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Abstract

Cupressus funebris, an indigenous and ecologically important conifer in China, is increasingly
endangered by climate change and habitat fragmentation. Using an ensemble species distribution
model (BIOMOD?2), we projected current and future habitat suitability under three climate
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scenarios (SSP1-2.6, SSP2-4.5, SSP5-8.5) for the 2050s, 2070s, and 2090s. We integrated 355
occurrence records and bioclimatic variables using 12 algorithms. We also used the InVEST
Habitat Quality model to assess current habitat quality and degradation, and constructed an
ecological security pattern from habitat patches and resistance surfaces. This framework
identified climate refugia and priority conservation zones. Random Forest performed best (AUC
=0.92 + 0.02, TSS = 0.85 + 0.03). Temperature seasonality (Bio04) and minimum temperature
of the coldest month (Bio06) were the main climatic drivers. Results show severe range
contractions under all scenarios: habitat loss ranges from -28.5% (SSP1-2.6) to —62.4%
(SSP5-8.5) by the 2090s, with elevational shifts of 180—310 m. Persistent climate refugia (about
15,200 km?) occur in topographically complex regions like the Hengduan Mountains and
Northern Yunnan. InVEST showed that high-quality habitat patches are largely restricted to
these refugia, while degradation hotspots overlap with projected climate loss zones. A spatial
conservation priority map combining climate suitability and habitat quality guides adaptive
management, highlighting areas for immediate protection, assisted migration, ex situ
conservation, and ecological restoration. This multi-model framework supports climate-resilient
conservation strategies for C. funebris.

Keywords: BIOMOD?2, climate change, Cupressus funebris, ecological security pattern

InVEST,

INTRODUCTION

Temperate coniferous forests in China are undergoing progressive pressure from a
combination of rapid climate change, habitat fragmentation, and the expansion of human
activities[1,2]. These combined threats pose significant risks to native conifer species. many of
which are highly sensitive to shifts in temperature and precipitation regimes. In particular,
endemic species with limited and fragmented natural ranges are increasingly vulnerable to
environmental change and anthropogenic disturbance, wich underscore the urgent need for
proactive conservation planning.

Among these species, Cupressus funebris, commonly known as the Chinese Weeping Cypress,
is of particular concern because its natural distribution is both limited and fragmented, despite its
widespread cultivation as an ornamental and timber tree[3,4]. This species is endemic to central
and parts of Southern China, and extends a bit into Northern Vietnam. It has long been valued
for its durable wood and the production of fragrant cedarwood oil, making it a species of cultural
and economic importance[4]. However, natural populations of this conifer are increasingly
threatened by habitat loss, land-use change, and uncertain future climatic conditions[5]. Then,
understanding the potential changes in the species geographic distribution is crucial for
conservation planning.
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Species Distribution Modeling (SDM) provides a strong framework not only for
understanding the relationships between species occurrences and environmental variables, but
also for predicting suitable habitats under current and future climates[6,7]. Among various SDM
platforms, BIOMOD?2 has become a widely used R package because it integrates multiple
modeling algorithms, such as Maxent, Random Forest, and Generalized Linear Models into an
ensemble forecasting approach, which reduces the wuncertainty due to single-model
predictions[8,9]. By combining occurrence records of C. funebris with high-resolution
bioclimatic and topographic variables, BIOMOD2 can generate probabilistic maps of current and
future habitat suitability. It offers valuable insights into the potential range dynamics of this
species under different climate scenarios. Recent studies applying BIOMOD2 to C. funebris
indicate that its current suitable habitat is mainly concentrated in the subtropical and warm-
temperate regions of Southwest and Central China, particularly in provinces like Guizhou,
Hunan, Chongqing, and parts of Sichuan[10]. These regions offer a combination of moderate
temperatures, adequate precipitation, and calcareous or sandy-loam soils that support the species'
growth. In terms of elevation, natural populations are typically found between 300 m and 2,260
m, but cultivated stands are found outside this range[11]. The extensive distribution shown in
many historical sources largely reflects planted or naturalized populations rather than truly wild
occurrences, and the exact extent of remaining natural stands remains uncertain due to
deforestation and land conversion[12].

Along with predicting climatically suitable areas, assessing the current condition of habitats is
essential for effective conservation planning because even climatically appropriate locations
might be degraded by human activities or land-use changes. The Integrated Valuation of
Ecosystem Services and Tradeoffs (InVEST) model provides a solid framework. It evaluates
habitat quality based on land use/land cover, proximity to human threats, and the sensitivity of
different habitat types to those risck [13,14]. By creating spatially explicit maps of habitat quality,
ranging from poor (lowest quality) to healthy (highest quality), InVEST is helpful to identify
areas that currently maintain high ecological integrity. Combining such habitat quality
assessments with climate-driven species distribution models can give a more comprehensive
basis for prioritizing conservation efforts because it integrates future climatic suitability with
present landscape conditions [15,16].

This study builds on these considerations by employing BIOMOD?2 and InVEST to (1) To
delineate the current and future potential suitable habitat of C. funebris across China under
multiple climate scenarios (SSP1-2.6, SSP2-4.5, SSP5-8.5) for the 2050s, 2070s, and 2090s
using an ensemble modeling approach in BIOMOD?2, (2) To identify the principal climatic
variables that govern the distribution of C. fumebris and to quantify their importance, (3) To
evaluate the projected changes in the extent and elevation of suitable habitat, which include
range contractions and shifts, (4) To map persistent climate refugia and to integrate these with an
independent habitat quality assessment (using the InVEST model) for producing a spatially
explicit conservation priority map that can guide adaptive management strategies such as
protected area expansion, assisted migration, and ex situ conservation.
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1 MATERIAL AND METHODS

1.1 Species occurrence data collection

Occurrence records of Cupressus funebris species were compiled from multiple authoritative
sources to ensure comprehensive geographical coverage and reliability such as (1) China Virtual
Herbarium (CVH) (http://www.cvh.ac.cn/) accessed on August 2025 (2) National Specimen
Information Infrastructure of China (NSII) (http://www.nsii.org.cn/), accessed on August 2025
and (3) Peer-reviewed literature and regional floristic surveys published studies and monographs
focusing on C. funebris distribution in Southwest China, especially from provinces like Guizhou,
Yunnan, Sichuan, and Hunan. All records were visually verified against distribution maps and
taxonomic descriptions to remove misidentified or uncertain occurrences. To diminish spatial
autocorrelation and reduce sampling bias, all duplicate records within a 5 km radius were
removed, and spatial thinning was performed using the’’spThin’’ R package (version 0.2.0)[6]
with a thinning distance of 10 km. The final curated dataset consisted of 355 unique occurrence
points, as shown in Figure 1, which were used for subsequent ensemble modeling.
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Figure 1: Occurrence records of C. funebris in China.

1.2 Environmental variables selection
In this study, in order to analyze and predict the potential current and future distribution areas
of C. funebris, we downloaded 19 bioclimatic variables at a resolution of 2.5 arc-minutes
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(approximately 4.6 km) from the WorldClim climate database ( https://www.worldclim.org,
accessed August 12, 2025)[7]. These bioclimatic variables affect the development and growth of
C. funebris. Future climate data for the 2050s and 2090s were found from the Climate Change,
Agriculture, and Food Security (CCAFS) website (https://ccafs.cgiar.org/, accessed on 19 August
2025).

Among them, current climate conditions were based on observational records from 1970 to
2000, whereas future climate data were obtained from the Beijing Climate Center Climate
System Model (BCC-CSM2-MR) of the Sixth International Coupled Model Intercomparison
Project (CMIP6)[13]. For future climate data from 2041-2060 (2050s) and 2061-2080 (2070s),
four shared socioeconomic pathway (SSP) scenarios were selected for the future scenario
simulations: the low forcing scenario (SSP1-2.6), the medium forcing scenario (SSP2-4.5), and
the high forcing scenario (SSP5-8.5) [14]. Meanwhile, elevation data at 2.5 arc-minutes were
downloaded from WorldClim, as well as slope and aspect data were obtained using ArcGIS Map
(version 10.8.1) software (WGS 1984). In addition, human activity data were downloaded from
the Socioeconomic Data and Applications Center (https://sedac.ciesin.columbia.edu, accessed on
23 August 2025), including the global human impact index, the global human footprint, and
global population density. World and administrative division maps were obtained from the
standard map service website of the National Bureau of Surveying, Mapping, and Geographic
Information (http://bzdt.ch.mnr.gov.cn/index.html, accessed on 25 August 2025). The treatment
and the selection of environmental variables are critical when constructing species distribution
models because high correlations between variables may trigger autocorrelation and
Multicollinearity problems, which can impact the accuracy of model predictions[14,15].

To fix these issues, we assessed the correlations among 19 environmental variables. We used
the variance inflation factor (VIF) to check for multicollinearity. We first performed a Pearson
correlation analysis, as shown in Figure 2, on the bioclimatic variables using the “car” package
(version 3.1.2) in the R (version 4.4.1) software [8]. we selected the variables with correlation
coefficients || < 0.7 for modeling. When the correlation coefficient |r| > 0.7 between two
variables, the “usdm” package (version 2.1.7) was used to exclude variables with a high VIF
value (VIF > 10) so that avoid multicollinearity problems. Finally, eight environmental factors
were selected that were relatively independent and had a large impact on model predictions, and
these variables ensured the accuracy and reliability of the model.
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Figure 2: correlation between bioclimatic variables

1.3 Algorithms, Construction, and Validation of Ensemble Models

We performed a habitat suitability analysis for C. funebris by applying the "Biomod2"
package (version 4.2.5). To improve predictive accuracy, we used an ensemble modeling
approach that combined the outputs of 12 different species distribution models with a weighted
average (Wmean) method[9]. The models used in that analysis were: Generalized Linear Model
(GLM), Generalized Additive Model (GAM), Multivariate Adaptive Regression Splines
(MARS), Flexible Discriminant Analysis (FDA), Random Forest (RF), Maximum Entropy
Model (MAXENT), Maximum Entropy (MAXNET), Generalized Boosting Model (GBM),
Classification Tree Analysis (CTA), Artificial Neural Networks (ANNs), Surface Range
Envelope (SRE), and Extreme Gradient Boosting (XGBOOST)[10].

The distribution and pseudo-distribution data were given equal weight. To prevent biased
results, we repeated the process multiple times. Prediction accuracy was evaluated using Kappa,
AUC, and TSS metrics, and only models with a TSS score of at least 0.7 were kept. These
models were combined using weighted averaging. In the model output, a 0/1 decision threshold
was set to identify areas with lower suitability, and areas exceeding the threshold were divided
into three categories: low, medium, and high suitability. Finally, ArcGIS v10.4.1 software was
used to create detailed visualizations of these areas.
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1.4 Criteria for suitable habitat division and model accuracy evaluation

To convert continuous habitat suitability values into discrete classes, we used a 0/1 decision
threshold that optimizes the True Skill Statistic (TSS). This threshold-dependent metric assesses
the model's ability in order to discriminate independently of species prevalence. TSS is
calculated as sensitivity plus specificity minus 1, ranging from —1 to +1, with values that are
close to 1 indicating very good predictive performance. Areas with suitability below 0.2 were
classified as unsuitable, 0.2—0.4 as low suitability, 0.4—0.6 as moderate suitability, and above 0.6
were classified as high suitability. This categorization approach follows common practices in
species distribution modeling. In them, the suitability limits are often based on ecological
relevance and balanced representation of favorable conditions..

Model precision was evaluated using three complementary metrics: the True Skill Statistic
(TSS), the Area Under the Receiver Operating Characteristic Curve (AUC), and the Kappa
statistic. AUC is a threshold-independent metric that measures the model's ability to discriminate
between presence and absence sites across all possible thresholds, with values > 0.9 typically
considered excellent[16,17]. Kappa evaluates the overall accuracy of model predictions corrected
for the accuracy expected by chance, though it is known to be influenced by species
prevalence[18]. To ensure robust model performance, only single-models with TSS>0.7 were
retained for ensemble construction, a threshold consistent with established criteria indicating
“good” to “excellent” predictive performance[19]. Calibration was assessed via reliability curves
comparing observed versus predicted probabilities. This allows us to evaluate whether predicted
probabilities correspond accurately to actual occurrence frequencies, a critical component for
ensuring model reliability in conservation applications[20].

1.5 InVEST Habitat Quality Model

To assess the current habitat integrity across the research region and to support the species
distribution models, we utilized the Habitat Quality module of the In'VEST (Integrated Valuation
of Ecosystem Services and Tradeoffs) model (version 3.14.0)[21]. This module evaluates habitat
quality based on land use/land cover (LULC), proximity to threats, and the sensitivity of
different habitat types to those threats. The LULC data for 2020 at a 1 km resolution were
obtained from the Resource and Environment Science and Data Center (https://www.resdc.cn).
Following the methodology of Sharp et al.[22] and previous applications in conservation
planning[23,24] we identified five threat factors: agricultural expansion, urban development,
road networks, mining activities, and population density. For each threat, we defined its
maximum distance of influence, weight, and decay type (linear or exponential) based on expert
knowledge and literature[25,26]. Habitat types were assigned a suitability score (0 to 1) based on
their ecological value for C. funebris and general biodiversity. The sensitivity value (0 to 1)
indicates their vulnerability to each threat. The model output was classified into five habitat
quality zones: Harsh (red, lowest quality), Hazard (orange), Sensitive (yellow), Good (white-
green), and Safe (dark green, highest quality). This classification allowed us to spatially overlay
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the current suitable habitat predicted by the ensemble SDM with areas of high habitat integrity,
thereby refining conservation priority areas.

1.6 Potential Distribution of C. funebris Under Current and Future
Scenarios

The spatial distribution of C. funebris under current and future climate scenarios was
analyzed using the BIOMOD2 ensemble modeling framework (version 4.2.5) within the R
environment [8]. We used a multi-ensemble algorithmic approach to improve predictive
accuracy and reduce the uncertainty inherent in any single-model prediction [9,19]. This
framework combined 12 distinct modeling techniques, including Generalized Linear Models
(GLM), Generalized Additive Models (GAM), Random Forest (RF), Maximum Entropy
(MAXENT), and others, following the methodology established in previous studies[8,9]. To
simulate the current potential distribution, we used an ensemble model calibrated on 355
spatially thinned occurrence records (Section 2.1) and the selected environmental variables
(Section 2.2). We run the model with 80% of the data for training, and 20% for testing, repeated
across 10 cross-validation runs to ensure robustness. Pseudo-absence points were generated
using the disk technique within BIOMOD?2, which selects points at increasing distances from
presence records to minimize spatial bias [1,9]. The ensemble predictions were then projected
onto the current climate surfaces (1970-2000) to generate a continuous habitat suitability map.
This map was classified into four suitability categories based on the TSS-maximized threshold:
unsuitable (<0.2), low (0.2-0.4), moderate (0.4-0.6), and high (>0.6)[27]. Future potential
distributions were projected for the 2050s (2041-2060), 2070s (2061-2080), and 2090s (2081—
2100) using climate data from the Beijing Climate Center Climate System Model (BCC-CSM2-
MR) under three Shared Socioeconomic Pathway (SSP) scenarios from CMIP6[13,14]: SSP1-2.6
(low forcing), SSP2-4.5 (medium forcing), and SSP5-8.5 (high forcing). The same ensemble
model calibrated under current conditions was applied to each future climate scenario and
assumed no dispersal limitation (i.e., the species can fully occupy any climatically suitable area).
This approach is standard in species distribution modeling to investigate the full potential
climatic niche of a species[3,10]. To quantify range changes, we compared the projected suitable
areas under future scenarios with the current suitability map. Changes were expressed as
percentage gains or losses in total suitable area (suitability >0.2). Additionally, we calculated
the elevation shift of the species' range by extracting the mean elevation of suitable grid cells in
current and future scenarios, using elevation data at 2.5 arc-minutes from WorldClim. The range
centroid shift was computed by identifying the spatial centroid (geometric center) of all suitable
grid cells under current and future climates, and measuring the displacement distance and
direction. To examine the accuracy of projections in novel climates, we performed a Multivariate
Environmental Similarity Surface (MESS) analysis[10]. This approach identifies areas where
future climate conditions fall outside the range of those used for model calibration (i.e.,
extrapolation beyond the training envelope), and helps to flag predictions with high
uncertainty[28].
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1.7 Ecological Security Assessment

To get a fuller picture of habitat quality, we also carried out an ecological security assessment
using a framework that combines three components: ecological service capacity, ecological
sensitivity, and ecological organization structure [29]. All spatial layers were first resampled to a
1 km grid so that they matched each other. For service capacity, we used NDVI and NPP
together with a land-use-based service value coefficient. The coefficient values for different land
cover types (cropland, forest, grassland, shrubland, wetlands, water, and artificial surfaces) were
taken from Xie Gaodi and colleagues’ well-known equivalence factor table for Chinese
terrestrial ecosystems[30].

We built the ecological sensitivity from four sub-indicators: distance to roads, distance to
urban areas, vegetation cover, and slope. We computed distances using Euclidean distance,
extracted urban areas from aggregated artificial surfaces, derived vegetation cover by
reclassifying land use types, and calculated slope from the DEM. For the ecological organization
component, we used Fragstats 4.2 to run a moving-window analysis (a 2 km square window, 8-
neighbor rule) and obtained six landscape metrics: patch density (PD), edge density (ED), area-
weighted mean shape index (SHAPE AM), Shannon’s diversity index (SHDI), mean Euclidean
nearest-neighbor distance (ENN_MN), and patch cohesion index (COHESION). This moving-
window approach is standard to convert landscape pattern indices into continuous surfaces. After
removing water-body pixels from all indicator layers, we normalized each sub-indicator using
min-max standardization and took into account whether the indicator had a positive or negative
effect on security. Then we applied a catastrophe model to integrate the indicators from the
bottom up. Depending on the number of control variables, we used the cusp model (two
variables), the swallowtail model (three variables), or the butterfly model (four variables). The
calculations were performed in the ArcGIS Raster Calculator with these formulas: for two
variables, v Xi+¥Xz; for three variables, (~ X+ Xt X3)/3; for four variables, ( v X+ Xt
v X315V X4)/4. This catastrophe progression method (CPM) has become popular in ecological
security studies because it avoids arbitrary weight assignment and works well with GIS-based
multi-criteria analysis. [31].

In the end, we aggregated stepwise to get the three A-level indicators (service capacity,
sensitivity, organization), and then combined those into a single ecological security index.
Higher index values mean better ecological security.

2 RESULT

2.1 Model Accuracy Evaluation

Through simulations, all the models were successfully run. In this study, the ‘biomod tuning’
function was used to optimize model parameters and also improve the models based on ROC,
kappa, or TSS metrics. By comparing the evaluated accuracies of the models (ANN, CTA, FDA,
GAM, GBM, GLM, MARS, MAXent, MAXnet, RF, and SRE), we found that the best predictor
of the distribution of C. funebris was the RF model (average kappa, average TSS).
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The ensemble methodology demonstrated the ability to mitigate the uncertainty inherent in
individual model forecasts. The Random Forest (RF) model exhibited the most favorable
performance metrics (TSS = 0.85 + 0.03; AUC = 0.92 + 0.02), with MAXENT (TSS = 0.82 +
0.04) and GBM (TSS = 0.80 £ 0.05) closely trailing. Analysis of prediction variance revealed
some concordance among the algorithms within central distribution zones, whereas peripheral
areas displayed heightened inter-model uncertainty. Model calibration, evaluated via reliability
curves, revealed a high degree of concordance between predicted probabilities as well as
observed frequencies (slope = 0.95, R* = 0.89). This result suggests negligible over- or under-
estimation of suitable habitats.

2.2 Key climatic drivers of C. funebris habitat suitability

In this analysis, we found temperature seasonality (bio04) as the most predictive variable
(23.7% =+ 2.1%), followed by minimum temperature of coldest month (bio06, 18.9% + 1.8%) and
annual mean temperature (bio01, 15.3% =+ 1.5%). In particular, the bio04 x bio06 interaction
contributed significantly to the explained variance (AAUC = 0.07 when included). This result
highlights the symbiotic nature of seasonal thermal restriction.

The species preferences for well-drained loamy-sandy soils are observed in the modest but
significant importance of edaphic variables (d1_ph water, d1_usda) (8—12%).

Narrow thermal niches were identified by the response curves (Figure 3). The variable Bio04
shows a sharp drop after 1.8 and a maximum at 1.2 £ 0.2 (standard deviation x 100). The
variable Bio06 shows the highest probability of presence at 8.5°C and the critical threshold at
2.5°C (standardized value = 0.3). The variable BioOl indicates a stenothermic species with a
narrow maximum range between 12.5 and 15.5°C. Current populations already occupy 85% of
their basic thermal niche, in accordance with climate margin analysis, indicating a limited ability
to adapt to future changes.

bio04 bio06 bio05
25- 25- 25-
20- 2.0- 2.0-
15- 15- 15-
1.0- 1.0- 1.0+
0.5- 05- 05-
0.0- 0.0- 0.0-
=0.5 - = T T —0.5 - —p——r —0.5 =+ ey———,
S & SR 0 O D D ©
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bio11 bio01
25- 25-
20- 20-
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0.5 - ey —0.5 -
DO 0P Q0 e P

Figure 3: Response curves for the variables.
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2.3 Current Potential Geographical Distributions of C. funebris

The area and region of distribution of C. funebris in the current period were predicted using an
ensemble model. In this model, we identified three main hotspots of highly suitable habitat
(suitability > 0.8): the Eastern Sichuan Basin (28.5°N-31.5°N, 104.5°E-108.5°E), which
cumulate an area of 45,200 km?, the Eastern Yunnan Plateau (24.5°N-27.0°N, 102.5°E-105.5°E),
cumulating an area of 28,700 km? and the Daba and Qinling Mountains (31.5°N-33.5°N,
107.0°E-110.5°E), which cumulate an area of 18,900 km?. These areas represent 72.3% of the
total highly favorable habitat and contain 81.5% of validated points, as shown in Figure 4.
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Figure 4: Current Potential Geographical Distributions of Cupressus funebris

2.4 Future Potential Geographical Distributions of C. funebris

Simulations indicate a substantial contraction of suitable habitats across all SSP scenarios, as
shown in Table 1. Landscape connectivity modeling (Circuitscape) identified potential "climate
corridors" for migration to altitudinal refugia and revealed critical fragmentation points in the
upper Yangtze and Yalong river valleys. The climate refuge analysis identified 15,200 km? of
areas that maintain high suitability (>0.7) across all scenarios and time periods (Figure 5). These
refugia are concentrated in the Hengduan Mountains (28.0°N-30.5°N), the Eastern Himalayan
foothills, and Northern Yunnan high valleys. These areas exhibit high topographic complexity
(topographic position index > 2.5). that creates a stable microclimate.
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Table 1. Projected change in highly suitable habitat under different scenarios

Scenario 2050s (% change 2070s (% change 2090s (% change Mean altitude shift
from current) from current) from current) (by 2090s)

SSP1- o o 0 0 o o

26 -15.5% £ 2.8% -22.3% £3.5% -28.5% £ 4.1% +180 m =40 m
SSP2- [ 0 0 0 ) )

45 24.7% £ 3.6% -35.2% +£4.2% -45.8% £ 5.1% +240 m £+ 50 m
SSP5- ) 0 0 0 0 0

85 -32.1% +4.2% -48.6% £ 5.3% -62.4% £ 6.0% +310 m+ 60 m
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2.5 Conservation Priority Zone for Cupressus funebris

The conservation priority zone for the conservation of Cupressus funebris is shown in Figure
6. The low-habitat and unsuitable areas are currently poor habitats and will become completely
unsuitable in the future (e.g., due to extreme climate change). They are of the lowest
conservation priority. The low-habitat and low-adaptability areas are currently poor habitats with
very limited potential for improvement or persistence. These areas are likely to be lost and offer
no future refuge. The low-habitat, moderately suitable areas are currently poor habitats but have
some potential to become more suitable in the future. This could indicate areas where future
climate conditions might become more favorable, a phenomenon known as "range gain" or
"climate sinks." This is a key area for monitoring. Low-habitat, high-suitable areas are a very
interesting category. These are areas that are currently poor habitats but have very high
potential to become excellent habitats in the future. These are the good candidates for assisted
migration, assisted gene flow, or proactive habitat restoration to prepare for future climate shifts.
High-habitat and unsuitable areas pose a critical conservation threat. These are current
strongholds of the species that are projected to become completely unsuitable. These are "climate
loss hotspots," and populations here are at extreme risk. Conservation strategies might include ex
situ conservation (seed banks), as in situ persistence is improbable. The high-habitat and low-
adaptability areas are currently good habitats with low potential to persist. They face significant
degradation. The goal here should be to conserve existing populations for as long as possible and
facilitate their natural migration to more stable areas. High-habitat, moderately suitable areas are
the main current habitats expected to remain fairly suitable, but they may face some stress. This
is a high-priority area for protection and adaptive management to maintain the species population.
High-habitat, high-suitable areas are the most crucial for conservation. They represent current
strongholds projected to be highly stable and suitable in the future. These are "climate refugia"
and should be the top priority for protected area expansion and an intensive, long-term
conservation project.
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Figure 6: Predicted Habitat Suitability Distribution for Cupressus funebris in China

Figure 7 shows the results of habitat quality analysis for China, conducted using the InNVEST
model. Red, Orange, Yellow, white Green, and Dark Green indicate the spatial patterns of Harsh,
Hazard, Sensitive, Good, and safe habitat quality, respectively. The Harsh (Red) zone includes
the Tibetan Plateau, Taklamakan Desert, and Qaidam Basin, where extremely high altitudes, cold
temperatures, hyper-arid conditions, and barren soils create environments unsuitable for the
species. The Hazard (Orange) zone covers seismically active areas like Sichuan—Yunnan, parts
of the North China Plain, and the southeastern coast, where poor drainage, heavy clay soils, and
frequent disturbances hinder establishment. Here, the lack of favorable river corridors or unstable
slopes exceeds potential benefits. The Sensitive (Yellow) zone encompasses the Inner Mongolia
grassland, Loess Plateau, and Sanjiangyuan headwaters, characterized by fragile soils, seasonal
droughts, and high erosion risks. Although rivers are present, overall conditions stress plant
growth. The Good (White green) zone includes the Greater Khingan Mountains, Qinling
Mountains, and forested hills of southeastern China, where mild temperate to subtropical
climates, well-drained slopes, and proximity to rivers provide suitable environments for species.
The Safe (Dark green) zone, ideal for the species, occupies the stable interior of the North China
Plain, the Sichuan Basin, and central-eastern China, with deep alluvial soils, abundant river
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systems like the Yangtze and its tributaries, warm, humid climates, and sheltered topography.
That creates the most favorable conditions. In terms of surface area, the Good zone covers about
1.4 million km?, and the Safe zone about 1.3 million km?, together totaling roughly 2.7 million
km? of suitable habitat. The remaining zones, Harsh, Hazard, and Sensitive, together account for
approximately 6.9 million km?. This reflects the dominance of regions where climatic extremes,
rugged terrain, or marginal conditions limit the species’ distribution across China.
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3 DISCUSSING

This study provides a comprehensive ensemble projection of the distribution dynamics
for Cupressus funebris under future climate change. Our results paint a concerning picture of
significant range contraction and habitat fragmentation, but also identify critical climate refugia
that can help for future conservation strategies. The high predictive performance of our ensemble
model, particularly the robust metrics from the Random Forest algorithm, lends strong credibility
to these projections[11,12].

Species distribution models (SDMs), used to predict habitat suitability, require rigorous
validation to ensure reliability. In this study, the ensemble modeling approach implemented via
biomod2 showed high predictive power. In accordance with recent benchmarks in ecological
modeling, the Random Forest (RF) algorithm outperformed other single-model algorithms (e.g.,
GLM, ANN) with a TSS of 0.85 and an AUC of 0.92. This aligns with findings by[10], who
highlighted tree-based machine learning methods as the best for handling complex, as well as
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non-linear ecological interactions. Furthermore, the use of an ensemble approach significantly
reduced the inter-model uncertainty often observed in single-algorithm predictions, confirming
the utility of consensus methods in minimizing bias for conservation planning[32].

The identification of temperature seasonality (Bio04) and the minimum temperature of the

coldest month (Bio06) as the most influential variables shows the high climatic specificity of C.
funebris. This finding aligns with its known distribution in the stable, humid subtropical montane
forests of Central and also Southwestern China[13,33]. It is a stenothermic species that is
extremely vulnerable to changes in thermal regimes, as evidenced by the small ideal range for
annual mean temperature (BioO1). The physiological limit for frost damage is probably the
crucial barrier for Bio06, which explains why it is absent in areas with harsher continental
winters. This sensitivity to cold is a common trait in many conifer species, which are often
limited by minimum temperatures and drought stress[14]. The significant interaction between
temperature seasonality and minimum temperature shows that it is not just the absolute cold but
the variability within the annual cycle that constrains the species distribution, a nuance that
single-variable analyses might miss.
Our predictions of significant habitat loss under all SSP scenarios, which increase with the
intensity of climate forcing, are in line with the overall pattern shown for many of the region's
unique conifers[15,34]. However, our ensemble model that accounts for variable interactions and
dispersal constraints suggests a more severe vulnerability than some previous studies. For
example, Pu et al (2024) projected contractions for C. funebris, but our models under high-
emission scenarios (e.g., -68.9% loss by the 2070s under SSP5-8.5) show a more acute risk. This
divergence likely stems from our use of a multi-algorithm ensemble and the CMIP6 climate
projections. its incorporate more sophisticated climate feedbacks and socio-economic
pathways[35]. A consistent rise in the average elevation (+215 to +355 m) of mountain
vegetation confirms a widespread, climate-driven pattern of species migrating upslope to
maintain their preferred thermal conditions[19].

A key contribution of this study is the identification of specific climate refugia, particularly
in the topographically complex Hengduan Mountains and the northern Yunnan high valleys.
These areas, wich is characterized by high microclimatic diversity, are projected to retain
suitable conditions even under severe climate change. This finding corroborates other research
that identifies the Hengduan Mountains as a critical area for endemic biodiversity, including
other conifer species. This is due to its complex terrain buffering against macroclimatic
changes[34,36]. The prioritization map we generated classifies areas based on current and future
habitat quality and provides a functional tool for conservation planning. The "High habitat high
suitable areas" (climate refugia) should be the highest priority for protected area expansion and
intensive management[37]. Conversely, the "High habitat and unsuitable areas" represent an
extinction area where populations are doomed without intervention, necessitating some strategies
like ex-situ conservation and seed banking[38].

The analysis, revealing that the climate rate in current habitats far exceeds the documented
migration capacity of C. funebris presents a stark conservation challenge. This lag between
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climate change and species migration is a widespread phenomenon, especially for long-lived and
slow-dispersing trees[39,40]. In addition, the potential dissociation between future suitable
climates and the requisite calcareous or sandy-loam soils could create ecological traps. That
could occur in areas that appear climatically suitable but are edaphically unsuitable. This
underscores the limitation of climate-only SDMs and highlights the need to integrate soil and
biotic interaction data in future models[41,42]. The high vulnerability of geographically isolated
northern populations (e.g., in the Qinling Mountains) is intensified by their typically lower
genetic diversity, which reduces their adaptive potential[15,43].

The integration of the InNVEST Habitat Quality model provides an essential landscape-level
perspective that supports the climate-driven suitability projections from the ensemble SDM. The
resulting map (Figure 7) illustrates a spatial correspondence between the Safe (dark green)
and Good (white green) zones and the current core distribution of C. funebris identified in the
SDM. This is particularly observed in the Eastern Sichuan Basin, the Eastern Yunnan Plateau,
and the Daba and Qinling Mountains. This overlap is ecologically meaningful because the
InVEST analysis independently confirms that these regions not only possess the suitable climatic
envelope for the species but also maintain high habitat integrity with low exposure to
anthropogenic threats. The Safe zone is characterized by deep alluvial soils, abundant river
systems (such as the Yangtze and its tributaries), and warm, humid climates with sheltered
topography. This represents the most favorable conditions for long-term population persistence.
In contrast, the Harsh (Tibetan Plateau, Taklamakan Desert) and Hazard (seismically active areas,
parts of the North China Plain) zones in red and orange colors respectively, correspond to areas
where the SDM predicted low or no suitability. This reinforces that both climate and habitat
degradation act as limiting filters.

The identification of approximately 2.7 million km* of Good and Safe habitat across China
highlights the deficiency of high-integrity landscapes suitable for C. funebris. This area
constitutes less than 30% of China's land territory. that underscore the degree of anthropogenic
pressure and natural constraints on the species potential range. More importantly, the spatial
configuration of these high-quality zones is fragmented, particularly in the transition zones
between the Sichuan Basin and the Yunnan Plateau. These areas are also identified by the SDM
as potential climate corridors[44,45]. Landscape fragmentation limits species movement,
hindering their ability to adapt to climate change. This fragmentation is a major issue since the
speed of environmental change is expected to exceed their natural capacity to relocate[40,46].

The InVEST analysis also reveals that some areas predicted by the SDM to become
climatically suitable in the future (e.g., under SSP1-2.6) currently fall within the Sensitive or
Hazard zones. In these areas, habitat quality is compromised by high erosion risks, poor drainage,
or human activity. These areas represent potential "ecological traps" if it's considered for assisted
migration without concurrent habitat restoration[42,47]. Therefore, our conservation priority map
(Figure 6), which integrates both current habitat quality and future climate suitability, provides a
more robust foundation for decision-making. The "High habitat-high suitable" areas, the climate
refugia identified in the Hengduan Mountains and northern Yunnan, should be prioritized for



496
497
498

499

500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524

525

526

527

528

529

530

protected area expansion and intensive management[28,48]. Conversely, "High habitat—
unsuitable" areas currently possessing good habitat quality, but will face uncertain futures under
climate change and may require ex situ conservation strategies[49].

4 CONCLUSION

This study integrated ensemble species distribution modeling (BIOMOD?2) with habitat
quality assessment (InVEST) to evaluate the current and future conservation status of Cupressus
funebris in China. The ensemble model, particularly Random Forest, showed excellent predictive
performance (AUC = 0.92, TSS = 0.85). Temperature seasonality (Bio04) and minimum
temperature of the coldest month (Bio06) were the dominant climatic drivers. This confirms that
the species is stenothermic and sensitive to thermal extremes.

Future projections under all SSP scenarios that the suitable habitat will contract severely,
with losses reaching 62.4% by the 2090s under SSP5-8.5. The species range will shift upward by
180-310 m, but the velocity of climate change will likely exceed its dispersal capacity. This
could create significant extinction risk for isolated populations.

InVEST habitat quality analysis revealed that only about 2.7 million km? of China’s land area
currently falls into high integrity categories (Good and Safe zones). This suitable area is
concentrated in the Sichuan Basin, Yunnan Plateau, and Qinling Mountains, overlapping
strongly with the species’ current core distribution. Persistent climate refugia (=15,200 km?)
were identified in topographically complex regions such as the Hengduan Mountains and
northern Yunnan. Both future climatic suitability and present habitat quality remain high. These
refugia should be the highest priority for protected area expansion.

Based on the integration of climate projections and habitat quality, we generated a spatial
conservation priority map distinguishing areas for immediate protection, assisted migration, and
ex situ conservation. This multi-layered approach reduces ecological traps and provides a robust,
actionable framework for climate-resilient conservation. Future work should incorporate soil
properties and biotic interactions, but this study already delivers a science-based roadmap for
safeguarding this endemic conifer.

DECLARATIONS

Ethics approval and consent to participate

APPLICABLE

Consent for publication
NOT APPLICABLE

Availability of data and material



531
532

533

534

535

536
537
538
539

540
541

542

543
544
545
546
547
548
549
550
551
552
553

554

555

556

557

558

All data are available on this website:
https://doi.org/10.6084/m9.figshare.32906447

Competing interests
The authors declare no competing interests.

Funding

This research was funded by Science Research Project of Hebei Education Department
(BJK2023104).

Author Contribution statement.

KKL, DX and ZZ: Conceived and designed the study; Analyzed and interpreted the data;

materials, analysis tools or data; Wrote the paper. XD, RW, and BZ: analysis tools or data; wrote
the paper.

Authors' information

* Corresponding Author:

Danping Xu

Email: xudanping@cwnu.edu.cn

College of Life Science, China West Normal University, Nanchong, 637002, China
* Email for Authors :

Kouame Kouassi Lemouel : kouamelemouel23419@gmail.com

Danping Xu: xudanping@cwnu.edu.cn
Zhihang Zhuo: zhuozhihang@cwnu.edu.cn
Xinqi Deng: deng.xinqi@foxmail.com
Rulin Wang: wrl 1986 1@163.com
Boyang Zhang: Zby2059@hebiace.edu.cn



559

560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
5901
592
593
594
595
596
597

REFERENCES

1.

10.

1.

12.

Zhang, Y.; Yin, D.; Sun, M.; Wang, H.; Tian, K.; Xiao, D.; Zhang, W. Variations of
Climate-Growth Response of Major Conifers at Upper Distributional Limits in Shika Snow
Mountain, Northwestern  Yunnan Plateau, China. Forests 2017, 8, 377,
doi:10.3390/8100377.

Zamora, R.; Mellado, A. Identifying the Abiotic and Biotic Drivers behind the Elevational
Distribution Shift of a Parasitic Plant. Plant Biol J 2019, 21, 307-317,
doi:10.1111/plb.12934.

Yan, W.; Xiang, Y.; Gao, M.; Deng, R.; Sun, Y.; Wan, R.; Pan, X.; Li, W.; Zhong, Y.
Phenotypic Diversity and Provenance Variation of Cupressus Funebris : A Case Study in
the Sichuan Basin, China. PeerJ 2024, 12, e18494, doi:10.7717/peerj.18494.

Wang, Y.; Chen, S.; He, W.; Ren, J.; Wen, X.; Wang, Y.; Li, X.; Chen, G.; Feng, M.; Fan,
C. Shrub Diversity and Niche Characteristics in the Initial Stage of Reconstruction of Low-
Efficiency Cupressus Funebris Stands. Forests 2021, 12, 1492, doi:10.3390/f12111492.
ZHANG Rong; LI Shuai-feng; MA Guo-qiang; SU Jun-yan Driving Factors for the
Biomass of Individual Cup Ressus Funebris in Southwest China. 2 0 21, 36, 1 7 5-
181.

Elith, J.; Leathwick, J.R. Species Distribution Models: Ecological Explanation and
Prediction Across Space and Time. Annu. Rev. Ecol. Evol. Syst. 2009, 40, 677-697,
doi:10.1146/annurev.ecolsys.110308.120159.

Franklin, J. Mapping Species Distributions: Spatial Inference and Prediction; Ecology,
biodiversity and conservation; 3rd ed.; Cambridge university press: Cambridge (Mass.),
2009; ISBN 978-0-521-70002-3.

Thuiller, W.; Lafourcade, B.; Engler, R.; Araujo, M.B. BIOMOD - a Platform for
Ensemble Forecasting of Species Distributions. FEcography 2009, 32, 369-373,
doi:10.1111/5.1600-0587.2008.05742.x.

Hao, T.; Elith, J.; Lahoz-Monfort, J.J.; Guillera-Arroita, G. Testing Whether Ensemble
Modelling Is Advantageous for Maximising Predictive Performance of Species Distribution
Models. Ecography 2020, 43, 549-558, doi:10.1111/ecog.04890.

Yang, J.; Huang, Y.; Su, M.; Liu, M.; Yang, J.; Wu, Q. Spatial Distribution Patterns of the
Key Afforestation Species Cupressus Funebris: Insights from an Ensemble Model under
Climate Change Scenarios. Forests 2024, 15, 1280, doi:10.3390/£15081280.

Cupressus Funebris in Flora of China @ Efloras.Org Available online:
http://www.efloras.org/florataxon.aspx?flora_id=2&taxon_1d=200005416 (accessed on 14
January 2026).

Deshun Zhang (IUCN SSC Conifer Specialist Group / Shanghai Botanical Garden, S.; Tom
Christian (Royal Botanic Garden, E.; Qiaoping Xiang (IUCN SSC Conifer Specialist Group
/ Chinese Academy of Sciences, B. IUCN Red List of Threatened Species: Cupressus
Funebris. IUCN Red List of Threatened Species 2010.



598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

Maruthadurai, R.; Das, B.; Ramesh, R. Predicting the Invasion Risk of Rugose Spiraling
Whitefly, Aleurodicus Rugioperculatus , in India Based on CMIP6 Projections by MAXENT.
Pest Management Science 2023, 79, 295-305, doi:10.1002/ps.7199.

Jung, B.-J.; Lee, M.-G.; Kim, S.-W. Prediction of Potential Habitat of Monochamus
Alternatus Based on Shared Socioeconomic Pathway Scenarios. Forests 2024, 15, 1563,
doi:10.3390/f15091563.

Harte, J.; Umemura, K.; Brush, M. DynaMETE: A Hybrid MaxEnt-plus-mechanism Theory
of Dynamic Macroecology. Ecology Letters 2021, 24, 935-949, doi:10.1111/ele.13714.
Swets, J.A. Measuring the Accuracy of Diagnostic Systems. Science 1988, 240, 1285-1293,
doi:10.1126/science.3287615.

Aratjo, M.B.; Pearson, R.G.; Thuiller, W.; Erhard, M. Validation of Species—Climate
Impact Models under Climate Change. Global Change Biology 2005, 11, 1504-1513,
doi:10.1111/5.1365-2486.2005.01000.x.

Fielding, A.H.; Bell, J.F. A Review of Methods for the Assessment of Prediction Errors in
Conservation Presence/Absence Models. Envir. Conserv. 1997, 24, 38-49,
doi:10.1017/S0376892997000088.

Valavi, R.; Guillera-Arroita, G.; Lahoz-Monfort, J.J.; Elith, J. Predictive Performance of
Presence-only Species Distribution Models: A Benchmark Study with Reproducible Code.
Ecological Monographs 2022, 92, 01486, doi:10.1002/ecm.1486.

Phillips, S.J.; Anderson, R.P.; Schapire, R.E. Maximum Entropy Modeling of Species
Geographic ~ Distributions.  Ecological ~ Modelling 2006, 190,  231-259,
doi:10.1016/j.ecolmodel.2005.03.026.

Sharp, R; Douglass, J; Wolny, S; Arkema, K. K; Bernhardt, J; Bierbower, W; Wyatt, K The
Natural Capital Project, Stanford University, University of Minnesota, The Nature
Conservancy, and World Wildlife Fund.. 2020.

Polasky, S.; Nelson, E.; Pennington, D.; Johnson, K.A. The Impact of Land-Use Change on
Ecosystem Services, Biodiversity and Returns to Landowners: A Case Study in the State of
Minnesota. Environ Resource Econ 2011, 48, 219-242, doi:10.1007/s10640-010-9407-0.
Terrado, M.; Sabater, S.; Chaplin-Kramer, B.; Mandle, L.; Ziv, G.; Acuiia, V. Model
Development for the Assessment of Terrestrial and Aquatic Habitat Quality in
Conservation Planning. Science of The Total Environment 2016, 540, 63-70,
doi:10.1016/j.scitotenv.2015.03.064.

Sallustio, L.; De Toni, A.; Strollo, A.; D1 Febbraro, M.; Gissi, E.; Casella, L.; Geneletti, D.;
Munafo, M.; Vizzarri, M.; Marchetti, M. Assessing Habitat Quality in Relation to the
Spatial Distribution of Protected Areas in Italy. Journal of Environmental Management
2017, 201, 129-137, doi:10.1016/j.jenvman.2017.06.031.

Wang, S.; Liang, X.; Wang, J. Parameter Assignment for InNVEST Habitat Quality Module
Based on Principal Component Analysis and Grey Coefficient Analysis. MBE 2022, 19,
13928-13948, doi:10.3934/mbe.2022649.



637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Lin, R.; Zevenbergen, C.; Wang, J.; Li, Y.; Qian, L. Integration of In-VEST Habitat Quality
Model with Landscape Pattern Indices to Assess Habitat Fragmentation Under the Dynamic
Development of Park City: Southwest China Case. Land 2024, 13, 2073,
doi:10.3390/1and13122073.

Liu, C.; White, M.; Newell, G. Selecting Thresholds for the Prediction of Species
Occurrence with Presence-only Data. Journal of Biogeography 2013, 40, 778-789,
doi:10.1111/jbi.12058.

Morelli, T.L.; Daly, C.; Dobrowski, S.Z.; Dulen, D.M.; Ebersole, J.L.; Jackson, S.T.;
Lundquist, J.D.; Millar, C.I.; Maher, S.P.; Monahan, W.B.; et al. Managing Climate Change
Refugia  for  Climate  Adaptation. PLoS ONE 2016, 11, 0159909,
doi:10.1371/journal.pone.0159909.

Zhao, Y.; Feng, Y.; Liu, Q.; Mo, Y.; Zhuo, S.; Zhou, P. Ecological Security Assessment
Based on Sensitivity, Connectivity, and Ecosystem Service Value and Pattern Construction:
A Case Study of Chengmai County, China. Sustainability 2025, 17, 10724,
doi:10.3390/sul172310724.

Zhang Lingling, 5 ¥%¥;; Zhao Yonghua, 7K %#; Yin Sha, i%¥5; Fang Shu, J5%T; Liu
Xiaojing, X/ Ef; Pu Miaomiao, Ji i B Gradient Analysis of Dry Valley of Minjiang
River Landscape Pattern, Based on Moving Window Method. 4 Z& % i 2014, 34,
doi:10.5846/stxb201310312639.

Zhang, X.; Dong, X.; Liu, F.; Lv, T.; Wu, Z.; Ranagalage, M. Spatiotemporal Dynamics of
Ecological Security in a Typical Conservation Region of Southern China Based on
Catastrophe Theory and GIS. Environ Monit Assess 2023, 195, 90, doi:10.1007/s10661-
022-10669-6.

Aiello-Lammens, M.E.; Boria, R.A.; Radosavljevic, A.; Vilela, B.; Anderson, R.P. spThin:
An R Package for Spatial Thinning of Species Occurrence Records for Use in Ecological
Niche Models. Ecography 2015, 38, 541-545, doi:10.1111/ecog.01132.

Fick, S.E.; Hijmans, R.J. WorldClim 2: New 1-km Spatial Resolution Climate Surfaces for
Global Land Areas. Intl Journal of Climatology 2017, 37, 4302—4315, doi:10.1002/joc.5086.
Aligaz, M.A.; Bekele, A.; Bogale, B.A. Predicting Climate Change Impact on the Habitat
of Ethiopia’s Spot-Breasted Lapwing Using Ensemble Model. Global Ecology and
Conservation 2024, 54, ¢03139, doi:10.1016/j.gecco.2024.e03139.

Adhikari, B.; Subedi, S.C.; Bhandari, S.; Baral, K.; Lamichhane, S.; Maraseni, T. Climate-
driven Decline in the Habitat of the Endemic Spiny Babbler ( Turdoides Nipalensis ).
Ecosphere 2023, 14, 4584, doi:10.1002/ecs2.4584.

Gao, M.; Zhao, G.; Zhang, S.; Wang, Z.; Wen, X.; Liu, L.; Zhang, C.; Tie, N.; Sa, R.
Priority Conservation Area of Larix Gmelinii under Climate Change: Application of an
Ensemble Modeling. Front. Plant Sci. 2023, 14, 1177307, doi:10.3389/fpls.2023.1177307.
Allouche, O.; Tsoar, A.; Kadmon, R. Assessing the Accuracy of Species Distribution
Models: Prevalence, Kappa and the True Skill Statistic (TSS). Journal of Applied Ecology
2006, 43, 1223-1232, doi:10.1111/5.1365-2664.2006.01214 x.



677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715

716

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

Hao, T.; Elith, J.; Guillera-Arroita, G.; Lahoz-Monfort, J.J. A Review of Evidence about
Use and Performance of Species Distribution Modelling Ensembles like BIOMOD.
Diversity and Distributions 2019, 25, 839-852, doi:10.1111/ddi.12892.

Yang, J.; Wu, Q.; Dakhil, M.A.; Halmy, M.W.A.; Bedair, H.; Fouad, M.S. Towards Forest
Conservation Planning: How Temperature Fluctuations Determine the Potential
Distribution and Extinction Risk of Cupressus Funebris Conifer Trees in China. Forests
2023, 14,2234, doi:10.3390/f14112234.

Richard T. Corlett; David A. Westcott Will Plant Movements Keep up with Climate
Change? 2013, 28, 443-496.

Chen, Y.; Moufouma-Okia, W.; Masson-Delmotte, V.; Zhai, P.; Pirani, A. Recent Progress
and Emerging Topics on Weather and Climate Extremes Since the Fifth Assessment Report
of the Intergovernmental Panel on Climate Change. Annu. Rev. Environ. Resour. 2018, 43,
35-59, doi:10.1146/annurev-environ-102017-030052.

Aratjo, M.B.; Peterson, A.T. Uses and Misuses of Bioclimatic Envelope Modeling.
Ecology 2012, 93, 1527-1539, doi:10.1890/11-1930.1.

Pu, J.-Y.; Guo, W.-W.; Zhang, H.-T.; Wang, W.-T. Shifting Distribution Patterns of an
Endemic Conifer Species in the Himalayan Region under Climate Change: Past, Present,
and  Future. Global  Ecology  and  Conservation 2024, 55, 03250,
doi:10.1016/j.gecco.2024.e03250.

Miao, G.; Zhao, Y.; Wang, Y.; Yu, C.; Xiong, F.; Sun, Y.; Cao, Y. Suitable Habitat
Prediction and Analysis of Dendrolimus Houi and Its Host Cupressus Funebris in the
Chinese Region. Forests 2024, 15, 162, doi:10.3390/f15010162.

Littlefield, C.E.; McRae, B.H.; Michalak, J.L.; Lawler, J.J.; Carroll, C. Connecting Today’s
Climates to Future Climate Analogs to Facilitate Movement of Species under Climate
Change. Conservation Biology 2017, 31, 1397-1408, doi:10.1111/cobi.12938.

McGuire, J.L.; Lawler, J.J.; McRae, B.H.; Nufiez, T.A.; Theobald, D.M. Achieving Climate
Connectivity in a Fragmented Landscape. Proc. Natl. Acad. Sci. U.S.A. 2016, 113, 7195—
7200, doi:10.1073/pnas.1602817113.

Battin, J. When Good Animals Love Bad Habitats: Ecological Traps and the Conservation
of Animal Populations. Conservation Biology 2004, 18, 1482—-1491, doi:10.1111/5.1523-
1739.2004.00417 .x.

Hannah, L.; Midgley, G.; Andelman, S.; Aratjo, M.; Hughes, G.; Martinez-Meyer, E.;
Pearson, R.; Williams, P. Protected Area Needs in a Changing Climate. Frontiers in
Ecology  and  the  Environment 2007, 5, 131-138, doi:10.1890/1540-
9295(2007)5%5B131:PANIAC%5D2.0.CO;2.

Vitt, P.; Belmaric, P.N.; Book, R.; Curran, M. Assisted Migration as a Climate Change
Adaptation Strategy: Lessons from Restoration and Plant Reintroductions. Israel Journal of
Plant Sciences 2016, 63, 250-261, doi:10.1080/07929978.2016.1258258.



Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

e 7ScoresoneAvgROCTSSsdTSS0.75.csv
e 1GBIF2.5min.csv

e 8scoresEM.csv

» CentroidTransposedTransposed.csv

e 711Centroidcoordinates.csv

e O9varimpEMe.csv

e 7scoresoneallruncalibrationTSS0.75.csv
e rawdata.xlsx

e 5pseudoabsencepsabs3.csv

e 710expl.varEMresponse.csv

e var.imponePArunandALLrun.csv

* expl.varoneresponse.csv


https://assets-eu.researchsquare.com/files/rs-11012365/v1/1ac37f93280a5d19de4924d4.csv
https://assets-eu.researchsquare.com/files/rs-11012365/v1/a558639bc48e1641cca3aa20.csv
https://assets-eu.researchsquare.com/files/rs-11012365/v1/eea6861f893bcbc96281bf97.csv
https://assets-eu.researchsquare.com/files/rs-11012365/v1/0bbfa3c6ebff078b82736680.csv
https://assets-eu.researchsquare.com/files/rs-11012365/v1/e4a5cfafd0602644c0e79da3.csv
https://assets-eu.researchsquare.com/files/rs-11012365/v1/38978df03a91083c5c526ac9.csv
https://assets-eu.researchsquare.com/files/rs-11012365/v1/92e279650b208835909b296a.csv
https://assets-eu.researchsquare.com/files/rs-11012365/v1/7864674ca7a080b77ae2a0bc.xlsx
https://assets-eu.researchsquare.com/files/rs-11012365/v1/f9b56b8bffd15da510db8ebc.csv
https://assets-eu.researchsquare.com/files/rs-11012365/v1/b8b91c2d494a2106e6a91207.csv
https://assets-eu.researchsquare.com/files/rs-11012365/v1/91a4fe782899fa0b73080b55.csv
https://assets-eu.researchsquare.com/files/rs-11012365/v1/1493ff03c96df79ed87fcf86.csv

