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ABSTRACT

Aim: Reliable biodiversity assessments using species distribution models (SDMs) are essential for effective conservation and
management. Understanding factors influencing SDM performance is crucial for improving model reliability, yet such links re-
main underexplored in marine systems. To address this gap, we quantified the effects of geographical and species-level factors on
SDM performance in tropical reef fishes, aiming to provide practical guidelines on which species are more likely to yield reliable
predictions.

Location: Global tropical reef ecosystems.

Methods: We built ensemble SDMs for 1941 tropical reef fish species using occurrence records. We evaluated model predictive
performance using the continuous Boyce index, the most suitable performance metric given that we lacked quality absence data,
and two other commonly applied metrics (the area under the receiving operating characteristic curve and the true skill statistic).
We compiled 10 factors related to species’ geographical and ecological characteristics and assessed their influence on model per-
formance using phylogenetic generalised linear models.

Results: Ensemble SDMs for tropical reef fishes exhibited high predictive performance based on the three evaluation metrics.
Phylogenetic generalised linear models relating evaluation metrics to species geographical and ecological characteristics showed
modest explanatory power, with R? varying from 0.253 to 0.341. Across evaluation metrics, SDM performance was strongly
associated with species' latitude, proximity to shore, and environmental similarity between training and evaluation datasets.
For continuous Boyce index, there were additional significant effects for range size, parental care, range coverage, and species
description year.
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Main Conclusions: Our study provides a practical framework for identifying tropical reef fish species more likely to yield re-
liable SDM predictions. The identified factors offer guidance for researchers to anticipate model reliability before undertaking
extensive modelling efforts. This large-scale, multi-species comparative approach is broadly applicable to other marine taxa and

regions, advancing our ability to model and conserve marine biodiversity.

1 | Introduction

Driven by multiple threats, global biodiversity is rapidly declin-
ing (Cowie et al. 2022; Jaureguiberry et al. 2022). Therefore,
safeguarding biodiversity has become an urgent global priority.
Central to this effort is a clear understanding of species’ geograph-
ical distributions. Species distribution models (SDMs) have been
widely used to estimate species’ ranges by correlating occurrence
records with environmental predictors (Guisan and Thuiller 2005;
Elith et al. 2010). Thus far, SDMs have been applied in multiple dis-
ciplines, including conservation biology, biogeography, biological
invasions, and global change biology (Araujo et al. 2019).

Before applying SDMs in biodiversity assessments, research-
ers should properly assess the reliability of SDM outputs, since
range estimates by models with strong predictive performance
are more likely to be informative and accurate. The predictive
performance of SDMs can be influenced by various factors, in-
cluding modelling algorithms (Valavi et al. 2022), the number of
occurrence records (Wisz et al. 2008), background data sampling
method (Steen et al. 2024), and the number and type of environ-
mental predictors used (e.g., Brun et al. 2020; Santini et al. 2021).
Additionally, species-level intrinsic and extrinsic characteristics
may also affect model performance. For example, range size is
closely related to the quantity and quality of species distribution
data (Meyer et al. 2016), which may subsequently influence the
accuracy of SDM predictions (McPherson and Jetz 2007). To date,
researchers have explored factors influencing model performance
in several taxonomic groups in the terrestrial realm, including
birds (e.g., Wiethase et al. 2024), mammals (e.g., Moran-Orddiiez
et al. 2017), insects (e.g., Eskildsen et al. 2013), and plants (e.g.,
Guisan et al. 2007; Collart et al. 2023). However, just a handful of
studies have addressed this question in marine systems (Soininen
and Luoto 2014; Luan et al. 2020).

Marine and terrestrial ecosystems differ fundamentally in many
key aspects, such as biota, environments, and availability of oc-
currence records (Webb 2012; Hughes et al. 2021; Zhang, Kass,
et al. 2025), making it challenging to directly transfer findings
from land to sea. Moreover, the few available studies on marine
species focused on a limited number of species (e.g., 21 species in
Luan et al. 2020), limiting the generalizability of findings. In ad-
dition, the effects of candidate factors on SDM performance have
been inconsistent across studies (e.g., Stockwell and Peterson 2002;
Soininen and Luoto 2014). The limited empirical evidence in ma-
rine systems, combined with the contradictory findings across
studies, highlights the need for further investigation into how dif-
ferent factors influence SDM performance in marine species.

Tropical reef fishes represent an ideal taxon to fill this knowledge
gap. Tropical reef fishes are globally distributed and exceptionally
species-rich, comprising over 6000 species of considerable eco-
logical, economic, cultural, and aesthetic importance to human

societies (Parravicini et al. 2014, 2021; Langlois et al. 2022;
Mouquet et al. 2024). Moreover, tropical reef fishes exhibit re-
markable diversity in ecological and life-history traits (Parravicini
et al. 2014, 2021), which provides an excellent opportunity to ex-
plore factors influencing SDM performance in the marine realm.

We developed ensemble SDMs for nearly 2000 tropical reef fish
species, evaluated their predictive performance using three widely
used metrics, and identified factors associated with model perfor-
mance. Candidate factors were selected based on the theoretical
foundation of SDMs and scientific knowledge on the ecology of
tropical reef fishes, and hypotheses on the impact of the candidate
factors were postulated. By examining the factors influencing pre-
dictive performance of SDMs across a broad set of tropical reef fish
species, we aim to provide a practical guideline for future model
development. Such guidance is essential for improving the predic-
tive utility of SDMs in macroecological analyses and for support-
ing more targeted conservation efforts in marine ecosystems.

2 | Materials and Methods
2.1 | Species List and Distribution Data

We obtained a comprehensive list of tropical reef fishes from
Parravicini et al. (2013, 2014). We initially considered 6316
tropical reef fish species distributed across the Atlantic Ocean,
the Indian Ocean, the Pacific Ocean, and the Tropical Eastern
Pacific (Tables S1-S3). We verified scientific names by cross-
referencing the World Register of Marine Species (https://www.
marinespecies.org), which provides authoritative taxonomic in-
formation for marine organisms.

We developed SDMs for tropical reef fish species using op-
portunistic occurrence records from the Global Biodiversity
Information Facility (GBIF.org 2025, retrieved 12 October 2025,
available at https://doi.org/10.15468/dl.w7zpa6). Collection
years of opportunistic occurrence records spanned from 1639
to 2025 (Figures S1-S2). To ensure a temporal match between
species occurrences and marine data layers (between 2000 and
2014, see Marine Predictors for details) while retaining suf-
ficient data for robust model development, we decided to con-
sider records collected since 1990, deeming a 10-year temporal
window acceptable for matching. This subset comprised 93% of
available occurrences (Figure S1).

Opportunistic occurrence records represent species’ fine-scale
distribution but are susceptible to biases and errors (Zizka et al.
2019; Hughes et al. 2021; Zhang, Ma, et al. 2025; Zhang, Kass,
et al. 2025). Therefore, we filtered occurrence records before de-
veloping SDMs. We first removed erroneous records, including
records on land and invalid records (e.g., zero coordinates). Next,
we dealt with spatially clustered records, as they can adversely
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FIGURE 1 | Spatial distribution of occurrence records for 1941 tropical reef fish species used to develop species distribution models. Maps are

displayed at a spatial resolution of 10 arcmin to enhance readability.

affect model performance by artificially inflating the importance
of certain environmental conditions (Kramer-Schadt et al. 2013).
We avoided clustered occurrence records by keeping one record
per 5 arcmin grid cell, corresponding to the spatial resolution of
our predictor layers (see Marine Predictors below), followed by a
spatial thinning using a 20-km thinning distance (Hu et al. 2021).

After the above data filtering procedures, we were still at risk of
including records beyond species' known geographical ranges.
We avoided this issue with the help of expert range maps from
the International Union for Conservation of Nature Red List of
Threatened Species (hereafter IUCN Red List; https://www.
iucnredlist.org). Expert range maps are constructed using tax-
onomic and ecological knowledge, describe species’ geographic
range boundaries, and have been widely applied in macroeco-
logical studies (e.g., Thuiller et al. 2019; Chevalier et al. 2024;
Zhang, Ma, et al. 2025; Zhang, Kass, et al. 2025). For each spe-
cies, we downloaded its expert range map from the TUCN Red
List, created a 50-km buffer around the expert range polygon
following Meyer et al. (2016), and retained only occurrence re-
cords located within this buffer area.

The number of occurrence records strongly influences the pre-
dictive performance of SDMs, with species having fewer records
generally producing less reliable predictions (Wisz et al. 2008).
Therefore, we filtered the species list to retain only those with at
least 30 occurrences (Wisz et al. 2008). After filtering, we kept
1941 species for subsequent analyses, with occurrences ranging
from 30 to 2353 records per species (Figure 1 and Figure S1;
Table S1).

2.2 | Marine Predictors

Aswith macroecological studies involving multiple species (e.g.,
Thuiller et al. 2019; Chevalier et al. 2024), we used a uniform
set of predictors to estimate species-environment relationships
for nearly 2000 tropical reef fish species. While different spe-
cies might have different environmental requirements and

species-specific predictor selection would be ideal, using a uni-
form predictor set ensures methodological consistency and com-
parability across species.

Evidence from the literature shows that a variety of environmen-
tal factors can influence the geographical distributions of tropi-
cal reef fish species, including climatic, physical, chemical, and
topographical factors (Bradie and Leung 2017). Among these,
marine topographic features, such as ocean depth, are widely
recognised as key determinants of species distribution (Bradie
and Leung 2017). In addition, physicochemical properties of
the ocean, including temperature, salinity, current velocity, pH
and dissolved oxygen, have been shown to significantly affect
the survival and spatial patterns of marine fish (e.g., Bradie and
Leung 2017; Cheung et al. 2021).

Based on this evidence, we initially sourced 14 marine predic-
tors from the Bio-ORACLE version 2.2 database at a spatial
resolution of 5 arcmin, which describes marine conditions for
the period 2000-2014 (Assis et al. 2018) (Table S2). To reduce
multicollinearity among predictors, we computed pairwise
Pearson correlation (r) among predictors (Figure S3). Based
on evidence from the literature (e.g., Bradie and Leung 2017;
Mellin et al. 2010; Cheung et al. 2021) and our expert knowl-
edge on tropical reef fish ecology, we selected the most ecolog-
ically meaningful predictor among highly correlated predictors
(i.e., Ir1>0.7) (Dormann et al. 2013) (Table S2). Following this
multicollinearity assessment, we retained five predictors: ocean
depth, maximum sea surface temperature, pH, minimum sea
surface salinity, and maximum current velocity (Figure S3,
Table S2). Note that the maximum and minimum data layers
represent the interannual minimum and maximum monthly
values observed during 2000-2014 (Assis et al. 2018).

2.3 | Model Development

To ensure reproducibility of our modelling analyses, we reported
all steps via a standard ODMAP (Zurell et al. 2020; Table S3).
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The choice of modelling algorithms is a major source of un-
certainties in biodiversity assessment (e.g., Thuiller et al. 2019;
Valavi et al. 2022). To ensure the robustness of our results and
reduce uncertainties associated with algorithm choice, we de-
veloped ensemble SDMs using three algorithms: generalised ad-
ditive model (GAM), maximum entropy (MaxEnt) and random
forest (RF). These three algorithms include regression and ma-
chine learning techniques, and they have been widely applied in
marine biodiversity studies (Melo-Merino et al. 2020).

For each fish species, we generated a calibration area by applying
a 1000km buffer around occurrence records (Huang et al. 2024;
Zhang, Ma, et al. 2025; Zhang, Kass, et al. 2025) and randomly
selected pseudo-absence points (background data for MaxEnt)
within this extent. There are several recommendations in the
literature about the optimal numbers of pseudo-absences (e.g.,
Barbet-Massin et al. 2012; Steen et al. 2024; Whitford et al. 2024;
Zbinden et al. 2024). We followed more traditional recommen-
dations and generated 10,000 random points as pseudo-absences
for all algorithms (Elith et al. 2011; Barbet-Massin et al. 2012;
Valavi et al. 2021). Following best practice regarding SDMs (e.g.,
Aragjo et al. 2019; Feng et al. 2019), we optimised model com-
plexity to enhance accuracy and reduce the risk of overfitting.
A complete description of the modelling workflow, including
detailed information on model complexity optimization, is pro-
vided in the ODMAP protocol (Table S3).

We evaluated model performance using a spatially stratified
four-fold cross-validation approach. For each species, occur-
rence and pseudo-absence records were divided into four spatial
blocks using the get.block function in the ENMeval R package
(Kass et al. 2021). Three blocks were randomly selected for
model training, and the remaining block was used for model
evaluation (Valavi et al. 2019; Huang et al. 2024). This step was
repeated four times until all blocks were used for model evalu-
ation. Model performance represents the average across all four
cross-validation iterations. While spatial block cross-validation
allows the use of more than four folds (e.g., Valavi et al. 2019),
the lower the number of folds, the less biassed performance
measures are expected. Therefore, we selected four folds, which
is typical in SDM studies (Kass et al. 2021).

Various metrics have been proposed to assess SDM perfor-
mance. In this study, we evaluated the predictive performance
of each modelling algorithm using three commonly used met-
rics: (a) the continuous Boyce index (CBI) (Hirzel et al. 2006),
which is specifically designed for presence-only models; (b)
the widely used AUC (Hanley and McNeil 1982); and (c) the
prevalence-independent true skill statistic (TSS) (Hanssen and
Kuipers 1965; Allouche et al. 2006). Although researchers have
pointed out the limitations of AUC (e.g., Lobo et al. 2008) and
TSS (e.g., Somodi et al. 2017; Leroy et al. 2018) as model evalua-
tion metrics, we included them in our analyses for comparative
purposes as they are widely used—although often improperly—
in the SDM literature.

Finally, we assembled the outputs of the three algorithms to
generate consensus predictions about species distributions. We
constructed four ensemble models: one average ensemble model
and three weighted (using CBI, AUC and TSS as weighting cri-
teria) average ensemble models. We measured the predictive

performance of ensemble models using the abovementioned
spatial cross-validation approach.

2.4 | Candidate Factors Influencing Model
Performance

Building on existing evidence of factors influencing the predic-
tive performance of SDM, and their potential roles in shaping
species geographical distributions, we considered 10 candidate
factors in our analyses (Table 1, Table S1), including:

a. Range size: Range size represents a fundamental ecolog-
ical and evolutionary characteristic (Brown et al. 1996;
McPherson et al. 2004) and its effects on model per-
formance has been frequently tested (e.g., McPherson
et al. 2004; Wogan 2016). On the one hand, compared with
narrow-ranging species, wide-ranging species typically
have a higher number of occurrences, which should result
in SDMs with better performance (e.g., Meyer et al. 2016;
Yang et al. 2021). On the other hand, since range size is
positively associated with species niche breadth (Galiana
et al. 2023), wide-ranging species might have less accurate
pseudo-absences than narrow-ranging species, potentially
leading to poorer model performance (e.g., Hernandez
et al. 2006; Newbold et al. 2009). We determined species
range size by calculating the size of IUCN expert range
maps.

b. Latitude: There is a latitudinal gradient in knowledge of
biodiversity information and low-latitude species generally
have incomplete distribution information (Menegotto and
Rangel 2018; Hughes et al. 2021). Therefore, we hypoth-
esise that SDMs for low-latitude fish species might have
poorer predictive performance. We determined species' lat-
itude by calculating the median absolute latitude of species
occurrence records.

TABLE 1 | Candidate factors that potentially affect predictive
performance of species distribution models for tropical reef fishes.

Factor Type Value
Range size Continuous 0.14-
225.54%x10°km?
Latitude Continuous 0.56°-57.38°
Environmental Continuous 44%-99%
similarity
Proximity to shore Continuous 2-286km
Range coverage Continuous —625to —381km
Data availability Categorical Data-deficient or
data-sufficient
Species description Continuous 1758-2011
year
Body size Continuous 1.2-539.2cm
Trophic level Continuous 1.9-4.5
Parental care Categorical Yes or no
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c. Environmental similarity between training and evalua-
tion datasets: In SDM studies, it is problematic and unreli-
able to make predictions into novel environmental spaces
(Elith et al. 2010; Nguyen and Leung 2022). We therefore
hypothesise that model performance should be positively
correlated with the degree of environmental similarity
between training and evaluation datasets. As described
earlier, we partitioned data into training and evaluation
datasets via a four-fold spatial cross-validation approach.
We measured environmental similarity between training
and evaluation datasets using the multivariate environ-
mental similarity surface (MESS) (Elith et al. 2010) and
calculated the average proportion of positive MESS values
across the four evaluation datasets. A higher proportion
of positive MESS values indicates a greater level of envi-
ronmental similarity between training and evaluation
datasets.

d. Proximity to shore: Sampling in marine systems is strongly
constrained by accessibility and species near coastlines are
generally better sampled (Hughes et al. 2021). Thus, we
expect that SDMs for nearshore species will exhibit better
performance. We quantified proximity to shore by calcu-
lating median distance of species occurrence records to
shore.

e. Range coverage: Distribution data are geographically bi-
assed, and such bias varies greatly among species (Meyer
et al. 2016). Species with a higher level of bias in distribu-
tion data should produce poorer SDMs. Following Meyer
et al. (2016), we measured species-level bias in occurrence
records by calculating range coverage with the help of
TUCN expert range maps and species occurrence records.
For each species, (1) we randomly generated 1000 points
within its IUCN expert range map, (2) for each random
point, we calculated its minimum distance to species oc-
currence records, and (3) we determined range coverage as
the negative mean minimum distance (see detailed expla-
nation in Meyer et al. 2016). A larger value of range cover-
age indicates that the distribution data is less biassed.

f. Data availability: We retrieved conservation status of fish
species from the TUCN Red List and classified them as ei-
ther data-deficient (i.e., Data-Deficient) or data-sufficient
(i.e., all other categories from Least Concern to Extinct).
We hypothesise that data-sufficient species have received
more research attention and monitoring, and thus their
SDMs should perform better than those of data-deficient
species.

g. Species description year: Compared with newly described
species, we should accumulate more abundant and complete
distribution data for species described earlier. Hence, we
hypothesise that SDMs for species described earlier should
have higher performance. We extracted year of description
information for each fish species from the World Register of
Marine Species (https://www.marinespecies.org).

h. Body size: The relationship between body size and model
performance has been explored across taxa (Soininen
and Luoto 2014). On the one hand, larger bodied species
are expected to be more easily detected and monitored
(McPherson and Jetz 2007), tend to have better-documented

distributions (Meyer et al. 2016), and allow for more accu-
rate pseudo-absences generation, potentially improving
model performance. On the other hand, larger-bodied fish
are typically more mobile and more likely to escape from
sampling efforts, which may result in incomplete detection
of their true distributions and poor SDMs.

i. Trophic level: The geographical distributions of species
are influenced not only by abiotic environmental condi-
tions but also by prey availability and food web dynamics
(Soininen and Luoto 2014), which can be approximated
with the trophic level. The effect of trophic level on SDM
predictive performance remains inconclusive in the liter-
ature (e.g., Huntley et al. 2004; McPherson and Jetz 2007,
Giannini et al. 2013; Luan et al. 2020). Though fish species
at any trophic level are influenced by prey or food availabil-
ity, we hypothesise that the distribution of higher-trophic-
level species may be more difficult to model due to their
dependence on complex food web dynamics, leading to re-
duced SDM performance.

j- Spawning type: Fish species exhibiting parental care be-
haviour (e.g., mouthbrooding) often have more stable pop-
ulations, higher offspring survival, and greater tolerance to
environmental stressors (e.g., Gross and Sargent 1985). We
therefore expect these species to be more easily monitored,
resulting in improved SDM performance.

We obtained values for body size, trophic level and spawning
type from Thorson et al. (2023), who predicted life-history at-
tributes for over 32,000 fishes using phylogenetic comparative
methods and structural equation models.

To explore the effects of these candidate factors on SDM per-
formance, we fitted a generalised linear model (GLM) using a
Bayesian framework. Continuous factors were z-transformed
(zero mean and unit standard deviation) to improve model
convergence and interpretability. All continuous predictors
were included in the analysis as correlation among them was
low (Figure S4). Although model performance metrics are not
biological traits, phylogeny was included as a random effect to
conservatively account for potential non-independence arising
from shared, unobserved species attributes. Because closely
related species often share similar characteristics (Li and
Ives 2017), we accounted for phylogenetic non-independence
by incorporating a random effect. We used the rtrees R pack-
age (Li 2023) to construct a phylogeny for the tropical reef
fish species based on a fish mega-tree (Rabosky et al. 2018)
and calculated a variance-covariance matrix. For each model
performance metric, we fitted a GLM using the brms R pack-
age, incorporating the variance-covariance matrix as a ran-
dom effect (Biirkner 2017). We ran four independent chains of
20,000 iterations each, discarding the first 5000 as warm-up.
We assessed the variance explained by each model using con-
ditional R?. Factors were considered significant predictors if
the 95% credible intervals of their coefficients did not over-
lap with zero. We assessed model convergence using the po-
tential scale reduction factor (K) and effective sample size
(ESS). All parameters had R values close to 1 and sufficiently
large ESS, indicating good convergence. We further com-
puted the relative contribution of each factor in GLMs using
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FIGURE 2 | Distributions of predictive performance for tropical reef fishes using the ensemble species distribution models. Model performance
was assessed with three metrics: (a) continuous Boyce index, (b) area under the receiver operating characteristic curve, and (c) true skill statistic. The
values in each panel represent the mean +standard deviation of model performance. The vertical dashed lines indicate the mean values of model

performance.

a hierarchical partitioning approach via the glmm.hp. R pack-
age (Lai et al. 2022).

3 | Results
3.1 | Ensemble Model Predictive Performance

Our results showed that regardless of evaluation metrics, the
predictive performance of these four ensemble models was
highly correlated (Pearson's r for CBI: 0.80-0.99; Pearson's r
for AUC: 0.94-1.00; Pearson's r for TSS: 0.96-1.00; Figure 2 and
Figures S5-S8). Moreover, the effects of candidate factors on
model predictive performance were identical across four ensem-
ble models (Figures 3-5 and Figures S9-S11). Therefore, for sim-
plicity, we only presented results of average ensemble models in
the main text.

Overall, ensemble SDMs for 1941 tropical reef fish species
exhibited satisfactory predictive performance, with average
(£SD) CBI of 0.616 (+0.252), AUC of 0.924 (+0.043) and TSS
of 0.809 (+0.081) (Figure 2). Across these three evaluation
metrics, AUC and TSS were strongly positively correlated
(Pearson's r=0.94, p<0.001), whereas CBI showed a weaker
correlation with both AUC (Pearson's r=0.44, p<0.001) and
TSS (Pearson's r=0.23, p<0.001) (Figure S12). Following
the classification criteria of Engler et al. (2011) and Huang
et al. (2024), models were considered good if CBI > 0.4, AUC
>0.7 and TSS >0.4. Based on these thresholds, we produced
good models for 82% of tropical reef fishes (1591 out of 1941
species).

3.2 | Links Between Candidate Factors and Model
Performance

The explanatory power of the GLMs relating model predictive
performance to candidate factors varied across evaluation
metrics. The corresponding conditional R? values were 0.341
for CBI, 0.254 for AUC and 0.253 for TSS, respectively. Across

these three evaluation metrics, three factors consistently
emerged as significant predictors (Figures 3-5, Table S4).
Environmental similarity between training and evaluation
datasets was significantly positively correlated with predic-
tive performance (i.e., the more similar the environments,
the higher the predictive performance), while species' latitude
(the higher the latitude, the better the model performance)
and proximity to shore (the closer to shore, the better the
model performance) were significantly negatively associated
with predictive power (Figures 3-5).

Apart from these consistent patterns, we also observed contrast-
ing results among evaluation metrics. The effect of range size
and range coverage was significant across all three evaluation
metrics, showing a positive association with CBI (Figure 3) but
negative associations with AUC (Figure 4) and TSS (Figure 5).
The effect of body size was significant in AUC only (Figure 4),
while parental care behaviour exhibited a significant effect in
CBI only (Figure 3). We found that species description year had a
significant effect in both CBI and TSS, but in opposite directions
(Figures 3 and 5). The relative contribution of these candidate
factors in GLMs varied among evaluation metrics: range cover-
age was the most influential factor in GLM for CBI (Figure 3),
whereas environmental similarity between training and eval-
uation datasets was the most important predictor in GLMs for
AUC (Figure 4) and TSS (Figure 5).

4 | Discussion

We developed ensemble SDMs for nearly 2000 tropical reef fish
species and assessed factors influencing model predictive perfor-
mance. Proximity to shore, species'’ latitude, and environmental
similarity between training and evaluation datasets consistently
emerged as key predictors of SDM performance across all three
evaluation metrics considered. The findings related to species
characteristics offer a practical basis for identifying species that
are more likely to yield reliable model predictions, with import-
ant implications for biodiversity analyses and the development
of conservation strategies.
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FIGURE3 | Factorsinfluencing the performance of the ensemble species distribution models for tropical reef fishes, measured by the continuous

Boyce index. In the left panel, the dots represent the median values of the estimated posterior distributions, with horizontal lines indicating the 95%

credible intervals. Significant effects are highlighted in blue (positive effect) and red (negative effect). The right panel illustrates the relative contri-

bution of each factor to model performance.

4.1 | Factors Affecting Model Performance

The significant role of proximity to shore may result from bi-
ases inherent in occurrence data. Occurrence data for marine
species are often concentrated in accessible nearshore coastal
areas, whereas offshore regions are underrepresented due to
logistical constraints (Hughes et al. 2021). Such sampling bias
likely contributes to reduced SDM performance for offshore
species. Apart from biases in occurrence data, the significant
effect of proximity to shore might also reflect differences in
site fidelity. Nearshore habitats are typically characterised by
high structural complexity created by habitat-forming species
such as corals and seagrasses, and fish inhabiting these envi-
ronments tend to exhibit strong site fidelity and high habitat
specialisation (e.g., Sale 1978; Streit et al. 2021). These charac-
teristics increase the degree to which species distributions are
constrained by environmental conditions (Brodie et al. 2021;
Klaassen et al. 2025). As a result, the geographical distribu-
tions of nearshore species are expected to be more predictable
from environmental variables than those of offshore species.
Similarly, the positive relationship between species’ latitude
and SDM performance in tropical reef fishes can be partially
attributed to the pronounced tropical gap in species occur-
rence records (e.g., Menegotto and Rangel 2018). Beyond data
bias, the latitudinal variation in SDM performance may also
reflect underlying gradients in biotic interactions across lat-
itudes. For example, Longo et al. (2019) quantified latitudi-
nal variation in trophic interactions in the Western Atlantic

and found that interactions were stronger in the tropics. This
pattern suggests that biotic interactions exert a greater influ-
ence on the geographical distributions of low-latitude species
than on those of high-latitude species. Consequently, SDMs
ignoring biotic interactions are likely to have lower predic-
tive accuracy for low-latitude species. This finding highlights
the importance of considering biotic interactions in SDMs,
especially for tropical species (e.g., Zhang et al. 2024; Qu
et al. 2025).

Our results demonstrate that SDM predictive performance is
positively correlated with the environmental similarity be-
tween training and evaluation datasets. This is expected be-
cause SDMs learn species-environment relationships from the
training data, and these relationships can be reliably and con-
fidently applied to evaluation datasets that occupy a similar
environmental space (Elith et al. 2010). This result highlights
the already-known inherent uncertainty in predicting species
distributions under novel climatic conditions and serves as a
caution against extrapolating SDMs across different spatial (e.g.,
biological invasions) and temporal (e.g., global change biology)
scales (Araujo et al. 2019; Zurell et al. 2020).

We found great variation in the relative contribution of different
factors across three evaluation metrics; besides, we also detected
inconsistent effects of several factors (e.g., range size and body
size) on model performance across evaluation metrics. These in-
consistencies suggest that the choice of evaluation metric can
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FIGURE4 | Factorsinfluencing the performance of the ensemble species distribution models for tropical reef fishes, measured by the area under

the receiver operating characteristic curve. In the left panel, the dots represent the median values of the estimated posterior distributions, and the

horizontal lines indicate the 95% credible intervals. Significant effects are highlighted in blue (positive effect) and red (negative effect). The right

panel shows the relative contribution of each factor to model performance.

affect how species traits relate to model performance. To ensure
robust inferences, we recommend using multiple evaluation
metrics in future studies. In our study, we developed SDMs for
tropical reef fish species using presence-background data due
to the lack of quality absence data. Under such circumstances,
evaluation metrics including AUC (Lobo et al. 2008) and TSS
(Leroy et al. 2018) are misleading whereas CBI represents a re-
liable metric (Hirzel et al. 2006). The phylogenetic GLM for CBI
further identified the significant effects of range size, parental
care, range coverage and species description year on model
performance. We detected a significant positive correlation be-
tween range size and CBI values. Researchers have proposed a
variety of hypotheses to explain interspecific variation in spe-
cies' range sizes, among which dispersal ability is considered a
key determinant, with wide-ranging species generally exhibit-
ing higher dispersal ability than narrow-ranging species (e.g.,
Brown et al. 1996). Consequently, compared with wide-ranging
species, narrow-ranging species may occupy only a limited pro-
portion of their environmentally suitable geographical space
due to dispersal constraints. As a result, species-environment
relationships inferred from SDMs for narrow-ranging species
are more likely to be truncated, leading to lower predictive per-
formance. Our results showed that SDMs for species with pa-
rental care had higher CBI. Parental care enhances offspring
survival and buffers against harsh environmental conditions
(Guindre-Parker and Rubenstein 2018; Gross and Sargent 1985),
leading to greater temporal stability in population persistence
(Takeuchi et al. 2009). As a consequence, occurrence records of

species with parental care are more consistently aligned with
environmentally suitable conditions through time, capturing a
stable species-environment signal that enhances the predictive
performance of SDMs. Regarding species description year, as
expected, SDMs for recently described tropical reef fish species
exhibited poor predictive power. These newly described species
are typically cryptic and their geographical range is restricted,
confined to remote or poorly surveyed regions (Ceballos and
Ehrlich 2009). Substantial gaps in ecological knowledge for
newly described species might limit the ability of SDMs to accu-
rately characterise their environmental requirements. Together
with evidence that newly described species face elevated ex-
tinction risk (Liu et al. 2022), our finding highlights the need to
prioritise conservation efforts for newly described species. We
found a significantly positive association between range cover-
age and CBI score. This is reasonable because species with high
range coverage have less biassed occurrence records and are
more likely to produce SDMs with high predictive performance.

Despite the robustness of our findings, some limitations should
be noted. The explanatory power of our phylogenetic GLMs was
modest (R?<0.35), which is quite common in large-scale and
multi-taxa ecological studies (e.g., McPherson and Jetz 2007).
We hypothesise that different mechanisms might account for
the modest explanatory power in our study, such as missing di-
rect factors in GLMs and/or non-linear effects of these candi-
date factors. Besides, we built SDMs using a uniform predictor
set, which might overlook species-specific predictors such as
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Factors influencing the performance of the ensemble species distribution models for tropical reef fishes, measured by the true skill

statistic. In the left panel, the dots represent the median values of the estimated posterior distributions, and the horizontal lines indicate the 95%

credible intervals. Significant effects are highlighted in blue (positive effect) and red (negative effect). The right panel shows the relative contribution

of each factor to model performance.

habitat and biotic interactions. We encourage future studies to
account for these predictors if possible. Following best-practice
guidelines, we built SDMs by generating 10,000 random pseudo-
absence data. It has been demonstrated that pseudo-absence
data generation greatly influences the predictive performance
of SDMs (e.g., VanDerWal et al. 2009; Barbet-Massin et al. 2012;
Steen et al. 2024), which may in turn alter the associations be-
tween candidate factors and model performance. We encourage
further studies to clarify these issues.

4.2 | Implications for Marine Biodiversity Studies

Our findings yield two key recommendations for improving ma-
rine biodiversity modelling and conservation.

First, given the negative effects of proximity to shore and posi-
tive effects of species’ latitude on SDM performance, expanding
data collection in less-accessible marine areas (e.g., offshore and
low-latitude areas) is essential. Currently, most available data
come from easily surveyed areas (i.e., nearshore shallow wa-
ters), charismatic taxa, and developed countries. For example,
marine species are better documented near research stations
(Rubio-Lopez et al. 2023), while soft-bodied or microscopic or-
ganisms remain understudied (Martinez et al. 2025). Since data
availability often influences conservation funding (e.g., in birds;
Correia et al. 2024), we emphasise the importance of targeting
underexplored taxa and regions.

To address these disparities, we recommend increasing targeted
research funding, promoting interdisciplinary collaboration,
and leveraging policy mechanisms to support biodiversity data
collection. Additionally, emerging technologies and community-
based efforts can greatly expand monitoring coverage. For ex-
ample, environmental DNA has proven to be a non-invasive
and effective tool for biodiversity monitoring, even in deep-sea
habitats (see review by Lu et al. 2024). Likewise, citizen science
platforms such as iNaturalist (www.inaturalist.org) provide
high volumes of high-quality observations, contributing to bio-
diversity knowledge and conservation efforts.

Second, broader biodiversity conservation strategies are needed
to address systematic biases in data availability. Our findings
showed that range coverage, a metric measuring bias in dis-
tribution data, has a significant effect (though different effects
across metrics) on model accuracy. Combined with prior reports
of geographic and taxonomic biases in biodiversity data (e.g.,
Meyer et al. 2016; Hughes et al. 2021) and unequal conserva-
tion funding across taxa (e.g., Mammola et al. 2020; Correia
et al. 2024; Guénard et al. 2025), these results underscore the
urgency of pursuing more equitable biodiversity targets.

Future efforts should focus on understanding the origins of
bias, improving data coverage for poorly studied species, and
optimising the allocation of conservation resources. In marine
regions where biodiversity data are particularly scarce or in-
accessible, recent developments in artificial intelligence offer

Diversity and Distributions, 2026

90f13

95U8917 SUOWIWIOD SAITERID 3|qealdde ay) Ag peusenob ae sape WO ‘esn J0 Sain. Joj AkeiqiTauluQO AS|IM UO (SUONIPUCO-PUR-SW.RY/LI0D A8 | 1M ARe1q 1 BUI|UO//:SA1Y) SUONIPUOD pue SWis 1 8u1 39S *[9202/c0/02] Uo Akeiqiauliuo AS|IM ‘09T0Z IPP/TTTT OT/I0P/W02 A8 IM Alelq1BulUD//:SANY WOJ) pepeojuMOd ‘2 ‘9202 ‘2rove.T


http://www.inaturalist.org

promising solutions. For example, large language models have
shown great potential for extracting biodiversity data from
unstructured text (e.g., Castro et al. 2024; Branco et al. 2025).
These tools can not only fill information gaps in biodiversity
data and enhance spatial predictions but also generate novel
hypotheses that guide future field surveys, as highlighted by
Pollock et al. (2025). Only through such integrated and equi-
table strategies can we achieve meaningful progress in safe-
guarding marine biodiversity.
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