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A B S T R A C T

Accurately predicting the potential distribution of Setaria palmifolia in China is crucial for assessing its climatic 
adaptability as a forage resource and for developing sustainable utilization strategies. This study systematically 
integrated 927 species distribution records while employing a comprehensive set of multidimensional environ
mental variables, including climate, topography, vegetation, and human activity. Using an optimized Maximum 
Entropy (MaxEnt) model, we simulated the potential geographic distribution of S. palmifolia under both current 
conditions and future scenarios (2050s, 2070s, 2090s) across three Shared Socioeconomic Pathways (SSP126, 
SSP370, SSP585). The results identified the key environmental factors influencing its distribution: precipitation 
of the warmest quarter, precipitation of the coldest quarter, and temperature diurnal range. These factors 
collectively contributed 93.4% to the model. Under current climatic conditions, the total potentially suitable 
habitat for S. palmifolia is approximately 177.22 × 104 km2, primarily concentrated in southern China. Future 
projections indicate that the total suitable area will remain relatively stable across all scenarios (ranging from 
177.22 × 104 to 196.80 × 104 km2). However, its internal structure will undergo significant reorganization, with 
highly suitable habitat expanding from 12.20 × 104 km2 (current) to between 29.69 × 104 and 50.39 × 104 km2 

depending on emission scenarios. By the 2070s, this expansion is projected to reach 35.80 × 104 to 50.39 × 104 

km2. Meanwhile, the distribution centroid shows complex, non-linear migration trajectories. This internal 
suitability reorganization pattern suggests that S. palmifolia responds to climate change through local adaptation 
rather than simple range shifts. Our findings provide critical scientific evidence and spatial decision-support for 
regional introduction planning, priority conservation area identification, and climate change adaptive man
agement of S. palmifolia as a forage resource.

1. Introduction

As global climate change intensifies, agricultural ecosystems and the 
production they support are facing unprecedented challenges and op
portunities (Yang et al., 2024). Rising temperatures, shifting precipita
tion patterns, and the increasing frequency of extreme climate events are 
profoundly affecting the geographical distribution and ecological 
adaptability of crops (Lesk et al., 2016, 2022). In this context, scientif
ically assessing and rationally utilizing plant resources with strong 

environmental adaptability has become a vital pathway for ensuring 
sustainable agricultural development and ecological security (Yang and 
Solangi, 2024).

Herbaceous plants, as key components of ecosystems, not only help 
maintain biodiversity but also hold significant economic value (Chen 
et al., 2025; Clemente-Villalba et al., 2023; Deng et al., 2022). In 
particular, herb species that combine ecological resilience with eco
nomic potential are of strategic importance for optimizing agricultural 
structures and promoting agroecological development through scientific 
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introduction and cultivation (Nan, 2005; Tian et al., 2021). Species 
distribution models (SDMs) serve as essential tools in ecological 
research, enabling effective prediction of species' potential geographic 
ranges and offering key scientific support for the planned introduction 
and regional management of plant resources (Franklin, 2023). Among 
these, the Maximum Entropy (MaxEnt) model has been widely adopted 
to assess species' ecological responses to climate change, owing to its 
reliable performance and high predictive accuracy even with limited 
data (Phillips and Dudík, 2008). It has shown great promise in guiding 
targeted introduction of forage and resource plants (Capera-Aragones 
et al., 2023; Tatian et al., 2025), thereby acting as a critical bridge be
tween foundational research and practical application.

To date, while some progress has been made in predicting the dis
tribution of herbaceous plants for introduction and cultivation, several 
key aspects still require improvement. First, methodologically, many 
studies continue to rely heavily on default model parameters (Liu et al., 
2025; Xing et al., 2023; Zhao et al., 2025a), lacking systematic optimi
zation tailored to the ecological traits of specific species. This over
simplification may lead to predictions that deviate from reality, thereby 
reducing their practical value for guiding introduction efforts. Second, 
regarding environmental variable selection, existing distribution models 
for herbaceous forage species often overemphasize climate factors (Liu 
et al., 2025; Xing et al., 2023; Xu et al., 2023b; Zhao et al., 2025a) while 
neglecting microenvironmental elements, including topography, soil 
conditions, vegetation indices, and human activity intensity, that 
directly influence cultivation success and establishment rates (Elith and 
Leathwick, 2009; Franklin, 2023). This narrow climatic focus inade
quately captures the multidimensional niche requirements essential for 
translating distribution predictions into practical introduction strate
gies. Such a narrow focus fails to fully capture the actual habitat re
quirements of species, limiting the practical applicability of the 
predictions. Furthermore, most current studies concentrate on the con
servation of natural species distributions (Wu et al., 2018; Zhang et al., 
2023), with insufficient analysis of the spatiotemporal dynamics of 
suitable introduction areas under future climate scenarios. There is also 
a lack of systematic consideration for medium-to long-term introduction 
planning, which hinders the ability to meet the needs of modern, 
large-scale agricultural cultivation. These methodological and applica
tion limitations significantly restrict the effective translation and 
broader adoption of distribution prediction research in agricultural 
practice.

This study focuses on Setaria palmifolia (J. Konig) Stapf, a perennial 
C4 grass species belonging to the genus Setaria in the Poaceae family. As 
a C4 plant, it possesses a highly efficient photosynthetic pathway that 
confers superior water-use efficiency and high productivity potential 
compared to many C3 species, making it particularly advantageous in 
water-limited environments. Additionally, S. palmifolia shows distinc
tive ecological traits including strong shade tolerance and adaptation to 
warm and humid conditions, enabling its cultivation across diverse ag
roecological settings such as forest understory systems and subtropical 
marginal lands (Liao and Kao, 2023). These combined characteristics, 
namely high biomass production, water-use efficiency, shade tolerance, 
and climatic adaptability, position it as a uniquely promising forage 
resource for sustainable agricultural development in southern China. In 
this region, heterogeneous landscapes and climate change pressures 
require resilient and multi-purpose plant species.

The aim of this research is to systematically refine the methodology 
of species distribution modeling to scientifically assess its suitable 
cultivation areas in China and its responses to future climate change. 
Our specific objectives are threefold. First, we will construct a high- 
quality species distribution database by integrating multi-source data 
and applying rigorous quality control, thereby establishing a multidi
mensional evaluation index system that includes climate, topography, 
and human activities. Second, we will enhance the predictive perfor
mance of the MaxEnt model through parameter optimization to ensure 
the ecological plausibility and spatial accuracy of its outputs. Third, 

using the optimized model, we will predict suitable introduction areas 
under both current and future climate scenarios and systematically 
analyze their spatiotemporal dynamics. Based on these objectives, we 
propose three research hypotheses. First, the dominant environmental 
factors influencing the distribution of S. palmifolia are key constraints for 
its introduction site selection, and different combinations of these fac
tors will determine the spatial pattern of suitable areas. Second, future 
climate change will significantly alter the spatial distribution of suitable 
cultivation areas for this species, manifesting as systematic changes in 
the extent, centroid location, and spatial connectivity of these areas. 
Third, the expansion pathways of suitable introduction zones will vary 
markedly under different emission scenarios, and these differences will 
directly influence the formulation of long-term cultivation plans and the 
selection of risk management strategies.

To address our research objectives, we employed a systematic 
methodology. We first obtained species occurrence records from 
authoritative databases, followed by rigorous deduplication and quality 
control. We then selected initial environmental variables from multiple 
dimensions (climate, topography, human activity) and performed 
collinearity diagnostics to filter the key variable set for modeling. The 
MaxEnt model was systematically calibrated by optimizing feature 
classes and regularization multipliers, with the optimal combination 
determined via grid search. Subsequently, the tuned model predicted 
suitable introduction areas for multiple timeframes and climate sce
narios. These projections were integrated with centroid shift analysis, 
suitability classification, and spatial pattern change detection to 
comprehensively reveal spatiotemporal dynamics. This study estab
lishes a practical framework from prediction to introduction, supporting 
sustainable plant resource utilization and quality agricultural develop
ment in China through precise suitable area identification, production 
layout optimization, and ecological restoration guidance.

2. Materials and methods

2.1. Acquisition and processing of species distribution data

This study constructed a species distribution dataset for S. palmifolia 
by systematically integrating multi-source data. Records were sourced 
from the Chinese Virtual Herbarium (CVH, http://www.cvh.org.cn/, 
accessed 9 August 2025), the Global Biodiversity Information Facility 
(GBIF, https://doi.org/10.15468/dl.8qxrfu, accessed 18 August 2025), 
the China National Knowledge Infrastructure (CNKI, https://www.cnki. 
net/, accessed 22 August 2025), and Google Scholar (https://ac.scmor. 
com/, accessed 25 August 2025). Initially, a total of 2778 non-duplicate 
distribution records were obtained (2642 from GBIF, 134 from CVH, and 
one each from CNKI and Google Scholar) were obtained. To reduce the 
impact of spatial autocorrelation on model prediction accuracy, we 
implemented a multi-step optimization process for the occurrence data. 
First, using ArcGIS 10.8, we created a 2.5′ grid covering the study area to 
serve as the basic unit for spatial filtering. Second, following the nearest- 
to-center principle, we retained only one representative point per grid 
cell. This approach effectively reduced sampling clustering bias while 
preserving the completeness of the distribution range. Third, we stan
dardized the data format, saving the resulting 927 occurrence points 
(804 obtained from GBIF, 121 from CVH, and 1 each from CNKI and 
Google Scholar) (Fig. 1) as a.csv file to meet the input requirements of 
MaxEnt version 3.4.4 (available from http://biodiversityinformatics. 
amnh.org/open_source/maxent/, accessed 25 August 2025). This 
comprehensive processing workflow ensured spatial independence of 
the data and established a reliable foundation for the subsequent accu
rate construction of the species distribution model. Additionally, this 
study employed the base map of China from the Standard Map Service 
System of the Ministry of Natural Resources of China (Approval No. GS 
(2023)2762, accessed on 22 December 2023 at http://bzdt.ch.mnr.gov. 
cn/).
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Fig. 1. Geographical distribution of the 927 occurrence records of S. palmifolia in China.

Fig. 2. Correlation matrix of the 24 environmental variables. Red indicates a positive correlation and blue indicates a negative correlation. Color saturation rep
resents the absolute value of the correlation coefficient: darker colors indicate stronger correlations; lighter colors (approaching white) indicate correlations 
near zero.

Y. Xiang et al.                                                                                                                                                                                                                                   Environmental and Sustainability Indicators 30 (2026) 101263 

3 



2.2. Collection and screening of environmental variables

In selecting environmental variables, multiple drivers including 
climate, topography, vegetation, and human activity were comprehen
sively considered. A total of 24 initial variables were selected for 
building the species distribution model of S. palmifolia (Table S1). Spe
cifically, 19 bioclimatic variables and elevation data were obtained from 
the WorldClim 2.1 platform (https://www.worldclim.org/, accessed 16 
August 2025). Based on this elevation data, we derived two topographic 
factors, slope and aspect, using ArcGIS 10.8. Vegetation cover was 
characterized by the Normalized Difference Vegetation Index (NDVI) 
from the MODIS/Terra MOD13A3 product (Didan, 2015), while human 
activity intensity was represented by the Human Footprint Index (Mu 
et al., 2022). To assess future climate change impacts, we selected the 
BCC-CSM2-MR model from the Coupled Model Intercomparison Project 
Phase 6 (CMIP6), which is recognized as particularly suitable for 
studying climate change in China (Jin et al., 2024; Xin et al., 2020). We 
combined it with three Shared Socioeconomic Pathways (SSP), SSP126, 
SSP370, and SSP585, to predict distribution changes for the 2050s, 
2070s, and 2090s.

To mitigate multicollinearity effects on model accuracy and inter
pretability, we performed Variance Inflation Factor (VIF) diagnosis and 
Spearman correlation analysis on all variables (Fig. 2) using R 4.2.2 with 
the usdm package (version 2.1-7) (Naimi, 2015). Following established 
best practices for ecological niche modeling (Dormann et al., 2013), 
screening criteria were set at VIF <10 and |r| < 0.7 to ensure retention of 
statistically independent variables. When two correlated variables 
exceeded these thresholds, we retained the variable with greater 
ecological relevance to S. palmifolia's known habitat requirements (e.g., 
retaining Bio18 over Bio16 due to its direct relationship with growing 
season moisture availability). Ultimately, 10 environmental variables 
were included in the final model, covering four categories: climate (six 
variables), topography (two variables), human activity (one variable), 
and vegetation (one variable) (Table 1).

2.3. Optimization of model parameters

To enhance the accuracy and robustness of MaxEnt model pre
dictions for the potential distribution of S. palmifolia, this study sys
tematically optimized two key parameters: the feature classes (FC) and 
regularization multiplier (RM). These parameters jointly control model 
complexity and generalization ability(Yan et al., 2021), and optimizing 
them enhances the model's fit to the species-environment relationship, 
thereby yielding more ecologically plausible and spatially accurate 
predictions. Specifically, using R 4.2.2 and the ENMeval 2.0.4 package 
(Kass et al., 2021), we implemented a grid search strategy to evaluate 
model performance across different parameter combinations. We set the 

regularization multiplier from 0.5 to 4.0 in increments of 0.5. These 
multipliers were tested in combination with nine feature class schemes 
(L, H, LQ, LQH, LQHP, LQHPT, QHP, QHPT, HPT), which incorporate 
five feature function types: linear (L), quadratic (Q), product (P), 
threshold (T), and hinge (H) (Phillips and Dudík, 2008). The optimal 
parameter set was selected based on the corrected Akaike Information 
Criterion (AICc), following the principle of minimizing the AICc value 
(Muscarella et al., 2014). We applied the recommended threshold of 
Delta AICc ≤2, as proposed by Anderson and Gonzalez (2011).

2.4. Model calibration and performance assessment

To simulate the potential suitable habitat of S. palmifolia under 
climate change, this study established an optimized MaxEnt modeling 
workflow based on 927 occurrence records. The specific procedure 
included several key steps. First, using stratified random sampling, we 
partitioned the data into training (75%) and validation (25%) sets. This 
approach ensured both environmental representativeness and statistical 
independence. Next, we implemented systematic parameter settings to 
enhance model performance: we applied cross-validation to improve 
internal robustness; used 10,000 background points to adequately 
characterize environmental backgrounds; set the regularization multi
plier to 1.5 to balance model complexity; and selected the LQHPT 
feature combination to capture complex nonlinear ecological responses. 
After 10 replicate model runs, we integrated the results and generated a 
final logistic suitability probability raster, providing a standardized data 
foundation for subsequent multi-scenario analysis and spatial mapping.

To comprehensively evaluate the predictive capability of the opti
mized MaxEnt model, we employed three complementary metrics: the 
area under the curve (AUC) of the receiver operating characteristic 
(ROC) curve, true skill statistics (TSS), and Cohen's kappa coefficient 
(Kappa). AUC measures the model's ability to distinguish between spe
cies presence and background environments, with its accuracy catego
rized as follows: 0.5–0.6 (fail), 0.6–0.7 (poor), 0.7–0.8 (fair), 0.8–0.9 
(good), and 0.9–1.0 (excellent) (Phillips and Dudík, 2008). TSS com
bines sensitivity and specificity to correct for random bias, and its 
evaluation criteria are: <0.4 (poor performance), 0.4–0.8 (good), and 
>0.8 (excellent) (Allouche et al., 2006). Kappa quantifies the agreement 
between predicted and actual distributions, where values < 0.4 indicate 
poor agreement, 0.4–0.75 represent good agreement, and >0.75 reflect 
excellent agreement (Xu et al., 2023a).

Model performance was evaluated using the Area Under the Curve 
(AUC) of the Receiver Operating Characteristic (ROC) curve. To eluci
date the relationship between the occurrence probability of S. palmifolia 
and the three key environmental factors, we plotted single-factor 
response curves based on the final model outputs.

2.5. Categorization of habitat suitability

To accurately delineate the potential distribution range of 
S. palmifolia, this study adopted the ‘Maximum Training Sensitivity Plus 
Specificity Logistic Threshold’ (MTSPS) as the primary criterion for 
classifying suitable habitats. This threshold effectively balances model 
omission and commission errors while remaining insensitive to varia
tions in species occurrence frequency, making it a widely recognized, 
robust approach in ecological niche modeling (Mechergui et al., 2025; 
Zhang et al., 2025). Based on the average suitability index (P) derived 
from 10 replicate model runs, we performed spatial classification in 
ArcGIS 10.8 using the Reclassify tool. Using the MTSPS threshold 
(0.1625) as the starting critical point, we subdivided habitat suitability 
into four ordered categories: non-suitable (P < 0.1625), low-suitable 
(0.1625 ≤ P < 0.3), medium-suitable (0.3 ≤ P < 0.5), and 
high-suitable (P ≥ 0.5). This classification scheme preserves the statis
tical rigor of the MTSPS method while enhancing the ecological inter
pretability and visual communication of spatial suitability patterns.

Table 1 
Environmental variables employed for modeling the potential distribution of 
S. palmifolia.

Category Abbreviation Environmental variables Units VIF

Bioclimatic Bio2 Mean diurnal range (Mean of 
monthly)

◦C 8.50

Bio3 Isothermality (Bio2/Bio7) ( ×
100)

​ 5.34

Bio5 Max temperature of warmest 
month

◦C 6.87

Bio8 Mean temperature of wettest 
quarter

◦C 4.85

Bio18 Precipitation of warmest quarter mm 3.99
Bio19 Precipitation of coldest quarter mm 2.31

Topographic Aspect Aspect ◦ 2.27
Slope Slope ◦ 1.17

Human HFI Human footprint index ​ 2.15
Vegetation NDVI Normalized difference vegetation 

index
​ 2.49
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2.6. Changes in the spatial pattern

Based on comparisons of suitable habitats under current and future 
climate scenarios, changes in species distribution ranges can be cate
gorized into three types: retention areas (suitable in both current and 
future periods), loss areas (currently suitable but becoming unsuitable in 
the future), and expansion areas (currently unsuitable but becoming 
suitable in the future) (Liao et al., 2025; Zhao et al., 2025a). To quan
titatively analyze the evolution of suitable habitats for S. palmifolia 
under future climate scenarios, this study conducted a multi-period 
spatial dynamic assessment in ArcGIS 10.8, using the average suit
ability probability (P) derived from 10 replicate MaxEnt model runs. 
First, using the MTSPS threshold (0.1625) as the cutoff point, we con
verted continuous suitability probability data, for both the current 
period and future scenarios (SSP126, SSP370, SSP585 across the 2050s, 
2070s, and 2090s), into binary distribution layers. In these layers, a 
pixel value of 1 indicates a suitable area, while 0 indicates a non-suitable 
area. Next, we transformed the binary data for each period into polygon 
layers using the raster-to-vector tool. We then applied the “Intersect” 
overlay analysis tool to identify the spatial intersection between the 
suitable area vectors of each future period and the current distribution. 
Through this process, we constructed a spatial change map reflecting 
three dynamic categories: retention areas (1 → 1), loss areas (1 → 0), and 
expansion areas (0 → 1) (Xiang et al., 2025), thereby systematically 
revealing the spatiotemporal migration trajectory of the species' distri
bution range.

2.7. Centroid shift in suitable habitats

To quantitatively reveal the response characteristics of S. palmifolia's 
suitable habitats to climate change, this study systematically analyzed 
the migration trajectory of its distribution centroid based on the average 
suitability probability (P) derived from 10 replicate MaxEnt model runs. 
The specific procedure included several steps. First, within the ArcGIS 
10.8 platform, we applied a threshold of 0.1625 to convert the proba
bility raster into a binary map. This process delineated the boundaries 
between suitable and non-suitable habitats, and the resulting raster was 
then converted into vector polygon data. Next, using the spatial statistics 
tool, we calculated the geometric center point to accurately extract the 
centroid coordinates of the suitable habitat polygons for each period and 
climate scenario. Finally, using the changes in the latitude and longitude 
of these centroid positions across different time periods, we applied the 
Euclidean distance algorithm to quantify both the distance and direction 
of migration. This approach systematically characterized the spatial 
displacement trend driven by climate change.

3. Results

3.1. Model optimization and accuracy evaluation

To optimize the MaxEnt model for S. palmifolia, this study employed 
Delta AICc as the core evaluation metric. An initial assessment revealed 
that the default parameter set (RM = 1, FC = LQHP) yielded a Delta AICc 
value of 56.35 (Fig. 3), significantly exceeding the recommended 
threshold (ΔAICc ≤2). This indicated a substantial risk of overfitting. To 
address this, based on 927 occurrence records and 10 environmental 
variables, we conducted a systematic grid search of the parameter space 
(RM: 0.5–4, increment 0.5; FC: L, Q, H, P, T, and their combinations) 
using the ENMeval package (v2.0.4). The parameter optimization pro
cess identified an optimal combination (RM = 1.5, FC = LQHPT) with a 
ΔAICc value of 0, demonstrating that this model provides the best fit 
among tested configurations while effectively avoiding overfitting. 
Model performance validation showed consistent AUC values of 0.935 
both before and after optimization (Fig. S1a and b), meeting the 
“excellent” standard (AUC ≥0.9). This confirms that the optimized 
model maintains very high predictive accuracy while achieving a 

substantial improvement in robustness. According to conventional 
evaluation standards, the optimized model performed excellently in 
terms of its True Skill Statistic (TSS = 0.817) and well in terms of its 
Kappa coefficient (0.515).

3.2. Dominant environmental factors

This study utilized the optimized MaxEnt model to systematically 
analyze the influence of ten environmental factors on the potential 
geographic distribution of S. palmifolia, integrating both variable 
contribution rates and jackknife test results. As shown in Fig. 4a, the 
environmental variables are listed in descending order of contribution: 
precipitation of the warmest quarter (Bio18, 37.1%), precipitation of the 
coldest quarter (Bio19, 36.6%), mean diurnal range (Bio2, 19.7%), 
human footprint index (HFI, 1.8%), slope (1.3%), normalized difference 
vegetation index (NDVI, 1.3%), max temperature of the warmest month 
(Bio5, 0.8%), isothermality (Bio3, 0.7%), mean temperature of the 
wettest quarter (Bio8, 0.4%), and aspect (0.3%). In terms of factor cat
egories, climatic factors collectively accounted for 95.3% of the total 
contribution, followed by human activity factors (1.8%), topographic 
factors (1.6%), and vegetation factors (NDVI, 1.3%). The jackknife test 
of regularized training gain (Fig. 4b) further indicated that, when used 
in isolation, the top five variables with the highest gain values were 
Bio18, Bio2, Bio19, NDVI, and HFI. According to the conventional 
screening criterion of cumulative contribution exceeding 85%, Bio18, 
Bio19, and Bio2 together explained 93.4% of the variation in the species' 
suitable distribution. This highlights their decisive role in shaping the 
potential geographic distribution of S. palmifolia in China, identifying 
water availability during both growing (Bio18: warmest quarter) and 
dormant (Bio19: coldest quarter) seasons, coupled with thermal stability 
(Bio2), as the core climatic drivers. This finding aligns with the species' 
physiological requirements as a C4 perennial grass requiring consistent 
moisture throughout the year for sustained productivity.

The analysis revealed that the effect of Bio18 on occurrence proba
bility initially increased and then gradually decreased. Specifically, as 
precipitation increased from 0 mm to 545.13 mm, the probability rose 
rapidly from 0.21 to 0.55. It continued to climb gradually to a peak of 
0.66 within 545.14 – 1775.10 mm, then slowly declined to 0.61 in the 
1775.11 – 2390.08 mm range and stabilized after exceeding 2390.08 

Fig. 3. Distribution of delta AICc values across FCs for S. palmifolia. The dashed 
line indicates the zero-reference level. FCs are represented as follows: L 
(Linear), Q (Quadratic), H (Hinge), P (Product), T (Threshold).
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mm (Fig. 5a). In contrast, Bio19 exhibited a consistently positive 
response: probability increased rapidly from 0.11 to 0.52 as precipita
tion rose from 0 mm to 68.61 mm; it further increased to 0.59 in the 
68.62 – 192.41 mm range; and then slowly reached its maximum 
probability of 0.62 within 192.42 – 909.98 mm (Fig. 5b). Meanwhile, 
Bio2 showed a clear negative effect: probability remained stable at 0.74 
within the 3.65 – 4.88 ◦C range; it then dropped sharply to 0.09 as the 
temperature increased from 4.89 ◦C to 13.52 ◦C; subsequently, it 
declined slowly to 0.02 in the 13.53 – 18.86 ◦C range and remained 
nearly constant beyond 18.86 ◦C (Fig. 5c).

3.3. Potential distribution of S. palmifolia under contemporary climate 
conditions

Under current climatic conditions, the total potentially suitable 
habitat for S. palmifolia in China covers approximately 177.22 × 104 

km2, accounting for about 18.46% of the country's total land area 

(Fig. 6). The highly suitable areas, spanning about 12.20 × 104 km2 

(1.27%), are concentrated primarily in Taiwan Province and Hainan 
Province, as well as in southern Yunnan Province, central Guangxi 
Zhuang Autonomous Region, western Guangdong Province, and western 
Chongqing Municipality. Moderately suitable areas cover approximately 
86.82 × 104 km2 (9.04%) and are widely distributed across multiple 
regions, including Fujian Province, Jiangxi Province, southern Zhejiang 
Province, southern Anhui Province, central and southern Hunan Prov
ince, western Hubei Province, central Guizhou Province, eastern 
Sichuan Province, eastern and western Guangxi Zhuang Autonomous 
Region, and southeastern Xizang Autonomous Region. In contrast, low- 
suitable areas extend over about 78.20 × 104 km2 (8.15%) and are 
fragmented and distributed across central Yunnan Province, eastern and 
western Guizhou Province, central Hunan Province, eastern and western 
Hubei Province, eastern Sichuan Province, central and southern Anhui 
Province, northern Zhejiang Province, and southern Henan Province.

Fig. 4. Relative importance of environmental predictors for S. palmifolia in the MaxEnt model: (a) percent contribution and (b) jackknife test of regularized 
training gain.

Fig. 5. Mean response curves of S. palmifolia to critical environmental variables, depicting the probability of presence (blue line, mean of 10 replicates) and the 
optimal suitability range (purple dashed lines). (a) Precipitation of Warmest Quarter (Bio18); (b) Precipitation of Coldest Quarter (Bio19); (c) Mean Diurnal 
Range (Bio2).
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Fig. 6. Potential distribution of S. palmifolia in China under the baseline climate scenario.

Fig. 7. Projected shift in the distribution of suitable habitat for S. palmifolia from the present to the 2090s under climate change scenarios (unit: 104 km2).
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3.4. Future potential distribution of S. palmifolia in China under climate 
change scenarios

Under the SSP126 future climate scenario, the potential suitable 
habitat of S. palmifolia in China is projected to expand continuously. By 
the 2050s, the total suitable area is expected to reach 191.34 × 104 km2, 
accounting for approximately 19.93% of the country's land area. This 
total comprises low-, medium-, and high-suitability areas covering 
65.72 × 104 km2, 95.93 × 104 km2, and 29.69 × 104 km2, respectively 
(Fig. 7). At this stage, high-suitability zones are mainly distributed 
across Taiwan Province, Hainan Province, Jiangxi Province, southern 
Yunnan Province, northeastern Guangxi Zhuang Autonomous Region, 
northern Guangdong Province, eastern Fujian Province, central Hunan 
Province, southeastern Hubei Province, western Zhejiang Province, and 
western Chongqing Municipality (Fig. 8a). By the 2070s, the total suit
able area further increases to 196.80 × 104 km2 (20.50% of China's land 
area), with low-, medium-, and high-suitability areas covering 60.19 ×
104 km2, 100.81 × 104 km2, and 35.80 × 104 km2, respectively (Fig. 7). 
The extent of high-suitability areas remains largely stable, still concen
trated in Taiwan Province, Hainan Province, Jiangxi Province, and 
Zhejiang Province, as well as parts of southern Yunnan Province, 
northeastern Guangxi Zhuang Autonomous Region, northwestern 
Guangdong Province, eastern Fujian Province, central Hunan Province, 
southeastern Hubei Province, and western Chongqing Municipality 
(Fig. 8d). By the 2090s, the total suitable area slightly decreases to 
195.96 × 104 km2 (20.41%), yet high-suitability areas continue to 

expand, reaching 38.96 × 104 km2, while medium- and low-suitability 
areas cover 97.38 × 104 km2 and 59.62 × 104 km2, respectively 
(Fig. 7). In addition, high-suitability zones show a tendency to extend 
into western and southeastern Zhejiang Province, western Jiangxi 
Province, and northern Chongqing Municipality (Fig. 8g).

Under the SSP370 scenario, the total suitable habitat area remains 
generally stable, though its internal structure undergoes notable 
changes. By the 2050s, the total area reaches 190.58 × 104 km2 (19.85% 
of China's land area), comprising low-, medium-, and high-suitability 
areas of 69.05 × 104 km2, 86.44 × 104 km2, and 35.09 × 104 km2, 
respectively (Fig. 7). High-suitability areas during this period are mainly 
located in Taiwan Province, Hainan Province, Jiangxi Province, Zhe
jiang Province, southern Yunnan Province, northeastern Guangxi 
Zhuang Autonomous Region, northern Guangdong Province, eastern 
Fujian Province, southeastern Hubei Province, and central Hunan 
Province (Fig. 8b). By the 2070s, the total area increases slightly to 
191.05 × 104 km2 (19.90%), while high-suitability zones expand 
markedly to 45.11 × 104 km2, extending further westward into western 
Chongqing Municipality (Fig. 8e). In the 2090s, the total area declines 
modestly to 189.71 × 104 km2 (19.76%), yet high-suitability areas 
continue to grow, reaching 45.97 × 104 km2. Their distribution also 
shows a northward and eastward shift, with new expansions into 
southern Anhui Province and more concentrated coverage along the 
Hunan–Hubei border (Fig. 8h).

Under the SSP585 scenario, the total suitable area remains relatively 
stable, but its internal structure continues to adjust. By the 2050s, the 

Fig. 8. Integrated projection of suitable habitat for S. palmifolia in China under future climate scenarios.
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total area is 190.25 × 104 km2 (19.82% of China's land area), with low-, 
medium-, and high-suitability areas covering 65.39 × 104 km2, 88.17 ×
104 km2, and 36.69 × 104 km2, respectively (Fig. 7). High-suitability 
zones are mainly found in Taiwan Province, Hainan Province, north
ern Jiangxi Province, southern Yunnan Province, northern Guangxi 
Zhuang Autonomous Region, northern Guangdong Province, northern 
and eastern Fujian Province, western Zhejiang Province, southern Anhui 
Province, central Hunan Province, southeastern Hubei Province, and 
central Chongqing Municipality (Fig. 8c). By the 2070s, the total area 
increases slightly to 191.20 × 104 km2 (19.92%), while high-suitability 
areas expand significantly to 50.39 × 104 km2, stretching northward 
into northern Zhejiang Province and forming more continuous clusters 
in southeastern Hubei Province and central Hunan Province (Fig. 8f). By 
the 2090s, the total area declines slightly to 190.15 × 104 km2 (19.81%), 
and high-suitability areas decrease to 42.79 × 104 km2. Although this 
represents a decrease compared to the 2070s, it remains notably higher 
than the 2050s level. Spatially, the distribution remains relatively sta
ble, continuing to cover major suitable regions in eastern, central, and 
southwestern China (Fig. 8i).

3.5. Spatial-temporal dynamics of suitable habitats under climate change 
scenarios

Under the SSP126 future climate scenario, the suitable habitat of 
S. palmifolia remains generally stable despite minor fluctuations across 
periods, showing a consistent long-term expansion trend (Fig. 9). 

Specifically, by the 2050s (Fig. 9a; Table 2), the retained area is 174.98 
× 104 km2 (retention rate: 90.54%), with a loss area of only 2.09 × 104 

km2 (loss rate: 1.08%) and an expansion area of 16.18 × 104 km2 

(expansion rate: 8.37%). By the 2070s (Fig. 9d; Table 2), the retained 
area increases slightly to 176.51 × 104 km2 (89.42%), while the loss area 
further decreases to 0.59 × 104 km2 (0.30%), and the expansion area 
continues to grow to 20.30 × 104 km2 (10.28%). In the 2090s (Fig. 9g; 
Table 2), the retained area is 175.95 × 104 km2 (89.33%), with a slight 
rebound in loss area to 1.12 × 104 km2 (0.57%), while the expansion 
area remains at 19.91 × 104 km2 (10.11%).

Under the SSP370 scenario, the species' suitable habitat exhibits a 
trend of gradually decreasing retention area, progressively increasing 
loss area, and moderately fluctuating expansion area (Fig. 9). In the 
2050s (Fig. 9b; Table 2), the retained area is 175.63 × 104 km2 

(91.49%), with a loss area of 1.47 × 104 km2 (0.77%) and an expansion 
area of 14.87 × 104 km2 (7.75%). By the 2070s (Fig. 9e; Table 2), the 
retained area declines to 174.38 × 104 km2 (90.14%), the loss area rises 
to 2.72 × 104 km2 (1.40%), and the expansion area increases to 16.35 ×
104 km2 (8.45%). By the 2090s (Fig. 9h; Table 2), the retained area 
further decreases to 173.59 × 104 km2 (89.95%), the loss area continues 
to grow to 3.50 × 104 km2 (1.81%), and the expansion area slightly 
declines to 15.90 × 104 km2 (8.24%).

Under the SSP585 scenario, the overall pattern remains relatively 
stable, with the three-area metrics showing minor fluctuations but no 
clear unidirectional trend (Fig. 9). In the 2050s (Fig. 9c; Table 2), the 
retained area is 174.18 × 104 km2 (90.25%), with a loss area of 2.92 ×

Fig. 9. Changes in stable, lost, and gained areas of S. palmifolia distribution under different climate change scenarios.
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104 km2 (1.51%) and an expansion area of 15.90 × 104 km2 (8.24%). By 
the 2070s (Fig. 9f; Table 2), the retained area increases slightly to 
174.70 × 104 km2 (90.35%), the loss area decreases to 2.40 × 104 km2 

(1.24%), and the expansion area rises modestly to 16.26 × 104 km2 

(8.41%). In the 2090s (Fig. 9i; Table 2), the retained area stabilizes at 
174.58 × 104 km2 (90.69%), the loss area increases slightly to 2.50 ×
104 km2 (1.30%), and the expansion area drops back to 15.42 × 104 km2 

(8.01%).

3.6. Centroid transfer of S. palmifolia under multiple climatic scenarios

The current distribution centroid of S. palmifolia in China is located 
in Wuyang Town, Suining County, Shaoyang City, Hunan Province 
(110◦20′E, 26◦45′N) (Fig. 10), and under different future climate sce
narios, it exhibits clear migration patterns. Under the SSP126 scenario, 
the centroid first shifts northwest by approximately 34.28 km by the 

2050s, reaching Jiangbao Village, Gaoyi Township, Huitong County, 
Huaihua City (110◦05′E, 26◦57′N). It then moves northeast by about 
11.97 km by the 2070s, arriving at Longchuantang Yao Ethnic Town
ship, Hongjiang City (110◦08′E, 27◦03′N). By the 2090s, it migrates 
southwest by approximately 10.07 km, finally stabilizing at Ruoshui 
Town, Huitong County (110◦02′E, 27◦01′N). In contrast, under the 
SSP370 scenario, the centroid moves northwest by about 27.08 km by 
the 2050s to Matang Miao and Yao Ethnic Township, Suining County 
(110◦12′E, 26◦57′N). It then continues shifting southwest, reaching 
Dashi Village, Gaoyi Township (110◦05′E, 26◦56′N) and later Tuanhe 
Town (109◦59′E, 26◦52′N), with a cumulative migration distance of 
approximately 25.14 km. Notably, under the SSP585 scenario, the 
centroid displays a more complex trajectory. It first migrates northwest 
by about 37.07 km by the 2050s to Baishi Village, Gaoyi Township, 
Huitong County (110◦02′E, 26◦56′N). It then shifts slightly southwest by 
approximately 4.98 km by the 2070s to Jinziyan Dong and Miao Ethnic 

Table 2 
Area changes in suitable habitat for S. palmifolia in response to various projection scenarios.

Scenario-period Area (104 km2) Rate of change (%)

Stability Contraction Expansion Stability Contraction Expansion

SSP126-2050s 174.98 2.09 16.18 90.54 1.08 8.37
SSP126-2070s 176.51 0.59 20.30 89.42 0.30 10.28
SSP126-2090s 175.95 1.12 19.91 89.33 0.57 10.11
SSP370-2050s 175.63 1.47 14.87 91.49 0.77 7.75
SSP370-2070s 174.38 2.72 16.35 90.14 1.40 8.45
SSP370-2090s 173.59 3.50 15.90 89.95 1.81 8.24
SSP585-2050s 174.18 2.92 15.90 90.25 1.51 8.24
SSP585-2070s 174.70 2.40 16.26 90.35 1.24 8.41
SSP585-2090s 174.58 2.50 15.42 90.69 1.30 8.01

Fig. 10. Centroid trajectories across the suitable habitat of S. palmifolia under climate change.
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Township (110◦00′E, 26◦54′N). However, by the 2090s, it reverses di
rection, moving northeast by about 27.10 km to Shuikou Township, 
Suining County (110◦16′E, 26◦58′N).

4. Discussion

4.1. Model calibration and performance assessment for S. palmifolia

The predictive capability and reliability of species distribution 
models are highly dependent on their parameter configuration (Hallgren 
et al., 2019). In this study, we conducted systematic parameter opti
mization of the MaxEnt model to address a common challenge in 
ecological niche modeling: the overreliance on default parameter set
tings, which may introduce excessive model complexity and overfitting 
risks (Kass et al., 2021). This methodological consideration aligns with 
the argument of Warren and Seifert (2011), who suggested that unad
justed default models may fail to achieve an optimal balance between 
predictive accuracy and generalization ability. Using an AICc-based grid 
search approach (Li et al., 2020), we identified the optimal parameter 
set (RM = 1.5, FC = LQHPT). This process adhered to the principle of 
parsimony in model selection, aiming to identify the simplest yet most 
effective explanation for species–environment relationships, rather than 
pursuing an extreme fit to the training data (Burnham and Anderson, 
2004). This optimization strategy significantly improved model 
robustness, ensuring that the resulting suitability maps better reflect 
true ecological patterns and thereby providing a more reliable scientific 
basis for subsequent introduction planning.

In terms of model performance evaluation, this study employed a 
multi-metric validation framework comprising AUC, TSS, and Kappa 
(Allouche et al., 2006). Although the AUC and TSS values indicated 
exceptionally high discriminative ability (Phillips and Dudík, 2008), the 
Kappa coefficient of 0.515 suggested that there was still room for 
improvement in the agreement between predicted and actual distribu
tions (Landis and Koch, 1977). This discrepancy may stem from un
avoidable spatial sampling bias in species occurrence data, which can 
influence model evaluation outcomes (Veloz, 2009). To address this 
issue, future studies could adopt strategies such as spatial block 
cross-validation to more rigorously assess model performance in 
unsampled areas and its transferability (Roberts et al., 2017). Overall, 
this model calibration exercise not only confirms the importance of 
parameter optimization for enhancing the practical value of MaxEnt 
models, but also reflects the ongoing trend in species distribution 
modeling toward greater reproducibility, transparency, and interpret
ability (Muscarella et al., 2014).

4.2. Distributional stasis and internal suitability reorganization as a 
response mechanism

A central contribution of this study is the identification of a response 
pattern we term distributional stasis with internal suitability reorgani
zation in S. palmifolia's response to climate change. While the total 
suitable area remains remarkably stable across all future scenarios, 
ranging from 177.22 × 104 to 196.80 × 104 km2, the internal structure 
undergoes profound transformation. Specifically, highly suitable habitat 
expands from 12.20 × 104 km2 under current conditions to between 
29.69 × 104 and 50.39 × 104 km2 depending on emission scenarios, 
representing a 2.4-to-4.1-fold increase. This finding challenges the 
conventional poleward shift paradigm that has long dominated climate 
change biogeography (Parmesan and Yohe, 2003). Instead, our results 
align with the emerging concept of distributional stasis (Bowler et al., 
2017; Zhu et al., 2012), which posits that many species respond to 
climate change not through large scale latitudinal or elevational shifts, 
but through local adjustments within their existing range and a 
restructuring of internal suitability patterns.

This mechanism of internal reorganization arises from heteroge
neous changes in climatic factors and their complex, nonlinear 

interactions with species specific niche thresholds. At the same time, 
microclimatic heterogeneity generated by complex topography offers 
local refugia, allowing species to track suitable conditions through short 
distance migration. This process manifests as relative range stability at 
broader spatial scales (Dobrowski, 2011). Importantly, future combi
nations of climatic variables may extend beyond current climatic space, 
resulting in novel climates that could compel species into unconven
tional distributional responses, further accentuating internal suitability 
reorganization over simple boundary shifts (Williams and Jackson, 
2007).

We propose the term suitability turnover to describe this phenome
non, a metric that captures the simultaneous expansion of high suit
ability areas and contraction of low suitability zones within a stable total 
range. To our knowledge, this study provides the first quantitative 
documentation of suitability turnover in a C4 forage grass species across 
multiple SSP scenarios and time slices. Emerging evidence from diverse 
taxa supports this interpretation. For example, Cui et al. (2025)
demonstrated that Caragana versicolor shrub expansion on the Tibetan 
Plateau was initially enhanced by moderate warming but subsequently 
constrained by climate extremes, highlighting how realized distribution 
changes arise from complex interactions between mean climate shifts 
and extreme events. Similarly, Román-Palacios and Wiens (2020)
showed that across diverse taxa, local persistence within existing ranges 
often better characterizes climate responses than wholesale range shifts. 
The internal suitability reorganization we observe may reflect such 
nonlinear responses to combined changes in seasonal precipitation and 
temperature variability. This finding shifts the focus from simple range 
boundary mapping to internal suitability dynamics, offering a more 
nuanced framework for climate adaptive species management.

4.3. Empirical evidence for hierarchical filtering of non-climatic factors

While many species distribution modeling studies either exclude 
non-climatic variables or treat them as minor contributors, this study 
quantitatively tested the hierarchical filtering hypothesis (Soberón and 
Nakamura, 2009) using an optimized MaxEnt framework that integrated 
climate, topography, vegetation, and human activity variables. Our re
sults show that climatic factors, specifically Bio18, Bio19, and Bio2, 
collectively account for 93.4% of the model's explanatory power at the 
national scale. However, the jackknife tests reveal that the Human 
Footprint Index (HFI, 1.8%) and NDVI (1.3%) retain independent 
regularized training gain when used in isolation, indicating their non 
negligible role as secondary filters.

This finding has two important implications. First, it empirically 
validates the hierarchical filtering hypothesis for a forage grass species. 
Broad scale climate conditions act as the primary filter, determining the 
fundamental niche, while local non-climatic factors serve as secondary 
filters that modulate realized distribution at finer scales (Pearson and 
Dawson, 2003). This outcome aligns with the hierarchical filtering hy
pothesis in niche theory, which proposes that species distributions at 
broad spatial scales are primarily constrained by regional climate con
ditions. Local non-climatic factors act as secondary filters whose influ
ence may be obscured by dominant climatic signals in macro scale 
analytical models (Soberón and Nakamura, 2009). Thus, our conclu
sions do not negate the ecological relevance of non-climatic factors but 
rather clarify the scale at which they operate.

Second, this finding provides practical guidance for introduction 
planning. While climate suitability maps identify potential regions, 
successful establishment in expansion areas will depend on local human 
disturbance levels and vegetation conditions, a critical insight often 
overlooked in climate only SDM studies (Di Marco et al., 2018; He et al., 
2009). The independent explanatory power of HFI and NDVI in jack
knife tests suggests their potential importance at finer, local scales in 
influencing species establishment and population persistence. This 
finding reflects a phenomenon increasingly documented through 
observational studies. For instance, Zhao et al. (2025b) suggested that 

Y. Xiang et al.                                                                                                                                                                                                                                   Environmental and Sustainability Indicators 30 (2026) 101263 

11 



tropical bird range expansions detected through field observations were 
shaped by habitat modification and vegetation cover, factors often 
secondary in broad scale climate models. This suggests that while our 
modeling identifies climatically suitable zones for S. palmifolia, suc
cessful introduction and population persistence in expansion areas will 
depend on local human disturbance levels and vegetation conditions.

4.4. Non-linear and multi-directional centroid migration trajectories

Contrary to the common expectation of unidirectional poleward or 
upward centroid shifts (Lenoir et al., 2017; Parmesan and Yohe, 2003), 
our analysis reveals complex, non-linear migration trajectories that vary 
markedly across SSP scenarios. Under SSP126, the centroid first shifts 
northwest by 34.28 km by the 2050s, then northeast by 11.97 km by the 
2070s, and finally southwest by 10.07 km by the 2090s. Under SSP370, 
the centroid moves northwest by 27.08 km by the 2050s and then 
continues shifting southwest with a cumulative migration distance of 
approximately 25.14 km. Under SSP585, the centroid migrates north
west by 37.07 km by the 2050s, followed by a slight southwest shift of 
4.98 km by the 2070s, and then a pronounced northeast reversal of 
27.10 km by the 2090s.

This non-linear behavior challenges the prevailing assumption that 
climate change drives simple directional range shifts. Instead, our results 
suggest that local microclimatic refugia and water temperature in
teractions, rather than unidirectional temperature increase alone, drive 
the species' future redistribution (Dobrowski, 2011; Keppel et al., 2012). 
The complexity of distribution centroid migration further illustrates 
these nonlinear dynamics. The non-unidirectional trajectories of 
S. palmifolia's centroid challenge the conventional poleward shift hy
pothesis, underscoring the decisive influence of local scale environ
mental filters and the co-variation of multiple climatic factors (Lenoir 
et al., 2017). Rather than responding simply to mean temperature in
creases, centroid movement reflects spatiotemporal differentiation of 
combined effects from extreme events and water stress (Garcia et al., 
2014), modulated by microclimate refugia in complex terrain (Keppel 
et al., 2012). This mechanistic understanding aligns with emerging ev
idence that species' range dynamics under climate change are shaped by 
interactions between broad scale climate shifts and local scale buffers 
(Cui et al., 2025).

The scenario dependent variability further indicates that different 
emission pathways produce qualitatively different spatial outcomes, 
which has direct implications for long term introduction planning. For 
instance, under SSP585 by the 2070s, the northeastward reversal sug
gests that novel climate combinations (Williams and Jackson, 2007) 
may create unexpected suitable conditions in previously marginal areas. 
To our knowledge, this study provides the first documentation of 
non-linear, multi-directional centroid migration for a forage grass spe
cies under contrasting SSP scenarios, highlighting the need for dynamic, 
scenario adaptive management strategies rather than static conservation 
plans.

4.5. Limitations of this study and future research directions

This study has three key limitations. First, the selection of environ
mental variables remains dominated by climatic factors, while localized 
non-climatic drivers such as soil properties and interspecific competition 
are not fully incorporated. This limitation reduces the model's predictive 
accuracy at micro-habitat scales. Second, although parameter optimi
zation effectively mitigated overfitting, spatial sampling bias in the 
occurrence data of S. palmifolia persists. This leaves room for improve
ment in model predictive consistency, as reflected in metrics such as the 
Kappa coefficient. Third, the current modeling framework does not ac
count for the species' actual dispersal capacity or landscape resistance, 
which may lead to overestimation of the ecological accessibility of 
future suitable habitats.

To address these gaps, future research should focus on developing 

multi-scale, multi-factor integrated habitat models that incorporate key 
variables such as soil attributes and biotic interactions. Future studies 
should also adopt validation strategies like spatial block cross-validation 
to enhance model generalizability and transferability to unsampled re
gions. Furthermore, integrating dispersal models and landscape con
nectivity analysis could provide a more realistic assessment of the actual 
expansion pathways and conservation feasibility of S. palmifolia under 
climate change.

5. Conclusion

This study systematically predicted the potential distribution pat
terns of S. palmifolia in China under both current and future climate 
scenarios. By optimizing the MaxEnt model, we determined that its 
distribution is primarily controlled by seasonal precipitation, specif
ically precipitation of the warmest and coldest quarters, and the mean 
diurnal temperature range. Our findings reveal that although the total 
suitable habitat area remains stable under future scenarios, it undergoes 
significant internal reorganization: the extent of highly suitable areas 
continues to expand, and the distribution centroid shifts along complex 
trajectories, challenging the traditional poleward shift paradigm. This 
highlights microclimatic heterogeneity and water-thermal interactions 
as pivotal mechanisms. Our work delivers critical insights for forecasting 
ecological responses to climate change and creates a science-based 
framework for the strategic cultivation and conservation of 
S. palmifolia as a forage resource, pinpointing key areas for protection 
and expansion. Integrating soil and dispersal data is a vital next step for 
refining these predictions. The spatially explicit framework developed 
here offers a replicable methodology for assessing climate-driven habitat 
reorganization in economically important plant species, supporting 
evidence-based policy formulation for agricultural sustainability in 
China and comparable regions globally.
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