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Abstract

In recent years, increasing attention has been paid to the influence of climate change on the
distribution and spread of invasive species. However, projections of the future distributions
of invasive Ipomoea species remain limited, despite their strong reproductive capacity,
ecological adaptability, and competitive ability. In this study, 34 environmental variables
were initially considered, and highly correlated variables were removed before fitting
Maximum Entropy (MaxEnt) models, with model settings selected according to species-
specific sample sizes, to predict the potential distributions of five invasive Ipomoea species
(Ipomoea nil, Ipomoea purpurea, Ipomoea quamoclit, Ipomoea lacunosa, and Ipomoea alba) across
China under current and future climate scenarios (SSP126, SSP370, and SSP585). Model
performance and the contributions of environmental variables were evaluated, and changes
in suitable areas and distribution centroids were compared among climate scenarios. All
five models showed high predictive performance, with AUC values exceeding 0.9. Snow
cover days (SCD) was the main predictor for I. nil and I. purpurea, while Bio9, elevation,
and Bio11 were the dominant predictors for I. quamoclit, I. lacunosa, and I. alba, respectively.
Compared with the baseline climate period (1981–2010), suitable areas for all five species
were projected to expand under future climate scenarios, with varying shifts in distribution
centroids. These results indicate that climate warming may increase the potential invasion
risk and ecological impacts of invasive Ipomoea species in China, highlighting the need for
strengthened monitoring and management to support biodiversity conservation.

Keywords: alien species; future climate scenarios; environmental driver; suitable area;
MaxEnt model

1. Introduction
Invasive species are organisms that come from outside the local ecosystem, including

plants, animals, and microorganisms [1,2]. With ongoing globalization and a changing
climate, biological invasions have increased competition for resources and disturbed eco-
logical balance, increasing competitive pressure on native species and contributing to
global declines in biodiversity and ecosystem decline worldwide [3,4]. On the other hand,
invasive species can reduce crop yields, increase agricultural management costs, and
negatively affect socio-economic development [5,6]. In China, several invasive species,
including Bemisia tabaci [7], Bursaphelenchus xylophilus [8], and Ageratina adenophora [9], have
been reported to cause crop yield reductions, timber losses, and livestock poisoning [10].
Between 1965 and 2017, the aggregate economic burden of biological invasions in China
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was estimated at US$174.7 billion (in 2017 constant dollars), with an average annual loss of
approximately US$3.30 billion [11–13]. Moreover, climate change may further complicate
the management and control of invasive species by altering their dispersal processes and
rates [14,15]. Therefore, accurately predicting the potential range and invasion mecha-
nisms of invasive plants under future climate change can help guide early prevention and
control measures.

Ipomoea represents the largest genus within the Convolvulaceae family, known for its
high reproductive potential, strong adaptability, and rapid growth, and is widely found
across tropical and subtropical regions worldwide [16,17]. In China, 13 invasive Ipomoea
species have been recorded and are widely distributed in southern China and parts of
eastern China, most of which are herbaceous vines [18,19]. Some Ipomoea species can
establish stable populations in a variety of habitats, including croplands, forest margins,
riverbanks, roadsides, and wastelands [20,21]. Their rapid growth and twining habit may
form dense vegetation cover, suppress native plant growth, and alter plant community
structure, with potential consequences for ecosystem stability and biodiversity [22]. In
agricultural systems, invasive Ipomoea species may also compete with crops for light, water,
and nutrients, increasing field management costs and potentially causing agricultural
production losses [23,24]. Therefore, assessing the future range of Ipomoea species under
climate change is important for informing effective invasion management.

Currently, models of species distribution (SDMs) have been widely applied to species
distribution prediction, endangered species conservation, and invasion risk assessment of
non-native species because they can effectively integrate species occurrence records with
environmental factors such as climate, topography, and soil, quantify the relationships
between species and environmental conditions, and predict potential suitable areas under
current and future environmental conditions [25,26]. In addition, SDMs can overcome the
spatial limitations of existing occurrence records and facilitate the assessment of changes
in species distributions and their responses to climate change [27]. Many researchers
use methods such as MaxEnt (Maximum Entropy Model), RF (Random Forest), GAM
(Generalized Additive Model), GBM (Generalized Boosted Model), and GLM (Generalized
Linear Model) to simulate the nonlinear relationship between species and environmental
variables, all of which have good generalization ability and prediction accuracy [28–30].
However, relative to other approaches for modeling species distributions, MaxEnt has a
key advantage in requiring only presence-only data, while still achieving high accuracy
and stability with limited samples [31,32]. Furthermore, MaxEnt can quantify the relative
contributions of environmental variables and generate spatially explicit habitat suitability
predictions, making it an effective tool for identifying potential suitable habitats and
their environmental drivers [33]. Early studies have used MaxEnt models to predict
various invasive plants, such as Alternanthera philoxeroides [34], Eriochloa villosa [35], and
Cenchrus spinifex [36]. In addition, researchers have also used this model to predict multiple
plants of the same family or genus, such as the Avena genus [37], the Asteraceae family [38],
and the Bidens genus [39]. However, previous research has largely focused on individual
species or a few families and genera, and systematic assessments of the potential range and
invasion risk of highly invasive Ipomoea species are still lacking.

In this study, we employed the MaxEnt model (version 3.4.4; Princeton University,
Princeton, NJ, USA), together with occurrence data from five Ipomoea species in China and
34 environmental factors (such as climate, topography, soil, and UV-B radiation), to assess
how climate change influences their distribution patterns (Figure S1). The specific objectives
are: 1⃝ Identify the key environmental factors influencing the invasion of five Ipomoea
species; 2⃝ Construct the current distribution patterns (1981–2010) of five invasive plants in
the Ipomoea and further predict their future distribution trends under three climate scenarios;
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3⃝ Quantify the centroid migration and rate of five Ipomoea species under three future
climate scenarios, and propose monitoring strategies for specific regions.

2. Materials and Methods
2.1. Data Source for the Distribution Sample

To identify Ipomoea species occurring in China, data were obtained from the Chinese
Information System on Invasive Alien Species (https://www.iplant.cn/ias/, accessed on
18 October 2025). According to the relevant classification, I. purpurea is classified as Level I
(malicious invasion), I. nil as Level II (serious invasion), and I. quamoclit, I. lacunosa, and
I. alba as Level III (localized invasion) in China.

Occurrence records of the five invasive Ipomoea species were then obtained from
the GBIF (Global Biodiversity Information Facility) (https://www.gbif.org/, accessed on
20 October 2025), Plant Intelligence (https://www.iplant.cn/ias/, accessed on 20 October 2025),
and CVH (Chinese Virtual Herbarium) (https://www.cvh.ac.cn/, accessed on 22 October 2025).
To maintain a constant sampling density and lessen sampling bias, the occurrence points
were spatially thinned through the “SpThin” package in R (version 4.4.2; R Foundation for
Statistical Computing, Vienna, Austria), making sure that each point was at least 7.5 km
apart. Following this step, the dataset included 430 valid records for I. nil, 340 for I. purpurea,
173 for I. quamoclit, 28 for I. lacunosa, and 56 for I. alba (Figure 1 and Table 1).

Figure 1. Five species of Ipomoea are distributed across China.

Table 1. Lifeforms and origin of five invasive plants in the Ipomoea.

Plants Life Form Origin Intrusion Level Number of
Distribution Records

I. nil Annual herb Tropical America Serious invasion 430
I. purpurea Annual twining herb Tropical America Malicious intrusion 340
I. quamoclit Annual, slender twining herb Tropical America Localized invasion 173
I. lacunosa Annual twining herb Eastern and central America Localized invasion 28

I. alba Annual or perennial large
twining herb Tropical America Localized invasion 56
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2.2. Selection of Variables

A total of 34 predictor variables, including climate, soil, terrain, and UV-B radiation, as
modeling factors (Table 2). Climatic data were derived from the CHELSA database (Clima-
tologies at high resolution for the earth’s land-surface areas) (https://chelsa-climate.org,
accessed on 27 October 2025) and include 19 bioclimatic variables (Bio1-Bio19) and SCD
(snow cover days), representing key climatic characteristics of the study area. All variables
were processed at a 30-arcsecond (approximately 1 km) spatial resolution. Meanwhile,
we used the CMIP6 (Coupled Model Intercomparison Project Phase 6) Shared Socioe-
conomic Pathways (SSPs) as future climate projections. Three representative scenarios
were selected in this study, including SSP126, SSP370, and SSP585, representing different
levels of future climate change intensity. Specifically, SSP126 is generally considered a
sustainable development pathway characterized by strong international cooperation, low-
carbon development, and increased reliance on renewable energy, with global warming
estimated at around 1.8 ◦C. SSP370 reflects a regional rivalry pathway, with relatively
high emissions and an estimated global warming of approximately 3.6 ◦C. In contrast,
SSP585 describes a high-emission pathway driven by continued fossil fuel dependence
and limited climate mitigation efforts, with global temperatures projected to rise by ap-
proximately 4.4 ◦C by 2100. The data for these three scenarios are based on the ensemble
mean of five CMIP6 Global Climate Models (GCMs) (GFDL-ESM4, UKESM1-0-LL, MPI-
ESM1-2-HR, IPSL-CM6A-LR, and MRI-ESM2-0) to reduce the systematic bias of individual
models and improve the reliability and representativeness of future climate projections.
Elevation data were derived from the 30-m DEM available through the Geospatial Data
Cloud (https://www.gscloud.cn/, accessed on 28 October 2025). On this basis, we used the
ArcGIS 10.8.1 tool (Esri, Redlands, CA, USA) to extract slope, aspect, and TWI information
to reflect the geomorphic features of the study area, as these variables are closely related
to local topography, solar radiation, and moisture conditions, which may influence the
distribution of invasive Ipomoea species. Previous studies have shown that UV-B radiation
(Ultraviolet-B radiation) can affect seed germination, morphological development, and pho-
tosynthetic performance in Ipomoea species, whose growth and interspecific competition are
also closely associated with light conditions [40]. Therefore, UV-B radiation was included
as an environmental factor in this study. The relevant variables were obtained from the
global UV-B radiation database (http://www.ufz.de/gluv/, accessed on 28 October 2025),
including UV-B1 to UV-B6. The soil information, including soil organic carbon (OC), total
nitrogen (TN), pH, and bulk density (BD) at depths of 0–5 cm and 5–15 cm, was obtained
from the SoilGrids database (https://soilgrids.org/, accessed on 29 October 2025) and
averaged across the two layers to better represent surface soil properties and to reflect
the effects of soil fertility, nutrient availability, and physicochemical conditions on the
distribution of the five invasive Ipomoea species.

To reduce redundancy among predictors, we conducted a Pearson correlation analysis
across the 34 environmental variables. Variable pairs with correlations above 0.8 were
deemed highly collinear, and only those with clear ecological relevance and high contri-
bution and permutation importance in preliminary modeling were kept (Figure 2 and
Table S1). In addition, to ensure spatial consistency among all environmental rasters, the
original 30-m DEM was resampled to a target resolution of 1 km × 1 km using bilinear
interpolation in ArcGIS, and all environmental layers were projected to the WGS-1984
coordinate system.

2.3. Model Settings and Model Construction

To predict the potential ranges of five invasive Ipomoea species in China, species-specific
MaxEnt model settings were selected using ENMeval in R [41–43]. Specifically, model-
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ing for I. nil was conducted using feature classes (FC) = LQH (Linear + Quadratic + Hinge)
and regularization multiplier (RM) = 1, while I. purpurea was modeled with
FC = LQH (Linear + Quadratic + Hinge) and RM = 1. For I. quamoclit, modeling employed
FC = LQHT (Linear + Quadratic + Hinge + Threshold) and RM = 2 (Figure S1). Given their
limited occurrence records (fewer than 80 spatial points), default MaxEnt feature-class and
regularization settings were directly adopted for I. lacunosa and I. alba [41,44,45].

Table 2. 34 types of environmental variables.

Type Variable Variable Description Unit

Climate

Bio1 Average Annual Temperature ◦C
Bio2 Mean Diurnal Range −
Bio3 Isothermality ◦C
Bio4 Temperature Seasonality ◦C
Bio5 Highest Temperature of Hottest Month ◦C
Bio6 Min Temperature of Coldest Month ◦C
Bio7 Temperature Annual Range ◦C
Bio8 Mean Temperature of Wettest Quarter ◦C
Bio9 Mean Temperature over the Driest Quarter ◦C

Bio10 Mean Temperature of Warmest Quarter ◦C
Bio11 Mean Temperature of the Coldest Quarter ◦C
Bio12 Annual Precipitation mm
Bio13 Precipitation of the Wettest Month mm
Bio14 Precipitation of the Driest Month mm
Bio15 Precipitation Seasonality mm
Bio16 Precipitation of the Wettest Quarter mm
Bio17 Precipitation of the Driest Quarter mm
Bio18 Precipitation of the Warmest Quarter mm
Bio19 Precipitation of the Coldest Quarter mm
SCD Snow Cover Days d

Altitude

Aspect Aspect ◦

Elevation Elevation m
Slope Slope ◦

TWI Topographic Wetness Index −

Soil Variables

BD Bulk Density g/cm3

OC Soil Organic Carbon g/cm3

pH Soil pH −
TN Total Nitrogen g/cm3

UV-B

UVB1 Annual Mean UV-B Radiation kJ m−2 day−1

UVB2 UV-B Radiation Seasonality kJ·m−2·day−1

UVB3 Mean UV-B of Highest Month kJ m−2 day−1

UVB4 Mean UV-B radiation of the wettest quarter kJ·m−2·day−1

UVB5 Sum of Monthly Mean UV-B
during Highest Quarter kJ m−2 day−1

UVB6 UV-B Radiation of the Driest Quarter kJ·m−2·day−1

Note: “−” represents unselected variables in the model.

In this study, MaxEnt was set to randomly select 25% of each species’ occurrence data
as the model test dataset, with the remaining 75% used as the model training dataset [46].
Model replicates were implemented using bootstrap resampling with a total of 10 replicates.
For each replicate, a maximum of 10,000 background points were randomly sampled
across mainland China, which was defined as the unified accessible modeling area for all
five Ipomoea species. To comprehensively evaluate model performance, we used area under
the Curve (AUC), true skill statistic (TSS), omission rate, and the continuous Boyce index
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(CBI) to assess model discrimination, prediction error, and calibration (Table 3), with final
results averaged across 10 replicates to reduce random variation [47,48]. AUC, TSS, and
CBI values closer to 1 indicate better model performance, with stronger discrimination
and greater consistency between predicted suitability and observed occurrences [49–51],
whereas lower omission rates indicate fewer missed occurrences and better predictive
performance [52]. The Jackknife test was used to figure out how important each variable
was, and the logistic outputs showed the chances of each event happening, while the other
settings stayed the same. Based on the continuous logistic suitability outputs, the potential
distribution was further classified into three habitat suitability categories using unified
thresholds across current and future climate scenarios: unsuitable (p < 0.4), moderately
suitable (0.4 ≤ p < 0.6), and highly suitable (0.6 ≤ p ≤ 1.0) [53]. To reduce random error, the
final results were averaged over 10 copies. Combined with ArcGIS, species presence was
quantified on a scale of 0 to 1, where higher values reflect a better probability of existence.
Meanwhile, a threshold of 50% probability of occurrence was adopted to distinguish
predicted presence from absence [54–56].

 
(a) 

 
(b) (c) 

 
(d)  

(e) 

 

Figure 2. Correlation matrices of 5 Ipomoea species: (a) I. nil, (b) I. purpurea, (c) I. quamoclit,
(d) I. lacunosa, (e) I. alba.

Table 3. Model evaluation metrics of five Ipomoea species from ten runs under the current climate.

Plants Metric Type 1 2 3 4 5 6 7 8 9 10 Avg.

I. nil

Training AUC 0.9218 0.9377 0.9330 0.9203 0.9269 0.9190 0.9231 0.9321 0.9196 0.9225 0.9256
Test AUC 0.9065 0.9245 0.9131 0.9175 0.9127 0.8923 0.9023 0.9077 0.9250 0.9110 0.9113

TSS 0.8143 0.8309 0.8425 0.8493 0.8493 0.8543 0.8587 0.8644 0.8669 0.8661 0.8492
Training Omission 0.1289 0.0383 0.0941 0.0627 0.101 0.0801 0.1254 0.1498 0.0662 0.0871 0.0934

Test Omission 0.1579 0.0737 0.1789 0.1158 0.1263 0.1053 0.2105 0.2632 0.0526 0.1263 0.1411
CBI 0.995 0.99 0.964 0.992 0.984 0.985 0.999 0.992 0.995 0.995 0.9891
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Table 3. Cont.

Plants Metric Type 1 2 3 4 5 6 7 8 9 10 Avg.

I. purpurea

Training AUC 0.9007 0.9096 0.9050 0.9119 0.9120 0.9173 0.9051 0.9056 0.9223 0.9171 0.9107
Test AUC 0.9039 0.9154 0.8879 0.8815 0.8885 0.8946 0.8871 0.8958 0.8762 0.8922 0.8923

TSS 0.8111 0.8243 0.8391 0.851 0.8602 0.8723 0.8785 0.8845 0.8914 0.8942 0.8606
Training Omission 0.0724 0.0618 0.0837 0.0946 0.0753 0.0871 0.0685 0.0912 0.0776 0.0889 0.08011

Test Omission 0.0736 0.0589 0.0817 0.0943 0.0875 0.0768 0.0642 0.0916 0.0695 0.0824 0.0781
CBI 0.991 0.986 0.989 0.989 0.994 0.992 0.975 0.993 0.992 0.993 0.9894

I. quamoclit

Training AUC 0.9481 0.9530 0.9491 0.9422 0.9388 0.9428 0.9444 0.9452 0.9524 0.9572 0.9473
Test AUC 0.9178 0.9367 0.9239 0.9161 0.9289 0.9153 0.9299 0.9385 0.9606 0.9398 0.9308

TSS 0.8327 0.8329 0.8421 0.8539 0.8671 0.8759 0.8867 0.8889 0.8949 0.8821 0.8655
Training Omission 0.0088 0.0619 0.0885 0 0.0442 0.0265 0.0265 0.1239 0.0708 0.0354 0.0487

Test Omission 0.0541 0.027 0.1622 0 0.0541 0.1081 0.1351 0.1622 0.0541 0.1351 0.0892
CBI 0.89 0.921 0.973 0.98 0.952 0.97 0.929 0.96 0.98 0.978 0.9533

l. lacunosa

Training AUC 0.9803 0.9796 0.9698 0.9794 0.9900 0.9801 0.9730 0.9849 0.9894 0.9707 0.9797
Test AUC 0.9807 0.9796 0.9565 0.9554 0.9261 0.9874 0.9273 0.9599 0.9817 0.9817 0.9636

TSS 0.7581 0.7851 0.7889 0.7983 0.8071 0.8162 0.8253 0.8303 0.8409 0.8529 0.8103
Training Omission 0.0625 0.0625 0 0.0625 0 0 0.125 0.0625 0 0 0.0375

Test Omission 0 0.2 0 0.2 0.6 0 0.6 0.2 0 0 0.18
CBI 0.889 0.872 0.886 0.841 0.756 0.94 0.829 0.742 0.808 0.716 0.8279

I. alba

Training AUC 0.9862 0.9926 0.9945 0.9898 0.9931 0.9889 0.9892 0.9856 0.9895 0.9872 0.9897
Test AUC 0.9818 0.9875 0.9901 0.9897 0.9868 0.9661 0.9608 0.9852 0.9947 0.9815 0.9824

TSS 0.847 0.8606 0.8453 0.8214 0.8355 0.8525 0.8198 0.8131 0.8661 0.8039 0.8365
Training Omission 0.0303 0.0303 0 0.0606 0.0303 0.0303 0.0606 0.1212 0.0303 0.0606 0.0454

Test Omission 0 0.1 0 0.2 0.2 0.2 0.3 0.1 0 0.1 0.13
CBI 0.866 0.925 0.808 0.918 0.869 0.874 0.958 0.78 0.834 0.84 0.8672

3. Results
3.1. Performance and Validation of the Model

The average AUC from ten replicates demonstrates high predictive accuracy and
strong model discrimination. The mean AUC values for I. nil, I. purpurea, and I. quamoclit
were 0.926, 0.911, and 0.947, respectively. Although I. lacunosa and I. alba were modeled
using the default settings, they still reached high AUC levels at 0.980 and 0.990, respectively
(Figure 3 and Table 3).

Figure 3. ROC (Receiver Operating Characteristic) curve and AUC results of five Ipomoea species
under current climate conditions (1981–2010) based on ten runs: (a) I. nil, (b) I. purpurea, (c) I. quamoclit,
(d) I. lacunosa, (e) I. alba.

3.2. Key Environmental Factors Influencing the Ipomoea Invasion

Table 4 shows the impact of various environmental variables on the potential habitats
of five invasive plants in Ipomoea. Meanwhile, the jackknife test (Figure 4) shows the relative
importance of individual environmental factors, residual variables after removing factors,
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and a complete model that includes all variables. Based on this, the study identified the
most influential variables as the key factors determining the likely ranges of the five invasive
Ipomoea species and analyzed the response curves for each species. In these response curves,
the red and gray shaded areas represent the mean and standard deviation across ten model
runs, respectively (Figure S2).

Table 4. Percentage contribution of environmental variables.

Type Variable Variable Description Unit
Percent Contribution (%)

I. nil I. purpurea I. quamoclit I. lacunosa I. alba

Climate

Bio2 Mean Diurnal Range ◦C 3.9 0.1 3.9 3.6 0.4
Bio3 Isothermality Unitless 0.6 4.2 0.6 5.3 0.2

Bio4 Temperature
Seasonality Unitless − − − 5.3 −

Bio7 Temperature Annual
Range

◦C 12.9 2.6 0.7 − 2.8

Bio8 Mean Temperature of
Wettest Quarter

◦C − − 6.2 − 0.8

Bio9 Mean Temperature
over the Driest Quarter

◦C − − 57.0 − −

Bio11 Mean Temperature of
Coldest Month

◦C − − − − 65.6

Bio12 Annual Precipitation mm 3.7 13.9 11.6 − −

Bio13 Precipitation of the
Wettest Month mm − − − − 0.8

Bio15 Precipitation
Seasonality Unitless 1.2 1.1 1.7 0.6 2.2

Bio19 Precipitation of the
Coldest Quarter mm − − − 15.5 2.0

SCD Snow Cover Days d 53.3 41.1 − − −

Soil

BD Bulk Density g/cm3 3.7 0.7 2.5 1.5 −
TN Soil Nitrogen g/cm3 1.6 0.5 0.1 2.9 0.6
pH Soil pH Dimensionless 6.1 14.4 1.2 2.3 1.1
OC Soil Organic Carbon g/cm3 0.3 4.2 1.7 2.2 13.9

Altitude

Aspect Aspect (◦) 0.7 1.0 0.2 2.5 0.4
Elevation Elevation m − − − 41.5 -

Slope Slope (◦) 1.8 2.0 2.4 11.0 1.6

TWI Topographic Wetness
Index unitless 3.2 1.0 0.9 1.3 2.5

UV-B

UVB2 UV-B Radiation
Seasonality kJ·m−2·day−1 5.6 5.8 9.0 − 1.2

UVB4 Mean UV-B radiation
of the wettest quarter kJ·m−2·day−1 1.4 7.5 0.2 − 2.3

UVB6 UV-B Radiation of the
Driest Quarter kJ·m−2·day−1 − − − 4.5 −

Note: “−” represents unselected variables in the model.

The distribution of I. nil was primarily associated with SCD, Bio7 (Temperature annual
range), and pH. Its occurrence probability showed a continuous decline with increasing
SCD and Bio7, suggesting a preference for areas with fewer snow-covered days and a
relatively narrower annual temperature range. The optimal pH range was 5.6–7.8, with the
highest occurrence probability (approximately 0.78) at around pH 7.0.

For I. purpurea, SCD, pH, and Bio12 (Annual precipitation) were the main environ-
mental predictors. Occurrence probability declined with increasing SCD, whereas its
response to pH was highest within the range of 6.4–8.2, reaching a maximum of approxi-
mately 0.85 at pH 7.5. The occurrence probability remained above 0.5 across a broad range
of Bio12 (500–7000 mm), with the highest probability (approximately 0.77) occurring at
around 800 mm.

The distribution of I. quamoclit was primarily associated with Bio9 (Mean temper-
ature of the driest quarter), Bio12, and UV-B2 (UV-B Radiation Seasonality). Its occur-
rence probability increased with Bio9 and reached approximately 0.98 at around 29 ◦C.
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The response of I. quamoclit to Bio12 was relatively broad, with occurrence probabilities
above 0.5 between 1200 and 6200 mm and a peak of approximately 0.95 at around 3500 mm.
In contrast, occurrence probability showed a generally negative response to UV-B2 and
declined markedly at relatively high UV-B2 levels, suggesting that strong UV-B radiation
seasonality may constrain the habitat suitability of I. quamoclit.

Figure 4. Jackknife test results: (a) I. nil, (b) I. purpurea, (c) I. quamoclit, (d) I. lacunosa, (e) I. alba.

For I. lacunosa, elevation, Bio19 (Precipitation of coldest quarter), and slope were
the primary predictors. Its occurrence probability decreased with increasing elevation.
The response to Bio19 was highest within 50–700 mm, reaching a peak probability of
approximately 0.85 at 150 mm. The suitable slope range was 0–5◦, with the highest
occurrence probability (approximately 0.70) at 0◦.

The distribution of I. alba was primarily associated with Bio11 (Mean Temperature of
Coldest Quarter), OC (soil organic carbon), and Bio7. Its occurrence probability increased
with Bio11 and OC, whereas a decreasing trend was observed with increasing Bio7.

3.3. Potential Distribution Under Current Climatic Circumstances

Using the results from MaxEnt predictions, potentially suitable habitat patterns for
five invasive Ipomoea species in the current period were obtained (Figure 5).

I. nil was mainly distributed in southern and southwestern China, particularly across
Chongqing, Guangxi, and Guangdong, with 37.19 × 104 km2 of highly suitable habitat ex-
tending toward the southeastern coast. I. purpurea exhibited the broadest potential distribu-
tion, with highly suitable habitats (57.55 × 104 km2) concentrated in Guangxi, Guangdong,
Fujian, Taiwan, and southeastern Chongqing, while moderately suitable areas extended to-
ward the middle and lower reaches of the Yangtze River and the Yunnan–Guizhou Plateau.
I. quamoclit showed a similar southern distribution pattern, with 26.48 × 104 km2 of highly
suitable habitat mainly occurring in southern China and the southeastern coastal region,
and moderately suitable areas extending into central-southern and eastern southwestern
China. In contrast, I. lacunosa displayed a more localized distribution, with 10.56 × 104 km2

of highly suitable habitat concentrated in the middle and lower reaches of the Yangtze
River, particularly around eastern Chongqing, northeastern Guizhou, and northern Fujian.
I. alba had the most restricted potential distribution, with 3.70 × 104 km2 of highly suitable
habitat primarily located in Hainan and Taiwan, while moderately suitable areas occurred
mainly in central Yunnan and southeastern Tibet. Overall, the five species shared a predom-
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inantly southern distribution pattern but differed substantially in the extent and spatial
configuration of their potential habitats.

Figure 5. Distribution status of Ipomoea species in China: (a) I. nil, (b) I. purpurea, (c) I. quamoclit,
(d) I. lacunosa, (e) I. alba.

3.3.1. Potential Habitat of I. nil Under Projected Climate Scenarios

Figure 6 and Table 5 show that the potentially suitable area for I. nil exhibits different
change responses under different climate scenarios in the future. Compared with the
current total suitable area (suitability value ≥ 0.4; 105.27 × 104 km2), the total suitable area
of I. nil was projected to expand under all three future climate scenarios, with the magnitude
of expansion increasing over time. Under SSP126, the highly suitable area showed the
most pronounced expansion during 2041–2070, reaching 86.48 × 104 km2, an increase of
132.45% relative to the current period. Under SSP370, the moderately and highly suitable
areas continued to expand, resulting in a total suitable area of 181.57 × 104 km2 by the end
of the 21st century, representing a 72.48% increase relative to the current period. Under
SSP585, areas with low suitability decreased progressively, with a corresponding shift
toward moderate and high suitability levels. Spatially, highly suitable areas were projected
to expand primarily toward northern China, the Huai River Basin, and southwestern China,
while moderately suitable areas extended toward northeastern and northwestern China.

3.3.2. Potential Habitat of I. purpurea Under Projected Climate Scenarios

The MaxEnt projections indicated that the total suitable area of I. purpurea generally
increased under the three future climate scenarios (Figure 7 and Table 6). The current
total suitable area was 140.10 × 104 km2. It increased progressively under SSP126 and
SSP370, whereas SSP585 showed a slight decline during 2011–2040 followed by a marked
expansion to 255.84 × 104 km2 during 2071–2100, representing an 82.61% increase relative
to the current period. The highly suitable area reached its greatest increase under SSP370,
at 138.71 × 104 km2 (141.02%), while the moderately suitable area generally expanded over
time. The potential range of I. purpurea was projected to shift toward northern and western
China. Moderately suitable habitats reached the margins of the Qinghai–Tibet Plateau and
Inner Mongolia, whereas highly suitable habitats became more extensive across Northeast
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China, Northwest China, and inland North China, indicating an increasing potential
invasion risk in these regions under future climate scenarios.

 

Figure 6. Potentially suitable habitats for I. nil across China under projected climate scenarios.

Table 5. Appropriate area of I. nil in different periods (×104 km2).

Scenario and Year Low Suit-
ability

Change
(%)

Middle
Suitability

Change
(%)

High
Suitability

Change
(%) Total Suit Change

(%)

Reference period 114.61 - 68.08 - 37.19 - 105.27 -

SSP126
2011–2040 113.77 −0.73 68.53 0.66 41.66 12.01 110.19 4.67
2041–2070 100.48 −12.3 91.78 34.81 86.45 132.45 ↑ 178.23 69.30
2071–2100 101.64 −11.31 91.68 34.67 85.50 129.90 177.18 68.31

SSP370
2011–2040 118.52 3.41 81.96 20.39 44.54 19.76 126.50 20.16
2041–2070 107.21 −6.46 88.15 29.48 77.01 107.07 165.16 56.89
2071–2100 97.18 −15.21 ↓ 97.66 43.45 83.92 125.65 181.57 72.48

SSP585
2011–2040 118.07 3.02 79.84 17.27 44.30 19.12 124.14 17.92
2041–2070 107.76 −5.98 82.94 21.83 59.15 59.05 142.09 34.97
2071–2100 106.11 −7.42 86.59 27.19 78.17 110.19 164.76 56.51

Note: “Change (%)” shows the percentage change in the appropriate region relative to the current
time. ‘↑’ indicates the greatest growth, whereas ‘↓’ indicates the maximum reduction.

3.3.3. Potential Habitat of I. quamoclit Under Projected Climate Scenarios

I. quamoclit suitable areas consistently expanded under all three future climate scenar-
ios (Figure 8 and Table 7). The highly suitable area of I. quamoclit increased markedly under
SSP126 and SSP370, particularly under SSP370, reaching 65.40 × 104 km2 during 2041–2070,
an increase of 146.97%, with moderately suitable areas simultaneously expanding over
time. By contrast, SSP585 showed an initial decline in total suitable area, with the largest
reduction occurring in the moderately suitable area during 2011–2040 (31.70 × 104 km2;
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−25.05%), followed by a gradual recovery and increase in total suitable area over the
subsequent periods. The potential distribution was projected to shift toward northern
and western China, with highly suitable habitats extending into North China, the Huang
Huai region, and southwestern China, and moderately suitable habitats reaching further
northwest and northeast.

 

Figure 7. Potentially suitable habitats for I. purpurea across China under projected climate scenarios.

Table 6. Appropriate area of I. purpurea in different periods (×104 km2).

Period Low Suit-
ability

Change
(%)

Middle
Suitability

Change
(%)

High
Suitability

Change
(%)

Total Suit-
ability

Change
(%)

Reference period 126.73 - 82.55 - 57.55 - 140.10 -

SSP126
2011–2040 132.85 4.82 83.32 0.93 76.99 33.78 160.31 12.60
2041–2070 132.19 4.31 82.53 −0.03 113.23 96.75 195.76 39.72
2071–2100 121.93 −3.79 92.23 11.72 77.64 34.90 169.87 21.24

SSP370
2011–2040 125.44 −1.02 83.15 0.72 77.29 34.31 160.44 14.51
2041–2070 139.27 9.89 89.48 8.39 111.72 94.13 201.20 43.61
2071–2100 144.41 13.95 98.37 19.16 138.71 141.02 237.07 69.21

SSP585
2011–2040 115.27 −9.04 74.57 −9.67 ↓ 57.82 0.47 132.39 −5.50
2041–2070 118.16 −6.76 80.05 −3.03 83.80 45.61 163.85 16.95
2071–2100 158.83 25.33 104.48 26.55 151.36 163.01 ↑ 255.84 82.61

Note: “Change (%)” shows the percentage change in the appropriate region relative to the current
time. ‘↑’ indicates the greatest growth, whereas ‘↓’ indicates the maximum reduction.

3.3.4. Potential Habitat of I. lacunosa Under Projected Climate Scenarios

Compared with the current total suitable area (31.16 × 104 km2), I. lacunosa is projected
to initially decline before expanding rapidly under future climate scenarios (Figure 9 and
Table 8). During 2011–2040, all suitability classes declined across the three scenarios, with
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the largest reduction in moderately suitable area under SSP585 (12.03 × 104 km2; −40.02%).
The suitable areas subsequently recovered and expanded, with the most pronounced in-
crease in highly suitable habitat under SSP370 during 2071–2100, reaching 69.41 × 104 km2,
an increase of 557.21%. Future warming is projected to improve habitat suitability for
I. lacunosa, expanding its potential distribution and increasing its invasion potential. Ge-
ographically, highly suitable habitats were projected to shift mainly northward, while
moderately suitable habitats extended toward northwestern and southwestern China and
low-suitability areas reached farther into northern and northwestern regions.

 

Figure 8. Potentially suitable habitats for I. quamoclit across China under projected climate scenarios.

Table 7. Appropriate area of I. quamoclit in different periods (×104 km2).

Period Low Suit-
ability

Change
(%)

Middle
Suitability

Change
(%)

High
Suitability

Change
(%)

Total Suit-
ability

Change
(%)

Reference period 71.44 - 42.29 - 26.48 - 68.77 -

SSP126
2011–2040 80.85 13.17 43.41 2.64 25.78 −2.67 69.19 0.61
2041–2070 76.60 7.22 55.18 30.47 58.28 120.09 113.46 64.98
2071–2100 76.07 6.47 60.79 43.74 63.11 138.32 123.90 80.16

SSP370
2011–2040 74.81 4.72 37.66 −10.96 26.29 −0.71 63.95 −7.00
2041–2070 75.10 5.12 56.69 34.04 65.40 146.97 ↑ 122.09 77.53
2071–2100 80.14 12.17 54.60 29.1 52.73 99.1 107.32 56.05

SSP585
2011–2040 77.52 8.5 31.70 −25.05 ↓ 21.77 −17.79 53.47 −22.24
2041–2070 75.41 5.56 52.25 23.55 40.74 53.85 93.00 24.23
2071–2100 77.11 7.94 52.57 24.31 58.67 121.53 111.24 61.75

Note: “Change (%)” shows the percentage change in the appropriate region relative to the current
time. ‘↑’ indicates the greatest growth, whereas ‘↓’ indicates the maximum reduction.
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Figure 9. Potentially suitable habitats for I. lacunosa across China under projected climate scenarios.

Table 8. Appropriate area of I. lacunosa in different periods (×104 km2).

Period Low Suit-
ability

Change
(%)

Middle
Suitability

Change
(%)

High
Suitability

Change
(%)

Total Suit-
ability

Change
(%)

Reference period 47.46 - 20.06 - 10.56 - 30.62 -

SSP126
2011–2040 44.72 −5.79 15.88 −20.84 6.55 −37.99 22.43 −28.01
2041–2070 69.11 45.62 42.31 110.91 60.39 471.79 102.70 229.58
2071–2100 59.31 24.95 37.85 88.68 59.77 465.99 97.62 213.28

SSP370
2011–2040 41.50 −12.56 16.51 −17.69 9.20 −12.87 25.71 −17.49
2041–2070 64.07 34.99 35.72 78.06 50.58 378.98 86.30 176.95
2071–2100 68.42 44.16 47.11 134.83 69.41 557.21 ↑ 116.52 273.94

SSP585
2011–2040 36.65 −22.78 12.03 −40.02 ↓ 8.83 −16.37 20.87 −33.02
2041–2070 66.18 39.44 38.20 90.41 47.57 350.42 85.77 175.25
2071–2100 53.74 13.22 27.53 37.23 37.51 255.14 65.03 108.69

Note: “Change (%)” shows the percentage change in the appropriate region relative to the current
time. ‘↑’ indicates the greatest growth, whereas ‘↓’ indicates the maximum reduction.

3.3.5. Potential Habitat of I. alba Under Projected Climate Scenarios

Compared with the current total suitable area (7.92 × 104 km2), I. alba was projected
to expand rapidly after an initial fluctuation under future climate scenarios (Figure 10 and
Table 9). From 2011 to 2040, low suitability areas increased markedly, while moderately
suitable areas expanded to varying degrees. In contrast, highly suitable areas declined
slightly under SSP126 and SSP370 and more substantially under SSP585 (2.88 × 104 km2;
−22.39%). From 2041 onward, all suitability classes increased rapidly, with the most
pronounced growth in highly suitable areas under SSP585, reaching 20.44 × 104 km2

(451.79%). The total suitable area also increased substantially during the later periods,
particularly under SSP585, reaching 38.75 × 104 km2 (389.26%). Highly suitable areas

https://doi.org/10.3390/agronomy16181763

https://doi.org/10.3390/agronomy16181763


Agronomy 2026, 16, 1763 15 of 25

expanded toward inland South China and southwestern China, while moderately and
low suitability areas extended northward toward the Yangtze River Basin, indicating a
progressive expansion of the suitable range under future climate scenarios.

Figure 10. Potentially suitable habitats for I. alba across China under projected climate scenarios.

Table 9. Appropriate area of I. alba in different periods (×104 km2).

Period Low Suit-
ability

Change
(%)

Middle
Suitability

Change
(%)

High
Suitability

Change
(%)

Total Suit-
ability

Change
(%)

Reference period 12.80 - 4.22 - 3.70 - 7.92 -

SSP126
2011–2040 19.52 52.52 5.93 40.43 3.43 −7.32 9.06 14.39
2041–2070 26.78 109.22 12.52 196.41 12.02 224.46 24.54 209.84
2071–2100 33.02 158.00 13.96 230.41 15.86 328.03 29.82 276.51

SSP370
2011–2040 19.30 50.82 7.28 72.26 8.03 116.63 15.31 93.30
2041–2070 31.64 147.24 12.15 187.53 13.30 259.07 25.45 221.33
2071–2100 35.17 174.78 14.90 252.60 14.99 304.71 29.89 277.39

SSP585
2011–2040 27.98 118.64 9.47 124.13 2.88 −22.39 ↓ 12.35 55.93
2041–2070 26.01 103.22 10.17 140.67 8.45 128.19 18.62 135.10
2071–2100 30.90 141.46 18.31 333.29 20.44 451.79 ↑ 38.75 389.26

Note: “Change (%)” shows the percentage change in the appropriate region relative to the current
time. ‘↑’ indicates the greatest growth, whereas ‘↓’ indicates the maximum reduction.

3.4. Changes in Centroid Direction and Distance of 5 Plants in Ipomoea

As the climate changes, plant distribution centers adjust according to shifts in suitable
habitat areas. Therefore, we plotted the migration patterns of the centroids of five potential
distributions in Ipomoea (Figures 11–15 and Table S2).
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Figure 11. Changes in the distribution of I. nil’s total appropriate habitat centroids under various
warming scenarios.

Figure 12. Changes in the distribution of I. purpurea’s total appropriate habitat centroids under
various warming scenarios.

For I. nil (Figure 11), the current centroid was located in Yuan’an County, Hubei
Province (111◦38′56.4′′ E, 30◦10′33.6′′ N). Under SSP126, it shifted northeastward by
24.25 km during 2011–2040, northwestward by 91.71 km during 2041–2070, and north-
eastward by 36.42 km thereafter, remaining within Yuan’an and Nanzhang counties
(111◦41′27.6′′ E, 31◦11′16.8′′ N). Under SSP370, the centroid moved southwestward by
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17.15 km, northwestward by 39.86 km, and southwestward by 51.55 km across the three pe-
riods, with the final position in Zhijiang City (111◦24′3.6′′ E, 30◦1′55.2′′ N). Under SSP585,
it shifted southwestward by 23.79 km, northwestward by 33.16 km, and northwestward by
64.97 km, ultimately reaching Nanzhang County (111◦12′32.4′′ E, 30◦56′24′′ N). The largest
displacement occurred under SSP585.

Figure 13. Changes in the distribution of I. quamoclit’s total appropriate habitat centroids under
various warming scenarios.

The centroid of I. purpurea (Figure 12) was initially located in northeastern Yijun
County, Shaanxi Province (109◦40′26.4′′ E, 34◦7′48′′ N), but its subsequent trajectory differed
substantially among scenarios. Under SSP126, it moved northeastward by 42.27 km before
shifting northwestward by 89.83 and 110.53 km during the subsequent periods, ultimately
reaching Haiyuan County, Ningxia Hui Autonomous Region (108◦32′9.6′′ E, 35◦19′55.2′′ N).
The SSP370 trajectory consisted of a southward shift of 21.68 km, followed by northwest-
ward and northeastward movements of 96.35 and 50.86 km, respectively, ending in Fuxian
County, Shaanxi Province (109◦39′54′′ E, 33◦56′2.4′′ N). Under SSP585, the centroid first
shifted southeastward by 78.95 km and then northwestward by 92.32 and 179.82 km, with
its final position near the Ningxia–Shaanxi border (108◦37′26.4′′ E, 35◦37′48′′ N).

Figure 13 shows the centroid shifts of the potential distribution of I. quamoclit under
different climate scenarios, with the present centroid located in Yiyang County, Hunan
Province (112◦28′44.4′′ E, 29◦4′26.4′′ N). A predominantly northwestward trajectory was
observed across all three scenarios. Under SSP126, the centroid moved northwestward by
26.16, 50.49, and 16.76 km over the three periods, respectively, ultimately reaching Songzi
City, Hubei Province (112◦11′42′′ E, 29◦49′37.2′′ N). The SSP370 pathway began with a
southwestward shift of 15.31 km, followed by northwestward movements of 86.64 and
38.75 km, ending in Gong’an County, Hubei Province (112◦16′33.6′′ E, 29◦49′8.4′′ N). In
the SSP585 scenario, an initial northeastward displacement of 50.46 km was followed by
northwestward shifts of 61.41 and 41.85 km, also resulting in a final position in Gong’an
County (112◦9′43.2′′ E, 29◦46′58.8′′ N).
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Figure 14. Changes in the distribution of I. lacunosa’s total appropriate habitat centroids under various
warming scenarios.

Figure 15. Changes in the distribution of I. alba’s total appropriate habitat centroids under various
warming scenarios.

For I. lacunosa (Figure 14), the centroid during the baseline period was located in
Huangpi District, Hubei Province (113◦50′0′′ E, 30◦22′8.4′′ N). Under SSP126, the centroid
shifted eastward by 41.61 km, followed by a northwestward displacement of 347.11 km
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and a subsequent southeastward shift of 196.40 km, ultimately reaching Xiangzhou Dis-
trict (112◦39′39.6′′ E, 30◦35′2.4′′ N). Under SSP370, it moved northwestward by 82.59 km,
southwestward by 97.24 km, and northwestward by 171.03 km, with the final position
near Zigui County (110◦52′16.6′′ E, 30◦54′7.2′′ N). Under SSP585, the centroid first shifted
northeastward by 51.54 km, then southwestward by 99.83 km, and finally northeastward
by 110.97 km, ending in Suizhou City (112◦46′30′′ E, 31◦22′4.8′′ N).

Figure 15 indicates that the centroid of the potential distribution of I. alba is cur-
rently located in Liujiang District, Guangxi (109◦13′15.6′′ E, 24◦12′7.2′′ N). Its migration
pathway varied in both direction and magnitude among the future scenarios. The cen-
troid under SSP126 moved southwestward by 77.98 km, northwestward by 137.95 km,
and northeastward by 83.74 km, ultimately reaching Qianxinan Buyi and Miao Au-
tonomous Prefecture, Guizhou (108◦59′16.8′′ E, 25◦43′55.2′′ N). Under SSP370, the tra-
jectory comprised southwestward, northeastward, and southwestward movements of
65.25, 224.51, and 25.06 km, respectively, with the final position in Luzhai County, Guangxi
(109◦7′44.4′′ E, 25◦29′49.2′′ N). Under SSP585, the centroid shifted northwestward by
37.06 and 51.67 km during the first two periods, followed by a northeastward displacement
of 113.55 km and a final position in Rongshui Miao Autonomous County (109◦17′56.4′′ E,
25◦38′6′′ N).

4. Discussion
4.1. Key Factors Analysis

Overall, the potential distributions of the five invasive Ipomoea species were primarily
associated with temperature and precipitation, with additional effects of snow cover,
soil properties, and topographic conditions. Temperature-related variables, including
Bio7, Bio9, and Bio11, were important predictors for several species. These variables
can influence thermal tolerance, metabolic activity, and the length of the growing season,
thereby affecting the establishment and persistence of Ipomoea species along temperature
gradients [57,58]. The species-specific responses further suggest that thermal conditions
may impose different constraints among species. For example, the positive response of
I. quamoclit to Bio9 indicates that warmer conditions during the driest quarter may favor
its occurrence, whereas the positive response of I. alba to Bio11 suggests that warmer
conditions during the coldest quarter may alleviate low-temperature constraints on this
species. Precipitation was another important factor shaping the potential distributions of
Ipomoea species. Bio12 (annual precipitation) and Bio19 (precipitation of the coldest quarter)
influence water availability and habitat suitability at broad spatial scales [59]. Notably,
Bio12 made relatively high contributions to the distributions of I. purpurea and I. quamoclit,
although both species showed broad response ranges to annual precipitation. This broad
response may be related to their tropical origins, strong environmental adaptability, and
ecological plasticity, which enable them to establish across diverse habitats and tolerate
substantial variation in precipitation. Thus, annual precipitation may not impose a narrow
ecological limit on these species. However, spatial variation in precipitation can still
influence regional water availability and interact with temperature, soil moisture, and
topographic conditions to shape habitat suitability [60]. Therefore, the broad precipitation
response of I. purpurea and I. quamoclit does not preclude the contribution of Bio12 to their
potential distributions. Snow cover can alter soil temperature, moisture, and the timing of
seasonal warming, thereby affecting plant phenology, germination, growth, and overwinter
survival [61,62]. For tropical and subtropical invasive Ipomoea species that are generally
sensitive to low temperatures, prolonged snow cover may delay the growing season, restrict
germination and early growth, and increase cold stress, thereby limiting their establishment
and persistence in colder regions. Soil properties, particularly organic carbon and pH, may
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further influence habitat suitability by affecting microbial activity, nutrient availability, and
soil conditions, thereby contributing to plant growth and establishment [63]. Topographic
factors such as elevation and slope may also indirectly shape Ipomoea distributions by
modifying local temperature, moisture, and other environmental conditions [64].

4.2. Range Expansion in Five Invasive Ipomoea Species

Compared with the baseline period (1981–2010), the projected expansion of suitable
habitats under future climate scenarios suggests that climate change may progressively
reduce the climatic constraints on the establishment of invasive Ipomoea species in regions
that are currently less suitable. The overall increase in suitable areas, particularly under
higher-emission scenarios and later periods, indicates that warming may provide broader
opportunities for these species to establish beyond their current distribution ranges. The
tendency for suitable habitats and distribution centroids to extend toward higher latitudes
further suggests a potential northward shift in invasion risk. However, the magnitude and
direction of these changes varied among species and climate scenarios, indicating that the
effects of future climate change are unlikely to be uniform across the five Ipomoea species.

The future expansion of suitable habitats for Ipomoea species may result from the
combined effects of climate warming and their ecological characteristics. As temperatures
increase and precipitation patterns change, areas previously constrained by low temper-
atures or unfavorable climatic conditions may gradually become more suitable for the
establishment and persistence of these species. This shift may be particularly pronounced
for Ipomoea species originating from tropical and subtropical regions, where relatively warm
climatic conditions prevail. Their preference for warm environments, together with their
strong growth and reproductive capacities, may further facilitate population establishment
and spread as climatic conditions become increasingly favorable, thereby promoting the
expansion of their potential distribution ranges [65]. However, the continued expansion
of suitable habitats for Ipomoea species may increase their opportunities to establish and
spread in agricultural areas. Owing to their rapid growth and climbing characteristics, these
species can quickly occupy the growing space of crops and compete with crops for light,
water, and soil nutrients, thereby potentially impairing crop growth and reducing crop
yields [66,67]. Meanwhile, the expansion of their populations may increase the difficulty
of removal and routine management in agricultural fields, consequently increasing the
labor and economic inputs required for invasive species control [68]. Beyond agricultural
production, the establishment of Ipomoea species in new ecological areas may also alter the
spatial structure of existing vegetation and patterns of resource use, thereby disrupting
energy flow and nutrient cycling within ecosystems. According to Bajahmoum’s study, the
growth may also change the microhabitat conditions and soil nutrient cycling, which would
threaten the stability of the ecosystem [69]. As their suitable habitats continue to extend
toward higher latitudes and elevations, ecologically fragile areas such as mountainous
regions and ecological transition zones may face increasing invasion pressure, potentially
making ecosystem maintenance and recovery more difficult [70,71]. Overall, climate change
may not only expand the potential distribution ranges of Ipomoea species but also extend
their potential impacts on agricultural production and ecosystems.

The differences in future range expansion among the five Ipomoea species may reflect
interspecific differences in climatic niche breadth and environmental tolerance. Species with
broader ecological niches can generally tolerate a wider range of climatic conditions and
are less constrained by individual environmental factors, thereby having greater potential
for spatial expansion as climatic conditions change [72]. In contrast, species that are more
dependent on specific temperature, precipitation, or other environmental conditions may
experience stronger environmental constraints on their suitable habitats and consequently
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show more limited responses to future climate change [73]. In this study, the relatively
broad potential distributions of I. purpurea and I. nil may be associated with their wider
environmental tolerance, allowing them to occupy a larger potential suitable area. In
comparison, the relatively limited suitable ranges of I. lacunosa and I. alba suggest that their
future distributional changes may be more strongly constrained by specific environmental
conditions. These findings indicate that the effects of climate change on invasive Ipomoea
species are not uniform, and that species-specific niche characteristics may be an important
factor contributing to differences in their future range expansion.

Existing distribution records of Ipomoea species were mainly concentrated in parts
of eastern, central-southern, and southwestern China [74,75]. These areas showed a high
degree of spatial overlap with the potential suitable habitats predicted by the current
model, indicating that the model could effectively identify areas with concentrated existing
invasion records. Under future climate scenarios, the potential suitable habitats of the
five Ipomoea species are expected to remain mainly concentrated in warm and humid
regions, including the middle and lower reaches of the Yangtze River, southern China,
southwestern China, and the southeastern coastal region, while gradually expanding
toward northwestern and northern China, northeastern China, and inland areas. Therefore,
future management should strengthen population removal and source control in core
suitable areas such as the middle and lower reaches of the Yangtze River, southern China,
and southwestern China, while enhancing monitoring and early warning in newly suitable
areas in northern, central, and inland regions. In addition, species-specific management
strategies should be implemented.

4.3. Research Limitations

This study used the MaxEnt model to predict the potential distributions of five invasive
Ipomoea species under different climate scenarios. However, MaxEnt mainly considers
environmental factors and cannot fully account for biotic interactions. For example, changes
in pollinator populations and distributions may affect the reproduction and spread of
I. purpurea, I. nil, and I. quamoclit. In addition, differences in sampling times, changes in
temperature and species distributions, and the spatial resolution of environmental data
may affect prediction accuracy. The relatively limited occurrence records for I. lacunosa and
I. alba may also introduce some uncertainty. Future studies should incorporate more biotic
factors, long-term distribution data, and higher-resolution environmental data to improve
prediction reliability.

5. Conclusions
The results showed that bioclimatic variables (SCD, Bio9, and Bio11) were the main

influencing factors for the expansion of the potential suitable areas of the five invasive
Ipomoea species in China. Under future climate change scenarios, the potential suitable
areas of the five invasive Ipomoea species are projected to expand to varying degrees, with
the extent of expansion generally increasing under higher-emission scenarios and longer
projection periods. The potential suitable areas are mainly concentrated in the middle
and lower reaches of the Yangtze River, southern China, southwestern China, and the
southeastern coastal regions, while gradually expanding toward eastern, northern, central,
and northwestern China. Meanwhile, with climate warming, the potential distribution
centroids of the five species are generally projected to shift northward or toward higher
elevations. These findings can provide a spatial basis for monitoring and early control in
key agricultural areas, quarantine and risk management of invasive species, and regional
management, while helping to reduce potential impacts on native plant diversity and
community structure and maintain ecosystem resilience.
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(d) I. lacunosa, (e) I. alba. Table S1: Correlation Matrix of 34 Environmental Variables (When the
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