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Abstract

Climate change and intensified forest destruction are severely threatening the habitats
of numerous wildlife species and plants. Known for its roots, Eleutherococcus nodiflorus
(Araliaceae) is a plant used in traditional Chinese medicine, which contains diverse active
compounds with significant medicinal value. However, studies indicate its wild popu-
lations are undergoing an accelerating decline due to combined pressures from climate
change and human activities. To elucidate the climate change response of E. nodiflorus
habitat suitability, we used the ENMeval package to develop an optimized MaxEnt model,
incorporating 184 occurrence records and 12 environmental factors. Under the SSP1-2.6
and SSP5-8.5 climate scenarios, we simulated and projected the potential distribution of
this species across China for the current period and four future time intervals (2021-2040,
2041-2060, 2061-2080, and 2081-2100). The results indicate that key environmental fac-
tors governing the distribution of E. nodiflorus include November precipitation, January
minimum temperature, temperature seasonality, and June minimum temperature. Cur-
rently, the suitable habitat for E. nodiflorus spans approximately 1.38 x 10° km? and is
predominantly located in central, eastern, and southern China. The high-suitability habitats
are concentrated in Hunan Province, southern Anhui, and eastern Zhejiang. Accord-
ing to model projections under both climate scenarios, the suitable habitat of E. nodi-
florus will first expand and then contract, while its distribution centroid moves generally
toward higher latitudes. Under the trend of ongoing global warming, this study pro-
vides valuable references for formulating effective climate change adaptation plans and
protecting biodiversity.

Keywords: Eleutherococcus nodiflorus; MaxEnt model; climate change; potential distribution;
medicinal plant

1. Introduction

Climate profoundly influences plant distributions. Plant species occupy specific
ecological niches and adjust their ranges in response to climate fluctuations [1]. The decline
in global biodiversity is partly attributed to changes in plant habitats and ecosystems
induced by climate change [2]. As reported in the IPCC Sixth Assessment Report (AR6),
the impacts and risks of climate warming are increasingly complex and have imposed
profound and irreversible consequences on ecosystems [3]. Research indicates that over the
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coming decades, the primary threat to biodiversity will shift from habitat destruction to
global warming [4]. Under projected climate scenarios, plant populations with diminished
adaptive capacity in their native habitats typically shift to higher latitudes [5]. However,
the ability of species to adapt to climate change is limited. Without adaptation or successful
migration to suitable habitats, a part of or the entire population will face the risk of
extinction [6]. Therefore, it is essential to understand how global climate change affects the
potential geographic distribution of plants. Such knowledge supports the assessment of
plant responses to climate change and is valuable for species protection, utilization, and
sustainable development [7].

Species distribution models (SDMs) are extensively utilized in ecology and con-
servation science. Among various species distribution models, such as Bioclim (Bio-
climatic Prediction System), Domain, ENFA (Ecological Niche Factor Analysis), and
GARP (Genetic Algorithm for Rule-set Prediction) [8-11], the Maximum Entropy model
(MaxEnt) demonstrates superior performance [12,13]. This model exhibits high predic-
tive accuracy and robustness [14], proving particularly valuable for assessing climate
change impacts on species distributions and developing conservation strategies for threat-
ened taxa. Its applications span multiple domains, including forestry, agronomy, and
epidemiology [15-17]. MaxEnt is capable of predicting potential habitats and migration
routes for species. This information supports the development of targeted conservation
plans for endangered species. Although requiring fewer parameter adjustments than many
complex models, dedicated R packages (e.g., ENMeval, Kuenm) have been developed to
optimize default settings for enhanced predictive outcomes [18,19].

Eleutherococcus nodiflorus (Dunn) S. Y. Hu (formerly known as Acanthopanax gracilistylus
W.W.Sm.; E. gracilistylus and A. gracilistylus are synonyms) is a slow-growing understory
shrub occurring at elevations of 500-3000 m in broadleaf forests, mixed forests, and forest
fringes [20]. Its distribution is predominantly concentrated in central China (Hubei, Hunan),
eastern China (Jiangsu, Zhejiang, Anhui), and southern China (Guangdong, Guangxi) [21].
Its deep root system enhances soil erosion resistance and provides food resources for
wildlife. This species holds significant medicinal value: traditionally used to alleviate
symptoms of rheumatic pain and hepatic injury, its extracts have been shown by modern
pharmacological studies to exhibit anti-diabetic activity [22,23]. Due to the dual pressures
of human activities and climate change, coupled with its slow-growing characteristic in
forest understories, its wild populations have declined dramatically. Although belonging to
the same Araliaceae family as Panax quinquefolius and Panax notoginseng [24,25], fundamental
research on E. nodiflorus remains relatively limited. Therefore, identifying the potential dis-
tribution of this species under current and future climate scenarios is crucial for germplasm
conservation and utilization.

This study focuses on E. nodiflorus, employing both the MaxEnt model and ArcGIS
10.8.1 (Geographic Information Systems) to forecast its contemporary and future suitable
habitats. By analyzing the key bioclimatic variables that affect its geographic distribution,
we analyzed the spatial dynamics of suitable habitats to identify climate refugia and priority
conservation zones. The results elucidate the species’ ecological response pathways to
climate change, providing scientific foundations for germplasm conservation strategies.

2. Materials and Methods
2.1. E. nodiflorus Distribution Data Sources

We collected 204 distribution records of E. nodiflorus in China by querying the China
Virtual Herbarium (CVH) and the National Specimen Information Infrastructure of China
(NSII) [26,27]. Records with precise latitude and longitude coordinates were verified via
Google Maps [28], while geographic coordinates for partially incomplete records were
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supplemented [29]. To mitigate spatial autocorrelation effects, we employed a 5 km x 5 km
grid filtering protocol using ENMTools, eliminating duplicate or spatially proximal oc-
currence records. This process yielded 184 spatially independent occurrence records for
final analysis [30]. All occurrence records were converted to the degree-minute-second
format and stored as CSV files (Figure 1). The base map of China used for geographical
analysis was obtained from the Standard Map Service System of the Ministry of Natural
Resources [31] (Inspection number: GS (2024) 0650). Although field collections of E. nodi-
florus were made in Yaohai District (Hefei, Anhui), Huoshan County (Lu’an, Anhui), and
Hong’an County (Hubei) for experimental purposes, these materials were not prepared as
voucher specimens. All occurrence records used for modeling were derived from published
literature and online databases.
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Figure 1. Eleutherococcus nodiflorus (E. nodiflorus) occurrence locations in China.

2.2. Environmental Data

This study incorporated environmental variables (detailed specifications of these
variables are provided in Table S1), including contemporary and future climate data,
topographic factors, soil type datasets and human activity data. WorldClim provided
contemporary climate data [32], including 19 bioclimatic factors (Biol to Bio19), monthly
rainfall, and minimum /maximum temperature records, and average temperature records.
Specifically, monthly precipitation (prec1-12), average temperature (tavgl-12), maximum
temperature (tmax1-12), and minimum temperature (tmin1-12) each consist of 12 variables
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representing monthly values. Topographic factors (elevation, slope, and aspect) were ob-
tained from the Digital Elevation Model (DEM) data, while soil composition datasets came
from the Harmonized World Soil Database (HWSD). The human activity data was sourced
from the Resource and Environmental Science Data Platform (RESDC) [33]. Future climate
projections utilized model outputs based on the BCC-CSM2-MR model developed by the
Beijing Climate Center, within the framework of CMIP6 (Coupled Model Intercomparison
Project Phase 6) [34]. This study utilized climate data under two representative Shared
Socioeconomic Pathways (SSP1-2.6 and SSP5-8.5), representing a low-forcing sustainability
scenario and a high-forcing fossil-fuel-dependent scenario, respectively, for the periods
2021-2040, 2041-2060, 2061-2080, and 2081-2100. All environmental predictors (totaling 91)
were uniformly rescaled to 2.5 arc-minute spatial resolution. Before analyzing future shifts
in the spatial distribution of E. nodiflorus suitable habitat, we installed the SDMtoolbox and
employed its “Distribution Change” tool to analyze the direction and distance of habitat
change across periods and emission pathways.

To reduce multicollinearity-induced errors among environmental predictors, highly
correlated variables were systematically filtered by applying a Pearson correlation coef-
ficient threshold of Ir| < 0.8 and contribution rate > 0.3 [35]. Additionally, variables
with lower contributions but known ecological relevance were also included to ensure
comprehensive model interpretability. The following sequential procedure was imple-
mented to screen key variables from the initial 91 environmental variables for MaxEnt
modeling: (1) Integrate the 91 environmental variables with 184 occurrence records into the
MaxEnt model for preliminary runs and assess each variable’s contribution rate to model
performance; (2) Variable pairs with |r| < 0.8 were identified using ENMTools. Variables
meeting this threshold, and also showing a contribution value of at least 0.3 during the
first MaxEnt execution, were kept for further analysis [36]. This procedure yielded 12 envi-
ronmental variables for model building, tuning, and validation: November precipitation
(precll), January minimum temperature (tminl), temperature seasonality (bio4), vegeta-
tion classification (zbyl), aluminum saturation (alum_sat), June minimum temperature
(tmin6), calcium carbonate (eq), slope, August precipitation (prec8), aspect, gypsum content
(gypsum), and coarse fragments (coarse).

2.3. MaxEnt Model Development, Tuning, and Assessment

Current studies suggest that employing default settings in MaxEnt modeling may
yield suboptimal predictive performance [37]. Model accuracy and projection quality are
primarily governed through two critical parameters: the regularization multiplier (RM)
and feature class combinations (FC). To address the fact that different RM and FC pa-
rameter combinations lead to varying model outputs, we performed optimization with
the Kuenm package using R version 4.4.1 [38]. The package evaluates five fundamen-
tal feature classes: Threshold (T), Hinge (H), Product (P), Quadratic (Q), and Linear (L)
feature classes. Combinations of these feature classes yielded 31 distinct parameter set-
tings. The default configuration employs LQPH feature combinations. The regularization
multiplier (RM) was varied between 0.1 and 4.0 in steps of 0.5, generating eight discrete
parameter configurations. The Kuenm package evaluated 8 RM values and 31 FC configura-
tions, yielding 248 parameter combinations in total through tripartite performance metrics:
(1) statistical significance ROC (receiver operating characteristic) curve; (2) prediction
omission proportion; (3) and model complexity (Akaike information criterion corrected,
AlICc) [39].

The 12 environmental variables and the filtered occurrence records (CSV format)
were loaded into MaxEnt. Parameter settings were configured according to the optimized
model specifications. We configured the MaxEnt model with the following settings: 75% of
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occurrence records were used for training and 25% for testing (random test percentage).
The bootstrap method was used, with a maximum of 10,000 background points. A random
seed was enabled for reproducibility. The model ran 10 times, and outputs were generated
as logistic values [40].

The AUC (Area Under the Curve) quantifies the surface area beneath the receiver
operating characteristic curve, serving as a threshold-independent metric for evaluating
model accuracy [41]. AUC values fall between 0.5 to 1.0 and are widely adopted as a robust
performance indicator for species distribution model projections. AUC values ranging
from 0.5 to 0.6 indicate a failing model, 0.6-0.7 reflect poor accuracy, 0.7-0.8 represent
moderate accuracy, 0.8-0.9 demonstrate good performance, and 0.9-1.0 show excellent
performance [42]. This study employed AUC as the primary model evaluation metric.
Higher AUC values indicate stronger predictive importance of environmental variables
for E. nodiflorus distribution, concurrently reflecting enhanced discriminative ability and
predictive reliability of the model.

2.4. Data Preparation and Preprocessing for MaxEnt Modeling

Using ArcGIS 10.8.1, we partitioned and visualized potential suitable habitats for
E. nodiflorus to quantify area changes under current and future climate scenarios. The
MTSPS (Maximum Test Sensitivity Plus Specificity) threshold [43], which comes directly
from MaxEnt outputs, was then applied to distinguish suitable from non-suitable areas.
The averaged MaxEnt output in ASCII grid format was loaded into ArcGIS. In ArcGIS,
the reclassify tool categorized suitability as: non-suitable (0-MTSPS); low (MTSPS-0.5);
medium (0.5-0.7); high (0.7-1). Spatial distribution areas were quantified by calculating
pixel counts per suitability class in ArcGIS 10.8.1, converted to areal units using grid
resolution parameters.

Using ArcGIS, the potential suitable habitat of E. nodiflorus was dichotomized into:
non-suitable areas (0-MTSPS), and suitable habitat (MTSPS-1.0) for both current and fu-
ture climate projections [44,45]. The “Intersect tool” in ArcGIS was employed to conduct
spatial overlay analysis between current and future suitable habitats. Based on the overlay
results, future suitable habitats were grouped according to three change patterns: expand-
ing regions, shrinking regions, and stable regions. To quantify spatiotemporal shifts in
suitable habitat distribution, this study computed geometric centroids of habitat patches to
characterize directional displacement patterns. Given the assumed migration capacity of
E. nodiflorus, the ArcGIS Zonal Geometry tool was utilized to compute geometric centroids
across climate scenarios [46]. Spatial shifts of these centroids were analyzed to establish a
migration model, which quantifies displacement distance and direction of habitat cores,
with centroid dynamics reflecting range shift trajectories [47].

3. Results
3.1. Optimizing and Evaluating Model Performance

Under default parameters (FC = LQPH, RM = 1), the model yielded a mean AUC
ratio of 1.795. After optimization with the Kuenm package using FC = LQPT and
RM = 4, the mean AUC ratio increased to 1.803. Consequently, FC = LQPT and RM = 4 were
selected as the optimal parameters in final distribution modeling of E. nodiflorus (Figure 2).
Under optimized parameters, the MaxEnt AUC decreased from an initial 0.975 to 0.952 [48].
Although the AUC on the test set showed a minor reduction, the model’s generalization
capability increased (Table 1).
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Figure 2. Results of parameter optimization for the MaxEnt model. Note: AICc: Akaike information
criterion corrected for small sample sizes.

Table 1. Evaluating MaxEnt model performance with initial versus calibrated values.

Model Assessment Feature Set Regularization Factor Mean AUC Ratio AICc Score
Default LQPH 1 1.795 123.962
Optimized LQPT 4 1.803 0

Note: AUC: Area Under the receiver operating characteristic curve. Model performance metrics (mean AUC ratio
and AICc) are calculated directly from the MaxEnt outputs; as these are deterministic values rather than sample
estimates, statistical comparisons were not performed.

3.2. Impacts of Key Environmental Factors on E. nodiflorus Distribution

Based on contribution rates, November precipitation (prec11) and January minimum
temperature (tminl) emerged as the primary drivers for model construction, together
accounting for 83.5% of the total contribution. November precipitation was the dominant
factor, with a contribution rate of 66.0%. Other variables with lower contributions were
temperature seasonality (bio4, 6.1%), vegetation classification (zbyl, 2.8%), aluminum
saturation (alum_sat, 2.3%), minimum temperature in June (tmin6, 1.3%), calcium carbonate
(eq, 1.1%), slope (slp, 1.0%), August precipitation (prec8, 0.9%), aspect (asp, 0.5%), gypsum
content (gypsum, 0.3%), and coarse fragments (coarse, 0.2%). The Jackknife test showed
that precl1, tmin1, bio4, and tminé6 yielded the highest regularized training gain values
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when used alone (Figure 3; Table 2). Therefore, November precipitation, January minimum

temperature, temperature seasonality, and June minimum temperature were recognized as
the primary determinants of E. nodiflorus distribution.
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Figure 3. Jackknife test for variable importance in MaxEnt.
Table 2. Percent contribution.

Variable Code Environmental Variable Contribution/% Importance/%
precll November precipitation 66.0 26.2
tminl January minimum temperature 17.5 474

bio4 temperature seasonality 6.1 9.3
zbyl vegetation classification 2.8 1.9
alum_sat aluminum saturation 2.3 3.5
tmin6 June minimum temperature 1.3 1.0
eq calcium carbonate 1.1 47
slp slope 1.0 0.7
prec8 August precipitation 0.9 3.1
asp aspect 0.5 0.4
gypsum gypsum content 0.3 1.5
coarse coarse fragments 0.2 0.2
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Optimal conditions for E. nodiflorus survival occurred when November precipita-
tion ranged from 51.52 mm to 253.00 mm, January minimum temperature ranged from
—3.09 °C to 3.76 °C, temperature seasonality ranged from 660.24 to 925.18, and June mini-
mum temperature ranged from 18.52 °C to 22.69 °C or from 24.86 °C to 26.19 °C (Figure 4).
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Figure 4. Environmental predictors response curves for E. nodiflorus: (a) November precipitation
(precll), (b) January minimum temperature (tminl), (c) temperature seasonality (bio4), and (d) June
minimum temperature (tmin6). The orange dashed lines indicate the optimal ranges for each variable:
precll: 51.52-253.00 mm; tminl: -3.09 to 3.76 °C; bio4: 660.24-925.18; tmin6: 18.52-22.69 °C or
24.86-26.19 °C. The x-axis shows the variable value, and the y-axis shows the logistic probability
of presence (0 to 1), where values above 0.5 indicate favorable conditions for the species. Note:
the shaded areas indicate & one standard deviation (SD) of the mean response curves from the
10 replicate model runs.

3.3. Present Areas of E. nodiflorus

Under the contemporary climate conditions, the entire potentially suitable habitat
for E. nodiflorus across China (encompassing poor, moderate, and high suitability areas)
covers approximately 1.38 x 10° km?, representing approximately 14.36% of the nation’s
total land area. The habitat is predominantly located in central, eastern, and southern
China. High-suitability areas are predominantly located in southeastern China, specif-
ically southern Anhui, eastern Zhejiang, Jiangxi, Hunan, and Hubei. It covers roughly
5.26 x 10%* km?, representing about 0.55% of China’s total area. The moderate-suitability
habitat surrounds the high-suitability areas, covering provinces including Anhui, Jiangsu,
Hubei, Guizhou, and Guangdong. Its area is approximately 34.99 x 10* km?, covering
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around 3.64% of China’s entire area. The poor-suitability habitat covers provinces including
Henan, Shandong, Sichuan, Chongqing, and Shanxi, with a total area of approximately
97.98 x 10* km?, constituting around 10.18% of China’s total land area (Figure 5).
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Figure 5. Potential suitable range of E. nodiflorus under the current climate.

3.4. Suitable Distribution of E. nodiflorus for Future Climates

Under SSP1-2.6, total suitable habitat area for E. nodiflorus showed a sustained growth
trend. The high-suitability habitat exhibited the most pronounced expansion, with a
cumulative increase reaching 3.65 x 10* km? by the 2061-2080 period. In contrast, medium-
suitability and low-suitability habitats displayed significant instability, with their areas
gradually contracting over time following a period of initial short-term expansion. The ex-
pansion of suitable habitat became even more pronounced under the high-emission SSP5-8.5
scenario. Projections indicate that the total suitable habitat area will peak at 1.73 x 10° km?
during the 2021-2040 period—representing a 25.2% increase (34.87 x 10* km?) compared
to current conditions. Notably, high-suitability habitat shows the most dramatic expansion
under this pathway, reaching 4.54 x 10* km? by the 2061-2080 period with a 38.6% increase
(Figure 6; Figure S1). Linear regression analysis was used to test whether suitable habitat
area changed significantly over time. Under SSP1-2.6, the total suitable habitat area showed
no significant temporal trend (R?= 0.006, p = 0.893). Under SSP5-8.5, the trend was also not
significant (R? = 0.050, p = 0.719). For highly suitable habitat area (Figure 6b), an increasing
trend under SSP1-2.6 approached statistical significance (R? = 0.497, p = 0.083), while under
SSP5-8.5 the trend was not significant (R? = 0.687, p = 0.184).
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Figure 6. Trends in suitable habitat zones for E. nodiflorus under SSP1-2.6 and SSP5-8.5 across different
periods. (a) Stacked bar chart showing the area (x 10* km?) of low-, medium-, and high-suitability
habitat for each period and scenario (bar outlines are visual guides only). (b) highly suitable habitat
area only. Note: Statistical significance of temporal trends was assessed using linear regression. For
total suitable habitat area (a), no significant trend was detected under SSP1-2.6 (R? = 0.006, p = 0.8929)
or SSP5-8.5 (R? = 0.050, p = 0.7186). For highly suitable habitat area (b), the increasing trend under
SSP1-2.6 approached significance (R2 =0.497, p = 0.083), while no significant trend was found under
SSP5-8.5 (R? = 0.687, p = 0.184).

3.5. Future Redistribution of Suitable Areas for E. nodiflorus

For SSP1-2.6, expansion areas increased continuously from 5.06 x 10* km? in the
2021-2040 period to 11.67 x 10* km? by the 2061-2080 period, representing a net gain of
6.61 x 10* km?, and the no change areas consistently ranged between 1.30 x 10° km? and
1.37 x 10° km? across all periods. The contraction areas decreased from 12.98 x 10* km?
in the 2021-2040 period to 8.72 x 10* km? by the 2061-2080 period but would show a
significant rebound during the 2081-2100 period. Spatially, expansion was concentrated in
higher-latitude regions, with major gains occurring in the northern North China (the moun-
tainous areas of Hebei and Shanxi), Northeast China (Heilongjiang, Jilin), and Southwest
China (Yunnan, western Sichuan). The contraction primarily occurred in East, Central, and
South China, notably within the Yangtze River Delta (Shanghai, Nanjing, Hangzhou), the
Pearl River Delta (Guangzhou, Shenzhen), and coastal areas of Fujian Province (Figure S2).

For the high-emission pathway SSP5-8.5, expansion regions exhibited the most pro-
nounced changes, showing an initial decline followed by stabilization. The expansion areas
plummeted from 28.34 x 10* km? during the 2021-2040 period to 7.43 x 10* km? by the
2041-2060 period, then rebounded slightly and stabilized between 14.00 x 10* km? and
16.22 x 10* km?2. The stable areas showed minor fluctuations, consistently ranging from
1.39 x 10° km? to 1.45 x 10° km?. The coastal southeast China emerged as the primary
contraction zone, with habitat loss peaking at 7.10 x 10* km? during the 2041-2060 period
before gradually decreasing. Overall, the total suitable habitat displayed a northwestward
and higher-latitude shift.

3.6. Future Centroid Movement of Suitable Habitats

Under present-day climate conditions, the suitable habitat centroid of E. nodiflorus
lies in Xiangyin County (112.9091° E, 28.6901° N), Yueyang, Hunan, China. For SSP1-2.6
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and SSP5-8.5, the centroid shows a general northeastward shift over time, with notable
southwestward fluctuations during the 2041-2060 period under SSP1-2.6 (Figure 7).
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Figure 7. Centroid movement paths of E. nodiflorus habitats under future climate. (a) Location of
Hunan Province within China, showing the study area. (b) Expanded view of Hunan Province,
highlighting the three focal cities (Yueyang, Yiyang, and Changde), where centroid shifts were
observed. (c) Centroid migration trajectories under both SSP pathways (SSP1-2.6 and SSP5-8.5) for
the 2021-2040, 2041-2060, 2061-2080, and 2081-2100 periods.

4. Discussion
4.1. Model Performance

This study integrated MaxEnt with ArcGIS to project suitable habitat distributions
for E. nodiflorus. MaxEnt is widely adopted in species distribution modeling due to its
high predictive accuracy, minimal sample dependency, and operational stability [49]. To
enhance prediction accuracy, we implemented three key optimizations. Firstly, distribu-
tion records of E. nodiflorus were spatially filtered using ENMTools to reduce sampling
bias by eliminating points with high spatial autocorrelation. Secondly, 91 environmental
variables comprising climate, soil, terrain, and human activity data were evaluated to com-
prehensively predict suitable habitat. We removed variables exhibiting absolute pairwise
correlations > 0.8 to prevent multicollinearity-induced overfitting. Finally, feature combina-
tions and regularization parameters were optimized using the Kuenm package, effectively
mitigating overfitting while improving the predictive accuracy and dependability from the
MaxEnt model. The optimized model reached an AUC of 0.952, proving highly reliable
predictions. Furthermore, the MTSPS method used here offers a fuller evaluation of suitable
habitat for E. nodiflorus, integrating both model accuracy and environmental dynamics. In
contrast, the natural breaks classification method relies solely on algorithmic calculations
lacking flexibility. Thus, the MTSPS approach demonstrates broader applicability.
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4.2. The Influence of Key Environmental Variables on the Distribution of E. nodiflorus

Research has demonstrated that precipitation and temperature are two major climatic
drivers shaping species distribution and forest ecosystem characteristics [50,51]. The results
indicate that November precipitation and January minimum temperature are the most
important environmental variables shaping the geographic distribution of E. nodiflorus,
while temperature seasonality and June minimum temperature also constitute critical de-
terminants of its distribution patterns. Model analysis indicates that within a specific range,
the growth probability of E. nodiflorus exhibits a positive correlation with precipitation.
Optimal growth occurs when November precipitation exceeds 51.52 mm. For January
minimum temperatures, the species shows peak suitability within the range of —3.09 to
3.76 °C, reaching its maximum growth probability at 3.31 °C followed by a declining trend.
These results indicate that precipitation mainly affects the growth and distribution of E.
nodiflorus, whereas temperature constrains its range limits. Furthermore, model projections
indicate optimal survival conditions for E. nodiflorus occur within specific thermal ranges:
temperature seasonality between 660.24 to 925.18, and June minimum temperatures of
18.52-22.69 °C or 24.86-29.29 °C. This indicates that climate factors exert a specific effect on
plant distribution. Although soil and terrain variables were included in the model, their
combined contribution was relatively minor, further underscoring the importance of water
availability to the growth of E. nodiflorus.

4.3. Climate-Driven Responses in the Distribution of E. nodiflorus

Global Climate change is modifying temperature and precipitation patterns, necessitat-
ing species migration to novel habitats in response to degradation of original habitats [52].
Research indicates that numerous species will shift toward higher latitudes or elevations to
adapt to climatic shifts [53]. To elucidate the response mechanisms of montane species, this
study focuses on E. nodiflorus, simulating future habitat dynamics within its suitable ranges
under projected scenarios.

Under current climatic conditions, E. nodiflorus is predominantly distributed across
Hunan, Zhejiang, Anhui, Jiangxi and Hubei provinces. Model projections reveal the species’
high sensitivity to variations in moisture and temperature. Against the backdrop of future
warming and elevated greenhouse gas concentrations, its range is projected to shift toward
coastal zones. This coastal redistribution likely correlates with higher precipitation levels
in littoral regions. Analysis of future habitat suitability suggests expansion potential in
southwestern China, a phenomenon potentially resulting from the region’s topographic
complexity at higher elevations.

For the SSP1-2.6 scenario, the potentially suitable habitat area demonstrates sig-
nificant expansion by the 2061-2080 period, followed by an abrupt contraction in the
2081-2100 period, primarily concentrated in Yunnan Province. This pattern reveals that
climate change impacts on species’ suitable habitats manifest not as simple linear reduc-
tions but through dynamic nonlinear trajectories. Conversely, under the SSP5-8.5 pathway,
continuous decline in suitable habitat area occurs, with pronounced contractions focused
in the contiguous region spanning Guangxi, Guangdong, and Fujian provinces. Never-
theless, across all scenarios, highly suitable habitats persist in southwestern Hubei and
Hunan, as well as southern Anhui and eastern Zhejiang provinces. Geographic areas
maintaining relatively stable habitats with low climate vulnerability supply ideal natural
habitats for species to survive and reproduce. Consequently, spatial overlap of suitable
distributions between present and future climates qualifies as priority refugia [54]. Based
on these findings, southwestern Hubei-Hunan and southern Anhui-eastern Zhejiang are
projected to function as critical climate refugia. Furthermore, under SSP1-2.6 conditions,
the centroid movement path follows a northeast — southwest — southeast — northeast
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pathway. Conversely, under SSP5-8.5, the centroid traverses a northeast — southwest
— northeast — southeast route. Both pathways ultimately converge in eastern Hunan
Province, confirming its capacity to function as a persistent climate refugia.

4.4. Conservation Strategies and Recommendations

Research on species geographic distributions holds critical significance for conser-
vation planning [55]. This study shows that highly suitable habitats for E. nodiflorus will
persist in Hunan (distribution centroid), Hubei, Zhejiang, and Anhui provinces, forming
key climate refugia. These areas should be designated as interprovincial core reserves,
with canopy management strategies implemented to maintain native habitat integrity. For
climate-driven range expansion zones (e.g., Chongqing and Shanxi), integrated measures
combining assisted migration and in situ restoration are imperative. In severely degraded
Yunnan regions, priority should be given to establishing germplasm repositories with cry-
opreservation to rescue endemic genetic diversity. By enhancing germplasm conservation
efficacy and ecological rehabilitation efficiency, this framework synergistically strengthens
ecosystem barrier functions while promoting sustainable utilization of medicinal resources.

4.5. Constraints and Future Directions

A few limitations of this study should be acknowledged. Species distribution model
predictions rely heavily on the integrity of input occurrence data. The occurrence records
used in this study were primarily obtained from public databases, including the National
Specimen Information Infrastructure of China (NSII) and the Chinese Virtual Herbarium
(CVH). These data inherently suffer from data bias, as collection records are clustered in
areas accessible to humans (e.g., along roads, near towns, and within nature reserves),
while the species may occur in remote or inaccessible regions without being documented.
Such sampling bias may bias habitat suitability predictions upward or downward in certain
areas. Although this limitation cannot be fully resolved given the current data availability,
future studies should integrate systematic field surveys to supplement distribution records
from undersampled regions, thereby improving the reliability of model predictions.

5. Conclusions

Results indicate that November precipitation and January minimum temperatures
constitute critical constraining factors determining the growth performance and distribution
patterns of E. nodiflorus. The potential habitats of E. nodiflorus are predominantly distributed
across central, eastern, and southern China. Under projected climate scenarios, the total
suitable habitat shows a decreasing trend, while the area of high-suitability zones shows
consistent expansion. Significantly, the southwestern Hubei-Hunan border region and the
southern Anhui-eastern Zhejiang zone are identified as pivotal climatic refugia, sustaining
consistently high habitat suitability throughout all time periods. This study reveals how
subtropical forest plants respond to climate change and the formation mechanism of refugia,
offering a theoretical foundation for the maintenance of biodiversity of sympatric species
and the planning of priority conservation areas.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/£17070854/s1, Figure S1: Suitable habitat distribution of Eleuthe-
rococcus nodiflorus (E. nodiflorus) under different future climate scenarios (SSP1-2.6 and SSP5-8.5) across
four future periods (2021-2040, 2041-2060, 2061-2080, 2081-2100) (a—h); Figure S2: Spatial pattern
changes in the potential suitable habitats of E. nodiflorus under SSP1-2.6 and SSP5-8.5 across four
future periods (2021-2040, 2041-2060, 2061-2080, 2081-2100) (a—h); Table S1: Detailed information on
the 91 environmental variables.
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