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Abstract

Camellia osmantha is an economically valuable woody oil plant with increasing cultivation
in southern China, yet its potential distribution under climate change remains poorly
understood. Here, we used an optimized MaxEnt model with 27 occurrence points and
11 environmental variables (retained from 27 candidate predictors via correlation filtering
and MaxEnt-based contribution and permutation importance) to predict its potential
distribution in Guangxi under current and future climate scenarios (2050s, 2090s; SSP126,
SSP370, SSP585). The model demonstrated acceptable predictive performance (training
AUC = 0.7784, test AUC = 0.6935) with the test AUC falling within the acceptable/fair range
(0.6–0.7) according to standard evaluation criteria. The dominant drivers were available
water capacity (24.3%), altitude (24.1%), and temperature annual range (21.9%), with
suitability declining when AWC exceeded 3.0, altitude exceeded 543 m, or bio7 fell below
23.06 ◦C. Current suitable habitats cover 18.53 × 104 km2 (89.7% of Guangxi), with high
suitability areas concentrated in the northeast and southwest. Under future scenarios, total
suitable area remained stable (−1.2% to +3.2%), while high suitability areas expanded under
SSP370/SSP585 (+39.0%/+41.1%) and contracted under SSP126 (−30.3%) by 2090s; centroid
shifts were limited (2.95–14.93 km), with core habitats remaining in central Guangxi. These
findings provide a quantitative basis for conservation and sustainable cultivation strategies
for this species under climate change, and highlight the importance of soil water availability
alongside topographic and climatic factors in shaping its distribution.

Keywords: MaxEnt model; Camellia osmantha; environmental factors; potential suitable
habitat

1. Introduction
Camellia osmantha (Theaceae) is an economically valuable woody oil plant native to

southern China and northern Vietnam. First identified as a new oil-tea camellia species
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in Nanning, Guangxi, in 2012 [1], it is distinguished by its aesthetically pleasing tree
form, leathery oblong leaves, and white flowers [2] with pale red spots that bloom from
autumn to winter (October to December) [2,3]. Compared with common oil-tea camellia,
Camellia osmantha produces larger, strongly fragrant flowers [2], earning it the Chinese
name “Xianghua Youcha” (Fragrant Oil-Tea Camellia) and highlighting its ornamental
value. The species thrives in warm, sunny environments with acidic red soils, preferring
elevations below 500 m and mean annual temperatures of 15–20 ◦C, and exhibits strong
stress tolerance, withstanding extreme minimum temperatures above 0 ◦C [1]. Beyond
tea oil production—its seeds are rich in unsaturated fatty acids, making it a high-quality
edible oil crop [4]—its wood is suitable for furniture making, and its flowers can be used
for essential oil extraction. Ecologically, it contributes to soil and water conservation and
air purification. Owing to its rapid growth, early fruiting, and excellent stress resistance,
Camellia osmantha has been designated as a nationally promoted oil-tea camellia variety [5].
Its conservation and yield improvement are of strategic importance for the edible oil
industry and for sustainable forestry development in southern China.

Since the 20th century, rising greenhouse gas emissions have driven significant in-
creases in global average temperatures [5], triggering a cascade of environmental changes
that affect ecosystems, biodiversity, and species distributions [5,6]. Understanding the
ecological niche of a species—the combination of environmental conditions under which it
can persist—is fundamental for predicting its response to climate change and for guiding
sustainable cultivation [7]. As a typical environmentally sensitive species, the geographical
distribution of Camellia osmantha is regulated by multiple interacting ecological factors,
including climate, topography, and soil properties. Studies indicate that Camellia osmantha
predominantly inhabits relatively humid and cool environments in southern China [1].
However, under current warming trends, low-latitude regions such as southern China may
face the dual pressures of heat accumulation and increased aridity, potentially threatening
the survival of Camellia osmantha [8]. Consequently, its suitable habitat is expected to
shift northward along latitudinal gradients and expand vertically to higher elevations [9].
Nevertheless, non-temperature factors, such as water availability and soil development,
may impose new constraints on growth in these higher-latitude and higher-altitude regions,
making the magnitude and direction of such shifts uncertain. Understanding these poten-
tial shifts, particularly the stability of the species’ core suitable areas, is therefore critical for
developing long-term conservation and cultivation strategies.

Predicting species’ potential distributions has become a central focus in ecological
research, particularly for economically valuable plants facing climate change [8,9]. Species
Distribution Models (SDMs) are widely used to project the potential geographical ranges
and ecological requirements of species under different climate scenarios [10]. By linking
abiotic factors (e.g., climate and topography) with biotic data (species occurrence records),
SDMs can identify key environmental drivers and project potential distributions, deepening
our understanding of the mechanisms underlying species distributions and their responses
to environmental change [11,12]. These models thus provide a scientific foundation for
developing effective management and conservation strategies [13]. Among the various
SDM algorithms, MaxEnt is one of the most widely adopted, owing to its superior perfor-
mance in handling data bias, its ability to produce reliable predictions with relatively small
sample sizes, and its flexibility in accommodating diverse environmental datasets [14,15].
Compared with other niche models such as GARP and CLIMEX, MaxEnt offers significant
advantages in data adaptability: it requires only species presence records and yields robust
predictions even when correlations between occurrence points and environmental variables
are weak [16]. These characteristics make MaxEnt particularly suitable for modeling species
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with limited distribution records, and it is now routinely applied in studies predicting
species’ potential ranges [17].

In this study, we used Guangxi Zhuang Autonomous Region, the primary cultivation
region of Camellia osmantha in China, as a case study to investigate the species’ habitat
suitability and ecological niche characteristics under current and future climate scenarios.
Integrating field survey data with high-resolution environmental variables, we constructed
an optimized MaxEnt model with four specific objectives: (1) to identify the key environ-
mental factors influencing the distribution of Camellia osmantha and quantify their relative
contributions; (2) to determine the optimal ranges and limiting thresholds of these factors
based on response curves; (3) to characterize changes in suitable habitat area under future
climate scenarios (SSP126, SSP370, and SSP585); and (4) to analyze the direction and tra-
jectory of centroid shifts in highly suitable habitats under future conditions compared to
the present. The findings are expected to provide a scientific basis for improving Camellia
osmantha yield and maximizing its economic benefits, while also offering insights and
methodological references for the sustainable management of other woody oil plant species
in subtropical regions under global climate change.

2. Data Sources and Methods
2.1. Study Area Overview

Guangxi Zhuang Autonomous Region (20◦54′–26◦24′ N, 104◦26′–112◦04′ E) is located
in southern China [18]. The region features a stepped terrain descending from northwest to
southeast, with widespread karst landforms, a dense river network, and the Xi River system
flowing through its central part. Guangxi has a subtropical monsoon climate, with mean
annual temperatures of 20–23 ◦C and annual precipitation of 1200–2000 mm [19]. However,
precipitation is seasonally uneven, with hot, humid, and rainy summers contrasting with
mild, dry winters. These geographical and climatic conditions support diverse subtropical
agriculture and forestry, making Guangxi an ideal region for cultivating Camellia osmantha
and for conducting habitat suitability modeling.

2.2. Source and Processing of Camellia osmantha Distribution Data

The plot distribution data for Camellia osmantha in Guangxi were obtained through
manual field collection. Investigators employed systematic sampling at regular intervals
within the species’ distribution range in Guangxi, collecting a total of 27 occurrence points.
Based on the buffer tool functionality in the ArcGIS 10.8 platform, this study applied a 5 km
buffer distance to filter these records—a threshold exceeding the 1-km resolution of the
environmental data to ensure spatial independence [20]. All 27 collected points satisfied
this buffer criterion and were retained for MaxEnt modeling, effectively mitigating spatial
autocorrelation and model overfitting. The verified set of distribution points ensured the
representativeness of the samples within the study area. The data were saved in .csv format
as required by the MaxEnt model for later use [17].

2.3. Environmental Data Acquisition and Preprocess

This study initially compiled 27 environmental variables, comprising 19 climatic
variables, 3 topographic variables, and 5 soil variables (Table 1). Climate data for three
periods were selected: the baseline period (1970–2000), mid-century (2041–2060), and
late-century (2081–2100). Climatic variables were downloaded from the global climate
database WorldClim 2.1 (https://www.worldclim.org/) at a resolution of 30 arc-seconds
(≈1 km) [21]. For future projections, climate data under three Shared Socioeconomic
Pathways (SSP) from the BCC-CSM1-1 model were used [22]: SSP126 (low greenhouse gas
emissions concentration), SSP370 (medium greenhouse gas emissions concentration), and
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SSP585 (high greenhouse gas emissions concentration). Topographic data were derived
from a 30 m resolution Digital Elevation Model (DEM) provided by the Geo-spatial Data
Cloud platform (http://www.gscloud.cn/) [23]. Derived topographic parameters such as
slope and aspect were extracted through spatial analysis. Soil property data were obtained
from the Harmonized World Soil Database (https://www.fao.org/) [24], with attributes
for the topsoil (0–30 cm) and subsoil (30–100 cm) layers identified by the prefixes “t_” and
“s_”, respectively. All environmental variables were processed through uniform projection
and resampling to construct a complete spatial dataset for model analysis.

Table 1. Environmental Factors.

Factor Type Code Environmental Factor Description Unit

Climate

bio1 Annual Mean Temperature ◦C
bio2 Mean Diurnal Range ◦C
bio3 Isothermality ◦C
bio4 Temperature Seasonality ◦C
bio5 Max Temperature of Warmest Month ◦C
bio6 Min Temperature of Coldest Month ◦C
bio7 Temperature Annual Range ◦C
bio8 Mean Temp of Wettest Quarter ◦C
bio9 Mean Temp of Driest Quarter ◦C

bio10 Mean Temp of Warmest Quarter ◦C
bio11 Mean Temp of Coldest Quarter ◦C
bio12 Annual Precipitation mm
bio13 Precipitation of Wettest Month mm
bio14 Precipitation of Driest Month mm
bio15 Precipitation Seasonality %
bio16 Precip of Wettest Quarter mm
bio17 Precip of Driest Quarter mm
bio18 Precip of Warmest Quarter mm
bio19 Precip of Coldest Quarter mm

Topography
ALT altitude m
ASP aspect ◦

SLO slope ◦

Soil

AWC Available Water Capacity Class
s_ph Subsoil pH pH
s_oc Subsoil Organic Carbon %
t_oc Topsoil Organic Carbon %
t_ph Topsoil pH pH

To reduce interference from auto-correlation among environmental factors and avoid
over fitting caused by high correlation between variables [25], we conducted a systematic
two-step variable screening procedure prior to final model construction:

Step1: Preliminary screening based on percent contribution. All 27 variables were first
imported into MaxEnt with default settings to obtain initial percent contribution values.
Variables with initial contribution < 1% were excluded due to their negligible explanatory
power for the distribution of Camellia osmantha.

Step2: Correlation-based screening using permutation importance. For the remaining
variables, a Pearson correlation matrix was calculated. Among variable pairs with |r| > 0.8,
the variable with the lower permutation importance was excluded, following the principle
of retaining the more ecologically influential predictor.
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2.4. MaxEnt Model Construction and Parameter Optimization

The MaxEnt model, based on the principle of maximum entropy, is a widely used
species distribution prediction model. Its core advantage lies in its ability to estimate niche
parameters without requiring species absence data. This model can not only analyze the
potential distribution pattern of a species under current environmental conditions but
also predict the dynamic changes in the species’ suitable habitat within the study area
under future climate scenarios. For optimizing the MaxEnt model, we used the ENMeval R
package [26]. We tested regularization multipliers (RM) from 0.5 to 6.0 (increments of 0.5)
and all feature class (FC) combinations. The optimal parameter combination was selected
based on the lowest AICc (delta.AICc = 0). Model settings included: 10,000 background
points; background extent defined as the Guangxi administrative boundary; no bias file
used, as the 5 km spatial thinning adequately minimized spatial clustering [27]; clamping
enabled; extrapolation disabled. The final optimized model was run with 10 bootstrap
replicates, a 75%/25% training-test split using random partitioning (spatial blocking was
not feasible given n = 27) [28], logistic output format, and 5000 maximum iterations [29].

2.5. MaxEnt Model Evaluation and Analysis

Model accuracy was assessed using the Area Under the Curve (AUC) value from
Receiver Operating Characteristic (ROC) curve analysis [30]. The AUC value ranges from 0
to 1; generally, a higher AUC value indicates better predictive performance of the MaxEnt
model. The model evaluation criteria are as follows: Fail (AUC 0–0.6), Poor (AUC 0.6–0.7),
Fair (AUC 0.7–0.8), Good (AUC 0.8–0.9), and Excellent (AUC 0.9–1.0) [31].

2.6. Suitability Classification of Camellia osmantha

This study utilized the spatial analysis tools (Spatial Analyst Tools) in ArcGIS 10.8 to
classify the suitability levels of Camellia osmantha habitats generated by the MaxEnt model.
The specific workflow was as follows: First, the model’s output in Logistic format was
imported into ArcGIS 10.8. Subsequently, the suitability values predicted by MaxEnt were
reclassified using the Natural Breaks (Jenks) method, which identifies optimal class bound-
aries by minimizing within-class variance and maximizing between-class variance [32,33].
This data-driven approach ensures that the classification reflects the natural distribution of
suitability values rather than relying on arbitrary thresholds. The resulting suitability map
was divided into four categories: non-suitable, low suitability, moderate suitability, and
high suitability.

2.7. Centroid Migration Trajectory of Camellia osmantha

This study extracted the spatial centroid coordinates of high suitability areas (suit-
ability probability > 0.8) for both the current period and future scenarios (2050s, 2090s).
Using the Mean Center tool in ArcGIS 10.8, the dynamic changes in centroid positions
under three emission scenarios (SSP126, SSP370, and SSP585) were compared to analyze
the trends in high suitability areas for Camellia osmantha. In brief, the suitability areas of
Camellia osmantha were condensed into vector points. By observing the positional changes
of these centroids across different periods, the spatial migration trajectory of the species’
suitable habitats over time was delineated [34].

3. Results and Analysis
3.1. Environmental Variable Screening Results

Based on the initial MaxEnt model runs with all 27 environmental variables and the
Pearson correlation coefficients among all 27 variables (Figure S1), the initial 27 environ-
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mental variables were reduced to a final set of 11 predictors for the optimized MaxEnt
model (Table 2) by the two-step screening procedure.

Table 2. Screening results of the 27 initial environmental variables based on the two-step proce-
dure (contribution < 0.5% exclusion; |r| > 0.8 and lower permutation importance exclusion). The
15 retained variables are shown in bold and variable abbreviations are listed in Table 1.

Variable Percent
Contribution (%)

Permutation
Importance (%)

Screening
Outcome Retention/Exclusion Criterion

ALT 12.5 12.5 Retained Contribution ≥ 1%, |r| ≤ 0.8
bio7 11.7 11.5 Retained Contribution ≥ 1%, |r| ≤ 0.8
ASP 10.1 3.0 Retained Contribution ≥ 1%, |r| ≤ 0.8

AWC 9.8 13.7 Retained Contribution ≥ 1%, |r| ≤ 0.8
SLO 9.1 5.4 Retained Contribution ≥ 1%, |r| ≤ 0.8
bio19 7.8 4.3 Retained Contribution ≥ 1%, |r| ≤ 0.8
bio8 5.0 5.3 Retained Contribution ≥ 1%, |r| ≤ 0.8
bio2 4.4 4.3 Retained Contribution ≥ 1%, |r| ≤ 0.8
t_oc 3.1 2.1 Retained Contribution ≥ 1%, |r| ≤ 0.8

bio16 2.6 2.7 Retained Contribution ≥ 1%, |r| ≤ 0.8
s_ph 2.1 2.6 Retained Contribution ≥ 1%, |r| ≤ 0.8
bio5 6.4 10.2 Excluded |r| > 0.8 with altitude (12.5)
bio4 5.9 9.4 Excluded |r| > 0.8 with bio7 (11.5)
bio9 1.8 1.4 Excluded |r| > 0.8 with bio8 (5.3)

bio15 2.0 3.1 Excluded |r| > 0.8 with bio19 (4.3)
bio17 1.9 2.9 Excluded |r| > 0.8 with bio19 (4.3)
t_ph 0.7 1.2 Excluded Contribution < 1%
s_oc 0.6 0.5 Excluded Contribution < 1%
bio3 0.5 1.4 Excluded Contribution < 1%

bio14 0.4 0.2 Excluded Contribution < 1%
bio10 0.3 0.2 Excluded Contribution < 1%
bio13 0.3 1.0 Excluded Contribution < 1%
bio18 0.2 0.5 Excluded Contribution < 1%
bio12 0.2 0 Excluded Contribution < 1%
bio1 0.2 0.7 Excluded Contribution < 1%

bio11 0.2 0 Excluded Contribution < 1%
bio6 0 0 Excluded Contribution < 1%

Three variables with initial percent contribution < 1% were excluded: t_ph, s_oc, bio3,
bio14, bio10, bio13, bio18, bio12, bio1, bio11, and bio6. For the remaining variables, a
Pearson correlation matrix was calculated. Then, among variable pairs with |r| > 0.8, the
variable with the lower permutation importance was excluded. This resulted in the removal
of five variables: bio5 (with ALT), bio4 (with bio7), bio9 (with bio8), bio15 (with bio19),
and bio17 (with bio19). Hence, the 11 retained variables were: altitude (ALT), Temperature
Annual Range (bio7), aspect (ASP), Available Water Capacity (AWC), slope (SLO), Precip
of Coldest Quarter (bio19),Mean Temp of Wettest Quarter (bio8), Mean Diurnal Range
(bio2), Topsoil Organic Carbon (t_oc), Precip of Wettest Quarter (bio16), and Subsoil pH
(s_ph). (Table 2) and all retained variables satisfied the collinearity threshold of |r| ≤ 0.8
(Figure 1).
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Figure 1. Pearson correlation matrix of the 11 retained environmental variables. Color intensity
represents the strength and direction of correlations. All pairwise correlations satisfy |r| ≤ 0.8,
confirming no multicollinearity among predictors. Variable abbreviations are listed in Table 1.

3.2. Model Accuracy Evaluation

Following parameter optimization via ENMeval, the optimal parameter combination
selected was RM = 3.5 and FC = LQHPT (delta.AICc = 0). The complete parameter testing
results are provided in Table S1 (Supplementary Materials).

The optimized model achieved a mean training AUC of 0.7784 and a mean test AUC of
0.6935 across 10 bootstrap replicates, falling within the “fair” to “good” range for training
AUC (0.7–0.8) and the “acceptable” range for test AUC (0.6–0.7) and indicating satisfactory
predictive ability (Figure 2). By comparison, the unoptimized default model (RM = 1.0,
FC = LQHPT) produced a training AUC of 0.9131 but with a substantially larger training-
test AUC gap (0.1720 vs. 0.0849 for the optimized model) and highly variable contribution
patterns across replicates, symptoms characteristic of severe overfitting. The optimized
model exhibited a reduced training-test gap and more consistent variable selection, confirm-
ing that regularization effectively penalized overly complex response surfaces (Table 3).

Among the 11 retained variables, available water capacity (AWC) showed the highest
contribution (24.3%), followed by altitude (ALT) (24.1%) and temperature annual range
(bio7) (21.9%) (Table 4). The cumulative contribution of these top three variables reached
70.3%, indicating that soil water availability, topographic elevation, and temperature
seasonality were the primary drivers shaping the species’ distribution. ALT and bio7 also
exhibited the highest permutation importance (24.1% and 26.7%, respectively), confirming
their decisive roles. In contrast, bio2 and bio16 showed negligible contributions (<1%) in
the optimized model, suggesting their limited influence on habitat suitability within the
study area after accounting for the dominant predictors.
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Figure 2. Receiver Operating Characteristic (ROC) curves for the optimized MaxEnt model (RM = 3.5,
FC = LQHPT). The red curve represents the mean training AUC (0.7784) with the light red band
indicating ± one standard deviation (SD); the blue curve represents the mean test AUC (0.6935)
with the light blue band indicating ± one SD. The gray dashed diagonal line indicates the random
prediction baseline (AUC = 0.5).

Table 3. Performance comparison between default and optimized MaxEnt models.

Model RM FC Training AUC Test AUC AUC Gap

Default (unoptimized) 1.0 LQHPT 0.9131 0.7411 0.1720
Optimized (selected) 3.5 LQHPT 0.7784 0.6935 0.0849

Table 4. Percent contribution and permutation importance of the 11 retained environmental variables
from the optimized MaxEnt model (RM = 3.5, FC = LQHPT). Variables are ordered by percent
contribution.

Variable Category Percent Contribution (%) Permutation Importance (%)

AWC Soil 24.3 16.3
ALT Topography 24.1 24.1
bio7 Climate 21.9 26.7
ASP Topography 10.6 13.1
s_ph Soil 7.0 5.9
bio8 Climate 3.9 7.1
bio19 Climate 3.6 1.1
SLO Topography 3.5 3.6
t_oc Soil 1.1 1.9

bio16 Climate 0 0.1
bio2 Climate 0 0.1
Total — 100 —
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3.3. Threshold Analysis of Key Environmental Variables

The optimal ranges and limiting thresholds for the top three environmental variables
(AWC, ALT, and bio7) are summarized in Table 5 and visualized in Figure 3. Among these,
Available water capacity (AWC) exhibited an optimal range of −0.5 to 3.0, with suitability
declining above 3.0 (Figure 3a). Altitude (ALT) showed an optimal range of 0–543 m,
with suitability falling below 0.5 above 543 m (Figure 3b). Temperature annual range
(bio7) displayed a monotonic increasing response, with suitability exceeding 0.5 above
23.06 ◦C and falling below 0.5 below this threshold(Figure 3c). These threshold values
indicate that habitat suitability is primarily constrained by soil water capacity, elevation,
and temperature seasonality within the studied range and provide quantitative criteria for
identifying potential cultivation areas and for assessing the species’ vulnerability under
future climate change.

Table 5. Optimal ranges and limiting thresholds for the top three ranked environmental variables
shaping the distribution of Camellia osmantha, derived from optimated MaxEnt response curves.

Environmental Variable Unit Optimal Range Threshold (Suitability < 0.5)

Available water capacity (AWC) Class −0.5–3.0 >3.0
Altitude (ALT) m 0–543 >543

Temperature annual range (bio7) ◦C ≥23.06 <23.06

(a) (b) (c) 

Figure 3. Response curves for the top three ranked environmental variables from the optimized
MaxEnt model (RM = 3.5, FC = LQHPT): (a) available water capacity, (b) altitude, and (c) temperature
annual range (bio7). The red curves represent the mean logistic output. The horizontal dashed line at
suitability = 0.5 indicates the reference threshold for habitat classification. The vertical dashed lines
indicate the limiting thresholds: awc_class > 3.0, altitude > 543 m, and bio7 < 23.06 ◦C (monotonic
increasing response). Variable abbreviations: AWC = available water capacity; ALT = altitude;
bio7 = temperature annual range.

3.4. Potential Suitable Habitat Distribution Characteristics of Camellia osmantha Under
Contemporary Climatic Conditions

The potential distribution patterns of Camellia osmantha under current climatic con-
ditions, predicted by the optimized MaxEnt model, are shown in Figure 4. Based on the
classification thresholds (non-suitable: 0–0.4, low suitability: 0.4–0.6, moderate suitability:
0.6–0.75, high suitability: 0.75–1.0), the area of each suitability class was calculated using
ArcGIS 10.8.
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Figure 4. Potential suitable habitat distribution of Camellia osmantha under current climatic conditions
in Guangxi. High suitability areas are concentrated in the northeast and southwest, moderate
suitability areas cover most of the central, northern, eastern, and southern regions, and non-suitable
areas are mainly in the west.

Under current climatic conditions, the total suitable habitat area (including low, mod-
erate, and high suitability) is 18.53 × 104 km2. The high suitability areas account for
6.69 × 104 km2, representing 32.4% of the total study area; the moderate suitability areas
cover 7.05 × 104 km2 (34.1%); and the low suitability areas comprise 4.79 × 104 km2 (23.2%).
The non-suitable areas occupy 2.13 × 104 km2, accounting for 10.3% of the total study area
(Table 6).

Table 6. Areas and proportions of different suitability classes for Camellia osmantha under current
climatic conditions.

Suitability Class Threshold Range Area (×104 km2) Percentage (%)

Non-suitable 0–0.4 2.13 10.3
Low suitability 0.4–0.6 4.79 23.2

Moderate suitability 0.6–0.75 7.05 34.1
High suitability 0.75–1.0 6.69 32.4

Total suitable (Low + Moderate + High) - 18.53 89.7
Total study area - 20.66 100

The distribution of suitable habitats exhibits notable spatial heterogeneity (Figure 4).
Spatially, high suitability areas are predominantly distributed in the northeastern and
southwestern parts of Guangxi, while moderate suitability areas cover approximately
two-thirds of the region, extending across the northern, central, eastern, and southern areas.
low suitability areas are scattered throughout Guangxi, and non-suitable areas are mainly
concentrated in the western part of the study region (Figure 4). This distribution pattern
indicates that Camellia osmantha exhibits a broad potential distribution across Guangxi, with
high-quality habitats concentrated in specific sub-regions, reflecting the species’ preference
for particular environmental conditions.

https://doi.org/10.3390/su18157721
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3.5. The Evolution Characteristics of Potential Suitable Habitats for Camellia osmantha in
Response to Climate Change

The potential distribution patterns of Camellia osmantha under future climate scenarios
(2050s and 2090s; SSP126, SSP370, and SSP585) are shown in Figure 5, with the area of each
suitability class summarized in Table 7.

 
(a) (d) 

 
(b) (e) 

 
(c) (f) 

Figure 5. Potential suitable habitat distribution of Camellia osmantha under future climate scenarios:
(a–c) SSP126, SSP370, and SSP585 in the 2050s, and (d–f) SSP126, SSP370, and SSP585 in the 2090s.
Suitability levels are classified as non-suitable (0–0.4), low suitability (0.4–0.6), moderate suitability
(0.6–0.75), and high suitability (0.75–1.0).
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Table 7. Areas of different suitability classes for Camellia osmantha under current and future climate
scenarios (×104 km2). Values in parentheses indicate percentage change relative to the current period.

Scenario Period Non-Suitable Low Suitability Moderate Suitability High Suitability Total Suitable

Current — 2.13 4.79 7.05 6.69 18.53

SSP126
2050s 1.97 (−7.5%) 4.59 (−4.2%) 7.08 (+0.4%) 7.03 (+5.1%) 18.70 (+0.9%)
2090s 2.36 (+10.8%) 5.83 (+21.7%) 7.82 (+10.9%) 4.66 (−30.3%) 18.31 (−1.2%)

SSP370
2050s 1.99 (−6.6%) 4.52 (−5.6%) 6.79 (−3.7%) 7.37 (+10.2%) 18.68 (+0.8%)
2090s 1.57 (−26.3%) 3.47 (−27.6%) 6.32 (−10.4%) 9.30 (+39.0%) 19.09 (+3.0%)

SSP585
2050s 1.83 (−14.1%) 4.33 (−9.6%) 7.04 (−0.1%) 7.46 (+11.5%) 18.83 (+1.6%)
2090s 1.54 (−27.7%) 3.52 (−26.5%) 6.16 (−12.6%) 9.44 (+41.1%) 19.12 (+3.2%)

Under the SSP126 scenario, the high suitability area slightly increased in the 2050s
(+5.1%) but sharply decreased in the 2090s (−30.3%), while the moderate suitability area
increased in both periods (+0.4% and +10.9%, respectively). Under SSP370 and SSP585,
the high suitability area exhibited substantial increases in both periods, reaching +39.0%
and +41.1% by the 2090s, respectively. In contrast, the moderate suitability area decreased
under both scenarios, with reductions of −3.7% to −12.6%. The total suitable habitat area
remained relatively stable across all scenarios and periods, with changes ranging from
−1.2% to +3.2% relative to the current period. These contrasting trends suggest that future
climate change may alter the internal composition of suitable habitats, even when the total
area remains relatively stable.

3.6. Centroid Migration Patterns of Highly Suitable Habitats Under Climate Change

The centroids of highly suitable habitats under current and future climate scenarios
are presented in Table 8, with migration trajectories visualized in Figure 6.

 

Figure 6. Centroid migration of highly suitable areas for the Camellia osmantha. Different colored
circles represent sampling sites under different climate scenarios and the arrow indicates the direction
of centroid migration of the distribution across scenarios.

https://doi.org/10.3390/su18157721

https://doi.org/10.3390/su18157721


Sustainability 2026, 18, 7721 13 of 18

Table 8. Centroids of highly suitable habitats for Camellia osmantha under current and future climate
scenarios.

Scenario Period Longitude (◦E) Latitude (◦N) Distance from Current (km) Migration Direction

Current — 108.903 23.831 — —

SSP126
2050s 108.874 23.827 2.95 Southwest
2090s 109.020 23.879 13.03 Northeast

SSP370
2050s 108.854 23.825 5.02 Southwest
2090s 108.757 23.816 14.93 Southwest

SSP585
2050s 108.839 23.822 6.62 Southwest
2090s 108.784 23.812 12.34 Southwest

Under current conditions, the centroid was located at 108.903◦ E, 23.831◦ N in central
Guangxi. Under the SSP126 scenario, the centroid shifted slightly southwestward (2.95 km)
in the 2050s, then northeastward (13.03 km) in the 2090s. Under the SSP370 scenario, the
centroid migrated southwestward in both periods, with distances of 5.02 km (2050s) and
14.93 km (2090s). The SSP585 scenario showed similar southwestward shifts of 6.62 km
(2050s) and 12.34 km (2090s).

Overall, all centroids remained within central Guangxi across all scenarios and periods,
with migration distances ranging from 2.95 to 14.93 km. This limited spatial shift indicates
that the core distribution area of Camellia osmantha exhibits strong spatial stability under
future climate change.

4. Discussion
4.1. Model Performance and Variable Screening

The optimized MaxEnt model (RM = 3.5, FC = LQHPT) achieved a training AUC of
0.7784 and a test AUC of 0.6935 (Figure 2), confirming acceptable predictive performance
and reliability for habitat suitability prediction [29]. The substantially reduced training-
test AUC gap in the optimized model compared with the unoptimized default (0.0849 vs.
0.1720) demonstrates that the regularization effectively mitigated overfitting, a common
issue in MaxEnt models with moderate sample sizes [16,30]. Although the test AUC
(0.6935) falls within the acceptable rather than good range according to Swets’ classification
(0.5–0.7 = low accuracy; 0.7–0.9 = potentially useful) [29], the substantially reduced training-
test gap (0.0849 vs. 0.1720) indicates that regularization effectively mitigated overfitting, a
more critical concern than the absolute AUC value for models with limited sample sizes.
The model’s predictions remain ecologically meaningful and provide a reasonable basis for
habitat suitability assessment.

The two-step variable screening procedure reduced the initial 27 environmental vari-
ables to 11 predictors, effectively eliminating multicollinearity while retaining ecologically
meaningful drivers. The correlation-based exclusion of variables with |r| > 0.8 (e.g., bio5
with altitude, bio4 with bio7, bio15/bio17 with bio19) ensured that redundant predictors
did not bias model estimates. This parsimonious approach to variable selection, combined
with ENMeval optimization, improved model generalizability and interpretability [30,35].

4.2. Ecological Niche Characteristics and Limiting Factors

Among the 11 retained variables, available water capacity (AWC) showed the highest
contribution (24.3%), followed by altitude (ALT) (24.1%) and temperature annual range
(bio7) (21.9%), with a cumulative contribution of 70.3%. This indicates that soil water
availability, topographic elevation, and temperature seasonality jointly define the ecological
niche of Camellia osmantha.
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The dominance of available water capacity highlights the critical role of edaphic factors,
often overlooked in species distribution modeling (SDM) studies that tend to prioritize
climatic variables, in shaping the distribution of woody oil plants in subtropical regions.
Soil water availability integrates multiple physical properties (texture, porosity, organic
matter content) that determine water retention and supply to plant roots [34]. The optimal
range of −0.5 to 3.0 and the sharp decline in suitability above 3.0 suggest that Camellia
osmantha favors soils with moderate water retention but is limited by excessive moisture,
which may induce root hypoxia or promote fungal pathogens. This sensitivity to soil water
availability may be particularly acute during the dry season (October–March), when soil
moisture becomes a critical limiting factor for survival and growth.

Altitude maintained strong importance (24.1%), with an optimal range of 0–543 m
and suitability declining above 543 m. This confirms the species’ adaptation to low-hill
and foothill environments, where warmer temperatures, well-developed acidic soils, and
adequate drainage prevail. The decline above 543 m likely reflects the combined effects
of lower temperatures, increased cloud cover, and reduced soil development at higher
elevations, conditions that fall outside the species’ physiological tolerance. This elevation
dependence is consistent with the species’ known distribution in southern China, where it
is typically cultivated on low hills and gentle slopes below 500 m [1].

Temperature annual range (bio7) ranked third (21.9%) but displayed a distinct mono-
tonic increasing response across the observed range (17.95–30.55 ◦C), with suitability
exceeding 0.5 above 23.06 ◦C. This contrasts with the typical unimodal (hump-shaped)
responses often assumed for temperature variables in SDM studies. The monotonic pat-
tern suggests that Camellia osmantha benefits from greater seasonal temperature variation
within the studied climatic gradient, possibly reflecting adaptation to regions with distinct
seasonal temperature patterns that support reproductive development and oil accumula-
tion [36]. Whether this trend continues beyond 30.55 ◦C remains unknown and warrants
further investigation. This finding also highlights the importance of examining response
curve shapes rather than assuming predefined functional forms [16].

Among the remaining variables, slope (3.5%) and soil pH (s_ph) (7.0%) also con-
tributed to the model, with Camellia osmantha favoring gentle to moderate slopes (5–15◦)
and acidic soils (pH 4.5–5.5). This slope preference is consistent with cultivation on well-
managed hillside plantations where drainage is favorable and soil depth is sufficient for
root development. The edaphic preference for acidic soils reflects adaptation to the red
earths and lateritic soils widely distributed in subtropical southern China. Precipitation of
the coldest quarter (bio19) (3.6%) contributed modestly, suggesting that adequate moisture
during the dry season is relevant but less influential than the top three predictors.

Collectively, these results define the ecological niche of Camellia osmantha as a species
adapted to warm, moderately seasonal, low-elevation environments (≤543 m) with mod-
erate soil water availability (−0.5 to 3.0), acidic soils (pH 4.5–5.5), and adequate but not
excessive seasonal precipitation. The limiting thresholds, AWC > 3.0, ALT > 543 m, and
bio7 < 23.06 ◦C, provide quantitative criteria for identifying potential cultivation areas
beyond Guangxi, such as neighboring provinces (e.g., Yunnan, Guizhou, and Guangdong)
and northern Vietnam, where similar environmental conditions may occur.

4.3. Suitable Habitat Distribution Patterns and Climate Change Responses

Under current climatic conditions, the total suitable habitat area for Camellia osmantha
is 18.53 × 104 km2 (89.7% of Guangxi), with high suitability areas (32.4%) concentrated in
the northeastern and southwestern parts of the region, while non-suitable areas (10.3%)
are mainly in the west. This spatial heterogeneity reflects the species’ preference for
specific environmental conditions, moderate elevations, suitable temperature regimes, and
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adequate soil water availability. The broad distribution of moderate suitability areas across
two-thirds of Guangxi suggests that Camellia osmantha has a relatively wide potential range,
but optimal conditions for cultivation are restricted to specific sub-regions.

Under future climate scenarios, the total suitable habitat area remained relatively
stable across most scenarios and periods (changes: −1.2% to +3.2%), but the internal
composition shifted considerably. High suitability areas expanded substantially under
SSP370 and SSP585 by the 2090s (+39.0% and +41.1%, respectively), while contracting under
SSP126 in the 2090s (−30.3%). These contrasting trends highlight the uncertainty in future
projections and underscore the importance of considering multiple emission pathways [37].
The expansion under moderate to high emission scenarios may reflect a transient optimal
window where moderate warming alleviates cold constraints without yet reaching critical
thermal thresholds, a pattern also observed in other subtropical woody oil plants [38].
The contraction under SSP126 in the 2090s suggests that low-emission scenarios do not
necessarily benefit all species, as changes in precipitation patterns or seasonal variability
may offset potential gains from reduced warming.

The shift in habitat quality, rather than quantity, is a critical finding. Under higher
emission scenarios, moderate suitability habitats may be “upgraded” to high suitability
as warming proceeds, while under the low-emission scenario, a broader area may remain
at moderate suitability due to less pronounced warming. This suggests that the species’
response to climate change is nonlinear and depends on the interplay between temperature
and precipitation changes.

Centroid analysis revealed that all centroids remained within central Guangxi across
all scenarios, with migration distances of only 2.95–14.93 km. Most centroids shifted
southwestward, with the exception of SSP126 in the 2090s shifting northeastward. Several
factors may explain this limited shift compared to other subtropical woody species. First,
Guangxi’s complex karst topography creates diverse micro-habitats that buffer against
broad-scale climatic shifts, providing micro-climatic refugia within the existing distri-
bution [39]; this stability likely reflects the confluence of moderate elevations, suitable
temperatures, and favorable soil conditions that maintain habitat suitability. Second, the
species’ narrow physiological tolerances, particularly its preferences for elevations below
543 m, moderate soil water capacity (−0.5 to 3.0), and temperature annual range above
23.06 ◦C, constrain its ability to shift beyond these thresholds. Additionally, our centroid
analysis focuses on highly suitable habitats (suitability > 0.8), which are expected to be
more stable than marginal habitats [36,40]. The persistence of highly suitable habitats in
central Guangxi across all scenarios has important practical implications and this region
should be prioritized for conservation and sustainable cultivation investments, and the
strong habitat fidelity observed suggests that stable, long-term cultivation strategies are
feasible despite ongoing climate change.

4.4. Climate Change Impacts on Suitable Habitat Distribution

Several limitations should be acknowledged. First, predictions are based solely on
climatic, topographic, and edaphic variables and do not account for biotic interactions (e.g.,
competition and pollination) or anthropogenic factors (e.g., land-use change and cultivation
practices) that may influence actual distributions [41]. Second, the moderate sample size
(27 occurrence points), while adequate for MaxEnt modeling with regularization, limits
our ability to capture the full range of the species’ ecological niche. Third, the use of
coarse-resolution climate data (≈1 km) may overlook fine-scale habitat heterogeneity and
microclimatic refugia in complex terrain [37]. Fourth, extreme climate events (e.g., droughts
and heatwaves), expected to increase in frequency under climate change, were not explicitly
modeled, yet may pose significant risks to survival and productivity.
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Future studies should: (1) expand occurrence records through systematic field sur-
veys; (2) incorporate additional variables, including biotic interactions and land-use
change scenarios; (3) employ higher-resolution climate data (<1 km) and downscaled
projections; (4) integrate species distribution models with process-based physiological
models to account for extreme events; and (5) validate predictions with independent
occurrence data when available.

Despite these limitations, our study provides a robust quantitative framework for
understanding the ecological niche of Camellia osmantha and for guiding its sustainable
management under climate change. The identified limiting thresholds and the spatial
stability of the core habitat in central Guangxi offer actionable insights for conservation
planning and cultivation strategy development for this economically valuable woody
oil species.

5. Conclusions
This study employed an optimized MaxEnt model (RM = 3.5, FC = LQHPT) with

27 field-collected occurrence points and 11 selected environmental variables to predict
the potential distribution of Camellia osmantha in Guangxi under current and future cli-
mate scenarios.

The optimized model demonstrated acceptable predictive performance (training
AUC = 0.7784, test AUC = 0.6935), with a substantially reduced training-test gap com-
pared to the default model (0.0849 vs. 0.1720), confirming that regularization effectively
mitigated overfitting. Among the 11 retained variables, available water capacity (24.3%),
altitude (24.1%), and temperature annual range (21.9%) were the dominant drivers, with
a cumulative contribution of 70.3%. Threshold analysis revealed that suitability declined
when AWC exceeded 3.0, altitude exceeded 543 m, or bio7 fell below 23.06 ◦C (mono-
tonic increasing response within the observed range). Current suitable habitats cover
18.53 × 104 km2 (89.7% of Guangxi), with high suitability areas concentrated in the north-
east and southwest. Under future scenarios, the total suitable area remained relatively
stable (−1.2% to +3.2%), but high suitability areas expanded under SSP370 and SSP585 by
the 2090s (+39.0% and +41.1%) and contracted under SSP126 (−30.3%). Centroid migra-
tion distances were limited (2.95–14.93 km), with centroids remaining in central Guangxi,
indicating strong spatial stability of the core distribution area.

These findings provide a scientific basis for conservation planning and sustainable
cultivation strategies for this economically valuable woody oil species under climate
change. Future studies should incorporate biotic interactions, land-use change, and higher-
resolution climate data to further refine predictions.
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