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Abstract

(1) The rapid expansion of offshore wind energy raises concerns about potential impacts on marine wildlife, yet development
often outpaces the capacity for ecological assessment. Data-limited species in offshore environments are particularly chal-
lenging to monitor, constraining the ability to evaluate potential risks and design evidence-based management strategies
across large marine areas. (2) We present a novel, scalable framework based on ensemble machine learning methods, includ-
ing shallow neural networks, to predict species distribution across extensive, data-limited marine systems. By combining mul-
tiple algorithms with high-resolution environmental predictors, the framework reduces model-specific bias, improves predic-
tive reliability, and generates transparent, reproducible spatial predictions of species occurrence. This integrative approach
demonstrates how heterogeneous and non-traditional data streams can be formally combined to inform applied ecological
decisions. (3) We demonstrate the framework using Atlantic Sturgeon (Acipenser oxyrinchus), a long-lived, highly migratory
species of conservation concern, by leveraging cooperative acoustic telemetry detections to predict distributions at ~1 km?
resolution across more than 620 000 km? of northwest Atlantic continental shelf waters. The approach explicitly accounts for
dynamic habitat use and seasonal movements, providing a realistic representation of the species’ spatial ecology in areas of
limited observational coverage. (4) In the context of expanding offshore development and other emerging ocean uses, map
outputs from these models function as ecological triage tools, providing early, defensible predictions to prioritize monitoring
and help to allocate survey resources across areas of varying predicted risk. Importantly, the approach avoids the longstand-
ing tendency to interpret data gaps as evidence of negligible risk, supporting precautionary and adaptive decision-making
to better inform management under constrained conservation resources. (5) Synthesis and applications. The framework is
modular and broadly transferable, applicable to other taxa, regions, and regulatory contexts, and readily accommodates new
data as monitoring coverage grows. Embedding ensemble-based predictions within existing regulatory processes enhances
transparency, defensibility, and ecological realism of offshore impact assessments. By linking predictive models directly to
monitoring and management decisions, this approach supports adaptive, evidence-based stewardship of marine resources in
an era of rapid offshore development, increasing human ocean use, and escalating conservation pressures.

Keywords Atlantic Sturgeon, ensemble species distribution models, machine learning, acoustic telemetry, offshore wind energy, marine spatial plan-
ning, conservation decision support

Introduction

The accelerated commercialization of offshore wind energy (OWE)
has prompted significant concerns for marine wildlife (Akhtar et al.
2022). As global capacity of OWE is projected to increase rapidly in
the coming decades (von Jouanne et al. 2025), there is an urgent
need to develop and apply data-driven approaches capable of
guiding management and conservation responses to commercial-
scale development (Williams et al. 2024, Isaksson et al. 2025).
However, despite major industry and policy investment in off-
shore renewable energy, the autecology of many species within
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prospective development areas remains poorly understood, and
even basic ecological data on species occurrence and distribution
needed to develop effective management and mitigation strate-
gies are often lacking (Watson et al. 2024). Critical data gaps re-
garding the potential for spatiotemporal overlap between OWE
and marine wildlife are further exacerbated by the logistical and
financial challenges of monitoring cryptic and highly migratory
populations across vast, heterogeneous marine environments.
Because policy decisions often precede the availability of ecolog-
ical data, practitioners are frequently required to rely on sparse,
outdated, or uncertain information (Gill et al. 2024). Address-

© The Author(s) 2026. Published by Oxford University Press on behalf of International Council for the Exploration of the Sea. This is an Open Access article distributed under the terms of the
Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original

work is properly cited.

920z 8unp g| uo Jasn Aiojeioge] [euoneN 1SeMyLIoN ouoed Aq €1/6698/1600esl/9/cg/a10nie/swlsaol/wod dno olwapeoe//:sdny wolj papeojumoq


https://doi.org/10.1093/icesjms/fsag091
https://orcid.org/0000-0001-6729-5868
https://orcid.org/0000-0002-0214-6156
https://orcid.org/0000-0001-5880-2282
mailto:ecingram@alaska.edu
https://creativecommons.org/licenses/by/4.0/

ing these limitations through targeted monitoring and integrative
data analysis is essential to avoid regulatory mismatches as OWE
development continues to outpace effective conservation mea-
sures (Boehlert and Gill 2010, Bailey et al. 2014).

In the United States (US), ambitious clean energy targets, to-
gether with favorable federal and state policies (e.g. offshore leas-
ing programs and renewable energy incentives; Amaral 2024),
have driven recent growth in the OWE market (Alola and Akadiri
2021, USDOE 2023). While the pace of development has fluctu-
ated in response to broader policy and administrative priorities,
candidate sites for OWE projects have been identified through-
out the waters of the US Outer Continental Shelf (OCS), with ac-
tive commercial leases and near-term operations primarily con-
centrated in the Northeast- and Mid-Atlantic OCS regions (Table
S1, Supplemental Materials). As OWE projects already under con-
tract or in construction across the US OCS continue to scale up
to meet renewable energy demands, the evaluation of ecologi-
cal effects across the entirety of these sites has become a neces-
sarily complex undertaking. Although stressors to marine ecosys-
tems and fauna are expected during all phases of OWE develop-
ment (Bergstrom et al. 2014), the lack of scale-appropriate eco-
logical data necessary to identify and mitigate potential resource
conflicts, and the challenge of obtaining such data on a site-by-site
basis across broad areas of poorly monitored marine habitat can
impede robust impact assessment for both conservation and in-
dustry objectives, and may result in substantial delays in the con-
senting process (Boehlert and Gill 2010, Gill et al. 2024).

In this context, recent reviews have emphasized the impor-
tance of spatial and temporal considerations when evaluating
the effects of OWE development on marine fauna (e.g. Galpar-
soro et al. 2022, Thomassen et al. 2025). While negative ecolog-
ical and environmental impacts resulting from operational wind
farms are putatively shaped by localized conditions (Bergstrom
et al. 2014), continuing technological and engineering advance-
ments (e.g. the deployment of larger turbines, floating platforms,
and deeper-water installations), coupled with aggressive near-
term goals, are expected to substantially expand the areal extent
and geographic footprint of development (Beiter et al. 2022). As
OWE arrays expand in size and density, the area of influence of in-
dividual projects may increasingly overlap, potentially generating
cumulative or synergistic ecological effects. Yet, the evidence base
needed to evaluate impacts across these broader and more com-
plex spatial scales remains limited. Although some studies have
provided valuable localized insights (e.g. Ingram et al. 2019), com-
prehensive efforts to assess ecological impacts have largely been
eclipsed by the rapid expansion of OWE. Consequently, much of
the available evidence remains fragmented and insufficiently ro-
bust to support extrapolation across regions or taxa, limiting its
usefulness for timely statutory consultations or impact assess-
ments. The ability to systematically collect and integrate ecologi-
cal data across multiple scales is therefore critical to closing exist-
ing knowledge gaps, anticipating potential impacts, and support-
ing informed planning and decision-making across the OCS (Gill
2005, Gill et al. 2024, Watson et al. 2024).

Species distribution modeling (SDM) has emerged as an essen-
tial correlative-predictive approach and a critical tool for address-
ing ecological and management challenges associated with data-
limited marine species and habitats (Robinson et al. 2017). SDM
approaches enable researchers to link species occurrences with
environmental predictors at ecologically relevant scales, provid-
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ing actionable insights into patterns of biodiversity and informing
a wide range of management applications. These models are par-
ticularly valuable for their high discriminatory performance and
their ability to extrapolate species distributions across unsam-
pled or novel environments (Martinez-Minaya et al. 2018, Qazi et
al. 2022). While occupancy models (MacKenzie et al. 2002) offer
a complementary framework that explicitly accounts for imper-
fect detection through structured repeated-survey designs, their
application relies on key assumptions, including population clo-
sure within sampling periods and the availability of standard-
ized repeat surveys, which are difficult to satisfy for highly migra-
tory species across large marine extents, particularly where oc-
currence data are opportunistic. In contrast, SDMs are well suited
to modeling species-environment relationships from presence-
only occurrence data at broad spatial scales (Elith and Leathwick
2009), aligning with predictive objectives in spatial ecology. Fur-
thermore, spatial products derived from SDMs, such as predictive
spatial maps, are widely used in conservation planning and envi-
ronmental impact assessments (Sofaer et al. 2019, Winship et al.
2020). As such, SDMs represent a versatile and increasingly indis-
pensable tool for anticipating species responses to environmental
change and guiding evidence-based decision-making across di-
verse ecological and management contexts.

The integration of machine learning methods, including shal-
low neural networks, into SDM frameworks has substantially
enhanced model flexibility and predictive performance relative
to traditional regression-based methods, which are often con-
strained by sample size requirements or assumptions of linearity
(e.g. Lee etal. 2022, Vasconcelos et al. 2024). These advancements
are now supported by increased data availability, broader data
sharing, enhanced computational power, and algorithmic inno-
vations, enabling machine learning methods to capture complex,
nonlinear species-environment relationships across large and di-
verse datasets that were previously difficult or impossible to ana-
lyze. Ensemble modeling approaches further enhance predictive
performance and reduce biases inherent in individual algorithms
by combining outputs from multiple models into a consensus pre-
diction (Araljo and New 2007, Marmion et al. 2009). Such ap-
proaches not only improve predictive reliability but also align with
emerging principles of sustainable modeling, maximizing knowl-
edge gain per unit of computational and data input while minimiz-
ing redundancy and ecological uncertainty (Bodner et al. 2020, Ni-
jkamp etal. 2024, Ukoba et al. 2025). Despite the widespread use of
SDMsin terrestrial and coastal systems, the application of machine
learning-based ensemble species distribution modeling (ESDM)
approaches at spatiotemporal scales required for offshore ma-
rine planning remains largely unexplored. Extending these meth-
ods to offshore environments represents a novel and potentially
transformative step toward generating robust, spatially explicitin-
sights that can directly inform conservation planning and resource
management in increasingly exploited seascapes (Robinson et al.
2017).

To demonstrate the application of a machine learning-based
ESDM framework for predicting species habitat extent across
marine areas allocated for development under realistic, data-
limited conditions, the Atlantic Sturgeon (Acipenser oxyrinchus,
Acipenseridae) was used as a focal species. In the US, Atlantic
Sturgeon are long-lived, anadromous fishes that undertake ex-
tensive marine migrations and may seasonally occupy areas of
the Atlantic OCS currently designated for OWE development (e.g.
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Figure 1 US Atlantic Outer Continental Shelf study site. (a) Unique Atlantic Sturgeon detections (n = 845, blue squares). (b) Planned offshore wind lease
sites (red polygons, see Supplementary Table S1). Hatched area indicates the study site; inset shows US location.

Stein et al. 2004a, b, Dunton et al. 2010, Breece et al. 2017, Mel-
nychuk et al. 2017, Ingram et al. 2019, Rothermel et al. 2020).
The species is federally listed as distinct population segments
(DPS) under the US Endangered Species Act (ESA) and is sub-
ject to coordinated management, with ongoing efforts focused
on mitigating bycatch and protecting designated critical habitats.
Despite these regulatory safeguards, substantial uncertainty re-
mains regarding the species’ marine distribution, migratory cor-
ridors, and potential exposure to offshore infrastructure. Evalu-
ating spatial overlaps between Atlantic Sturgeon and OWE sites
provides a basis for identifying areas of high risk, directing con-
servation and management efforts, and supporting compliance
with statutory and regulatory requirements, including those es-
tablished under federal endangered species and environmental
review frameworks. However, research efforts have focused pri-
marily on riverine and nearshore waters, and spatiotemporal habi-
tat use throughout their marine range remains poorly understood
(reviewed in Hilton et al. 2016). As a result, existing monitoring
data rarely align with management-relevant spatial and tempo-
ral scales, potentially underestimating offshore habitat use and
delaying timely management responses to ongoing or emerging
threats.

The ESDM framework was applied to identify key patterns of At-
lantic Sturgeon habitat use and management priorities. This inte-
grative approach combines high-resolution telemetry data, pub-
licly available environmental predictors, and Al-driven SDMs to
provide a spatially explicit assessment of habitat use, offering ac-
tionable insights for fisheries management and offshore resource
planning. Specifically, we aimed to (1) quantify regional habitat
distribution across the US Atlantic OCS, (2) identify spatiotem-
poral habitat trends within areas allocated for offshore wind de-
velopment, and (3) generate and validate ensemble prediction
maps to directly inform site- and population-level management
and conservation decisions. This represents the first application
of an Al-based ESDM framework to an endangered species in off-

shore marine environments, advancing predictive ecology by pro-
viding a scalable, generalizable tool capable of generating robust,
management-relevant predictions even from limited or heteroge-
neous datasets, and integrating predictive ecology into offshore
infrastructure planning in data-poor, dynamic seascapes.

Materials and methods
Study region

Potential offshore habitats for Atlantic Sturgeon were delineated
across the US Atlantic OCS, from the coastline to the shelf break,
representing the theoretical range of marine occupancy in US wa-
ters based on literature review and biological opinion. This area
(626 204 km?; Fig. 1), representing the potential areal extent of off-
shore residency, was used as the clipping boundary for all sub-
sequent spatial analyses, and included several large estuarine
systems seasonally inhabited by Atlantic Sturgeon (Long Island
Sound, New York Bay, Delaware Bay, and Chesapeake Bay).

Spatially referenced observations

Telemetry detections were compiled for Atlantic Sturgeon orig-
inally captured in coastal marine waters of the New York Bight
(NYB) and acoustically tagged with internal transmitters (n = 585;
Supplementary Table S2). Tag models and transmission character-
istics varied across deployments, but transmitters were generally
designed for multi-year tracking. All procedures were conducted
in accordance with relevant guidelines and authorized by the Na-
tional Marine Fisheries Service (NMFS; Endangered Species Per-
mits 16 422 and 20 351), the New York State Department of Envi-
ronmental Conservation (Endangered/Threatened Species Scien-
tific License 336), and Stony Brook University’s Institutional Ani-
mal Care and Use Committee (IRB-1022451-4). Acoustic telemetry
detections providing spatial and temporal information on individ-
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ually tagged Atlantic Sturgeon were collected between 2011 and
2021 through cooperative monitoring efforts, using receiver arrays
deployed in the Atlantic OCS (Supplementary Table S3). Unique
detection locations were aggregated by month across all years to
generate monthly presence-only occurrence datasets and aligned
to centroids of corresponding 0.01° raster cells within the Atlantic
OCS study extent (~1 km? resolution). This aggregation reduces
the potential influence of individual tag longevity and battery de-
pletion on the spatial distribution of detections. Within raster cells
for each month, duplicate detections were removed so that pres-
ence was recorded as a binary variable, rather than as counts.

Acoustic transmitters used in this study (V16; Innovasea Sys-
tems Inc., Canada) have manufacturer-reported battery lives of
approximately 5-10 years, depending on transmission interval
and tag configuration. To assess the potential influence of tag bat-
tery attrition on the temporal continuity of the dataset, we esti-
mated the number of acoustically active transmitters in each year
under three battery life scenarios: conservative (5-year), moder-
ate (7-year), and liberal (10-year) assumptions. For each scenario,
transmitters were assumed to remain active for the specified du-
ration following deployment, after which they were removed from
the active pool. Annual counts of active transmitters were cal-
culated by summing all deployments remaining within their as-
sumed battery life window (Supplementary Fig. S1). The contin-
uous addition of new tagging cohorts throughout the monitoring
period partially offset battery attrition, resulting in a dynamic pool
of detectable individuals over time.

Environmental predictors

Potential explanatory variables were selected for biological rel-
evance and availability across the full study period and extent.
Only publicly available datasets were considered to maximize re-
producibility and generalizability (see Supplementary Table S4).
This approach also ensured that the modeling framework remains
operationally scalable and applicable for management contexts,
where reliance on consistently available data sources is essential.
While additional ecologically relevant variables such as bottom
temperature, dissolved oxygen, distance to natal river mouths,
and chlorophyll-a concentration (as a proxy for primary produc-
tivity and prey availability) were considered to further refine pre-
dictions, their inclusion was constrained by limitations in spatial
and temporal data availability and consistency across the study
domain. The present framework therefore prioritizes widely avail-
able and operationally scalable data sources to ensure applicabil-
ity for management and survey design, particularly for repeated
or near-real-time prediction.

Forvariables with temporal variation, pooled monthly averages
were computed over the study period. Multicollinearity among
predictors was evaluated using correlation matrices and variance
inflation factors (VIF; Chatterjee and Hadi 2006). Although VIF val-
ues were moderate, no strict thresholds were applied, and all vari-
ables were retained to preserve ecological interpretability and en-
sure consistency of predictors across months. The algorithms im-
plemented are generally robust to multicollinearity in terms of
predictive performance, although potential effects on variable im-
portance are acknowledged.

The final suite of predictor variables was formatted as a raster
stack in R (R Core Team 2024) using the “terra” package (Hij-
mans et al. 2026, Fig. 2). The stack was consistent in spatial ex-
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tent and resolution (i.e. EPSG:4326; 0.01° raster cell size) and in-
cluded: depth (m), gravel substrate (%), mud substrate (%), pho-
toperiod (hours day™?), precipitation (mm), sea surface salinity
(SSS; practical salinity units, PSU), and sea surface temperature
(SST; °C). Of the seven predictors, three were static across months
(depth, gravel substrate, and mud substrate), whereas four var-
ied temporally (photoperiod, precipitation, SSS, and SST). Accord-
ingly, month-to-month variation in predictions reflects changes in
the dynamic environmental conditions superimposed on a stable
bathymetric and substrate framework.

Smart pseudoabsence generation

For Atlantic Sturgeon, as with other highly migratory and cryptic
species, true absence data are difficult to obtain over large spatial
scales because individuals move extensively and detection proba-
bility is variable. Because telemetry data record only detected lo-
cations and do not provide confirmed absences, they are treated
as presence-only observations. To address this limitation and de-
fine the environmental domain for modeling, pseudo-absence
points were generated to serve as background data (Phillips and
Dudik 2008, Barbet-Massin et al. 2012).

An initial pool of 100 000 random background points was gen-
erated across the study extent for each month (Fig. 2). From these
candidate points, pseudo-absences were selected using a two-
step screening procedure designed to reduce spatial proximity
bias and environmental overlap with presences. First, a disk fil-
ter was applied, creating a 50-km buffer around all known pres-
ences to exclude points immediately adjacent to observations and
reduce the risk of false absences (McMahon et al. 2021, Ramirez-
Reyes et al. 2021). Second, a surface range envelope (SRE) filter
(e.g. Thuiller et al. 2009) was used to remove points within the 5th-
95th percentile of environmental conditions observed at pres-
ences, retaining only candidate points outside this range (Barbet-
Massin et al. 2012). This two-step procedure produced a filtered
pool of pseudo-absences for each month that was both spatially
and ecologically distinct from presences. From each monthly pool,
1000 pseudo-absences were randomly sampled to generate afinal
input dataset in which telemetry detections were coded as pres-
ences and pseudo-absences as absences.

To assess the sensitivity of model performance to pseudo-
absence design, six alternative configurations were evaluated
across all 12 months: four buffer distances (none, 25, 75, and
100 km), each with SRE applied; the original 50-km buffer without
SRE; and a pure random background with neither buffer nor SRE
filtering. Presence holdout points were kept fixed across all con-
figurations to ensure comparability.

Data partitioning

The combined presence-pseudo-absence datasets were parti-
tioned into two subsets: (i) 90% used for model development, with
an 80/20 split for training and testing, and (ii) an independent 10%
hold-out set reserved exclusively for external ensemble evalua-
tion. Stratified sampling was used to preserve the proportion of
presences and pseudo-absences in both subsets, minimizing po-
tential bias in model evaluation. This is particularly important for
species with low detection rates, such as Atlantic Sturgeon, to en-
sure that rare presence events are adequately represented in both
training and evaluation datasets.
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Figure 2 Workflow for predicting marine species distributions, including data preprocessing, pseudoabsence generation, monthly SDM construction,

and ensemble prediction.

Fully independent external validation data of sufficient spa-
tial and temporal resolution are rarely available in SDM stud-
ies (Robinson et al. 2011, Robinson et al. 2017), and this limi-
tation applies here given the large study extent and restricted
availability of independent occurrence data across the US At-
lantic OCS. The stratified holdout approach therefore represents
a practical and robust validation strategy under these constraints.
To assess whether the random partitioning introduced spatial
bias or inflated predictive performance, Moran’s | and Geary’s
C were computed on ensemble model residuals at holdout lo-
cations for each month using a k = 5 nearest-neighbor spatial
weights matrix (Fortin and Dale 2005). Residuals were defined as
the difference between observed binary presence-absence val-
ues and ensemble-predicted probabilities. McNemar’s test was
used to evaluate asymmetry between false-positive and false-
negative error rates (McNemar, 1947). Nearest-neighbor distances
between holdout and training presence locations were also com-
puted to characterize the spatial separation of the partitioned
datasets.

Model development and evaluation

SDMs were developed in R (R Core Team 2024) using the “sdm”
package (Naimi and Aradjo 2016). Seven machine learning algo-
rithms were employed: classification and regression trees (CART),

gradient boosting machines (GBM), maximum entropy (MAXENT),
multilayer perceptron (MLP), radial basis function networks (RBF),
random forests (RF), and support vector machine models (SVMs).
These methods combined machine learning techniques (i.e. CART,
GBM, MAXENT, RF, SVM) with artificial neural networks (i.e. MLP,
RBF), providing complementary approaches to capture both lin-
ear and nonlinear relationships between environmental predic-
tors and Atlantic Sturgeon occurrences. Default hyperparameters
were applied consistently across all algorithms to maintain com-
parability and generalizability across months and to avoid intro-
ducing model-specific optimization biases (see Supplementary Ta
ble S5).

For internal testing, 100 repeated bootstrap samples were
drawn with replacement from the model development dataset.
Within each bootstrap, 80% of the resampled data were used to
train the model, and the remaining 20% were reserved for inter-
nal testing. This was repeated independently for all bootstrap it-
erations, resulting in 100 models per algorithm and a total of 700
models evaluated for each month (Barbet-Massin et al. 2012).

Individual model performance was evaluated on the indepen-
dent holdout dataset and internal test subsets using a suite of
complementary metrics, including the area under the receiver op-
erating characteristic curve (AUC; Fielding and Bell 1997), true
skill statistic (TSS; Allouche et al. 2006), Cohen’s kappa (Cohen
1960), and the point biserial correlation (COR; Elith et al. 2006).
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Metrics were summarized across bootstraps for each algorithm
to provide means, standard deviations, and 95% confidence in-
tervals. Higher AUC values indicated better discriminatory perfor-
mance, whereas highervalues of TSS and kappaindicate improved
threshold-based classification performance.

Predictor influence

The relative influence of environmental predictors was quantified
using a permutation-based approach (Thuiller et al. 2009). Pre-
dictor influence was assessed using two complementary metrics:
AUC and COR. Changes in AUC following permutation quantified
the reduction in model discriminatory performance attributable
to each predictor, whereas the correlation between original and
permuted predictions quantified changes in spatial agreement.
Predictor influence was summarized as the mean across all boot-
strap replicates for each month, encompassing seven modeling
algorithms with 100 bootstrap iterations each (700 models per
month in total). These measures reflect the contribution of each
predictor to model performance and spatial prediction rather than
evidence of causal ecological effects. Because some predictors ex-
hibit moderate correlation, permutation-based importance may
underestimate the contribution of correlated variables; results
should therefore be interpreted as indicative of predictive contri-
bution rather than independent ecological effects.

Ensemble predictions

Monthly ensembles integrating predictions from individual SDM
algorithms were generated using the “sdm” package (Naimi and
Araljo 2016). Ensemble predictions were computed as weighted
means, with weights proportional to each model’s AUC for the cor-
responding month. Only models with AUC > 0.8 were retained for
final ensemble projections, following standard practice for filter-
ing low-performing models within ESDM frameworks (e.g. Thuiller
etal.2019).

Ensemble performance was evaluated on the independent 10%
hold-out set (Aradjo et al. 2005). Predicted probabilities were ex-
tracted for all hold-out locations and compared with observed
presence-absence data. Ensemble accuracy was assessed using
AUC and confusion-matrix-based metrics, including sensitivity,
specificity, positive predictive value (PPV), and negative predic-
tive value (NPV). To convert ensemble predictions from continu-
ous probabilities to binary presence-absence classifications, two
complementary thresholds were applied. The first, a fixed cut-
off of 0.5, provides a consistent benchmark across months and is
widely used in SDM studies. The second, an optimal threshold de-
rived from the receiver operating characteristic (ROC) curves us-
ing Youden’s index (Youden 1950), maximizes the sum of sensitiv-
ity and specificity. This dual-threshold approach is widely recom-
mended and provides a practical balance between interpretabil-
ity and model realism, combining a standardized rule with a data-
driven, performance-optimized criterion (Jiménez-Valverde and
Lobo 2007, Liu et al. 2013).

To assess whether model performance was influenced by the
number of presence points, correlations between monthly train-
ing sample size and holdout performance were tested using AUC
and misclassification error. Non-parametric correlations (Spear-
man’s p and Kendall’s t) and linear regressions were applied to
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evaluate whether months with more presence points systemati-
cally achieved higher predictive accuracy.

Results

Spatially referenced observations

A total of 585 Atlantic Sturgeon were included in this study (Sup-
plementary Table S2). All fish were originally captured and tagged
in riverine or coastal marine waters of the NYB between 2010
and 2020. Fork length (FL) measurements at capture of individ-
ual Atlantic Sturgeon ranged from 401 to 2050 mm, with a mean
FL of 994.3 mm (SD = 230.3). All individuals were marine mi-
grants at the time of detection, representing juvenile, subadult,
and adult life stages. Accordingly, the dataset characterizes habi-
tat use during the marine phase of the Atlantic Sturgeon life cy-
cle, when individuals occupy shelf and nearshore habitats out-
side natal estuaries before returning to freshwater to spawn.
While genetic data identifying river of origin or DPS assignment
were not available, detections were assumed to primarily rep-
resent the ESA-endangered NYB DPS, which dominates captures
in the tagging area and contributes most individuals detected in
coastal and offshore habitats of the mid-Atlantic (Dunton et al.
2012).

Monitoring from 2011 to 2021 yielded 845 unique marine
telemetry detection locations of these fish across acoustic receiver
arrays deployed throughout the US Atlantic OCS study area (Fig. 2,
Supplementary Fig. S3). The pooled monthly mean number of
unique observations was 202.8 (SD = 73.3), with the highest num-
ber in December (n = 348) and the lowest in August (n = 83).
Detection frequency was typically lower in late winter (January-
February) and late summer (August-September), possibly reflect-
ing reduced movement or receiver coverage. Detection locations
correspond to receiver positions and are therefore constrained
by receiver spacing and detection range. Previous studies using
acoustic telemetry of Atlantic Sturgeon in coastal waters have as-
sumed effective detection radii on the order of ~600 m, with de-
tection probabilities declining with distance and maximum detec-
tion ranges approaching ~1400 m under favorable conditions (e.g.
Ingram et al. 2019). As such, the effective spatial resolution of de-
tections is coarser than that of the environmental predictor grid
and reflects the structure of the monitoring array rather than pre-
cise animal locations. Individual receiver deployment coordinates
were not available across all contributing organizations for the
full study period, particularly for receivers without detections, pre-
cluding the inclusion of a spatially explicit receiver coverage map
or direct quantification of monitoring effort across the study do-
main.

Spatial diagnostics indicated statistically significant positive
autocorrelation in ensemble residuals across all 12 months
(Moran’s 1= 0.222-0.673, all P-values < 0.0001; Geary’s C = 0.375-
0.874, all P-values < 0.034; Supplementary Table S6; Fig. S1).
However, median nearest-neighbor distances between holdout
and training presence locations were consistently small, rang-
ing from 0.02 to 2.53 km (mean 4 SD: 1.46 4+ 2.14 km across
months; Supplementary Table S6). These distances are broadly
consistent with the effective detection range of acoustic re-
ceivers (~600-1400 m), suggesting that spatial dependence oc-
curs at the scale of the monitoring array. McNemar’s test was
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non-significant for all months (P-values = 0.248-1.000), indicat-
ing balanced classification errors with no systematic directional
bias.

SDM evaluation

Independent holdout AUC comparisons were used to assess
relative discriminatory performance across algorithms, whereas
threshold-dependent metrics are reported for the final ensemble
model. Comparisons on the independent holdout dataset showed
consistently high predictive performance across months (Table 1),
with AUC values ranging from 0.936 to 1.000. RF, CART, GBM, MAX-
ENT, and MLP generally achieved near-perfect discrimination in
most months, while SVM and especially RBF showed slightly lower
but still strong performance overall. No single algorithm consis-
tently outperformed the others across all months, indicating that
multiple modeling approaches captured similar underlying pat-
ternsin the data.

Internal test results showed a similar pattern (Supplementary
Table S6). Across the internal test set, mean monthly AUC values
ranged from 0.927 to 1.000, TSS from 0.773 to 0.990, and kappa
from 0.582 to 0.980, indicating moderate to excellent predictive
performance. RF generally showed the highest and most stable
performance, whereas RBF was more variable, particularly in early
and late months. CART, GBM, MAXENT, MLP, and SVM also per-
formed well across most months. Together, the holdout and inter-
nal test results indicate that individual algorithms performed con-
sistently well, supporting the use of a multi-algorithm ensemble
framework as a robust basis for final spatial prediction.

Removing the SRE filter had no significant effect on Cohen’s
kappa (0.907 4 0.056 vs. 0.909 =+ 0.040; Wilcoxon P = 0.969), sen-
sitivity (0.875 £ 0.079 vs. 0.887 £ 0.048; P = 0.563), or specificity
(0.994 4-0.011 vs. 0.994 + 0.008; P =0.932), indicating that the SRE
filter did not artificially inflate classification performance. A sta-
tistically significant but negligible difference in AUC was observed
(0.999 + 0.002 vs. 0.993 4 0.007; P = 0.009; A = 0.006), indicating
that model discrimination reflects genuine ecological signal rather
than artifacts of pseudo-absence design.

Across the four buffer distances tested (all with SRE), a perfor-
mance plateau was evident from 50 km onward. The 25 km buffer
produced significantly lower kappa and sensitivity than the 75 km
and 100 km configurations (P < 0.036), whereas the 50 km, 75 km,
and 100 km buffers did not differ significantly across any metric
(all P> 0.108), confirming the original 50 km design as an appro-
priate and parsimonious choice. Configurations without any spa-
tial buffer produced the lowest performance across all scenarios
(kappa = 0.815-0.859; Supplementary Table S8), further support-
ing the ecological rationale for spatial restriction of background
points.

Predictor influence

Analysis of predictor influence identified depth, SST, SSS, and pho-
toperiod as the most influential variables, though their relative im-
portance varied seasonally (Fig. 3). Depth was consistently among
the top predictors, while SST was most influential in August and
photoperiod dominated in influence during September and Oc-
tober. AUC-based influence reflected contributions to model dis-
crimination, whereas COR-based influence captured effects on the
spatial structure of predictions. In some months, a predictor could

Table 1. Predictive performance of individual algorithms on the independent holdout dataset across months, expressed as area under the receiver operating characteristic curve with 95% confidence intervals.
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multilayer perceptron; RBF = radial basis function networks; RF = random forests; SVM = support vector

maximum entropy; MLP

gradient boosting machines; MAXENT =

CART = classification and regression trees; GBM

machines.
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Figure 3 Violin plots of monthly predictor influence on Atlantic Sturgeon SDMs (700 runs/month). AUC shows contribution to discrimination; 1 — COR
shows contribution to spatial structure. Width indicates value density; colored points are monthly means. Higher values indicate stronger influence.

SSS = sea surface salinity; SST = sea surface temperature.

have moderate AUC influence but high COR influence, indicating
that it strongly shaped the spatial pattern of predictions with-
out greatly affecting overall discrimination (e.g. SSSin April). Con-
versely, variables such as SST in August had high AUC influence
and correspondingly high COR influence, indicating both strong
discrimination and spatial effects. Gravel and mud fractions, used
as proxies for benthic substrate composition and associated prey
availability, exhibited comparatively lower influence across all
months in both metrics. This likely reflects limitations in the spa-
tial resolution of substrate data, as prey distributions are not al-
ways well predicted by sediment type. Nonetheless, substrate
characteristics can serve as coarse indicators of food availability,
as sturgeon often forage in unconsolidated sediments where in-
faunal prey such as polychaetes and bivalves are most abundant
(Johnson et al. 1997; McClean et al. 2013) . Precipitation similarly
showed low influence, likely because its effects on nearshore con-
ditions areindirect and spatially diffuse at the marine scale consid-
ered here. While precipitation can influence freshwater discharge
and coastal salinity gradients, these processes are more directly
captured by SSS in the models, reducing precipitation’s apparent
predictive power. These patterns align with known ecological con-
straints on Atlantic Sturgeon habitat use, including thermal prefer-
ences, seasonal photoperiod cues, and depth-related distribution
patterns, consistent with observed seasonal and spatial move-

mentsin nearshore waters (e.g. Melnychuketal. 2017, Ingram et al.
2019).

Ensemble predictions

All seven individual algorithms were independently run for each
month and met the inclusion criterion (Supplementary Table S7).
Mean ensemble AUC values ranged from 0.993 to 1.000 (mean
= 0.998 &+ 0.003), with narrow confidence intervals (<0.01), in-
dicating stable discrimination across months (Table 2). TSS val-
ues ranged from 0.714 to 1.000, and kappa ranged from 0.792
to 1.000, reflecting good to excellent agreement between ob-
served and predicted occurrences. Overall classification accuracy
exceeded 0.95 for all months, while sensitivity (>0.714) and speci-
ficity (>0.95) were consistently high, with positive and negative
predictive values generally above 0.90. Evaluating ensemble pre-
dictions at optimal monthly thresholds (Supplementary Table S9)
confirmed these patterns, with TSS ranging from 0.969 to 1.000,
kappa from 0.889 to 1.000, and accuracy consistently >0.975.
Monthly ensemble maps revealed distinct seasonal shiftsin pre-
dicted Atlantic Sturgeon occurrence across the study site (Fig. 4,
Supplementary Figs S2-S13). From November through March,
predicted occurrences expanded into southern and offshore habi-
tats, whereas during June through August, distributions con-
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Table 2. Holdout evaluation of ensemble SDMs showing mean performance metrics.

Sensitivity [95% CI]  Specificity [95% Cl] PPV [95% Cl] NPV [95% Cl]

Accuracy [95% Cl]

Kappa

TSS

AUC [95% CI]

Month

0.981 [0.932-0.995]
0.981 [0.933-0.995]
0.990 [0.946-0.998]
0.972 [0.922-0.991]
0.981 [0.934-0.995]
0.973[0.924-0.991]
0.991 [0.948-0.998]
1.000 [0.965-1.000]
0.981 [0.934-0.995]
0.981 [0.934-0.995]
0.982 [0.936-0.995]
0.979 [0.928-0.994]

1.000 [0.806-1.000]
1.000 [0.796-1.000]
0.864 [0.667-0.953]
0.846 [0.578-0.957]

1.000 [0.963-1.000]
1.000 [0.964-1.000]
0.971[0.918-0.990]

0.889[0.672-0.969]
0.882[0.657-0.967]

0.983 [0.941-0.998]

0.931

0.889

0.9994 [0.9979-1.0000]
0.9994 [0.9978-1.0000]
0.9966 [0.9911-1.0000]
0.9927 [0.9820-1.0000]
0.9996 [0.9985-1.0000]
1.0000 [1.0000-1.0000]
0.9990 [0.9964-1.0000]
1.0000 [1.0000-1.0000]
1.0000 [1.0000-1.0000]
0.9992 [0.9970-1.0000]
0.9987 [0.9955-1.0000]
0.9986 [0.9662-1.0000]

January

0.983[0.941-0.998]

0.928

0.882

February
March
April

0.950 [0.764-0.991]

0.967 [0.919-0.991]

0.885
0.792
0.949
0.890

0.921

0.981 [0.935-0.995]
1.000 [0.964-1.000]
1.000 [0.966-1.000]
1.000 [0.965-1.000]
1.000 [0.965-1.000]
1.000 [0.965-1.000]
1.000 [0.965-1.000]
1.000 [0.966-1.000]
0.979 [0.928-0.994]

0.786 [0.524-0.924]

0.920[0.750-0.978]

0.959 [0.907-0.987]
0.984 [0.945-0.998]

0.767

1.000 [0.857-1.000]
1.000 [0.785-1.000]
1.000 [0.701-1.000]
1.000 [0.510-1.000]

0.920
0.824

May

0.824[0.590-0.938]

0.976 [0.931-0.995]

June

0.900 [0.596-0.982]

0.991 [0.953-1.000]
1.000 [0.967-1.000]
0.982 [0.937-0.998]
0.983 [0.940-0.998]
0.984 [0.942-0.998]
0.970 [0.926-0.992]

0.943
1.000
0.824
0.900
0.914
0.927

0.900
1.000

0.714

July

1.000 [0.510-1.000]

August

1.000 [0.566-1.000]
1.000 [0.722-1.000]
1.000 [0.758-1.000]
0.947 [0.827-0.985]

0.714[0.359-0.918]
0.833[0.552-0.953]

September
October

1.000
0.857
0.927

0.857 [0.601-0.960]
0.947 [0.827-0.985]

November
December

positive predictive value; NPV = negative predictive value.

AUC = area under the ROC curve; Cl = confidence interval; TSS = true skill statistic; Kappa = Cohen’s kappa; PPV

tracted toward nearshore areas centered on putative aggregation
sites and NYB spawning rivers. Transitional distributions during
April-May and September-October suggested migratory move-
ments between these seasonal ranges.

Ensemble accuracy was further evaluated using the indepen-
dent 10% hold-out dataset, providing an unbiased assessment
of model generality. Performance remained high across all met-
rics, with mean AUC > 0.9 and balanced confusion-matrix statis-
tics confirming strong generalization beyond the training data
(Table 2). Correlations between monthly sample size and hold-
out predictive accuracy (Table 3) revealed no significant asso-
ciation (AUC: Spearman: p = —0.19, P = 0.55; Kendall: t =
—0.14, P = 0.53; misclassification error: Spearman: p = 0.25,
P = 0.44; Kendall: T = 0.17, P = 0.45), and linear regressions
confirmed the absence of a significant trend (AUC: 8 ~ 0.0000,
R? = 0.003, P = 0.86; misclassification error: 8 ~ 0.0001, R? =
0.16, P =0.20) indicating that models trained with more presence
points did not achieve systematically higher predictive perfor-
mance. These results suggest that predictive accuracy was robust
across months with varying telemetry sampling effort, support-
ing the reliability of model predictions regardless of sample size
differences.

Continuous ensemble outputs were converted to binary
presence-absence classifications using two complementary
thresholds. A fixed cut-off of 0.5 provided a consistent and easily
interpretable reference across months, while optimal thresh-
olds derived from ROC curves maximized the sum of sensitivity
and specificity, minimizing both false presences and absences.
Optimal monthly thresholds ranged from 0.30 to 0.44 (mean =
0.37 £ 0.05; Supplementary Tables S7, S8), reflecting the low
prevalence of detections and the conservative nature of the
ensemble predictions. Performance under both thresholding
approaches was evaluated to assess sensitivity of classification
outcomes, with optimal thresholds generally yielding higher
overall accuracy and better balance between sensitivity and
specificity (Supplementary Table S10). Applying both thresholds
allows direct comparison between conventional and opti-
mized classifications and supports management interpretations
under differing conservation or development risk tolerances
(Fig. 5).

Overlap with OWE development areas varied seasonally. Pre-
dicted sturgeon occurrence within and adjacent to OWE lease
sites increased during winter months as offshore habitat suit-
ability expanded (Figs 5, 6). The 1-km? scale used for ensem-
ble outputs provided high-resolution spatial predictions with
sufficient detail that support both regional-scale analyses (e.g.
NYB wind lease areas; see Fig. 5) and site-level assessments
(e.g. South Fork Wind Farm and Revolution Wind projects;
Fig. 6).

Ensemble vs. single-model comparison

All models demonstrated high predictive performance on the in-
dependent holdout data (AUC > 0.92; Table 1). Performance was
broadly comparable across algorithms, with no single model con-
sistently outperforming the others across all months. The ensem-
ble approach performed consistently among the top-performing
models while reducing reliance on any individual algorithm, sup-
porting its use as a robust framework for spatial prediction. A
Friedman test indicated overall differences among models (P <
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Figure 4 Monthly ensemble SDM maps of Atlantic Sturgeon occurrence across the US Atlantic OCS (1-km resolution). Color intensity indicates predicted

probability (0-1); monthly detection counts shown.

Table 3. Correlation and regression analyses of monthly training sample size (n) on holdout performance
of Atlantic Sturgeon ensemble SDMs Spearman’s p and Kendall’s t = non-parametric correlations; 8 =

regression slope; R? = variance explained.

Method Test Statistic R%/P
Spearman ME ~ n p =0.25 P=0.44
Spearman AUC~n p=-0.19 P=0.55
Kendall ME ~n 7=0.17 P=0.45
Kendall AUC ~n t=-0.14 P=0.53
Linear regression ME ~n B =1.00x 10* R?=0.157,P=0.20
Linear regression AUC ~n B =0.00 R? =0.003,P =0.86

No significant relationships were found, indicating predictive accuracy was robust to sample size variation.

0.001), but pairwise comparisons showed that most differences
were not statistically significant after correction, with the excep-
tion of lower performance in the RBF model (Supplementary Tabl
e S11).

Inter-algorithm agreement was generally high, with low spatial
variability across most of the study area (mean SD = 0.06-0.14). A
substantial proportion of the domain exhibited strong agreement
among models, with 65%-82% of grid cells showing SD < 0.10
across most months (Supplementary Table S12). Agreement was
particularly high during late summer and early autumn, whereas
higher variability was observed during transitional periods such
as March, likely reflecting increased environmental heterogene-
ity and model sensitivity. These patterns demonstrate that the
ensemble approach reduces the influence of individual model
variability and stabilizes spatial predictions, particularly in peri-
ods of increased ecological complexity, highlighting areas where
ensemble-based predictions are especially informative.

Discussion

This study presents a novel and scalable framework for map-
ping species occurrence across broad, data-limited marine sys-
tems by integrating machine learning algorithms within an ensem-
ble species distribution modeling architecture. The accelerating
expansion of OWE and other large-scale ocean uses underscores
the need for structured, transparent frameworks to support eco-
logical risk assessment and mitigation. The proposed approach
enhances predictive performance by efficiently combining sparse
occurrence records with high-resolution, publicly available envi-
ronmental data.

Results from this case study demonstrate the framework’s prac-
tical application, illustrating how ensemble SDMs can generate
reliable predictive maps for rare or data-limited species and es-
tablish baseline spatial and temporal distribution criteria essen-
tial for assessing impacts throughout OWE development. More
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Figure 5 Binary presence-absence predictions for Atlantic Sturgeon in New York Bight offshore wind lease areas (1-km resolution). January and July
shown; top panels use a 0.5 threshold, bottom panels use optimal Youden-index threshold. Green = presence, gray = absence; black outlines = lease
boundaries (see Supplementary Table S1). Inset shows US Atlantic OCS location.

broadly, the framework functions as a flexible decision-support
tool for evaluating species-environment relationships and iden-
tifying potential areas of interaction among marine industries,
including fisheries, shipping, and coastal infrastructure. Scal-
able ensemble map products, when intersected with spatial lay-
ers of human activity, provide a practical basis for prioritizing
monitoring, guiding conservation triage, and allocating manage-
ment resources toward regions or periods of highest ecological
sensitivity.

Many key environmental and spatial predictors are shared
across taxa and ecosystems, which enhances model transferabil-
ity and provides a foundation for streamlined ensemble map gen-
eration with only minor adjustments to input data. Incorporating

expert knowledge into predictor selection and model validation
can further improve transferability and ecological realism, espe-
cially in data-limited contexts (Synes and Osborne 2011, Qiao et
al. 2019). This scalability enables rapid updates as datasets evolve
and promotes consistency in management decisions across ju-
risdictions. Such flexibility is increasingly valuable given the ex-
panding availability of high-quality, spatially referenced occur-
rence data from telemetry tagging programs (e.g. Block et al. 2016,
Abescis et al. 2018), as well as research surveys, museum collec-
tions, and citizen science initiatives. While biases in these data are
inevitable (Boakes et al. 2010), established protocols can ensure
data suitability (Boria et al. 2014, Fourcade et al. 2014, Gaul et al.
2020).
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Figure 6 Site-specific binary presence-absence predictions for Atlantic Sturgeon at South Fork (OCS-A 0517) and Revolution Wind (OCS-A 0486) farms
(1-km resolution). Operational foundations = open squares; planned foundations = open circles; transmission cables = solid (active) or dashed
(proposed). January and July shown; top panels = 0.5 threshold, bottom = optimal Youden-index threshold. Green = presence, gray = absence; inset

shows northern US Atlantic OCS.

The application of this framework to Atlantic Sturgeon illus-
trates the choices that must be made when balancing data avail-
ability, ecological realism, and management relevance. Telemetry
detections and environmental covariates used here represent the
best available data to predict Atlantic Sturgeon distribution in off-
shore waters. Despite inherent limitations, these data provide a
far more robust and transparent foundation for impact evaluation
than the qualitative or ad hoc assumptions often used to inform
environmental assessments. Importantly, the integration of these
quantitative, ensemble-based predictions within existing regula-
tory processes (e.g. NEPA environmental assessment [CEQ 2024];
ESA Section 7 consultation [NMFS 2021], and BOEM risk evaluation
frameworks [BOEM 2023]) would help ensure thatimpact determi-
nations are informed by the best available science. By grounding
decisions in reproducible, data-driven models rather than subjec-
tive or inconsistent interpretations, this approach advances the
transparency, defensibility, and ecological integrity of manage-
ment decisions across the rapidly developing offshore domain.

The present case study primarily reflects detections of Atlantic
Sturgeon from the NYB DPS, including fish originating from the
Hudson and Delaware rivers, which dominate aggregations in the
modeled region (Dunton et al. 2012, Wirgin et al. 2015). Conse-
quently, these predictions may underrepresent habitat use by

other populations. Nevertheless, they provide the most robust,
defensible basis currently available for evaluating risk across the
US OCS. Future development of population-specific SDMs, in-
formed by spatially referenced observations of known-origin in-
dividuals, would further refine predictions and enable joint or
stacked model frameworks to quantify population overlap and re-
gionalized threats.

The strong performance of the algorithms in this case study
highlights their utility for SDM applications in data-limited ma-
rine systems. Random forest (RF) models generally showed the
highest and most stable performance, consistent with their en-
semble structure, in which multiple decision trees are aggregated
to improve predictive robustness and reduce overfitting (Breiman
2001). RF models are well suited for data-limited systems like At-
lantic Sturgeon telemetry datasets, performing reliably across un-
even sample sizes and heterogeneous environments (e.g. Mi et al.
2017, Butler and Sanderson 2022). However, reliance on a single
algorithm may bias predictions toward its specific strengths, such
as capturing nonlinear relationships, while potentially underrep-
resenting rare occurrences or fine-scale spatial patterns. Single-
model approaches may also over- or under-emphasize certain
environmental predictors and fail to capture uncertainty present
across alternative model structures. By combining multiple algo-
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rithms into a weighted ensemble, these model-specific biases can
be mitigated, producing predictions that are more robust, general-
izable, and reflective of uncertainty across methods. This interpre-
tation is supported by comparative evaluation across algorithms,
which showed consistently high predictive performance on thein-
dependent holdout data, with no single model consistently out-
performing the others across months.

The absence of asignificant relationship between model perfor-
mance and the number of training presence points indicates that
predictive accuracy for Atlantic Sturgeon habitat use was not influ-
enced by telemetry sample size or uneven spatial coverage. This
suggests that variation in the number of tagged individuals or de-
tection effort across months did not bias SDM outcomes, and that
the ensemble modeling framework effectively captured species-
environment relationships even in months with fewer presence
records. Although months with more presence points might have
been expected to produce slightly more stable parameter esti-
mates, the consistent holdout AUC values across months indicate
that model accuracy was largely driven by environmental predic-
tor quality and algorithmic robustness rather than by sample size
alone. This finding aligns with previous studies showing that once
a minimum threshold of occurrences is met, additional presence
records confer diminishing gains in predictive performance (Wisz
et al. 2008, VanDerWal et al. 2009). Despite the limited influence of
sample size on accuracy, larger datasets remain valuable for im-
proving representation across environmental gradients, reducing
spatial or temporal bias, and supporting more reliable estimates
of uncertainty and model transferability. For Atlantic Sturgeon, ex-
panding telemetry coverage could enhance the characterization
of seasonal habitat shifts, particularly in under-sampled months
or regions, and allow finer-resolution mapping of key predictors
such as depth, sea surface temperature, and photoperiod.

Nevertheless, several sources of uncertainty must be acknowl-
edged. Although our results indicate that predictive accuracy
was not strongly dependent on the number of presence records,
temporal and spatial sampling biases inherent in opportunistic
telemetry detections remain important sources of uncertainty.
Spatial diagnostics indicated statistically significant residual au-
tocorrelation at holdout locations across all months (i.e. Moran’s |
and Geary’s C), consistent with concerns associated with random
data partitioning in spatially structured datasets (Roberts et al.
2017). However, the small median nearest-neighbor distances be-
tween holdout and training presence locations (0.02-2.53 km) in-
dicate that this autocorrelation operates at the scale of acoustic
receiver detection ranges (~600-1400 m). As such, the observed
spatial dependence reflects the effective sampling footprint of the
monitoring array rather than an artifact of the partitioning strat-
egy and therefore does not necessarily imply inflated model per-
formance. While spatially structured cross-validation approaches
(e.g. spatial blocking; Roberts et al. 2017) would provide a use-
ful refinement, their application is currently constrained by lim-
ited monthly sample sizes relative to the large spatial extent of the
study domain.

The spatial resolution and coverage of environmental predic-
tors, as well as variation among predictions from individual algo-
rithms, contribute additional uncertainty to estimates of habitat
suitability. For example, areas predicted to be of low suitability
may partly reflect limited receiver coverage rather than true eco-
logical absence. However, explicitly including monitoring effort as
a model covariate risks conflating habitat suitability with receiver
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placement (O’Toole et al. 2021, Baker et al. 2024). Developing ro-
bust approaches to account for sampling effort in passive acous-
tic telemetry data remains an active methodological challenge
and represents an important priority for future work. Such limita-
tions are common in large-scale marine SDM applications, where
both sampling effort and environmental data availability are of-
ten uneven across space and time. Although these constraints may
introduce uncertainty into monthly predictions, the high inter-
algorithm agreement and limited sensitivity to pseudo-absence
configuration observed here suggest that broad spatial patterns
are robust. At the same time, these limitations highlight areas
where targeted monitoring, improved environmental data reso-
lution, or expanded tagging coverage could most effectively en-
hance model reliability.

In addition, temporal pooling of detections implicitly assumes
stable species-environment relationships over the study period.
Future work should explicitly evaluate temporal stationarity as
longer time series and more consistent receiver coverage become
available. Despite this limitation, the seasonal distribution pat-
terns predicted here, including offshore and southward expansion
in winter and nearshore contraction in summer, are broadly con-
sistent with independent studies using pop-up satellite archival
tagging (Erickson et al. 2011), multi-state mark-recapture teleme-
try (Melnychuk et al. 2017), and comparative migration analy-
ses (Rothermel et al. 2020). Similar patterns have also been re-
ported from complementary telemetry observations in the New
York Bight (Ingram et al. 2019), providing qualitative ecological
support for the model predictions.

Modeling efforts used a relatively small number of environmen-
tal predictors (n = 7) to fit SDMs with high accuracy, illustrating
that carefully selected, ecologically relevant variables can capture
key patterns of species occurrence even in data-limited systems,
consistent with the principle of model parsimony. The strong pre-
dictive influence of these environmental factors suggests that
broad-scale, seasonal shifts in Atlantic Sturgeon occurrence in off-
shore development sites are closely associated with spatial and
temporal variation in abiotic conditions. Seasonal changes in pre-
dicted occurrence should therefore be interpreted as the result of
temporally varying hydrographic and light-related conditions act-
ing on a stable underlying bathymetric and substrate framework,
providing a tractable basis for spatial prediction in applied man-
agement contexts. Because predictor importance was quantified
using permutation-based measures of contribution to model per-
formance, these results should be interpreted as identifying vari-
ables that improved prediction rather than demonstrating causal
ecological mechanisms. Monthly shifts in predictor rank are there-
fore most appropriately viewed as changes in predictive associa-
tion that are consistent with known environmental gradients on
influencing habitat use and migratory behavior (e.g. Ingram et
al. 2019).

From an ecological perspective, the patterns identified by the
models are consistent with established understanding of Atlantic
Sturgeon movement and habitat use. Atlantic Sturgeon undertake
extensive coastal migrations, ostensibly to exploit favorable cli-
nal gradients and temporally predictable foraging habitat (Gross
et al. 1988, Dingle and Drake 2007). Observed preferential distri-
bution in shallow, nearshore marine waters above sand or mud
substrates may reflect areas of higher prey availability or forag-
ing opportunity (e.g. Stein et al. 2004a, Johnson et al. 1997), al-
though a clear linkage between foraging behavior and resource
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usein marine environments remains unresolved. Photoperiod and
water temperature are recognized as key drivers of migration in
other sturgeon species (e.g. Cech and Doroshov 2004, Papoulious
etal.2011) and may similarly act as seasonal cues associated with
predictable movements of Atlantic Sturgeon between nearshore
and offshore habitats (Ingram et al. 2019).

While the selected predictors captured key broad-scale envi-
ronmental gradients and resulted in high predictive performance,
additional variables such as bottom temperature, dissolved oxy-
gen, distance to natal river mouths, and chlorophyll-a may further
refine predictions. These variables are ecologically relevant for At-
lantic Sturgeon, particularly in relation to benthic habitat use, hy-
poxic stress, and migratory behavior (e.g. Secor and Niklitschek
2001). However, the inclusion of such predictors was constrained
by limitations in spatial and temporal data availability and consis-
tency across the study domain. The present framework was there-
fore designed to prioritize widely available, operationally scalable
data sources, ensuring applicability for management and survey
design, particularly for near-real-time or repeated forecasting ap-
plications. Future work could explore the integration of these ad-
ditional predictors to enhance ecological interpretation and fine-
scale predictive accuracy.

High-resolution occurrence maps of Atlantic Sturgeon gener-
ated from monthly SDM ensembles demonstrated an increase in
spatial overlap at wind energy sites during certain months and
seasons, with distribution biased toward shallow, nearshore re-
gions during the summer months and expanding latitudinally
into deeper offshore habitat during the winter. These trends were
largely consistent with observations of Atlantic Sturgeon in marine
waters from previous studies (e.g. Erickson et al. 2011, Ingram et
al. 2019, Rothermel et al. 2020) and provide further indication that
the potential negative impacts of wind energy development can
be largely mitigated by enacting spatial and temporal considera-
tions during periods of increased incidence.

While shifts in seasonal distribution are readily discerned from
coastwide maps, regional-scale options are necessary to support
regulatory decision-making and project-level planning within spe-
cific jurisdictions (e.g. the NYB; see Fig. 5). At this resolution, pre-
dictions can be viewed simultaneously across multiple adjacent
lease areas, enabling managers and developers to quickly iden-
tify where patterns of potential Atlantic Sturgeon occurrence con-
verge, diverge, or extend across project boundaries. This multi-site
perspective supports coordinated, basin-level planning by inform-
ing cumulative-effects evaluations, guiding alignment of mitiga-
tion measures across neighboring projects, and highlighting ar-
eas where biological constraints may arise prior to site-specific
surveys. By integrating these regional outputs into planning work-
flows, stakeholders can optimize the timing and location of moni-
toring and construction activities, anticipate regulatory concerns,
and make proactive, science-based decisions that reduce both
ecological risk and project uncertainty.

Similarly, site-specific maps can inform management plans and
policy settings across all phases of an individual project’s devel-
opment. For example, retrospective predictions at the South Fork
Wind Farm (OCS-A 0517; Supplementary Table S1) and the adja-
cent Revolution Wind project (OCS-A 0486; Supplementary Tabl
e S1), located in marine waters off Massachusetts and Rhode Is-
land, illustrate how ESDM outputs can be overlaid directly onto
vector layers representing turbined foundations and associated
transmission routes to evaluate potential areas of biological over-
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lap (Fig. 6). The South Fork Wind Farm array and the larger Revolu-
tion Wind array both intersect predicted Atlantic Sturgeon habitat
tovarying degrees, with January and July maps indicating moder-
ate seasonal overlap within the South Fork array and more exten-
sive overlap across the Revolution Wind footprint.

Although the South Fork Wind Farm has been operational at
commercial scale since December 2023, spatially explicit predic-
tions of Atlantic Sturgeon occurrence were not available during
statutory consultations to inform key planning decisions. This
gap illustrates the potential value of ESDM outputs for inform-
ing site-specific planning decisions beyond foundation siting.
Given the limited empirical data on the effects of electromagnetic
fields associated with subsea power transmission (Hutchison et
al. 2020, Backstrém and Warden 2023), early access to such spa-
tially explicit predictions would have been especially valuable, en-
abling the identification of cable routes that align with ecologi-
cal considerations across management boundaries. Such predic-
tions can support the development of monitoring requirements
or construction-avoidance windows and provide forward-looking
guidance to assess ecological risks and prioritize mitigation and
management actions, even for species with limited empirical data.

Although much of the current discourse has centered on the
potential ecological effects of offshore wind development, em-
pirical data describing where and when species overlap with de-
velopment areas remain limited for many taxa of conservation
and commercial importance. The predicted occurrence of Atlantic
Sturgeon in offshore waters of the Atlantic OCS underscores the
need for reliable, high-resolution distribution maps to guide ma-
rine spatial planning and conservation decision-making. By in-
tegrating standardized ensemble approaches with flexible data-
handling procedures, the modeling framework accommodates
varying data densities, spatial scales, and ecological complexities.
This adaptability makes it suitable not only for highly migratory
fishes such as Atlantic Sturgeon, but also for other wide-ranging
or data-limited taxa of concern, including marine mammals (e.g.
Becker et al. 2019) seabirds (e.g. Lewison et al. 2013), commer-
ciallyimportant fishes (e.g. Goethel et al. 2019), and sensitive ben-
thic organisms (e.g. Bowden et al. 2021).

Importantly, key parameters such as the exclusion buffer ap-
plied during pseudo-absence generation and the suitability enve-
lope used to constrain environmental predictions can be tuned to
balance conservatism and sample availability (Phillips et al. 2009).
Larger buffers and narrower envelopes reduce potential spatial
and environmental overlap between presence and absence data,
thereby minimizing autocorrelation and extrapolation risk. Con-
versely, less conservative settings may be justified when sample
sizes are limited or when fine-scale environmental variability is
ecologically meaningful. This flexibility helps ensure that model
design remains both ecologically defensible and operationally
scalable, reinforcing the broader applicability of the framework to
species distribution modeling and marine spatial planning under
diverse data and management conditions.

The modeling framework adopted in this study was selected to
prioritize predictive performance and scalability for spatial deci-
sion supportin data-limited offshore environments. While alterna-
tive approaches such as Bayesian hierarchical SDMs offer impor-
tant advantages in uncertainty quantification and ecological inter-
pretability, the ensemble machine learning approach used here is
well suited to capturing complex nonlinear relationships and in-
teractions among environmental predictors without requiring a
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priori specification of functional forms (Cutler et al. 2007, Elith et
al. 2008). The integration of multiple algorithms within a weighted
ensemble further reduces model-specific bias and improves pre-
dictive robustness (Aratjo and New 2007, Marmion et al. 2009),
while maintaining the computational efficiency required to gen-
erate repeated monthly predictions across large spatial domains.
Future work could explore the use of conditional random forests as
a refinement for variable importance estimation under correlated
predictor settings (Strobl et al. 2007, Strobl et al. 2008), as well as
hierarchical or hybrid modeling frameworks to complement the
present approach and provide additional ecologicalinsightin sup-
port of spatial planning and management.

Conclusions

This study demonstrates that machine learning-based ensemble
species distribution models can yield robust, ecologically mean-
ingful predictions even in data-limited marine systems. By inte-
grating multiple machine-learning algorithms within a single en-
semble framework, the approach produces spatially explicit pre-
dictions that are interpretable at management-relevant scales.
These outputs provide a rigorous basis forinforming offshore wind
impact assessment, monitoring design, and mitigation planning
within marine spatial planning contexts.

Understanding spatiotemporal patterns of marine habitat use is
fundamental to designing effective monitoring programs, assess-
ing exposure risk, and prioritizing mitigation for species of con-
servation concern. By linking Atlantic Sturgeon occurrence to en-
vironmental drivers across monthly timescales, our results clarify
when and where overlap with offshore development is most likely
to occur. This enables consistent, decision-relevant spatial predic-
tions that can be compared across regions, seasons, and devel-
opment footprints, addressing a key limitation of current offshore
impact assessments.

Importantly, robust predictions were achieved despite sparse
and uneven data, a pervasive constraint in marine systems. By
demonstrating how such data can still support meaningful spa-
tial inference, this study provides a scalable and ecologically
grounded basis for integrating species distribution modeling into
applied conservation and regulatory decision-making in rapidly
developing offshore environments.
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