'.) Check for updates

Received: 18 December 2024 | Accepted: 9 August 2025

DOI: 10.1111/1365-2664.70163

Uncertainty in blacklisting potential Pacific plant invaders using
species distribution models

Valén Holle! ® | Anna Rénnfeldt!® | Katrin Schifferle!® | Juliano Sarmento Cabral*®® |

Dylan Craven**® | Tiffany Knight®*”®°® | Hanno Seebens'®® | Patrick Weigelt'!® |
Damaris Zurell*

1University of Potsdam, Institute of Biochemistry and Biology, Potsdam, Germany; 2School of Biosciences, College of Life and Environmental Sciences,
University of Birmingham, Birmingham, UK; *Department of Plant Biodiversity, Ecological Modelling, Bonner Institute for Organismal Biology, University

of Bonn, Bonn, Germany; *GEMA Center for Genomics, Ecology & Environment, Universidad Mayor, Santiago, Chile; >Data Observatory Foundation, ANID
Technology Center No. DO210001, Santiago, Chile; 6Department of Species Interaction Ecology, Helmholtz Centre for Environmental Research—UFZ, Leipzig,
Germany; ’German Centre for Integrative Biodiversity Research (iDiv), Halle-Jena-Leipzig, Leipzig, Germany; 8Institute of Biology, Martin Luther University
Halle-Wittenberg, Halle (Saale), Germany; ’Department of Science and Conservation, National Tropical Botanical Garden, Kalaheo, Hawaii, USA; °Department
of Animal Ecology & Systematics, Justus Liebig University, Giessen, Germany and 11Department of Environmental Science, Radboud Institute for Biological and
Environmental Sciences (RIBES), Radboud University, Nijmegen, The Netherlands

Correspondence
Valén Holle Abstract
Email: valenholle@uni-potsdam.de 1. Invasive alien species pose a growing threat to global biodiversity, underscoring
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Deutsche Forschungsgemeinschaft,
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cies and to inform blacklists based on establishment risk. Yet, data limitations and

Handling Editor: Akira Mori modelling decisions can introduce uncertainty in these predictions. Here, we aim
to quantify the contribution of four key sources of uncertainty in SDM-based
blacklists: species occurrence data, environmental predictors, SDM algorithms
and thresholding methods for binarising predictions.

2. Focusing on 82 of the most invasive plant species on the Hawaiian Islands, we
built SDMs to quantify their establishment potential in the Pacific region. To as-
sess uncertainty, we systematically varied four modelling components: species
occurrence data (native vs. global), environmental predictors (climatic vs. edapho-
climatic), four SDM algorithms and three thresholding methods. From these
models, we derived blacklists using three alternative blacklisting definitions and
quantified the variance in establishment risk scores and resulting species rankings
attributable to each source of uncertainty.

3. SDMs showed fair predictive performance overall. Among the sources of un-
certainty, the thresholding method had the strongest and most consistent influ-
ence on risk scores across all three blacklist definitions but resulted in only minor

changes in blacklist rankings.
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4. Algorithm choice had the most pronounced effect on blacklist rankings, followed

by smaller but important effects of species occurrence data and environmental
predictors. Notably, models based only on native occurrences often underesti-

mated establishment potential.

. Synthesis and applications. SDMs can provide valuable support for planning the

preventive management of alien species. However, our findings show that black-
list outcomes are highly sensitive to modelling decisions. While ensemble mod-
elling across multiple algorithms is a recommended best practice, our results
reinforce the importance of incorporating global occurrence data when available
and carefully evaluating the trade-offs of including additional environmental pre-
dictors. Given the strong influence of thresholding on risk scores, we empha-
sise the need for transparent, context-specific threshold selection. More broadly,
explicitly assessing uncertainty in SDM outputs can improve the robustness of
blacklists and support scientifically informed, precautionary decision-making,

particularly in data-limited situations where pragmatic modelling choices must be

taken.
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1 | INTRODUCTION

Invasive alien species have been identified as a major direct driver
of native biodiversity loss on a global scale, and a threat to human
health and ecosystem services (IPBES, 2023; Pysek et al., 2020).
The magnitude of these impacts is predicted to increase rapidly,
as the breakdown of biogeographical barriers continues to be
facilitated by the worldwide expansion of trade and transport
(Seebens et al., 2021). To slow down the accumulation of alien spe-
cies, evidence-based efforts in implementing effective manage-
ment strategies, specifically targeting the prevention of biological
invasions, are urgently needed (Seebens et al., 2017; Simberloff
et al., 2013). In light of limited resources, such as financial and
time constraints, priority setting is key for planning adequate pre-
vention measures and maximising expected conservation benefits
(Bellard et al., 2017; Ziller et al., 2020). For this purpose, blacklists
have proven to be an effective policy tool to regulate introduc-
tions by providing a ranked priority list of alien species that pose
a high risk of becoming naturalised and invasive (Cerri et al., 2022;
Ziller et al., 2020). Importantly, such blacklists should rely on ob-
jectively quantified invasion risks of species to serve as a robust
decision tool (Gallien et al., 2019; Pili et al., 2024).

Correlative species distribution models (SDMs) have become a
widely used decision-support tool for risk analysis (Li & Wang, 2013;
Peterson et al.,, 2011). These models statistically relate observed
species occurrences to current environmental conditions and can be
used to predict a species' potential distribution in non-native areas.
SDMs are comparably easy to use, have low data requirements and

blacklisting, ecological niche, ensemble predictions, habitat suitability models, islands, plant

benefit from the increasing availability of global biodiversity and
environmental data (Wiest et al., 2020). However, if SDMs are to
inform management decisions, such as the creation of blacklists
for invasive species, a thorough analysis of uncertainties related to
methodological and fundamental limitations is essential (Barbet-
Massin et al., 2018; Buisson et al., 2010; Sittaro et al., 2023). Previous
work has shown that the choice of SDM algorithms can affect spatial
and temporal predictions, especially under global change scenarios
(Buisson et al., 2010; Thuiller et al., 2019). To mitigate this challenge
and enhance the robustness of species distribution predictions,
considering multiple algorithms in an ensemble modelling approach
has become best practice (Aradjo et al., 2019; Araujo & New, 2007).
However, uncertainty in SDMs extends well beyond algorithm
choice. Comparatively less attention has been paid to the sensitivity
of SDMs to variation in species and environmental input data, which
could be of particular relevance when modelling distributions of po-
tentially invasive species (Beaumont et al., 2009). A further, often
overlooked source of uncertainty is the thresholding method used to
convert continuous occurrence probabilities into presence-absence
predictions. Threshold choice can profoundly influence model per-
formance, spatial predictions and thus the estimated establishment
risk of non-native species (Hellegers et al., 2025; Liu et al., 2013;
Nenzén & Araujo, 2011). This has direct implications for conserva-
tion tools such as blacklists, where divergent thresholding criteria
may result in inconsistent risk classifications. Taken together, these
considerations underscore that a comprehensive evaluation of SDM
uncertainty must go beyond algorithm choice to explicitly include
the effects of input data (species occurrences and environmental
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predictors) and thresholding decisions. This is particularly important
in applied contexts where SDMs guide regulatory decisions under
data limitations and high stakes.

The choice of species input data is not trivial for alien species.
SDMs are commonly perceived as modelling the realised ecologi-
cal niche (Elith & Leathwick, 2009). However, while a species' real-
ised niche reflects the environmental (abiotic and biotic) conditions
within its geographical range of current occurrences, evidence sug-
gests that different realised niches could emerge when a species
is introduced to a new geographical area (Arlé et al., 2024; Guisan
et al., 2014). Possible reasons are associated with changes in the
abiotic and biotic conditions promoting release from biotic con-
straints, changes in biotic interactions or rapid genetic adaptation
(Gallien et al., 2010; Guisan et al., 2014). These differences between
native and non-native regions can ultimately lead to distinct realised
niches, violating the underlying key assumption of niche conserva-
tism in SDMs and their applications (Barbet-Massin et al., 2018). The
reduced model transferability when extrapolating into new regions
can therefore result in an underestimation of the species' estab-
lishment potential (Beaumont et al., 2009). To address this issue,
it has been suggested to include all available species occurrences
from native and non-native areas together to provide a more com-
prehensive estimation of the realised niche (Beaumont et al., 2009;
Gallien et al., 2012; Liu et al., 2022). However, the use of such global
data depends on the availability of sufficient non-native occurrence
records, which are often lacking, especially in early-stage invasions
or in data-poor regions. This trade-off between data completeness
and niche coverage is a critical source of uncertainty affecting model
predictions for potentially invasive species and their applicability for
risk assessment.

Another important source of uncertainty lies in the selection
of environmental predictors. These variables should capture the
ecological requirements of a species to produce ecologically mean-
ingful and accurate predictions (Descombes et al., 2020). Climate
predictors are widely used to determine species distributions, pre-
sumably due to their recognised role as a primary determinant of
species distributions and the high availability of global climate data
(Guisan et al., 2017). But particularly for plants, the complementary
consideration of soil properties in SDMs, such as soil pH and nitro-
gen content, can significantly improve prediction quality (Dubuis
et al., 2013), suggesting that these could also be of relevance for
predicting non-native plant distributions (Lazaro-Lobo et al., 2021;
Sittaro et al., 2023). Yet, soil data are often derived from interpo-
lated global maps with variable spatial coverage and regional accu-
racy (Poggio et al., 2021), which introduces further uncertainty. This
creates a trade-off between richer environmental information and
consistent spatial coverage that can impact model transferability,
particularly when extrapolating to new regions. Together, uncertain-
ties arising from species occurrence data and environmental predic-
tors are especially relevant for invasive species management, where
decision-makers often must base their decisions on patchy, sparse, or
regionally biased data. Understanding how these modelling choices
(algorithm choice, threshold choice, species data and environmental

data) affect the robustness of blacklist rankings is essential for gen-
erating scientifically informed, actionable risk assessments.

To better understand the uncertainties linked with SDMs and
their implications for blacklisting potentially invasive species, the
Pacific region represents an ideal study system. The Pacific Islands
have rich biodiversity and high levels of endemism that are highly
threatened by biological invasions. Compared to other regions of
the world, the Pacific region demonstrates the steepest regional re-
lationship between alien plant species and area, meaning that the
fastest increase in alien plant species worldwide is found on the
Pacific Islands (van Kleunen et al., 2015). The Hawaiian Islands, in
particular, are strongly invaded, with nearly as many alien as there
are native plant species. However, at this time, a large majority of the
Pacific alien plant species are still spatially restricted to a few island
groups (Wohlwend et al., 2021), suggesting that the adverse effects
of biological invasions across much of the Pacific can be tackled by
implementing preventive measures such as blacklists. Additionally,
most of the Pacific alien plant species have also naturalised else-
where in the world, making them a particularly useful study system
to test the effects of species input data vis-a-vis environmental data,
algorithm choice and threshold choice on prediction and blacklisting
uncertainty.

Here, we aim to construct Pacific-wide blacklists based on SDMs
while explicitly considering uncertainty introduced by different
species input data, environmental input data, SDM algorithms and
threshold selection methods. We focus on 82 of the most invasive
species present on the Hawaiian Islands according to the PIER da-
tabase (Pacific Island Ecosystems at Risk; http://www.hear.org/
pier/), which could potentially spread to other Pacific island groups.
Our study objectives were threefold: (1) To quantify the influence
of the uncertainty factors on the blacklist ranking and their under-
lying establishment risk scores, considering differences in species
data (native vs. global occurrences), environmental data (climatic vs.
edapho-climatic predictors), SDM algorithm (regression-based and
machine-learning) and thresholding methods, (2) to analyse variation
in uncertainty between three different blacklist definitions and (3) to
analyse resulting differences in predictions of unrealised colonisa-

tion potential across the Pacific region.

2 | MATERIALS AND METHODS

The general workflow involved fitting SDMs on opportunistic spe-
cies occurrence data that represent the native or global niches of
these species, using different sets of environmental predictors, SDM
algorithms and thresholding methods. From the predicted habi-
tat suitability maps, we derived blacklists using three approaches.
Additionally, we assessed unrealised colonisation potential within
the Pacific region by comparing our predictions of potential distri-
bution against island-level checklists of established non-native spe-
cies. Following the ODMAP protocol (Zurell, Franklin, et al., 2020),
we detail all data preparation and modelling steps in Supporting
Information C.
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2.1 | Species and environmental data
211 | Speciesdata

We focused on an initial subset of the 122 most invasive plant spe-
cies, occurring on at least one of the Hawaiian Islands, whose in-
vasive status is recognised by the PIER database (http://www.hear.
org/pier/). The well-established commercial ties with much of the
Pacific suggest that these species might spread to other Pacific
Islands. The initial subset was derived from Wohlwend et al. (2021),
containing information on the presence of non-native species on
the different Pacific island groups. This dataset encompassed 50
island groups, defined both by political and geographical borders.
These groups included islands located from 40°N to 40°S, rang-
ing in size from 1km? to 66,141 km?Z. The delineation of the stud-
ied Pacific region was primarily based on biogeographic factors, as
specific island features, such as geographical isolation and size, con-
tribute to a particular vulnerability to the non-native establishment
(Reaser et al., 2007). Therefore, we neither considered large archi-
pelagos such as New Zealand, Japan, the Philippines, Indonesia and
Papua New Guinea, nor small islands located near the American and
Australian Pacific coasts, nor islands belonging to Japan and South
East Asia west of Bonin/Palau. The presence of non-native species
at the island group level, as documented by Wohlwend et al. (2021),
also served as checklist data to compare our blacklist predictions to
species occurrence at the island group level and quantify unrealised
colonisation potential across the Pacific region. For training SDMs,
we acquired spatially explicit occurrence data and derived two dif-
ferent species datasets: one containing only native occurrences and
another containing both native and introduced (i.e. global) occur-
rences. These data were obtained from two databases, GBIF (Global
Biodiversity Information Facility; https://www.gbif.org/; https://
doi.org/10.15468/dd.vhjyha) and BIEN (Botanical Information and
Ecology Network; https://bien.nceas.ucsb.edu/bien/; Supporting
Information A lists the acknowledged herbarium data sources). We
cleaned the coordinates by excluding occurrences with erroneous
time stamps and coordinates (Zizka et al., 2019) and removed du-
plicate records within 1km? cells for each species to obtain a target
spatial resolution of 1km.

To compare SDMs fitted with native or global species data, we
determined the biogeographical status of plant occurrences as native
or introduced. We therefore consulted the following sources: the
World Checklist of Vascular Plants (WCVP; https://powo.science.
kew.org) at the base resolution of TDWG Level 3 (Brummitt, 2001),
the Global Inventory of Floras and Traits (GIFT; Weigelt et al., 2020)
and the Global Naturalized Alien Flora (GIoNAF; Pysek et al., 2017,
van Kleunen et al., 2015). The final biogeographical status was de-
termined by merging the assignment information of all three sources.
In the simplest case, all available source information agreed on the
native or introduced status of each occurrence. When sources pro-
vided conflicting status assignments but referred to areas of differ-
ent sizes, we assigned the status from the source referring to the
smaller area. If an occurrence with conflicting sources referred to
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the same area size, we classified it as having a contradictory status.
Overall, our final status assignments classified species occurrences
as native, introduced, contradictory or unknown.

Because our resulting species occurrence data only contained
presence data, but most SDM algorithms require background data
to identify areas with unsuitable environmental conditions, we de-
rived pseudo-absences or background data for all study species
(Barbet-Massin et al., 2012). For this, we randomly selected back-
ground points within a buffer distance of 200km from the pres-
ences while excluding the presence locations. We chose this buffer
distance to account for the biogeographical dispersal limitations
of species. Following previous recommendations (Barbet-Massin
et al., 2012), we used a presence-background ratio of 1:10 for the
regression-based SDM algorithms and 1:1 for machine-learning al-
gorithms. Lastly, to avoid spatial autocorrelation, all presences and
background data of the species were thinned using a 3km threshold
(Aiello-Lammens et al., 2015).

For the final species selection, we set a lower limit of 40 native
occurrences per species to avoid overfitting for species with a low
sampling effort (Breiner et al., 2015). An additional criterion tested
for a minimum difference of 40 between native and global occur-
rences to ensure the consideration of two different niches in the
species' input data. Species that, contrary to the information from
Wohlwend et al. (2021), showed native records on the Hawaiian
Islands were also excluded. The species selection process resulted
in a final list of 82 species that were considered in further analyses

(Table S1 in Supporting Information B).

2.1.2 | Environmental data

Similar to the species data, we built two different predictor datasets,
one containing only climatic data and another containing climatic
and edaphic data. These environmental predictor variables were ob-
tained at a resolution of 1km, matching the species data. Climate
predictor variables were acquired from CHELSA (Climatologies
at High Resolution for the Earth Land Surface Areas; version 2.1;
Karger et al., 2017, 2018), including 15 bioclimatic variables. We
excluded bioclimatic variables that combine temperature and pre-
cipitation data to avoid artefacts leading to discontinuities in inter-
polated surfaces (Booth, 2022). A set of 14 edaphic variables was
obtained from SoilGrids (https://www.soilgrids.org), containing soil
physical and chemical properties as well as soil water contents at
different pressure heads (version 2.0; Poggio et al., 2021). Soil prop-
erty maps were downloaded for three standard depth intervals from
the surface to a depth of 30cm and were then averaged over these
depths (Descombes et al., 2020). The spatial coverage of the edaphic
data was lower than that of the climate data, which mostly affected
the maps of predicted occurrence probabilities. The lower spatial
coverage was mainly attributable to urban areas and water surfaces.
For predictions, we only included island groups with a representa-
tive spatial data coverage of 250% for all variables. The island group
of Tuvalu was not considered in any predictions due to its small size
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relative to the 1km resolution used. Hence, we made predictions
based on purely climatic data for 49 Pacific island groups, and pre-
dictions incorporating both predictor variable types for 25 island
groups (Figure 1; Table S2 in Supporting Information B).

In accordance with our study objectives, the two types of spe-
cies data (native vs. global occurrences) were intersected with the
two types of environmental data (climatic vs. edapho-climatic pre-
dictors) resulting in four input datasets: ‘natclim’, which describes
the combination of the native niche and purely climatic data, ‘nat-
clim+eda’, which considers the native niche and edapho-climatic
data, and ‘globclim’ and ‘globclim+eda’, which describe the analogous
input datasets regarding the global niche (Figure S1 in Supporting

Information A).

2.2 | Species distribution models

For each of the four SDM input datasets per species, the four most
important and weakly correlated predictor variables were identified
prior to model building. To achieve this, we identified highly cor-
related pairs of variables with Spearman correlations |r|>0.7 and
2013).
Variable importance was determined using univariate generalised

only retained the most important variable (Dormann et al.,

linear models (GLM) and a fivefold cross-validation approach (Zurell,
Zimmermann, et al., 2020). The univariate GLMs were fitted with a
binomial error distribution and second-order polynomials, with equal
weight given to the sum of presences and background data. We then
assessed the univariate predictive performance for each variable
2006). For
SDMs that used both types of predictor variables, the two climatic

by cross-validation using the Boyce index (Hirzel et al.,

and two edaphic variables that were ranked most important in the

list of weakly correlated predictors were considered for model build-
ing (Table S3 in Supporting Information B).

SDMs were fitted using four different statistical algorithms with
intermediate model complexity: GLM, generalised additive mod-
els (GAM), random forest (RF) and boosted regression trees (BRT).
GLMs were estimated with linear and quadratic terms, and GAMs
were estimated with non-parametric cubic smoothing splines with
up to four degrees of freedom. RF models were fitted with 1000
trees and a minimum node size of 20. Finally, we fitted BRTs using
a tree complexity of 2 and a bag fraction of 75% and optimised the
learning rate to obtain tree numbers between 1000 and 5000 (Elith
et al.,, 2008). For the regression-based methods (GLM and GAM), we
used all background data with a presence-background ratio of 1:10,
and presences and background were equally weighted in model
building. For the machine-learning methods (RF, BRT), we used
10 replicate sets of background data in a ratio of 1:1 to the pres-
ences, resulting in 10 models each that were subsequently averaged
(Barbet-Massin et al., 2012; Dullinger et al., 2017).

For all models, SDM performance was evaluated using a fivefold
cross-validation by computing the area under the receiver operating
characteristic curve (AUC), true skill statistic (TSS), sensitivity, speci-
ficity and the Boyce index. A model would be judged to have fair pre-
dictive performance if it achieved Boyce and AUC values >0.7, and a
TSS value >0.5 (Dormann et al., 2013; Guisan et al., 2017). In line with
our study objectives, three different thresholding methods were ap-
plied to derive threshold-dependent performance metrics (TSS, sensi-
tivity and specificity). These included two thresholds proposed by Liu
et al. (2013), which are less affected by background data: the thresh-
old that maximises TSS (maxTSS) and the mean probability of training
points (meanProb). Additionally, we employed a threshold commonly

used in invasion biology, the 10th percentile of probabilities at training
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presences (tenthPer; Pearson et al., 2007). Cross-validated predictions
for models based on regression methods used prior defined equal
weights of the sum of presences and background, while for machine-
learning algorithms, SDM performance in cross-validation was aver-
aged over the 10 replicate models (Barbet-Massin et al., 2012; Dullinger
et al., 2017). Ensemble models were constructed using the arithmetic
mean. The ensemble model performance was assessed based on the
averaged cross-validated model predictions of all algorithms using the
same input dataset and thresholding method. To guarantee equal con-
tributions of the four considered model algorithms, the cross-validated
predictions derived from the 10 models of each machine-learning al-
gorithm were averaged beforehand (Dullinger et al., 2017). Given that
the maxTSS threshold is widely recognised as well suited for presence-
background data (Liu et al., 2013), the main results presented hereafter
refer to this threshold. Results obtained using the alternative thresh-

olding methods are provided in Supporting Information A.

2.3 | Blacklisting

We predicted occurrence probabilities and binary predictions of the
potential presence and absence of all study species using the same
procedure described above. Predicted presences were interpreted as
indicating environmental conditions that define suitable habitats for
the species. Based on these predictions, we quantified establishment
risk scores for each species and subsequently constructed blacklists
to identify species with the highest potential for establishment across
the Pacific. We used three different definitions for the risk scores
and blacklists (Figure S1 in Supporting Information A): First, the total
suitable habitat fraction across the Pacific region considered the es-
tablishment potential across the entire Pacific region, independent of
individual island group sizes. It was derived by summing up the pre-
dicted suitable area across island groups and dividing it by the total
area of all island groups. Then, species were ranked according to their
total predicted suitable habitat fraction, with the species with the high-
est habitat fraction receiving rank 1. Second, the blacklist based on
the mean suitable habitat fraction across all Pacific island groups put
more emphasis on local establishment risk, highlighting the variabil-
ity of establishment risk on different island groups. It was calculated
by dividing the predicted suitable area per island group by the area of
that island group and then averaging the suitable area fractions across
all island groups. Species were then ranked according to their mean
habitat fraction across all island groups, with the species with the high-
est mean fraction receiving rank 1. Third, the blacklist based on the
number of island groups with suitable habitats did not consider habitat
fraction per island group but simply used a binary measure of whether
suitable habitat was or was not found within an island group. An island
group was considered to be potentially suitable if the fraction of po-
tentially suitable habitat was greater than 0. Species were then ranked
according to the number of island groups where they could establish. If
species were predicted to have suitable habitats on the same number
of island groups (regardless of their suitable habitat fraction on those
island groups), they received the same rank. All blacklist definitions
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relied on the quantified absolute area of predicted suitable habitat
in km? and the total area covered by data in km? at the island group
level. For subsequent uncertainty analyses, we separately constructed
a blacklist for each combination of species input data, environmental
input data, SDM algorithm and thresholding method. Additionally, we
derived final blacklists with ensembles of SDM algorithms, to highlight
how the choice of input data, threshold and blacklisting procedure
would affect practical decision-making. To increase applied relevance,
species ranks were further categorised into four distinct groups—Top
10, Top 20, Top 30 and Lower priority species—facilitating clearer in-
terpretation of uncertainty-related impacts within a policy-relevant
context.

Generally, the area of suitable habitat and the area of island
groups were calculated based on spatial rasters with 1km resolu-
tion. Thus, the calculated areas partly deviated from the true sizes
of island groups, particularly those composed of numerous small
or thinly shaped islands. Regarding the area of island groups, we
considered the area covered by data instead of true island group
sizes, as island groups with a data coverage of 250% were included
in SDM predictions. Due to differences in the spatial coverage of
the environmental predictor datasets, resulting in differing numbers
of considered island groups depending on the predictor type used,
the establishment risk scores and rankings could only be compared
when considering the same island groups. Thus, all final risk scores
and resulting blacklist rankings were based on the 25 Pacific is-
land groups covered by both predictor variable types (climatic and
edaphic). Additionally, as a sensitivity analysis, we generated risk
scores and blacklists using purely climatic data, considering predic-
tion results for all 49 island groups covered by climatic data. This
allowed for a more extensive analysis in terms of included island
groups, but did not allow us to assess environmental input data as a
source of uncertainty in the resulting blacklists and their underlying

establishment risk scores.

2.4 | Uncertainty analysis

We quantified four relevant sources of uncertainty in blacklisting
potentially invasive species using SDMs: the species input data (na-
tive vs. global occurrences), the environmental input data (climatic
vs. edapho-climatic predictors), SDM algorithms (GLM, GAM, RF and
BRT) and thresholding methods (maxTSS, meanProb and tenthPer).
Firstly, to quantify the relative importance of these uncertainties
for blacklisting, we used a random forest approach to relate the es-
tablishment risk scores that serve for blacklist rankings to categori-
cal variables representing the choice of input data, algorithm and
threshold (Liaw & Wiener, 2002). Sources of uncertainty were quan-
tified separately for each blacklist definition. Finally, we estimated
the importance of each uncertainty factor, measured as the mean
decrease in model accuracy when randomising the variables, which
we normalised to add up to 100%. Secondly, we directly assessed
the impact of each uncertainty source on the actual blacklist rank-
ings. For this, we calculated the mean difference in species rankings
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attributable to each factor across the three blacklist definitions.
To provide a policy-relevant interpretation, species rankings were
grouped into priority bins of 10, and changes in rank groupings were
quantified as the proportion of cases exhibiting either stability or
shifts within these bins.

2.5 | Unrealised colonisation potential

Finally, we quantified the potential of the species to establish on is-
land groups beyond their current non-native range and how these
predictions varied across input datasets and thresholding methods.
For this, we calculated the Pacific-wide predicted unrealised coloni-
sation potential per species, input dataset and thresholding method
using ensembles of SDM algorithms. Colonisation potential was es-
timated based on the island group-level checklists and defined as
the False Positive Rate per island group (FPR=FP/(FP+TN)), which
compares how many island groups that are hitherto unoccupied by
a species would provide suitable habitat for that species. Reported
presences at island group levels were taken from the checklists gath-
ered by Wohlwend et al. (2021) (Table S4 in Supporting Information
B). A predicted presence on an island group was considered if the
suitable habitat fraction was greater than zero. If a non-native spe-
cies was unreported on an island group (absence) in the checklist but
the model predicted a presence, then this prediction was considered
a False Positive (FP), whereas non-native species that were neither
reported nor predicted to occur were classified as True Negative
(TN). In a final step, the FPR over all island groups was calculated
for each study species. FPR ranges between 0 and 1, with 1 indicat-
ing that all island groups are unoccupied, although providing suitable
habitat, and O implying that none of the unoccupied island groups is
predicted to provide suitable habitat for the studied species. In our
main analyses, we considered the 25 island groups for which climatic
and edaphic data availability allowed a comprehensive uncertainty
assessment, but also repeated the analyses for the 49 island groups
for which only climatic data were available.

For all analyses and visualisations, R 4.3.1 (R Core Team, 2023)
was used, along with the following packages: BIEN (Maitner, 2023),
CoordinateCleaner (Zizka et al., 2019), dismo (Hijmans et al., 2023),
ecospat (Broennimann et al., 2023), gbm (Greenwell et al., 2022), mgcv
(Wood et al., 2016), PresenceAbsence (Freeman & Moisen, 2008),
randomForest (Liaw & Wiener, 2002), rgbif (Chamberlain et al., 2025)
and terra (Hijmans, 2023).

3 | RESULTS

3.1 | Model performance

The predictive performance of the SDMs, considering both
threshold-independent and threshold-dependent metrics based

on the maxTSS threshold, varied considerably among the studied
species, ranging from poor to excellent. However, on average, fair
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FIGURE 2 Model validation in terms of Boyce index and TSS
(True Skill Statistic). For all studied non-native plant species
(n=82), the range of performance measures for the four applied
model algorithms and the averaged ensemble model along the
four different input datasets are displayed as boxplots (a, b).
Models were validated using fivefold cross-validation, and TSS
values are shown based on the threshold that maximises the True
Skill Statistic (maxTSS). (GLM: Generalised linear model; GAM:
Generalised additive model; RF: Random forest; BRT: Boosted
regression tree; natclim: Models based on native occurrences and
climate data; globclim: Models based on global occurrences and
climate data; and eda: Models additionally considering edaphic
data).

performance scores over all models were achieved (TSS, mean+SD:
0.52+0.12; Boyce, mean+SD: 0.94+0.08; AUC, mean+SD:
0.82+0.07; Figure 2; Figure S2 in Supporting Information A).
Predictive performance also varied across SDM algorithms, with
models based on the RF algorithm generally outperforming those
based on the GLM, GAM and BRT algorithms. This was demonstrated
by an average TSS value of 0.57+0.11 for all RF models, whereas
average TSS scores of models based on the other algorithms were
lower, ranging from 0.47 +0.12 to 0.54+0.11 (Figure 2b). Similarly,
RF models achieved the highest average Boyce index (0.96+0.07),
although the differences were modest compared to other algo-
rithms (GLM, mean+SD: 0.92+0.09; GAM, mean+SD: 0.93+0.08;
BRT: mean+SD: 0.95+0.08; Figure 2a). Ensemble models generally
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FIGURE 3 AQuantification of uncertainty sources in establishment risk scores underlying blacklist rankings, based on analysis of 25 Pacific
island groups. The bars display the influence in the choice of four different sources of uncertainty on variation in establishment risk scores:
The SDM algorithm (GLM, GAM, RF and BRT), the species data (global vs. native occurrences), the environmental data (climatic vs. edapho-
climatic predictors) and the thresholding method (maxTSS, meanProb, tenthPer). Variable importance was estimated using a random forest
model that relates differences in establishment risk scores to the uncertainty factors. The values of variable importance per blacklisting
approach were standardised to sum up to 100%. The explained deviance D? of the models is noted in the legend. The models include
establishment risk scores of all studied non-native plant species (n=82) based on predictions to 25 Pacific island groups covered by climatic

as well as edaphic data.

achieved fair performance accuracies (TSS, mean+SD: 0.54+0.11;
Boyce, mean+SD: 0.95+0.07; AUC, mean+SD: 0.84+0.06;
Figure 2; Figure S2 in Supporting Information A).

Overall, the use of different input datasets resulted in smaller
differences in predictive performance than the choice of SDM al-
gorithm (Figure 2; Figure S2 in Supporting Information A). Still, all
models, including ensembles, achieved slightly higher model perfor-
mances when trained on global rather than native occurrences. Also,
the Boyce index showed markedly better model performances when
considering global occurrences instead of native occurrences, with
average values of 0.97 +0.05 and 0.91 + 0.1, respectively (Figure 2a).

When examining the threshold-dependent performance metrics
of the alternative thresholding methods, meanProb and tenthPer
consistently yielded lower average TSS values than maxTSS. While
both thresholding methods achieved higher average sensitivity, this
was accompanied by notably lower average specificity (Figure 2;
Figures S2-S4 in Supporting Information A).

3.2 | Uncertainty analysis

Using the SDMs, we estimated establishment risk scores and con-
structed blacklists for 25 Pacific island groups and then quantified

the influence of four key sources of uncertainty: species input data
(native vs. global occurrences), environmental input data (climatic
vs. edapho-climatic predictors), SDM algorithm and thresholding
method, across three blacklist definitions. We first evaluated how
these sources affected the establishment risk scores underlying the
blacklist rankings (Figure 3). Among all factors, threshold choice
emerged as the most influential source of uncertainty overall (ex-
plaining 32.5% to 71.0% of the variation in risk scores), although the
relative importance of each factor varied depending on the blacklist
definition. For the risk scores based on the number of suitable is-
land groups, thresholding method (32.5%), species occurrence data
(34.7%) and algorithm choice (32.8%) contributed similarly and sub-
stantially to uncertainty. A similar pattern was observed for the mean
suitable habitat fraction, although in this case, algorithm choice was
comparably less influential (11.6%) than thresholding (40.0%) and
species data (43.4%). In contrast, for the blacklist based on the total
suitable habitat fraction, thresholding was by far the most dominant
contributor to uncertainty (71.0%), followed by species occurrence
data (29.0%), whereas algorithm choice had no effect. Across all
blacklist definitions, the selection of environmental predictors con-
sistently had a low influence on establishment risk scores.

We then explored how these sources of uncertainty translated
into differences in the blacklist rankings (Table 1). We found that
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Uncertainty Mean ranking

Blacklist source differences grouping (%)
Total fraction Algorithm 14.09 24
Predictor type  11.73 33
Species data 13.54 29
Threshold 7.84 41
Mean fraction Algorithm 14.45 20
Predictor type  12.66 32
Species data 13.83 30
Threshold 7.75 43
Island groups Algorithm 3.97 76
Predictor type  2.87 83
Species data 3.33 80
Threshold 2.28 86

No change in

TABLE 1 Quantification of uncertainty
sources in blacklist rankings based on
analysis of 25 island groups.

Change in
grouping (%)
76

67

71

59

80

68

70

57

24

17

20

14

Note: For each blacklist approach, the table presents the mean differences in species rankings,
along with the proportion of cases showing changes or no changes in rank groupings. Ranks were
grouped into priority bins of 10 to assess grouping changes (i.e. Top 10, Top 20, Top 30, etc.). The
analysis considers the four different uncertainty sources: the SDM algorithm (GLM, GAM, RF and
BRT), the species data (global vs. native occurrences), the environmental data (climatic vs. edapho-
climatic predictors) and the thresholding method (maxTSS, meanProb and tenthPer). Results are
based on blacklisting assessments of all studied non-native plant species (n=82), predicted across

25 Pacific island groups covered by climatic as well as edaphic data.

a consistent pattern emerged across all three definitions: algorithm
choice had the largest effect on species rankings, resulting in mean
rank differences of up to 14.45 ranks and changes in grouping (e.g.
between Top 10 or Top 20 ranks) in up to 80% of cases. This was
followed closely by the choice of species occurrence data and pre-
dictor type. Thresholding consistently caused the smallest ranking
changes in both ranking positions and group assignments across all
definitions.

The sensitivity analysis, based on suitability predictions from
climate-only models for 49 island groups, confirmed the same un-
certainty patterns identified for the 25 Pacific island groups, both
in terms of the establishment risk scores underlying the blacklist
rankings and the rankings themselves (Figure S5 and Table S1 in
Supporting Information A).

3.3 | Final blacklisting and unrealised colonisation
potential

We provide final blacklist groupings based on ensemble predictions
averaged across SDM algorithms and binarised using the maxTSS
threshold (Figure 4). Overall, a core subset of species consistently
fell within high-risk categories (Top 10-30) across all four predic-
tor sets, demonstrating a strong and stable risk signal regardless of
predictor or species data type. Nonetheless, several species transi-
tioned in and out of the high-risk categories depending on the pre-
dictor set used. These shifts in grouping were particularly evident
when comparing models based on global versus native data, with
a greater number of species showing fluctuations in their blacklist
classifications. Importantly, these shifts often reflected a decrease

in ranking; species that ranked within high-risk categories under
global data frequently fell into the lower-priority grouping (i.e. out-
side of the Top 30) when modelled using native-range occurrences.
The inclusion of edaphic predictors appeared to modify rankings for
a subset of species, in some cases resulting in higher ranks, espe-
cially when using native-range models.

Focusing specifically on shifts towards lower priority groupings,
the non-native species Echinochloa esculenta, Capsicum frutescens
and Lablab purpureus exhibited the most pronounced changes, with
rankings declining from the Top 10 to the Lower priority category
under at least one of the blacklisting definitions. These shifts were
directly attributable to variations in species data input from global
to native occurrences. In addition, Erigeron bonariensis demonstrated
an equally substantial shift in priority grouping, moving from the Top
10 to the Lower priority group when edaphic variables were not con-
sidered alongside climatic predictors.

Our sensitivity analysis, which examined climate-only mod-
els predicting habitat suitability for 49 Pacific island groups and
incorporated two alternative thresholding approaches, revealed
consistent patterns of ranking shifts across the four predictor sets
(Figures S6 and S7 in Supporting Information A). Our final blacklists,
derived from SDMs fitted with global occurrence data and edaph-
oclimatic predictors, and based on the maxTSS threshold, are pro-
vided for all three blacklisting definitions in Table S5 in Supporting
Information B.

From the ensemble predictions, we also assessed unrealised col-
onisation potential, that is, the proportion of the 25 Pacific island
groups with suitable habitats that have not yet been colonised by the
current Hawaiian non-native species. We found that the choice of
species data led to markedly different predictions. With an average
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FIGURE 4 Final blacklist groupings based on analysis of 25 Pacific island groups. The final blacklist groupings of all three blacklisting
approaches over the four different input datasets are displayed. The groupings are illustrated using the threshold that maximises the True
Skill Statistic (maxTSS), based on the predictions of ensemble models to 25 Pacific island groups covered by climatic and edaphic data. Every
non-native plant species (n=282) is depicted along a vertical line of cells. The horizontal lines of cells per input dataset represent the three
blacklisting approaches, with cell colour indicating the rank grouping of each species. Species ranks were categorised into four rank groups:
Top 10, Top 20, Top 30 and Lower priority. Predictive performance values of ensemble models below or equal to a Boyce index of 0.7 are

marked with an asterisk.

of 0.66+0.35, the unrealised colonisation potential was notably
lower when only considering native occurrences. In comparison,
when global occurrences were considered, the unrealised colonisa-
tion potential yielded an average value of 0.74 +0.34. The difference
between occurrence datasets is largely due to the higher number
of island groups that are predicted to harbour suitable habitat for
Hawaiian non-native plant species (Figure 5). This pattern persisted
when predictions were extended to additional island groups using
climate-only models, as well as under the alternative thresholding
methods (Figures S8 and S9 in Supporting Information A).

4 | DISCUSSION

In this study, we quantified the contribution of four key sources of
uncertainty in SDM-based blacklists by studying 82 of the most in-
vasive plant species occurring on the Hawaiian Islands and assessing
their establishment potential across the Pacific region. Our insights
provide practical guidance for generating more robust and pre-
cautionary risk assessments, particularly in data-limited situations
where managers must make critical decisions under uncertainty.
Recognising that model-based blacklists can be constructed in dif-
ferent ways and at different scales, we considered three different
approaches to blacklisting potential invasive species by varying the
emphasis on regional versus local habitat suitability. Our results
highlight the choice of thresholding method as the most consist-
ent source of uncertainty across risk scores, while the blacklist

ranks varied most profoundly between different SDM algorithms,
independent of the blacklist definition. Species data and environ-
mental data had smaller, but non-negligible effects. Notably, when
considering only native occurrences in SDMs, overall habitat suit-
ability and thus unrealised colonisation potential was predicted to be
lower across island groups, indicating that models based on native
occurrences could provide overly optimistic risk scores and black-
lists. These insights underscore the need for careful consideration
of modelling choices in applied invasive species management and
inform recommendations for improving the SDM-aided blacklisting
in real-world decision contexts.

Our uncertainty analysis identified the choice of the SDM al-
gorithm as the primary source of uncertainty in blacklist rankings.
However, when focusing on the underlying establishment risk scores,
the relative importance of algorithmic choice was lower and less
consistent across blacklist definitions compared to other sources of
uncertainty. To some extent, these findings reflect the known issue
of variability in model outputs stemming from different algorithm
choices. Multiple studies have reported such contrasting predictions
arising from the use of different SDM algorithms, primarily in the
context of climate change predictions (Buisson et al., 2010; Thuiller
et al., 2019). Inconsistencies among models may stem from differ-
ences in model complexity and flexibility, particularly in the esti-
mated species-environment relationships, which become even more
pronounced when extrapolating into new niche spaces (Buisson
et al., 2010). In addition to these known challenges, our results high-
light a subtle butimportant aspect of SDM uncertainty in blacklisting:
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FIGURE 5 Predicted Pacific-wide unrealised colonisation potential based on analysis of 25 Pacific island groups. On the left, the
predicted unrealised colonisation potential for all studied non-native plant species (n=82) is displayed as boxplots, based on the ensemble
predictions of 25 Pacific island groups covered by edaphic and climatic data along all four input datasets (a-d; natclim: Models based on
native occurrences and climate data; globclim: Models based on global occurrences and climate data; eda: Models additionally considering
edaphic data). The predicted unrealised colonisation potential per species represents the False Positive Rate defined as the number of island
groups that are hitherto unoccupied by the non-native species but predicted as suitable, divided by the total number of island groups where
the species is currently absent. On the right, the density of island groups with false positives (predicted but absent; red line), true negatives
(blue line) and all predicted presences (black line) is depicted for all study species using the same ensemble predictions (a-d). The predictions
were binarised using the threshold that maximises the True Skill Statistic (maxTSS).

While algorithm choice strongly affected species rankings, its influ-
ence on absolute risk scores was less consistent. This likely reflects
how ranking amplifies small differences in relative risk scores among
species. Despite this sensitivity, ranking remains a necessary step
in decision-making processes, as management actions often require
prioritising species under limited resources. Understanding this du-
ality highlights the importance of carefully considering algorithmic
uncertainty when interpreting blacklist rankings to support scientif-
ically informed management decisions.

The uncertainty stemming from species occurrence data substan-
tially affected blacklisting across all three blacklisting approaches.
This reflects the crucial influence that the availability of occurrence
data has on the amount of predicted suitable habitat for non-native
plant establishment, which in turn affects species rankings and pre-
dictions of unrealised colonisation potential. Models using global oc-
currences, as opposed to native occurrences, predicted larger areas
of predicted suitable habitat and a higher number of suitable island
groups across species. This suggests that some species may exhibit
expansion of the realised niche between native and non-native re-
gions, rather than conserving the realised niche from their native
range (Guisan et al., 2014). Previous studies have shown such niche
shifts and niche expansion to be common in invasive plant species
(Barbosa et al., 2013; Beaumont et al., 2009; Gallagher et al., 2010).
Invasive species have also been used as test cases for assessing the
transferability of SDMs and accuracy in predicting ongoing inva-
sions (Barbet-Massin et al., 2018; Jones, 2012). We highlighted some
species for which the regional establishment potential was strongly

underestimated when only considering native species occurrences;
these were ranked as Lower Priority based on native data, but were
classified among the top 10 on the blacklist when global occurrences
were included. This could indicate niche expansion, for example, due
to competitive release. To verify this assumption, additional analyses
would be necessary that specifically compare environmental niche
overlap between native and non-native ranges (Gallien et al., 2012;
Guisan et al., 2014). From a management perspective, relying solely
on native occurrence data can limit model transferability and poten-
tially overlook high-risk species. Yet, in many real-world situations,
native occurrence data may be the main or only source of occur-
rence data, especially for early-stage invasions. Therefore, manag-
ers should flag these species for targeted monitoring and prioritise
them for reassessment as new non-native occurrence data become
available.

Among the four sources of uncertainty, the choice of environ-
mental predictor type contributed comparably less to uncertainty in
blacklisting outcomes and had only a minor influence on SDM per-
formance. This suggests that climate predictors generally capture
regional habitat suitability for the studied plant species. Previous
studies found that including edaphic variables improved SDM pre-
dictive accuracy and thus play a crucial role in shaping plant distri-
butions (Dubuis et al., 2013). However, these studies fitted SDMs
at much finer spatial resolutions and focused on smaller spatial ex-
tents, underlining the importance of considering edaphic data when
assessing plant habitat suitability more locally. Studies conducted
at regional scales support our findings, highlighting climate as the
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overwhelming driver of plant species distributions (Beauregard
& de Blois, 2014; Syphard & Franklin, 2009). This demonstrates
that small-scale variations of soil properties become less notice-
able across broader regions or continents, while climate strongly
determines the range margins of plant species distributions. Also,
the lower importance of edaphic variables for the study of invasive
plant species suggests that successful invaders may be generalists
with respect to soil requirements. Nonetheless, we still observed
non-negligible effects of environmental predictor choice on black-
list rankings. This indicates that although a less pronounced source
of uncertainty, edaphic factors can still meaningfully alter black-
listing and prioritisation for certain species, especially those with
more specific soil requirements. From a management perspective,
this underlines the need for context-specific selection of predictor
variables for modelling invasive plants. When soil data are available
and of sufficient spatial coverage and quality, their inclusion should
be tested systematically, especially in local-scale risk assessments
and for specialist plant species. However, global soil datasets often
vary in spatial precision, interpolation accuracy and spatial coverage,
especially on small islands and remote regions (Poggio et al., 2021),
creating an important trade-off for model transferability. We thus
recommend explicitly testing the effects of predictor types and data
coverage on blacklisting outcomes to ensure the reliability of result-
ing risk assessments.

The choice of thresholding method emerged as the most in-
fluential source of uncertainty when examining the establishment
risk scores underlying blacklist rankings. However, its effect on the
actual species rankings was comparably minor, suggesting a dual-
ity between thresholding effects on absolute risk estimates ver-
sus relative species prioritisation. This discrepancy indicates that
while predicted risk scores can vary considerably depending on the
thresholding approach, the relative species ranking tends to remain
stable. This has important implications for invasive species manage-
ment. Thresholding decisions become particularly critical in quanti-
tative risk assessments, especially when comparing the magnitude
of risk across regions or against predefined risk levels that may
trigger policy action. In contrast, when managers must prioritise a
fixed number of species for monitoring or intervention, the choice
of threshold appears less consequential for relative species rank-
ing. Despite this, thresholding decisions are rarely tested explicitly
in SDM workflows (Hellegers et al., 2025; Nenzén & Araujo, 2011).
Given their strong influence on risk quantification, we recommend
that thresholding decisions be routinely tested and integrated into
SDM workflows. Furthermore, thresholding decisions inherently af-
fect the rate of false positives and false negatives in SDM-based risk
assessments with potentially important consequences for invasive
species management. In the case of false positives, we would erro-
neously blacklist non-native species with little chance of establish-
ment, leading to unnecessary restrictions or resource allocation. In
contrast, false negatives would mean that we are failing to blacklist
non-native species with high establishment potential, which could
pose ecological and economic risks through uncontrolled spread.
The acceptable balance between these errors is highly context and
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resource-dependent. Transparently reporting the selected thresh-
olding method and justifying it in light of the decision context will
improve the interpretability of establishment risk and support
clearer communication of those risks to stakeholders.

Our three alternative approaches to blacklisting potentially in-
vasive plant species were designed to test the sensitivity of black-
lists to habitat suitability with varying spatial emphasis. The ranking
based on the total suitable habitat fraction reflects a broad, region-
wide perspective, while the ranking based on the mean suitable hab-
itat fraction takes a more local view, highlighting the variability of
establishment risk on different island groups. The third blacklisting
approach, which considers the number of island groups with suitable
habitat, focuses on the presence or absence of suitable habitat, em-
phasising the potential reach of potentially invasive species regard-
less of the predicted extent of suitable habitat within each island
group. These approaches are not exhaustive of potential blacklist
definitions, but nevertheless reflect a range of spatial objectives for
blacklisting. Our results indicated that different species and envi-
ronmental input data could lead to large discrepancies in ranking
positions for all three blacklisting approaches. However, substantial
ranking differences were attributable to only a few species, while
the majority of blacklist rankings were robust. These findings under-
score the importance of aligning blacklisting strategies with specific
management goals. A broad regional risk assessment may priori-
tise different species than a local approach focused on protecting
individual islands. Therefore, we recommend that the definition of
blacklisting criteria should be carefully tailored to management ob-
jectives, their spatial scale and any additional constraints in available
resources.

Our analyses show that many non-native species present on
the Hawaiian Islands have a high colonisation potential across the
Pacific island groups. Blacklists should prioritise species likely to
establish that have also proven invasive in Hawaii and are not yet
widespread in the Pacific. For instance, Rhodomyrtus tomentosa, a
species native to southeastern Asia, is invasive in both Hawaii and
Florida. Our results indicate that this species has a high potential
to spread from the two island groups it currently occupies to all 25
considered island groups in the Pacific, making it a critical target for
prevention (Smith et al., 2022). Psidium guajava, originally introduced
as a fruit tree in Hawaii and many other regions, is now recognised
as a major pest that aggressively displaces native species worldwide
(Richardson & Rejmanek, 2011). In our study, Psidium guajava ranks
high for all three blacklisting definitions. However, the window for
effective prevention of this species may have passed, as it is already

established on 22 island groups in the Pacific.

4.1 | Limitations and perspectives

We highlighted crucial factors contributing to uncertainties in
blacklisting potentially invasive species based on SDMs. However,
it is important to recognise that various aspects of SDMs can fur-
ther contribute to uncertainty, as reflected by the low explanatory
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power of our uncertainty analysis. For instance, model parameter
settings (Guisan et al., 2017) and sample size (Wisz et al., 2008) are
additional factors that may affect model accuracy and subsequently
lead to variation in spatial predictions. Moreover, potential biases
associated with the underlying occurrence data could also have in-
fluenced the estimation of the species' niches. To reduce such bi-
ases, we designed a number of data filtering steps and used several
complementary data sources to build a robust framework for obtain-
ing occurrence data and assigning their biogeographical status. Such
efforts are crucial for adhering to best practice guidelines (Araujo
etal., 2019), strengthening the reliability of models and ultimately in-
creasing trust in models by decision-makers (Nicholson et al., 2019).
Yet, if data are limited, such steps may not be sufficient to overcome
inherent data and model uncertainties. Collaborating with taxo-
nomic experts in the development of models used for blacklisting
potentially invasive species can help address this by grounding the
models in expert ecological knowledge, thereby increasing both the
credibility and practical relevance of model-based recommenda-
tions for priority setting (Boyd et al., 2023). Another factor influ-
encing our results could be the limited availability of edaphic data,
which substantially reduced our region of predictions (25 instead of
49 island groups). However, we are confident that our results are
representative of the Pacific region, as our climate-only sensitivity
analysis, which included almost twice as many island groups, yielded
similar results. In the context of our study objectives, we assessed
the establishment potential for all species as equivalent, based on
the predicted suitable habitat identified by the fitted SDMs. If such
information is available, blacklists could also consider additional fac-
tors relevant for establishment potential, for example, trait similar-
ity with native flora (Denslow, 2003) or dominance capacity (Gallien
et al., 2019). Another important consideration is the initial selection
of species. Here, we focused our initial species selection on the PIER
database and extracted all species listed as invasive on the Hawaiian
Islands. However, depending on how often such databases are up-
dated, blacklist applications intended to inform preventive measures
may need to tap additional information sources to include the most
current and comprehensive list of potential invasive species relevant

to the region under study.

5 | CONCLUSIONS

While using ensembles of SDM algorithms is common and recom-
mended for biodiversity assessments and decision-making (Aradjo
et al., 2019), our study demonstrates that other sources of uncer-
tainty, such as species data, environmental predictors and thresh-
olding decisions, should be treated with equal scrutiny. Crucially,
the relevance of each uncertainty source depends on the decision
context and whether the aim is to communicate absolute risk levels,
identify top-priority species or inform a precautionary, resource-
intensive management strategy versus an economically more ef-
ficient strategy. Carefully considering the decision context and
the reliability of existing data and knowledge, through a co-design

process with relevant stakeholders and taxonomic experts, will in-
crease the reliability and practical relevance of blacklisting results.
We recommend that future blacklisting efforts should not only
adopt ensemble modelling but also explicitly test the sensitivity of
risk scores and blacklisting outcomes to input data and modelling
choices. Embedding uncertainty analysis more routinely in SDM
workflows will increase the transparency and robustness of risk as-
sessments and blacklists, helping managers to navigate trade-offs
between precaution and feasibility, particularly in data-limited deci-

sion contexts.
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