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Abstract 

Ethiopia, a biodiversity-rich country in the Horn of Africa, faces growing threats from invasive alien 

plant species, notably Cryptostegia grandiflora (rubber vine). This study assessed the current and 

projected future distribution of Cryptostegia grandiflora under climate change scenarios using 

ensemble species distribution models (MaxEnt, GLM, and Random Forest) and eight key bioclimatic 

variables. Model performance was high, with a mean AUC of 0.96 and a mean TSS of 0.88. The most 

influential predictors were mean diurnal temperature range, temperature seasonality, and 

precipitation seasonality. Under current climate conditions, 98% of Ethiopia (2018932.7 km²) is 

climatically unsuitable for the species, with suitable habitats concentrated in the central highlands 

and limited northern pockets. Future projections indicate substantial expansion of suitable habitat. 

By 2040, highly suitable areas are projected to increase by 162.0% under SSP2-4.5 and 131.2% under 

SSP5-8.5. By 2060, these areas are expected to expand further by 232.3% and 226.6%, respectively, 

relative to current climatic conditions. These projected shifts indicate an elevated invasion risk in 

central and southeastern Ethiopia, with significant ecological and socio-economic challenges, 

including suppression of native vegetation, reduced pasture productivity, and threats to pastoral 

livelihoods. Therefore, this study highlights the need for proactive monitoring, early containment, 

and climate-informed management strategies to mitigate future impacts of Cryptostegia grandiflora on 

biodiversity and ecosystem services. 

Keywords: Cryptostegia grandiflora; invasive species; species distribution model; climate scenarios; 

suitability; Ethiopia 

 

1. Introduction 

Ethiopia, situated in the Horn of Africa, is one of the world’s top 25 biodiversity-rich countries 

and harbors two global biodiversity hotspots: The Horn of Africa and the Eastern Afromontane (EBI, 

2014; Temesgen et al., 2018). Its wide altitudinal range, from 116 m below sea level in the Danakil 

Depression to 4,620 m at Mount Ras Dashen, coupled with diverse climatic and topographic 

conditions, supports a rich array of flora and fauna, including high levels of endemism (EBI, 2014). 

Despite this richness, the country’s biodiversity is under significant threat from multiple factors, 

including habitat conversion, climate change, overexploitation of natural resources, pollution, 

demographic pressures, and the introduction of invasive alien plant species (IAPS) (EBI, 2014; 

Shiferaw, 2018). These threats endanger ecosystem health and diminish ecosystem services, like 

water regulation, soil fertility, carbon sequestration, and livelihoods that depend on natural 

resources. 
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Invasive alien plants are increasingly recognized globally as major drivers of biodiversity loss, 

ecosystem degradation, and socio-economic disruption (Wakshum et al., 2018; Shonga, 2014). Once 

established outside their native ranges, invasive plants can rapidly colonize new habitats, 

outcompete native species for resources, and alter ecosystem processes such as nutrient cycling, 

hydrology, and fire regimes (Kuma, et al., 2021). Human activities, including trade, transport, 

migration, and modern agricultural expansion, have accelerated the introduction and spread of 

invasive plants, allowing them to overcome natural barriers and invade diverse ecosystems, from 

rangelands and agricultural areas to wetlands and urban environments (Rai, 2015; Kueffer, 2017; Rai 

et al., 2020). In Ethiopia, invasive species such as Parthenium hysterophorus, Cryptostegia grandiflora, 

Prosopis juliflora, and Lantana camara are increasingly affecting biodiversity, ecosystem services, and 

human livelihoods (Belayneh et al., 2016; Shiferaw, 2018). 

Cryptostegia grandiflora, commonly known as rubber vine, is an aggressive woody climbing shrub 

capable of growing over trees up to 30 m high, and is common in disturbed areas where temporary 

or permanent water is available, such as along gullies, rivers, creeks, and waterholes (Global Invasive 

Species Database, 2018; PIER, 2003). In Ethiopia, it is regarded as one of the most problematic invasive 

plant species, with extensive distribution in regions such as East Shewa and Afar (Tesfaye et al., 2019). 

Cryptostegia grandiflora poses increasing ecological and socio-economic risks. The species exhibits 

rapid growth, prolific seed production, remarkable tolerance to diverse environmental conditions, 

and the ability to establish in a variety of disturbed and natural habitats (Joylynn and Elizabeth, 2008). 

These traits allow Cryptostegia grandiflora to dominate invaded landscapes, suppress native 

vegetation, alter ecosystem functions, and reduce pasture productivity, posing significant ecological 

and economic challenges. 

Climate change is expected to exacerbate the impacts of Cryptostegia grandiflora by creating more 

favorable conditions for its establishment, growth, and dispersal, potentially facilitating its expansion 

into previously uninvaded areas (Kriticos, et al., 2003). Understanding its current and future 

distribution is critical for designing effective prevention, monitoring, and control strategies (Beaury 

et al., 2020; Thamaga and Dube, 2019). In particular, knowledge of high-risk areas and the 

environmental factors driving their distribution will allow resource managers to prioritize 

interventions and allocate efforts where they are most needed, ultimately protecting native 

biodiversity and ecosystem services (EBI, 2014; Temesgen et al., 2018). 

Species distribution models (SDMs) provide an efficient means of modeling species’ geographic 

ranges, enabling early detection before widespread establishment in new areas (Ruiz-Navarro et al., 

2016; Rathore et al., 2019). By integrating species occurrence records with environmental predictors 

such as temperature, precipitation, soil type, elevation, and land use, SDMs generate spatially explicit 

predictions of suitable habitats and invasion risk, enabling early detection and informed management 

interventions. Ecological niche modeling (ENM), a specialized form of SDMs, identifies the 

environmental conditions that define a species’ niche and projects its current and future potential 

distribution under changing climate scenarios (Araújo and New, 2007). For invasive species such as 

Cryptostegia grandiflora, these tools can guide monitoring, control, and restoration efforts. However, 

in Ethiopia, only limited SDM/ENM-based assessments have been conducted for Cryptostegia 

grandiflora, and the environmental factors shaping its potential distribution remain insufficiently 

understood. This lack of comprehensive predictive information restricts early intervention and 

reduces the effectiveness of management planning. Therefore, this study aims to address these 

knowledge gaps by: (1) assessing the current and projected future climate suitability and potential 

distribution of Cryptostegia grandiflora in Ethiopia under different climate change scenarios, and (2) 

identifying potential habitat shifts and invasion risks to guide strategic management and mitigation 

efforts. By providing spatially explicit predictions and identifying environmental drivers of invasion, 

this research contributes to informed decision-making to protect native biodiversity and ecosystem 

services from the threats posed by this highly invasive species. 
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2. Research Methods and Design 

2.1. Study Site Description 

The study was conducted in Ethiopia, a landlocked country in the Horn of Africa, situated 

between 3°–15° N and 33°–48° E (FAO, 2003). It is bordered by Kenya to the south, Djibouti and 

Somalia to the east, Eritrea to the north, Sudan to the northwest, and South Sudan to the west. 

Ethiopia covers approximately 1.12–1.14 million km² and has an estimated population of 126.5 

million as of 2023, with over 85% residing in rural areas and relying heavily on natural resources for 

agriculture, livelihoods, and food security (World Bank, 2023; USAID, 2008). The landscape is 

dominated by extensive highlands and plateaus divided by the Great Rift Valley, with altitudes 

ranging from 116 meters below sea level in the Danakil Depression to 4,620 meters above sea level at 

Mount Ras Dashen. This topographic variation creates diverse macro- and micro-climatic conditions 

that support Ethiopia’s exceptional biodiversity and high levels of endemism. Rainfall varies from 

approximately 250 mm in lowland regions (<1,500 m) to over 2,200 mm in highlands (>1,500 m), and 

temperatures range from near freezing in high-altitude areas to 50 °C in lowland Qola zones. The 

country’s ecosystems include equatorial rainforests in the southwest, Afro-alpine vegetation on high 

mountains, and arid to semi-arid lowlands in the east and northeast (World Bank, 2021). 

2.2. Cryptostegia grandiflora Occurrence Data 

Occurrence records of Cryptostegia grandiflora were obtained from the Global Biodiversity 

Information Facility (GBIF; www.gbif.org). Records with duplicates or missing coordinates were 

removed, and the resulting dataset was used for species distribution modeling. Following Eckert et 

al. (2020), locations closer than 10 km to other presence points were removed to reduce spatial 

autocorrelation and avoid the influence of erroneous absences. For species distribution modeling 

(SDM), geographic independence of occurrence data is essential, as spatial clustering can bias model 

calibration and evaluation. Such clustering may lead to overfitting, reduced predictive performance 

for spatially independent data, and artificially inflated model performance metrics (Boria et al., 2014; 

Brown et al., 2017). Therefore, only spatially filtered, independent occurrence points were used to 

generate robust predictions of the current and potential distribution of Cryptostegia grandiflora under 

present and future climate scenarios.  

2.3. Predictor Bioclimatic Variables 

To ensure robust modeling of the potential distribution of Cryptostegia grandiflora, predictor 

variables were carefully selected based on the species’ environmental niche and ecological 

requirements. A total of 19 bioclimatic variables were initially obtained from WorldClim version 2 

(http://worldclim.org/version2) at a 30-arc-second resolution, representing current climatic 

conditions (Table 1). 

Table 1. Bioclimatic variables used for modeling the distribution of Cryptostegia grandiflora. 

Code Predictor bioclimatic Variable 

Bio1 Annual mean temperature 

Bio2 Mean diurnal range 

Bio3 Isothermality 

Bio4 Temperature seasonality 

Bio5 Max temperature of warmest month 

Bio6 Min temperature of coldest month 

Bio7 Temperature annual range 

Bio8 Mean temperature of wettest quarter 
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Bio9 Mean temperature of driest quarter 

Bio10 Mean temperature of warmest quarter 

Bio11 Mean temperature of coldest quarter 

Bio12 Annual precipitation 

Bio13 Precipitation of wettest month 

Bio14 Precipitation of driest month 

Bio15 Precipitation seasonality 

Bio16 Precipitation of wettest quarter 

Bio17 Precipitation of driest quarter 

Bio18 Precipitation of warmest quarter 

Bio19 Precipitation of coldest quarter 

Future climate projections were derived from three downscaled global climate models (GCMs) 

from the Coupled Model Intercomparison Project Phase 6 (CMIP6): The Hadley Centre Global 

Environmental Model 3.1 (HadGEM3-GC31-LL), the Goddard Institute for Space Studies Model E2.1-

H (GISS-E2-1-H), and the Euro-Mediterranean Centre on Climate Change Earth System Model 2 

(CMCC-ESM2). These GCMs were selected due to their demonstrated performance in the Ethiopian 

environment and their climatic dissimilarity, which reduces interdependence among model 

predictions. Two shared socio-economic pathway (SSP) scenarios, SSP2-4.5 and SSP5-8.5, were used 

to assess future climate suitability, representing projected global temperature increases of 

approximately 2.4 °C and 4.9 °C above pre-industrial levels by 2100, respectively, with corresponding 

atmospheric CO₂ concentrations of 650 and 1370 ppm (Christensen et al. 2007; Moss et al. 2010; Rogelj 

et al. 2012).  

The selection of bioclimatic variables for modeling was based on three criteria: biological 

significance for Cryptostegia grandiflora establishment and invasion, statistical significance in 

predicting species occurrence, and minimal collinearity among predictors. To reduce redundancy 

and assess collinearity, Variance Inflation Factors (VIFs) were calculated for all 19 variables. Variables 

exceeding a predefined VIF threshold were excluded through a stepwise procedure. The excluded 

variables were: Bio1 (Annual Mean Temperature), Bio3 (Isothermality), Bio5 (Max Temperature of 

Warmest Month), Bio6 (Min Temperature of Coldest Month), Bio8 (Mean temperature of wettest 

quarter), Bio10 (Mean Temperature of Warmest Quarter), Bio11 (Mean Temperature of Coldest 

Quarter), Bio12 (Annual precipitation), Bio13 (Precipitation of Wettest Month), Bio16 (Precipitation 

of Wettest Quarter), and Bio17 (Precipitation of Driest Quarter). Consequently, eight bioclimatic 

variables were included in the final model for mapping the distribution of Cryptostegia grandiflora 

using R statistical software.  

2.4. Modeling Species Distribution and Evaluation of Model Performance  

Several methods are available for fitting species distribution models (SDMs), differing in their 

ability to predict species distributions and identify important environmental predictors (Hernández, 

2018; Kosicki, 2020; Valavi et al., 2021). To improve prediction accuracy, an ensemble approach 

combining multiple algorithms is recommended, as a single model may not provide optimal 

performance (Araújo and New, 2007). In this study, three modeling techniques were evaluated: 

Maximum Entropy (MaxEnt), Generalized Linear Models (GLMs), and Random Forest (RF) (Table 2) 

Table 2. Performance evaluation of Species Distribution Models using different statistical parameters. 

Methods AUC COR TSS Deviance 

GLM 0.93 0.67 0.83 0.21 

RF 0.98 0.81 0.89 0.12 
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MaxEnt 0.97 0.79 0.92 0.13 

The ensemble model was constructed using the simple average consensus method to minimize 

uncertainty in species distribution projections. One ensemble model was selected from the weighted 

averages of the best-performing individual models. Model predictive performance was assessed 

using both bootstrap and subsampling replication procedures (Naimi and Araújo, 2016), as ensemble 

forecasting reduces uncertainty associated with individual models (Araújo and New, 2007). Presence 

and pseudo-absence data were randomly split into training (70%) and testing (30%) datasets for 

model calibration and validation, respectively (Araújo and New, 2007). Habitat suitability was 

categorized into three classes: highly suitable, moderately suitable, and non-suitable areas under two 

future climate scenarios (SSP2-4.5 and SSP5-8.5). Model performance was evaluated using the area 

under the curve (AUC) of the receiver operating characteristic (ROC), the true skill statistic (TSS), and 

the deviance statistic (Phillips et al., 2006). AUC values range from 0 to 1, with >0.9 indicating excellent 

performance, 0.7–0.9 moderate performance, 0.5–0.7 low performance, and 0.5 indicating no better 

than random prediction (Elith et al., 2006). TSS values range from −1 to +1, where +1 indicates perfect 

agreement between predictions and observations, 0 or lower indicates random prediction. TSS data 

were interpreted using the following ranges: 0.4 was a poor value, 0.4–0.8 was helpful, and >0.8 was 

good to excellent (Zhang et al., 2015; Allouche et al., 2006). All analyses, including species distribution 

modeling and performance evaluation, were performed using the SDM package in R statistical 

software v.4.2.2. 

2.5. Change Detection 

To assess the effect of future climate change on the potential distribution of Cryptostegia 

grandiflora, habitat suitability changes between current and future climate conditions under two 

scenarios (SSP2-4.5 and SSP5-8.5) were evaluated. Habitat suitability was classified into three 

categories: (a) highly suitable, (b) moderately suitable, and (c) non-suitable. Changes in suitable 

habitat were assessed by quantifying spatial gain, loss, and changes in the distribution for each 

suitability class. The raster-based analyses were conducted in R using raster, rgdal, and geosphere 

packages. The extent of change was determined by computing current and future suitable habitat 

areas, and two metrics were derived: the percentage change in non-suitable areas, and the percentage 

of lost and gained habitat by 2040 and 2060 (Simberloff et al., 2013; Bellard et al., 2018). Changes in 

suitability were expressed using the following index (Sintayehu et al., 2020). 

SCH =
FSA − CSA

CSA 
 X 100 

where SCH represents suitable area change, FSA = future suitable area, and CSA = current suitable 

area. Positive SCH values indicate habitat gains, whereas negative values indicate habitat losses.  

VCH =
FSA − CSA

FSA 
 X 100 

 

Where, VCH = vulnerability changes, FSA = future suitable area, and CSA = current suitable area 

3. Results 

3.1. Model Performance  

The predictive performance of the species distribution models (SDMs) for Cryptostegia 

grandiflora, assessed using the Area Under the Curve (AUC), True Skill Statistic (TSS), and deviance 

statistic, demonstrated excellent predictive ability. The overall mean AUC was 0.96, with values of 

0.98 for RF, 0.97 for MaxEnt, and 0.93 for GLM (Table 1, Figure 1). 
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Figure 1. ROC curve and AUC value of Cryptostegia grandiflora distribution in Ethiopia. 

TSS values also indicated high model performance, with a mean of 0.88, reflecting a perfect 

agreement between predictions and observations. GLM achieved a TSS of 0.83, RF and MaxEnt 

reached 0.89 and 0.92, respectively. Deviance values were similarly low across all models, with RF 

showing the best fit (0.12), followed by MaxEnt (0.13) and GLM (0.21). GLM showed relatively lower 

predictive performance (TSS = 0.83), whereas RF (TSS = 0.89) and MAXENT (TSS = 0.92) achieved the 

highest accuracy (Table 1). Consequently, the ensemble model used for the final projections was 

constructed using these three best-performing algorithms. 

3.2. Variable Importance Analysis 

Variable importance analysis revealed that Mean diurnal temperature range (Bio2) was the most 

influential predictor shaping the potential distribution of Cryptostegia grandiflora, followed by 

temperature seasonality (Bio4) and precipitation seasonality (Bio15) (Figure 2). Conversely, mean 

temperature of the driest quarter (Bio9) and precipitation of the driest month (Bio14), had the least 

influence on the model, suggesting a limited role in determining the species’ suitable habitats. Other 

environmental variables showed comparatively minor influence on determining the species’ basic 

ecological niche (Figure 2). 
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Figure 2. The relative importance of variables in determining the distribution of Cryptostegia grandiflora. 

3.3. Current Distributions of Cryptostegia Grandiflora  

According to model projections, the vast majority of Ethiopia is climatically unsuitable for 

Cryptostegia grandiflora, accounting for 98.04% of the total land area. Only small and spatially 

fragmented areas are classified as moderately suitable (1.76%) or highly suitable (0.20%) (Table 3). 

Table 3. Area (Km2) and percentage of climatic suitability classes for Cryptostegia grandiflora in Ethiopia under 

the current and future conditions (SSP2-4.5 and SSP5-8.5). 

Years Scenarios Suitability area in Km2 (%) 
  

Not suitable  Moderately suitable  Highly suitable 
 

Current 2018932.7 98.04%  36278.5 1.76%  4107 0.20% 

2040 SSP2-4.5 1098921.6 95.21%  44021.9 3.85%  10759.5 0.94% 
 

SSP5-8.5 1093873.8 95.62%  40620.8 3.55%  9497.4 0.83% 

2060 SSP2-4.5 1086301.5 94.96%  44043.3 3.85%  13647.2 1.19% 
 

SSP5-8.5 1080889.7 94.48%  49690.4 4.34%  13411.9 1.17% 

Under current climatic conditions, suitable habitats for Cryptostegia grandiflora are highly 

spatially restricted and are concentrated mainly in central Ethiopia, particularly within the central 

Highland-Rift Valley transition zone (Figure 3). Moderate to high suitability is observed in central 

Oromia, especially in East Shewa, extending southward into West Arsi. Smaller, isolated patches of 

suitability occur in northern Arsi and parts of the Addis Ababa–Shewa highlands, as well as in the 

northern highlands, notably southern Tigray. Eastern Ethiopia exhibits moderate suitability, largely 

confined to eastern Oromia (East Hararghe) and marginal areas adjacent to Harari. In addition, small, 

localized pockets of moderate suitability are identified in northeastern Amhara. In contrast, most 

lowland and arid regions, including Afar, the Somali Region, and the southern lowlands, show low 

suitability under current climatic conditions. Western Ethiopia, encompassing Benishangul-Gumuz 

and Gambela, along with much of western and Southern Oromia, also displays no suitable habitat 

for Cryptostegia grandiflora (Figure 3). 
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Figure 3. Cryptostegia grandiflora habitat suitability in the current climatic conditions. 

3.3. Future Predicted Distributions of Cryptostegia Grandiflora  

The projected suitability maps for Cryptostegia grandiflora under SSP2-4.5 and SSP5-8.5 for 2040 

and 2060 reveal consistent patterns, indicating a potential range expansion while most of Ethiopia 

remains within the low-suitability category (Figure 4). Areas of high suitability are concentrated in 

eastern and central Ethiopia (Figure 4). In eastern Ethiopia, these occur mainly in eastern Oromia 

(East and parts of West Hararghe) and marginally in the Harari Region, with smaller patches in 

western Somali zones. In central Ethiopia, high-suitability cores are along the Main Ethiopian Rift-

East Shewa extending southward into the West and northern Arsi Zone. Small, isolated high-

suitability patches also appear in southern Tigray and central Afar. Moderate-suitability areas 

generally surround the high-suitability cores, extending into adjacent parts of eastern Oromia, 

western Somali, and central Afar. Most of Ethiopia remains unsuitable habitat for the species, 

including Benishangul-Gumuz, Gambela, much of western and southwestern Oromia, the Borena 

and Guji lowlands, the northern and northwestern Amhara highlands, and the majority of southern 

lowlands (Figure 4). 

 

Figure 4. Future (2040 and 2060) habitat suitability projections for Cryptostegia grandiflora in Ethiopia under SSP2-

4.5 and SSP5-8.5. 

By 2040, the area of highly suitable habitat is projected to increase substantially relative to 

current conditions, rising by 162.0% under SSP2-4.5 and by 131.2% under SSP5-8.5 (Table 4). During 

the same period, moderately suitable areas expand by 21.3% and 12.0% under SSP2-4.5 and SSP5-8.5, 

respectively, while unsuitable areas decline by 45.6% and 45.8%. By 2060, these trends will intensify 

further: highly suitable habitat increases by 232.3% under SSP2-4.5 and 226.6% under SSP5-8.5. 

Moderate suitability continues to increase by 21.4% under SSP2-4.5 and by 37.0% under SSP5-8.5, and 

unsuitable areas decrease by 46.2% and 46.5% under SSP2-4.5 and SSP5-8.5, respectively (Table 4).  
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Table 4. Percentage of (change) for Cryptostegia grandiflora suitability under the SSP2-4.5 and 5–8.5 scenarios. 

Year Scenario Suitability change in (%) 

  Not suitable Moderate High 

Current - - - - 

2040 SSP2-4.5 −45.6 21.3 162.0 
 

SSP5-8.5 −45.8 12.0 131.2 

2060 SSP2-4.5 −46.2 21.4 232.3 
 

SSP5-8.5 −46.5 37.0 226.6 

According to the model predictions, Cryptostegia grandiflora shows a high potential for expansion 

into areas that are currently unsuitable. By 2040, the area of highly suitable habitat is projected to 

increase by 61.8% and 56.8% under the SSP2-4.5 and SSP5-8.5 climate scenarios, respectively, while 

moderate suitability areas also show increases of 17.6% and 10.7%. By 2060, highly suitable habitats 

will further increase by 69.9% (SSP2-4.5) and 69.4% (SSP5-8.5), with moderate suitability rising by 

17.6% and 27.0%, respectively. Concurrently, areas currently classified as not suitable for Cryptostegia 

grandiflora decrease by 83.7% (SSP2-4.5) and 84.6% (SSP5-8.5) by 2040 relative to current conditions. 

This decline becomes more pronounced by 2060, with reductions of 85.9% under SSP2-4.5 and 86.8% 

under SSP5-8.5, indicating a progressive shift of previously unsuitable areas toward moderate and 

high suitability over time (Table 5). 

Table 5. Projected vulnerability of suitable habitat for Cryptostegia grandiflora in Ethiopia. 

Year Scenario Vulnerability of suitable habitat area in (%) 

  Not suitable Moderate High 

Current - - - - 

2040 SSP2-4.5 −83.7 17.6 61.8 
 

SSP5-8.5 −84.6 10.7 56.8 

2060 SSP2-4.5 −85.9 17.6 69.9 
 

SSP5-8.5 −86.8 27.0 69.4 

4. Discussion 

4.1. Effects of Climatic Variables on the Spatial Distribution of Cryptostegia Grandiflora 

Variable importance analysis revealed that mean diurnal temperature range (Bio2), temperature 

seasonality (Bio4), and precipitation seasonality (Bio15) were the most influential predictors shaping 

the potential distribution of Cryptostegia grandiflora. These findings suggest that the species’ 

occurrence is highly sensitive to seasonal and daily temperature fluctuations, as well as the timing 

and variability of rainfall. Moderate daily temperature ranges and pronounced seasonal variability 

provide favorable conditions for physiological processes such as growth, flowering, and seed 

production, while precipitation seasonality generates intermittent moisture pulses that facilitate 

establishment in semi-moist and disturbed habitats (Zhang et al., 2018; Zeppel et al., 2014). 

Conversely, variables such as mean temperature of the driest quarter (Bio9) and precipitation of the 

driest month (Bio14) had relatively minor influence, indicating that Cryptostegia grandiflora can 

tolerate temporary drought periods if other conditions, such as soil moisture and thermal regimes, 

remain suitable.  
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The ecological preferences of Cryptostegia grandiflora align with these patterns. The species 

predominantly occurs in warm, frost-free to mildly seasonal climates, often establishing in riparian 

corridors, disturbed sites, and pasture margins. It thrives at low to mid-elevations (approximately 

500–1,800 m.a.s.l.), where moderate temperatures and manageable seasonal variations coincide with 

the key predictors (Bio2, Bio4, Bio15). Its tolerance of diverse soil types, as long as moisture is 

available, allows it to colonize degraded rangelands, floodplains, and semi-natural pasturelands, 

contributing to the concentration of high suitability areas in central and southeastern Ethiopia. These 

ecological patterns are consistent with findings from Luizza et al. (2014), which showed that seasonal 

rainfall and proximity to water sources strongly influenced Cryptostegia grandiflora occurrence in arid 

regions of Ethiopia’s Afar. These indicate that climatic variability coupled with localized moisture 

availability can create corridors for rapid growth, prolific seed production, and high dispersal 

capacity, enabling invasive vines to expand into new habitats and densify existing populations. In 

addition to environmental variables, the spread of Cryptostegia grandiflora is further shaped by biotic 

interactions, land-use practices, and anthropogenic disturbances, all of which are known to 

exacerbate invasion dynamics (Zeleke et al., 2017; Sintayehu et al., 2020; Gebretsadik et al., 2013).  

4.2. Suitable Habitat for Cryptostegia Grandiflora in the Current Climate Conditions 

The modeling result indicates that Cryptostegia grandiflora currently occupies only a limited 

climatic niche in Ethiopia. Suitability is not broadly distributed but instead reflects strong 

environmental filtering, with the species confined to ecologically intermediate zones where climatic 

conditions fall within its physiological tolerance limits. This pattern indicates that Cryptostegia 

grandiflora tends to avoid climatic extremes, prolonged drought, extreme heat, and frost, which limit 

its establishment in both very hot, arid lowlands and cooler, wetter highlands, consistent with its 

known ecological tolerances. The species exhibits its highest climatic suitability in subtropical 

transition zones characterized by moderate temperatures, seasonal rainfall, and high climatic 

variability. These conditions provide sufficient seasonal moisture and favorable thermal regimes to 

support establishment and growth, while remaining within the species’ tolerance limits. Such 

climatic requirements align with observations from other relevant studies, where Cryptostegia 

grandiflora is most successful in seasonally dry, moderately warm environments and is constrained 

by environmental extremes (Parsons and Cuthbertson, 1992; Mackey, 1996). 

This study demonstrated that the establishment and spread of Cryptostegia grandiflora would be 

greatly affected by climate change, with limited suitable areas in Ethiopia. However, according to 

Kriticos et al. (2003), once established, the species can form dense stands in localized areas, 

suppressing native vegetation and altering community structure. Invasion by this species has become 

a major driver of biodiversity loss in the affected regions, with many important plant species 

declining due to both competition and habitat degradation (Tesfaye et al., 2019). These results 

highlight that while the current climatic niche is restricted, the species’ ecological flexibility and 

resilience to extreme environmental conditions, such as drought, heat, and soil salinity, make even 

small suitable patches vulnerable to dense colonization and local ecosystem impact. 

4.3. Projection of Suitable Habitat for Cryptostegia Grandiflora in The Future Climate Change Under Four 

Representative Concentration Pathways 

Invasive species such as Cryptostegia grandiflora are highly adaptable, capable of withstanding a 

wide range of environmental conditions and rapidly adjusting to new climatic regimes, allowing their 

ecological niche to expand beyond historical limits (Hellmann et al., 2008). The Ensemble Model 

projections in this study indicate that future climate conditions will increasingly favor Cryptostegia 

grandiflora in central and southeastern Ethiopia, forming a stable central–eastern belt of high 

suitability by 2040 and 2060. Its ecological traits, including the ability to thrive in warm, frost-free to 

mildly seasonal climates, colonize riparian corridors, disturbed sites, and pasture margins, and 

tolerate diverse soils when moisture is sufficient, reinforce this expansion. Disturbance-driven 

landscapes, common across rangelands and agricultural frontiers, provide additional pathways for 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 December 2025 doi:10.20944/preprints202512.1120.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.1120.v1
http://creativecommons.org/licenses/by/4.0/


 11 of 14 

 

establishment and spread, further supporting the projected expansion under both SSP2-4.5 and SSP5-

8.5 climate scenarios  

The projections also indicate a gradual expansion of suitable habitats into areas currently 

considered marginal or unsuitable, signaling broader ecological concerns. As climate change alters 

temperature and rainfall regimes, native vegetation communities may experience increased stress, 

reducing their competitive ability against highly adaptable invaders like Cryptostegia grandiflora. This 

pattern aligns with previous findings that climate change disproportionately favors invasive species, 

accelerating their spread in regions undergoing ecological transition (Hellmann et al., 2008; Podda et 

al., 2017). In Ethiopia, where land degradation, overgrazing, and shifting rainfall patterns already 

exert pressure on ecosystems, the additional stress imposed by an expanding invasive species could 

intensify ecosystem instability and biodiversity loss. 

The predicted increase in areas classified as highly suitable for Cryptostegia grandiflora has critical 

implications for rangelands, pastoral ecosystems, and agricultural zones. This species is among the 

most problematic weeds due to its invasiveness, rapid spread, and significant economic and 

ecological impacts (Zeleke et al., 2017). Dense infestations can replace productive native species, 

reducing the availability of grazing resources, while their toxicity poses direct risks to livestock. Field 

observations from already invaded districts indicate that Cryptostegia grandiflora can smother native 

shrubs and grasses, hinder livestock movement, reduce forage availability, and alter habitat structure 

for wildlife (Tesfaye et al., 2019). If suitability continues to expand toward major pastoral regions, the 

resulting decline in grazing resources may heighten livelihood vulnerability among communities that 

depend on livestock production. Similar outcomes have been documented in other areas, where 

invasive species have reduced rangeland carrying capacity and contributed to local resource conflicts 

(Sintayehu et al., 2020; Gebretsadik et al., 2013). These patterns indicate that highly adaptable invasive 

species can exploit expanding suitable habitats under changing climates, amplifying ecological 

degradation and socio-economic challenges in affected regions.    

4.4. Management Implications for Cryptostegia Grandiflora  

The habitat suitability maps and future projections indicate that Cryptostegia grandiflora is 

currently confined to a limited number of environmentally favorable areas in Ethiopia, with 

suitability remaining spatially concentrated rather than widespread. However, model projections 

show an expansion in the extent and intensity of suitability within these same climatic zones under 

future climate scenarios, increasing the likelihood of population growth and local spread. These 

patterns suggest that riparian zones, disturbed landscapes, and highland–lowland transition areas 

represent key environments where monitoring and early management would be most effective in 

limiting establishment before dense infestations develop. 

Climate-informed habitat suitability mapping provides a valuable tool for identifying current 

and future invasion hotspots. Integrating model projections with systematic field surveys can 

improve early detection and allow rapid response before populations reach high-density stands. 

Once woody invasive species such as Cryptostegia grandiflora become well established, control 

measures become increasingly costly, labor-intensive, and ecologically disruptive, underscoring the 

importance of prevention and early containment. The species’ ecological traits, combined with the 

projected expansion of climatically suitable habitats under future climate scenarios, indicate that 

climate change is likely to further enhance its invasion potential. Regions projected to experience 

increasing suitability should be targeted for long-term monitoring, adaptive management, and policy 

attention. In pastoral and rangeland systems, early management is particularly critical, as dense 

infestations can reduce forage availability, restrict livestock movement, and threaten local 

livelihoods. 

Effective management of Cryptostegia Grandiflora requires an integrated approach that combines 

scientific forecasting, land-use planning, and community engagement. Raising awareness among 

local communities, land managers, and policymakers, and incorporating invasion risk assessments 

into regional land management strategies, can greatly enhance prevention and control efforts. Such 
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proactive and coordinated measures are essential to limit further spread and mitigate the ecological 

and socio-economic impacts of Cryptostegia grandiflora in Ethiopia. 

5. Conclusion  

In this study, ensemble modeling was used to map the range of Cryptostegia grandiflora in 

Ethiopia and to provide new insight into the species’ resilience to climate change. The most influential 

predictors shaping the potential distribution of Cryptostegia grandiflora were mean diurnal range, 

temperature seasonality, and Precipitation seasonality. The results indicate that, although suitable 

habitats are limited and highly fragmented, the species’ ecological flexibility and resilience to extreme 

environmental conditions allow it to establish and persist beyond its current range. Future projections 

suggest a substantial expansion of climatically suitable areas, particularly in central and southeastern 

Ethiopia, under both SSP2-4.5 and SSP5-8.5 scenarios. This expansion may threaten rangelands, 

pastoral systems, and agricultural zones by reducing forage availability, altering habitat structure, 

and increasing socio-economic vulnerability. The potential for further spread is increased by human-

mediated dispersal and its use for various purposes, such as hedging, fodder, and edible fruits, 

combined with its tolerance to drought. These results provide a basis for the rapid identification of 

potential invasion hotspots and can inform targeted management strategies for Cryptostegia 

grandiflora. However, further research is needed to assess whether the species can establish in 

climatically suitable areas where it is not yet recorded. We recommend detailed studies on the effects 

of climate change on the distribution of Cryptostegia grandiflora across Ethiopia and Africa under 

multiple Representative Concentration Pathways (RCPs), to support long-term invasive species 

management and biodiversity conservation. 
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