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A B S T R A C T   

In the last decades, interest in species distribution models (SDMs) has grown greatly. The descriptive and pre
dictive power of correlative SDMs is highly valued to meet the high demand for filling gaps in the spatial ecology 
of wide-ranging and elusive species, such as cetaceans and sea turtles, living in habitats that are technically 
challenging to survey and where the availability of high quality, unbiased data at appropriate spatial and 
temporal resolution is not straightforward. 

This study endeavours to offer a comprehensive global overview of recent advancements in modelling tech
niques within the realm of SDMs applied to cetaceans and sea turtles. Through a rigorous systematic review of 
295 research papers, we identified gaps in species and geographic coverage and highlighted the underrepre
sentation of biotic, anthropogenic, and water column variables. Our examination revealed a diverse array of 
modelling approaches, showcasing a notable preference for standard regression-based or machine-learning 
models, such as GAMs or Maxent, with Bayesian-based models emerging and experiencing growing development. 

Critical limitations and decisions in constructing and evaluating SDMs were discussed, proposing best prac
tices for future studies. Emphasis was placed on the importance of validating models using fully independent 
datasets, particularly in the context of conservationist studies. This work not only sheds light on the state of the 
field but also serves as a valuable tool for those interested in modelling the distribution of these magnificent and 
enigmatic animals, as well as other cryptic species, offering insights that can guide researchers in making 
informed decisions in the realm of SDMs.   

1. Background 

As highly mobile, long-lived vertebrates residing at the highest levels 
of marine trophic webs, cetaceans and sea turtles are pivotal for marine 
biodiversity. They serve as indicators of ecosystem health and produc
tivity (Katona and Whitehead, 1988), often referred to as ‘sentinels’ for 
ecosystem change (Aguirre and Tabor, 2004; Moore, 2008), or ‘um
brella’ species benefiting other species and the ecosystem (Mann, 2000). 
Many species are opportunistic feeders, interacting with the marine 
ecosystem in complex ways, and undertake extensive migrations be
tween feeding and breeding grounds. Particularly for cetaceans, 
research suggests an active role in nutrient cycling, transporting energy, 
nutrients and materials horizontally and vertically through the water 
(Estes et al., 2016), including faecal plumes and urine (Roman et al., 
2014). 

The cetacean group encompasses 89 known living species divided in 

two orders, odontocete (toothed whales) with 74 species and mysticete 
(baleen whales) with 15 species (Fordyce and Perrin, 2024). These 
creatures inhabit oceans globally, with mysticetes showing greater di
versity around 30◦ S and odontocetes around the tropical coasts (Pompa 
et al., 2011). Sea turtles consist of seven species within the superfamily 
Chelonioidea and family Cheloniidae, except for the leatherback turtle 
(Dermochelys coriacea), the only member of the family Dermochelyidae, 
and they are distributed across all oceans expect for the polar regions. 

Despite their ecological significance, these species face increasing 
threats from human pressures such as urbanisation, pollution and 
climate change. Examples of threats faces by these species include 
incidental catches, entanglement in marine debris, ship collisions, 
habitat loss, prey depletion, and noise disturbance. Also, climate-related 
changes potentially affect migration patterns and ecosystem structure, 
impacting future conservation (Grose et al., 2020). 

Cetaceans and sea turtles, as iconic and charismatic flagship taxa, 
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draw public, media, political, and scientific attention. Yet, due to their 
highly mobile nature, the extensive time spent underwater (Derville 
et al., 2018) and the difficult-to-survey environment in which they live 
(Redfern et al., 2006), obtaining high-quality, unbiased data at appro
priate spatial and temporal resolutions remains a challenge. As a 
consequence, most questions about their spatial ecology remain 
unresolved. 

In recent years, habitat-based or species distribution models (SDMs) 
have gained popularity in addressing this lack of knowledge and 
unravelling the spatial ecology of these species. 

These models establish links between species data and environ
mental factors, employing diverse methodologies. They may rely on 
statistically or theoretically derived response curves, aiming to best 
reflect the totality of species' ecological requirements, thereby revealing 
ecological processes and approximating the ecological niche (Guisan 
et al., 2017; Guisan and Thuiller, 2005; Guisan and Zimmermann, 
2000). 

Within the scientific literature, various terms such as ‘Species Dis
tribution,’ ‘Spatial Distribution’, ‘Habitat Suitability,’ ‘Ecological Niche 
Modelling’ and ‘Resource Selection Function’ are interchangeably used 
to describe models sharing the same quantitative foundation, although 
scope can slightly differ. This interchangeable use adds complexity to 
the understanding of existing approaches, models, and tools. While the 
concept of ecological niche remains central, the term “species distribu
tion” best captures the common focus of these models. For this reason, 
we will refer to these models collectively as SDMs (Species Distribution 
Models) in this paper. 

SDMs are grounded on ecological niche theory, where the ecological 
niche refers to the conditions for a species to survive and reproduce on 
its own (Grinnell, 1917) or the functional role of a species in a com
munity (Elton, 1927). SDMs also rely on Hutchinson's concepts from 
1957, distinguishing between the “fundamental niche”, representing the 
set of abiotic environmental conditions under which a species can persist 
indefinitely, and the “realised niche”, influenced by interactions with 
other species. In simpler terms, the realised niche is the overlap of 
conditions suitable for a species, considering abiotic conditions, the 
biotic environment, and accessible conditions based on movement and 
dispersal. 

Two primary SDM approaches exist: the mechanistic approach, 
which considers known tolerances to environmental conditions (e.g., the 
temperature range in which species can survive), and the correlative, or 
data-driven, approach, deriving species tolerances from the data itself. 
Because detailed physiological response data for cetaceans and sea 
turtles are lacking, correlative SDMs have been the primary choice for 
these species. Specifically, correlative SDMs utilize field observations of 
species occurrence to establish mathematical relationships between the 
observed locations and environmental variables (Jarnevich et al., 2015). 
This quantifies species response in environmental space, providing an 
approximation of the realised niche, or a portion of it, and then trans
ferring back this information in geographical space. In more detail, 
SDMs can serve various purposes: i) to develop hypotheses about the 
drivers of species distribution (“descriptive/ explorative”); ii) to predict 
the occurrence of the species/its suitable environmental conditions in 
unsampled locations across the study area (“predictive”); iii) to make 
predictions in separate areas or different periods, thus “projecting” the 
model in space and time (i.e., new study area, future or past climate 
scenario) (“projective”) (Guisan et al., 2017). 

Given the great need to fill gaps in the spatial ecology of highly 
mobile species such as cetaceans and sea turtles and to protect them 
from emerging anthropogenic threats, correlative SDMs represent a 
crucial step in improving knowledge of species ecology, conservation 
management and planning strategies. This array of models and ap
proaches may fulfil both ecological and conservation research needs, 
providing valuable insights into the distribution and habitat preference 
of these iconic marine species. However, due to the complexity and 
dynamics of marine ecosystems and the multiple spatial and temporal 

scales at which species-environment relationships occur, the choice of 
modelling approach and the decisions made during model development 
represent crucial steps that require careful evaluation. Inappropriate 
choices could lead to misleading results, ecological interpretations and 
conclusions, diverting attention from appropriate conservation actions. 
In this regard, providing a current overview of modelling approaches, 
detailing the decision made in the process, can greatly assist researchers 
interested in applying these methods to the study of cetaceans and sea 
turtles as well as to the broader field of marina fauna modelling. 

To comprehensively review SDMs for the distribution and habitat 
studies of cetaceans and sea turtles, we conducted a systematic literature 
search with a specific focus on correlative SDMs, and presented the main 
findings here. Previous efforts to summarise the state of the art in the use 
of SDMs include the work of Redfern et al. (2006), which referred only to 
cetaceans, and the works of Robinson et al. (2017) and Melo-Merino 
et al. (2020) referred to the marine realm in general. This paper en
deavours to provide an unbiased, up-to-date and comprehensive 
assessment of the current literature on this topic. We discuss the 
modelling process, focusing on the choices made during different pas
sages of model implementation, including the selection of environ
mental variables to represent the ecological requirements of cetacean 
and sea turtles' species. We also identify research trends and gaps and 
conclude by highlighting the strengths and limitations of each modelling 
approach, as well as suggesting future research directions in applying 
SDMs to these two specific taxonomic groups. 

2. Material and methods 

2.1. Modelling development steps, research questions and eligibility 
criteria 

The SDMs modelling process ideally follows five main steps (modi
fied after Guisan et al., 2017): 

1) Conceptualisation: identification of species, data collection and 
sampling design; 2) Data preparation: identification of available data 
for species and selection of ecogeographical variables (EGVs); 3) Model 
calibration: identification of the type of statistical model for the data 
and tuning; 4) Model validation: method used for validation, selection 
of appropriate metrics; 5) Model results: model final product, such as 
habitat suitability or density map, and its intended scope. 

According to this scheme, we formulated and defined the following 
research questions:  

i. Which species of sea turtles and cetaceans have been considered 
so far?  

ii. What type of occurrence data was used, and what methods were 
employed in its collection?  

iii. What kind of (correlative) modelling approaches have been 
applied?  

iv. Which environmental variables have been used as candidates in 
the models?  

v. What temporal and spatial resolution was chosen for the model?  
vi. Which validation method was used and which metrics were 

selected?  
vii. What is the main output for which these models were 

implemented?  
viii. What are the strengths, weaknesses and opportunities of each 

modelling approach? 

Based on these research questions, related eligibility criteria were 
then developed using the standard approach for research questions 
definition (i.e., Population, Intervention, Comparator - PIC framework, 
CEE, 2022, Table 1). 
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2.2. Search strategy 

To obtain comprehensive, balanced and accurate results, we con
ducted a systematic literature search in two academic databases (Web of 

Science and SCOPUS), curating specific search terms and synonyms and 
used Boolean operators and wildcards (asterisks) to account for word 
variants and plural forms. Additional information on search strategy are 
provided in the Appendix A along with Table S1 showing all the terms 
included in the final search. The literature search was conducted in 
January 2023 and considered all studies currently available in the two 
databases until 31 December 2022. We did not add any language filters/ 
restrictions to the search strategy developed so that scientific literature 
with an abstract in English but a full text in other languages was 
potentially included in the search. Except for conference proceedings, 
we did not include grey literature (technical reports, dissertations) 
because we wanted to limit our search to the most relevant and 
advanced scientific applications on the topic, given the extensive liter
ature already available. 

2.3. Screening process 

Screening was performed at three stages for efficiency: title, abstract 
and full text. The inclusion and exclusion criteria were aligned with 
those listed and descripted in Table 1, ensuring consistency throughout 
the screening process. To include abstracts and full text, all the criteria 
were applied and the reason for exclusion was reported. To check for 
inter-rater reliability in the inclusion criteria, two reviewers indepen
dently screened a subset (10%) of titles and abstracts for relevance 
against predetermined criteria before the screening process began. The 

Table 1 
Eligibility criteria concerning question key elements following the PIC 
framework.  

Question key elements Eligibility criteria 

Population (P):   

● Point location/occurrence data of 
Cetacean and/or Sea turtle species 

Included: True at-sea animal spatial 
occurrence/abundance data about at least 
one cetacean or sea turtle species collected 
in any area of the world. 
Excluded: spatial occurrences/abundance 
data on the terrestrial or inland waters (i.e., 
nests locations, riverine species); prey 
occurrences/abundances; stranding data; 
simulated occurrences. 

Intervention (I)   

● Application of correlative SDMs to 
spatial ecology 

Included: Any type of correlative SDMs 
which associate species occurrence with 
environmental predictors. 
Excluded: mechanistic models; expert 
knowledge-based models (i.e., Aquamaps). 

Comparators (C)   

● Type of correlative approach 
implemented 

Included: type of approaches; 
environmental covariates; evaluation 
metrics.  

Fig. 1. Flow Diagram resuming the searching, screening and synthesis process performed systematically according to criteria listed in Table 1.  
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Cohen's Kappa test measured a perfect agreement (k = 1, n = 100%) for 
both title and abstract screening. The Fig. 1 illustrates the flow diagram 
of the screening process. 

2.4. Meta data coding & data synthesis 

For all included publications the following data were extracted ac
cording to the five main steps of model implementation listed in 2.1. 
subparagraph: 1) Conceptualisation: Family, species, study area, type of 
data collected (e.g., visual, acoustic), methods used for data collection, 
sampling design, temporal range of dataset and research scope (i.e., 
conservation, methodological and pure/theoretical ecology); 2) Data 
preparation: Source of EGVs (e.g., in situ data collection or remotely- 
sensed/modelled data) and type of EGVs (i.e., sea water temperature, 
salinity, etc.); 3) Model calibration: type of data input (i.e., count data, 
presence/absence, presence only), seasonality (e.g., one season only, 
seasonal comparison, no seasonal comparisons), model grid size, model 
approach, (Additive models, Machine learning, Point process, Other), 
model type (i.e., RF, BRT, Maxent, GLMs, GAMs); 4) Model validation: 
strategy used for validation (internal or external evaluation), and spe
cific approach (i.e., Data partitioning, Cross-validation, Bootstrap, In
dependent dataset), type of evaluation metrics used (i.e., AUC, Kappa, 
TSS, other); 5) Model results: map of predicted habitat suitability/ 
probability of occurrence, map of projected habitat suitability/proba
bility of occurrence, risk maps, or any other map. As far as possible, the 
information extracted was organised into standard categories (see Ap
pendix A for greater details), then summarised in sections discussing the 
most important characteristics. No statistical analysis was conducted as 
the focus was on reporting implementation methods rather than a spe
cific outcome and the topics included were very heterogeneous. 

3. Results 

3.1. General patterns in publication 

In our analysis of 295 published articles, spanning from 2001 to 
2022, we observed exponential growth in publications (y = a(bx) where 
a = 0.76 and b = 1.25; R2 = 0.88, p-value<0.001), particularly in the last 
four years as shown in Fig. 2. The majority of papers focused on ceta
ceans, with limited and recent studies on sea turtles, published from 
2013 onwards. Geographical variations emerged in research efforts, 
with the North Atlantic, having the highest number of publications (n =
82, 28%), followed by the North Pacific (n = 65, 22%). Interestingly, a 

notable proportion (n = 40, 13%), despite its comparatively smaller size 
than to other marine regions, centred its focus on the Mediterranean. In 
contrast, the Southern and Arctic Oceans garnered less attention overall 
(n = 19, 6%). The same geographical patterns were consistent across 
taxa, although the Southern Ocean exhibited a higher prevalence of 
studies on mysticetes, while being underrepresented in odontocete 
research, as shown in Fig. 3. The Mediterranean region was specifically 
examined for odontocetes rather than mysticetes, as the only regular 
species of mysticete is the fin whale. The complete absence of sea turtle 
studies in polar zones, was attributed to the limited geographical range 
of the species, extending from tropical to subpolar regions. 

3.2. Conceptualisation (species, type of data, methods for data collection, 
design, temporal range and research scope) 

A total of 70 species belonging to 11 families were studied using 
SDMs. Among these, 12 and 51 species belong to the suborders Mysticete 
and Odontocete, respectively, and 7 species to the superfamily Chelo
nioidea (sea turtles). The families Dephinidae and Balaenopteridae were 
by far the most studied. The number of publications grouped by Sub
orders or Superfamily (for sea turtles), Families and Species are shown in 
Fig. 4A and B. As previously anticipated, sea turtles were underrepre
sented compared to cetaceans, constituting only 22 out of 295 publi
cations (7%). Most studies looked at multiple species simultaneously (n 
= 221, 75%), with only four studies focussing on both cetaceans and sea 
turtles. 

When preparing SDMs, assembling an appropriate species occur
rence dataset is crucial. The occurrence data used for distribution 
modelling were predominantly visual (n = 248, 84%), while only a 
minority came from the use of satellite tracking (n = 37, 13%) or 
acoustic recordings (n = 31, 11%). The percentages are calculated based 
on the total number of reviewed articles. To be correctly interpreted, it 
should be noted that a few studies utilised a combination of different 
data types, such as both visual and acoustic recordings (n = 18) or visual 
and tracking data (n = 3). In contrast, for sea turtles, most data were 
from satellite tracking devices (n = 12, 67%) rather than visual data (n 
= 6, 33%), as evidenced by Fig. 5A. The occurrence dataset, regardless 
of data type, mostly covered short to medium period of 2–5 years (n =
89, 30%) and 6–10 years (n = 77, 26%). A considerable proportion also 
covered long-term periods of 11–30 years (n = 64, 22%), but rarely 
spanned periods of >30 years (n = 20, 7%). For 9 studies (3%), however, 
no information was provided about the temporal range of the dataset as 
shown in Fig. 5B. 

Fig. 2. Number of publications sorted by articles that focus solely on cetaceans, sea turtles, or both, in one-year intervals ranging from 2001 to 2022. The dotted grey 
line indicates the median value of total publications per year, which is n = 11. 
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Visual data were mainly collected by the authors during in-situ 
dedicated surveys as evidenced in Fig. 6A (n = 177), primarily from 
boats (n = 118) and in a few cases from aircraft (n = 22) or land (n = 2). 
In the remaining cases (n = 24), a combination of data collected from 
different platforms (boats and aircrafts, land and boats or all three) was 
used. In some studies (n = 9), no information was provided on the 
observation platform used, or there was no observation platform, such as 
in the only study where occurrence data were collected during scuba 
diving (n = 1). Regarding methods used for visual data collection within 
in-situ dedicated surveys, the most commonly used method was the line 
transect (n = 113), conducted mostly in closing (n = 40) or passing mode 
(n = 17) or both (n = 7), although in many cases, this specific infor
mation was not provided (n = 49). Other methods included haphazard 
surveys (n = 31), focal follows (n = 8), point sampling (n = 5), and strip 
transect methods (n = 4), as presented in Fig. 6B. The in-situ dedicated 
surveys were mostly conducted along predetermined routes (n = 95), 
often following an equal coverage probability design i.e., each point in 
the study area has the same probability of being sampled (n = 63), as 
shown in Fig. 6C. In addition to dedicated surveys, occurrence data also 
originate from opportunistic in-situ surveys (n = 52), conducted mainly 
as part of other research activities aimed at different scientific scopes (n 

= 17) or during whale watching (n = 11), specific citizen science 
campaigns (n = 7), fishing activities (n = 7) or governmental coastal 
surveillance (n = 2). A final proportion of data came from open/ 
restricted access historical datasets (n = 53), in particular from data
bases (n = 29, with OBIS, the Ocean Biodiversity Information System, as 
the most used open-access platform) or scientific and grey literature 
searches (n = 12). Additionally, data were obtained from historical 
whaling records (n = 5), social media (n = 2) other sources such as 
scientific networks or government datasets (n = 8), or no specified 
sources (n = 2). 

Regarding acoustic data (n = 31, 10%) included in the model, they 
were mostly from in-situ dedicated surveys (n = 24, 77%), using towed 
hydrophone arrays (n = 13, 54%) or autonomous recorders fixed at 
certain stations (n = 9, 37%), or, in the case of only two studies, using 
acoustic buoys, as depicted in Fig. 6D. Methods followed both pre
determined (n = 10, design-based 42%) or no predetermined (n = 9, not 
design-based, 37%) routes/stations, while in 5 studies (21%) the infor
mation on sampling design was not provided. In a few cases only, data 
were taken during opportunistic in-situ surveys performed during fish
ing activities or other research activities (n = 3, 10%) or from open/ 
restricted access historical datasets and literature searches (n = 6, 19%). 

Fig. 3. Distribution of correlative SDMs studies worldwide applied to Mysticetes (A, total n. articles =119) Odontocetes (B, total n. articles = 194) and sea turtles (C, 
total n. articles = 22) taken from 295 articles published between 2001 and 2022 and considering that some papers modelled more than one species and taxa. 
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In the literature reviewed, models are mainly used to study the 
ecology of species (n = 180, 61%) or to address conservation issues (n =
175, 59%). A minority of the articles dealt with methodological aspects 
of model implementation or the comparison between different model
ling approaches (n = 70, 24%). A small proportion of the articles that 
addressed the conservation objective were aimed at assessing the risk 
from anthropogenic impacts (n = 35, 12%), particularly ship strikes (n 
= 23), fisheries/bycatch (n = 35), anthropogenic noise (n = 4) and 
marine litter (n = 3). 

3.3. Data preparation (source and type of ecogeographical variables) 

A variety of EGVs were employed to characterise the distribution of 
cetaceans and sea turtles. These variables were primarily derived from 
remotely sensed or modelled environmental data (n = 225, 76%), or a 
combination of remotely sensed and in-situ data (n = 48, 16%). 

Conversely, a minority of studies (n = 15, 5%) exclusively used in-situ 
data. In a small number of cases (n = 7, 2%), the source of the data 
was not specified. 

The EGVs encompass a diverse array of variables, including topo
graphic features of the seabed (n = 266, 90% of articles), physical (n =
245, 82%) and chemical properties of the water column (n = 185, 63%) 
as well as geographical factors (n = 171, 60%). Environmental, 
anthropogenic, and climate factors were incorporated in a compara
tively smaller percentage of the reviewed studies (n = 39, n = 23, n = 20, 
13, 8 and 7%, respectively, Fig. 7a). Generally, the categories of EGVs 
used exhibited similar patterns among cetaceans and sea turtles as evi
denced in Fig. S1. 

Among the EGVs, seawater temperature and bathymetry were the 
most commonly used, featuring in 271 (92%) and 260 (88%) of the 
reviewed articles, respectively. Notably, temperature measurements 
were primarily related to surface temperatures, with only a few articles 

Fig. 4. Number of studied groups sorted by Family (A) and circular barplot with the number of published articles (count) for species ordered within each family 
group (B). In both figures, each colour corresponds to a different Family; Capital letters stand for suborder/superfamily groups a = Mysticete, b = Odontocete, c =
Chelonioidea. 

Fig. 5. Number of published articles (count) using visual, tracking and acoustic data, sorted by taxa or in total (A) and the count of different temporal categories 
covered by the dataset (B). 
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explicitly considering bottom water temperature (n = 9, 3%) or tem
peratures at different depths (n = 14, 5%). The top ten most frequently 
used EGVs are illustrated in Fig. 7b and included bottom slope (n = 168, 
57%), chlorophyll-a concentration (n = 147, 50%), distance to the shore 
(n = 135, 46%), water salinity (n = 57, 19%), sea surface height (n = 57, 
19%), distance to bathymetric contours (n = 47, 15%), geographical 
coordinates (n = 44, 15%) and bottom aspect (n = 38, 13%). The 
complete list of EGVs and their frequency of use, sorted by taxa, can be 
found in Table S2. 

The EGVs used predominantly represented the uppermost layers of 
the water column, with fewer studies incorporating variables reflecting 
the seabed and deeper layers of the water column. Specifically, only 15% 
(n = 44) of studies considered variables including the third dimension in 
the model such as water temperature, current velocity and salinity at 
different depths and/or at the bottom. 

3.4. Model calibration (occurrence data, spatial resolution, modelling 
approach, model type) 

The predominant category of occurrence data used for modelling was 
“presence-pseudo absence/background data” (n = 125, 42%). This 
category involves the observed presence of animals and artificially 
generated or selected absence data, commonly referred to as back
ground data or pseudo-absence. The second category “Count/abun
dances”, includes discrete and continuous response variables such as 
counts of animals (0, 1, 2, 3, etc.) and species distribution abundances, 
which are used more or less equally. In contrast, “presence only” 

(without background/pseudo absences generated), and “presence- 
absence” were utilised to a lesser extent, as shown in Fig. 8. 

The most commonly employed spatial resolutions for grid creation 
fell into the “medium” (1–10 km) classes (n = 133, 51%), followed by 
the “fine” (100 m - 1 km) resolutions (n = 66, 25%). The other classes 
“very fine” (<100 m), “coarse” (10–50 km) and “very coarse” (>50 km) 
constituted a small proportion of the sample (n = 12, n = 38 and n = 7, 
corresponding to 5, 15 and 3%, respectively). The three most frequently 
used grid sizes included the 1 km grid (n = 40, 15%), followed by 10 km 
(n = 32, 12%) and 5 km (n = 23, 9%). In some articles, however, no 
information was provided on the spatial grid used (n = 35, 13%). We 
excluded from this results articles using modelling solely for descriptive 
purposes and considered only those producing spatial prediction/pro
jection output (n = 160, 61% above all reviewed articles). 

A minority of cases included in their modelling a comparison be
tween different seasons (n = 83, 28%), while most referred to one season 
only (n = 105, 35%) or did not consider seasonality at all (n = 107, 
36%). 

Regarding the modelling approaches, our results indicate that the 
most popular modelling approach is the regression-based approach (RB, 
n = 183, 62%), especially generalised additive models (GAM, n = 145, 
50%) and generalised linear models (GLM, n = 60, 20%). As evidenced 
in Fig. 8B, following closely are machine learning methods (ML), with 
Maxent being the most commonly used (N = 87; 30%). Other well- 
represented machine learning methods include Random Forest (RF, n 
= 27, 9%) and Boosted Regression Trees (BRT, n = 22, 7%). As shown in 
Fig. 9A, the use of the RB approach to modelling dates back to 2001, 

Fig. 6. Number of published articles (count) categorised by visual, acoustic and total data for the data source (A), methods used for visual dedicated surveys (B), the 
sampling design employed in dedicated surveys, whether along predeterminated routes or not, and whether following an equal coverage design (EQ coverage) or not 
(C), and the type of acoustic devices used in case of dedicated acoustic surveys (D). 
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while the first study used machine learning in 2007 with Classification 
and Regression Tree (CART), Discriminant Analysis and then with the 
integration of Maxent in 2010. Over the years, RB and ML approaches 
experienced a proliferation in usage, encompassing various innovative 
ML for both boosting and classification techniques that gained popu
larity later on (e.g, RF, BRT, GBM, ANN), or distance-based and enve
lope models (DIST-ENV) in 2001 and, more recently since 2018, the 
models based on point-processes (PPMs). Additionally, the ensemble 
modelling approach, where the results of different models are averaged 
(ENS, n = 34, 11%), has also increased since its first use in 2013. 

3.5. Model validation (internal/external validation strategy and metrics) 

Various strategies were employed for the internal/external valida
tion of the model with a predominant use of internal strategies (n = 174, 
59%). The most common internal strategy was “cross-validation” (CV), 
utilised in 84% of cases (n = 147). Among the CV methods, “k-fold” was 
most frequently used (n = 82, 56%), followed by “bootstrap” (n = 34, 
23%), “leave-one-out CV” (n = 19, 15%), “repeated split sampling” (n =
5, 3%) or “not stated/other CV” (including stratified monte carlo CV and 
spatial block CV, n = 13, 9%). Internal validation was also performed 
using “simple sample splitting” (n = 16, 5%) or “generalised CV” (n =
12, 4%), which does not require data partitioning into training and test 
datasets. Instead, it utilises a mathematical formula that considers the 
trajectory of fitting errors while varying the model's hyperparameters 
(Hastie et al., 2009). Regarding external validation strategies, only a 
minority of studies (n = 39, 13%) employed a fully independent dataset 
for model validation, either in addition to internal validation strategies 
(n = 22), or as the sole validation method (n = 17). Notably, a consid
erable number of studies did not use an explicit validation method to 
measure model performance or did not clearly state this in the text (n =
94, 32%) (category “not provided” in Fig. 10). 

A diverse set of validation metrics emerged from the analysis of 
studies performing model predictions (n = 260), with the most common 
displayed in Fig. S2. The Area Under the Receiver Operating Charac
teristic Curve (AUC-ROC curve) was the predominant choice (n = 144, 
55%). However, in many cases, the metrics used were not clearly stated 
or provided in the text (n = 59, 23%). Approximately half of the studies 
(n = 104, 40%) considered more than one validation metric simulta
neously to assess different aspects of model performance. Multiple 
software tools were employed for modelling, with a focus on R and its 
associated packages, and listed in Table S3. 

3.6. Model results 

The majority of model results consisted of species spatial predictions 
(n = 241, 82%), as opposed to species spatial projections (predictions 
outside the study area or time used to train the model, n = 35, 12%). In 
the remaining cases, no spatial predictions or projections were made, 
and modelling was conducted solely for descriptive purposes (n = 35, 
12%). 

As shown in Fig. S3, spatial predictions were predominantly used to 
generate maps of habitat suitability or species potential distribution (n 
= 189, 64%) and, to a lesser extent, to predict species densities (n = 61, 
21%). Similarly, when spatial projections were produced, the majority 
focused on generating maps of habitat suitability/potential distribution 
(n = 28, 9%), with a minority producing maps of projected densities (n 
= 7, 2%). Projections were primarily made through time (n = 23) rather 
than through space (n = 5). Lastly, a limited number of studies utilised 
the results of spatial modelling to produce risk assessment maps (n = 22, 
7%). 

Comprehensive list of included articles and the extracted informa
tion is accessible as a csv file in the Appendix B. 

Fig. 7. Studies (count) grouped for different EGVs categories and taxa (A) and 
most frequently used EGVs (only counts equal or >10 articles are shown) (B), 
lowercase letters within the centre of the circular plot represent EGVs cate
gories (a = biotic/ecological, b = chemical, c = environmental, d =

geographical, e = hydrodynamic, f = other, g = physical, h = temporal, i =
topographic). 

Fig. 8. Different categories of occurrence data with the corresponding number 
of published articles (count). 
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4. Discussion 

Our analysis suggests that Species Distribution Models (SDMs) 
applied to cetaceans and sea turtles have seen a remarkable increase in 
recent years, proving to be valuable tools to compensate for the lack of 

data on highly mobile species that move in dynamic and difficult-to- 
survey environments. The multitude of SDM studies focusing on these 
species has significantly advanced our understanding of the ecology of 
cetaceans and sea turtles in different areas of the world (e.g., Carman 
et al., 2019; Correia et al., 2019; Monsarrat et al., 2015). Moreover, 
some studies have proven instrumental in conservation efforts by 
identifying areas of ecological importance and particularly vulnerable to 
anthropogenic activities in different world oceans (e.g., Hunt et al., 
2020; Passadore et al., 2018; Trew et al., 2019; Zanardo et al., 2017). 
Several studies also played a crucial role in discussing methodological 
aspects that significantly contributed to the understanding and 
advancement of model implementation for these species (i.e., Ben
nington et al., 2020; Derville et al., 2018; Scales et al., 2017b; Virgili 
et al., 2018). However, our review identified several gaps. While the 
application of SDMs for cetaceans has significantly expanded, their 
utilisation for sea turtles remains limited, relying mainly on satellite tag 
data, which only represent population habitat preferences with large 
sample sizes (Sequeira et al., 2019). Even within cetaceans studies, there 
is a predominant focus on the same few species (e.g, bottlenose, short- 
beaked and Risso's dolphins and fin, sperm, humpback, blue, pilot 
whales), with the majority of studies concentrated in the northern 
hemisphere as observed for sea turtles as well. Furthermore, despite the 
diverse range of emerging modelling methods, the same few methods 

Fig. 9. Modelling approaches used in the examined articles (count) over the years (A): RB = Regression-based, ML = Machine-learning, DIST-ENV = distance based/ 
envelope, PPM = Point Process Models, ENS = Ensemble approach, OTH=Other approaches. Specific models implemented in reviewed literature (B): GAM =
Generalised Additive models; GLM = Generalised linear models; MARS = Multivariate Adaptive Regression Splines; MAXENT = Maximum Entropy model; RF =
Random Forest; BRT = Boosted Regression Trees; GBM = Generalised Boosted Models; ANN = Artificial Neural Networks; CART = Classification and Regression 
Trees; FDA = Flexible Discriminant Analysis; SVM = Support Vector Machine; LDA = Linear Discriminant Analysis; BNM = Bipartite Network modelling; QDA =
Quadratic Discriminant Analysis; ENFA = Ecological Niche Factor Analysis; BIOCLIM = BIOCLIM; LGCP-INLA = Log-gaussian Cox Process via Integrated Nested 
Laplace Approximation; LGCP-MCCM = Log-gaussian Cox Process via Markov Chain Monte Carlo; OTH-BHM = Other Hierarchical Bayesian models. 

Fig. 10. Strategies and methods used for model validation with the number of 
published articles (count); CV=Cross-validation; LOOCV = Leave-one-out CV; 
GCV = Generalised CV. 
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have predominantly been applied. Finally, a multitude of decisions that 
can be taken during the model development has emerged, without clear 
guidance. These gaps highlight untapped potential to expand SDM 
studies into different geographical areas, encompassing less studied 
species, and exploring emerging modelling methods. Urgency is 
emphasised for modelling clarification and standardisation to ensure 
consistency and reliability in outcomes. 

4.1. Issue with data collection and the challenge of defining “true” 
absences 

The first crucial step in the modelling process involves assembling an 
appropriate species occurrence dataset which will influence all the 
following modelling steps, including the selection of proper modelling 
techniques (Guisan et al., 2017). Based on our results, this was pre
dominantly achieved through dedicated effort-based field surveys, and 
to a slightly lesser extent, from opportunistic field surveys (e.g., whale 
watching, other research activities, or fishing) or the extraction of in
formation from existing databases that gather data from diverse sources 
such as social media records, whaling, and museum data. The choice of 
data type, source, and collection method significantly impacts the 
availability and reliability of “absence” data, a critical aspect in 
modelling. While presence data are more easily available, obtaining 
reliable absence data in the marine environment for highly mobile 
species is challenging (Fernandez et al., 2017), as evidenced by the 
prevalent reliance on presence-only data in our reviewed articles. For 
visual methods, for example, sampling an area at a specific time might 
imply absence, but this inference may not accurately represent the true 
absence of a species. Factors such as availability bias (animals are sub
merged), influenced by species dive duration and the proportion of time 
spent at the surface, and perception bias (animals are at the surface but 
not detected), affected by animal behaviour, group size and survey 
conditions (sea state, visibility), contribute to the intricacies of inter
preting absence. These challenges pose significant obstacles to subse
quent modelling processes (Fernandez et al., 2017; Guisan et al., 2017), 
especially if the scope is estimating species abundances (Hammond 
et al., 2021). At the same time, the presence of reliable absence data is 
crucial in modelling, theoretically enhancing the modelled relationships 
between species occurrence and environmental factors, thereby facili
tating more accurate assessments (Brotons et al., 2004; Wisz and Guisan, 
2009). 

In light of these considerations, dedicated surveys should be planned 
to minimise biases and accurately come as close as possible to the “true” 
absence, whenever feasible. One of the standard methods for dedicated 
surveys in our reviewed papers was the line-transect based on distance 
sampling, mostly used for collecting visual data and incorporating 
detectability functions in the models to correct associated detection and 
availability biases (Buckland et al., 2001). In addition to the method
ology employed in collecting data, the sampling design and the degree of 
“representativeness” of the sample are equally pivotal factors to be 
considered. This can be accomplished by improving the uniformity of 
sampling probabilities across the study area, thereby ensuring that 
survey efforts comprehensively cover diverse environments (Bao et al., 
2019; Thomas et al., 2010), mirroring the approach adopted in 
numerous reviewed papers. This precaution is necessary also to prevent 
bias towards easily accessible habitats, well-known utilisation areas, or 
other types of errors that usually occur in the case of haphazard/pref
erential surveys. This does not imply that data from non-uniform sam
pling cannot be integrated into a model but emphasises that such data 
come with a sampling bias that needs to be carefully considered in both 
the development of the model and its subsequent interpretation. 

In addition to visual methods, although limited, some studies focused 
on cetaceans have successfully integrated acoustic data collected 
through passive methods, such as towed hydrophone arrays (e.g., Pace 
et al., 2018, Pirotta et al., 2020, or albeit not included in reviewed ar
ticles Boisseau et al., 2024) or recorders placed at fixed stations (e.g., 

Frasier et al., 2021) into SDMs. These methods offer several advantages 
in studying especially cryptic, deep-diving species, such as sperm 
whales, beaked whales, and Risso's dolphins, which spend little time at 
the surface. In contrast to visual sightings, acoustic methods facilitate 
the detection of animals regardless of light and weather conditions 
(Marques et al., 2013), effectively mitigating both perception and 
availability biases for abundance estimation. Furthermore, advance
ments in automated techniques for detection and classification of ceta
cean signals have significantly improved the speed and accuracy of 
signal analysis (Usman et al., 2020; Usman and Versfeld, 2022). The 
limited number of SDMs studies based on acoustics might arise from the 
necessity of specialised and often expensive platforms and instruments, 
constraining the temporal and geographical range of their application 
and the amount of data. Furthermore, relying solely on acoustic data 
raises challenges as the instrument may fail to recognize the animal 
based on its position and depth, or given that the animal does not 
vocalise continuously, and it is challenging to accurately determine the 
number of individuals in an acoustically detected group (Lerebourg 
et al., 2023; Marques et al., 2013). As a consequence, also relying solely 
on acoustic data may fall short of accurately identifying true absences. A 
promising avenue for future modelling studies involves the exploration 
of a combined use of both visual and acoustic data, maximising the 
strengths of each method and overcoming their respective limitations, as 
done in the 6% of analysed studies (e.g., Frasier et al., 2021). 

Despite the prevalence of dedicated effort-based field surveys which 
could theoretically capture both species presence and absence, the 
considerable uncertainty regarding the true absence of species has led 
modelling studies included in our review to predominantly treat data 
prevalently as presence-only or, as a common strategy to overcome the 
lack of true absences, researchers often opted for the artificial selection 
of absences, commonly known as pseudo-absences or background 
points, to enhance model performance. Diverse strategies have been 
employed to identify points more likely to represent true absences, or at 
the very least, to avoid including presence points. These strategies 
include creating a buffer zone around the survey track and selecting 
locations distant from the point of presence (e.g. Bennington et al., 2020; 
Chatzimentor et al., 2021; Ham et al., 2021), or using cells without 
sightings but with the highest survey effort (e.g. Arcangeli et al., 2016; 
Passadore et al., 2018; Sprogis et al., 2018). Another approach involves 
using the presence of non-target but related species in the same dataset 
as the absence (known as the “target method”, e.g. García et al., 2022; 
Bonneville et al., 2021; DiMatteo et al., 2022). In other cases, absences 
were generated into regions of lowest suitability predicted from another 
model (e.g., Abrahms et al., 2019). For the studies employing satellite 
tracking data, where we know with certainty only the presence of the 
animal, absences were in some cases simulated through state space 
models, such as continuous time-correlated random walk (e.g., Pérez- 
Jorge et al., 2020; Reisinger et al., 2022; Scales et al., 2017a). 

It's worth noting that the terms ‘pseudo-absences’ and ‘background 
points’ are often used interchangeably, although distinctions exist. 
Specifically, ‘background points’ refer to randomly generated data that 
characterise the study area, encompassing potential locations where 
species sightings may occur (as defined by Phillips et al., 2009). On the 
other hand, ‘pseudo-absences’ represent data designed to mimic absence 
by selecting locations with minimised occurrence probabilities based on 
species ecology (Fernandez et al., 2022). Nevertheless, due to the 
improper use of the terms, we found it necessary to consider them 
collectively in this work. Considering the inherent complexity and the 
discussed challenges related to absence data in the ecological modelling 
of these species, there is a critical need to consolidate and summarise 
various approaches used in handling absence data and to advocate for 
consistent usage of terms in future studies. 

Although to a lesser extent compared to dedicated surveys, the data 
included in SDM modelling also comes from large databases or citizen 
science social media records. These data are typically collected in an 
unstandardised manner. However, in contrast to data from dedicated 
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surveys, they are abundant and have become increasingly available, 
thereby constituting promising data sources. Simultaneously, they 
exhibit poor quality, lack comprehensive metadata, and often originate 
from various sources, necessitating careful consideration due to several 
biases. These biases encompass uncertainty in species identification 
(resulting from the absence of expert-collected data), improper design, 
bias towards most accessible areas, low or unknown sample location 
accuracy, incomplete or uneven spatial coverage of the true distribution 
of a species, and the potential presence of spatial autocorrelation in 
sample locations (Guisan et al., 2017). All these biases must be evalu
ated and addressed, and a cautious interpretation of these data becomes 
imperative (Barve et al., 2011). 

4.2. The importance of including biotic, abiotic and anthropogenic 
variables 

Another integral aspect of SDMs involves the careful selection of 
environmental variables that are both spatially and temporally relevant 
to the site records of target species. In our comprehensive review, we 
extracted over 250 different candidate variables, predominantly derived 
from remotely sensed or modelled data rather than collected in the field. 
The extensive array of predictors utilised stems from the wealth of 
spatial environmental data services and platforms currently available 
(main platforms used are reported in Table S4). Regardless of the 
extensive set of available environmental variables, their selection de
mands careful consideration to ensure the accuracy and effectiveness of 
SDMs, acknowledging that animal movement represents a complex 
interplay of both abiotic and biotic factors, as eloquently articulated by 
Hutchinson, 1957. 

The distribution of cetaceans and sea turtles is largely shaped by the 
availability and abundance of prey. However, our findings indicate that 
models predominantly relied on abiotic variables (e.g., water tempera
ture, bathymetry, slope, chlorophyll-a, salinity, sea surface height), 
which indirectly relate to prey abundance, rather than incorporating 
direct variables associated with prey. This is due to the challenges of 
collecting prey data in the dynamic marine environment, especially at 
the relevant temporal and spatial scale where predators actively forage 
(Benoit-Bird and Au, 2003; Hyrenbach et al., 2000). However, even 
when prey data are available, challenges may arise from the temporal or 
spatial lags between predator and prey data, as well as between physical 
and biological processes in general (Redfern et al., 2006; Torres et al., 
2008). As a consequence, researchers often use abiotic variables as 
proxies for prey availability due to their ease of sampling (e.g., Abrahms 
et al., 2019; Becker et al., 2016; Escobar-Flores et al., 2013; Hazen et al., 
2017; Palacios et al., 2013; Palacios et al., 2019), potentially leading to 
an incomplete understanding of the complex biotic dynamics in the 
marine environment (Bennington et al., 2020). Including biotic data, 
would improve the performance of models for different cetaceans spe
cies at the local scale (Barlow et al., 2020; Bennington et al., 2020) and 
recent findings for terrestrial species also highlighted the significant role 
of biotic variables at the macro scale (Cosentino et al., 2023), chal
lenging the historical belief that their influence is limited to ecological 
processes at locale scale only (Guisan and Thuiller, 2005; Wisz et al., 
2013). 

To enhance accuracy, future modelling efforts should combine biotic 
and abiotic variables. This requires improving simultaneously data 
collection in prey and predators, facilitated by innovative technologies 
such as hydroacoustic backscatter (Barlow et al., 2020; Širović and 
Hildebrand, 2011), underwater video measurements (Bennington et al., 
2020), eDNA (Valsecchi et al., 2021; Zhang et al., 2023), and stable 
isotope sampling (McCormack et al., 2019). These advancements will 
help to realistically represent the spatial and temporal variability of both 
prey and predators at the proper scale. 

In addition to predation, other intricate biotic relationships such as 
association, competition, mutualism, and facilitation, may shape spe
cies' spatial patterns (Wisz et al., 2013) but these were rarely 

investigated in our reviewed studies, except for one study using a novel 
modelling framework, known as Joint Species Distribution Models 
(JSDM, Wilkinson et al., 2021). JSDMs seamlessly integrate into the 
classical SDM framework, allowing the exploration of correlation pat
terns across multiple taxa and their environmental responses; e.g. 
Astarloa et al. (2019) found a positive association between whales and 
seabirds in the Bay of Biscay during feeding, likely due to mutualistic 
associations. The scarcity of similar studies underscores the imperative 
for further exploration to unveil complex ecological processes related to 
cetaceans and sea turtles, such as predation, competition or mutualism 
with other taxa. 

The limited inclusion of environmental characteristics representing 
conditions at different depths, such as temperature or salinity sampled/ 
modelled at various bathymetric layers, and the reliance on data from 
surface layers (a two-dimensional approach) indicated that most studies 
overlooked the three-dimensionality of the seascape. This oversight may 
lead to an oversimplification of species responses, especially for ceta
cean species such as deep-divers (Guerra et al., 2022; Virgili et al., 
2022), which routinely use different depths for foraging. In the future, 
enhancing SDMs to incorporate both vertical and horizontal preference 
will better capture the full spectrum of habitat utilisation by both 
cetacean and sea turtles species. 

Despite the potential importance of human activities as drivers of 
distribution, their inclusion in current models is rare, highlighting 
another area that deserves more attention in future research. Notably, 
vessel traffic, fishing and aquaculture activities emerged from reviewed 
studies as factors influencing the spatial behaviour of our target species 
in various ways. For example, bottlenose dolphins are potentially 
influenced by the proximity of port complexes, fishing and shipping 
routes given the improved prey availability (Maricato et al., 2022), or 
attracted to areas close to aquaculture or fish farms, in response to likely 
higher nutrients and related increase in prey abundance (Bearzi et al., 
2016; Bonizzoni et al., 2019; Passadore et al., 2018). Fish farms, in 
particular, may attract wild fish by providing structure, a refuge from 
predators, and food resources with influences extending beyond the 
immediate vicinity of the farmed area (Machias et al., 2005). For fin 
whales, a significant decrease in call detections with increasing shipping 
noise emerged in offshore Irish waters (Ramesh et al., 2021) suggesting 
that this factor may have a role in shaping fin whale distribution. Recent 
availability of marine soundscape maps, including anthropogenic noise 
(e.g., Ho et al., 2024), could indeed be useful to consider the influence of 
this factor in SDMs analysis. For sea turtles, a study in Honduras by 
Wright et al., 2022, the only one to consider anthropogenic variables in 
their distribution modelling, traffic appeared to have no effect or clear 
causal relationship with hawksbill sea turtle distribution. However, 
additional research is essential in other regions and different sea turtle 
species, to fully understand this and other anthropogenic interactions. 

4.3. Temporal and spatial modelling resolutions 

The spatial extent of the study area and cell resolution used for 
spatial analysis may significantly impact model results (Guisan and 
Thuiller, 2005; Levin, 1992; Redfern et al., 2006). This influence arises 
from the spatial dependencies in species–habitat relationships (Redfern 
et al., 2008) and the wide-ranging spatial behaviour of most species. In 
cases where the study area is relatively small, spatial sexual segregation 
might hinder data, resulting in modelling outcomes that reflect the 
habitat selected by one type of social aggregation (Pace et al., 2018). 
Alternatively, species could select different habitats depending on the 
local conditions, making a geographically localised dataset unable to 
capture the full variability of the species preferences (Azzolin et al., 
2020). Also, the choice of cell resolution for modelling is not straight
forward. While fine to medium resolutions (1–10 km), prevalent in the 
reviewed studies, may appear advantageous for management, they can 
create a false sense of precision (Baines and Weir, 2020) and fail to 
represent essential long-range ecological processes (Baines and Weir, 
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2020; García et al., 2018) or introduce issues with data spatial auto
correlation. Simultaneously, too coarse resolutions may miss meso- and 
submesoscale scale oceanographic variability, such as locally and 
temporally enhanced favourable conditions (García et al., 2018). 

Temporal extent and resolution are other relevant factors to consider 
in the marine environment (Fernandez et al., 2017; Mannocci et al., 
2017; Scales et al., 2017b), strongly affecting model results, particularly 
for species influenced by variables with higher dynamism (i.e., blue, fin, 
sei whales, and various dolphin species). Long-term data, based on how 
long the species lives, may more effectively capture the environmental 
realised niche of a species and be more suitable for projecting it into the 
future (Guisan et al., 2017). While seasonality significantly influences 
cetaceans (e.g., Arcangeli et al., 2017) and sea turtles distribution, it is 
worth noting that several reviewed studies gathered data exclusively 
during a single season. This limitation introduces potential bias, as the 
observed patterns may be influenced by seasonal biological or ecological 
constraints specific to the species (Arcangeli et al., 2024). Concerning 
temporal resolution, different environmental variables can show sig
nificant variation over a range of timescale. While climatological time 
scale (seasonal or annual) might produce better distribution estimates of 
cetaceans (Mannocci et al., 2014), some studies conversely found that 
finer temporal resolution (daily, weekly, or at maximum monthly) 
produce better results (Becker et al., 2012, 2014; Forney et al., 2015; 
Scales et al., 2017b). Scales et al. (2017b) also suggested that predicting 
on the finest temporal scale and averaging those predictions, rather than 
averaging environmental data, may enhance model predictive capacity. 
In summary, the selection of an adequate temporal and spatial extent 
and resolution can be a complex issue and researchers must be aware of 
the scales of ecological processes and their relevance to the study's ob
jectives. This awareness should guide the sampling design, environ
mental data preparation, modelling approach, and ultimately, the 
breadth of ecological conclusions drawn from the study. 

4.4. The “best” modelling approach 

In the domain of scrutinised studies about species distribution 
modelling (SDM) for cetaceans and sea turtles, a plethora of method
ologies has emerged, leading to continual refinements in modelling 
techniques. Among the diverse approaches, regression-based methods 
were the earliest applied and, particularly the Generalised Additive 
Model (GAM), have predominantly emerged, with their applicability 
increasing over time. Although a preceding review identified Maxent as 
the most favoured model used for the marine realm at large (Melo-Me
rino et al., 2020), the overall preference for GAM can be attributed to the 
robust statistical theory on which regression-based model in general, the 
ease of interpretation and the greater flexibility in modelling different 
response variables types (binary, discrete, continuous) and suitability to 
analyse non-linear complex relationships, not requiring postulating a 
shape for the response curve from a specific parametric function (non- 
parametric) such as in GLM (Guisan et al., 2017). Furthermore, GAMs 
demonstrate effectiveness in handling temporal variation in distribu
tion. On the other hand, Maxent proved versatile and potent tool for the 
marine realm, as it necessitates relatively modest information, rendering 
it an efficient choice for modelling different species of cetaceans (e.g., 
Azzolin et al., 2018; Azzolin et al., 2020; Fernandez et al., 2018; 
Friedlaender et al., 2011; Gregorietti et al., 2021) and sea turtles (e.g., 
Zampollo et al., 2022). Maxent exhibits robust predictive accuracy even 
when dealing with diminutive or unequal sample sizes as for the case of 
elusive species or deep divers (Arcangeli et al., 2023; Arcangeli et al., 
2024; Pace et al., 2018). Its appeal is further heightened by the model's 
flexibility in construction, facilitated by the user-friendly interface of the 
software or developed R packages, enabling users to customise the 
model according to specific needs and available information, incorpo
rating “features classes” and a “regularisation multiplier” to find a 
proper trade-off between flexibility and overfitting (Muscarella et al., 
2014). The advantages of Maxent accounts for its widespread use, 

ranking as the second most applied model in our review, following GAM. 
Nonetheless, it is crucial to acknowledge certain limitations associated 
with both GAM and Maxent applications. GAMs, along with other 
regression-based models, assume additive relationships between pre
dictors, limiting their ability to capture complex, nonlinear and intricate 
interactions. On the other side, Maxent, specifically designed for 
presence-only data, necessitates different strategies to improve the 
representativeness of the study area and address sampling bias, such as 
selecting background points or generating pseudo-absences. Further
more, careful regularisation and parameter tuning are essential for 
Maxent, as default settings may lead to suboptimal model performance 
(Radosavljevic and Anderson, 2014). 

Among new promising approaches, Point Process models (PPMs) 
have emerged and have been increasingly applied to model presence- 
only data for cetaceans and sea turtles. Unlike standard regression 
methods, PPMs primarily focus on estimating and modelling the in
tensity function of the spatial location of observations, capturing spatial 
variability and providing a measure of uncertainty (Renner et al., 2015). 
PPMs have demonstrated proficiency in addressing main challenges 
linked to presence-only data, such as uncertainties related to irregularly 
sampled marine data, influenced by factors like weather conditions, site 
accessibility, and specific research objectives. PPMs prove particularly 
valuable when researchers need to integrate data from different sources 
to construct robust modelling (Martino et al., 2021; Pace et al., 2022). 
Additionally, PPMs may incorporate effort information to mitigate bia
ses arising from variations in sampling intensity or detection probabil
ities. Poisson-PPM models represent the simplest type, assuming a 
deterministic intensity function and independencies of spatial events. In 
contrast, Bayesian-based PPMs, like Log-Gaussian Cox Process Models 
(LGCP-PPMs), consider intensity as a stochastic process with a Gaussian 
distribution and incorporates spatial dependencies in the process, which 
is particularly relevant for modelling animals with grouping tendencies 
or specific avoidance behaviours such as cetaceans. Indeed, LGCP-PPMs 
have found successful application in the study of cetaceans, particularly 
in integrating multisource data, encompassing both acoustic and visual 
information and including detection functions and accessibility expla
nations to correct detection and sampling bias (Martino et al., 2021; 
Pace et al., 2022). On the other hand, the implementation of LGCP- 
PPMs, being based on a Bayesian approach where prior distributions 
need to be specified for model parameters to express uncertainty, is not 
straightforward, is case-specific, may be computationally costly, and 
requires a solid understanding of Bayesian statistics. Main advantages 
and disadvantages associated with models and approaches, are reported 
in Table S5. 

Finally, ensemble modelling is a popular approach that has gained 
traction over time, as it offers several inherent advantages. This 
approach is especially useful when the primary objective is to predict 
species distribution rather than merely describing species-environment 
relationships (Renner et al., 2015). Ensemble methods rely on a com
bination of different modelling techniques instead of depending on a 
single algorithm. They leverage the strengths of diverse models, miti
gating their weaknesses, thereby enhancing overall prediction accuracy 
and robustness. 

4.5. The cruciality of independence between training and testing datasets 

Although a model can never be absolutely “true,” the core of 
modelling is to discover the best-fitted model that closely approaches 
conceptual truth (Anderson and Burnham, 2002). This critical evalua
tion is undertaken during the validation phase, an essential step in the 
modelling process. Model processing indeed involves both calibration 
and validation phases, where presence sites are divided into two inde
pendent samples: the “training” dataset, used to build the model, and the 
“testing” dataset, used to assess the model's efficiency with a subset of 
data not employed for calibration (Guisan et al., 2017; Phillips et al., 
2006). 
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Among the various validation strategies that exist, differing in how 
data for validation are selected, our findings have indicated a predom
inant reliance on ‘internal’ validation strategies, where the data used for 
validation are selected from the same dataset used for constructing the 
model, particularly cross-validation strategies such as “k-fold”. This is in 
contrast to ‘external’ validation methods, where the model is evaluated 
with fully independent data. Internal validation practices, relying on the 
same data from the same area and period, introduce potential biases in 
estimating model performance due to a lack of full spatial and temporal 
independence. According to Araujo et al. (2005), internal validation 
with non-independent data always leads to an overoptimistic assessment 
of model performance. Therefore, the use of external validation methods 
becomes crucial, a step that was unfortunately taken in only a minority 
of the reviewed articles. Testing model accuracy with a fully indepen
dent dataset is considered the most robust method for assessing SDMs 
(Araujo et al., 2005; Guisan et al., 2017), and is essential especially for 
models intended for management applications to ensure SDMs become 
integral to decision-making processes. The constrained use of indepen
dent datasets most likely arises from the challenges and cost implica
tions associated with obtaining external data, especially considering the 
need for diverse approaches across various areas and periods to ensure 
true independence. A promising opportunity lies in taking data from 
standardised citizen science programs for validation, as suggested by 
Matutini et al. (2020). However, as suggested by the same authors, 
caution is advised in prefiltering this data type to ensure its reliability. 
Main advantages and disadvantages of each model validation strategy 
are reported in Table S6. 

In our review of model validation metrics, half of the examined 
studies relied on a single metric, and some even omitted the specifica
tion of the metric used, posing a challenge to achieving a comprehensive 
overview of metrics utilised. This indicates a need for improvement in 
metric selection and clarity. Aligning with the recommendation of 
Guisan et al. (2017), best practice involves incorporating multiple 
validation metrics when assessing model performance to ensure the 
integration of different aspects of the model's predictive capabilities: i.e., 
the extent to which a model correctly predicts the conditional proba
bility of presence (calibration) and the ability to distinguish between 
occupied and unoccupied sites (discrimination). It is interesting to note 
that our research has shown a greater emphasis on discrimination 
metrics, such as AUC-ROC, or those derived from two-way contingency 
tables comparing presence-absence observation to primary predictions 
(TSS, Cohen's Kappa, Sensitivity, Specificity, Accuracy and Precision). In 
contrast, there appears to be comparatively less emphasis on calibration 
metrics like Brier score. Of course, when choosing metrics, it is essential 
to consider the type of response variable being modelled, whether 
qualitative, quantitative, or semi-quantitative (as illustrated in 15.1 of 
Guisan et al., 2017). While Table S7 is not exhaustive in terms of all 
utilised metrics in research for cetaceans and sea turtles, it can provide 
valuable assistance in understanding most commonly used metrics. 

4.6. Main issues in projecting in time and space 

The projection of spatial predictions across different areas and time 
periods, encompassing both historical and future scenarios, remains a 
challenging endeavour with few studies having undertaken the process 
so far. This is despite the significant potential for projection modelling to 
address research priorities for sea turtles and cetaceans, such as under
standing the impact of climate change on the location and extent of their 
suitable habitats both at sea (Reisinger et al., 2022; Torres et al., 2013) 
and, for sea turtles, at nesting sites as well (Mancino et al., 2022; 
Mancino et al., 2023), or addressing other conservation-related issues 
such as dynamic spatial planning (Becker et al., 2012; Barlow and 
Torres, 2021). The limited application of the projection modelling arises 
from the complex nature of the process, requiring careful consideration 
in both execution and interpretation due to various interconnected is
sues. Some of these challenges are due to the highly dynamic nature of 

cetaceans and sea turtles, as well as their variability in response to 
environmental changes, which force models deviating from the theo
retical assumption of a stable niche over time and species being in 
equilibrium with climate (Guisan et al., 2017). In reality, marine species 
may undergo range shifts, adapt to new conditions, colonise new suit
able areas or exhibit niche shifts in response to changing environments 
(e.g., Arcangeli et al., 2023; Mancino et al., 2022), and neglecting to 
account for these dynamics can result in inaccurate projections. For 
instance, when projecting into the future, a long-term or historical 
dataset may more effectively capture the environmental realised niche 
of a species, potentially resulting in more accurate projections (Guisan 
et al., 2017) compared to shorter-term data. Also, simplifying the model 
by including fewer but relevant variables could enhance results 
compared to incorporating too many variables and related uncertainties. 
Another significant obstacle to projecting even well-fitted SDMs to 
future scenarios is the lack of data availability for the most ecologically 
meaningful predictors (Austin and Van Niel, 2011) at the proper spatial 
resolution, along with uncertainties associated with projected climate 
variables (Stoklosa et al., 2015), which may propagate into the 
projections. 

All the gaps emerged from the analysis of reviewed articles along 
with related opportunities in Table 2. 

4.7. Emerging trends in SDMs: insight from most recent literature 

Findings from the latest 55 publications on SDMs between January 
2023 and May 2024, using the same methodology, confirmed the di
versity of models and approaches already identified by our previous 

Table 2 
Analysis of gaps and opportunities identified at each stage of the modelling 
process.  

Model development Gaps Opportunities  

1. Conceptualisation  • Existing studies 
predominantly 
concentrate on 
cetaceans, particularly 
Delphinidae and 
Balaenopteridae;  

• Many studies focused on 
one season only;  

• Few studies using data 
collected through passive 
acoustic surveys.  

• Extend modelling 
efforts to include less- 
studies species in less- 
studies areas;  

• Incorporate additional 
seasons to include 
habitat relationships 
that are not seasonal 
dependent;  

• Enhance non-invasive 
methods (i.e., passive 
acoustic surveys).  

2. Data preparation  • Lack of consideration for 
biotic, anthropogenic 
and water-column 
variables.  

• Incorporate a more 
comprehensive set of 
variables describing all 
relevant ecological and 
anthropic processes, 
including third 
dimension of seascape;  

• Creating an expert 
approved catalogue of 
environmental datasets.  

3. Model calibration  • Lack of clarity in 
generating pseudo- 
absences/background 
points.  

• Provide a summary 
detailing strategy to 
appropriately account 
for absence.  

4. Model validation  • Prevalence of internal 
validation strategies;  

• Lack of clarity on how 
model was validated.  

• Incorporating external 
strategies in the 
validation process using 
data from different 
source, including citizen 
science datasets.  

5. Model results  • Limited studies 
projecting spatially and 
temporally, despite the 
significance of the 
projection process for 
these species.  

• Improve testing of 
projection 
methodologies;  

• Utilize long-term/ 
historical data to project 
into future scenarios.  
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analysis. However, while regression-based models remain prevalent (n 
= 23), there was an increased use of machine learning techniques (n =
22), particularly Maxent, and, although limited, deep learning strategies 
(e.g., neural networks, Cazau et al., 2023), likely suggesting a shift to
wards machine learning methodologies (Maglietta et al., 2023). Another 
notable trend was the increased incorporation of anthropogenic vari
ables in modelling to assess the influence of human activity on species 
habitat use, especially related to fishing and boating activities (n = 7 
studies; e.g., Díaz López and Methion, 2024). 

Additionally, there was discernible integration of predictive models 
within marine spatial planning and dynamic ocean management (e.g., 
Welch et al., 2024). In particular, dynamic management is an emerging 
strategy, involving continuously updating the management of marine 
resources to adapt to changing environmental conditions, wildlife- 
human interactions, socioeconomic factors, and management prior
ities. This innovative approach entails identifying dynamic focal marine 
areas and developing flexible strategies in space and time, positioning as 
the future of marine resource management. The list of papers can be 
found as csv file in Appendix C. 

5. Criticalities and best-practices for future studies 

As highlighted by the results from this review, despite regression- 
based models having been unequivocally the most utilised in the last 
decades, there is an observable trend towards the increasingly wide
spread adoption of diverse machine learning approaches. This is 
attributed to their superior capacity to handle complexity, flexibility, 
prediction ability and the expanding computational capabilities that 
now enable the execution of models that were previously considered 
computationally troublesome. Bayesian statistical approaches are also 
beginning to be used for their ability to account for uncertainty and 
facilitate data integration from diverse sources. However, the statistical 
intricacy still constrains the flexibility and widespread use of these new 
tools. All these new approaches revealed particularly valuable for spe
cies with limited available data and considerable unknowns such as 
cetaceans and sea turtles. 

Despite the proliferation of available methodologies, there is no 
universally recognised ‘best’ SDM approach. Instead, the most suitable 
SDM model is the one that can be effectively adapted to the unique 
characteristics and goals of each study. The choice of model type and the 
degree of complexity should be carefully considered about the type, 
quality and quantity of available data (response and predictors vari
ables), the sampling design, the distribution of effort, the temporal and 
geographical scale, the characteristics of the species being modelled, the 
complexity of the model depending on the specific research questions, 
the intended application and the computational resources available 
(Arcangeli et al., 2024; Robinson et al., 2017). 

Further, the analysis of scientific literature revealed a notable am
biguity in the use of modelling terminology and in the decision-making 
process at each stage. These decisions seem not to be thoroughly 
assessed based on the specific case but rather appear to be inspired by 
previous works, resulting in a replication of modelling choices. Addi
tionally, we have noted that highly prolific research groups tend to 
replicate these modelling decisions across different cases, indicating a 
preference for a familiar approach, potentially overlooking consider
ations more tied to the specific case. Researchers should maintain an 
awareness of the inherent limitations of their chosen model and not 
become overly attached to a singular approach. Rather, the ability to 
critically evaluate and consider alternative methodologies when neces
sary is paramount, especially in the field of conservation biology. This 
stresses the importance of enhancing awareness regarding the implica
tions of modelling choices. The modelling landscape remains complex, 
primarily due to its diversity, with no clear guide for systematic ap
proaches owing to the inherent intricacies of studying the marine 
environment. 

A notable obstacle hindering the advancement of a standardised 

modelling framework is that, in most instances, the selection of models 
is primarily influenced by the characteristics of the available data rather 
than the specific attributes of the species under investigation or the 
research objectives. This tendency, as thoroughly discussed, arises from 
the logistical challenges associated with observing species and collecting 
data in open seas which determine the scarcity of reliable data, espe
cially species “absence” data, influencing all aspects of model processing 
and results. Consequently, in the marine environment, it is the type and 
quality of the available data that determine the selection of the model 
and the other steps, rather than the other way around, following a 
convoluted workflow which is necessarily case-specific. Therefore, the 
availability of presence-only data and the lack of ‘true absences’ can be 
addressed using modelling methods proficient in handling this type of 
data, such as machine learning techniques, or selecting/randomly 
generating pseudo-absences, or incorporating uncertainties associated 
with data collection within a Bayesian-framework, such as in some 
PPMs. In contrast, if presence- “true” absence or count/abundance data 
are available they preferentially may lead to the application of tradi
tional statistical models such as regression and to a lesser extent, ma
chine learning along with a few other approaches. If count data or 
abundance estimates are based on well-designed dedicated surveys, 
accounting for perception and availability bias, they could also be used 
to predict abundances, or if certain assumptions are met, even project 
them in different areas or periods. Also, the temporal and spatial extent 
of the available data yields diverse results: when data include sufficient 
temporal resolution, the choice of models and variables capable of 
capturing seasonal, monthly, or even daily dynamics becomes viable, 
thereby improving the detail of the model and providing information on 
species dynamics. Moreover, the availability of long-term data facilitates 
the study of species dynamics over time, enabling the formulation of 
future projections. Finally, the selection of the validation strategy is 
largely determined by the study's objectives: internal validation may be 
suitable for descriptive purposes or preliminary results, while in the 
context of informing conservation planning, it is highly recommended to 
independently validate the data using external sources. A condensed 
overview of the model-building process here described is summarised in 
Fig. 11. 

The effort undertaken within this review represents the initial step 
towards establishing more effective and standardised methodologies 
and guidance for modelling the distribution of these highly dynamic 
species. This standardisation process is particularly relevant within the 
context of conservation and long-term data collection programs, which 
consistently gather new data. Finally, it will facilitate us to deepen our 
understanding of these magnificent and mysterious animals and to apply 
this knowledge towards their conservation within a dynamic ocean 
management framework, particularly in response to rapid environ
mental changes. 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.ecoinf.2024.102700. 
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Robinson, Néstor M., Nelson, Wendy A., Costello, Mark J., Sutherland, Judy E., 
Lundquist, Carolyn J., 2017. A systematic review of marine-based species 
distribution models (SDMs) with recommendations for best practice. Front. Mar. Sci. 
4 https://doi.org/10.3389/fmars.2017.00421. 

Roman, J., Estes, J.A., Morissette, L., Smith, C., Costa, D., McCarthy, J., Smetacek, V., 
2014. Whales as marine ecosystem engineers. Front. Ecol. Environ. 12 (7), 377–385. 
https://doi.org/10.1890/130220. 

Scales, K.L., Schorr, G.S., Hazen, E.L., Bograd, S.J., Miller, P.I., Andrews, R.D., Falcone, E. 
A., 2017a. Should I stay or should I go? Modelling year-round habitat suitability and 
drivers of residency for fin whales in the California current. Divers. Distrib. 23 (10), 
1204–1215. https://doi.org/10.1111/ddi.12611. 

Scales, K.L., Hazen, E.L., Jacox, M.G., Edwards, C.A., Boustany, A.M., Oliver, M.J., 
Bograd, S.J., 2017b. Scale of inference: on the sensitivity of habitat models for wide- 
ranging marine predators to the resolution of environmental data. Ecography 40 (1), 
210–220. https://doi.org/10.1111/ecog.02272. 

Sequeira, A.M., Heupel, M.R., Lea, M.A., Eguíluz, V.M., Duarte, C.M., Meekan, M.G., 
Hays, G.C., 2019. The importance of sample size in marine megafauna tagging 
studies. Ecol. Appl. 29 (6), e01947 https://doi.org/10.1002/eap.1947. 
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