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A B S T R A C T

Hovenia acerba Lindl. is valued for its medicinal properties and role in maintaining ecosystem integrity, partic
ularly through soil stabilization. However, climate change poses significant challenges to its natural distribution. 
This study employed an optimized Maximum Entropy (MaxEnt) model alongside BCC-CSM2-MR climate pro
jections to predict the impacts of climate change on the distribution of H. acerba in China and to identify key 
environmental determinants. We found that precipitation in the driest month (Bio14) and minimum temperature 
of the coldest month (Bio6) are the primary factors governing its distribution. Under current climatic conditions, 
the potential suitable habitat for H. acerba covers approximately 29.15 % of China’s land area. Future projections 
indicate a consistent expansion of suitable habitats under all climate scenarios, with a notable northwestward 
shift in the distribution centroid from Hunan to Hubei Province. These findings highlight the resilience of 
H. acerba to climate change and provide critical insights for its conservation and sustainable management under 
future climatic conditions.

1. Introduction

Climate change represents one of the most significant challenges to 
global biodiversity, with profound implications for species distribution 
patterns and ecosystem dynamics. Rising temperatures, altered precip
itation regimes, and increased frequency of extreme weather events 
have already begun to reshape the geographical ranges of numerous 
plant species (Dolezal et al., 2021; Wang et al., 2024). Understanding 
these distribution shifts is crucial for developing effective conservation 
strategies and sustainable resource management approaches, particu
larly for species with significant ecological and economic value. A prime 
example of such a species is Hovenia acerba Lindl., whose ecological 
functions and economic benefits make it an ideal model for studying 
climate change impacts.

H. acerba, a deciduous tree species in the Rhamnaceae family, holds 
substantial importance in traditional Chinese medicine, erosion control, 
and ecological protection. The species produces fruits and leaves rich in 
bioactive compounds, including flavonoids, saponins, and poly
saccharides, which have demonstrated efficacy in treating various 

ailments such as hepatitis and hyperglycemia (Kong et al., 2023; Ma and 
Zhou, 2022). The hepatoprotective properties of its seeds and potential 
anti-diabetic effects of its leaves have been extensively documented in 
pharmacological studies (Ma and Zhou, 2022). Beyond its medicinal 
applications, the wood of H. acerba is valued for its durability in furni
ture making and construction, contributing to its economic significance.

Ecologically, H. acerba contributes significantly to slope stabilization 
and erosion mitigation. Its extensive root system enhances soil structure 
and water infiltration, making it a key species for rehabilitating 
degraded landscapes (Ding et al., 2009; Zhang, 2015). This character
istic has positioned H. acerba as a key species in reforestation and 
afforestation initiatives targeting degraded landscapes. Additionally, the 
species contributes to biodiversity maintenance by providing habitat 
and food resources for various fauna, thereby supporting complex 
ecological networks (Teng and Zhou, 2016; Yu et al., 2008).

Climate change is triggering a fundamental restructuring of global 
species distributions, challenging plant survival and ecological fitness. 
As key regulators of physiological processes, reproduction, and species 
interactions, climatic variables—especially temperature and 
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precipitation—drive complex ecological responses (An et al., 2020; 
Gong et al., 2020). Rising temperatures force species to shift along 
altitudinal and latitudinal gradients (Lindborg et al., 2021; MacDougall 
et al., 2021), while changing precipitation patterns impair phenology 
and reproductive success (Ganjurjav et al., 2020; Numata et al., 2022). 
Such climate-induced changes ultimately reshape plant communities, 
ecosystem functions, and associated services. To quantify these effects, 
species distribution models (SDMs) have become essential tools. The 
Maximum Entropy (MaxEnt) approach excels particularly with 
presence-only data, producing reliable projections (Elith et al., 2011; 
Zhao et al., 2022). Its applications demonstrate considerable value: 
MaxEnt has revealed range losses in Pinus gerardiana across South Asia 
(Khan et al., 2022) and predicted extensive expansion of Broussonetia 
papyrifera in China (Wang and Guan, 2023). These examples confirm 
that combining mechanistic models with climate scenarios offers a 
robust framework for anticipating how species respond to environ
mental transformation.

While existing studies have extensively documented the germplasm 
resources, phytochemical composition, and pharmacological properties 
of H. acerba (Cheng et al., 2023; Peng et al., 2018; Yang et al., 2023; Yu 
et al., 2020; Zhang et al., 2023), a critical knowledge gap remains 
regarding how climate change will affect its geographical distribution. 
Most existing studies lack a robust, climate-scenario-driven projection, 
and none have employed an optimized species distribution modeling 
framework to address this question for H. acerba. To bridge this gap, our 
study introduces a novel approach by integrating a rigorously optimized 
MaxEnt model with the latest BCC-CSM2-MR climate projections from 
CMIP6. This methodology not only enhances the predictive accuracy for 
H. acerba but also provides a refined framework for assessing climate 
change impacts on economically important tree species. The findings are 
crucial for developing science-based conservation strategies.

This study aims to comprehensively assess the potential impacts of 
climate change on the distribution of H. acerba in China by integrating 
an optimized MaxEnt model with climate projections from the BCC- 
CSM2-MR model. Our specific objectives are: (1) To identify the key 
environmental factors governing the current distribution of H. acerba. 
(2) To predict potential shifts in its suitable habitat under multiple 
climate change scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5) for the 
2050s, 2070s, and 2090s. (3) To quantify directional changes in the 
species’ distribution centroid to elucidate its spatial migration trajec
tory. We hypothesized that warming temperatures would drive north
ward and upward shifts in suitable habitat, with expansion rates varying 
significantly across emissions scenarios. The findings from this research 
would provide a scientific foundation for developing targeted conser
vation interventions and adaptive management strategies for H. acerba 
under changing climatic conditions.

2. Materials and methods

2.1. Collecting occurrence data of H. acerba

Species occurrence records were compiled from multiple biodiver
sity databases, including the Global Biodiversity Information Facility 
(https://www.gbif.org), the Chinese Virtual Herbarium (http://www. 
cvh.org.cn), the National Specimen Information Infrastructure of 
China (http://www.nsii.org.cn), Google Scholar (https://scholar.goog 
le.com), and the China National Knowledge Infrastructure 
(https://book.oversea.cnki.net). This comprehensive search yielded 
1206 initial distribution records of H. acerba within China. For records 
lacking direct coordinate information, precise textual locations were 
georeferenced using an online coordinate picking system. All co
ordinates were then visually verified against high-resolution basemaps 
in ArcGIS, with implausible records (e.g., in oceans or ambiguous areas) 
being removed. To mitigate spatial sampling bias and model overfitting, 
a spatial rarefaction was applied by retaining only one record per 2.5 ×
2.5′ grid cell, resulting in 1024 unique records for subsequent analysis 

(Fig. 1). The filtered coordinates were subsequently exported to a CSV 
file for subsequent modeling. Additionally, the map depicting China’s 
administrative divisions (map approval designation GS (2023)2762) 
was obtained from the Standard Map Service online platform (http:// 
bzdt.ch.mnr.gov.cn).

2.2. Environmental variables

Nineteen climatic factors (bio1-bio19) from the WorldClim version 
2.1 climate data for current (1970–2000) and future climate scenarios 
(https://www.worldclim.org) were selected as environmental factors 
(Table 1). The future climate data is selected for three periods: the 2050s 

Fig. 1. Current geographic distribution and distribution points of H. acerba 
in China.

Table 1 
Environmental variables used in this study.

Variables Description Units Contribution rate 
(%)

Bio1 Annual mean temperature ◦C 0.3
Bio2 Mean diurnal range(Mean of monthly) ◦C 1.4
Bio3 Isothermality (Bio2/Bio7) ( × 100) ​ 0.8
Bio4 Standard deviation of temperature 

seasonality
​ 2.0

Bio5 Max temperature of warmest month ◦C 1.5
Bio6 Min temperature of coldest month ◦C 22.8
Bio7 Temperature annual range (Bio5-Bio6) ◦C 1.5
Bio8 Mean temperature of wettest quarter ◦C 1.3
Bio9 Mean temperature of driest quarter ◦C 0.2
Bio10 Mean temperature of warmest quarter ◦C 0.6
Bio11 Mean temperature of coldest quarter ◦C 0.4
Bio12 Annual precipitation mm 31.3
Bio13 Precipitation of wettest month mm 0.2
Bio14 Precipitation of driest month mm 32.5
Bio15 Variation of precipitation seasonality ​ 1.8
Bio16 Precipitation of wettest quarter mm 0.3
Bio17 Precipitation of driest quarter mm 0.4
Bio18 Precipitation of warmest quarter mm 0.2
Bio19 Precipitation of coldest quarter mm 0.5
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(2041–2060), the 2070s (2061–2070), and the 2090s (2081–2100). We 
employed three Shared Socioeconomic Pathways scenarios within the 
Sixth Coupled Model Intercomparison Project (CMIP6), specifically 
under the BCC-CSM2-MR model (Zhou et al., 2020), which has shown 
good predictive performance over China.

In addition, three Representative Concentration Pathways are 
selected to assess the distribution of suitable habitat of H. acerba in the 
future: SSP1-2.6, SSP2-4.5 and SSP5-8.5, each corresponding to sce
narios of minimal, moderate, and substantial greenhouse gas emissions, 
respectively (Zhao et al., 2024). To enhance model accuracy by reducing 
redundancy among environmental factors (Mendes et al., 2020), we 
employed a two-step variable selection process to mitigate multi
collinearity. This involved calculating pairwise correlation coefficients 
for all 19 bioclimatic variables and eliminating one variable from any 
pair with |r| > 0.75, prioritizing the removal of the variable with the 
lower contribution rate (Zhang et al., 2018). This widely adopted 
threshold effectively controls multicollinearity while preserving a suf
ficient set of ecologically meaningful predictors. The final selection also 
considered the contribution magnitude of each variable from the Max
Ent model (Table 1; Fig. 2), resulting in eight key variables for final 
modeling.

Ultimately, eight environmental factors were selected for model 
building, specifically Bio2 (Mean diurnal range (Mean of monthly)), 
Bio4 (Standard deviation of temperature seasonality), Bio5 (Max tem
perature of the warmest month), Bio6 (Min temperature of the coldest 
month), Bio8 (Mean temperature of the wettest quarter), Bio14 (Pre
cipitation of the driest month), Bio15 (Variation of precipitation sea
sonality), Bio16 (Precipitation of the wettest quarter).

2.3. MaxEnt model optimization and modeling

2.3.1. Optimization of MaxEnt model
To precisely forecast the probable distribution range of H. acerba, we 

employed the R package ‘ENMeval’ to optimize the MaxEnt model by 
modifying two key constraint parameters: the Regularization Multiplier 
(RM) and the Feature Combination (FC) (Warren and Seifert, 2011). We 
randomly divided the 1024 distribution records into a training set (75 
%) and a testing set (25 %) to assess the model’s generalization ability. 
To investigate the model’s performance under various levels of regula
rization strength, The MaxEnt model was optimized using the R package 

ENMeval to identify the optimal combination of regularization multi
plier (RM) and feature class (FC). This optimization is critical to prevent 
overfitting and to improve model transferability to future climate sce
narios. The best model was selected based on the lowest Akaike Infor
mation Criterion corrected (AICc), which balances model complexity 
and goodness-of-fit. While employing both the 10 % Training Omission 
Rate (OR10) and the discrepancy in the Area Under the Curve (AUC) 
between training and testing (AUC.DIFF) to mitigate the risk of model 
overfitting (Shi et al., 2024). After a comprehensive assessment, we 
constructed the final model using the optimized regularization multi
plier and feature combination corresponding to a delta AICc of zero.

2.3.2. MaxEnt modeling
The geographical coordinates of 1024 distribution points along with 

eight bioclimate variables were imported into the Maxent software 
(Version 3.4.1) (Steven J. Phillips et al.). Randomly select 75 % of the 
H. acerba sample distribution point data for simulation training, with the 
remaining 25 % of the data serving as the test training set. The optimized 
RM and FC parameters are chosen, and the model is run 10 times, 
selecting the Logistic mode as the output type. The area under the curve 
(AUC) of the receiver operating characteristics curve (ROC) is used to 
verify the simulation effectiveness of the model (Li et al., 2020). The 
model’s training data, as evaluated by the ROC curve, had an average 
AUC value of 0.878 with a standard deviation of 0.009 across 10 
replicate runs. This high AUC value coupled with a low standard devi
ation indicates consistently excellent and reliable predictive perfor
mance. Furthermore, we complemented the AUC evaluation with the 
examination of the omission rate and AICc during model optimization to 
guard against overfitting, ensuring that the model’s robustness was not 
solely dependent on a single metric.

2.4. Classification of potentially suitable areas of H. acerba

The average values from the 10 repetitions processed by the Maxent 
model are taken as the basic data for the division of the suitable living 
area for the H. acerba. The output results are converted into TIF format 
raster data using the format conversion function in ArcGIS 10.8. The 
potential suitable habitat areas for H. acerba are divided according to the 
natural break method, combined with the distribution patterns of the 
species, into unsuitable areas (0–0.1), generally suitable areas (0.1–0.3), 

Fig. 2. Correlation analysis of environmental factors.
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moderately suitable areas (0.3–0.5), and highly suitable areas (0.5–1) 
(Zhang et al., 2024). The raster processing capabilities of the ArcGIS 
software were utilized to perform area calculations on the reclassified 
layers, thereby determining the proportion of each area. Subsequently, 
based on the actual area of the national territory, these proportions were 
converted into specific area for each grade (Zhang et al., 2022).

2.5. Analysis of the spatial pattern changes in the suitable habitat area for 
H. acerba

Under the impact of climate change, the spatial pattern of species’ 
suitable habitats can be divided into three situations: stability areas, 
contraction areas, and expansion areas (LÜ et al., 2024). Based on the 
predicted suitable habitat results for H. acerba across different periods, 
we categorized areas with a logical value ≥ 10 % as suitable habitats, 
which include low, medium, and high suitability zones. Areas with a 
logical value < 10 % were deemed non-suitable. Using these classifi
cations, we constructed a presence/absence (1, 0) matrix to compare the 
past with the present, and the present with future climate environments. 
The changes in area between the past and the future are both compared 
and calculated based on the current potential suitable habitat area of 
H. acerba, with the matrix value 0 → 1 representing the gain area, 1 → 
0 representing the loss area, and 1 → 1 representing the stable area (Ye 
et al., 2020). Finally, the matrix values are transformed into attribute 
values and imported into the ArcGIS 10.8 software to create a map 
showing the changes in the spatial pattern of H. acerba’s suitable 
habitats.

2.6. Core distributional shifts under different climatic scenarios

The probability results of the suitable distribution areas for H. acerba 
obtained from the model calculations are reclassified, that is, spatial 
units with a species existence probability value ≥ 0.1 are defined as 
suitable habitats for H. acerba, and spatial units with a species distri
bution probability value < 0.1 are defined as unsuitable areas (Zhang 
et al., 2019). The geometric centroid of the spatial units with a species 
distribution probability value ≥ 0.1 is defined as the distribution center 
point of the suitable habitat for H. acerba. The location of the distribu
tion center point represents the overall spatial position of the species’ 
suitable habitat, and the migration trend and distance of the distribution 
center point are used to characterize the overall migration trend and 
distance of the species’ suitable habitat area.

To analyze shifts in the distribution centroid of H. acerba, we con
ducted centroid shift analysis using binary outputs with the highest AUC 
values from the MaxEnt model across all future periods and climate 
scenarios. The analysis was performed with the SDM toolbox, a Python- 
based GIS toolkit designed for species distribution modeling (Qian, 

2022), which enables comparative analysis of current and future habitat 
centroids. This approach allows quantification of how climate change 
influences species distributions through geometric center displacements 
(Huan et al., 2023). Specifically, we employed the Centroid Changes tool 
within the SDMToolbox (Brown et al., 2017) to project future distribu
tion centroids and assess climate change impacts across different periods 
and SSP scenarios. To quantify the directional shift of the species’ 
suitable habitat, the distribution centroid was calculated for each sce
nario using the SDM toolbox.

3. Results

3.1. Model optimization and accuracy evaluation

The parameter tuning of the MaxEnt model by ENMeval revealed 
that at RM = 1.0 and FC = LQHPT, the model achieved the lowest AICc 
score, with an AICc value reaching zero (Fig. 3a). A subsequent analysis 
showed that this model’s AUC.DIFF was elevated by 37.92 % in com
parison to the model with default settings (RM = 1.0 and FC = LQHP) 
(Fig. 3b). Moreover, the OR10 value for this model was reduced by 
20.04 % compared to the default model (Fig. 3c). Consequently, the 
parameters RM = 1.0 and FC = LQHPT were selected as the optimal 
configuration. The model’s training data, as evaluated by the ROC 
curve, had an average AUC value of 0.878 with a standard deviation of 

Fig. 3. Delta.AICc (a), AUC.DIFF (b), and OR10 (c) of models with different parameter combinations resulted from MaxEnt models.

Fig. 4. Receiver operator characteristic (ROC) curve tests the accuracy of 
MaxEnt model.
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0.009 (Fig. 4), demonstrating the model’s robust predictive capability.

3.2. Analysis of critical environmental variables

Two environmental variables, namely both Precipitation of driest 
month (Bio14) and Min temperature of coldest month (Bio6) contrib
uted 87.4 % to the model’s predictive power. Precipitation of driest 
month (Bio14) alone explained 55.5 % of the total variance and was 
identified as the primary factor influencing the spatial distribution of 
H. acerba (Fig. 5a). To deepen the understanding of the relationship 
between key factors and the likelihood of H. acerba growth, this study 
has plotted the response curves of the dominant factors when relying 
solely on individual environmental variables. Using a logistic output 
threshold of 0.1 to differentiate suitable and unsuitable growth areas for 
H. acerba, the suitable precipitation range for its growth is 0–190 mm 
(Fig. 5b), and the minimum temperature range is − 14.6–16.8 ◦C 
(Fig. 5c). The suitable precipitation range indicates that H. acerba can 
tolerate a wide range of precipitation conditions, from relatively dry to 
quite wet. This wide range of suitable precipitation suggests that water 
availability is not a limiting factor for its growth across most regions. 
The minimum temperature range shows that H. acerba can survive in 
areas with quite cold winters (down to − 14.6 ◦C) as well as milder ones, 
up to relatively warm temperatures (16.8 ◦C). This indicates that 
H. acerba is adaptable to a broad range of temperature conditions, 
making it a resilient species that can thrive in diverse climates.

3.3. Potential distribution under current climate

Under current climatic conditions, the potential total suitable habitat 
area for H. acerba is 279.8 × 104 km2, accounting for approximately 
29.15 % of China’s total land area (Fig. 6). The area of H. acerba’s 
moderately low suitable habitat is approximately 64.86 × 104 km2, 
which accounts for 6.76 % of the total national land area; the moder
ately suitable habitat area is about 116.07 × 104 km2, representing 
12.09 % of the national land area; and the high suitable habitat area is 
approximately 98.87 × 104 km2, only making up 10.30 % of the total 
national land area. Under current climatic conditions, the high suitable 
habitat areas for H. acerba mainly include Chongqing Municipality, 
Guizhou Province, Guangxi Zhuang Autonomous Region, Guangdong 
Province, Fujian Province, Jiangxi Province, Hunan Province, and the 
northeastern part of Sichuan Province; the moderately suitable habitat 
areas mainly include Yunnan Province, Hubei Province, Anhui Province, 
Zhejiang Province, Shaanxi Province, Jiangsu Province, and Taiwan 
Province; the low suitable habitat areas mainly include Shandong 
Province, Hebei Province, and Henan Province. The non-suitable habitat 
areas for H. acerba are primarily distributed in the northwest and north 
of China. The boundary between the suitable and non-suitable areas 
generally coincides with 400 mm annual precipitation line in China, 

along with the three northeastern provinces in China.

3.4. Suitable areas distribution of the H. acerba under future climate

Under the SSP1-2.6 climate scenario, total suitable habitat area for 
H. acerba is predicted to be 288.15 × 104 km2 by the 2050s, with high, 
medium, and low suitable habitats covering 125.51 × 104 km2, 94.58 ×
104 km2, and 68.05 × 104 km2 respectively. High suitability areas are 
mainly in Chongqing, Guizhou, Fujian, Jiangxi, Hunan, Zhejiang, Hebei, 
Hubei, Beijing, eastern Sichuan, and northern Guangdong (Fig. 7a). By 
the 2070s, the total area slightly decreases to 285.54 × 104 km2, with 
high, medium, and low suitable habitats at 93.66 × 104 km2, 107.07 ×
104 km2, and 84.81 × 104 km2 respectively, and the distribution of high 
suitability areas remains largely the same (Fig. 7d). By the 2090s, the 
total suitable habitat area increases to 289.77 × 104 km2, with high, 
medium, and low suitable habitats at 108.85 × 104 km2, 101.25 × 104 

km2, and 79.67 × 104 km2 respectively, and the high suitability distri
bution like previous decades (Fig. 7g).

Under the SSP2-4.5 scenario, by the 2050s, the total suitable habitat 
area expands to 304.18 × 104 km2, with high, medium, and low suitable 
habitats at 114.66 × 104 km2, 102.77 × 104 km2, and 86.75 × 104 km2 

Fig. 5. Response curve of dominant environmental factors for H. acerba.

Fig. 6. Distribution of current suitable areas of H. acerba in China based 
on MaxEnt.
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respectively. High suitability areas are primarily in Chongqing, Guiz
hou, Fujian, Jiangxi, Hunan, Zhejiang, Hebei, Beijing, and eastern 
Sichuan (Fig. 7b). By the 2070s, the total area further increases to 
309.72 × 104 km2, with high, medium, and low suitable habitats at 
112.37 × 104 km2, 102.34 × 104 km2, and 95.01 × 104 km2 respectively, 
and high suitability areas extending to northern Guangdong (Fig. 7e). By 
the 2090s, the total suitable habitat area reaches 315.16 × 104 km2, with 
high, medium, and low suitable habitats at 111.35 × 104 km2, 112.03 ×
104 km2, and 91.78 × 104 km2 respectively, and the distribution pattern 
continuing (Fig. 7h).

Under the SSP5-8.5 scenario, by the 2050s, total suitable habitat area 
is 299.48 × 104 km2, with high, medium, and low suitable habitats at 

95.40 × 104 km2, 103.64 × 104 km2, and 100.44 × 104 km2 respectively. 
High suitability areas are mainly in Chongqing, Guizhou, Fujian, 
Jiangxi, Hunan, Zhejiang, Beijing, eastern Sichuan, and northern 
Guangdong (Fig. 7c). By the 2070s, the total area increases to 314.85 ×
104 km2, with high, medium, and low suitable habitats at 79.47 × 104 

km2, 128.20 × 104 km2, and 107.18 × 104 km2 respectively, and high 
suitability areas shifting to Guizhou, Fujian, Jiangxi, Hunan, Zhejiang, 
eastern Chongqing, southern Hebei, and central Sichuan (Fig. 7f). By the 
2090s, the total suitable habitat area is 319.80 × 104 km2, with high, 
medium, and low suitable habitats at 80.06 × 104 km2, 116.92 × 104 

km2, and 122.82 × 104 km2 respectively, and high suitability areas 
mainly in Chongqing, Guizhou, Fujian, Hunan, Zhejiang, western 

Fig. 7. Potentially suitable areas of H. acerba in China under future different climate scenarios in various periods.
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Jiangxi, northern Yunnan, and central and southern Sichuan (Fig. 7i).

3.5. Dynamic change of the predicted potentially suitable area for 
H. acerba

Compared to current suitable habitat areas, those of H. acerba under 
three future climate scenarios all show expansion exceeding loss (Fig. 8). 
Under SSP1-2.6, by the 2050s, retained suitable habitat is 328.03 × 104 

km2 (89.97 % stable), lost area is 8.62 × 104 km2 (2.37 % loss), and 
expanded area is 27.93 × 104 km2 (7.66 % expansion) (Fig. 8a). By the 
2070s, retained area slightly decreases to 326.29 × 104 km2 (89.88 % 
stable), lost area increases to 10.39 × 104 km2 (2.86 % loss), and 

expanded area decreases to 26.36 × 104 km2 (7.26 % expansion) 
(Fig. 8d). By the 2090s, retained area further decreases to 324.62 × 104 

km2 (87.73 % stable), lost area increases to 12.03 × 104 km2 (3.25 % 
loss), and expanded area rises to 33.36 × 104 km2 (9.02 % expansion) 
(Fig. 8g).

Under SSP2-4.5, by the 2050s, retained suitable habitat is 323.79 ×
104 km2 (83.34 % stable), lost area is 12.86 × 104 km2 (3.31 % loss), and 
expanded area is 51.58 × 104 km2 (13.35 % expansion) (Fig. 8b). By the 
2070s, retained area increases to 325.76 × 104 km2 (82.81 % stable), 
lost area decreases to 10.90 × 104 km2 (2.77 % loss), and expanded area 
rises to 56.73 × 104 km2 (14.42 % expansion) (Fig. 8e). By the 2090s, 
retained area decreases to 321.38 × 104 km2 (79.46 % stable), lost area 

Fig. 8. Spatial transformation pattern of the predicted potentially suitable areas for H. acerba (compared to the current range).
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increases to 15.28 × 104 km2 (3.78 % loss), and expanded area further 
increases to 67.77 × 104 km2 (16.76 % expansion) (Fig. 8h).

Under SSP5-8.5, by the 2050s, retained suitable habitat is 325.03 ×
104 km2 (85.22 % stable), lost area is 11.61 × 104 km2 (3.04 % loss), and 
expanded area is 44.77 × 104 km2 (11.74 % expansion) (Fig. 8c). By the 
2070s, retained area decreases to 315.12 × 104 km2 (76.81 % stable), 
lost area increases to 21.53 × 104 km2 (5.25 % loss), and expanded area 
rises significantly to 73.61 × 104 km2 (17.94 % expansion) (Fig. 8f). By 
the 2090s, retained area further decreases to 311.83 × 104 km2 (74.30 % 
stable), lost area increases to 24.80 × 104 km2 (5.91 % loss), and 
expanded area reaches 83.05 × 104 km2 (19.79 % expansion) (Fig. 8i).

3.6. Migration of potential distribution centroid of H. acerba under 
different climatic scenarios

The distribution center of H. acerba is projected to shift northwest 

across future climate scenarios (Fig. 9). Currently, the centroid is in 
Gaojiao Town, Cili County, Zhangjiajie City, Hunan Province (110◦60′E, 
29◦11′N). Under SSP1-2.6, by the 2050s, the centroid moves northwest 
to Zouma Baizu Township, Sangzhi County, Zhangjiajie City (110◦50′E, 
29◦42′N), 59.86 km from the current location. By the 2070s, it shifts 
further northwest 7.36 km to Luoping Township, Shimen County, 
Changde City (110◦47′E, 29◦45′N). By the 2090s, it moves north 22.32 
km to Hupingshan Town, Shimen County (110◦48′E, 29◦57′N). Under 
SSP2-4.5, by the 2050s, the centroid migrates 138.19 km northwest to 
Fugan Township, Wufeng Tujia Autonomous County, Yichang City, 
Hubei Province (110◦26′E, 30◦19′N). There is little change by the 2070s. 
By the 2090s, it moves 53.09 km northwest to Gaoping Town, Jianshi 
County, Enshi Autonomous Prefecture (110◦01′E, 30◦36′N). Under SSP5- 
8.5, by the 2050s, the centroid shifts 108.67 km northwest to Wufeng 
Town, Wufeng Tujia Autonomous County (110◦36′E, 30◦06′N). By the 
2070s, it moves 76.17 km northwest to Gaoping Town, Jianshi County 

Fig. 9. Migration location of the center of suitable areas of H. acerba under different climate change scenarios.
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(110◦03′E, 30◦36′N). By the 2090s, it relocates 59.26 km southwest to 
Taiyanghe Township, Enshi City (109◦27′E, 30◦31′N).

4. Discussion

4.1. MaxEnt model performance for H. acerba

The high predictive performance of our optimized MaxEnt model 
(AUC = 0.878 ± 0.009) underscores the reliability of our distribution 
projections (Elith et al., 2006). More importantly, the substantial gains 
in model fit after parameter tuning highlight a critical methodological 
insight: the application of off-the-shelf default settings can yield sub
optimal predictions for species with complex niches like H. acerba 
(Muscarella et al., 2014). The optimal model configuration (RM = 1.0, 
FC = LQHPT) was selected based on the lowest Akaike Information 
Criterion (AICc), effectively balancing model complexity and predictive 
power. This optimized model showed a 37.92 % increase in AUC.DIFF 
and a 20.04 % reduction in OR10 compared to the default settings, 
quantitatively confirming the mitigation of overfitting and the 
enhancement of model accuracy. This finding emphasizes the necessity 
of model optimization in ecological forecasting to generate credible 
results for conservation planning, a conclusion that aligns with a 
growing body of methodological research (Shi et al., 2024).

4.2. Critical climate factors affecting the distribution of H. acerba in 
China

Our identification of dry-season precipitation (Bio14) and minimum 
winter temperature (Bio6) as the dominant constraints on H. acerba’s 
distribution reveals its core climatic niche, a finding consistent with the 
climate envelope theory for subtropical tree species (Pearson and 
Dawson, 2003). This dual dependency suggests that the species is 
vulnerable to two primary climate change threats: intensified drought 
stress, a key driver of tree mortality in warming climates (Allen et al., 
2010), and the potential disruption of cold-induced dormancy cycles 
due to winter warming, which can impair the fitness of temperate and 
subtropical trees (Chuine, 2010). The response curves defined the spe
cies’ fundamental niche: suitable growth occurs when precipitation of 
the driest month (Bio14) is between 0 and 190 mm and the minimum 
temperature of the coldest month (Bio6) is between − 14.6 ◦C and 
16.8 ◦C (Fig. 5). These quantitative thresholds are critical for identifying 
areas where future climate may exceed the species’ physiological tol
erances, an approach central to vulnerability assessments (Williams 
et al., 2008). Consequently, regions projecting concurrent increases in 
dry-season aridity and minimum temperatures may become future 
climate change hotspots for population decline, underscoring the 
importance of identifying such geographic disparities in climate expo
sure (Mantyka-Pringle et al., 2015).

4.3. Potential spatiotemporal pattern of H. acerba under different climate 
change scenarios

Our projections reveal a consistent trend of habitat expansion for 
H. acerba across all future climate scenarios, though the magnitude and 
spatial configuration of these shifts are highly dependent on the emis
sions pathway. Under the high-emissions scenario (SSP5-8.5), the total 
suitable habitat is projected to expand by 19.79 % by the 2090s, the 
most significant increase among all scenarios. This net expansion, 
however, masks a concurrent and ecologically critical habitat loss of 
5.91 % in current core southern regions, highlighting a complex redis
tribution rather than a simple range increase (Chen et al., 2011; Lenoir 
and Svenning, 2015; Zhu et al., 2012).

This divergent response, expansion in the northwest and contraction 
in parts of the south, can be attributed to the species’ specific climatic 
niche defined by its physiological tolerances. The northwestward shift is 
primarily driven by the alleviation of cold limitations in previously 

marginal areas, allowing the species to track its suitable climate enve
lope (Feeley et al., 2020; Freeman et al., 2018). Conversely, habitat loss 
in the south is likely due to the exceedance of upper thermal tolerance 
limits and potential alterations in dry-season precipitation patterns, 
pushing conditions beyond the species’ physiological optimum and 
increasing its vulnerability to hydraulic failure (Allen et al., 2010; Choat 
et al., 2012).

The projected redistribution of H. acerba signifies more than a 
geographical shift; it portends a potential reorganization of ecological 
communities and ecosystem functions. As a key species for soil stabili
zation, its establishment in new northern and northwestern areas could 
enhance ecosystem resilience to erosion (Ding et al., 2009; Zhang, 
2015). Meanwhile, its retreat from southern regions may create 
ecological vacancies, altering local biodiversity, species interactions, 
and ecosystem processes (Alexander et al., 2015; Felipe-Lucia et al., 
2020). This dynamic exemplifies the complex cascade of 
climate-induced community reassembly, where the range shift of a 
single functionally important species can trigger broader changes in 
ecosystem properties (Zarnetske et al., 2012).

4.4. Biogeographic shifts and conservation implications under climate 
change

Our results provide strong support for our initial hypothesis that 
warming temperatures would drive a northward shift in the distribution 
of H. acerba. The consistent northwestward migration of the distribution 
centroid across all future climate scenarios (Fig. 9) directly aligns with 
this prediction. While the movement was predominantly northwestern 
rather than purely northern, this trajectory is logically explained by the 
topographical and climatic context of China. A due north trajectory from 
the current centroid in Hunan would encounter the mountainous regions 
of the Qinling-Daba Mountains, which may present topographic or 
ecological barriers that can significantly constrain species range shifts 
under climate change (Elsen and Tingley, 2015). The observed north
westward path, moving into Hubei and towards the Sichuan Basin, likely 
represents the species tracking its climatic niche along a path of least 
resistance into newly suitable areas. This nuanced finding not only 
confirms the general trend of poleward migration observed globally 
(Scheffers et al., 2016), but also refines our understanding of how 
regional geography modulates this global phenomenon.

The consistent northwestward migration of the distribution centroid 
under all climate scenarios provides robust evidence that H. acerba is 
tracking its climatic niche, thereby strongly supporting our initial hy
pothesis of a northward distributional shift (Chen et al., 2011; Pecl et al., 
2017). The magnitude of centroid displacement, which increased with 
the intensity of greenhouse gas emissions, demonstrates a direct link 
between anthropogenic forcing and the velocity of range shifts 
(Diffenbaugh and Field, 2013; Loarie et al., 2009). Notably, the 
non-linear, southwestward trajectory under the extreme SSP5-8.5 sce
nario by the 2090s reveals that species responses to intense warming can 
deviate from simple poleward trends, likely due to complex interactions 
with topographic barriers and regional precipitation gradients (Elsen 
and Tingley, 2015; Lenoir and Svenning, 2015). This underscores that 
future species distributions will be shaped not only by macroclimatic 
trends but also by fine-scale heterogeneities in landscape and climate 
(Potter et al., 2013; Storlie et al., 2014).

These projected shifts present a dual conservation challenge: facili
tating expansion into new suitable areas while securing vulnerable 
populations in contracting regions. The identified climate refugia, areas 
projected to remain suitable across scenarios, must be prioritized for 
protection as critical reservoirs for genetic diversity and population 
persistence (Keppel et al., 2012; Morelli et al., 2020). Conversely, pro
active measures such as assisted migration and the establishment of 
ecological corridors are warranted to enhance connectivity and aid the 
species’ natural colonization of future suitable habitats 
(Hoegh-Guldberg et al., 2008; Williams and Dumroese, 2013). Our 
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quantification of the distribution centroid’s migration path offers a 
strategic guide for planning these corridors, effectively bridging the gap 
between climate impact science and actionable conservation manage
ment (Corlett and Westcott, 2013; Heller and Zavaleta, 2009; McGuire 
et al., 2016).

4.5. Management implications and adaptive strategies

Our spatially explicit projections for H. acerba provide a direct basis 
for developing climate-informed conservation strategies. We propose a 
tripartite approach, Protect, Connect, and Adapt, tailored to the species’ 
projected distribution shifts: (1) Priority should be given to persistent 
suitable habitats in the southern core range (e.g., Chongqing, Guizhou, 
Hunan). These areas act as natural arks for genetic diversity and popu
lation persistence, requiring management that reduces non-climatic 
stressors like habitat fragmentation. (2) The northwestward centroid 
shift defines a strategic pathway for corridor planning and assisted 
migration. Introducing H. acerba into newly suitable areas of Hubei and 
southern Shaanxi, using climate-adapted seed sources, is especially 
critical under high-emission scenarios (SSP5-8.5). (3) In contracting 
areas, management should shift toward monitoring climate stress and 
facilitating ecological transition to more heat- and drought-tolerant 
species where H. acerba persistence becomes unlikely. This scenario- 
aware framework enables efficient resource allocation, helping stake
holders maintain H. acerba viability and its associated ecosystem ser
vices under changing climates.

5. Conclusions

Climate change is projected to reorganize the distribution of Hovenia 
acerba in China, triggering a northwestward range shift and a net 
expansion of suitable habitat. Our optimized MaxEnt model identified 
precipitation of the driest month (Bio14) and the minimum temperature 
of the coldest month (Bio6) as the dominant constraints on its distri
bution. The consistent northwestward migration of the distribution 
centroid—moving over 130 km from Hunan to Hubei under moderate 
emissions—confirms this trajectory. These findings translate into clear 
conservation priorities. The projected spatial shifts advocate for a dual 
management strategy: (1) designating climate refugia in the stable 
southern core range (e.g., Chongqing, Guizhou) for prioritized protec
tion, and (2) implementing assisted migration and corridor establish
ment in the northwestern expansion zone (e.g., Hubei, S Shaanxi) to 
facilitate natural colonization. By aligning interventions such as tar
geted reforestation with these geographically explicit forecasts, our 
work provides a science-based blueprint for the adaptive management of 
H. acerba, ensuring the resilience of this ecologically and economically 
vital species under future climates.
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