).

. Burt, W. H. Territoriality and Home Range Concepts as Applied to Mammals. Journal of Mammalogy 24, 346-352, https://doi.

org/10.2307/1374834 (1943).

. Worton, B. J. Kernel Methods for Estimating the Utilization Distribution in Home-Range Studies. Ecology 70, 164-168, https://doi.

org/10.2307/1938423 (1989).

. Seaman, D. E. & Powell, R. A. An Evaluation of the Accuracy of Kernel Density Estimators for Home Range Analysis. Ecology 77,

2075-2085, https://doi.org/10.2307/2265701 (1996).

. Mohr, C. O. Table of Equivalent Populations of North American Small Mammals. The American Midland Naturalist 37, 223-249,

https://doi.org/10.2307/2421652 (1947).

Powell, R. A. & Mitchell, M. S. What is a home range? Journal of Mammalogy 93, 948-958, https://doi.org/10.1644/11-
MAMMS-S-177.1 (2012).

Kramer, D. L. & Chapman, M. R. Implications of fish home range size and relocation for marine reserve function. Environmental
Biology of Fishes 55, 65-79, https://doi.org/10.1023/A:1007481206399 (1999).

Moffitt, E. A., Botsford, L. W. & Kaplan, D. M. & O’Farrell, M. R. Marine reserve networks for species that move within a home
range. Ecological Applications 19, 1835-1847, https://doi.org/10.1890/08-1101.1 (2009).

Krueck, N. C. et al. Reserve Sizes Needed to Protect Coral Reef Fishes. Conservation Letters 11, 12415, https://doi.org/10.1111/
conl.12415 (2018).

Green, A. L. et al. Larval dispersal and movement patterns of coral reef fishes, and implications for marine reserve network design.
Biological Reviews 90, 1215-1247, https://doi.org/10.1111/brv.12155 (2015).

Hooker, S. K. et al. Making protected area networks effective for marine top predators. Endangered Species Research 13, 203-218,
https://doi.org/10.3354/esr00322 (2011).

Aceves-Bueno, E., Cornejo-Donoso, J., Miller, S. J. & Gaines, S. D. Are Territorial Use Rights in Fisheries (TURFs) sufficiently large?
Marine Policy 78, 189-195, https://doi.org/10.1016/j.marpol.2017.01.024 (2017).

Bradley, D. et al. Marine Fish Movement. Dryad https://doi.org/10.25349/D96COM (2024).

Costello, C. et al. Global fishery prospects under contrasting management regimes. Proc Natl Acad Sci USA 113, 5125, https://doi.
org/10.1073/pnas.1520420113 (2016).

Breiman, L. Random Forests. Machine Learning 45, 5-32, https://doi.org/10.1023/A:1010933404324 (2001).

Krueck, N. C. et al. Marine Reserve Targets to Sustain and Rebuild Unregulated Fisheries. PLOS Biology 15, 2000537, https://doi.
org/10.1371/journal.pbio.2000537 (2017).

Froese, R. & Pauly, D. FishBase. www.fishbase.org (2022).

Sala, E. et al. Protecting the global ocean for biodiversity, food and climate. Nature 592, 397-402, https://doi.org/10.1038/s41586-
021-03371-z (2021).

Kaschner, K. et al. AquaMaps: predicted range maps for aquatic species. Version 08/2016¢ https://www.aquamaps.org/ (2016).
FAO. List of Species for Fishery Statistics Purposes. https://www.fao.org/fishery/en/species/search (2019).

TUCN. IUCN Red List of Threatened Species https://www.iucnredlist.org/en (2022).

Wickham, H. et al. Welcome to the Tidyverse. Journal of Open Source Software 4, 1686, https://doi.org/10.21105/joss.01686 (2019).
Kuhn, M. & Wickham, H. Tidymodels: a collection of packages for modeling and machine learning using tidyverse principles.
https://www.tidymodels.org (2020).

Wright, M. N. & Ziegler, A. ranger: A Fast Implementation of Random Forests for High Dimensional Data in C++ and R. Journal
of Statistical Software 77, 1-17, https://doi.org/10.18637/jss.v077.i01 (2017).

Biecek, P. DALEX: Explainers for Complex Predictive Models in R. Journal of Machine Learning Research 19, 1-5, https://doi.
org/10.48550/arXiv.1806.08915 (2018).

. Bradley, D. et al. Marine Fish Movement, Zenodo https://doi.org/10.5281/zenodo.7221936 (2024).

. Ahyong, S. et al. World Register of Marine Species. https://www.marinespecies.org/ (2022)

. Encyclopedia of Life. Encyclopedia of Life. https://eol.org/ (2022)

. Catalogue of Life. Catalogue of Life https://www.catalogueoflife.org/ (2022

. Global Biodiversity Information Facility. What is GBIF? https://www.gbif.org/what-is-gbif (2022)

. Chamberlain, S. A. & Szdcs, E. taxize: taxonomic search and retrieval in R. F100Research 1, 191, https://doi.org/10.12688/

f1000research.2-191.v2 (2013).

. Chamberlain, S. worrms: World Register of Marine Species (WoRMS). https://www.marinespecies.org (2020).
. Boerder, K. et al. Not all who wander are lost: Improving spatial protection for large pelagic fishes. Marine Policy 105, 80-90, https://

doi.org/10.1016/j.marpol.2019.04.013 (2019).

Acknowledgements

This work received funding from the National Geographic Society’s Pristine Seas program. We thank Kort
Alexander and Katie Munster for their contributions to the supporting Shiny app. AM Caughman is supported by
a National Science Foundation Graduate Research Fellowship (Award 2139319).

Author contributions

Darcy Bradley: conceptualisation, methodology, data curation, formal analysis, writing - original draft, writing -
review & editing, supervision, funding acquisition. Alicia M. Caughman: data curation, formal analysis, writing -
original draft, writing - review & editing. Sandra Fogg: data curation, writing - review & editing. Reniel B. Cabral:
data curation, writing - review & editing. Juan Mayorga: data curation, writing - review & editing. Whitney
Goodell: data curation, writing - review & editing. Katherine D. Millage: data curation, supervision, writing -
review & editing. Timothy D. White: conceptualisation, data curation, writing - review & editing.

Competing interests
The authors declare no competing interests.

SCIENTIFIC DATA | (2024) 11:865 | https://doi.org/10.1038/s41597-024-03728-9 8


https://doi.org/10.1038/s41597-024-03728-9
https://doi.org/10.1126/science.1255642
https://doi.org/10.1126/science.1255642
https://doi.org/10.1098/rsbl.2009.0089
https://doi.org/10.3354/esr00269
https://doi.org/10.3389/fmars.2019.00326
https://doi.org/10.1186/s40317-015-0092-1
https://doi.org/10.2307/1374834
https://doi.org/10.2307/1374834
https://doi.org/10.2307/1938423
https://doi.org/10.2307/1938423
https://doi.org/10.2307/2265701
https://doi.org/10.2307/2421652
https://doi.org/10.1644/11-MAMM-S-177.1
https://doi.org/10.1644/11-MAMM-S-177.1
https://doi.org/10.1023/A:1007481206399
https://doi.org/10.1890/08-1101.1
https://doi.org/10.1111/conl.12415
https://doi.org/10.1111/conl.12415
https://doi.org/10.1111/brv.12155
https://doi.org/10.3354/esr00322
https://doi.org/10.1016/j.marpol.2017.01.024
https://doi.org/10.25349/D96C9M
https://doi.org/10.1073/pnas.1520420113
https://doi.org/10.1073/pnas.1520420113
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1371/journal.pbio.2000537
https://doi.org/10.1371/journal.pbio.2000537
http://www.fishbase.org
https://doi.org/10.1038/s41586-021-03371-z
https://doi.org/10.1038/s41586-021-03371-z
https://www.aquamaps.org/
https://www.fao.org/fishery/en/species/search
https://www.iucnredlist.org/en
https://doi.org/10.21105/joss.01686
https://www.tidymodels.org
https://doi.org/10.18637/jss.v077.i01
https://doi.org/10.48550/arXiv.1806.08915
https://doi.org/10.48550/arXiv.1806.08915
https://doi.org/10.5281/zenodo.7221936
https://www.marinespecies.org/
https://eol.org/
https://www.catalogueoflife.org/
https://www.gbif.org/what-is-gbif
https://doi.org/10.12688/f1000research.2-191.v2
https://doi.org/10.12688/f1000research.2-191.v2
https://www.marinespecies.org
https://doi.org/10.1016/j.marpol.2019.04.013
https://doi.org/10.1016/j.marpol.2019.04.013

www.nature.com/scientificdata/

Additional information
Correspondence and requests for materials should be addressed to D.B.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

M | jcense, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

SCIENTIFIC DATA | (2024) 11:865 | https://doi.org/10.1038/s41597-024-03728-9 9


https://doi.org/10.1038/s41597-024-03728-9
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Marine Fish Movement: home range sizes for commercially relevant species

	Background & Summary

	Methods

	Data collection. 
	Species list. 
	Empirical home range size estimates. 

	Statistical analysis. 
	Model parameterization. 
	Model implementation, validation, and testing. 


	Data Records

	Technical Validation

	Considerations for application. 

	Acknowledgements

	Fig. 1 Conceptual schematic of the data curation process and the potential applications of the novel dataset.
	Fig. 2 Overview of published home range sizes of marine fishes.
	Fig. 3 Estimated home range sizes of marine fishes.
	Fig. 4 Model estimation and variable importance.
	Table 1 Estimation parameters and data sources used in the random forest regression model.
	Table 2 Categorical movement classification system developed for the random forest regression model.
	Table 3 Model selection for the random forest regression testing model.




