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Abstract

Species distribution models (SDMs) are commonly used to estimate species’ geographic
distributions to inform biodiversity assessments and conservation planning. However,
despite their growing popularity, range predictions of SDMs are affected by biases in
opportunistic occurrence records and the lack of information on range limits. Integration
of expert range maps in SDMs could help, but this strategy is still rarely used, especially
for marine species. We built SDMs for 196 marine fish species with global distributions
of Epinephelidae and Syngnathidae, 4 modeling algorithms, and opportunistic occurrence
data. We then developed 2 types of SDM ensembles (i.e., combined predictions of multiple
individual SDMs): with and without integration of expert range maps. We quantified the
level of dissimilarity in range estimates between the 2 ensembles and explored the effects of
taxonomic identity, geographic attributes, and conservation status on dissimilarity in model
predictions. Although both types of ensembles had good predictive performance, ensem-
bles informed by expert range maps avoided overpredictions of ranges past geographical
barriers. Moreover, the dissimilarity between predictions of the 2 ensembles depended on
multiple factors, including the number and extent of opportunistic occurrences, distance
of occurrences to the expert range polygons, and fish family. Based on our findings, we rec-
ommend that researchers combine complementary information provided by expert range
maps and opportunistic occurrences when predicting marine species distributions with
SDMs.
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INTRODUCTION

To effectively assess and preserve biodiversity, a better under-
standing of species’ geographic distributions is needed. Species
distribution models (SDMs) associate species occurrence data
with environmental variables (Elith & Leathwick, 2009; Feng
et al., 2019; Guisan et al., 2017) to predict species’ potential
distributions and represent one of the most widely used tools
in biodiversity assessments (Aradjo et al., 2019) and conserva-
tion planning (Velazco et al., 2020). Researchers have proposed
multiple best-practice guidelines for SDMs (e.g,, Aratgjo et al,,
2019; Feng et al., 2019; Zurell et al., 2020), and SDMs have
been applied successfully in terrestrial (e.g., Thuiller et al,
2019), freshwater (e.g.,, Domisch et al., 2016), and marine realms
(e.g, Melo-Merino et al., 2020). Despite these outstanding
advances in this field, researchers highlight challenges in pre-
dicting species’ geographic ranges, including sampling biases
undetlying species occurrence records, which hinder the abil-
ity to capture accurately species—environment associations (e.g,,
Hughes et al., 2021), as well as lack of consideration of dispersal
capacity (e.g., Shipley et al., 2022) and biotic interactions (Wisz
et al., 2013), which shapes species’ range patterns. Therefore,
there is a clear and urgent need to integrate multiple sources of
distribution data to improve species’ range predictions and thus
better inform conservation practices.

With respect to modeling species’ ranges across large spatial
extents, 2 types of distribution data are typically used in SDM
studies that have their advantages and drawbacks: opportunis-
tic occurrence records (e.g., Assis et al., 2024; Qu et al., 2023)
and expert range maps (e.g, Peng et al., 2023; Thuiller et al.,
2019). Opportunistic occurrence records reflect the fine-scale
distribution of species as distinct points, but they are prone to
sampling biases (e.g,, concentration of records in easily accessi-
ble regions and partial coverage of the entire geographic range
of a species) (Hughes et al., 2021; Merow et al., 2017) and
other errors (e.g.,, taxonomic misidentification and invalid coor-
dinates) (Zizka et al., 2019). Expert range maps use a variety
of data sources (including opportunistic occurrences) to delin-
eate the known boundaries of species’ geographic ranges as
polygons based on expert knowledge (Xiao et al., 2025; Zhang
et al., 2025). However, these maps describe species distribu-
tions with limited spatial accuracy and resolution (Hurlbert &
Jetz, 2007) and can include areas both suitable and unsuitable
within species’ ranges, potentially including substantial ateas of
false presence (Mainali et al., 2020). Expert range maps are
used to build SDMs by sampling occurrence records from them
randomly (e.g., Sales et al., 2019) or systematically (e.g;, Four-
cade, 2016; Thuiller et al., 2019). Occurrence data derived from
expert range maps do not reflect true species presences and
may be, to some extent, sampled from unsuitable areas, which
can result in biased species—environment associations. Addi-
tionally, mismatches in spatial resolution can occur between

data integration, dispersal barrier, expert knowledge, species distribution model, stacked generalization

coarse-scale expert range maps and fine-scale environmental
data, leading to spurious conclusions (Hurlbert & Jetz, 2007).
Given their respective strengths and shortfalls, SDMs based on
either of these 2 types of distributional data may produce biased
predictions. To improve the utility of SDMs for applied con-
servation, complementary information from both data sources
should be integrated into SDMs (Isaac et al., 2020; Jetz et al.
,2012).

Researchers have proposed different strategies to integrate
expert range maps and opportunistic occurrences to improve
species’ range estimates (e.g., Domisch et al., 2016; Merow et al.,
2017, 2022; Oeser et al., 2024). For instance, Merow et al. (2022)
improved range estimates by refining model predictions with
expert-derived filters, such as habitat types, physiological lim-
its, and biotic interactions. In addition to post hoc masking
of model predictions, researchers also developed novel model-
based strategies that incorporate expert range maps into models
trained on opportunistic occurrences (e.g., Domisch et al., 2016;
Merow et al., 2017; Oeser et al., 2024). For instance, Domisch
et al. (2016) applied a distance decay function to expert range
maps (i.e., the farther away from the map border, the lower
the weight) for 3 freshwater fish species in North Ametica and
included this variable in SDMs, which resulted in improved
model performance and refined distribution predictions. More
recently, Oeser et al. (2024) integrated expert range maps into
SDMs based on a metalearner regression model that com-
bines the distributional predictions of different algorithms with
expert range maps. These efforts combine the complementary
information provided by expert range maps and opportunis-
tic occurrences to improve the reliability of species’ range
estimates.

Despite recent progress with terrestrial systems, the integra-
tion of expert range maps and occurrence records in the marine
realm remains underexplored. There are many fundamental
differences that preclude the transferability of results and con-
clusions from terrestrial studies to marine systems, including
the distinctiveness of 3-dimensional marine habitats, biodiver-
sity patterns, taxonomic knowledge gaps, food web structures,
biogeographical features (e.g., the role of barriers), and ecosys-
tem processes (e.g., Webb, 2012; Wiens, 2023). Given this, there
is a clear need to investigate the effects of integrating expert
range maps on range estimates of marine species.

We integrated expert range maps and opportunistic occur-
rence records with SDMs to estimate the ranges of 196
globally distributed marine fish species (Appendix S1) that
play important ecological roles, are of high economic value,
and have abundant distribution data available in the form of
opportunistic occurrence records and expert range maps. We
developed ensemble models with and without the integration of
expert range maps, compared dissimilarity in model predictions
between the 2 types of models, and explored the drivers of
this dissimilarity. Our aim was to explore the effects of data
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integration on range estimates of marine fish species to better
guide conservation planning.

METHODS
Input data

We retrieved opportunistic occurrence records of Epinepheli-
dae (groupers) and Syngnathidae (seahorses, seadragons,
pipehorses, and pipefishes) from Zhang et al. (2025), who
compiled a distribution dataset for 364 fish species belong-
ing to these families from different sources, including field
surveys and biodiversity databases (Global Biodiversity Infor-
mation Facility, Ocean Biogeographic Information System,
iNaturalist, the Atlas of Living Australia, Reef Life Survey,
Barcode of Life Database, and Integrated Digitized Biocollec-
tions). We excluded invalid records (e.g., records on land) and
removed clustered occurrences by keeping one occurrence per
3-arcminute (~5.5 km at the equator) grid cell corresponding
to the spatial resolution of our marine data layers. We retained
for analysis 196 fish species (Appendix S2) that had at least 30
occurrence records (Wisz et al., 2008). We used 57,432 records
in our study (Appendices S1 & S2). We obtained species-specific
expert range maps from the International Union for Conserva-
tion of Nature IUCN) Red List of Threatened Species (https://
www.iucnredlist.org, accessed 26 February 2024) and retained
only polygons with high confidence of occurrence (extant cate-
gory). We generated a distance layer by assigning cells inside the
expert range a value of 0 and cells outside a value equal to their
great-circle distance to the nearest polygon border.
Epinephelidac and Syngnathidae inhabit benthic coastal
waters, so we used marine benthic data layers from the Bio-
ORACLE database 3.0 (Assis et al., 2024) at a spatial resolution
of 3 arcminutes to provide sufficient geographical detail without
inflating computational demand. Different marine environ-
mental factors, including temperature, salinity, ocean currents,
pH, and oxygen, have critical effects on the distribution and
physiology of marine fish species (e.g., Miller, 2009). More-
over, bathymetric factors, such as seabed ruggedness, have
been considered when mapping spatial distributions of marine
species (Champion & Coleman, 2021). We initially considered
22 marine predictors (details in Appendix S3), which we sub-
sequently reduced to 10 after excluding predictors with high
collinearity (Pearson’s |7| > 0.7) (Dormann et al., 2013), and
expert knowledge on their ecological relevance for fish species
(e.g, Bosch et al, 2018). These variables were bathymetric
depth, ruggedness index, annual minimum pH, annual mini-
mum dissolved molecular oxygen, annual range of dissolved
molecular oxygen, annual minimum salinity, annual maximum
temperature, annual maximum current velocity, annual min-
imum current velocity, and annual mean current velocity

(Appendix S3).

SDM development

We developed separate SDMs for each of the studied marine
fish species via 4 modeling algorithms: generalized linear mod-
els (GLMs), generalized additive models (GAMs), maximum
entropy (Maxent), and random forest. We calibrated SDMs
within a 1000-km buffer around the minimum convex poly-
gon of the occurrence records for each species (Huang et al.,
2025; Waldock et al., 2022; Zhang et al., 2024). We randomly
selected 10,000 grid cells as pseudoabsences or background
data. Following best-practice recommendations for SDM stud-
ies, we tuned parameter settings for each modeling algorithm.
Following Brun et al. (2020), we fitted models with interme-
diate parameterization complexity for GLMs (intercept, linear
terms, and second order polynomials) and GAMs (3 knots
with thin plate regression splines). With Maxent and random
forest, we first fitted candidate models with different param-
eter combinations (feature class and regularization multiplier
for Maxent; tree number [number of predictors evaluated at
each split or mtry] and minimum node size for random for-
est) (details in Appendix S4). We then selected the best model
based on the omission rate and area under the receiving operat-
ing characteristic curve (AUC) calculated on the validation data
(Radosavljevic & Anderson, 2014; Zhang et al., 2021). From
the set of candidate models, we tretained 10% of the models
with the lowest training omission rate (10th percentile) and then
selected the best-performing model with the highest validation
AUC value from that subset (Radosavljevic & Anderson, 2014;
Zhang et al., 2021). When fitting random forest models, fol-
lowing the recommendation by Valavi et al. (2021), we handled
the class imbalance between occurrence and background data
with a downsampling approach in which the same number of
presence and background observations was used in each tree of
the forest. We fitted GLMs with the stats package 4.1.2, GAMs
with the mgev package 1.8.38 (Wood, 2011), Maxent 3.4.3 tuned
with the ENMeval package 2.0.5 (Kass et al., 2021), and random
forest with the randomForest package 4.6.14 (Liaw & Wiener,
2002).

For each species, we quantified predictive performance of
optimal models via a 4-fold spatial cross-validation approach.
In short, we divided the study area into 4 spatial folds with
the get.block function in ENMeval. Folds were divided by lati-
tude and longitude lines, and each contained approximately the
same number of occurrence records. We used 3 spatial folds for
model training and the remaining spatial fold for model valida-
tion. This step was repeated 4 times until all spatial folds were
used for model validation. Performance metrics were averaged
among folds. We transformed the continuous model predictions
into binary predictions (i.e., suitable or unsuitable) with the 10%
omission threshold (i.e., the 10th percentile suitability value of
species occurrences) (Huang et al., 2025; Oeser et al.,, 2025).
We calculated species richness by summing the binary distribu-
tion maps per grid cell. We reported model details following the
ODMAP metadata protocol (Zurell et al., 2020) (Appendix S4).
All analyses were conducted in R (R Core Team, 2025).

85U8D| 7 SUOLULLOD) BAIER1D) B|dedl(dde aU A peueAoh a1e e YO 88N JO S3InJ 10} A%eiq1T 8UIIUO AB]IM UO (SUOIPUOD-PUB-SLLBILID™ A8 | IM"A g 1BU1|UO//SANY) SUORIPUOD pUe SLB | 8L} 88S *[9202/50/62] U0 AiqI78ulu0 ABIIM ‘A VHE1TSYH HOYVISTY 1vOI90 1003 HO- 3H.LN3O Aq $ST0L 1G00/TTTT 0T/I0P/W00" A3 1M ARe1q 1 jpu U0 01quod//Sdny o1y pepeojumoq ‘2 ‘920 ‘6€LTESST


https://www.iucnredlist.org
https://www.iucnredlist.org

4of13 ‘“c“

¢

ZHANG ET AL.

Stacked generalization

Following the model-based data integration approach proposed
by Oeser et al. (2024), we integrated expert range maps into
SDMs with stacked generalization, a model ensemble method
that uses model predictions at one level as the inputs for
a metalearner at a second level to improve model predic-
tive performance (Naimi & Balzer, 2018; Wolpert, 1992). This
ensemble approach has been widely applied in machine learning
but has received relatively little attention in SDM studies (Oeser
et al., 2024). The metalearner helps identify an optimal weight-
ing of input algorithms, which can be advantageous compared
with simpler approaches (e.g,, weighting models based on AUC).
In addition, the approach can be used to integrate other sources
of distribution information, such as expert range maps.

Following Oeser et al. (2024), we developed 2 ensemble
models that used stacked generalization: an SDM ensemble
(metalearner predictors are predictions of the 4 SDM algo-
rithms) and an expert-informed ensemble (same as the previous
predictors but with the addition of a gridded surface with
cell values equal to the distance to the expert range polygon)
(Figure 1). Distance to the polygon is by definition 0 for points
inside the polygon. To train metalearner predictors, we used
out-of-sample predictions from cross-validation results for the
SDM algorithms to avoid overfitting (super learner approach
[Naimi & Balzer, 2018]). To fit logistic regression metalearners
with GLMs, we used a bias reduction method in the brglm?2
0.9 package (Kosmidis, 2023). Because we did not have true
species absence data, traditional discrimination metrics, such as
AUC and the true skill statistic, may be misleading as abso-
lute measures of model performance, although we used AUC
for relative comparisons during model selection to break ties
in omission rate (Leroy et al., 2018). Therefore, we measured
the predictive performance of SDMs with 3 other measures:
continuous Boyce index (Hirzel et al., 2006), a model calibra-
tion metric designed for presence—background models (Di Cola
et al., 2017); confidence in the predicted presences (Somodi
et al., 2024), a novel measure focusing on the positive certain
predictions distinguished from uncertain predictions; and con-
sistency of predicted presences (Somodi et al., 2024), a novel
transferability measure used to compare the confidence in the
training and validation subsets.

Consistency measures how much the performance of the
model decreases when switching from the training subset to
the validation subset; a large decrease suggests overfitting, and
a small decrease suggests a transferable model (Randin et al,,
2006; Warren et al., 2020). We computed the continuous Boyce
index with the ecospat package 3.2 (Di Cola et al., 2017) and cal-
culated confidence and consistency metrics with the confcons
package 0.3.1 (Somodi et al., 2024). We measured predictive
performance of the 2 ensemble models with the same 4-fold
spatial cross-validation approach described earlier. To estimate
the contribution of integrating expert range maps in SDMs, we
quantified the permutation importance of distance to the expert
range map in the expert-informed ensemble models.

We hypothesized that expert-informed ensemble models
have large effects on range estimates for species with ranges
that are strongly constrained by dispersal barriers. We illustrated
this with the Amazon—Orinoco Plume in the western Atlantic
Ocean as an example. The huge freshwater discharge of the
Amazon and Orinoco Rivers into the tropical Atlantic Ocean
results in strong environmental gradients in temperature and
salinity, among other variables, representing a significant bio-
geographic barrier to marine species dispersal (Giachini Tosetto
et al., 2022; Luiz et al., 2012). We focused on 3 species with
different distributional patterns around this oceanic barrier: yel-
lowedge grouper (Hyporthodus flavolimbatus) and yellowmouth
grouper (Mycteroperca interstitialis), which occur on both sides
of the Amazon—Orinoco Plume, and the shortfin pipefish
(Cosmocampus elncens), which occurs only on its northern side.

Drivers of dissimilarity in model predictions

We measured the dissimilarity level between the 2 types of
ensembles with and without consideration of expert range maps
and explored its potential drivers. A high degree of dissimilarity
indicated that integrating expert information on range limits had
a strong effect on the predicted species distribution. This should
particularly be the case for species with ranges strongly con-
strained by non-abiotic factors (i.e., dispersal barriers or biotic
interactions) that are not typically captured by traditional SDM
approaches.

We considered 2 similarity indices, Schoener’s D for con-
tinuous predictions and the Jaccard coefficient for binary
predictions, and computed the dissimilarity by subtracting these
indices from one (i.e., 1 — Schoener’s D and 1 — Jaccard).
To determine the drivers of dissimilarity in model predictions
between the 2 ensemble types, we fitted 2 GLMs with 6 differ-
ent candidate covariates: number of opportunistic occurrence
records, average distance of opportunistic occurrence records
to the expert range polygon (where occurrences within the poly-
gon have a distance of zero), phylogenetic group, number of
publications, extent of opportunistic occurrence records, and
conservation status. We hypothesized that a higher number of
occurrence records leads to more consistent model predictions
and thus less dissimilarity between the 2 model predictions.
For distance of opportunistic occurrence records to the expert
range polygon, a larger average distance indicates a less accurate
expert range map (assuming the occurrence data are accurate)
and less influence of the range map on the SDM prediction.
We specified fish family (Syngnathidae and Epinephelidac) as
a covariate to determine whether one group has a higher dis-
similarity level. Using the species’ scientific names as search
keywords, we extracted the number of publications for each
species from Crossref (https://www.crossref.org). Given that
understanding of biodiversity greatly depends on scientific
interest (Mouquet et al., 2024), we hypothesized that the higher
the number of publications on a species, the greater its gen-
eral scientific intetest (Adamo et al., 2021; Mammola et al.,
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FIGURE 1 Workflow of species distribution modeling that integrates expert range maps and opportunistic occurrence records (Maxent, maximum entropy;

REF, random forest; GLM, generalized linear model; GAM, generalized additive model). Shortfin pipefish (Cosmocampus elucens) are the example here. Expert range

maps of shortfin pipefish are from the International Union for Conservation of Nature Red List of Threatened Species.

2023). Expert-based range maps rely on the integration of var-
ious sources of information, including distributional data and
accumulated knowledge on species’ biology, ecology, biogeog-
raphy, and evolutionary history (Zhang et al., 2025). Therefore,
in principle, it is reasonable to assume that the more papers
published on a species, the more complete the body of knowl-

edge that can inform the generation of expert-based maps; thus,
the higher the accuracy of the expert range map, the greater its
influence on the SDM prediction. For each species, we deter-
mined the extent of its occurrence records by computing the
area of a minimum convex polygon around these records. Com-
pared with wide-ranging species, narrow-ranging species can
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have lower niche breadths (Slatyer et al., 2013), making their dis-
tributions more constrained by envitonmental conditions and
thus more predictable with SDMs trained on environmental
covariates (McPherson & Jetz, 2007). Therefore, we hypothe-
sized that narrow-ranging species have lower range prediction
dissimilarity between models that consider expert range maps
and those that do not. The geographical distributions of wide-
ranging species are more likely to be constrained by dispersal
barriers or biotic interactions, which means their relationships
with the environment should be more difficult to predict with
SDMs that do not benefit from expert range map information,
leading to higher dissimilarity. We obtained species conserva-
tion status from the IUCN Red List of Threatened Species
(https://www.iucnredlist.org, accessed 26 February 2024). We
classified species as data deficient (# = 25) and data suffi-
cient (# = 171). Data-deficient species have insufficient data on
abundance or distribution, which precludes the assessment of
their risk status, although the species and its biology may be
well studied. Therefore, we hypothesized that expert maps of
species with sufficient data better reflect their actual distribu-
tion, resulting in greater influence of expert range maps on SDM
predictions and thus higher levels of dissimilarity.

For the GLMs, we standardized the continuous covariates
with a g transformation (i.e., zero mean and unit variance)
to facilitate model convergence. We constructed GLMs in
a Bayesian framework with the brms 2.16.3 package with
4 Matkov chains and 20,000 iterations per chain with 5000
warmup interactions (Birkner, 2017). We considered a covati-
ate to have a significant effect if its 95% credible interval did
not include zero and to have a marginally significant effect if
this was true for the 90% credible interval.

RESULTS
Model predictive performance

Both model types had similarly high performance in pre-
dicting withheld data. The mean continuous Boyce index
values were not significantly different (2-sided paired Wilcoxon
signed rank tests, 17 = 8592, p = 0.269): regular ensembles
0.669 (SD 0.158) and expert-informed ensembles 0.674 (0.159)
(Figure 2a; Appendix S5). Both also showed similar reasonable
(>0.4) confidence values (I”= 7781, p = 0.214) for the pre-
dicted presences. The mean confidence measures were 0.462
(0.135) for the regular ensembles and 0.465 (0.137) for the
expert-informed ensembles (Figure 2b). However, there was
a significant difference in model transferability (I = 6679,
p < 0.001; Figute 2c). The expert-informed ensembles were
significantly more transferable, based on their higher con-
sistency for predicted presences (—0.237 [0.125]), than the
regular ensembles (—0.246 [0.123]). The permutation import-
tance of distance to expert range polygons was significantly
higher for Epinephelidae (30.0 # 28.8%) than for Syngnathidae
(17.7 £ 21.2%) (2-sided Wilcoxon signed rank tests, "= 5919,
P <0.01) (Appendix S0).

Range predictions based on different model

types

Species richness predicted by the 2 types of models showed sim-
ilar spatial patterns (Appendix A7); fishes of the 2 families were
distributed along shallow coastal waters (Figure 3), and both
types of models predicted accurately the Indo-Pacific hotspot
for the 2 families (Appendix S8). Despite these similarities in
overall richness patterns, integrating expert range maps resulted
in significantly smaller predicted range sizes (1.6 X 10° km?
[SD 1.8 X 10°) than those from regular SDM ensembles
(1.8 x 10° km? [2.2 X 10%)) (I”'= 15,624, p < 0.001) (Appendix
S9). Compared with the regular ensemble models, predictions
from expert-informed ensemble models predicted lower rich-
ness for 49.7% of nonzero richness regions (i.c., where at least
one of the ensemble methods predicted >0 richness), the same
richness in 32.7% of regions, and higher richness in 17.6% of
regions. Where the expert-informed ensemble models predicted
lower richness, the most extreme differences were in the Indo-
Pacific, southern Australia, and southern Africa (Figure 3c).
Expert-informed ensemble models tended to predict more
realistic distributions by avoiding overprediction across geo-
graphical barriers (spillovers), such as major river plumes or land
isthmuses (Figure 4).

Drivers of dissimilarity in model predictions

The regular ensembles and expert-informed ensembles pro-
duced highly similar spatial predictions (Schoenet’s D dis-
similarity 0.126 [SD 0.101], Jaccard dissimilarity coefficient
0.186 [0.140]) (Appendix S10). Regression analyses revealed
consistent results for both dissimilarity indices (Figure 5a,b).
Differences were larger between predictions for species with
larger occurrence extents, supporting our hypothesis. Our
hypotheses regarding the distance of occurrences to expert
range polygons and the number of occurrence records were also
supported because these factors had a significant negative effect
on the dissimilarity of the predictions (Figure 5). We found
a significant effect for fish family (marginally for Schoener’s
D dissimilarity index), and Syngnathidae had lower dissimilar-
ity levels than Epinephelidae (Figure 5). Conservation status
and number of publications did not significantly affect either
dissimilarity index (Figure 5).

DISCUSSION

We found that our integration of expert range maps and oppoz-
tunistic occurrence records effectively avoided overprediction
across biogeographical barriers and that the effects of expert
range map integration depended on sample size, occurrence
data extent, distance of occurrences to expert range polygon,
and taxonomic group. Our results provide evidence of the
benefits of integrating expert knowledge into species range esti-
mates and insight into the drivers of the observed differences
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FIGURE 2  Predictive performance of the 2 types of ensemble species distribution models used in the study of integration of expert range maps and
occurrence records: (a) continuous Boyce index, (b) confidence, and (c) consistency (horizontal lines, median values; box ends, interquartile range; whiskers,
maximum and minimum values no further than 1.5 X interquartile range from the box end; ***» < 0.001).

in predictions between regular SDMs and those that integrate behind those in the terrestrial realm (Robinson et al., 2011).
expert maps. However, relative to terrestrial species, the geographic distribu-
tions of marine species should be more amenable to modeling
because their geographical range boundaries more closely align
Data integration in biodiversity assessments with their thermal tolerances (Sunday et al., 2012). As a result,
the marine realm represents an ideal arena to test data integra-
Constrained by the quality and quantity of distributional and tion in SDMs with the purpose of addressing overpredictions
environmental data, SDM studies in the marine realm lag far of ranges that fail to capture species’ dispersal capabilities and
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FIGURE 4  Effect of the significant oceanic barrier of the Amazon—Orinoco Plume in the tropical Atlantic Ocean on the distribution ranges of (a) Fyporthodus

Sflavolimbatus, (c) Myctergperca interstitialis, and (€) Cosmocampus elucens based on opportunistic occurrence records (points) and International Union for Conservation of
Nature expert range polygons (red shading areas) of and range predictions based on species distribution models for (b) Fyporthodus flavolimbatus, (d) Mycteroperca

interstitialis, and (£) Cosmocampus elucens (white line, Amazon River; SDM, species distribution model). High-quality figures are available on Figshate

(https://figshare.com/s/eea6a4b3f664d6cad5ce).

limits imposed by biotic interactions. For instance, Zhang et al.
(2024) built SDMs incorporating physiological knowledge for
the Japanese sea cucumber to make range predictions with
improved accuracy; yet, their models overestimated the dis-
tribution of the species south of the Yangtze Estuary, which
represents a significant known dispersal barrier for the species.
Our results showed that the expert range map integration
approach proposed by Oeser et al. (2024) can address this issue
effectively (Figure 4). Overall, we found that estimates of marine
species’ realized ranges can be improved by integrating oppot-
tunistic occurrences and expert range maps. Such improved
estimates could inform conservation planning and management
(e.g.,, expansion of protected areas or prioritizing species and
areas for conservation) (Velazco et al., 2020).

Although our results revealed clear merits of integrating
expert range maps in SDM ensembles, the continuous Boyce
index and the confidence in predicted presences did not show
any significant difference in the predictive performance of the
2 ensembles (Figure 2a,b). Both metrics focus on predicted
presences (Hirzel et al., 2006; Somodi et al., 2024), which is
a favorable feature for presence—background SDMs (e.g., Di
Cola et al., 2017; Leroy et al., 2018). However, the main advan-
tage of integrating expert range maps is to improve predictions
of absences (i.e., excluding suitable but uninhabited areas for

different reasons, such as presence of geographical barriers),
which are not considered in these metrics. In contrast, the con-
sistency metric, which compared the predictive performance
in the training and evaluation subsets to measure the model’s
capacity to generalize the occurrence—environment relationship
(i.e., transferability), demonstrated that the transferability of
the expert-informed ensemble models was significantly better
(Figure 2c¢).

Factors influencing data integration

Differences between marine fish SDMs that do and do not
account for expert range maps (Figure 5) were associated with
the number and the extent of opportunistic occurrences, the
average distance of occurrences to expert range polygons, and
fish family. These results confirmed our hypothesis that this dis-
similarity is negatively associated with the number of occurrence
records. Because performance of SDMs is closely associated
with sample size (Wisz et al., 2008) and given that the distri-
butions of species with ample occurrence information is more
complete, range estimates of data-rich species tended to be reli-
able whether or not they accounted for expert range maps. In
addition, our results indicated that species with large occurrence
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Factors driving the difference in predictions of marine fish habitat between ensemble models and expert-informed ensemble models as measured

by (a) Schoener’s D dissimilarity index for continuous predictions and (b) Jaccard dissimilatity coefficient for binary predictions (red lines, 90% credible intervals;
blue lines, 95% credible intervals; TUCN, International Union for Conservation of Nature).

data extents showed high dissimilarity between the ensemble
models. Meyer et al. (2016) found that the degree of occut-
rence data range coverage for widely distributed species is lower
than that for species with restricted distributions. Thus, data
missing for wide-ranging species are more likely to lead to
incomplete niche estimates by SDMs, which could explain our
results.

The expert-informed ensemble models identified the criti-
cal role of the distance data layer (Appendix S6); dissimilarity
between the ensemble models was high when the average
distance of occurrences to expert range polygons was low
(Figure 5), which increased the weight of the expert map. A
deeper understanding of this relationship requires further inves-
tigation, but our results highlight that the benefits of integrating
expert range maps into the ensembles are best exploited when
the expert range map and opportunistic occurrences are in
broad spatial agreement.

Epinephelidae species showed a higher level of dissimilarity
between the ensemble models than Syngnathidae. Compared
with Syngnathidae species, Epinephelidae species exhibit a
stronger dispersal ability and utilize a broader variety of habitats

(Zhang et al., 2025). This is partially supported by the signifi-
cantly higher number of occurrences (2-sided Wilcoxon signed
rank tests, 7= 6316, p < 0.001) and larger occurrence data
extent (7= 6010, p < 0.01) of species in Epinephelidae rela-
tive to Syngnathidae (Appendix S11). We attributed the existing
difference in dissimilarity in model predictions between fish
families to the differences in the number and extent of occut-
rences and to the differences in movement abilities and habitat
preferences. Another reason for this difference might be the
variation in accuracy of expert range maps among fish families.
Oeser et al. (2024) found that when an expert range map is inac-
curate (i.e., a large proportion of occurrences are outside the
map polygon), the data integration method has a minor effect
on distribution predictions. Given the vital role of the quality
of expert range maps in data integration and the diverse range
of data and bodies of knowledge informing these maps, we
recommend that map providers include standardized metadata
detailing the type of data used and the process followed to gen-
erate these maps. Such information will help researchers assess
the quality and accuracy of expert range maps and help guide
decisions about their reliability and use (Zhang et al., 2025).
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Further perspectives

Driven by climate change, species are rapidly shifting their geo-
graphical distributions (Lenoir & Svenning, 2015; Lenoir et al.,
2020). Researchers frequently use SDMs to project the future
distribution of biodiversity (e.g., Garcia Molinos et al., 2010),
providing critical information on species vulnerability under cli-
mate change (e.g, Peng et al.,, 2023) and informing proactive
management policies (e.g.,, Velazco et al., 2020). Although data
integration can improve estimates of current realized ranges,
new approaches are needed to create future predictions that
are compatible with expert-informed ensembles, for example,
by adding dispersal buffers around the current realized range to
identify habitats that could potentially be occupied under future
climate change.

We found that range estimates from SDMs with opportunis-
tic occurrences of marine fish species benefit from integrating
expert range maps and that they can be especially useful to
help avoid overprediction past oceanic barriers. The benefits,
however, depend on species attributes, such as range size and
occurrence information. In general, we recommend the expert
range map integration approach to improve the reliability of
range estimates for marine species, but we acknowledge that
more research should be done on different taxonomic groups
to determine the universality of these findings.
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