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1  |  INTRODUCTION

Long-lived migratory species often traverse vast areas, making 
them vulnerable to multiple anthropogenic and environmental 
threats throughout their lives (Alerstam et al., 2003; Dingle & Drake, 
2007; Heppell et al., 2005; Maxwell et al., 2013; Musick, 1999). 
Understanding the spatial ecology of animals, particularly how 
movements of migratory animals link different areas, is a critical ele-
ment in conserving highly mobile species (Dunn et al., 2019; Webster 
et al., 2002). For example, unfavorable conditions on adult foraging 
grounds can alter the phenology of migration and body condition, 
which influence reproductive frequency and success (Marra et al., 
2006). Ecological connectivity between areas can shape the genetic 

variation that manifests in migratory behavior and, in turn, can in-
fluence population resilience (e.g., the ability to respond quickly to 
change; Bernhardt & Leslie, 2013; Carr et al., 2017; Olds et al., 2015; 
Webster et al., 2002). Describing and quantifying the spatial ecology 
of animal movements contributes to understanding the overall net-
work of habitats and the specific roles that areas and connections 
have during various life-stages. These areas and connections (net-
work components) can control the dynamics of area use, resource 
flow, and other ecological patterns (Cohen et al., 2018; Dunn et al., 
2019; Treml & Halpin, 2012).

Scientific research on connectivity can guide conservation within 
a network of habitats (Hays et al., 2019; Orellana, 2004; Pendoley 
et al., 2014). Data on marine species movements have typically been 
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Abstract
Aim: Understanding the spatial ecology of animal movements is a critical element in 
conserving long-lived, highly mobile marine species. Analyzing networks developed 
from movements of six sea turtle species reveals marine connectivity and can help 
prioritize conservation efforts.
Location: Global.
Methods: We collated telemetry data from 1235 individuals and reviewed the litera-
ture to determine our dataset's representativeness. We used the telemetry data to 
develop spatial networks at different scales to examine areas, connections, and their 
geographic arrangement. We used graph theory metrics to compare networks across 
regions and species and to identify the role of important areas and connections.
Results: Relevant literature and citations for data used in this study had very little 
overlap. Network analysis showed that sampling effort influenced network struc-
ture, and the arrangement of areas and connections for most networks was complex. 
However, important areas and connections identified by graph theory metrics can be 
different than areas of high data density. For the global network, marine regions in the 
Mediterranean had high closeness, while links with high betweenness among marine 
regions in the South Atlantic were critical for maintaining connectivity. Comparisons 
among species-specific networks showed that functional connectivity was related to 
movement ecology, resulting in networks composed of different areas and links.
Main conclusions: Network analysis identified the structure and functional connec-
tivity of the sea turtles in our sample at multiple scales. These network characteristics 
could help guide the coordination of management strategies for wide-ranging animals 
throughout their geographic extent. Most networks had complex structures that can 
contribute to greater robustness but may be more difficult to manage changes when 
compared to simpler forms. Area-based conservation measures would benefit sea tur-
tle populations when directed toward areas with high closeness dominating network 
function. Promoting seascape connectivity of links with high betweenness would de-
crease network vulnerability.

K E Y WO RD S
betweenness, centrality, closeness, graph theory, marine turtle, migratory, satellite telemetry, 
tracking
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collected with capture–mark–recapture, tracking, genetic, and sta-
ble isotope analytical methods (Bradshaw et al., 2017; Ceriani et al., 
2017; Godley et al., 2010; Nishizawa et al., 2018; Rees et al., 2017). 
However, these techniques are limited in identifying all suitable and 
unsuitable habitats and, with the exception of tracking data, will not 
describe the “corridors” (pathways used to connect high use areas). 
Tracking data can be used to reconstruct animal movements, though 
a common constraint occurs when small sample sizes are used to 
represent the corridor (Mazor et al., 2016). Additionally, information 
on the spatial connectivity can be difficult to apply to management 
measures at the appropriate scale, especially for highly migratory 
species utilizing areas across ocean basins (Balbar & Metaxas, 2019; 
Dunn et al., 2019; Shuter et al., 2011). Incorporating knowledge of 
connectivity in marine conservation is challenging due to (1) limited 
understanding of the scale and extent of connectivity necessary 
for population survival (Cowen et al. 2006; Foley et al., 2010; Sale 
et al. 2005), (2) a shortage of empirical data to conduct robust anal-
yses (Mumby et al., 2011), and (3) non-standard ways to measure 
and define the ideal level of connectivity to maintain or conserve 
(Almany et al., 2009; Balbar & Metaxas, 2019; Keeley et al., 2021). 
Meanwhile, connectivity remains a core principle for improved 
management measures (Convention on Biological Diversity, 2010; 
Foley et al., 2010; Helsinki Commission, 2010), and efforts continue 
to increase to describe and integrate connectivity information into 
the design of marine protected networks (e.g., Andrello et al., 2015; 
Dunn et al., 2018; Friesen et al., 2019; Kininmonth et al., 2011; 
Magris et al., 2016; Smith & Metaxas, 2018).

Networks are graphs that can display spatial connectivity within 
a structure composed of nodes (vertices that can represent available 
habitat) and links (edges that can represent landscape connectivity; 
Kindlmann & Burel, 2008). Functional connectivity within spatial net-
works can be displayed by animal movements represented as links 
between nodes that are high-use areas (Jacoby et al., 2012; Jacoby 
& Freeman, 2016; Kindlmann & Burel, 2008; Olds et al., 2015). As 
a first step, examining the topology or pattern within the structure 
of the network can be a qualitative way to visualize the role of in-
dividual nodes and links based on their position and how changes 
would affect functional connectivity (Bisht & Singh, 2015; Santra & 
Acharjya, 2013). Evaluating differences in topology could provide 
quick comparisons on conservation and maintenance needs across 
multiple networks (Bisht & Singh, 2015; Santra & Acharjya, 2013).

Graph theoretical methods can also use mathematical applica-
tions to study modeled relationships between node pairs within 
a network (Bunn et al., 2000; Rayfield et al., 2011; Urban & Keitt, 
2001). Network metrics are used to quantitatively compare cen-
trality (dominance or influence of an area or connection) and con-
nectivity (the movement of organisms within paths) between and 
among the network node and link positions (Schick & Lindley, 2007; 
Treml & Halpin, 2012; Urban & Keitt, 2001). Standardized network 
metrics applied in a variety of other disciplines (e.g., engineering, 
social science, and chemistry) have been leveraged in ecology to de-
termine flow of resources and identify sources, sinks, and isolated 
areas (Rayfield et al., 2011; Urban et al., 2009). These methods can 

also facilitate a better understanding of ecological connectivity on 
a global and local scale, such as evaluating the amount of resources 
transferred among key habitats of highly migratory species in marine 
environments (Jacoby & Freeman, 2016). Graph theory has a large 
potential to help prioritize conservation measures within or across 
key areas at different spatial and temporal scales.

Spatially explicit networks can distil complex movement patterns 
into “connections” that are more easily communicated to policymak-
ers, helping bridge the knowledge gap in ecological connectivity 
for the implementation of appropriate conservation measures. The 
number of satellite tracking studies is increasing for marine spe-
cies (Hussey et al., 2015), along with the ability to synthesize data 
across large spatial extents (Block et al., 2011; Davidson et al., 2020; 
Ropert-Coudert et al., 2020; Sequeira et al., 2019), but graph the-
ory applications have not yet been common practice for examining 
movements (Jacoby et al., 2012; Jacoby & Freeman, 2016). Here, 
we applied graph theory to spatial networks constructed from the 
movements of 1235 individual sea turtles from six species to high-
light marine connectivity in support of conservation prioritization. 
Using this large dataset, we described and compared the structure 
and function among several networks. Last, we proposed recom-
mendations on (1) how graph theory concepts can facilitate analyses 
on emerging connectivity patterns in networks created by highly 
migratory species, (2) applications for the prioritizing conservation 
efforts within and across regions and species, and (3) collaborative 
methods for gathering existing data to support the synthesis of 
knowledge on connectivity in the ocean.

2  | METHODS

2.1  |  Sea turtle movement and connectivity data

We conducted a formal literature review on sea turtle movements 
and connectivity and summarized the common methods presented 
in publications (see Appendix S1). Relevant references from the lit-
erature review were used to determine how representative the te-
lemetry dataset was that was collated for this study compared to 
the published studies. From March 2018 to April 2019, telemetry 
tracking data on sea turtle movements were requested from data 
providers for the State of the World's Sea Turtles (SWOT), the 
seaturtle.org tracking listserv, and the CTURTLE listserv. Most of 
the data collated for this study originated from online data archives 
(e.g., Coyne & Godley, 2005; Halpin et al., 2006; Kot et al., 2018). 
No telemetry data on flatback sea turtle (Natator depressus) were 
directly contributed.

A total of 1235 individuals, from six sea turtle species, included 
in this study were tracked with Advanced Research and Global 
Observation Satellite (ARGOS) tags receiving ARGOS doppler or 
global positioning satellite (GPS) locations (Table 1; see Appendix 
S2). For all ARGOS doppler and global GPS data, points on land (using 
Global Administrative Areas, 2018), erroneous or low-accuracy loca-
tions, and animals with only one location recorded were removed. 
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For locations that were not estimated using a state-space model, 
a speed, distance, and angle (SDA) filter was applied using the R 
package argosfilter (Freitas, 2012; Freitas et al., 2008; R Core Team, 
2019), where all GPS data were assigned the highest location quality 
value (LC = 3, estimated error <250 m), following Thums et al. (2017) 
and Wildermann et al. (2019). We applied a conservative speed filter 
of 10  km/h as the maximum speed for all six species (see Eckert, 
2002; Luschi et al., 1998; Walcott et al., 2012; Wirsing et al., 2008). 
Finally, to better normalize data with timestamp irregularities and 
tags programmed to record locations on different schedules, we 
subsampled each track to retain just one location per day (De Solla 
et al., 1999). The highest quality record of the day was chosen; the 
first occurrence of the high-quality points was retained if multiple 
locations of the same highest quality level was recorded for one day 
(per Metcalfe et al., 2020; Witt et al., 2010). All types of sea tur-
tle movements from one point to another were used in this study, 
such as those described by Dingle and Drake (2007) as short- and 
long-distance migrations, ranging, foraging, commuting, or seasonal 
movements “between habitat regions.”

2.2  |  Sea turtle movement and connectivity  
networks

We used all collated tracking data to create ten spatial networks: 
one global network for all data, three regionally connected networks 
(herein called the “Atlantic-Indian,” “Mediterranean,” and “Pacific” 
components), and six species-specific networks (loggerhead [Caretta 
caretta], green [Chelonia mydas], leatherback [Dermochelys coriacea], 
hawksbill [Eretmochelys imbricata], Kemp's ridley [Lepidochelys kem-
pii], and olive ridley [Lepidochelys olivacea]). We a priori used the cen-
troids of marine regions that were frequently used for management 
purposes as network nodes (points within the graph; see Appendix 
S3). Marine regions included high seas (areas beyond national juris-
diction), exclusive economic zones (EEZs), and sub-regions of EEZs 
(Flanders Marine Institute, 2018a, 2018b). Each tracking data point 
was assigned to the intersecting marine region polygon that varied 
greatly in size (i.e., high-seas region, EEZ, or sub-region of an EEZ), 
which was then represented by the polygon's centroid using ESRI 
ArcMap 10.6.1 (ESRI, 2019). Marine region centroids were not the 
same as specific locations of animals, and nodes could fall outside 
of known geographic extents of sea turtles. Tracking data network 
links (arcs within the network) were created representing connec-
tivity between two nodes when at least one animal moved from 
one marine region to another (see Appendix S4); links within one 
node (self-loops) were eliminated. Links were not representative of 
the specific path sea turtles travelled, and lines could be longer or 
shorter than distance travelled. Rather, mapping the nodes and links 
helped visualize their geographic arrangement within each network 
for qualitative comparisons on structure and function among differ-
ent networks.

We also created four “neighbor networks” based on the relative 
geographic location of nodes, following Bange and Hoefer (1976), to TA
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    | 815KOT et al.

serve as a baseline network of structural connectivity when assuming 
that neighboring areas sharing borders were connected. Neighbor 
networks were created using all possible nodes (n  =  227  marine 
regions with at least one tracking data point) and links that repre-
sented connections between marine regions that shared a border 
(ESRI ArcMap 10.6.1 Polygon Neighbors Tool; ESRI, 2019). The 
structural connectivity of one global neighbor network and three 
regional neighbor networks (Atlantic-Indian, Mediterranean, and 
Pacific components) was compared directly with the functional 
connectivity of networks created using tracking data (herein called 
“tracking data networks”).

2.3  | Network metrics selection and analyses

We selected centrality metrics within the current literature that 
quantified how important an area or connection was within the net-
work, which is related to how specific nodes or links dominated the 
connectivity of the network. This translated to how animals moved 
within the physical structure of the network on a local level (nodes 
and links), contributing to the spatial network properties on a global 
level (functional connectivity and centrality). Network metric calcu-
lations and statistical analyses were all conducted using R software 
(R Core Team, 2019) on three levels: (1) global or whole network 
(connected nodes AND isolated nodes or nodes without links to any 
other node), (2) sub-network (connected nodes OR isolated nodes), 
and (3) local (individual node OR link; Lau et al., 2017). Metrics were 
calculated without any assumptions of the effect from including iso-
lated nodes.

Based on previous studies analyzing animal ecology, behavior, 
and movement strategies using biologically relevant network cen-
trality metrics (e.g., Bastille-Rousseau et al., 2018; Brodie et al., 
2018; Farine & Whitehead, 2015; Minor & Urban, 2008; Ospina-
Alvarez et al., 2020; Webber & Vander Wal, 2019; Wu et al., 2018), 
46 widely used metrics were calculated using the R packages igraph 
and CePa (see Appendix S5; Csardi & Nepusz, 2006; Gu & Wang, 
2013) from which a subset was then selected for further application 
to our study. For tracking data networks, node weights (based on the 
number of animals at each node), link weights (based on the number 
of routes observed), and link direction were applied whenever pos-
sible in calculating metrics. Routes were counted as the number of 
times animals travelled from one marine region to the other. High 
numbers of animals were assumed to represent high flow, and abun-
dances were normalized within five categories using the Jenks natu-
ral breaks classification method (Jenks, 1963, 1967) for all data and 
within species. For the neighbor networks, marine regions and con-
nections were normalized to minimize potential differences due to 
weight and direction by treating links as undirected and attributing 
the overall average number of animals, average number of routes, 
and median weight to individual nodes and links.

To refine our set of metrics, principal component analysis (PCA; 
Hotelling, 1933; Pearson, 1901) was first used to determine a sub-
set of metrics that contributed significantly to the total variance 

of the tracking data network using the 80% cumulative sum as a 
threshold (R packages factoextra and FactoMineR; Kassambara 
& Mundt, 2016; Lê et al., 2008). Second, uncorrelated metrics 
(Spearman's rho <0.80) from the subset were retained to test for 
significant differences among region and species-specific networks 
using the Kruskal–Wallis (KW) test and post hoc Dunn's test with 
Bonferroni adjustment for multiple comparisons (α  =  .05; R pack-
age FSA; Bonferroni, 1936; Dunn, 1964; Kendall, 1938; Kruskal & 
Wallis, 1952). These nonparametric tests were used because metrics 
were not normally distributed (Shapiro–Wilk normality test, p > .05; 
Shapiro & Wilk, 1965) or comparisons were made with a small sam-
ple size. Finally, the 14 node and link centrality metrics that showed 
the greatest differences (lowest KW test p-value) among networks 
were selected to describe network properties (see Appendix S5).

Global-level metrics were calculated to give an overall connec-
tivity metric that would take into account all components, including 
disconnected sub-networks and isolated nodes. Node degree (num-
ber of links, in all directions, connected to the node) and the number 
of links (calculated using links with direction) were the global level 
metrics that were retained to describe global connectivity because 
they contributed significantly (PCA sum >80%) and were uncor-
related with other metrics (Spearman's rho <0.80). In general, both 
degree and the number of links related positively to overall network 
connectivity, where greater values corresponded to higher levels of 
network flux or movement (Borgatti, 2005; Rayfield et al., 2011). 
However, these global metrics could not be statistically compared 
among the whole region or whole species networks because of low 
statistical power (only one network per species and region was cre-
ated, and not enough data were available for a longitudinal analysis).

Local-level metrics that displayed the greatest difference 
among regions were node “closeness” and link “betweenness.” The 
node closeness metric is related to “how close a node is to all the 
other nodes in the network beyond ones that are directly con-
nected to” where the distance is the shortest path; a node with 
greater closeness that can reach all other nodes quickly is more 
independent than other nodes (Kim et al., 2011). Node closeness 
is ecologically significant to determine areas that are relatively 
central that may be more critical to conserve to maintain the net-
work (Estrada & Bodin, 2008; Jacoby & Freeman, 2016; Ospina-
Alvarez et al., 2020). The link betweenness metrics is related to 
“the number of shortest paths between pairs of vertices that run 
along it”; links that are highly relied upon to connect different 
communities or at the borders of communities can have greater 
betweenness (Girvan & Newman, 2002). Link betweenness is eco-
logically significant to determine links acting as stepping stones 
that may be more critical to conserve to maintain the network 
(Estrada & Bodin, 2008; Jacoby & Freeman, 2016; Ospina-Alvarez 
et al., 2020). Node closeness and link betweenness metrics were 
used here as proxies for measuring two network properties, re-
spectively: connectedness (the ability to spread resources using 
short distances to other nodes; Muller & Peres, 2019) and vul-
nerability (the network's ability to continue functioning given 
changes to network structure, such as the removal of links; Aytaç 
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& Öztürk, 2018). These metrics were complementary because the 
node closeness metric is limited to only calculating relationships 
and distances within connected components, while link between-
ness can be calculated over networks that contain connected and 
disconnected components (Baranyi et al., 2011; Borgatti, 2005; 
Wasserman & Faust, 1994).

3  |  RESULTS

3.1  |  Sea turtle movement and connectivity data

There was a considerable amount of information on global sea turtle 
movements and connectivity presented within the relevant litera-
ture (n = 969 references), and very little overlap with references at-
tributed to the telemetry data collated for this study. About 92% of 
the references presenting relevant telemetry data were unique to 
the literature review, and 40% of references attributed to the telem-
etry data used in this study were found within the literature review. 
Over 64% of all relevant publications from the literature review pre-
sented data from telemetry or capture–mark–recapture methods, 
though a diversity of methods were used (see Appendix S1).

Differences in sampling effort highly influenced the number of 
nodes and links contributing to the network structure within each 
region, resulting in more tagged individuals representing more 
nodes and links in the Atlantic–Indian component, a moderate 
number of nodes in the Pacific component, and the fewest num-
bers in the Mediterranean component (Figures 1 and 2, Tables 1 
and 2). Marine regions with the largest numbers of animals were 
within the United States of America North Atlantic EEZ, the North 
Pacific Ocean high seas, and the Japanese North Pacific EEZ (see 
Appendix S2). Additionally, the median node degree, representing 
a measure of global network connectivity, was the greatest within 
the Mediterranean component. Nearly 80% of marine regions were 
connected to other marine regions with links in both directions; the 
largest number of routes were in the Indian Ocean (Persian Gulf: 
Qatari and Bahraini part), Pacific Ocean (Sulu Sea: Malaysian and 
Philippines part), and Mediterranean Sea (Eastern Mediterranean 
Basin: Libyan and Tunisian part; see Appendix S4).

When comparing by species, there was an uneven number of in-
dividuals tagged, a large difference in the number of days tracked, 
and a varying number of marine regions used (Tables 1 and 2; see 
Appendix S2). These factors may have also influenced the variability 
in the number of nodes and links within networks, where loggerhead 
sea turtles had the greatest numbers, followed by leatherback sea 
turtles (Table 2; Figure 2). The fewest number of links and nodes 
were within the Kemp's ridley sea turtle network, which also had the 
greatest median node degree resulting from a small number of highly 
central nodes and links in the Mediterranean Sea where this species 
was rarely found.

Most networks exhibited complex arrangements of nodes and 
links within connected components, typically described as “hy-
brid topologies” (Figures 3 and 4). These networks contained a 

combination of node and link patterns that can involve point-to-point 
(nodes connected along a single path), ring (nodes connected within 
a circular path), star (a single centere node acts as a hub when con-
necting to several different nodes), and mesh formations (multiple 
nodes are connected in multiple ways; Bisht & Singh, 2015; Santra & 
Acharjya, 2013). The Mediterranean component exhibited a hybrid 
topology closer to a mesh; the Atlantic–Indian, Pacific, most spe-
cies networks included star topologies within their hybrid form with 
high-sea marine regions as highly connected hubs (Figure 3). Nodes 
identified as hubs have relatively high number of links and can act as 
“super-spreaders.” On the other hand, the Kemp's ridley sea turtle 
network was the only one that displayed a single connected compo-
nent displaying a point-to-point topology, the simplest structure that 
has a relatively low number of links (Figure 4e).

3.2  |  Regionally connected networks

Comparisons among regionally connected networks showed that 
the tracking data network had significantly higher node closeness 
within the Mediterranean component (maximum in the Greek part 
of the eastern basin; KW test, p <  .01) and the lowest node close-
ness in the Atlantic–Indian component (minimum in the Andaman 
and Nicobar Islands, Bay of Bengal; Table 2; see Appendix S5). 
Median link betweenness was significantly higher within the track-
ing data network in the Atlantic–Indian component (maximum in the 
North Atlantic high-sea link to Brazilian part of the North Atlantic; 
KW test, p <  .001), while the lowest link betweenness was in the 
Mediterranean (minimum in the Libyan part of the Mediterranean 
Sea; Table 2; see Appendix S5).

Comparisons of structural and functional connectivity across 
regionally connected networks showed the same trend: higher 
levels of node closeness in the Mediterranean (maximum node 
was the Italian part of the eastern basin for the neighbours net-
work) and higher levels of link betweenness in the Atlantic–Indian 
component (maximum link for the neighbor network was the 
South Atlantic Ocean high seas to the Indian Ocean high seas). 
The Atlantic–Indian and Pacific network components developed 
with tracking data had significantly lower node closeness and 
higher link betweenness than corresponding neighbor networks 
(KW test, p <  .05; see Appendix S5). Neighbor networks showed 
the highest values in node closeness in the Italian and Greek parts 
of the Mediterranean Sea; the minimum link betweenness was 
found in the Mediterranean (minimum 1.0 for multiple links). In 
the Mediterranean, median link betweenness was not significantly 
different between tracking data and neighbor networks (KW test, 
p >  .05), though the overall minimum link betweenness of 0 was 
found in the Libyan part of the Mediterranean Sea within the 
tracking data network. Compared to neighbor networks, tracking 
networks in the Atlantic–Indian and Pacific components showed 
lower efficiency among marine areas with less path redundancy 
among links, which could make these networks more vulnerable 
to potential network changes.
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3.3  |  Species-specific networks

Compared to other sea turtle species, the closeness of marine 
region nodes was significantly higher within hawksbill, Kemp's 
ridley, and olive ridley sea turtle networks (KW test, p  <  .05, see 
Appendix S5). Maximum closeness was found for the Italian part of 

the Mediterranean eastern basin node within the Kemp's ridley sea 
turtle network, the network with the smallest number of individu-
als tracked and nodes with the lowest link betweenness, resulting 
from a minimal number of links along a straight path (Figure 4). On 
the other hand, the loggerhead sea turtle network with the largest 
number of individuals tracked created a network with the largest 

F IGURE  1 Tracking data for six sea turtle species summarized by (a) number of locations within a hexagonal grid, and (b) number of 
animals per marine region and number of routes taken between marine regions within a network diagram using marine region centroids 
as nodes. Grid cell = 1.62 × 105 km hexagon; stars symbolize the centroid of individual high-sea marine regions, not animal point location; 
circles symbolize the centroid of individual marine regions within national jurisdictions, not animal location; links represent connections, 
not animal paths; two overlapping links between nodes represent connections in both directions. Data were classified using natural breaks 
(Jenks) within each panel; warmer colors represent higher values and cooler colors represent lower values; number of map features in 
parenthesis. For more information, see Appendices S1-S4

F IGURE  2 Summary of tracking data for six sea turtle species within a hexagonal grid (left) and within a network diagram using marine 
region centroids and connecting links (right) for (a–b) Caretta caretta, (c–d) Chelonia mydas, (e–f) Dermochelys coriacea, (g–h) Eretmochelys 
imbricata, (i–j) Lepidochelys kempii, and (k–l) Lepidochelys olivacea. Grid cell = 1.62 × 105 km hexagon; stars symbolize the centroid of 
individual high-sea marine regions, not animal point location; circles symbolize the centroid of individual marine regions within national 
jurisdictions, not animal location; links represent connections, not animal paths; two overlapping links between nodes represent connections 
in both directions. Data classified using natural breaks (Jenks) within each panel; warmer colors represent higher values and cooler colors 
represent lower values; number of map features in parenthesis. For more information, see Appendices S1-S4
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number of nodes and significantly lower node closeness than all 
other species networks (KW test, p <  .001; Table 2; see Appendix 
S5). Compared to other species, link betweenness was significantly 
higher within the leatherback sea turtle network, and the lowest link 
betweenness was within the Kemp's ridley sea turtle network (KW 
test, p < .001; Table 2; see Appendix S5). The loggerhead and green 
sea turtle networks were among the lowest in node closeness and 

link betweenness, which may infer relatively low connectedness and 
lower overall vulnerability than other species networks.

Within sea turtle species networks, regions with relatively high 
node closeness also had high link betweenness, but these regions 
differed across species (Figure 4). The loggerhead sea turtle network 
was the only species that showed high node closeness and link be-
tweenness in the Pacific Ocean, specifically in the Japanese EEZs, 

F IGURE  3 Marine region closeness (reciprocal of the average distance between one node to all other nodes) and link betweenness 
(number of shortest paths connecting a link) within network diagrams created with (a) all tracking data, and (b) marine region neighbors 
(shared borders). Med = see Mediterranean Sea inset. Stars symbolize the centroid of individual high-sea marine regions, not animal 
point location; circles symbolize the centroid of individual marine regions within national jurisdictions, not animal location; links represent 
connections, not animal paths; two overlapping links between nodes represent connections in both directions. Data classified using natural 
breaks (Jenks) within each panel; warmer colors represent higher values and cooler colors represent lower values; number of map features in 
parenthesis. For more information, see Appendices S3 and S4
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Chinese EEZs, and North Pacific high seas. High node closeness and 
link betweenness occurred in marine regions in the eastern Indian 
Ocean (Gulf of Oman and Persian Gulf) for green sea turtles, North 
Atlantic Ocean for leatherback sea turtles, Caribbean Sea for hawks-
bill sea turtles, Mediterranean Sea for Kemp's ridley sea turtles, and 
South Atlantic for olive ridley sea turtles (Figure 4).

Node closeness and link betweenness were not significantly cor-
related to the numbers of individuals tracked or locations recorded 
(Spearman's rho < 0.80). However, a pattern of high node closeness 
and link betweenness and relatively low numbers of individuals 
within a region occurred with all species in this study except for olive 
ridley sea turtles. The South Pacific had the least amount of data 
contributing to relatively low numbers of nodes, node closeness, 
links, and link betweenness.

4  | DISCUSSION

4.1  |  The relationship between movement ecology 
and spatial networks

Spatial networks enabled a modeled, coordinate-free representation 
of detailed and complex data, contributing to the suite of methods 
used to examine area use, connections, and animal movement ecol-
ogy. Within the tracking data used for this study, we found that the 
number of marine regions used per individual was greatest for leath-
erback, green, and loggerhead sea turtles (see Appendix S2). Hays 
and Scott (2013) also found from tracking data that adult leather-
back, green, and loggerhead sea turtles travelled the greatest dis-
tances, in decreasing order, compared to other sea turtle species. 
These migration differences may have also influenced the differ-
ences in spatial connectivity among networks. Compared to other 
species-specific networks, areas within the hawksbill, Kemp's ridley, 
and olive ridley sea turtle networks were closer (shorter paths), and 
critical connections of high betweenness (stepping-stones) may con-
tribute to greater vulnerability within the network. Therefore, ef-
fects on areas or connections for species that tended to have shorter 
movements may also show higher levels of impact within the net-
work and greater vulnerability to changes that may affect the pop-
ulation. Taking into account movement ecology, network analyses 
have the potential to further support different management strate-
gies and priorities by highlighting which regions and populations may 
be most vulnerable.

Spatial network patterns generally agreed with the observed 
variability in sea turtle ecology and their habitats when summarized 
within specific marine regions. Leatherback and olive ridley sea 
turtles rely more on oceanic habitats than other sea turtle species 
(Bolten, 2013; Luschi et al., 2003). In contrast, marine regions and 
links within EEZs were highly centralized within the loggerhead, 
green, hawksbill, and Kemp's ridley sea turtle networks. These com-
parisons underscored the importance of developing separate net-
works to inform decisions involving distinct communities (Cerdeira 
et al., 2010) because species ecology can affect measurable network 
characteristics. Additionally, investigating these patterns and net-
work metrics by species can contribute to greater understanding of 
the relationship between sea turtles and other ecosystem factors in-
fluencing their distribution, such as prey availability, presence or ab-
sence of predators, conspecific distribution, seasonal environmental 
conditions, or oceanic currents.

4.2  |  Conservation recommendations

Progress has been slow in the explicit use and application of con-
nectivity research for managing the marine ecosystem (Balbar & 
Metaxas, 2019; Carr et al., 2020). However, our results provided a 
better understanding on connectivity to further any advances and 
contribute to future conservation proposals that can appropriately 
cover sea turtle movements throughout their life cycle, following the 
success of others using tracking data to influence marine policy (see 
Davies et al., 2021; Hays et al., 2019). As international efforts con-
tinue in the development of spatial management plans in the high 
seas, areas that lack the most data (Ardron et al., 2008; Dunn et al., 
2019; Wright et al., 2021), our results are the first to quantify the im-
portant role of the high seas in connecting coastal areas for multiple 
sea turtle species on a global scale. Additionally, our results could 
be applied to any post hoc assessment of how existing management 
measures account for connectivity related to marine species move-
ments (see Casselberry et al., 2020; Friesen et al., 2019; Ospina-
Alvarez et al., 2020).

The topology (underlying spatial arrangement of nodes and 
links) provided a direct way to visualize network vulnerability 
and the requirements for maintaining or conserving connectivity 
across different networks. For example, areas and connections 
within simpler network patterns containing low numbers of links 
relative to nodes (e.g., Kemp's ridley sea turtle point-to-point 

F IGURE  4 Marine region closeness (reciprocal of the average distance between one node to all other nodes) and link betweenness 
(number of shortest paths connecting a link) within network diagrams created by tracking data for (a) Caretta caretta (Pac = see Pacific inset), 
(b) Chelonia mydas (Ind = see Indian Ocean inset), (c) Dermochelys coriacea (Car = see Caribbean inset), (d) Eretmochelys imbricata (Car = see 
Caribbean inset), (e) Lepidochelys kempii (with Mediterranean inset), and (f) Lepidochelys olivacea (Atl = see Atlantic Ocean inset). Stars 
symbolize the centroid of individual high-sea marine regions, not animal point location; circles symbolize the centroid of individual marine 
regions within national jurisdictions, not animal location; links represent connections, not animal paths; two overlapping links between nodes 
represent connections in both directions. Data classified using natural breaks (Jenks) within each panel; warmer colors represent higher 
values and cooler colors represent lower values; number of map features in parenthesis. For more information, see Appendices S3 and S4
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topology) may be more vulnerable to any network changes with-
out the availability of alternative nodes or links as a backup. 
However, changes such as loss of a node or link within a point-
to-point network would be relatively easy to detect and manage, 
and given that network changes would be within a more direct 
path, effects could be easier to predict, and the needs to restore 
network function could be quickly addressed (Bisht & Singh, 2015; 
Forouzan & Fegan, 2007; Santra & Acharjya, 2013). Conversely, 
complex network topology containing many links relative to nodes 
may be less vulnerable to changes, given the options for alternate 
paths, but can require more effort to identify where resources 
should be applied to best conserve network function. It may be 
more difficult to prioritize among multiple nodes with relatively 
high numbers of links (hub centres) or several links identified as 
bottlenecks (connections without alternative paths). Examining 
the roles of nodes within node sets or multiple nodes within the 
network can also provide support for the most efficient selection 
of priority areas necessary within reserve networks after identi-
fying habitats and omitting redundant nodes from conservation 
efforts (Pereira, 2018; Pereira et al., 2017). Many critical hubs in 
the high seas were identified within the loggerhead (North Pacific 
and Philippine Sea), green (Arabian and Indian Oceans), and leath-
erback (North Atlantic) sea turtle networks, emphasizing the need 
to include areas beyond national jurisdictions in conservation and 
prioritization efforts for these species.

Network node and link metrics can also facilitate conserva-
tion strategies on a more regional or local level (Beger et al., 2015; 
Mazor et al., 2013). Networks with higher node closeness may 
indicate that benefits from area-based conservation measures 
within marine regions could spread to other highly connected 
marine regions, especially when directed toward important areas. 
Examples of priority marine regions included those overlapping 
EEZs in the northwest Pacific for the loggerhead sea turtle net-
work and within EEZs in the Persian Gulf/Gulf of Oman areas for 
the green sea turtle network. On the other hand, networks with 
relatively high link betweenness may benefit more from preserv-
ing seascape connectivity among marine regions (e.g., protecting 
migratory corridors) to increase overall stability within popula-
tions that rely on connections. Policies to conserve network struc-
ture and function may be more critical for these populations, such 
as leatherback sea turtles across the Atlantic.

The notion that marine geographic proximity generally relates to 
similar ecological habitats that drive species area-use (Spalding et al., 
2007) was confirmed by the agreement in relative levels of connec-
tivity among regions in this study. For example, the geography and 
sea turtle movements within Mediterranean marine regions resulted 
in a network with relatively high node closeness and link between-
ness, contributing to high connectedness and vulnerability. In other 
regions, tracking data networks were less connected (lower median 
closeness) and more vulnerable (higher median link betweenness), 
indicating that dependence on sea turtle movements to inform 
connectivity may be more critical than relying on geography alone. 
Because of these network differences, empirical data on sea turtle 

movements need to be directly incorporated into marine network 
conservation and management.

4.3  | Methods considerations

Our approach was to include as much of the available telemetry 
data as possible, providing a greater overview of spatial connec-
tivity through networks on a global and regional scale, even when 
our dataset was not fully representative of all published studies. 
Therefore, the resulting maps and networks were developed using 
the best available data, and many details on the individual sea turtles 
included in this study were unknown or unavailable. Characteristics 
such as sex, age-class, life-history stage, health condition, core area 
utilized, amount of time spent in a specific area, the availability of 
habitats, or movement types (e.g., foraging, inter-nesting, migrating, 
ranging), were likely to be highly variable within our study sample.

We also recognized that the extent and distribution of our study 
sample cannot be used to describe all populations because results 
were heavily influenced by tagged population (most individuals were 
nesting females), location (disproportionate number of tracks found 
within the Northwest Atlantic and North Pacific Oceans), limitations 
on tracking durations (which may not show the true extent of indi-
vidual movements), and uneven species sample sizes (minimum sam-
ple of 57 for Kemp's ridley sea turtles, maximum sample of 608 for 
loggerhead sea turtles). Increased heterogeneity of tracked move-
ments was also necessary for a more comprehensive assessment 
(Mazor et al., 2016). Future research is needed to properly correct 
for sampling biases or appropriately weigh data (e.g., according to 
location from tagging site, distinct research methods, groups of in-
dividuals, activities, or habitat quality) to evaluate network patterns 
based on ecological niches, specializations, and biological traits 
(Block et al., 2011; Brodie et al., 2018; Hays et al., 2020; Jacoby 
et al., 2012; Queiroz et al., 2019). Network analysis methods devel-
oped in our study were applicable at various scales, allowing future 
comparisons at finer resolutions or longitudinal analysis, given the 
appropriate data.

Lédée et al. (2015) found that network analysis added valuable 
information to kernel-based methods, revealing important move-
ments within and between core habitats. However, within the cur-
rent study, node closeness and link betweenness values that were 
scaled within global or species-specific networks were not directly 
related to the number of individuals or abundance of locations re-
corded within marine regions. Furthermore, high seas nodes repre-
sented relatively large marine regions (e.g., North Atlantic Ocean, 
South Atlantic Ocean, North Pacific Ocean, and South Pacific 
Ocean) compared to EEZs, and false connections between coastal 
EEZ marine regions via the high seas may be revealed or overem-
phasized due to higher probability of falling within a larger area. For 
example, olive ridleys in this analysis appeared connected across the 
South Atlantic, but tracking data from Pikesley et al. (2013) indicated 
that they spend limited time in the high seas and have fidelity to 
either side of the Atlantic. Therefore, we recommend supplementing 
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results from more traditional approaches (e.g., abundance and den-
sity estimates) or higher-resolution animal movement data with net-
work analyses to identify important high-use areas.

4.4  | Datasets for “big data” analyses

Many studies reviewed within the literature were limited to describ-
ing areas used for specific behaviors (e.g., female nesting), lacking 
details on how multiple marine areas were connected by individual 
animal movements. Among the relevant data types, data from telem-
etry tags were most effective in describing core area use, spatial pat-
terns, networks, and migratory connectivity, especially when studies 
incorporated capture–mark–recapture, stable isotope, or genetic 
analyses (e.g., Godley et al., 2008; Hart et al., 2015; Hays & Hawkes, 
2018; Haywood et al., 2020; McClellan et al., 2010; Rees et al., 2017; 
Stewart et al., 2013). While a small proportion (about 5%) of the re-
viewed literature combined telemetry data with another research 
method (e.g., capture–mark–recapture, genetic, stable isotope anal-
yses), the trend in integrating approaches has increased in recent 
years. A better understanding of the geographic extent of global sea 
turtle movements and area use could result from future studies that 
either include a combination of approaches or encourage data shar-
ing to compare with data collected by different tools.

Benefits of collating primary datasets for “big data” animal move-
ment analyses have been widely recognized and can be a major driver 
for standardizing data collection, analyses, and archiving methods 
(Sequeira et al., 2019, 2021; Thums et al., 2018). Even with a largely 
inclusive approach for gathering data, the number of sea turtle tracks 
contributed to this study was <18% of what has been reported in 
the literature, according to Hays and Hawkes’ (2018) estimation of 
over 7000 tracked sea turtles up until 2017. Furthermore, datasets 
used in this study may show data where species were relatively rare 
(e.g., Kemp's ridley tracks in the Mediterranean), exclude data where 
species were known to be present (e.g., South Pacific), or had unique 
references and information not found within the formal literature re-
view. This study emphasized that synthesizing large-scale sea turtle 
movements needed a collaborative approach to gather data directly 
from data owners, especially when prompt publication in a peer-
reviewed journal was not always the final research product.

Many limitations to data sharing still exist that continue to hinder 
scientific advancement (see Jeffers & Godley, 2016; Nguyen et al., 
2017). As of 2014, around 140 unpublished sea turtle tracks within 
the Mediterranean Sea were publicly viewable on seaturtle.org/
STAT (Luschi & Casale, 2014), a large online collection of ARGOS-
tagged animals (Coyne & Godley, 2005). Collections of unpublished 
tracking data likely exist in other similar databases or archives, but 
these numbers are unknown. Leveraging large databases that have 
aggregated global knowledge on species distributions and ecological 
connectivity, published or unpublished, greatly expedites analyses, 
collaboration, and integration of scientific research into policies 
(Coyne & Godley, 2005; Halpin et al., 2009; Harcourt et al., 2019; 
Hays et al., 2019; Jeffers & Godley, 2016). In addition to careful 

reporting of data sources within publications, collaboration and data 
sharing were essential to this study for an overview of sea turtle 
movements and have contributed to highlighting the importance of 
marine connectivity among EEZs and the high seas (Davidson et al., 
2020; Dunn et al., 2019). Future collective efforts to share and syn-
thesize available information on all of the marine areas and linkages 
that populations depend upon will continue to be valuable for both 
scientists and resource managers (Halpin et al., 2009; Hampton 
et al., 2013; Hays et al., 2016; Kot et al., 2014).

ACKNOWLEDGEMENTS
Primary support was from the Global Ocean Biodiversity Initiative 
(GOBI) grant from the International Climate Initiative (IKI). The 
German Federal Ministry for the Environment, Nature Conservation 
and Nuclear Safety (BMU) supports this initiative based on a deci-
sion adopted by the German Bundestag. The authors thank the 
Migratory Connectivity in the Ocean (MiCO) project team, partners, 
collaborators, advisory board members, and data providers for their 
valuable contributions. Much gratitude is given to those that funded 
the individual research projects, helped collect information, organ-
ized efforts, and shared data for this study. All animal research was 
conducted under applicable federal and IACUC permits. Discussions 
with Ben Donnelly, Janil Miller, and Robert Schick and feedback 
from external reviewers greatly helped improve this study.

CONFLICT OF INTEREST
The authors declare no conflict of interest.

PEER RE VIE W
The peer review history for this article is available at https://publo​
ns.com/publo​n/10.1111/ddi.13485.

DATA AVAIL ABILIT Y S TATEMENT
The data that support the findings of this study are available in 
the Supplementary Material of this article and Zenodo (https://
doi.org/10.5281/zenodo.5898578). Details for all animals included 
in this study are provided in Appendices S1 and S2. Data used to 
create the spatial networks are listed in the Appendices S3 and S4. 
The geospatial files for all networks are available on the Migratory 
Connectivity in the Ocean Project website (https://mico.eco) and 
Dryad (https://doi.org/10.5061/dryad.j3tx9​5xg9). Additional data 
that support the findings of this study are available from the cor-
responding author upon reasonable request.

ORCID
Connie Y. Kot   https://orcid.org/0000-0002-4900-5289 
Mariana M. P. B. Fuentes   https://orcid.
org/0000-0002-2789-824X 
Victoria González Carman   https://orcid.
org/0000-0002-6603-1753 
Sandra Hochscheid   https://orcid.org/0000-0002-8103-2236 
Yakup Kaska   https://orcid.org/0000-0001-5169-8216 
Erin E. Seney   https://orcid.org/0000-0002-4153-7379 

 14724642, 2022, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ddi.13485 by T

est, W
iley O

nline L
ibrary on [09/12/2022]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://publons.com/publon/10.1111/ddi.13485
https://publons.com/publon/10.1111/ddi.13485
https://doi.org/10.5281/zenodo.5898578
https://doi.org/10.5281/zenodo.5898578
https://mico.eco
https://doi.org/10.5061/dryad.j3tx95xg9
https://orcid.org/0000-0002-4900-5289
https://orcid.org/0000-0002-4900-5289
https://orcid.org/0000-0002-2789-824X
https://orcid.org/0000-0002-2789-824X
https://orcid.org/0000-0002-2789-824X
https://orcid.org/0000-0002-6603-1753
https://orcid.org/0000-0002-6603-1753
https://orcid.org/0000-0002-6603-1753
https://orcid.org/0000-0002-8103-2236
https://orcid.org/0000-0002-8103-2236
https://orcid.org/0000-0001-5169-8216
https://orcid.org/0000-0001-5169-8216
https://orcid.org/0000-0002-4153-7379
https://orcid.org/0000-0002-4153-7379


    | 825KOT et al.

R E FE R E N C E S
Alerstam, T., Hedenström, A., & Åkesson, S. (2003). Long-distance migra-

tion: Evolution and determinants. Oikos, 103(2), 247–260. https://
doi.org/10.1034/j.1600-0706.2003.12559.x

Almany, G. R., Connolly, S. R., Heath, D. D., Hogan, J. D., Jones, G. P., 
McCook, L. J., Mills, M., Pressey, R. L., & Williamson, D. H. (2009). 
Connectivity, biodiversity conservation and the design of marine 
reserve networks for coral reefs. Coral Reefs, 28(2), 339–351. 
https://doi.org/10.1007/s0033​8-009-0484-x

Andrello, M., Jacobi, M. N., Manel, S., Thuiller, W., & Mouillot, D. (2015). 
Extending networks of protected areas to optimize connectivity 
and population growth rate. Ecography, 38(3), 273–282. https://doi.
org/10.1111/ecog.00975

Ardron, J., Gjerde, K., Pullen, S., & Tilot, V. (2008). Marine spatial plan-
ning in the high seas. Marine Policy, 32(5), 832–839. https://doi.
org/10.1016/j.marpol.2008.03.018

Aytaç, A., & Öztürk, H. A. (2018). Average edge betweenness of a graph. 
Nonlinear Dynamics and Systems Theory, 18(3), 241–252.

Balbar, A. C., & Metaxas, A. (2019). The current application of ecolog-
ical connectivity in the design of marine protected areas. Global 
Ecology and Conservation, 17, e00569. https://doi.org/10.1016/j.
gecco.2019.e00569

Bange, D. W., & Hoefer, J. N. (1976). A measure of connectivity for 
geographic regions. The Professional Geographer, 28(4), 362–370. 
https://doi.org/10.1111/j.0033-0124.1976.00362.x

Baranyi, G., Saura, S., Podani, J., & Jordán, F. (2011). Contribution of 
habitat patches to network connectivity: Redundancy and unique-
ness of topological indices. Ecological Indicators, 11(5), 1301–1310. 
https://doi.org/10.1016/j.ecoli​nd.2011.02.003

Bastille-Rousseau, G., Douglas-Hamilton, I., Blake, S., Northrup, J. M., & 
Wittemyer, G. (2018). Applying network theory to animal move-
ments to identify properties of landscape space use. Ecological 
Applications, 28(3), 854–864. https://doi.org/10.1002/eap.1697

Beger, M., McGowan, J., Treml, E. A., Green, A. L., White, A. T., Wolff, N. 
H., Klein, C. J., Mumby, P. J., & Possingham, H. P. (2015). Integrating 
regional conservation priorities for multiple objectives into national 
policy. Nature Communications, 6(1), 8208. https://doi.org/10.1038/
ncomm​s9208

Bernhardt, J. R., & Leslie, H. M. (2013). Resilience to climate change in 
coastal marine ecosystems. Annual Review of Marine Science, 5(1), 
371–392. https://doi.org/10.1146/annur​ev-marin​e-12121​1-172411

Bisht, N., & Singh, S. (2015). Analytical study of different network topol-
ogies. International Research Journal of Engineering and Technology, 
2(1), 88–90.

Block, B. A., Jonsen, I. D., Jorgensen, S. J., Winship, A. J., Shaffer, S. A., 
Bograd, S. J., Hazen, E. L., Foley, D. G., Breed, G. A., Harrison, A.-L., 
Ganong, J. E., Swithenbank, A., Castleton, M., Dewar, H., Mate, B. 
R., Shillinger, G. L., Schaefer, K. M., Benson, S. R., Weise, M. J., … 
Costa, D. P. (2011). Tracking apex marine predator movements in 
a dynamic ocean. Nature, 475(7354), 86. https://doi.org/10.1038/
natur​e10082

Bolten, A. B. (2013). Variation in sea turtle life history patterns: Neritic 
vs. oceanic developmental stages. In P. L. Lutz, J. A. Musick, & J. 
Wyneken (Eds.), The biology of sea turtles, Vol. 2 (pp. 243–257). CRC 
Press.

Bonferroni, C. (1936). Teoria statistica delle classi e calcolo delle proba-
bilita. Pubblicazioni Del R Istituto Superiore Di Scienze Economiche E 
Commericiali Di Firenze, 8, 3–62.

Borgatti, S. P. (2005). Centrality and network flow. Social Networks, 27(1), 
55–71. https://doi.org/10.1016/j.socnet.2004.11.008

Bradshaw, P. J., Broderick, A. C., Carreras, C., Inger, R., Fuller, W., Snape, 
R., Stokes, K. L., & Godley, B. J. (2017). Satellite tracking and stable 
isotope analysis highlight differential recruitment among foraging 
areas in green turtles. Marine Ecology Progress Series, 582, 201–214. 
https://doi.org/10.3354/meps1​2297

Brodie, S., Lédée, E. J. I., Heupel, M. R., Babcock, R. C., Campbell, H. 
A., Gledhill, D. C., Hoenner, X., Huveneers, C., Jaine, F. R. A., 
Simpfendorfer, C. A., Taylor, M. D., Udyawer, V., & Harcourt, R. 
G. (2018). Continental-scale animal tracking reveals functional 
movement classes across marine taxa. Scientific Reports, 8(1), 3717. 
https://doi.org/10.1038/s4159​8-018-21988​-5

Bunn, A. G., Urban, D. L., & Keitt, T. H. (2000). Landscape connectivity: A 
conservation application of graph theory. Journal of Environmental 
Management, 59(4), 265–278. https://doi.org/10.1006/
jema.2000.0373

Carr, H., Abas, M., Boutahar, L., Caretti, O. N., Chan, W. Y., Chapman, A. 
S. A., de Mendonça, S. N., Engleman, A., Ferrario, F., Simmons, K. 
R., Verdura, J., & Zivian, A. (2020). The Aichi Biodiversity Targets: 
Achievements for marine conservation and priorities beyond 2020. 
PeerJ, 8, e9743. https://doi.org/10.7717/peerj.9743

Carr, M. H., Robinson, S. P., Wahle, C., Davis, G., Kroll, S., Murray, S., 
Schumacker, E. J., & Williams, M. (2017). The central importance 
of ecological spatial connectivity to effective coastal marine pro-
tected areas and to meeting the challenges of climate change in the 
marine environment. Aquatic Conservation: Marine and Freshwater 
Ecosystems, 27, 6–29. https://doi.org/10.1002/aqc.2800

Casselberry, G. A., Danylchuk, A. J., Finn, J. T., DeAngelis, B. M., Jordaan, 
A., Pollock, C. G., Lundgren, I., Hillis-Starr, Z., & Skomal, G. B. (2020). 
Network analysis reveals multispecies spatial associations in the shark 
community of a Caribbean marine protected area. Marine Ecology 
Progress Series, 633, 105–126. https://doi.org/10.3354/meps1​3158

Cerdeira, J. O., Pinto, L. S., Cabeza, M., & Gaston, K. J. (2010). Species 
specific connectivity in reserve-network design using graphs. 
Biological Conservation, 143(2), 408–415. https://doi.org/10.1016/j.
biocon.2009.11.005

Ceriani, S. A., Weishampel, J. F., Ehrhart, L. M., Mansfield, K. L., & 
Wunder, M. B. (2017). Foraging and recruitment hotspot dynamics 
for the largest Atlantic loggerhead turtle rookery. Scientific Reports, 
7(1), 16894. https://doi.org/10.1038/s4159​8-017-17206​-3

Cohen, E. B., Hostetler, J. A., Hallworth, M. T., Rushing, C. S., Sillett, T. 
S., & Marra, P. P. (2018). Quantifying the strength of migratory con-
nectivity. Methods in Ecology and Evolution, 9(3), 513–524. https://
doi.org/10.1111/2041-210X.12916

Convention on Biological Diversity (2010). Decision adopted by the 
Conference of the Parties to the Convention on Biological Diversity 
at its Tenth Meeting. X/2. The Strategic Plan for Biodiversity 2011-
2020 and the Aichi Biodiversity Targets.

Cowen, R. K., Paris, C. B., & Srinivasan, A. (2006). Scaling of connectiv-
ity in marine populations. Science, 311(5760), 522–527. https://doi.
org/10.1126/scien​ce.1122039

Coyne, M. S., & Godley, B. J. (2005). Satellite Tracking and Analysis Tool 
(STAT): An integrated system for archiving, analyzing and map-
ping animal tracking data. Marine Ecology Progress Series, 301, 1–7. 
https://doi.org/10.3354/meps3​01001

Csardi, G., & Nepusz, T. (2006). The igraph software package for complex 
network research. InterJournal, Complex Systems, 1695(5), 1–9.

Davidson, S. C., Bohrer, G., Gurarie, E., LaPoint, S., Mahoney, P. J., 
Boelman, N. T., Eitel, J. U. H., Prugh, L. R., Vierling, L. A., Jennewein, 
J., Grier, E., Couriot, O., Kelly, A. P., Meddens, A. J. H., Oliver, R. Y., 
Kays, R., Wikelski, M., Aarvak, T., Ackerman, J. T., … Hebblewhite, 
M. (2020). Ecological insights from three decades of animal move-
ment tracking across a changing Arctic. Science, 370(6517), 712–
715. https://doi.org/10.1126/scien​ce.abb7080

Davies, T. E., Carneiro, A. P. B., Campos, B., Hazin, C., Dunn, D. C., 
Gjerde, K. M., Johnson, D. E., & Dias, M. P. (2021). Tracking data 
and the conservation of the high seas: Opportunities and chal-
lenges. Journal of Applied Ecology, 58(12), 2703–2710. https://doi.
org/10.1111/1365-2664.14032

De Solla, S. R., Bonduriansky, R., & Brooks, R. J. (1999). Eliminating 
autocorrelation reduces biological relevance of home range 

 14724642, 2022, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ddi.13485 by T

est, W
iley O

nline L
ibrary on [09/12/2022]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1034/j.1600-0706.2003.12559.x
https://doi.org/10.1034/j.1600-0706.2003.12559.x
https://doi.org/10.1007/s00338-009-0484-x
https://doi.org/10.1111/ecog.00975
https://doi.org/10.1111/ecog.00975
https://doi.org/10.1016/j.marpol.2008.03.018
https://doi.org/10.1016/j.marpol.2008.03.018
https://doi.org/10.1016/j.gecco.2019.e00569
https://doi.org/10.1016/j.gecco.2019.e00569
https://doi.org/10.1111/j.0033-0124.1976.00362.x
https://doi.org/10.1016/j.ecolind.2011.02.003
https://doi.org/10.1002/eap.1697
https://doi.org/10.1038/ncomms9208
https://doi.org/10.1038/ncomms9208
https://doi.org/10.1146/annurev-marine-121211-172411
https://doi.org/10.1038/nature10082
https://doi.org/10.1038/nature10082
https://doi.org/10.1016/j.socnet.2004.11.008
https://doi.org/10.3354/meps12297
https://doi.org/10.1038/s41598-018-21988-5
https://doi.org/10.1006/jema.2000.0373
https://doi.org/10.1006/jema.2000.0373
https://doi.org/10.7717/peerj.9743
https://doi.org/10.1002/aqc.2800
https://doi.org/10.3354/meps13158
https://doi.org/10.1016/j.biocon.2009.11.005
https://doi.org/10.1016/j.biocon.2009.11.005
https://doi.org/10.1038/s41598-017-17206-3
https://doi.org/10.1111/2041-210X.12916
https://doi.org/10.1111/2041-210X.12916
https://doi.org/10.1126/science.1122039
https://doi.org/10.1126/science.1122039
https://doi.org/10.3354/meps301001
https://doi.org/10.1126/science.abb7080
https://doi.org/10.1111/1365-2664.14032
https://doi.org/10.1111/1365-2664.14032


826  |    KOT et al.

estimates. Journal of Animal Ecology, 68(2), 221–234. https://doi.
org/10.1046/j.1365-2656.1999.00279.x

Dingle, H., & Drake, V. A. (2007). What is migration? BioScience, 57(2), 
113–121. https://doi.org/10.1641/B570206

Dunn, D. C., Harrison, A.-L., Curtice, C., DeLand, S., Donnelly, B., Fujioka, 
E. I., Heywood, E., Kot, C. Y., Poulin, S., Whitten, M., Åkesson, S., 
Alberini, A., Appeltans, W., Arcos, J. M., Bailey, H., Ballance, L. 
T., Block, B., Blondin, H., Boustany, A. M., … Halpin, P. N. (2019). 
The importance of migratory connectivity for global ocean policy. 
Proceedings of the Royal Society B: Biological Sciences, 286(1911), 
20191472. https://doi.org/10.1098/rspb.2019.1472

Dunn, D. C., Van Dover, C. L., Etter, R. J., Smith, C. R., Levin, L. A., Morato, 
T., Colaço, A., Dale, A. C., Gebruk, A. V., Gjerde, K. M., Halpin, P. N., 
Howell, K. L., Johnson, D., Perez, J. A. A., Ribeiro, M. C., Stuckas, H., 
& Weaver, P. (2018). A strategy for the conservation of biodiversity 
on mid-ocean ridges from deep-sea mining. Science Advances, 4(7), 
eaar4313. https://doi.org/10.1126/sciadv.aar4313

Dunn, O. J. (1964). Multiple comparisons using rank sums. Technometrics, 
6, 241–252. https://doi.org/10.1080/00401​706.1964.10490181

Eckert, S. A. (2002). Swim speed and movement patterns of gravid leath-
erback sea turtles (Dermochelys coriacea) at St Croix, US Virgin 
Islands. Journal of Experimental Biology, 205(23), 3689–3697.

ESRI (2019). ArcGIS desktop: Release 10. Environmental Systems Research 
Institute.

Estrada, E., & Bodin, Ö. (2008). Using network centrality measures to 
manage landscape connectivity. Ecological Applications, 18(7), 
1810–1825. https://doi.org/10.1890/07-1419.1

Farine, D. R., & Whitehead, H. (2015). Constructing, conducting and in-
terpreting animal social network analysis. Journal of Animal Ecology, 
84(5), 1144–1163. https://doi.org/10.1111/1365-2656.12418

Flanders Marine Institute (2018a). IHO sea areas, version 3. https://www.
marin​eregi​ons.org/

Flanders Marine Institute (2018b). The intersect of the Exclusive Economic 
Zones and IHO sea areas, version 3 - 2018. http://www.marin​eregi​
ons.org

Foley, M. M., Halpern, B. S., Micheli, F., Armsby, M. H., Caldwell, M. R., 
Crain, C. M., Prahler, E., Rohr, N., Sivas, D., Beck, M. W., Carr, M. 
H., Crowder, L. B., Emmett Duffy, J., Hacker, S. D., McLeod, K. 
L., Palumbi, S. R., Peterson, C. H., Regan, H. M., Ruckelshaus, M. 
H., … Steneck, R. S. (2010). Guiding ecological principles for ma-
rine spatial planning. Marine Policy, 34(5), 955–966. https://doi.
org/10.1016/j.marpol.2010.02.001

Forouzan, A. B., & Fegan, S. C. (2007). Data communications and network-
ing. Tate McGraw-Hill Education.

Freitas, C. (2012). argosfilter: Argos locations filter. R package version 
0.63. https://CRAN.R-proje​ct.org/packa​ge=argos​filter

Freitas, C., Lydersen, C., Fedak, M. A., & Kovacs, K. M. (2008). A 
simple new algorithm to filter marine mammal Argos loca-
tions. Marine Mammal Science, 24(2), 315–325. https://doi.
org/10.1111/j.1748-7692.2007.00180.x

Friesen, S. K., Martone, R., Rubidge, E., Baggio, J. A., & Ban, N. C. (2019). 
An approach to incorporating inferred connectivity of adult move-
ment into marine protected area design with limited data. Ecological 
Applications, 29(4), e01890. https://doi.org/10.1002/eap.1890

Girvan, M., & Newman, M. E. J. (2002). Community structure in social 
and biological networks. Proceedings of the National Academy of 
Sciences of the United States of America, 99(12), 7821–7826. https://
doi.org/10.1073/pnas.12265​3799

Global Administrative Areas (2018). GADM database of global administrative 
areas. Version 3.6 (released on 6 May 2018). http://www.gadm.org

Godley, B. J., Barbosa, C., Bruford, M., Broderick, A. C., Catry, P., 
Coyne, M. S., Formia, A., Hays, G. C., & Witt, M. J. (2010). 
Unravelling migratory connectivity in marine turtles using multi-
ple methods. Journal of Applied Ecology, 47(4), 769–778. https://doi.
org/10.1111/j.1365-2664.2010.01817.x

Godley, B. J., Blumenthal, J. M., Broderick, A. C., Coyne, M. S., Godfrey, 
M. H., Hawkes, L. A., & Witt, M. J. (2008). Satellite tracking of sea 
turtles: where have we been and where do we go next? Endangered 
Species Research, 4(1–2), 3–22. https://doi.org/10.3354/esr00060

Gu, Z., & Wang, J. (2013). CePa: An R package for finding significant 
pathways weighted by multiple network centralities. Bioinformatics, 
29(5), 658–660. https://doi.org/10.1093/bioin​forma​tics/btt008

Halpin, P. N., Read, A. J., Best, B. D., Hyrenbach, K. D., Fujioka, E., Coyne, 
M. S., Crowder, L. B., Freeman, S. A., & Spoerri, C. (2006). OBIS-
SEAMAP: Developing a biogeographic research data commons 
for the ecological studies of marine mammals, seabirds, and sea 
turtles. Marine Ecology Progress Series, 316, 239–246. https://doi.
org/10.3354/meps3​16239

Halpin, P., Read, A., Fujioka, E. I., Best, B., Donnelly, B., Hazen, L., Kot, C., 
Urian, K., LaBrecque, E., Dimatteo, A., Cleary, J., Good, C., Crowder, 
L., & Hyrenbach, K. D. (2009). OBIS-SEAMAP: The world data 
center for marine mammal, sea bird, and sea turtle distributions. 
Oceanography, 22(2), 104–115. https://doi.org/10.5670/ocean​
og.2009.42

Hampton, S. E., Strasser, C. A., Tewksbury, J. J., Gram, W. K., Budden, A. 
E., Batcheller, A. L., Duke, C. S., & Porter, J. H. (2013). Big data and 
the future of ecology. Frontiers in Ecology and the Environment, 11(3), 
156–162. https://doi.org/10.1890/120103

Harcourt, R., Sequeira, A. M. M., Zhang, X., Roquet, F., Komatsu, K., 
Heupel, M., McMahon, C., Whoriskey, F., Meekan, M., Carroll, G., 
Brodie, S., Simpfendorfer, C., Hindell, M., Jonsen, I., Costa, D. P., 
Block, B., Muelbert, M., Woodward, B., Weise, M., … Fedak, M. 
A. (2019). Animal-borne telemetry: an integral component of the 
ocean observing toolkit. Frontiers in Marine. Science, 6, 326. https://
doi.org/10.3389/fmars.2019.00326

Hart, C. E., Blanco, G. S., Coyne, M. S., Delgado-Trejo, C., Godley, B. J., 
Jones, T. T., Resendiz, A., Seminoff, J. A., Witt, M. J., & Nichols, W. J. 
(2015). Multinational tagging efforts illustrate regional scale of dis-
tribution and threats for East Pacific green turtles (Chelonia mydas 
agassizii). PLoS One, 10(2), e0116225. https://doi.org/10.1371/
journ​al.pone.0116225

Hays, G. C., Bailey, H., Bograd, S. J., Bowen, W. D., Campagna, C., 
Carmichael, R. H., Casale, P., Chiaradia, A., Costa, D. P., Cuevas, 
E., Nico de Bruyn, P. J., Dias, M. P., Duarte, C. M., Dunn, D. C., 
Dutton, P. H., Esteban, N., Friedlaender, A., Goetz, K. T., Godley, 
B. J., … Sequeira, A. M. M. (2019). Translating marine animal track-
ing data into conservation policy and management. Trends in 
Ecology and Evolution, 34(5), 459–473. https://doi.org/10.1016/j.
tree.2019.01.009

Hays, G. C., Ferreira, L. C., Sequeira, A. M. M., Meekan, M. G., Duarte, C. 
M., Bailey, H., Bailleul, F., Bowen, W. D., Caley, M. J., Costa, D. P., 
Eguíluz, V. M., Fossette, S., Friedlaender, A. S., Gales, N., Gleiss, A. 
C., Gunn, J., Harcourt, R., Hazen, E. L., Heithaus, M. R., … Thums, 
M. (2016). Key questions in marine megafauna movement ecol-
ogy. Trends in Ecology and Evolution, 31(6), 463–475. https://doi.
org/10.1016/j.tree.2016.02.015

Hays, G. C., & Hawkes, L. A. (2018). Satellite tracking sea turtles: 
Opportunities and challenges to address key questions. Frontiers 
in Marine Science, 5(432), 1–12. https://doi.org/10.3389/
fmars.2018.00432

Hays, G. C., Rattray, A., & Esteban, N. (2020). Addressing tagging location 
bias to assess space use by marine animals. Journal of Applied Ecology, 
57(10), 1981–1987. https://doi.org/10.1111/1365-2664.13720

Hays, G. C., & Scott, R. (2013). Global patterns for upper ceilings on 
migration distance in sea turtles and comparisons with fish, birds 
and mammals. Functional Ecology, 27(3), 748–756. https://doi.
org/10.1111/1365-2435.12073

Haywood, J. C., Fuller, W. J., Godley, B. J., Margaritoulis, D., Shutler, J. D., 
Snape, R. T. E., Widdicombe, S., Zbinden, J. A., & Broderick, A. C. 
(2020). Spatial ecology of loggerhead turtles: Insights from stable 

 14724642, 2022, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ddi.13485 by T

est, W
iley O

nline L
ibrary on [09/12/2022]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1046/j.1365-2656.1999.00279.x
https://doi.org/10.1046/j.1365-2656.1999.00279.x
https://doi.org/10.1641/B570206
https://doi.org/10.1098/rspb.2019.1472
https://doi.org/10.1126/sciadv.aar4313
https://doi.org/10.1080/00401706.1964.10490181
https://doi.org/10.1890/07-1419.1
https://doi.org/10.1111/1365-2656.12418
https://www.marineregions.org/
https://www.marineregions.org/
http://www.marineregions.org
http://www.marineregions.org
https://doi.org/10.1016/j.marpol.2010.02.001
https://doi.org/10.1016/j.marpol.2010.02.001
https://CRAN.R-project.org/package=argosfilter
https://doi.org/10.1111/j.1748-7692.2007.00180.x
https://doi.org/10.1111/j.1748-7692.2007.00180.x
https://doi.org/10.1002/eap.1890
https://doi.org/10.1073/pnas.122653799
https://doi.org/10.1073/pnas.122653799
http://www.gadm.org
https://doi.org/10.1111/j.1365-2664.2010.01817.x
https://doi.org/10.1111/j.1365-2664.2010.01817.x
https://doi.org/10.3354/esr00060
https://doi.org/10.1093/bioinformatics/btt008
https://doi.org/10.3354/meps316239
https://doi.org/10.3354/meps316239
https://doi.org/10.5670/oceanog.2009.42
https://doi.org/10.5670/oceanog.2009.42
https://doi.org/10.1890/120103
https://doi.org/10.3389/fmars.2019.00326
https://doi.org/10.3389/fmars.2019.00326
https://doi.org/10.1371/journal.pone.0116225
https://doi.org/10.1371/journal.pone.0116225
https://doi.org/10.1016/j.tree.2019.01.009
https://doi.org/10.1016/j.tree.2019.01.009
https://doi.org/10.1016/j.tree.2016.02.015
https://doi.org/10.1016/j.tree.2016.02.015
https://doi.org/10.3389/fmars.2018.00432
https://doi.org/10.3389/fmars.2018.00432
https://doi.org/10.1111/1365-2664.13720
https://doi.org/10.1111/1365-2435.12073
https://doi.org/10.1111/1365-2435.12073


    | 827KOT et al.

isotope markers and satellite telemetry. Diversity and Distributions, 
26, 368–381. https://doi.org/10.1111/ddi.13023

Helsinki Commission (2010). Towards an ecologically coherent network 
of well-managed Marine Protected Areas – Implementation report on 
the status and ecological coherence of the HELCOM BSPA network: 
Executive summary. Baltic Sea Environment Proceedings No 124A. 
Helsinki, FI: Helsinki Commission.

Heppell, S. S., Heppell, S. A., Read, A. J., & Crowder, L. B. (2005). Effects 
of fishing on long-lived marine organisms. In E. A. Norse, & L. B. 
Crowder (Eds.), Marine conservation biology: The science of maintain-
ing the sea’s biodiversity (pp. 211–231). Island Press.

Hotelling, H. (1933). Analysis of a complex of statistical variables into 
principal components. Journal of Educational Psychology, 24, 417–
441. https://doi.org/10.1037/h0071325

Hussey, N. E., Kessel, S. T., Aarestrup, K., Cooke, S. J., Cowley, P. D., Fisk, 
A. T., Harcourt, R. G., Holland, K. N., Iverson, S. J., Kocik, J. F., Mills 
Flemming, J. E., & Whoriskey, F. G. (2015). Aquatic animal telem-
etry: A panoramic window into the underwater world. Science, 
348(6240), 1221–1231. https://doi.org/10.1126/scien​ce.1255642

Jacoby, D. M. P., Brooks, E. J., Croft, D. P., & Sims, D. W. (2012). 
Developing a deeper understanding of animal movements and 
spatial dynamics through novel application of network analy-
ses. Methods in Ecology and Evolution, 3(3), 574–583. https://doi.
org/10.1111/j.2041-210X.2012.00187.x

Jacoby, D. M. P., & Freeman, R. (2016). Emerging network-based tools in 
movement ecology. Trends in Ecology and Evolution, 31(4), 301–314. 
https://doi.org/10.1016/j.tree.2016.01.011

Jeffers, V. F., & Godley, B. J. (2016). Satellite tracking in sea tur-
tles: How do we find our way to the conservation dividends? 
Biological Conservation, 199, 172–184. https://doi.org/10.1016/j.
biocon.2016.04.032

Jenks, G. F. (1963). Generalization in statistical mapping. Annals of the 
Association of American Geographers, 53(1), 15–26. https://doi.
org/10.1111/j.1467-8306.1963.tb004​29.x

Jenks, G. F. (1967). The data model concept in statistical mapping. 
International Yearbook of Cartography, 7, 186–190.

Kassambara, A., & Mundt, F. (2016). Factoextra: Extract and visualize the 
results of multivariate data analyses. R package version 1.0.6. https://
cran.r-proje​ct.org/web/packa​ges/facto​extra/​index.html

Keeley, A. T. H., Beier, P., & Jenness, J. S. (2021). Connectivity metrics for 
conservation planning and monitoring. Biological Conservation, 255, 
109008. https://doi.org/10.1016/j.biocon.2021.109008

Kendall, M. G. (1938). A new measure of rank correlation. Biometrika, 
30(1/2), 81–93. https://doi.org/10.1093/biome​t/30.1-2.81

Kim, Y., Choi, T. Y., Yan, T., & Dooley, K. (2011). Structural investigation 
of supply networks: A social network analysis approach. Journal of 
Operations Management, 29(3), 194–211. https://doi.org/10.1016/j.
jom.2010.11.001

Kindlmann, P., & Burel, F. (2008). Connectivity measures: A review. 
Landscape Ecology, 23(8), 879–890. https://doi.org/10.1007/s1098​
0-008-9245-4

Kininmonth, S., Beger, M., Bode, M., Peterson, E., Adams, V. M., Dorfman, 
D., Brumbaugh, D. R., & Possingham, H. P. (2011). Dispersal con-
nectivity and reserve selection for marine conservation. Ecological 
Modelling, 222(7), 1272–1282. https://doi.org/10.1016/j.ecolm​
odel.2011.01.012

Kot, C. Y., Fujioka, E., DiMatteo, A., Wallace, B., Hutchinson, B., Cleary, 
J., Halpin, P., & Mast, R. (2018). The State of the World's Sea Turtles 
online database: Data provided by the SWOT Team and hosted on 
OBIS-SEAMAP. Oceanic Society, Conservation International, IUCN 
Marine Turtle Specialist Group (MTSG), and Marine Geospatial 
Ecology Lab, Duke University. http://seamap.env.duke.edu/swot

Kot, C. Y., Halpin, P., Cleary, J., & Dunn, D. (2014). A review of marine 
migratory species and the information used to describe ecologically 
or biologically significant areas (EBSAs). Information document 

prepared by Global Ocean Biodiversity Initiative (GOBI) for the 
Convention on Migratory Species. Assessment conducted by 
Marine Geospatial Ecology Lab, Duke University. United Nations 
Environment Programme, Convention on Migratory Species 
Information Document UNEP/CMS/COP11/Inf.23. Retrieved from 
Durham, NC:

Kruskal, W. H., & Wallis, W. A. (1952). Use of ranks in one-criterion vari-
ance analysis. Journal of the American Statistical Association, 47(260), 
583–621. https://doi.org/10.1080/01621​459.1952.10483441

Lau, M. K., Borrett, S. R., Baiser, B., Gotelli, N. J., & Ellison, A. M. (2017). 
Ecological network metrics: Opportunities for synthesis. Ecosphere, 
8(8), e01900. https://doi.org/10.1002/ecs2.1900

Lê, S., Josse, J., & Husson, F. (2008). FactoMineR: An R package for multi-
variate analysis. Journal of Statistical Software, 25(1), 1–18.

Lédée, E. J. I., Heupel, M. R., Tobin, A. J., Knip, D. M., & Simpfendorfer, C. 
A. (2015). A comparison between traditional kernel-based methods 
and network analysis: An example from two nearshore shark spe-
cies. Animal Behaviour, 103, 17–28. https://doi.org/10.1016/j.anbeh​
av.2015.01.039

Luschi, P., & Casale, P. (2014). Movement patterns of marine turtles in the 
Mediterranean Sea: A review. Italian Journal of Zoology, 81(4), 478–
495. https://doi.org/10.1080/11250​003.2014.963714

Luschi, P., Hays, G. C., Del Seppia, C., Marsh, R., & Papi, F. (1998). The 
navigational feats of green sea turtles migrating from Ascension 
Island investigated by satellite telemetry. Proceedings of the Royal 
Society B: Biological Sciences, 265(1412), 2279–2284. https://doi.
org/10.1098/rspb.1998.0571

Luschi, P., Hays, G. C., & Papi, F. (2003). A review of long-
distance movements by marine turtles, and the possible 
role of ocean currents. Oikos, 103(2), 293–302. https://doi.
org/10.1034/j.1600-0706.2003.12123.x

Magris, R. A., Treml, E. A., Pressey, R. L., & Weeks, R. (2016). Integrating 
multiple species connectivity and habitat quality into conservation 
planning for coral reefs. Ecography, 39(7), 649–664. https://doi.
org/10.1111/ecog.01507

Marra, P. P., Norris, D. R., Haig, S. M., Webster, M., & Royle, J. A. (2006). 
Migratory connectivity. In K. R. Corooks, & M. Sanjayan (Eds.), 
Connectivity conservation (pp. 157–183). Cambridge University 
Press.

Maxwell, S. M., Hazen, E. L., Bograd, S. J., Halpern, B. S., Breed, G. A., 
Nickel, B., Teutschel, N. M., Crowder, L. B., Benson, S., Dutton, P. 
H., Bailey, H., Kappes, M. A., Kuhn, C. E., Weise, M. J., Mate, B., 
Shaffer, S. A., Hassrick, J. L., Henry, R. W., Irvine, L., … Costa, D. 
P. (2013). Cumulative human impacts on marine predators. Nature 
Communications, 4(1), 2688. https://doi.org/10.1038/ncomm​
s3688

Mazor, T., Beger, M., McGowan, J., Possingham, H. P., & Kark, S. (2016). 
The value of migration information for conservation prioritization 
of sea turtles in the Mediterranean. Global Ecology and Biogeography, 
25(5), 540–552. https://doi.org/10.1111/geb.12434

Mazor, T., Possingham, H. P., & Kark, S. (2013). Collaboration among 
countries in marine conservation can achieve substantial efficien-
cies. Diversity and Distributions, 19(11), 1380–1393. https://doi.
org/10.1111/ddi.12095

McClellan, C. M., Braun-McNeill, J., Avens, L., Wallace, B. P., & Read, 
A. J. (2010). Stable isotopes confirm a foraging dichotomy in ju-
venile loggerhead sea turtles. Journal of Experimental Marine 
Biology and Ecology, 387(1–2), 44–51. https://doi.org/10.1016/j.
jembe.2010.02.020

Metcalfe, K., Bréheret, N., Bal, G., Chauvet, E., Doherty, P. D., Formia, 
A., Girard, A., Mavoungou, J.-G., Parnell, R. J., Pikesley, S. K., & 
Godley, B. J. (2020). Tracking foraging green turtles in the Republic 
of the Congo: Insights into spatial ecology from a data poor re-
gion. Oryx, 54(3), 299–306. https://doi.org/10.1017/S0030​60531​
9000309

 14724642, 2022, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ddi.13485 by T

est, W
iley O

nline L
ibrary on [09/12/2022]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1111/ddi.13023
https://doi.org/10.1037/h0071325
https://doi.org/10.1126/science.1255642
https://doi.org/10.1111/j.2041-210X.2012.00187.x
https://doi.org/10.1111/j.2041-210X.2012.00187.x
https://doi.org/10.1016/j.tree.2016.01.011
https://doi.org/10.1016/j.biocon.2016.04.032
https://doi.org/10.1016/j.biocon.2016.04.032
https://doi.org/10.1111/j.1467-8306.1963.tb00429.x
https://doi.org/10.1111/j.1467-8306.1963.tb00429.x
https://cran.r-project.org/web/packages/factoextra/index.html
https://cran.r-project.org/web/packages/factoextra/index.html
https://doi.org/10.1016/j.biocon.2021.109008
https://doi.org/10.1093/biomet/30.1-2.81
https://doi.org/10.1016/j.jom.2010.11.001
https://doi.org/10.1016/j.jom.2010.11.001
https://doi.org/10.1007/s10980-008-9245-4
https://doi.org/10.1007/s10980-008-9245-4
https://doi.org/10.1016/j.ecolmodel.2011.01.012
https://doi.org/10.1016/j.ecolmodel.2011.01.012
http://seamap.env.duke.edu/swot
https://doi.org/10.1080/01621459.1952.10483441
https://doi.org/10.1002/ecs2.1900
https://doi.org/10.1016/j.anbehav.2015.01.039
https://doi.org/10.1016/j.anbehav.2015.01.039
https://doi.org/10.1080/11250003.2014.963714
https://doi.org/10.1098/rspb.1998.0571
https://doi.org/10.1098/rspb.1998.0571
https://doi.org/10.1034/j.1600-0706.2003.12123.x
https://doi.org/10.1034/j.1600-0706.2003.12123.x
https://doi.org/10.1111/ecog.01507
https://doi.org/10.1111/ecog.01507
https://doi.org/10.1038/ncomms3688
https://doi.org/10.1038/ncomms3688
https://doi.org/10.1111/geb.12434
https://doi.org/10.1111/ddi.12095
https://doi.org/10.1111/ddi.12095
https://doi.org/10.1016/j.jembe.2010.02.020
https://doi.org/10.1016/j.jembe.2010.02.020
https://doi.org/10.1017/S0030605319000309
https://doi.org/10.1017/S0030605319000309


828  |    KOT et al.

Minor, E. S., & Urban, D. L. (2008). A graph-theory framework for 
evaluating landscape connectivity and conservation plan-
ning. Conservation Biology, 22(2), 297–307. https://doi.
org/10.1111/j.1523-1739.2007.00871.x

Muller, E., & Peres, R. (2019). The effect of social networks structure 
on innovation performance: A review and directions for research. 
International Journal of Research in Marketing, 36(1), 3–19. https://
doi.org/10.1016/j.ijres​mar.2018.05.003

Mumby, P. J., Elliott, I. A., Eakin, C. M., Skirving, W., Paris, C. B., Edwards, 
H. J., Enríquez, S., Iglesias-Prieto, R., Cherubin, L. M., & Stevens, 
J. R. (2011). Reserve design for uncertain responses of coral reefs 
to climate change. Ecology Letters, 14(2), 132–140. https://doi.
org/10.1111/j.1461-0248.2010.01562.x

Musick, J. A. (1999). Life in the slow lane: Ecology and conservation of long-
lived marine animals. American Fisheries Society Symposium 23. 
Bethesda, MD: American Fisheries Society.

Nguyen, V. M., Brooks, J. L., Young, N., Lennox, R. J., Haddaway, N., 
Whoriskey, F. G., Harcourt, R., & Cooke, S. J. (2017). To share or 
not to share in the emerging era of big data: Perspectives from fish 
telemetry researchers on data sharing. Canadian Journal of Fisheries 
and Aquatic Sciences, 74(8), 1260–1274. https://doi.org/10.1139/
cjfas​-2016-0261

Nishizawa, H., Joseph, J., Chong, Y. K., Syed Kadir, S. A., Isnain, I., Ganyai, 
T. A., Jaaman, S., & Zhang, X. (2018). Comparison of the rookery 
connectivity and migratory connectivity: Insight into movement 
and colonization of the green turtle (Chelonia mydas) in Pacific-
Southeast Asia. Marine Biology, 165(4), 77. https://doi.org/10.1007/
s0022​7-018-3328-9

Olds, A. D., Connolly, R. M., Pitt, K. A., Pittman, S. J., Maxwell, P. S., 
Huijbers, C. M., Moore, B. R., Albert, S., Rissik, D., Babcock, R. 
C., & Schlacher, T. A. (2015). Quantifying the conservation value 
of seascape connectivity: A global synthesis. Global Ecology and 
Biogeography, 25(1), 3–15. https://doi.org/10.1111/geb.12388

Orellana, C. (2004). Tropical seascape corridor planned. Frontiers in Ecology 
and the Environment, 2(3), 121. https://doi.org/10.2307/3868234

Ospina-Alvarez, A., de Juan, S., Alós, J., Basterretxea, G., Alonso-
Fernández, A., Follana-Berná, G., Palmer, M., & Catalán, I. A. (2020). 
MPA network design based on graph network theory and emergent 
properties of larval dispersal. Marine Ecology Progress Series, 650, 
309–326.

Pearson, K. (1901). On lines and planes of closest fit to systems of points 
in space. Philosophical Magazine, 6(11), 559–572.

Pendoley, K. L., Schofield, G., Whittock, P. A., Ierodiaconou, D., & Hays, 
G. C. (2014). Protected species use of a coastal marine migratory 
corridor connecting marine protected areas. Marine Biology, 161(6), 
1455–1466. https://doi.org/10.1007/s0022​7-014-2433-7

Pereira, J. (2018). Multi-node protection of landscape connectivity: 
Habitat availability and topological reachability. Community Ecology, 
19(2), 176–185. https://doi.org/10.1556/168.2018.19.2.10

Pereira, J., Saura, S., & Jordán, F. (2017). Single-node vs. multi-
node centrality in landscape graph analysis: Key habitat 
patches and their protection for 20 bird species in NE Spain. 
Methods in Ecology and Evolution, 8(11), 1458–1467. https://doi.
org/10.1111/2041-210X.12783

Pikesley, S. K., Maxwell, S. M., Pendoley, K., Costa, D. P., Coyne, M. S., 
Formia, A., Godley, B. J., Klein, W., Makanga-Bahouna, J., Maruca, 
S., Ngouessono, S., Parnell, R. J., Pemo-Makaya, E., & Witt, M. J. 
(2013). On the front line: Integrated habitat mapping for olive rid-
ley sea turtles in the southeast Atlantic. Diversity and Distributions, 
19(12), 1518–1530. https://doi.org/10.1111/ddi.12118

Queiroz, N., Humphries, N. E., Couto, A., Vedor, M., da Costa, I., Sequeira, 
A. M. M., Mucientes, G., Santos, A. M., Abascal, F. J., Abercrombie, 
D. L., Abrantes, K., Acuña-Marrero, D., Afonso, A. S., Afonso, P., 
Anders, D., Araujo, G., Arauz, R., Bach, P., Barnett, A., … Sims, D. W. 
(2019). Global spatial risk assessment of sharks under the footprint 

of fisheries. Nature, 572(7770), 461–466. https://doi.org/10.1038/
s4158​6-019-1444-4

R Core Team (2019). R: A language and environment for statistical comput-
ing. Version 3.6.1. R Foundation for Statistical Computing.

Rayfield, B., Fortin, M.-J., & Fall, A. (2011). Connectivity for conservation: 
A framework to classify network measures. Ecology, 92(4), 847–
858. https://doi.org/10.1890/09-2190.1

Rees, A. F., Carreras, C., Broderick, A. C., Margaritoulis, D., Stringell, 
T. B., & Godley, B. J. (2017). Linking loggerhead locations: Using 
multiple methods to determine the origin of sea turtles in feeding 
grounds. Marine Biology, 164(2), 30. https://doi.org/10.1007/s0022​
7-016-3055-z

Ropert-Coudert, Y., Van de Putte, A. P., Reisinger, R. R., Bornemann, 
H., Charrassin, J.-B., Costa, D. P., Danis, B., Hückstädt, L. A., 
Jonsen, I. D., Lea, M.-A., Thompson, D., Torres, L. G., Trathan, P. 
N., Wotherspoon, S., Ainley, D. G., Alderman, R., Andrews-Goff, V., 
Arthur, B., Ballard, G., … Hindell, M. A. (2020). The retrospective 
analysis of Antarctic tracking data project. Scientific Data, 7(1), 94. 
https://doi.org/10.1038/s4159​7-020-0406-x

Sale, P., Cowen, R., Danilowicz, B., Jones, G., Kritzer, J., Lindeman, K., 
Planes, S., Polunin, N., Russ, G., & Sadovy, Y. (2005). Critical sci-
ence gaps impede use of no-take fishery reserves. Trends in 
Ecology and Evolution, 20(2), 74–80. https://doi.org/10.1016/j.
tree.2004.11.007

Santra, S., & Acharjya, P. P. (2013). A study and analysis on computer 
network topology for data communication. International Journal of 
Emerging Technology and Advanced Engineering, 3(1), 522–525.

Schick, R. S., & Lindley, S. T. (2007). Directed connectivity among fish 
populations in a riverine network. Journal of Applied Ecology, 44(6), 
1116–1126. https://doi.org/10.1111/j.1365-2664.2007.01383.x

Sequeira, A. M. M., Hays, G. C., Sims, D. W., Eguíluz, V. M., Rodríguez, J. 
P., Heupel, M. R., Harcourt, R., Calich, H., Queiroz, N., Costa, D. P., 
Fernández-Gracia, J., Ferreira, L. C., Goldsworthy, S. D., Hindell, M. 
A., Lea, M.-A., Meekan, M. G., Pagano, A. M., Shaffer, S. A., Reisser, 
J., … Duarte, C. M. (2019). Overhauling ocean spatial planning to im-
prove marine megafauna conservation. Frontiers in Marine Science, 
6(639), 1–12. https://doi.org/10.3389/fmars.2019.00639

Sequeira, A. M. M., O'Toole, M., Keates, T. R., McDonnell, L. H., Braun, 
C. D., Hoenner, X., Jaine, F. R. A., Jonsen, I. D., Newman, P., Pye, J., 
Bograd, S. J., Hays, G. C., Hazen, E. L., Holland, M., Tsontos, V. M., 
Blight, C., Cagnacci, F., Davidson, S. C., Dettki, H., … Weise, M. (2021). 
A standardisation framework for bio-logging data to advance eco-
logical research and conservation. Methods in Ecology and Evolution, 
12(6), 996–1007. https://doi.org/10.1111/2041-210X.13593

Shapiro, S. S., & Wilk, M. B. (1965). An analysis of variance test for nor-
mality (complete samples). Biometrika, 52(3/4), 591–611. https://
doi.org/10.1093/biome​t/52.3-4.591

Shuter, J. L., Broderick, A. C., Agnew, D. J., Jonzén, N., Godley, B. J., 
Milner-Gulland, E. J., & Thirgood, S. (2011). Conservation and man-
agement of migratory species. In E. Milner-Gulland, J. M. Fryxell, & 
A. R. E. Sinclair (Eds.), Animal migration: A synthesis (pp. 172–206). 
Oxford University Press.

Smith, J., & Metaxas, A. (2018). A decision tree that can address con-
nectivity in the design of Marine Protected Area Networks 
(MPAn). Marine Policy, 88, 269–278. https://doi.org/10.1016/j.
marpol.2017.11.034

Spalding, M. D., Fox, H. E., Allen, G. R., Davidson, N., Ferdaña, Z. A., 
Finlayson, M., Halpern, B. S., Jorge, M. A., Lombana, A. L., Lourie, 
S. A., Martin, K. D., McManus, E., Molnar, J., Recchia, C. A., & 
Robertson, J. (2007). Marine ecoregions of the world: A bioregion-
alization of coastal and shelf areas. BioScience, 57(7), 573–583. 
https://doi.org/10.1641/B570707

Stewart, K. R., James, M. C., Roden, S., & Dutton, P. H. (2013). 
Assignment tests, telemetry and tag-recapture data converge to 
identify natal origins of leatherback turtles foraging in Atlantic 

 14724642, 2022, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ddi.13485 by T

est, W
iley O

nline L
ibrary on [09/12/2022]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1111/j.1523-1739.2007.00871.x
https://doi.org/10.1111/j.1523-1739.2007.00871.x
https://doi.org/10.1016/j.ijresmar.2018.05.003
https://doi.org/10.1016/j.ijresmar.2018.05.003
https://doi.org/10.1111/j.1461-0248.2010.01562.x
https://doi.org/10.1111/j.1461-0248.2010.01562.x
https://doi.org/10.1139/cjfas-2016-0261
https://doi.org/10.1139/cjfas-2016-0261
https://doi.org/10.1007/s00227-018-3328-9
https://doi.org/10.1007/s00227-018-3328-9
https://doi.org/10.1111/geb.12388
https://doi.org/10.2307/3868234
https://doi.org/10.1007/s00227-014-2433-7
https://doi.org/10.1556/168.2018.19.2.10
https://doi.org/10.1111/2041-210X.12783
https://doi.org/10.1111/2041-210X.12783
https://doi.org/10.1111/ddi.12118
https://doi.org/10.1038/s41586-019-1444-4
https://doi.org/10.1038/s41586-019-1444-4
https://doi.org/10.1890/09-2190.1
https://doi.org/10.1007/s00227-016-3055-z
https://doi.org/10.1007/s00227-016-3055-z
https://doi.org/10.1038/s41597-020-0406-x
https://doi.org/10.1016/j.tree.2004.11.007
https://doi.org/10.1016/j.tree.2004.11.007
https://doi.org/10.1111/j.1365-2664.2007.01383.x
https://doi.org/10.3389/fmars.2019.00639
https://doi.org/10.1111/2041-210X.13593
https://doi.org/10.1093/biomet/52.3-4.591
https://doi.org/10.1093/biomet/52.3-4.591
https://doi.org/10.1016/j.marpol.2017.11.034
https://doi.org/10.1016/j.marpol.2017.11.034
https://doi.org/10.1641/B570707


    | 829KOT et al.

Canadian waters. Journal of Animal Ecology, 82(4), 791–803. https://
doi.org/10.1111/1365-2656.12056

Thums, M., Fernández-Gracia, J., Sequeira, A. M. M., Eguíluz, V. M., 
Duarte, C. M., & Meekan, M. G. (2018). How big data fast tracked 
human mobility research and the lessons for animal movement 
ecology. Frontiers in Marine Science, 5(21), 1–21. https://doi.
org/10.3389/fmars.2018.00021

Thums, M., Waayers, D., Huang, Z., Pattiaratchi, C., Bernus, J., & Meekan, 
M. (2017). Environmental predictors of foraging and transit be-
haviour in flatback turtles Natator depressus. Endangered Species 
Research, 32, 333–349. https://doi.org/10.3354/esr00818

Treml, E. A., & Halpin, P. N. (2012). Marine population connectivity 
identifies ecological neighbors for conservation planning in the 
Coral Triangle. Conservation Letters, 5(6), 441–449. https://doi.
org/10.1111/j.1755-263X.2012.00260.x

Urban, D., & Keitt, T. (2001). Landscape connectivity: A graph-
theoretic perspective. Ecology, 82(5), 1205–1218. https://doi.
org/10.2307/2679983

Urban, D. L., Minor, E. S., Treml, E. A., & Schick, R. S. (2009). Graph mod-
els of habitat mosaics. Ecology Letters, 12(3), 260–273. https://doi.
org/10.1111/j.1461-0248.2008.01271.x

Walcott, J., Eckert, S., & Horrocks, J. A. (2012). Tracking hawksbill sea 
turtles (Eretmochelys imbricata) during inter-nesting intervals 
around Barbados. Marine Biology, 159(4), 927–938. https://doi.
org/10.1007/s0022​7-011-1870-9

Wasserman, S., & Faust, K. (1994). Social network analysis: Methods and 
applications. Cambridge University Press.

Webber, Q. M. R., & Vander Wal, E. (2019). Trends and perspectives on 
the use of animal social network analysis in behavioural ecology: 
A bibliometric approach. Animal Behaviour, 149, 77–87. https://doi.
org/10.1016/j.anbeh​av.2019.01.010

Webster, M. S., Marra, P. P., Haig, S. M., Bensch, S., & Holmes, R. T. (2002). 
Links between worlds: Unraveling migratory connectivity. Trends in 
Ecology and Evolution, 17(2), 76–83. https://doi.org/10.1016/S0169​
-5347(01)02380​-1

Wildermann, N. E., Sasso, C. R., Stokes, L. W., Snodgrass, D., & Fuentes, 
M. M. P. B. (2019). Habitat use and behavior of multiple species 
of marine turtles at a foraging area in the northeastern Gulf of 
Mexico. Frontiers in Marine Science, 6, 155. https://doi.org/10.3389/
fmars.2019.00155

Wirsing, A. J., Abernethy, R., & Heithaus, M. R. (2008). Speed and maneu-
verability of adult loggerhead turtles (Caretta caretta) under simu-
lated predatory attack: Do the sexes differ? Journal of Herpetology, 
42(2), 411–413. https://doi.org/10.1670/07-1661.1

Witt, M. J., Åkesson, S., Broderick, A. C., Coyne, M. S., Ellick, J., Formia, 
A., Hays, G. C., Luschi, P., Stroud, S., & Godley, B. J. (2010). Assessing 
accuracy and utility of satellite-tracking data using Argos-linked 
Fastloc-GPS. Animal Behaviour, 80(3), 571–581. https://doi.
org/10.1016/j.anbeh​av.2010.05.022

Wright, G., Gjerde, K. M., Johnson, D. E., Finkelstein, A., Ferreira, M. 
A., Dunn, D. C., Chaves, M. R., & Grehan, A. (2021). Marine spatial 
planning in areas beyond national jurisdiction. Marine Policy, 132, 
103384. https://doi.org/10.1016/j.marpol.2018.12.003

Wu, W., Feng, J., & Ou, M. (2018). Habitat network optimization using 
landscape functional connectivity: A case study of the little egret 
(Egretta garzetta) in the Su-Xi-Chang area, China. Acta Ecologica 
Sinica, 38(23), 8336–8344.

BIOSKETCH
Connie Y. Kot is an Associate in Research with the Marine 
Geospatial Ecology Lab at Duke University (https://mgel.env.
duke.edu). Her research focuses on analyzing species distribu-
tions, spatial and temporal patterns, linkages among animals, 
fisheries effort and bycatch, and relationships between protected 
species and the environment. She uses complex biogeographic 
data to better understand marine megafauna for conserva-
tion. Recent collaborative initiatives include the Migratory 
Connectivity in the Ocean (MiCO; https://mico.eco), the State 
of the World's Sea Turtles (SWOT; http://seamap.env.duke.edu/
swot), and the Ocean Biodiversity Information System - Spatial 
Ecological Analysis of Megavertebrate Populations (OBIS-
SEAMAP; http://seamap.env.duke.edu).

Author contribution: CYK, CC, SD, DCD, A-LH and PNH concep-
tualized the study; CYK, MSC, CC, SD, EF, SP, AFR, BPW and 
PNH contributed to the curation of the data; CYK performed the 
formal analysis, investigation and visualization, and prepared the 
original draft; DCD and PNH acquired funding and support; CYK, 
CC, SD, DCD, EF, BJG, A-LH, GCH, SMM, SP, BPW and PNH con-
tributed to the methodology; CC, DCD and PNH provided pro-
ject administration; SA, JA-S, DFAL, MA, GB, WRB, JMB, ACB, 
IB, AFC, PC, DC, MSC, AD, KD, NE, AF, MMPBF, JG, MHG, BJG, 
VGC, CEH, LAH, GCH, NH, SH, YK, YL, CPL-Q, GGL, ML-M, PL, 
JCM, DM, SMM, CMM, KM, AM, FGM, WJN, DMP, SHP, NJP, 
AJR, AFR, DPR, NJR, AGS-L, GS, JAS, EES, RTES, DS, JT, NV-C, 
NEW, MJW and AAZ-N contributed satellite tracking data re-
sources and metadata; and all authors reviewed and edited the 
manuscript.

SUPPORTING INFORMATION
Additional supporting information may be found in the online 
version of the article at the publisher’s website.

How to cite this article: Kot, C. Y., Åkesson, S., Alfaro-Shigueto, 
J., Amorocho Llanos, D. F., Antonopoulou, M., Balazs, G. H., 
Baverstock, W. R., Blumenthal, J. M., Broderick, A. C., Bruno, I., 
Canbolat, A. F., Casale, P., Cejudo, D., Coyne, M. S., Curtice, C., 
DeLand, S., DiMatteo, A., Dodge, K., Dunn, D. C., … Halpin, P. 
N. (2022). Network analysis of sea turtle movements and 
connectivity: A tool for conservation prioritization. Diversity 
and Distributions, 28, 810–829. https://doi.org/10.1111/
ddi.13485

 14724642, 2022, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ddi.13485 by T

est, W
iley O

nline L
ibrary on [09/12/2022]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1111/1365-2656.12056
https://doi.org/10.1111/1365-2656.12056
https://doi.org/10.3389/fmars.2018.00021
https://doi.org/10.3389/fmars.2018.00021
https://doi.org/10.3354/esr00818
https://doi.org/10.1111/j.1755-263X.2012.00260.x
https://doi.org/10.1111/j.1755-263X.2012.00260.x
https://doi.org/10.2307/2679983
https://doi.org/10.2307/2679983
https://doi.org/10.1111/j.1461-0248.2008.01271.x
https://doi.org/10.1111/j.1461-0248.2008.01271.x
https://doi.org/10.1007/s00227-011-1870-9
https://doi.org/10.1007/s00227-011-1870-9
https://doi.org/10.1016/j.anbehav.2019.01.010
https://doi.org/10.1016/j.anbehav.2019.01.010
https://doi.org/10.1016/S0169-5347(01)02380-1
https://doi.org/10.1016/S0169-5347(01)02380-1
https://doi.org/10.3389/fmars.2019.00155
https://doi.org/10.3389/fmars.2019.00155
https://doi.org/10.1670/07-1661.1
https://doi.org/10.1016/j.anbehav.2010.05.022
https://doi.org/10.1016/j.anbehav.2010.05.022
https://doi.org/10.1016/j.marpol.2018.12.003
https://mgel.env.duke.edu
https://mgel.env.duke.edu
https://mico.eco
http://seamap.env.duke.edu/swot
http://seamap.env.duke.edu/swot
http://seamap.env.duke.edu
https://doi.org/10.1111/ddi.13485
https://doi.org/10.1111/ddi.13485

