Landsc Ecol (2026) 41:89
https://doi.org/10.1007/s10980-026-02360-9

RESEARCH ARTICLE

q

Check for
updates

Climate change facilitates fungal pathogen expansion
while driving endemic host range contractions in a tropical

biodiversity hotspot

Emma L. Underwood® - Kerry A. Brown
Anna Ronnfeldt® - Mark Mulligan
Nigel Walford® - Rebekka Allgayer

Received: 30 January 2026 / Accepted: 16 April 2026 / Published online: 2 May 2026

© The Author(s) 2026

Abstract

Context Non-native plant pathogens are reshaping
ecosystems globally, yet their spread and potential
spatial distributions under future climate and land
cover change remains underexplored, particularly in
biodiversity hotspots with vulnerable hosts. In Mad-
agascar, a vascular wilt pathogen (Leptographium
calophylli) has been increasingly observed infecting
native forest trees raising conservation concerns.
Objectives We aimed to model future distributions
of both a vulnerable host tree Calophyllum panicu-
latum and incipient wilt pathogen Leptographium
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calophylli under climate and land cover change sce-
narios over the next 80 years to assess potential for
overlap, divergence, and implications for extinction
risk.

Methods Using ensemble SDMs across Madagas-
car, we forecasted potential distributional ranges for
both pathogen and host using the Global Climate
Model (GFDL-ESM4) under three scenarios (SSP1-
2.6, SSP3-7.0, SSP5-8.5) and time periods (2011-—
2040, 2041-2070, 2071-2100). We measured future
range shifts using a habitat exposure index and poten-
tial area of occupancy.

Results The pathogen is predicted to retain 68.5%
of the current projected distribution by 2100, with
expansion into previously uninhabited regions. C.
paniculatum is forecast to experience range contrac-
tion (65.9% loss by 2100) with persistent distribu-
tional overlap predicted across all scenarios.
Conclusion We demonstrate that future climatic
conditions may facilitate fungal pathogen expan-
sion, while simultaneously exposing vulnerable
hosts within their native, endemic range to infection.
The asymmetric dynamic of host range losses could
intensify biodiversity loss in insular ecosystems, par-
ticularly when compounded by deforestation. This
study highlights the importance of considering dis-
ease threats in biodiversity forecasts and conserva-
tion strategies, particularly in tropical systems facing
rapid environmental change.
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Introduction

Emerging plant pathogens are increasingly recognised
as a major driver of biodiversity loss (IPBES 2023).
In tropical island hotspots, where host species are
endemic, often range-restricted, ecologically special-
ised and already stressed by habitat loss and climate
change (Brown, 2022), pathogen invasion can have
profound consequences. In such systems, pathogen-
driven mortality of dominant or functionally unique
trees can rapidly alter community structure and eco-
system function, potentially triggering local extinc-
tions and cascading ecological consequences (Boyd
et al. 2013). For instance, such infections can truncate
seed-shadow and recruitment by removing parent
trees (Augspurger and Wilkinson 2007), reduce fruit
and nectar availability that in-turn depress frugivores
and pollinators (Razafindratsima et al. 2014), dimin-
ish above-ground carbon stocks (Slik et al. 2013),
and alter litter inputs (Fonte and Schowalter 2004).
In combination, these impacts can shift community
composition toward disturbance-tolerant states (e.g.,
liana-dominant, (Visser et al. 2018) and heighten fire
susceptibility at forest margins (Metz et al. 2011).
These changes are difficult to reverse once thresh-
olds are crossed (Reyer et al. 2015). Consequently, as
global change intensifies, understanding how plant-
pathogen dynamics may progress temporally and
spatially becomes central to predicting and mitigating
biodiversity loss.

Climate change influences host—pathogen interac-
tions through changes in temperature and moisture
regimes that govern pathogen sporulation, infection
efficiency and survival (Elad and Pertot 2014; Gar-
rett et al. 2006), as well as host stress and defence
(Desprez-Loustau et al. 2007; Sturrock et al. 2011).
Depending on the pathogen-host system, warming,
altered precipitation and seasonality patterns may
facilitate pathogens to track hosts and expand into
previously unoccupied refugia (Bebber et al. 2013).
Conversely, some pathogens might encounter envi-
ronmental thresholds that limit their survival and
spread, thereby creating spatial refugia for host spe-
cies. The development of robust disease risk mod-
els that forecast pathogen distribution under altered
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climatic conditions is therefore crucial, not only for
predicting disease outbreaks but also for informing
effective conservation strategies and management
practices in vulnerable ecosystems.

Many conservation strategies in invasion ecol-
ogy rely on correlative species distribution models
(SDMs) to predict how species’ ranges may shift in
response to environmental change. These SDMs are
widely used to identify climate refugia and prioritise
conservation strategies (Li and Wang 2013; Peter-
son et al. 2012). However, most SDMs focus solely
on abiotic variables and assume species respond
independently to environmental gradients. This
assumption breaks down when biotic factors, such
as host—pathogen dynamics, and human-led disper-
sal shape a species’ realised niche, e.g., taking con-
sideration of the ‘BAM’ framework (Escobar and
Craft 2016; Sober6n, 2005). For host species facing
pathogen pressure, projected range shifts may not
reflect future viability if pathogens are able to track
or outpace hosts. Conversely, if pathogen ranges con-
tract or shift differently than their hosts, it may result
in spatial refugia for the host species, potentially
increasing their resilience. These outcomes have fun-
damentally different implications for extinction risk,
yet few SDM-based conservation studies consider
such spatial overlap explicitly (Goberville et al. 2016;
Sopniewski et al. 2022).

Critically, this omission may lead to over-opti-
mistic or misleading conservation assessments.
Yet the methodological and data challenges of
mapping host and pathogen together are consider-
able, especially for under-studied species in poorly
sampled regions. These knowledge gaps are par-
ticularly stark in tropical island ecosystems, where
high rates of endemism intersect with high vulner-
ability to invasive species, habitat loss and climate
change (Bellard et al. 2017; Dawson et al. 2017).
Madagascar is emblematic of this convergence. The
island harbours exceptional biodiversity, includ-
ing over 12,000 plant species, of which 83% are
endemic (Goodman 2023). Yet this richness coex-
ists with accelerating environmental degradation:
deforestation, driven by slash-and-burn agriculture
and fuelwood harvesting, has already reduced the
country’s natural forest cover to less than 10% of
its original extent (Harper et al. 2007; Vieilledent
et al. 2018). Concurrently, climate models forecast
substantial shifts in temperature and precipitation
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patterns across the island (Brown, 2022; Good-
man 2023). These stressors interact with increasing
biotic pressures, including the incipient introduc-
tion of pathogens not previously known to occur in
these systems. However, the extent to which disease
dynamics will interact with climate and land cover
change to reshape species distributions in Madagas-
car remains largely unknown.

One illustrative example is the recently described
vascular wilt disease affecting native, endemic Calo-
phyllum species in Madagascar. The fungal pathogen
thought to be Leptographium calophylli (formerly
Verticillium) has been observed causing mortal-
ity in C. paniculatum, C. drouhardii, and C. milvum
populations in Ranomafana National Park since
2016 (Wright et al. 2020). Although Leptographium
species are globally distributed and known to cause
disease in other woody hosts, their ecology and epi-
demiology in Madagascar’s forests remain poorly
characterised. The origins of this outbreak are uncer-
tain, which underscores the urgency of proactive
monitoring and spatial forecasting under future envi-
ronmental change.

To address these ecological knowledge gaps, we
use ensemble SDMs to model current and future
suitability for both the vascular wilt pathogen (Lep-
tographium calophylli) and a susceptible endemic
host (Calophyllum paniculatum) across Madagascar
under three climate and deforestation scenarios, at
three future time slices. The overarching aim of this
study is to identify persistent risk hotspots and can-
didate refugia to inform conservation prioritisation
and provide a template for data-poor tropical ecosys-
tems. For the final research objective, we will map
host—pathogen spatial coupling and identify mortality
and risk hotspots by deriving overlap, divergence and
elevational range metrics to classify regions of inten-
sified exposure and potential refugia. One plausible
outcome is partial decoupling with persistent overlap,
for example, if pathogen suitability remains relatively
stable while the host contracts or shifts differently in
space or elevation, yielding refugia alongside endur-
ing co-occurrence and sustained mortality risk. The
alternatives are equally plausible: (i) tight coupling
if both taxa track similar directional and elevational
shifts, maintaining high overlap of predicted pres-
ence; (ii) risk attenuation if pathogen predicted dis-
tributions contract or shift away faster than the host,
enlarging refugia; or (iii) risk escalation if pathogen

predicted presence expands or shifts faster than the
host, increasing exposure.

Materials and methods

We chose to accompany this methods section with
Overview, Data, Model, Assessment and Prediction
(ODMAP) protocols and full code for each species
modelled (Zurell et al. 2020) in the name of open-
ness and transparency (https://github.com/GeoEm
ma/Underwood-fungal-host-SDMs-2026). These pro-
tocols summarise all parameter decisions and inputs
made to build and predict future range shifts of both
the focal tree and its wilt pathogen.

Study site

Madagascar (and Indian Ocean Islands) is one of 36
global biodiversity hotspots, combining exceptional
endemism with extensive habitat loss (Mittermeier
et al., 2011). The island lies ca. 90 km east of main-
land Africa (Fig. 1, extent A) and has lost much of its
natural forest cover to deforestation and degradation,
primarily through shifting agriculture and fuelwood
extraction (Brown, 2022; Goodman 2023; Harper
et al. 2007; Vieilledent et al. 2013).

Because the focal non-native fungal pathogen
— Leptographium calophylli — has not yet been sys-
tematically recorded in Madagascar but has a docu-
mented history on neighbouring Indian Ocean islands
and mainland Africa (Webber et al. 1999; Wiehe
1949), we treated continental Africa as the putative
source region and Madagascar as the potential inva-
sion front. We therefore defined two raster extents
at 1-km resolution (Fig. 1): (i) a training extent cov-
ering mainland Africa (extent A) used to model the
pathogen’s climatic niche based on African occur-
rences and (ii) a projection extent covering Mada-
gascar (extent B) where we projected both pathogen
and endemic host suitability through time. Raster
templates for both extents were prepared using Global
Administrative Areas (GADM.org) data, including
only mainland extents and excluding coastal islands
to avoid artefacts along shorelines. Ranomafana
National Park (extent B) was highlighted as the
location where wilt symptoms on Calophyllum spe-
cies were first reported and monitored (Wright
et al. 2020), providing an independent reference for
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Fig. 1 Map of Africa showing the training extent (A) for the
fungal wilt pathogen L. calophylli SDM at 1 km spatial reso-
lution. Madagascar (B) is the prediction extent where both
the fungal wilt pathogen L. calophylli and host tree distribu-
tions were mapped in time and space. Verticillium and Lep-
tographium occurrences were downloaded and cleaned from
GBIF (2025a) to represent the wilt pathogen L. calophylli
(n=34), and field surveys bolstered further GBIF occur-
rences of the host tree (n=62) C. paniculatum (Armstrong
et al. 2018; GBIF 2025b; Ramananjato, 2021; Ramananjato
and Razafindratsima 2021a, b; Rovero and Ahumada 2017).

evaluating projected establishment and subsequent
invasion potential from SDM predictions.

Study species

Endemic host plant

Calophyllum is a genus of evergreen tropical trees
in the family Calophyllaceae (formerly “Clusi-
aceae”), comprising 87 recognised species glob-

ally TUCN 2023). Many species in the genus show
negative population trends, with 29% assessed as
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Ranomafana National Park, shown by clustered presence of
C. paniculatum in the south-eastern humid forest was the first
recorded sighting of L. calophylli (Wright et al. 2020). Pseu-
doabsences were randomly generated for the wilt pathogen
which excluded a set distance from pathogen (black circles)
and Cryphalus bark beetle dispersal vector occurrences (tri-
angles) (Barbet-Massin et al. 2012; GBIF 2025c). Seychelles
(grey square) and Mauritius (black square) are also identified
as nearby islands of known pathogen spread sightings (Webber
et al. 1999; Wiehe 1949)

decreasing and 57% are data deficient (IUCN 2023).
Calophyllum paniculatum P.F. Stevens (hereafter
C. paniculatum) is endemic to mid-level elevation
humid and sub-humid ecoregions of Madagascar,
where it forms part of the canopy in evergreen rain-
forests. It is currently categorised as vulnerable on
the IUCN Red List IUCN 2019), and recent reports
of high adult mortality associated with the vascular
wilt (Wright et al. 2020), raise concern that climate
change, land cover change and pathogen invasion
may interact to accelerate its decline.
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Fungal wilt pathogen

A vascular wilt disease has been causing increasing
adult mortality in C. paniculatum in Ranomafana
National Park since 2016 and is attributed to a fun-
gal pathogen in the genus Leprographium, most
likely Leptographium calophylli (L. calophylli)
(Wright et al. 2020). The fungal wilt L. calophylli
has long been recognised as a serious pathogen of
Calophyllum trees in other tropical and subtropical
moist broadleaf biomes in the Indian Ocean islands
of Seychelles and Mauritius (Wainhouse et al. 1998;
Webber et al. 1999; Wiehe 1949). In addition, it was
documented from C. brasiliense var. rekoi in cul-
ture collections from El Salvador (Crandall 1949).
The external symptoms include rapid crown wilting
and canopy dieback, while internally the disease is
characterised by dark brown vascular streaking vis-
ible in the xylem tissue (Wiehe 1949; Wright et al.
2020). Evidence confirming host specificity remains
limited, largely because it is difficult to determine
conclusively (Cheng and Yu 2025). However, recent
observations from the latest outbreak in Ranomafana
National Park, Madagascar, recorded visible exter-
nal symptoms in Calophyllum stands (Wright et al.
2020). Nevertheless, asymptomatic hosts may still
facilitate pathogen dispersal across the landscape
(Prospero and Cleary 2017). In our study, we there-
fore assume that the modelled pathogen can survive
and disperse without specific Calophyllum species,
based on available Global Biodiversity Information
Facility (GBIF) records in Africa (GBIF 2026).

Dispersal vector

Although aerial dispersal of spores may only con-
tribute locally, long distance spread of L. calophylli
across islands separated by hundreds of kilometres is
likely to have been facilitated by human movement
of infected timber. An ecologically important vec-
tor for the dispersal within forests is the bark beetle,
Cryphalus Erichson, 1836. This genus of beetle range
in size from 0.8—3 mm in length and inhabit tree
bark where fungal spores attach to their exoskeleton
and are transported to new hosts (Wainhouse et al.
1998). At least 25 Cryphalus species occur on the
African Continent (GBIF 2025c) and Cryphalus tryp-
anus has been identified as the principal vector of the

Calophyllum wilt pathogen in Seychelles and Mauri-
tius (Wainhouse et al. 1998).

Occurrence records

To our knowledge, there are no officially reported,
geolocated occurrences of the fungal wilt L calophylli
in Madagascar in any global biodiversity database,
aside from surveys from Ranomafana National Park
(Fig. 1, extent B; Wright et al. 2020). Due to recent
taxonomic and historical uncertainty surrounding the
fungal pathogen’s identity (Wainhouse et al. 1998;
Webber et al. 1999; Wiehe 1949), we broadened our
query to the wilt genera Verticillium Nees, 1816 and
Leptographium Lagerb. & Melin. All records for
these genera restricted to mainland Africa (Fig. 1,
extent A) were downloaded from GBIF (GBIF
2025a). We removed records with missing, inconsist-
ent, or obviously incorrect geographic coordinates
and excluded records with zero counts. The initial
dataset comprised Leptographium (n=10) occur-
rences from southern Africa and Verticillium (n=86)
occurrences from northern, western, and eastern
Africa. After thinning spatial duplicates within 1 km
grid cells, n=34 unique fungal wilt occurrences
remained. For simplicity, we refer to these genera-
level occurrences as L. calophylli.

For the endemic host plant C. paniculatum, we
again, collated all records (n=65) with accepted
coordinates (GBIF 2025b) and supplemented these
with field observations from multiple surveys in Mad-
agascar, including the Tropical Ecological Assess-
ment and Monitoring (TEAM) network (Rovero and
Ahumada 2017), Centre ValBio (CVB) wilt surveys
(Wright et al. 2020), a microhabitat study (Ramanan-
jato, 2021; Ramananjato and Razafindratsima 2021a,
b) and a soil survey in which the host was recorded
as present (Armstrong et al. 2018). To minimise tem-
poral duplication, we retained one record per plot
for a common survey year (2018) within each data-
set where appropriate. This yielded a final set of 62
unique C. paniculatum occurrences for terrestrial
Madagascar (Fig. 1, extent B).

To accompany the collated species presence points
within the ensemble modelling framework, pseudo-
absences and background points were generated then
combined with the presence data for the wilt and
host. After initial sensitivity testing of each method
which explored multiple methods, the fungal wilt
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pseudoabsences were constructed using the 2° far’
buffer approach (Fig. 1, extent A (Barbet-Massin
et al. 2012)), where following Li et al. (2024), we also
combined presence records for the bark beetle vec-
tor Cryphalus (Fig. 1, extent A) obtained from GBIF
and grouped with the fungal wilt occurrences (GBIF
2025c¢). We chose to generate pseudoabsences rather
than background points to explicitly contrast pres-
ence and absence environments across the wide envi-
ronmental gradients of Africa (Barbet-Massin et al.
2012). This approach is appropriate when occurrence
data are suspected to be incomplete and spatially
biased (Phillips et al. 2009), as is typical for fungal
pathogens in GBIF where sampling is constrained
by accessibility and the cryptic nature of the species
(Boria et al. 2014). Host background points were
randomly generated across the whole of Madagas-
car after testing showed this outperformed a targeted
ecoregion background approach. For more informa-
tion, see Online Resource 1, 2 and 3.

Environmental information

To characterise contemporary and future macro-
climate, we extracted bioclimatic variables from
CHELSA v2.1 (Karger et al. 2017, 2021), at each
occurrence location. These represent the 19 standard
temperature and precipitation predictors at 30 arc-sec-
onds (~1 km at the equator) spatial resolution. These
variables capture seasonal variability and extremes to
constrain tropical tree distributions and fungal patho-
gen dynamics. We extracted climate projections from
the CMIP6 GFDL-ESM4 general circulation model
under three Shared Socioeconomic Pathway scenar-
ios: SSP1-RCP2.6, SSP3-RCP7, and SSP5-RCP8.5
(Krasting et al. 2018), spanning low, medium and
high emissions futures and thus bracketing plausible
climates that could mediate both host range shifts and
climate-facilitated pathogen invasion. We assembled
these variables across four time periods: 1981-2010
(current baseline), 2011-2040, 2041-2070 and
2071-2100. In addition, we included forest cover
projections from the ForestAtRisk model for Mada-
gascar (Vieilledent 2021; Vieilledent et al. 2018).
ForestAtRisk provides 30 m resolution maps of his-
torical forest cover and projected deforestation under
a “business as usual” scenario with baseline data for
2010-2020 and projections for 2040, 2070, and 2100
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aligned with our climate time slices. These projec-
tions suggest that, under continued deforestation,
humid forest in Madagascar could be almost entirely
lost by 2100, with large uncertainty in the exact tim-
ing of collapse but consistent trends of decline across
scenarios (Vieilledent et al. 2018). These combined
data represented temporally matched, dynamic for-
est cover layers that were used as a proxy for intact
humid and sub-humid forest structure relevant to host
C. paniculatum establishment.

Species distribution modelling (SDM)

We used ensemble species distribution models
(SDMs) to relate species occurrences to climatic and
land-cover variables and to project habitat suitability
under future scenarios (Aradjo and New 2007). Our
framework models an emerging fungal wilt (L. calo-
phylli) and its endemic host tree C. paniculatum to:
(i) characterise their current environmental niches,
(ii) forecast potential invasion and range shifts under
combinations of climate change and deforestation
and (iii) quantify changing spatial overlap between
pathogen and host. In the context of Madagascar’s
endemic flora, these models provide an effective way
to explore how climate-mediated pathogen invasion
could interact with ongoing habitat loss to reshape
host distributions and extinction risk.

Predictor variable selection

We restricted SDM complexity and minimised mul-
ticollinearity among predictors to avoid overfitting
(Dormann et al. 2013). Initially, we considered the
19 CHELSA bioclimatic variables and ForestAtRisk
forest cover, then quantified collinearity separately
for the pathogen (African training extent) and host
(Madagascar) datasets using Spearman’s rank corre-
lation matrices and Variance Inflation Factors (VIF).
Highly correlated pairs (7| > 0.7) were identified and
one variable from each pair was removed based on
their VIF, yielding a pool of non-collinear predictors
for each species (Online Resource 4, Figures S2-3).
To keep model complexity proportionate to sample
size, we limited the number of climate predictors to
approximately one variable per 8—10 presence records
(Merow et al. 2013; Guisan and Zimmermann 2000).
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This meant we could build models using six predictor
variables for the host plant (C. paniculatum) and four
for the fungal pathogen (L. calophylli). As this could
result in an oversimplified model for the latter, we
accounted for the sensitivity of model performance
to various numbers of predictor variables and selec-
tion procedures in a preliminary analysis. Results
highlighted the simple model, using just four climatic
predictors as the best performing model (results not
shown; tested methods are listed in the ODMAP pro-
tocol, Online Resources Tables 1 and 2).

For the fungal wilt pathogen, the final non-col-
linear climate predictors were: (i) precipitation of the
driest month, (ii) precipitation seasonality, (iii) mean
temperature of the coldest quarter, and (iv) precipita-
tion of the coldest quarter. Together, these variables
captured dry-season moisture stress (Desprez-Loustau
et al. 2007), intra-annual rainfall variability (Thomp-
son et al. 2014) and cool season thermal (Aguayo
et al. 2014) and moisture regimes (Burgess et al.
2017) that are known to constrain survival, overwin-
tering and infection windows of vascular wilt fungi.
For the endemic host tree, the final predictors com-
prised: (i) temperature seasonality, (ii)) mean tem-
perature of the driest quarter, (iii) annual temperature
range, (iv) precipitation of the wettest month, (v) pre-
cipitation of the coldest quarter, and (vi) forest cover.
These variables summarise thermal stability and
extremes (Engelbrecht et al. 2007; Morellato et al.
2016; Park Williams et al. 2013), water availability
during both wet and cool seasons (Esquivel-Muelbert
et al. 2017; McDowell et al. 2020), and the presence
of closed-canopy forest, consistent with C. panicula-
tum as a humid rainforest tree whose distribution is
shaped by relatively stable tropical climates and the
persistence of intact forest structure (De Moraes et al.
2006; Stevens 1980).

Ensemble model fitting and validation

We used a weighted ensemble approach to reduce
bias from individual algorithms and better capture
uncertainties in predictions across climate and defor-
estation scenarios (Aratjo and New 2007; Thuiller
et al. 2019). Ensemble models were built using the
sdm R package (Naimi and Aradjo 2016). For each
species, we fitted three algorithms that perform well
with limited occurrence data: Boosted Regression

Tree (BRT), Random Forest (RF) and MaxEnt (Wil-
liams et al. 2009). Models were replicated ten times
for each algorithm using bootstrap resampling, pro-
ducing 30 models per species in the final model. For
each ensemble, to account for the much larger number
of background data relative to presences, we applied a
weighting ratio such that each pseudo-absence/back-
ground point contributed one-tenth of the weight of
a presence, making the total weighted contribution
of presences and pseudo-absences/background points
approximately equal in each model replicate. We used
five-fold cross-validation, with an 80:20 training—test-
ing split in each fold (Aragjo et al. 2005). Two- and
three-dimensional partial response curves were gen-
erated for all predictors and suitability predictions
were averaged across replicates and algorithms to
obtain ensemble mean predictions for subsequent per-
formance evaluation and projection (Online Resource
4, Figures S11-12).

Ensemble model performance evaluation

We assessed the performance of each individual
model replicate using threshold-independent dis-
crimination metrics: Area under the receiver operat-
ing curve (AUC), True Skill Statistic (TSS) and the
standard deviation of both for each cross-validation
fold (Allouche et al. 2006; Liu et al. 2013). The top
trained ensembles were inspected for ecologically
plausible response curves and spatial distribution
patterns before being retained for future projections
(Online Resource 4, Figures S4-5). For the final wilt
ensemble, we chose Matthews Correlation Coeffi-
cient (MCC) as the primary evaluation metric due to
its robustness in novel environmental conditions and
effectiveness in handling class imbalance (Boughor-
bel et al. 2017). For the host tree C. paniculatum, the
final ensemble used AUC-weighted averaging, further
optimised with respect to maximising TSS to balance
omission and commission errors.

For each species, we quantified variable impor-
tance for the top ensemble model by permuting pre-
dictors one at a time and measuring the resulting loss
in predictive performance (Dormann et al. 2013).
In the permutation approach, values of a given pre-
dictor were randomly shuffled across sites while all
other predictors were kept unchanged, so the greater
the reduction in model performance, the higher
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the inferred importance of that predictor (Online
Resource 4, Figures S9-10). Importance scores were
averaged across algorithms within the top ensemble
and rescaled to facilitate comparison among variables
within each species (Naimi and Aradjo 2016).

Thresholding to create binary presence/absence

To analyse future range shift and host—pathogen over-
lap, we converted continuous probability of presence
maps (Online Resource 4, Figures S7-8) to binary
presence-absence maps for each species, climate sce-
nario and time period. We used the threshold func-
tion in the sdm R package to identify an optimal
binary cut-off for each ensemble, weighting towards
the best-performing algorithms and replicates. For
the wilt pathogen L. calophylli, we used the mini-
mum distance to ROC curve ("minROCdist") opti-
miser to improve transferability between Africa and
Madagascar and reduce overprediction in novel cli-
mates (Owens et al. 2013). For the host tree C. pan-
iculatum, modelled within its native range, we opti-
mised the weighted ensemble towards the maximum
sum of sensitivity and specificity ("max(se+sp)",
or TSS) to balance omission and commission error
rates (Liu et al. 2013). The binary maps were used to
calculate distributional changes using area, centroid,
altitudinal changes, as well as habitat exposure, and
the predicted area of occupancy (pAOO), following
Choe et al. (2017) and the IUCN (2022). See Online
Resource 3, Figure S1.

Mapping novel environments and uncertainty

We performed a Multivariate Environmental Simi-
larity Surface (MESS) analysis on the top ensemble
for each species to assess the similarity between cur-
rent and future climatic conditions (Elith et al. 2010;
Zurell et al. 2012). Given the model transfer from
Africa to Madagascar, this was particularly help-
ful to analyse any differences in conditions between
training and testing (geographic disparity) as well as
changes in environmental conditions over time across
Madagascar between climate scenarios. In addition,
we evaluated the spatial uncertainty of predictions,
using high and low confidence presence and absence
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categories, allowing for spatially explicit interpreta-
tion of model outputs mapped across Madagascar.
For this, we used a percentile-based approach to
threshold the uncertainty (entropy) layer created for
each ensemble, using 75% and 25% as thresholds for
high and low confidence, respectively (Thuiller et al.
2019). For high confidence predictions, we applied a
threshold at the point where >75% of models were in
agreement for each pixel (the inverse of the entropy
layer). The same was applied for low confidence pre-
dictions, where a threshold was chosen where <25%
of models agreed. We wrote custom code to make this
process dynamic, testing 5% increments to account
for any cases of high agreement across model algo-
rithms and replicates in case the default resulted in
a zero-value threshold. This ensured the uncertainty
measurements were specific to each species and
ensemble model.

Preliminary environmental data processing was
carried out in QGIS (3.40 LTR). All further data prep-
aration, modelling and analysis was performed using
R Statistical Software (v4.3.2 (2023-10-31 ucrt); (R
Core Team, 2023)) with packages rgbif (Chamberlain
S, 2017; Chamberlain and Boettiger 2017) and ferra
(Hijmans 2025) for spatial data processing of pseu-
doabsences and background points. Further meth-
ods information is found in Online Resources 1 & 2
(ODMAP protocols).

Results

Projections of host pathogen distributions under
current climate

When visualising current projections for the wilt
pathogen L. calophylli (Fig. 2a), the pathogen is pre-
dicted to be present across a larger and overlapping
geographic extent than host C. paniculatum (Fig. 2b).
There are high confidence areas of suitable habitat
across the entire north—south humid belt of the island,
and high confidence absences to the west, largely
encompassing the entire distribution of C. panicula-
tum, although the host distribution is sparser within
the same humid and sub-humid belts. High confi-
dence wilt suitability is projected for the independ-
ent reference area within Ranomafana National Park
where the pathogen has been observed causing mor-
tality to C. paniculatum since 2016. There are some
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(a) Wilt
L. calophylli

Projection time period: 1981-2010 (current)

Binary presence-absence threshold 0.264
(optimised for MCC)
Uncertaixﬁ;in::;l;;ld (75th 0.784
Projected presence (suitable habitat)
No. suitable cells 198712
%o suitable cells in total area 33.5%
High confidence suitable habitat
No. suitable cells 129468
% high confidence cells in suitable area | 65.2%

Fig. 2 Current projected binary presence-absence of (a) fun-
gal wilt of L. calophylli and (b) C. paniculatum with associated
confidence categories. Confidence was determined through
inversing and thresholding each ensemble model’s entropy
layer). Green areas on the maps represent high confidence
of species presence (where more than 75% of model outputs

. Presence (high confidence)
. Presence (low confidence)

Absence (high confidence)
. Absence (low confidence)

(b) Host
C. paniculatum

Projection time period: 1981-2010 (current)

Binary presence-absence threshold

(optimised for max TSS) b

Uncertainty threshold (80th

. 0.211
percentile)

Projected presence (suitable habitat)

No. suitable cells 30334

% suitable cells in total area 5.1%

High confidence suitable habitat

No. suitable cells 1925

% high confidence cells in suitable area | 6.3%

agree), and purple areas represent lower confidence presences
(less than 25% model outputs agree). With the same method,
grey areas on the maps represent high confidence absences,
and red shows low confidence absences. For the host tree,
mapping prediction uncertainty was calculated using the 80th
percentile (as 75th led to zero)
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L. calophylli
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. Presence (low confidence) -

Absence (high confidence)
. Absence (low confidence)

2041-2070

2071-2100
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«Fig. 3 Future predictions of wilt pathogen L. calophylli binary
presence-absence across climate scenarios (columns: SSP126,
SSP370 and SSP585) and time periods (rows: 2011-2040,
2041-2070, and 2071-2100). Data were converted to binary
presence-absence using the ‘minimum distance to ROC curve’
optimisation method in the sdm R package. Each binary pre-
diction visualises high and low confidence for presences and
absences, using an uncertainty threshold (high confidence
where 75% models in ensemble are in agreement). Green areas
on the maps represent high confidence species presence, and
purple areas represent low confidence presences. Grey areas on
the maps represent high confidence absences, and red shows
low confidence absences

small patches of uncertainty (low confidence absence
—red) around the outside of the projected distribution
for the wilt, and in the south and west which does not
overlap with the host (Fig. 2a). The host presence dis-
tribution is small and isolated, with low confidence
absences projected along western coastal fringes.

Spatial-temporal patterns of future range
dynamics

Overall, ensemble SDMs for both species project
changes in the geographic distributions of suitable
habitat of the fungal wilt L. calophylli, and endemic
host, C. paniculatum across all climate scenarios
examined. These projections, however, reveal mark-
edly different trajectories for the pathogen and its
host, suggesting potential disruption of their current
spatial relationship by the end of the century. The wilt
pathogen L. calophylli, demonstrates considerably
greater resilience under future climates, with pro-
jected range contractions of only 7.7-31.6% across
all scenarios and timeframes (Fig. 3, Online Resource
4, Table S5). Even under the most extreme climate
scenario (SSP5) by 2071-2100, the pathogen is pro-
jected to retain 68.5% of its current range.

In contrast to the wilt pathogen, C. paniculatum
is projected to experience severe range shifting,
with an overall net contraction across all scenarios,
except for the first period (2011-2040 for the low-
emission pathway only) (Fig. 4). Moderate reduc-
tions of 22.5-41.1% under the low emissions path-
way become progressively more severe under higher
emission scenarios, with the most extreme reduc-
tions of 65.9% by the end of the century observed
under the fossil-fuelled shared socioeconomic path-
way (Fig. 5, Online Resource 4, Table S5).

Measuring range differences along a temporal
gradient reveals distinctly different trajectories of
range stability, contraction and expansion. The fun-
gal pathogen shows consistent range stability across
scenarios and time periods, with slight expansion
into new range by 2040 under high emissions sce-
nario, and even minor expansion by end of century
under low emissions scenario (Fig. 5). Meanwhile,
a progressive intensification of range contractions
across all scenarios (except the low-emissions path-
way) are predicted for the host C. paniculatum, with
the most dramatic changes occurring in the latter
half of the century, equating to more than double
range losses compared to the wilt (Fig. 5). Towards
the end of the century (2071-2100), the most dra-
matic changes occur, particularly for C. panicu-
latum, which predicts the highest contractions of
original range area, along with the lowest levels of
stability and expansion compared to earlier in the
century. Equally, the pathogen—although still expe-
riencing some range contractions during this period
(8.3-31.5%)—maintains relatively high range sta-
bility (68.5-91.7%) (Fig. 5, Online Resource 4,
Table S5).

L. calophylli exhibits conservative spatial shifts
with a consistent directional pattern (Fig. 6, purple
icons). These directional shift results reveal a poten-
tial spatial decoupling in the geographic responses
of host and pathogen. For C. paniculatum, predomi-
nant shifts were observed in southward and eastward
directions across most scenarios, with substantial
centroid shifts ranging from 29.7-111.2 km (Fig. 6,
green icons). C. paniculatum is also predicted to
move upslope in the next century, showing a mean
elevational increase of 85 m by 2100 (Fig. 7). This
directional divergence, with species boundaries mov-
ing in different cardinal directions at significantly
different rates, suggests potential disruption of their
current spatial relationship under future climate sce-
narios, particularly under high emission pathways and
later time periods.

Host-pathogen elevational relationship
Elevation responses show some consistency between
host and pathogen (Fig. 7), with both species gener-

ally shifting upward in elevation at different rates and
thresholds for the focal tree. C. paniculatum shows
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«Fig. 4 Future predictions of host C. paniculatum binary
presence-absence across climate scenarios (columns: SSP126,
SSP370 and SSP585) and time periods (rows: 2011-2040,
2041-2070, and 2071-2100). Data were converted to binary
presence-absence using the ‘maximising sensitivity and speci-
ficity’ optimisation method in the sdm R package. Each binary
prediction visualises high and low confidence for presences
and absences, using an uncertainty threshold (high confidence
result is where 80% models in ensemble are in agreement).
Green areas on the maps represent high confidence species
presence, and purple areas represent low confidence presences.
Grey areas on the maps represent high confidence absences,
and red shows low confidence absences

more pronounced elevational shifts (maximum ver-
tical shift height of 253.6 m during 2071-2100 with
SSP3) than the pathogen (up to 124.0 m for the SSP5
scenario). These different rates of elevational migra-
tion could temporarily alter disease dynamics along

Fig. 5 Cumulative range
change comparison includ-
ing predicted percent-

age contraction (orange

150

L. calophylli

elevation gradients, although given their geographic
distributions, the predicted probability of presence of
the pathogen exceeds the overall elevational range of
C. paniculatum.

Geographic range overlap

The predicted distribution of L. calophylli domi-
nates the eastern forest corridor, maintaining stable
geographic distribution into the future (Figs. 8-9).
In contrast, the host, C. paniculatum, has a very
limited predicted distribution across Madagascar,
persisting in patches in the north and isolated loca-
tions on the eastern humid belt under future climate
and land cover scenarios (Fig. 9). Distribution and
overlap changes demonstrate the increasingly limited

C. paniculatum
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Fig. 6 Centroid shift direction (cardinal and ordinal) and mag-
nitude (km) shown for wilt pathogen (L. calophylli — purple)
and host (C. paniculatum — green) across three future time
frames and future climate scenarios (low-emissions (SSP1) —

2011 - 2040

2041-2070

2041 - 2070

2071-2100
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(SSP5) — square

2071- 2100

100
e SR [ em—

Elevation change (m)

0 --

-100 - -

© o S ©
& & &
& & &

Species M L. calophytii M C. paniculatum

|
Q "o}
N @ ’;}(’.) A el
Q > o'
& o o o8
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Fig. 7 Predicted elevational range shifts by species, year and
scenario between 2010 and 2100. The top row shows wilt
pathogen L. calophylli (purple), converted to binary presence
using the ‘minimum distance to ROC curve’ optimisation
threshold. The bottom row shows C. paniculatum elevational

distribution of C. paniculatum along the northern
and central eastern zones, while for the wilt L. cal-
ophylli, a pattern of expanding distribution along
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range changes (green) using the ‘maximising the sum of sen-
sitivity and specificity’ threshold. Climate scenarios represent
low-emissions, sustainable pathway (SSP1), high-emissions
regional rivalry (SSP3) and high-emissions, fossil-fuelled
pathway (SSP5)

Madagascar’s humid forest corridor. Their areas of
potential overlap are concentrated along the central-
eastern forests, particularly in the north (Fig. 9).
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Fig. 8 Future predicted dis-
tributions of L. calophylli
(purple) and C. paniculatum
(green), and their combined
overlap (black) for each
future year-range (col-
umns) and climate scenario
(rows). These distributions
have been created using a
binary threshold optimisa-
tion, maximising Sum of
Sensitivity and Specificity
for C. paniculatum and

the Minimum Distance to
ROC Curve for L. calo-
phylli (Online Resource 4,
Table S4)

2011-2040

Future projected distributions
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Fig. 9 Future predicted 2011-2040 2041-2070 2071-2100

cumulative spatial overlap
gain (blue) and loss ’ '

(orange) between the
fungal wilt pathogen (L.
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calophylli) and host tree (C.
paniculatum) and for each
future year-range (columns)
and future climate scenario
(rows). The underlying
predicted distributions in
which the overlap was cal-
culated were created using a
binary threshold optimisa-
tion, Maximising the Sum
of Sensitivity and Specific-
ity (opt 2) for C. panicu-
latum, and the Minimum
Distance to ROC Curve (opt
4) for L. calophylli (Online
Resource 4, Table S4). Each
overlapping cell change
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Across all climate and land cover pathways, there is
a clear geographic stability of L. calophylli to 2100,
with the low-emission fossil fuelled pathway show-
ing the most extensive geographic distribution of the
pathogen by the late century. Their predicted, shared
overlap reduces over time, both by shared pathway
intensity and future year range, likely due to the
overall contraction in the range of C. paniculatum
(Fig. 8). The overlap change patterns suggest a south-
ward shift in overlap areas over time.

Standardised range shift metrics (habitat exposure
and predicted area of occupancy) show C. panicu-
latum to be much more vulnerable to future change
drivers than the wilt pathogen L. calophylli. Both
show increasing vulnerability as the intensity of
future climate scenario increases from 1 (low emis-
sions) to 5 (high emissions), but C. paniculatum
shows steeper declines and more variability of results
across scenarios (Table 1). C. paniculatum exhib-
its high habitat exposure values (0.759-0.830), par-
ticularly under higher emission scenarios, indicating
widespread habitat transformation to new areas by
2100. Climate exposure is lower for the wilt patho-
gen L. calophylli, and lowest (0.083) under the low-
emission pathway (SSP1) but increases substantially
under higher emission scenarios (0.298-0.315). The

Table 1 Standardised range shift metrics—habitat exposure
index and potential area of occupancy (pAOO) change for each
species and emissions scenario compared between current pro-
jections and year 2100

Model Climate Habitat expo- IUCN
pathway*  sure index™ " pAOO %
change™
Wilt pathogen SSP1 0.083 -7.936
L. calophylli SSP3 0.298 -28.986
SSP5 0.315 -30.656
Host SSP1 0.759 —45.173
C. paniculatum  g5p3 0.786 —64.047
SSP5 0.830 —67.485

* . . . . . .
SSP1 =low-emissions, sustainable socio-economic scenario;
SSP3=high emissions, regional rivalry scenario; SSP5=high
emissions, fossil-fuelled scenario

“Range shift metrics (habitat exposure and pAOO) were
computed after converting continuous probability of presence
to binary presence-absence predictions. We used species spe-
cific binary optimisation thresholds: L. calophylli models were
optimised for the minimum distance to ROC curve. Host plant
model optimised for maximizing the sum of sensitivity and
specificity (TSS)

difference in habitat exposure between species sug-
gests substantially greater climate sensitivity for
the host tree. Potential area of occupancy (pAOO)
changes show on average, that C. paniculatum is fore-
casted to lose up to 67% of its current area by 2100,
compared to L. calophylli, which is a much lower pre-
dicted loss at up to 31% (Table 1).

Discussion

Environmental change expands invasion opportunity
in Madagascar

This study has three key findings that together clar-
ify how global environmental change can reshape
host—pathogen dynamics and invasion processes in
tropical biodiversity hotspots. First, future climate
change consistently maintains or expands climatically
suitable habitat for the novel pathogen L. calophylli
across much of Madagascar, even under high-emis-
sions scenarios. Second, the endemic host C. panicu-
latum is projected to undergo consistent range con-
traction across all climate scenarios, compounded by
fragmentation and dispersal limitation from deforest-
ation, resulting in a small number of geographically
isolated refugia by late century. Third, these contrast-
ing responses generate a pronounced spatial and cli-
matic decoupling between host and pathogen distri-
butions, such that pathogen suitability increasingly
exceeds and spatially envelops the shrinking host
range. Similar host—pathogen climatic mismatches
have been documented historically in temperate
regions following introduction of invasive pathogens
under changing environmental conditions, most nota-
bly the extirpation of American chestnut (Castanea
dentata) by the introduced fungus Cryphonectria par-
asitica (Anagnostakis 1987; Santini et al. 2013) and
the widespread collapse of elm populations follow-
ing invasion of Dutch elm disease (Ophiostoma spp)
(Karnosky 1979; Santini et al. 2013). In those inva-
sions, pathogen persistence and geographic spread
far exceeded the demographic and climatic resilience
of their primary hosts, restructuring forest compo-
sition for decades to centuries (Santini et al. 2013).
Our projections suggest that L. calophylli may follow
a comparable trajectory in Madagascar, persisting
across landscapes even as the endemic host becomes
increasingly rare and spatially fragmented.
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The projected stability and breadth of the climatic
niche of L. calophylli indicate that the pathogen is
unlikely to be constrained by future climate change
in the same way its host is. Under high-emission
scenarios, orders of magnitude more areas are pre-
dicted to be climatically suitable for the pathogen by
the end of the century, compared to C. paniculatum.
L. calophylli may, consequently, remain in local for-
ests regardless of whether C. paniculatum becomes
locally extirpated across its range, increasing the
likelihood of spill over into other native species or
reinfection of remnant populations. This depends on
whether the pathogen is host-specific or not. It has
been observed in other forest pathogens that multi-
host strategies allow pathogens to maintain popula-
tions in a reservoir host even as susceptible species
decline (Desprez-Loustau et al. 2007), but whether
this occurs in Madagascar remains a future research
area to explore.

By maintaining the area of climatically suitable
habitat for L. calophylli, climate change effectively
increases the invasion opportunity available to this
novel pathogen. Here, invasion opportunity refers to
the total extent of environments in which establish-
ment and long-term persistence are climatically plau-
sible. As suitable landscape increases, the probability
that repeated introduction events result in successful
establishment also increases, even if the likelihood
of establishment per individual introduction remains
unchanged. This distinction is critical for forest path-
ogens, where propagule pressure is typically chronic
rather than episodic (Garbelotto and Pautasso 2012;
Lovett et al. 2016). For instance, continued movement
of timber or contaminated equipment can generate
multiple introduction events over time, and a larger
suitable area increases the chance that at least some
of these introductions occur in environments condu-
cive to persistence (Santini et al. 2013). Alternatively,
if climate change reduces suitable habitat for L. calo-
phylli, repeated introductions would more often fail
because arrival events would disproportionately occur
in environmentally mismatched locations (Meente-
meyer et al. 2011). However, our projections sug-
gest the opposite trajectory. By expanding or main-
taining climatic suitability across large parts of the
island, environmental change weakens climatic bar-
riers to establishment and makes invasion outcomes
increasingly dependent on propagule pressure rather
than environmental mismatch. In this way, climate
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change increases invasion opportunity and the likeli-
hood that repeated introductions translate into estab-
lishment (Elad and Pertot 2014), causing early mor-
tality to already climatically weakened hosts like C.
paniculatum.

Importantly, the asymmetry of future habitat suit-
ability between host and pathogen highlighted in this
study is supported by multiple, independent diag-
nostics rather than being an artefact of model trans-
fer or threshold choice. The MESS analysis (Online
Resource 4, Figure S14) indicated that future projec-
tions for L. calophylli are made within environmental
space represented by the training data, reducing the
likelihood that the observed broad pathogen suit-
ability arises from extrapolation into novel climates.
Additionally, uncertainty mapping shows persis-
tent areas of high model agreement for the pathogen
across Madagascar’s humid forests. Together, these
diagnostics strengthen confidence that the projected
divergence reflects a real difference in (pathogen) cli-
matic tolerance and (host) vulnerability, rather than
modelling artefacts. Notwithstanding, the predicted
distributions represent fully realised climatic suit-
ability rather than realised occupancy and therefore
cannot be interpreted as direct predictions of current
spread or disease extent.

Management implications and future conservation
directions

The contrasting responses the wilt pathogen L. calo-
phylli to the endemic host tree C. paniculatum depict
a troubling dimension to potential climate change
impacts that extends beyond species range shifts.
While the host faces clear range contractions, the
pathogen shows steady tolerance to changes in the
climate over time, with minor projected range losses
across the same scenarios and time frames. This
disparity creates an ecological mismatch that has
concerning implications for forest health and con-
servation planning. In the current-day projected dis-
tribution of L. calophylli, the geographical range of
presence spans a broader climate niche, extending
much further longitudinally, with reducing but vis-
ible presence stretching from sea-level at the east-
ern coastline all the way westward, through the
humid into the sub-humid region, and even into drier
savanna land towards the centre of the country. This
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broader distribution suggests the pathogen can persist
under climate conditions that far exceed the physi-
ological limits of C. paniculatum. L. calophylli main-
tains suitable habitat in most of Madagascar’s central
spine and eastern escarpment, covering most of the
humid zone, and parts of the eastern sub-humid zone.
This suggests that the pathogen could survive as a
generalist and not require C. paniculatum specifically
as a host for survival, where it may utilise other spe-
cies as a ‘reservoir’ in areas where their ranges to do
intersect (Griinwald et al. 2008; Rizzo and Garbelotto
2003).

In addition, the wilt pathogen L. calophylli caus-
ing mortality of C. paniculatum in Madagascar and
C. inophyllum on nearby tropical islands is still an
unknown to the conservation community. In the
face of becoming widespread before official iden-
tification, our study provides a timely assessment
of the potential impacts of L. calophylli on a focal
endemic tree species in a tropical biodiversity hot-
spot. We provide suggestions for how predictive
ecological modelling can support wider efforts to
identify, monitor, and limit its spread by recom-
mending that future work focuses on the following
research questions and actions:

1. Host range and other targets
Research question: Do we know with certainty,
that L. calophylli does not also infect or impact
other endemic species or genera in Madagascar?

e Action: Collaborate with local partners to
conduct systematic field sampling of mul-
tiple species across sites within the core
probability of presence distributions of L.
calophylli.

e Action: Collaborate with pathologists to
officially identify the pathogen.

2. Phase of spread
Research question: What phase of spread is the
pathogen in?

e Action: random sampling of species and
sites within and outside of the probability
of presence distribution of L. calophylli.

e Action: Multi-criteria analysis (MCA) to
map the possible spread start point and dis-
persal patterns, using anthropogenic and

natural spread routes: ferry ports, roads,
known logging areas, built-up areas, hiking
paths, prevailing wind direction and river
catchments.

3. Application of global tools
Research question: How can IPBES tools and
suggestions for invasive species management
(IPBES 2023) be adapted to the case of L. calo-
phylli in the context of tropical, island biodiver-
sity?

e Action: Assess applicability of IPBES
frameworks (IPBES 2023) for prevention,
early detection and rapid response in Mada-
gascar’s ecological and policy context.

Limitations and assumptions

Our study is underpinned by important assump-
tions and limitations that warrant consideration
when interpreting and drawing conclusions from
SDMs. First, models are built on all available, yet
a limited number of occurrence records. To avoid
overfitting, we adhered to the recommended ratio of
8-10 occurrences per predictor (Guisan and Zim-
mermann 2000; Merow et al. 2013) during model
construction. This can lead to oversimplification
of complex ecological processes and could over-
estimate the predicted range of the fungal patho-
gen. Notwithstanding, overestimation is preferential
when little is known of pathogen spread, virulence
or potential socioeconomic costs. Second, as with
most correlative SDM frameworks, our approach
assumes that species are in equilibrium with current
climatic conditions and occupy all areas that are
environmentally suitable. However, observed dis-
tributions are often constrained by dispersal limita-
tion, topographic barriers and disequilibrium result-
ing from past climate change (Svenning and Sandel
2013). This issue may be particularly important for
predictions of L. calophylli, because the occurrence
data were extracted at the genus level and combined
records from multiple species that may have distinct
environmental tolerances. Third, SDM frameworks
are inherently better suited to modelling the realised
niche than the fundamental niche (Soberdn, 2005).
As a result, our models describe the environmental
conditions under which the pathogen is currently
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found, rather than the full range of conditions it
could potentially tolerate. Although the host tree
may be capable of persisting under a broader range
of environmental conditions than those represented
in the available records, we used all confirmed
occurrence records from the pathogen’s endemic
range in Madagascar. This helps reduce the risk of
niche truncation and increases confidence that the
models capture the pathogen’s realised environment
space within its native distribution.

Finally, when transferring models from mainland
Africa to Madagascar, we acknowledge the uncer-
tainty associated with extrapolating into novel envi-
ronmental conditions (Elith et al. 2010). However,
our Multivariate Environmental Similarity Surface
(MESS) analysis indicated that novel conditions
were minimal for both the endemic Malagasy host
(<0.6%) and the extrapolated fungal pathogen
(nearly 0%). This suggests a high degree of environ-
mental similarity between the training and projec-
tion regions, increasing confidence in model trans-
ferability (Elith et al. 2010; Owens et al. 2013).

Conclusion

We highlight that the range dynamics of a non-native,
incipient pathogen can become a bigger threat to
endemic island species under climate change. We
identified and compared the current and future pre-
dicted geographic distributions of the wilt patho-
gen L. calophylli in relation to those of host C. pan-
iculatum, and quantified predicted range changes
and potential future spatial overlap. We showed the
already sparse, currently suitable habitat of C. pan-
iculatum may reduce further to isolated fragments
in the central and north sub-humid ecoregions, as a
direct result of combined climate change and defor-
estation by the end of this century. On the other hand,
the climate resilience shown by the fungal wilt patho-
gen L. calophylli, across all measured climate projec-
tions, without a strong reliance on forested areas for
survival could further put endemic vulnerable host
species at risk. These findings should alert the conser-
vation community to explore the impacts of multiple
global and regional change drivers simultaneously for
other vulnerable and endangered species across the
tropics, to better understand current future threats to
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species’ survival, and to limit further biodiversity loss
across terrestrial biodiversity hotspots globally.
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