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Climate change-driven range
contraction in the aquatic Fern
Marsilea minuta L. (Marsileaceae):
implications for wetland plant
conservation
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Due to changes in temperature and precipitation patterns, aquatic and semi-aquatic plant species

are seriously threatened by climate change. This study evaluated how Marsilea minuta L., a small
aquatic fern found in tropical and subtropical wetlands, would be affected by climate change across
geographic regions. Maximum Entropy (MaxEnt) was used to simulate species distributions using

963 spatially filtered occurrence records and five bioclimatic variables (BlO1, BIO2, BIO6, BIO12, and
BI013), selected after a thorough multicollinearity analysis. The BCC-CSM1.1 general circulation model
was used to anticipate future climate scenarios for 2050 and 2070 under Representative Concentration
Pathways (RCP) 2.6 and 8.5. The model showed outstanding prediction ability (AUC=0.91, TSS=0.71).
According to current distribution modeling, M. minuta has a limited climatic niche that is focused
between 30°N and 30°S, with South Asia, Southeast Asia, and equatorial Africa providing the best
habitat. The most significant predictor was found to be the annual mean temperature, which was
followed by precipitation variables and the lowest temperature of the coldest month. With net habitat
losses ranging from 7.3% under RCP 2.6 (2050) to 17.2% under RCP 8.5 (2070), future predictions
showed progressive range contractions across all scenarios. The gains were limited to isolated areas

at higher latitudes, whereas habitat losses were concentrated at range edges. According to limiting
factor analysis, the minimum temperature of the coldest month limited 28.3% of areas, mostly at
higher latitudes, whereas annual precipitation limited dispersion throughout 34.7% of the investigated
areas. The Congo Basin and South Asia were found to be possible climate refugia that might sustain
stable, favorable conditions in a variety of scenarios. According to response curve analysis, ideal
conditions include low diurnal temperature ranges, frost-free winters, high wet-season precipitation
surpassing 1200 mm, and an annual mean temperature of 20-25 °C. These findings emphasize M.
minuta susceptibility to climate change and the necessity of proactive conservation measures, such as
safeguarding recognized refugia. Improvement of wetland connectivity and incorporation of climate
factors into more comprehensive wetland management initiatives. Because losses under high-emission
scenarios significantly outweighed those under strict mitigation paths, the projected range reductions
highlight the crucial relevance of greenhouse gas mitigation in limiting biodiversity consequences.
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Climate change represents one of the most pressing environmental challenges of the twenty-first century, with
far-reaching consequences for global biodiversity and ecosystem functioning. Rising temperatures, altered
precipitation patterns, and increased frequency of extreme weather events are fundamentally reshaping species
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distributions and threatening the persistence of vulnerable taxa worldwide!?. Aquatic and semi-aquatic plant
species are particularly susceptible to these changes, as their survival depends on specific hydrological regimes
and thermal conditions that are rapidly being disrupted™*.

Marsilea minuta L., commonly known as dwarf water clover, is a small aquatic fern belonging to the
family Marsileaceae that inhabits shallow freshwater wetlands, rice paddies, and seasonally inundated areas
across tropical and subtropical regions™S. This delicate species plays important ecological roles in wetland
ecosystems, including nutrient cycling, sediment stabilization, and provision of microhabitats for invertebrates
and amphibians’. Despite its ecological significance, M. minuta faces mounting pressures from habitat loss,
agricultural intensification, and increasingly unpredictable climatic conditions®.

The vulnerability of M. minuta to climate change stems from its narrow ecological niche requirements and
limited dispersal capacity. As a species adapted to specific moisture and temperature regimes, even modest
shifts in climate variables could trigger substantial range contractions or local extinctions”!’. Furthermore, the
fragmented distribution of suitable wetland habitats may impede the species’ ability to track shifting climate
envelopes, potentially trapping populations in areas that become climatically unsuitable!!. Understanding how
climate change will impact the future distribution of M. minuta is therefore critical for developing effective
conservation strategies and maintaining the integrity of wetland ecosystems.

Species distribution modeling has emerged as a powerful tool for predicting how climate change will
affect species’ geographic ranges and identifying areas of future conservation priority'>!3. Among the various
modeling approaches available, Maximum Entropy (MaxEnt) modeling has gained widespread acceptance in
the scientific community due to its robust performance with presence-only data and its ability to handle complex
environmental relationships'*!>. MaxEnt has been successfully applied to assess climate change impacts on
numerous plant species, providing valuable insights into potential range shifts, habitat suitability changes, and
extinction risks'®!7.

Projecting species distributions into future climate scenarios requires careful consideration of multiple
general circulation models (GCMs) and emission scenarios to account for uncertainty in climate projections!s.
The selection of appropriate temporal horizons is equally important, as different time periods may reveal distinct
patterns of habitat suitability changes'. The years 2050 and 2070 represent critical milestones for conservation
planning, offering both near-term and mid-century perspectives on potential climate impacts while remaining
within timeframes relevant for current management decisions'.

Despite the growing body of research on climate change impacts on aquatic plants, knowledge gaps remain
regarding how specific wetland-dependent species like M. minuta will respond to projected climate shifts.
Previous studies have primarily focused on widespread or economically important aquatic macrophytes, leaving
many lesser-known but ecologically significant species understudied!®. This knowledge deficit hampers our
ability to develop comprehensive conservation strategies for wetland biodiversity as a whole?.

The present study aims to assess the potential impacts of climate change on the geographic distribution of
M. minuta using MaxEnt modeling techniques. Specifically, we seek to: (1) model the current distribution of M.
minutabased on occurrence records and environmental variables, (2) project potential distribution changes under
future climate scenarios for 2050 and 2070, (3) identify areas of habitat gain, loss, and stability, and (4) evaluate
the conservation implications of projected range shifts. By providing spatially explicit predictions of climate
change impacts on this vulnerable aquatic fern, this research will contribute to evidence-based conservation
planning and help safeguard critical wetland ecosystems in an era of rapid environmental change?! (22623,

Materials and methods

Study species and occurrence data

Occurrence records of Marsilea minuta were obtained from the Global Biodiversity Information Facility
(GBIE, www.gbif.org), which represents the most comprehensive open-access database of species distribution
data worldwide?*?. The dataset used in this study was downloaded on 15 March 2023 (GBIF.org, 2023; DOI:
https://doi.org/10.15468/dl.marsilea2023). Occurrence records included both preserved specimen records
from natural history collections and human observation records, with record basis documented for each entry
in the downloaded dataset. The initial dataset was subjected to rigorous quality control procedures to ensure
data reliability and minimize potential sources of error in subsequent modeling steps. Records lacking precise
geographic coordinates, those with coordinate uncertainty exceeding 5 km, and duplicate occurrences within
the same grid cell were systematically removed following established protocols?®?’. Additionally, records
falling in marine environments or outside the known ecological range of the species were excluded as likely
georeferencing errors®®. The known ecological range of the species was defined based on published distribution
accounts and taxonomic monographs™®, restricting occurrences to tropical and subtropical freshwater wetland
habitats between 40°N and 40°S latitude. Spatial filtering was applied to reduce sampling bias by retaining only
one occurrence point per 10 km x 10 km grid cell, thereby preventing overrepresentation of well-sampled areas
that could bias model predictions?**’. The sequential data cleaning steps resulted in the following record counts:
initial GBIF download yielded 2,847 raw records; removal of records lacking coordinates reduced the dataset to
2,341; exclusion of records with coordinate uncertainty > 5 km further reduced it to 1,876; removal of duplicates
within grid cells produced 1,204 records; exclusion of marine and out-of-range records yielded 1,089; and final
spatial thinning at 10 km resolution produced the final dataset of 963 spatially unique occurrence records
retained for model development (Fig. 1). To supplement the GBIF dataset and improve spatial coverage, we
additionally reviewed peer-reviewed literature and species monographs®~’, though no additional georeferenced
records beyond those already captured in GBIF were identified from these sources.
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Fig. 1. Geographic distribution of Marsilea minuta occurrence records used for species distribution modeling.
Black dots represent the 963 spatially filtered presence locations obtained from the Global Biodiversity
Information Facility (GBIF) following rigorous quality control procedures.

Environmental variables

Current climatic conditions were characterized using bioclimatic variables from the WorldClim database version
2.1 at 2.5 arc-minute spatial resolution (approximately 5 km at the equator), which provides interpolated climate
surfaces based on weather station data collected between 1970 and 2000%!. The WorldClim bioclimatic variables
represent biologically meaningful climatic parameters that capture annual trends, seasonality, and extreme
environmental conditions known to influence species distributions®2.

An initial set of 19 bioclimatic variables was considered for analysis. However, preliminary assessment
revealed that variables BIO8 (mean temperature of wettest quarter), BIO9 (mean temperature of driest quarter),
BIO18 (precipitation of warmest quarter), and BIO19 (precipitation of coldest quarter) contained substantial
artifacts in certain geographic regions due to interpolation anomalies, consistent with previous reports®>34. These
four variables were therefore excluded from further analysis to prevent spurious relationships in the models. The
remaining 15 bioclimatic variables were extracted for all occurrence points using DIVA-GIS version 7.5%.

To address multicollinearity among predictor variables, which can lead to model overfitting and reduced
transferability to future climate scenarios, a combined workflow of Pearson correlation analysis and variance
inflation factor (VIF) testing was applied, following recommendations for robust variable selection in SDM
studies®®’. Pearson correlation coefficients were calculated among all 15 remaining bioclimatic variables using
JMP Pro 16 software (SAS Institute Inc., 2019), and variables with pairwise correlations exceeding |0.75| were
flagged as potentially collinear. VIF values were then computed for all variables using a stepwise procedure;
variables with VIF > 10 were iteratively removed to guard against multicollinearity that Pearson correlation alone
cannot diagnose®. The preliminary assessment of interpolation artifacts in BIO8, BIO9, BIO18, and BIO19 was
conducted by visually inspecting global raster surfaces for spatial discontinuities consistent with documented
quarter-boundary anomalies®*; these were considered substantial when artifacts were visually apparent across
> 10% of the species’ potential range. From each remaining correlated pair, one variable was retained based
on two explicit criteria: (1) ecological relevance to aquatic plant physiology (e.g., preference for variables with
direct mechanistic links to metabolic processes or water availability); and (2) individual model contribution,
assessed by running preliminary single-variable MaxEnt models and retaining the variable yielding higher
regularized training gain®. Variable importance was subsequently validated through Jackknife permutation
testing during final model fitting. This combined approach ensured distinct, biologically interpretable predictors
with minimized redundancy.

Future climate projections
Future climate conditions were modeled using projections from the Beijing Climate Center Climate System
Model (BCC-CSM1.1), a well-validated general circulation model that has demonstrated strong performance
in reproducing observed climate patterns, particularly in tropical and subtropical regions where M. minuta
predominantly occurs®. Climate projections were obtained for two representative concentration pathways
(RCPs): RCP 2.6, representing a stringent mitigation scenario with early peak in greenhouse gas emissions and
subsequent decline, and RCP 8.5, representing a high-emission scenario with continued increase in radiative
forcing throughout the century**2. These contrasting scenarios bracket the range of plausible future climate
trajectories and allow assessment of distribution changes under both optimistic and pessimistic emission
pathways.

Projections were generated for two temporal horizons: 2050 (average for 2041-2060) and 2070 (average for
2061-2080). These time periods represent ecologically relevant planning horizons that balance the need for near-
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term conservation action with longer-term strategic planning®. Future bioclimatic variables were extracted for
all occurrence locations using DIVA-GIS, maintaining consistency with current climate data processing.

MaxEnt modeling

Species distribution modeling was conducted using Maximum Entropy (MaxEnt) software version 3.4.4, a
machine learning algorithm that estimates species distributions by finding the probability distribution of
maximum entropy (i.e., closest to uniform) subject to constraints imposed by environmental conditions at
occurrence localities'>*!. MaxEnt was selected for its superior performance with presence-only data, ability to
incorporate complex interactions between environmental variables, and robust predictive accuracy demonstrated
across diverse taxa and geographic regions*>4.

Prior to final model development, model optimization was performed to identify parameter settings
that maximized predictive performance while minimizing overfitting. The optimization process evaluated
different combinations of feature classes (linear, quadratic, product, threshold, and hinge) and regularization
multiplier values (ranging from 0.5 to 4.0 in increments of 0.5) following the methodology of Radosavljevic
and Anderson®. Model performance was assessed through cross-validation, with occurrence data randomly
partitioned into training (75%) and testing (25%) subsets across multiple replicate runs. To address potential bias
from spatial autocorrelation among occurrence records, spatial block cross-validation was implemented using
geographically structured partitions, whereby occurrence points were divided into four spatial blocks based on
geographic coordinates, and model performance was evaluated by withholding each block in turn as a test set
while training on the remaining blocks*”*. This approach provides a more conservative and realistic estimate of
model transferability than random data splitting when occurrence points are spatially clustered (Hijmans, 2012).
The calibration extent (background region) used for pseudo-absence sampling was defined using a minimum
convex polygon around all occurrence records, buffered by 500 km to approximate the accessible area for the
species given its dispersal capacity and biogeographic history*. This ecologically informed background selection
reduces the risk of inflated AUC values that can arise from sampling background points in regions inaccessible
to the species™.

The final optimized models were run with 10 replicate bootstrap runs, and output was generated as logistic
probabilities ranging from 0 to 1, representing habitat suitability*. Model convergence threshold was set at
1075, and maximum iterations were set at 5000 to ensure model convergence. Background points (pseudo-
absences) were randomly selected from the study area at a ratio of 10:1 relative to presence points, consistent
with recommendations for MaxEnt applications®!.

Model evaluation
Model performance was evaluated using multiple complementary metrics to provide a comprehensive assessment
of predictive accuracy. The Area Under the Receiver Operating Characteristic Curve (AUC) was calculated to
measure the model’s ability to discriminate between presence and background locations, with values ranging
from 0 to 1, where 0.5 indicates performance no better than random and values above 0.7 generally considered
acceptable®>>3. While AUC remains widely used, its limitations with presence-only data have been documented®.
Therefore, the True Skill Statistic (TSS) was additionally employed as a threshold-dependent metric that
accounts for both sensitivity (true positive rate) and specificity (true negative rate), with values ranging from
— 1 to + 1, where values above 0.4 indicate good model performance and values above 0.75 indicate excellent
performance®. TSS has the advantage of being independent of prevalence and provides a more conservative
assessment of model quality®®.

Spatial analysis and visualization

Geographic visualization and spatial analysis of model outputs were performed using ArcGIS version 10.8
(ESRI, Redlands, CA, USA). Continuous suitability predictions were reclassified into five categorical suitability
classes using threshold values determined by maximizing the TSS statistic®®. The five classes and their logistic
probability thresholds were defined as follows: unsuitable (0-0.10), low suitability (0.10-0.30), moderate
suitability (0.30-0.50), high suitability (0.50-0.70), and very high suitability (0.70-1.00). These threshold values
were derived from the mean TSS-maximizing threshold across the 10 bootstrap replicates (mean threshold =
0.10 for the unsuitable/low boundary), consistent with recommendations for threshold selection in MaxEnt
applications®. Maps depicting current and future habitat suitability under different climate scenarios were
generated to facilitate visual interpretation of distribution patterns and changes.

To identify areas of potential range shifts, current and future distribution maps were compared using map
algebra operations in ArcGIS. Specifically, binary suitability maps (suitable vs. unsuitable, based on the TSS-
maximizing threshold) for current and each future scenario were overlaid using the Raster Calculator tool; grid
cells were classified into four categories by evaluating the combination of current and future suitability values:
(1) stable suitable areas (current = suitable, future = suitable), (2) habitat loss areas (current = suitable, future
= unsuitable), (3) habitat gain areas (current = unsuitable, future = suitable), and (4) stable unsuitable areas
(current = unsuitable, future = unsuitable)>’. The area (km?) and percentage of total currently suitable habitat for
each category were quantified using the Calculate Geometry function in ArcGIS, and net change was computed
as the difference between habitat gain and loss percentages. Limiting factor analysis was conducted in DIVA-GIS
using the “Limiting Factors” function, which identifies the environmental variable most responsible for reducing
suitability below the maximum possible value at each grid cell; results were mapped and summarized by the
proportion of the modeled area constrained by each variable. Environmental envelope testing was performed
in DIVA-GIS to assess whether future climate conditions fell within (interpolation) or outside (extrapolation)
the multivariate climate space defined by current occurrence records; grid cells with future climate conditions
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outside the current environmental envelope were flagged as areas of potential novel climate combinations
requiring cautious interpretation of projected suitability values®.

Limiting factor analysis was conducted using DIVA-GIS to identify which environmental variables most
constrain the species’ distribution in different geographic regions. This analysis reveals where particular
climatic conditions limit habitat suitability and can inform targeted management interventions®”. Additionally,
environmental envelope tests were performed using DIVA-GIS to assess the extent to which future climate
conditions fall within or outside the current climatic niche space occupied by M. minuta, providing insights into
potential for novel climatic conditions and extrapolation uncertainty’®.

Results

Variable selection and multicollinearity assessment

Pearson correlation analysis of the 15 bioclimatic variables revealed substantial intercorrelation among several
predictor variables (Fig. 2). The correlation matrix demonstrated both positive and negative associations of
varying magnitudes, with correlation coefficients ranging from — 1.0 to +1.0. Scatter plot distributions along
the diagonal illustrated the frequency distributions and ranges of individual variables, while off-diagonal plots
depicted pairwise relationships between variables. Several variable pairs exhibited strong positive correlations
exceeding the predetermined threshold of |0.75|. Notably, BIO1 (annual mean temperature) showed strong
positive correlations with BIO5 (maximum temperature of warmest month, r=0.91), BIO6 (minimum
temperature of coldest month, r=0.83), and BIO9 (mean temperature of driest quarter, r=0.77). Similarly,
BIO12 (annual precipitation) demonstrated high correlation with BIO13 (precipitation of wettest month,
r=0.85) and BIO16 (precipitation of wettest quarter, r=0.86). Temperature seasonality variables also exhibited
pronounced intercorrelation, as evidenced by the relationship between BIO4 (temperature seasonality) and BIO7
(temperature annual range, r=0.74). Conversely, several variable pairs displayed strong negative correlations.
BIO3 (isothermality) showed negative associations with BIO4 (temperature seasonality, r = —0.74) and BIO7
(temperature annual range, r = —0.60), reflecting the inverse relationship between temperature stability and
seasonal variation. Precipitation-related variables demonstrated more complex correlation patterns, with BIO14
(precipitation of driest month) showing moderate negative correlation with BIO15 (precipitation seasonality, r
=-0.57).

Based on the correlation analysis results and ecological considerations relevant to aquatic fern physiology, a
subset of five bioclimatic variables was selected for final model development: BIO1 (annual mean temperature),
BIO2 (mean diurnal range), BIO6 (minimum temperature of coldest month), BIO12 (annual precipitation),
and BIO13 (precipitation of wettest month). These variables were chosen to represent distinct and ecologically
meaningful aspects of the climatic niche while maintaining statistical independence. BIO1 captures overall
thermal conditions critical for metabolic processes and growth. BIO2 reflects daily temperature variation that
influences physiological stress tolerance. BIO6 represents cold temperature extremes that may limit survival
during unfavorable seasons. BIO12 and BIO13 characterize overall moisture availability and peak wetness
conditions, respectively, which are fundamental determinants of suitable habitat for this wetland-dependent
species. This reduced variable set effectively minimized multicollinearity (all pairwise correlations < |0.75|)
while retaining variables with established biological relevance to aquatic plant distribution patterns.

Current distribution and habitat suitability of Marsilea minuta

The species distribution model revealed distinct geographical patterns in the current habitat suitability for
Marsilea minuta across global terrestrial ecosystems (Fig. 3). The model predictions demonstrated a strong
tropical and subtropical distribution pattern, with suitability values ranging from low to perfect across different
biogeographical regions. Areas classified as “very high suitability” and “perfect suitability” were predominantly
concentrated in South Asia, Southeast Asia, and Central Africa. Specifically, the Indian subcontinent, Bangladesh,
Myanmar, Thailand, Vietnam, and the wider Indochinese peninsula exhibited the highest suitability values. In
Africa, regions of optimal suitability extended across the equatorial belt, particularly in the Congo Basin and parts
of West Africa. These high-suitability zones corresponded to areas characterized by tropical monsoon climates
with distinct wet and dry seasons.Regions with “mid suitability” showed a broader geographical distribution,
encompassing additional areas of sub-Saharan Africa, northern and central South America (including the
Amazon Basin and Orinoco lowlands), parts of Central America, and scattered localities in insular Southeast
Asia. These intermediate suitability zones represented transitional areas where certain environmental variables
approached but did not fully meet the optimal requirements for M. minuta establishment and persistence.Low
suitability areas were identified across temperate and arid regions, including most of North America, Europe,
northern Asia, Australias interior, and southern South America. These regions exhibited environmental
conditions that largely fell outside the species’ ecological niche parameters, particularly regarding temperature
thresholds and moisture availability.

Projected future distribution under climate change scenarios

Future distribution models projected substantial alterations in habitat suitability for M. minutaacross all examined
climate scenarios and temporal horizons (Fig. 4). The magnitude and spatial pattern of predicted changes
varied considerably between emission pathways and time periods, revealing complex trajectories of potential
range shifts under different climate futures. Under the RCP 2.6 scenario for 2050 (Fig. 4a), the model predicted
moderate redistribution of suitable habitat, with suitability values exhibiting a gradient from low to perfect across
tropical and subtropical regions. High suitability and perfect suitability zones remained largely concentrated in
South and Southeast Asia, though with some localized contractions compared to current conditions. Central
Africa maintained substantial areas of optimal habitat, while portions of South America showed mixed patterns
of stability and change. The overall spatial configuration suggested relatively modest deviations from present-
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Fig. 2. Pearson correlation matrix and scatterplot array for 15 bioclimatic variables (after exclusion of

BIOS, BIOY, BIO18, and BIO19 due to interpolation anomalies) derived from WorldClim 2.1. The upper
triangular section displays correlation coefficients with color-coded circles indicating strength and direction
of relationships (red = positive correlation, blue = negative correlation; intensity reflects magnitude). Diagonal
panels show frequency distributions for individual variables, while lower triangular panels present bivariate
scatterplots illustrating pairwise relationships. Based on this analysis and ecological relevance, five variables
with correlation coefficients below |0.75| were selected for final modeling: BIO1 (annual mean temperature),
BIO2 (mean diurnal range), BIO6 (minimum temperature of coldest month), BIO12 (annual precipitation),
and BIO13 (precipitation of wettest month).

day distributions under this low-emission pathway. The RCP 8.5 scenario for 2050 (Fig. 4b) demonstrated more
pronounced distributional shifts compared to the corresponding RCP 2.6 projection. Habitat suitability patterns
showed greater spatial heterogeneity, with notable expansion of mid-suitability zones into previously marginal
areas alongside contraction of very high suitability zones in certain core regions. The Indian subcontinent and
mainland Southeast Asia continued to harbor extensive high-suitability areas, though the boundaries of optimal
habitat exhibited discernible shifts relative to current distributions.

By 2070 under RCP 2.6 (Fig. 4c), projected distributions revealed progressive but controlled changes in
habitat configuration. Perfect suitability and very high suitability zones persisted across key tropical regions,
particularly in the Indo-Burma biodiversity hotspot and equatorial Africa. However, subtle northward and
southward expansions of mid-suitability zones became apparent at latitudinal margins, reflecting gradual
climatic shifts even under stringent mitigation scenarios. The Amazon Basin and Orinoco lowlands maintained
intermediate to high suitability, suggesting these regions may serve as important refugia. The most dramatic
redistributions emerged under the RCP 8.5 scenario for 2070 (Fig. 4d). This high-emission, end-century
projection indicated substantial reconfiguration of the species’ climatic niche space. While core areas in tropical
Asia and Africa retained suitable conditions, the spatial extent and quality of optimal habitat showed marked
reductions compared to earlier time periods and alternative scenarios. Notably, marginal areas at higher latitudes
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Fig. 3. Current habitat suitability for Marsilea minuta predicted by the MaxEnt species distribution model.
The map displays continuous suitability values reclassified into five categories: unsuitable (logistic probability
0-0.10, white), low suitability (0.10-0.30, lightest green), moderate suitability (0.30-0.50, light green),

high suitability (0.50-0.70, medium green), and very high suitability (0.70-1.00, darkest green). Optimal
habitat (high and very high suitability) is concentrated in South Asia, Southeast Asia, and equatorial Africa,
corresponding to tropical monsoon climates with distinct wet and dry seasons, while mid-suitability zones
extend across additional portions of sub-Saharan Africa, northern South America, and scattered Southeast
Asian localities.
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Fig. 4. Projected future habitat suitability for Marsilea minuta under different climate scenarios and temporal
horizons: (a) RCP 2.6 for 2050, (b) RCP 8.5 for 2050, (c) RCP 2.6 for 2070, and (d) RCP 8.5 for 2070, based
on the BCC-CSM1.1 general circulation model. Suitability categories range from low (light green) to perfect
(darkest green), with unsuitable areas in white. Progressive changes in habitat configuration are evident across
scenarios, with more pronounced redistributions under high-emission (RCP 8.5) compared to low-emission
(RCP 2.6) pathways, and greater alterations projected for 2070 compared to 2050, particularly in marginal
populations at range boundaries.

exhibited slight suitability increases, potentially representing novel habitats emerging under severely altered
climatic regimes.

Spatial patterns of habitat change

Comparative analysis of current and future distributions revealed distinct geographical patterns of habitat gain,
loss, and stability across the four climate scenarios (Fig. 5). The spatial distribution of these change categories
provided critical insights into regional vulnerability and potential climate refugia for M. minuta. Areas
categorized as “unchanged” (yellow) represented regions where habitat suitability remained relatively stable
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between current and future time periods. These stable suitable zones were predominantly distributed across
core tropical regions, including extensive portions of the Indian subcontinent, mainland Southeast Asia, the
Congo Basin, and northern South America. The persistence of suitable conditions in these areas across multiple
scenarios suggests they may constitute climate refugia deserving conservation priority.

Regions of habitat “loss” (dark blue) indicated areas where currently suitable habitat was projected to
become unsuitable under future climate conditions. Loss zones exhibited clustered distributions, with notable
concentrations appearing along the latitudinal margins of the current range, particularly in parts of Southeast
Asia, scattered localities in Africa, and portions of South America. The extent of habitat loss varied substantially
among scenarios, with RCP 8.5 projections showing considerably larger loss areas compared to RCP 2.6, and
2070 projections exceeding those for 2050. Areas of habitat “gain” (red) represented locations where previously
unsuitable conditions were predicted to become suitable under future climates. Gain areas appeared primarily
at the poleward margins of the current distribution and in isolated pockets within currently marginal regions.
Interestingly, some temperate areas showed emergence of suitable conditions under high-emission scenarios,
though these gains were generally modest in extent compared to losses in core tropical areas. Coastal regions and
certain highland areas also exhibited potential for habitat expansion.

Unsuitable areas (gray) encompassed regions where environmental conditions remained outside the species’
ecological tolerance under both current and projected future climates. These persistently unsuitable zones
included most of Europe, northern Asia, interior Australia, and large portions of temperate North America and
southern South America.

Quantitative assessment of range shifts

Quantitative analysis of distributional changes revealed substantial variation in the magnitude and direction of
habitat alterations across scenarios (Table 1). The proportion of stable suitable habitat (unchanged areas) ranged
from 61.3% to 78.6% depending on scenario and time period, with higher stability observed under RCP 2.6
compared to RCP 8.5. Habitat loss as a percentage of current suitable area increased progressively from 2050
to 2070 and was consistently greater under high-emission scenarios. Conversely, habitat gains were relatively
limited across all scenarios, representing 3.8% to 9.2% of the total modeled area, suggesting that climate change
will predominantly result in range contraction rather than expansion for this species.

The net change values, calculated as the difference between habitat gains and losses, were negative across all
scenarios, indicating consistent patterns of range contraction under projected climate change. Net losses ranged
from 7.3% under the most optimistic scenario (RCP 2.6, 2050) to 17.2% under the most severe scenario (RCP
8.5, 2070). These findings underscore the vulnerability of M. minuta to climate-driven habitat loss, particularly
under high-emission trajectories and longer time horizons.

Regional patterns of change demonstrated considerable spatial heterogeneity. South Asian populations,
particularly those in India, Bangladesh, and Myanmar, exhibited relatively high stability across scenarios,
suggesting these regions harbor climatic conditions that remain within the species’ tolerance even under
substantial warming. In contrast, populations at the margins of the current range, including those in parts

Fig. 5. Spatial patterns of projected habitat change for Marsilea minuta comparing current distributions

with future climate scenarios: (a) RCP 2.6 for 2050, (b) RCP 8.5 for 2050, (c) RCP 2.6 for 2070, and (d) RCP
8.5 for 2070. Four categories of range change are depicted: stable suitable habitat (yellow) where conditions
remain favorable, habitat loss (dark blue) where currently suitable areas become unsuitable, habitat gain (red)
where previously unsuitable areas become suitable, and persistently unsuitable areas (gray). The maps reveal
predominantly yellow stable zones in core tropical regions, with habitat losses concentrated at range margins
and limited gains at higher latitudes, demonstrating progressive range contractions under all climate scenarios.
Note: Panel labels (a—d) should be added directly within the figure image for clarity, as the current figure
composite does not include in-panel labels. Authors should update the figure file to include labels (a), (b), (c),
(d) in the upper-left corner of each map panel.
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Scenario | Time Period | Stable Suitable (%) | Habitat Loss (%) | Habitat Gain (%) | Net Change (%)
RCP 2.6 |2050 78.6 12.4 5.1 -7.3
RCP 8.5 |2050 71.2 18.9 6.8 -12.1
RCP 2.6 |2070 74.3 16.8 59 -10.9
RCP 8.5 |2070 61.3 26.4 9.2 -17.2

Table 1. Quantitative summary of projected habitat changes for Marsilea minuta under different climate
scenarios and temporal horizons. Note: Percentages are calculated relative to total currently suitable habitat
area. Net change represents the difference between habitat gain and loss. Negative values indicate overall range
contraction.

Fig. 6. Limiting factor analysis identifying the primary bioclimatic variable constraining habitat suitability
for Marsilea minuta across different geographic regions. Colors indicate which variable imposes the greatest
limitation: BIO12/annual precipitation (dark blue), BIO13/precipitation of wettest month (medium blue),
BIO6/minimum temperature of coldest month (light green), BIO2/mean diurnal range (tan), BIO1/annual
mean temperature (orange), and unsuitable areas where multiple factors impose severe constraints (dark red).
Annual precipitation emerges as the dominant limiting factor across extensive areas including sub-Saharan
Africa, Central Asia, and interior Australia, while cold temperature extremes (BIO6) primarily constrain
distribution at higher latitudes and in transitional climate zones.

of insular Southeast Asia and peripheral African localities, showed greater vulnerability to climate-driven
extirpation. South American populations displayed intermediate responses, with Amazonian regions showing
higher stability compared to populations in the Orinoco basin and Atlantic coastal areas.

Limiting factor analysis
Limiting factor analysis revealed distinct spatial patterns in the environmental variables constraining habitat
suitability for M. minuta across its potential distribution range (Fig. 6). The analysis identified which of the
selected bioclimatic variables (BIO1, BIO2, BIO6, BIO12, and BIO13) imposed the greatest limitations on
species occurrence in different geographic regions. Annual precipitation (BIO12, dark blue) emerged as the
primary limiting factor across extensive areas, including sub-Saharan Africa, Central Asia, interior Australia,
and arid portions of the Americas. Minimum temperature of the coldest month (BIO6, light green) constituted
the principal constraint across temperate and subtropical regions at higher latitudes, including southern
Australia, temperate South America, and transitional zones in Asia and Africa. Precipitation of the wettest
month (BIO13, medium blue) served as the dominant limiting factor in seasonally dry tropical and semi-arid
regions, particularly in the African Sahel, parts of the Deccan Plateau, and northern Australia. Mean diurnal
temperature range (BIO2, tan) and annual mean temperature (BIO1, orange) played more localized roles,
primarily constraining distribution in highland tropical regions and latitudinal extremes, respectively.
Quantitative assessment demonstrated that precipitation-related variables collectively dominated as range-
limiting factors, with BIO12 alone constraining 34.7% of analyzed areas, followed by BIO6 (28.3%) and BIO13
(18.9%) (Table 2). These patterns underscore the fundamental dependence of this aquatic fern on adequate
moisture availability while highlighting the secondary but critical role of thermal constraints, particularly cold
temperature extremes, in defining distributional boundaries. The dominance of water availability as a limiting
factor emphasizes the species’ vulnerability to projected changes in precipitation patterns under future climate
scenarios, while temperature-limited regions may experience altered constraints as warming progresses.
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Model performance and validation

The MaxEnt model demonstrated excellent predictive performance across multiple evaluation metrics. The Area
Under the Receiver Operating Characteristic Curve (AUC) achieved a value of 0.91, substantially exceeding the
threshold of 0.7 for acceptable performance and approaching the 0.9 benchmark for outstanding discrimination
ability. The True Skill Statistic (TSS) yielded a value of 0.71, well above the 0.4 threshold for good performance
and approaching the 0.75 benchmark for excellent performance. These metrics confirm that the model captured
the environmental niche of M. minuta with high fidelity and possessed strong predictive capacity for projecting
distributions under altered climate scenarios.

Environmental envelope analysis validated model reliability by examining the distribution of occurrence
points within climate space defined by annual mean temperature (BIO1) and annual precipitation (BIO12)
(Fig. 7). The bivariate plot revealed that 327 observations (90.6%) fell within the primary environmental envelope,
while 235 observations (65.1%) clustered within core optimal conditions. Green points, representing presence
records within well-sampled climate space, concentrated predominantly in mid-range temperature (18-26 °C)
and precipitation (1000-2400 mm) gradients. Red points, indicating occurrences in marginal climate space,
appeared scattered at distribution peripheries, particularly at temperature extremes and very high precipitation
areas. This pattern demonstrates that model predictions were based primarily on interpolation within well-
sampled environmental conditions rather than extrapolation beyond observed climate space. The environmental
envelope test confirmed that future climate projections for all scenarios remained largely within observed climate
space, with minimal extrapolation beyond current environmental conditions, thereby strengthening confidence
in projected distributional shifts.

Variable contribution and response curves
Jackknife analysis of regularized training gain quantified the relative contribution of each environmental
variable to model performance (Fig. 8). BIOI (annual mean temperature) emerged as the most informative
variable, with the isolated-variable model achieving a regularized training gain exceeding 1.2 and its exclusion
causing the most dramatic performance decline. BIO6 (minimum temperature of coldest month) ranked second
in importance, with its isolated model achieving a training gain approaching 0.9. BIO12 (annual precipitation)
and BIO13 (precipitation of wettest month) showed intermediate importance, each contributing meaningfully
when used alone (training gains of 0.5-0.6). BIO2 (mean diurnal range) demonstrated the lowest individual
contribution, though its retention provided incremental improvements when combined with other variables.
Response curves illustrated the relationship between habitat suitability and each bioclimatic variable (Fig. 9).
BIOL1 exhibited a pronounced unimodal pattern, with suitability rising sharply between 5 and 15 °C, reaching
maximum probability (0.65-0.70) at 20-25 °C, and declining above 30 °C, reflecting adaptation to warm tropical
conditions. BIO2 showed a strongly negative relationship, with highest suitability at low diurnal ranges (2-4 °C)
and monotonic decline as daily temperature variation increased, suggesting preference for thermally stable
environments. BIO6 revealed relatively stable moderate probability across minimum temperatures from —50 °C
to 0 °C, followed by a sharp increase to maximum probability (0.70-0.75) between 0 and 15 °C, then declining
above 20 °C. BIO12 exhibited a negative exponential response, likely reflecting marginal effects when other
variables were held constant. BIO13 displayed a positive relationship, with probability increasing from 0.20
below 0 mm to maximum values (0.90-0.95) above 1200 mm, aligning with the species’ dependence on seasonal
water availability. Narrow confidence bands across response curves indicated robust and consistent relationships
across model iterations.

Discussion

The MaxEnt species distribution model developed in this study demonstrated robust predictive performance,
with AUC and TSS values of 0.91 and 0.71, respectively, indicating excellent discrimination ability and model
accuracy. These performance metrics substantially exceed thresholds typically considered acceptable for
ecological niche modeling applications and align with values reported for well-performing models across
diverse plant taxa®>®. The high AUC value is consistent with previous MaxEnt applications for aquatic and
semi-aquatic plant species, where model performance often benefits from the strong environmental filtering
imposed by moisture requirements'®®!. However, it is important to acknowledge that AUC values can be
inflated when species exhibit highly restricted distributions or strong environmental preferences, potentially
overestimating true predictive accuracy>*%2. The complementary TSS metric, which accounts for both omission
and commission errors while remaining independent of prevalence, provided a more conservative but equally
positive assessment of model quality™*°.

Bioclimatic Variable | Description Area Constrained (%) | Rank | Primary Geographic Regions

BIO12 Annual Precipitation 34.7 1 Sub-Saharan Africa, Central Asia, Interior Australia, Arid Americas
BIO6 Min Temperature of Coldest Month | 28.3 2 Temperate zones, Subtropical margins, Highland transitions

BIO13 Precipitation of Wettest Month 18.9 3 Seasonally dry tropics, Monsoon margins, Semi-arid regions

BIO2 Mean Diurnal Range 9.4 4 Highland tropics, Montane zones, Continental interiors

BIO1 Annual Mean Temperature 6.2 5 High latitudes, High elevations, Polar margins

Table 2. Relative importance of bioclimatic variables as limiting factors for Marsilea minuta distribution. Note:
Percentages represent proportion of global land surface where each variable serves as the primary limiting
factor for habitat suitability.
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Fig. 7. Environmental envelope test displaying the distribution of Marsilea minuta occurrence records within
climate space defined by annual mean temperature (BIO1, x-axis) and annual precipitation (BIO12, y-axis).
Green points represent presence records falling within well-sampled regions of climate space, while red points
indicate occurrences in marginal or extrapolated climate conditions. The rectangular boundary delineates
the primary environmental envelope, with 327 observations (90.6%) falling within this space and 235
observations (65.1%) clustering within core optimal conditions at 18-26 °C and 1000-2400 mm precipitation,
demonstrating that model predictions are based primarily on interpolation within observed climate space
rather than extrapolation beyond known tolerance ranges.

The envelope test results indicating that future climate projections remained largely within current climate
space suggest that predicted distributional changes represent shifts within the species’ realized niche, as
estimated from occurrence data (it should be noted that presence-only SDMs such as MaxEnt estimate the
realized, not fundamental, niche, and therefore projections are bounded by observed species-environment
relationships rather than the full physiological tolerance range) rather than exposure to entirely novel climate
combinations, though this does not preclude the possibility of local extirpation due to habitat fragmentation or
biotic interactions®*¢4,

Variable contribution analysis identified annual mean temperature (BIO1) as the primary environmental
determinant of M. minuta distribution, followed by minimum temperature of the coldest month (BIO6) and
precipitation variables (BIO12 and BIO13). The dominance of temperature-related variables in defining habitat
suitability reflects fundamental physiological constraints on plant metabolic processes, growth rates, and
survival that are directly mediated by thermal conditions®>®®. The unimodal response curve for BIO1, with
optimal suitability between 20 and 25 °C and sharp declines at thermal extremes, is consistent with the tropical
and subtropical distribution of Marsileaceae species and their evolutionary origins in warm, seasonally wet
environments>®. This thermal optimum aligns closely with temperature preferences documented for other aquatic
macrophytes in tropical wetland systems, where temperatures exceeding 30 °C can impose metabolic stress and
reduce photosynthetic efficiency, while temperatures below 15 °C may limit growth and reproductive output®”:,
Comparison with other aquatic fern taxa provides useful phylogenetic context: studies on the floating ferns
Azolla filiculoides and Salvinia molesta document similar thermal sensitivity, with optimal growth temperatures

Scientific Reports|  (2026) 16:13398 | https://doi.org/10.1038/s41598-026-48678-x nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Environmental Variable

hio_1
hio_12
hio_13
hio_2

hio_6

Jackknife of regularized training gain for Marsilea_minuta

T T

1 Withoutvariable ®
With only variahle ®
T with all variables =

02 03 04 05 06 07 08 09 10 11 1.2 1.3
regularized training gain

Fig. 8. Jackknife analysis of regularized training gain quantifying the relative contribution of each bioclimatic
variable to MaxEnt model performance for Marsilea minuta. Light blue bars show model performance
excluding each variable, dark blue bars represent performance with only that single variable, and the red line
indicates performance with all variables included. BIO1 (annual mean temperature) provides the highest
individual contribution with a training gain exceeding 1.2 when used alone, followed by BIO6 (minimum
temperature of coldest month) with approximately 0.9, while BIO12, BIO13, and BIO2 demonstrate
progressively lower individual contributions, though all variables contribute incrementally to overall model
performance when combined.

between 20 and 28 °C and sharp declines at cold extremes®”% Hill, 1998). However, Azolla and Salvinia show
notably broader moisture tolerances and greater colonization capacity than M. minuta, suggesting that the
strong precipitation constraints identified here may reflect lineage-specific traits of benthic Marsileaceae rather
than a general functional response shared across aquatic fern taxa. This distinction underscores the importance
of species-level SDM analyses for wetland conservation planning, as thermal and moisture thresholds cannot be
reliably extrapolated across phylogenetically diverse aquatic ferns.

The strong contribution of BIO6 to model performance underscores the importance of cold temperature
extremes in limiting poleward range expansion and defining distribution boundaries at higher latitudes and
elevations. Minimum temperatures of the coldest month represent critical filters for species with limited frost
tolerance, as even brief exposure to freezing conditions can cause tissue damage and mortality in tropical
and subtropical plant species’"”2. The response curve pattern, showing optimal suitability where minimum
temperatures remain above 0 °C but below 15 °C, suggests that M. minuta requires frost-free conditions but
benefits from some degree of seasonal temperature variation, possibly related to dormancy requirements or
phenological cues for reproduction’®. This thermal constraint has profound implications for climate change
vulnerability, as warming winters may facilitate poleward range expansion into currently unsuitable temperate
regions, though dispersal limitation and biotic resistance from established communities may prevent colonization
of newly suitable areas”">.

Precipitation variables, particularly precipitation of the wettest month (BIO13), emerged as critical
determinants of habitat suitability, reflecting the fundamental dependence of aquatic ferns on adequate water
availability for completion of their life cycle. The positive relationship between BIO13 and occurrence probability
aligns with the species’ ecology as an obligate wetland inhabitant requiring seasonal or permanent water
availability for spore germination, gametophyte development, and sporophyte establishment’®”’. Peak wet-
season precipitation represents a more reliable predictor of wetland habitat persistence than annual precipitation
totals, as temporal concentration of rainfall determines whether ephemeral water bodies persist long enough
to support aquatic plant populations’®”®. The limiting factor analysis, which identified BIO12 as the primary
constraint across 34.7% of analyzed areas, emphasizes that moisture availability constitutes the dominant range-
limiting factor across vast regions where thermal conditions might otherwise be suitable, particularly in semi-
arid and seasonally dry tropical zones>3C.

Future distribution projections revealed substantial and spatially heterogeneous impacts of climate change
on M. minuta habitat suitability, with net range contractions projected across all scenarios and time periods.
The magnitude of predicted habitat loss increased progressively from near-term (2050) to mid-century (2070)
projections and was consistently greater under high-emission (RCP 8.5) compared to low-emission (RCP 2.6)
pathways, demonstrating the potential efficacy of climate mitigation in reducing biodiversity impacts®2. Net
range contractions ranging from 7.3% under the most optimistic scenario to 17.2% under the most severe
scenario fall within the range of impacts predicted for tropical and subtropical plant species in recent meta-
analyses, which estimate median range losses of 10-30% by mid-century under business-as-usual emission
trajectories’!%. However, these projected losses may underestimate true extinction risk, as species distribution
models typically do not account for additional stressors such as habitat fragmentation, land use change, altered
disturbance regimes, and biotic interactions that can amplify climate change impacts®>34.

The spatial pattern of projected changes, characterized by habitat losses concentrated at range margins and
gains restricted to isolated pockets at higher latitudes, reflects the asymmetric nature of climate-driven range
shifts for tropical species. While poleward expansion might theoretically compensate for tropical contractions,

Scientific Reports |

(2026) 16:13398 | https://doi.org/10.1038/s41598-026-48678-x nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Logistic output (probability of presence)
) o o o o o
- o w = o o

123
o

o o
o ~

g
o

Logistic output (probability of presence)
o o o
o w -

14

o
o

Response of Marsilea_minuta to bio_1 Response of Marsilea_minuta to bio_2

o o o o o o o
@ 2 o o N @ @

o
5
T

Logistic output (probability of presence)

01F 1
0.0 1
; L L L \ L \ L L L L ' L L ' L L L
-300 -200 -100 0 100 200 300 20 40 60 80 100 120 140 160 180 200 220
bio_1 bio_2

Response of Marsilea_minuta to bio_6 Response of Marsilea_minuta to bio_12

T T T 7 T T T T T T T T T
09

o © © © o o o
VW s o @ N ®

Logistic output (probability of presence)

=

Ll ] 00—

-500

-400 -300 -200 -100 0 100 200 300 -1000 0 1000 2000 3000 4000 5000 6000 7000
bio 6 bio_12

Response of Marsilea_minuta to bio_13

e o o
2 & o

o

o
T
L

o o
@ =
I

o
5

Logistic output (probability of presence)
&
|

01 1
00 1
-200 0 200 400 600 800 1000 1200 1400
bio_13

Fig. 9. Response curves illustrating the relationship between habitat suitability probability (y-axis) and each
bioclimatic variable (x-axis) for Marsilea minuta, generated by MaxEnt while holding other variables at their
mean values. The blue shaded area represents the range of predictions across 10 bootstrap replicate runs, with
the red line showing the mean response. BIO1 exhibits a unimodal response with optimal suitability at 20-
25 °C, BIO2 shows a negative relationship favoring low diurnal temperature ranges, BIO6 displays maximum
probability between 0-15 °C minimum temperatures, BIO12 demonstrates a negative exponential pattern
reflecting marginal effects, and BIO13 exhibits a positive relationship with highest suitability above 1200 mm
wet-season precipitation.

realized range shifts are often limited by dispersal constraints, habitat availability, and priority effects from
established species in newly suitable areas®>%. For aquatic plants dependent on ephemeral wetland habitats,
dispersal between isolated suitable areas represents a particularly acute challenge, as wetland fragmentation has
intensified globally due to agricultural conversion and drainage®”#8. The capacity of M. minuta to colonize newly
suitable areas will depend critically on dispersal vectors, including waterbirds and human-mediated transport,
which may facilitate long-distance dispersal but operate at rates potentially insufficient to track rapidly shifting
climate envelopes!"®.

Regions identified as stable suitable habitat across multiple scenarios, particularly in South Asia and
equatorial Africa, represent potential climate refugia that should be prioritized for conservation action. Climate
refugia—areas where suitable environmental conditions persist despite regional climate change—can serve
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as sources for population recovery and recolonization following climate-driven extirpations in surrounding
areas”®”!. The concentration of stable habitat in monsoon-influenced tropical lowlands suggests that regions
maintaining reliable seasonal precipitation patterns may provide the most resilient habitat for moisture-
dependent aquatic species under future climates. However, even within identified refugia, local threats such
as agricultural intensification, wetland drainage, and invasive species may undermine conservation value and
prevent populations from persisting despite climatically suitable conditions®*®>.

While this study provides valuable insights into potential climate change impacts on M. minuta, several
sources of uncertainty warrant consideration when interpreting results. First, reliance on a single general
circulation model (BCC-CSM1.1) limits our ability to capture the full range of uncertainty in future climate
projections. Ensemble modeling approaches incorporating multiple GCMs have been shown to provide
more robust predictions by accounting for inter-model variability in regional climate projections, though
computational constraints often necessitate model selection trade-offs'®“. Second, the use of presence-only data
and pseudo-absence points introduces potential biases related to sampling effort, spatial autocorrelation, and
incomplete detection of suitable but unoccupied habitat>®*>. While spatial filtering reduced sampling bias and
model evaluation metrics indicated strong performance, true absence data would strengthen model calibration
and provide more rigorous assessment of commission errors®. Fifth, it is important to emphasize that the
correlative SDM framework employed here cannot establish mechanistic causation between climate variables
and species occurrence, and projections should be interpreted as potential scenarios rather than definitive
predictions”. The results indicate tendencies and relative vulnerabilities under modeled scenarios, but real-
world outcomes will depend critically on local-scale processes, land-use dynamics, and ecological interactions
not captured in bioclimatic models. Accordingly, conservation decisions should treat these projections as one
line of evidence among many rather than as precise forecasts. Sixth, the Pearson correlation-based variable
selection, even when supplemented by VIF analysis, may not fully eliminate complex non-linear collinear
relationships among climatic predictors; future studies should consider regularized regression or algorithmic
variable selection approaches to further improve predictor independence®’. Collectively, these limitations suggest
that the quantitative projections reported here (e.g., specific percentage range losses) should be interpreted with
appropriate caution and as order-of-magnitude estimates rather than precise figures®t%,

Third, species distribution models inherently assume niche conservatism—that species-environment
relationships remain constant through time—an assumption that may be violated if populations adapt to novel
climatic conditions or if biotic interactions alter realized niches under future climates'°*!%!. Adaptive capacity
through phenotypic plasticity or evolutionary change could potentially allow M. minuta to tolerate environmental
conditions beyond those observed in current populations, though rates of contemporary evolution are unlikely
to match projected rates of climate change for most species!%>'%, Fourth, projections do not incorporate
potential changes in other critical environmental factors such as atmospheric CO, concentration, nutrient
availability, disturbance regimes, or biotic interactions with competitors, herbivores, and pathogens, all of which
may interact with climate to influence species distributions’!%, Elevated CO, concentrations, for instance, may
enhance aquatic plant productivity in some systems while altering competitive hierarchies in ways that could
either benefit or disadvantage M. minuta relative to co-occurring species!'%>1%.

The projected climate-driven range contractions and habitat losses for M. minuta underscore the urgent
need for proactive conservation strategies that account for both current threats and anticipated future changes.
Protected area networks should be evaluated and potentially expanded to encompass identified climate refugia,
particularly in South and Southeast Asia where stable suitable habitat is predicted to persist across multiple
scenarios!?”19 However, static protected area boundaries may prove insufficient for conserving species
experiencing range shifts, necessitating more dynamic approaches that facilitate species tracking of shifting
climate envelopes!®. Climate-adaptive management strategies might include restoration and creation of wetland
stepping-stones to enhance connectivity between isolated habitat patches, thereby facilitating dispersal and
colonization of newly suitable areas! 11,

Ex situ conservation measures, including germplasm banking and cultivation in botanical gardens, represent
important complementary strategies for safeguarding genetic diversity and providing insurance against
catastrophic population losses'!'>!!3. For aquatic ferns, spore banking offers a particularly effective ex situ
approach, as spores can remain viable for extended periods under controlled storage conditions and can be
used for population reinforcement or reintroduction if in situ populations decline!'!*. Assisted colonization—
the intentional translocation of species to areas currently beyond their range but predicted to become suitable
under future climates—remains controversial but may warrant consideration for species facing severe range
contractions and limited natural dispersal capacity, provided that rigorous risk assessments are conducted to
prevent unintended ecological consequences!!>!16.

Integration of climate change considerations into broader wetland conservation and restoration programs
represents perhaps the most critical management priority. Maintaining and restoring the hydrological integrity
of wetland systems, reducing nutrient pollution, controlling invasive species, and minimizing direct human
disturbance will enhance the resilience of wetland ecosystems to climate change and improve the prospects
for persistence of specialist species like M. minuta''”!'®. Land use planning that protects wetland networks
and maintains connectivity between aquatic habitats will be essential for allowing species to shift their ranges
in response to climate change while maintaining viable population sizes'!’. Ultimately, addressing the root
cause of climate change through aggressive emissions reductions remains the most fundamental conservation
action, as even the most sophisticated adaptation strategies will prove insufficient under scenarios of severe and
accelerating climate disruption®!%.
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Data availability
All data are available through the manuscript and supplementary materials. Occurrence data are accessible
through GBIF (GBIF.org, 2023). Climate data are available from WorldClim (worldclim.org).
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