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Abstract
The potential habitats of Saurauia punduana Wall. (Actinidiaceae) – a Critically Endangered (CR) tree
species of Northeast India has been elucidated and through delineating and characterizing the predicted
habitat, conservation strategies have been recommended. Modelling of the distribution of its potential
habitats using machine-learning tools i.e., ensemble model (maxent and random forest) for the current
climatic scenario as well as for two future climate scenarios for the year 2060 has been done. The model
calibration test for S. punduana yielded AUCtrain value of 0.959 with a kappa value of 0.446 indicating an
excellent performance in the current climatic scenario. Likewise, the two future climate scenarios
studied have also shown high performance in the modelling having AUC values more than 0.90. The
ensemble model for the SSP5-8.5 scenario under CMCC model revealed that only 2.88% of the total area
of NE states will be left as very high suitable area for the species. The identified areas may help guide
programmes for rehabilitation, reintroduction, conservation and perpetuation of such critically
endangered species in their natural habitat.

Introduction
One of the major contributors to the global biodiversity problem has been recognized as habitat loss,
which has deleterious effects on community structure, functional diversity, individual fitness, and
species richness (Roy 2022). Removal of natural vegetation has profoundly altered the natural
landscapes leading to a decline in the habitat quality and native plant species population (Kumari 2022;
Hansen et al. 2013). Such degradation coupled with other large-scale exogenous disturbances such as
climate change has brought more than 20% of the global plant diversity to the brink of extinction
(Brummitt and Bachman 2010). Currently, the majority of the native species populations are
concentrated in and around nature reserves, wilderness areas and protected areas (Corlett 2016). Such
areas cover only ~ 14 percent of the global land surface area, of which about 32.8 percent area is already
experiencing various forms of anthropogenic disturbances (Jones et al. 2018). Also the State of the
World’s Plants and Fungi Report 2020 estimates that nearly 40% of global plant species are at risk of
extinction. In Northeastern India, climate change is likely to have a significant negative impact on several
endemic and threatened plant species, including Vatica lanceaefolia, Nepenthes khasiana, Coptis teeta,
Amentotaxus assamica, Illicium griffithi, and Taxus wallichiana. (Bhuyan et al. 2025; Bhuyan et al. 2025;
Sarma et al. 2024; Tiwary et al. 2024). In addition to habitat degradation and over-extraction of
resources, introduction of invasive species continues to be a key factor in threatening the global loss of
native species (Rai and Singh 2020). The loss of native plant diversity can directly affect the
environmental quality as it acts as sink for air pollutants (Shackleton et al. 2019; Rai and Singh 2020).
Moreover, climate change has further complicated the downstream effect on species conservation,
leading to local or global species extinction events. This highlights the importance of predictive tools for
quicker assessment of priority species.

Contemporary conservation programs primarily focus on designing reserve networks for in situ
conservation and legal protection of the extant plant diversity (Williams and Araujo 2000; Araujo et al.
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2002; Ferrier 2002; Cabeza et al. 2004). Nevertheless, adopting appropriate species-specific
conservation and population rehabilitation demands a profound understanding of various ecological
factors governing their distribution (Menges 1991). In this context, modelling the ecological niche and
potential areas substantially improves our understanding of the ecological requirements and
distributional patterns of plants (Adhikari et al. 2012, 2018). Particularly, habitat distribution modelling
helps in making reasonable inferences about the potential restoration sites under different
environmental scenarios and helps in the identification, delineation, and prioritization of areas for
conservation (Zimmermann et al. 2010; Borthakur et al. 2018).

Until now, substantial technological advancements have been achieved on the means of collection,
processing and storage of environmental data (Johnson 2007; Kelling et al. 2009; Michener and Jones
2012). However, incorporating diverse modelling methods and environmental datasets in a common
framework to elucidate and test a given ecological hypothesis is a major challenge (Austin 2002; Huston
2002; Wiens 2002). For example, the researchers employ a variety of environmental variables as well as
modelling methods having different levels of complexity (Guisan and Thuiller 2005; Tsoar et al. 2007).
Models generated through such contrasting methods vary depending on the type of environmental data
e.g., satellite-based or interpolated climate surfaces, sample size, and complexity of parameterization
leading to spatial incongruity in predictions (Guisan and Thuiller 2005; Hernandez et al. 2006; Evans
2012). However, here the silver lining may be that areas of spatial congruities identified through spatial
overlays of predictive models generated through contrasting methods may help in delineating potential
habitats facilitating efficient and inclusive decision-making (Thuiller and Münkemüller 2010).

Saurauia punduana is native to India (Assam), Bangladesh, East Himalaya, Myanmar and Tibet (POWO
2025). The species have a diverse range of habitat, but the population of the species is declining day by
day due to various anthropogenic activities. It is included in the Red List of threatened species as per the
assessment of the China Plant Specialist Group (IUCN 2020). Saurauia plant has prominent medicinal
importance as it has been widely used to treat a variety of diseases traditionally and is found to have
various biological activities such as antioxidant, anti-cholesterol, antidiabetic, antihyperlipidemic,
analgesic, antimicrobial, wound-healing activity and immunostimulatory (Pasaribu et al. 2020).

As per report, it has several therapeutic uses that highlight its importance in traditional medicine and
health practices (Chanda and Mukherjee 2012; Dobriyal and Dobriyal 2014; Deb and Gangmei 2017). The
species faces significant threats to its survival, similar to many other species in the Northeastern region
of India, due to various anthropogenic activities and disturbances in their natural habitat that have
significantly impacted their population (Mir et al. 2022).

The economic importance of Saurauia punduana is noteworthy, as it has been recognized as a valuable
non-timber forest product with significant market potential. The gum exudate of the closely related
species, Sterculia urens, has a high market value, suggesting that Saurauia punduana could similarly
become a lucrative source of natural gums or resins (Chanda and Mukherjee 2012). These could be
utilized in industries such as pharmaceuticals, food, and cosmetics. Moreover, flower buds and fruits are
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taken as food and the young leaves are used as a vegetable for building immunity (Dobriyal and Dobriyal
2014).

In the present study, we elucidate that an ensemble model of current and future climate scenarios can
help in identifying the potential areas for conservation and reintroduction at a local scale. We expound
this by modelling the potential habitat distribution of Saurauia punduana Wall. (Actinidiaceae) - a critically
endangered tree species of northeast India in the East Karbi Anglong Wildlife Sanctuary (EKAWLS).

Materials and methods
Study area and study extent

We conducted survey in the East Karbi Anglong Wildlife Sanctuary (EKAWLS) of Assam in northeast
India (Fig. 1) for enumerating population status of the taxon. The sanctuary covers an area of 221.81
km² and is an important component of the Karbi Anglong-Kaziranga landscape and Kaziranga-Karbi
Anglong Elephant reserve in the Indo-Burma biodiversity hotspot (WWF 2002). It is situated between
24°33' N to 26°35' N Latitude and 92°10' E to 93°50' E Longitude and is 80‒700 m asl. The topography of
the study site ranges from undulating hills to wide valleys and steep gorges with rivers and creeks, as
well as annual and perennial streams. The soil is well-drained, sandy loamy to clayey loamy. The climate
is warm and humid with an annual rainfall of 1800 mm. The average maximum temperature is around
30°C in August, and the minimum goes down to 6.5 °C in winter. The wildlife sanctuary holds different
forest types ranging from moist semi-evergreen, moist mixed deciduous to miscellaneous type with
scattered pure or mixed patches of bamboos. The sanctuary is very rich in biodiversity with both native
flora and fauna. Some of the prominent tree species found in the sanctuary are Hoong (Dipterocarpus
macrocarpus), Mekai (Shorea assamica), Nahar (Mesua ferrea), Sissoo (Dalbergia sissoo), Khair (Acacia
catechu), Helika (Terminalia chebula), etc.

Moreover, the location information of the study taxon was collected from various poackets of
Northeastern states of India to be used in the model (Table1). Northeast India was taken as the extent of
the model as the species distribution is known for the region and distribution records were collected
form this region.

Study species

Saurauia punduana Wall. is an evergreen medium-size tree upto 6 m tall. Leaves abaxially tomentose,
oblanceolate-obovate, 10–40 × 5–15 cm, base obtuse to cuneate, apex acute to abruptly short
acuminate. Inflorescences axillary cymes or fascicled on young branchlets, with scattered scales,
bracteate; Flowers pinkish white with scaly and densely tomentose; stamens numerous; Fruit berry,
globose ovoid; seeds numerous, brown. (Fig. 2 & 3). S. punduana was collected from the East Karbi
Anglong Wildlife Sanctuary and examined by P. Mipun (Voucher No. NEHU-12948). The specimen was
authenticated by Dr. Dilip Kumar Roy and deposited in the NEHU Herbarium under Voucher No. NEHU-
12948.
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Population survey in EKAWLS

To record the current existing population status, a wide range of repeated field survey was made from
the years 2018 to 2020 to locate the species. Total population of the species was ascertained through
direct count of all the individuals, considering saplings (>1 m height) and matured individuals (≥1.5 m
height). The coordinates of the occurrence localities were determined using a Garmin global positioning
system (GPS) device to an accuracy level of ~5 m. The number of individuals of adult trees, saplings and
seedlings for S. punduana in each location were determined through direct counts. 

Distribution Modelling Approach

To model the species distribution, an ensemble approach was applied using the ensemble model
function of the SSDM package in R (Schmitt et al. 2017). This approach combines the outputs of
multiple models to provide a more robust and accurate prediction of species distribution. The ensemble
modelling technique is known for reducing the uncertainty associated with individual model outputs and
improving overall prediction accuracy. For developing the both current and future climate model, the
same function and package has been used using the following algorithms-

Two algorithms were employed for the classification:

Maxent: A machine learning method commonly used for species distribution modeling that estimates
the distribution of a species based on presence-only data. Maxent is well-suited for handling complex
interactions between variables and performs well with limited presence data.

Random Forest: An ensemble learning method that uses multiple decision trees to improve prediction
accuracy and reduce overfitting. Random Forest is a versatile and powerful algorithm for classification
tasks, capable of handling both categorical and continuous data.

The ensemble model combines the outputs of these two algorithms to generate a final, integrated
species distribution prediction.

Occurrence data

A total of 36 geographic locations collected from the various parts of Northeast India have been used in
the model as dependent variables. These locations were primary data collected during the field survey
from January 2018 to December 2020 and locations were recorded through handheld GPS.

Predictor Variables

The model utilized 19 bioclimatic variables, elevation data, and three soil parameters in two depths (5
cm and 15 cm) as predictors in the current distribution model. However, for future climatic models, only
the bioclimatic variables were chosen as available in the database under the model CMCC-ESM2, a
component of the Coupled Model Intercomparison Project Phase 6 (CMIP6). Two distinct Shared Socio-
economic Pathways (SSPs)-namely SSP2-4.5 and SSP5-8.5-for the periods 2041-2060. According to the
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SSP2-4.5 scenario, reasonable steps will be done in the future to cut emissions and prepare for climate
change.  It is predicated on balanced environmental and social policies, consistent population growth,
and technology improvements.  Despite some implementation issues, international collaboration finally
causes greenhouse gas emissions to stabilize, even though they continue to climb throughout the
twenty-first century (O'Neill et al., 2014).  On the other hand, the SSP5-8.5 scenario depicts a future with
high emissions and little adaptation.  According to this scenario, emissions will continue to rise as a
result of poor environmental controls, rapid population growth, and rising energy demand.  This path
represents a world that is having difficulty addressing climate change due to a lack of international
cooperation and insufficient climate action (Riahi et al., 2017). These variables were chosen based on
their relevance to species distribution and their availability from reliable global databases. Details of the
predictors are described below-

Bioclimatic Variables: Nineteen bioclimatic variables at a resolution of 30 arc-seconds were obtained
from the WorldClim database (https://www.worldclim.org/). These variables represent different aspects
of climate, including temperature and precipitation patterns. The WorldClim dataset provides high-
resolution global climate data, which is commonly used for ecological modeling.

Soil Parameters: Soil data was sourced from the SoilGrids database (https://soilgrids.org/). The soil
parameters included soil organic carbon content, soil pH, and soil texture (sand, silt, and clay
percentages), which are critical factors influencing species occurrence and distribution.

Elevation Data: Elevation data was also incorporated into the model as an important environmental
variable influencing species habitat. The elevation DEM (Digital Elevation Model) was also downloaded
from Worldclim database (https://www.worldclim.org/) at a 90-meter spatial resolution.

Data Processing

The bioclimatic and soil datasets were downloaded and processed to match the study region’s spatial
extent and resolution. All predictor variables were resampled and aligned to ensure consistency in
spatial resolution, enabling accurate analysis and modeling. The bioclimatic and soil data were imported
into R using the appropriate libraries, and pre-processing steps such as cropping, masking, and rescaling
were carried out to prepare the data for modeling.

Model Development

The species presence data was compiled and input into the SSDM package, where the ensemble model
was built using the ensemble model function. This function integrates the results from both Maxent and
Random Forest algorithms. Model tuning was performed to optimize the parameters for both Maxent
and Random Forest models. The output from each algorithm was combined in the ensemble model to
increase prediction accuracy and reliability.

Model Evaluation
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The model's performance was evaluated using various statistical metrics such as: Validation of the
model was conducted using 10-fold cross-validation, and the performance of the models have been
assessed through the area under the receiver operating characteristic (AUC) curve and the True Skill
Statistic (TSS). 75% of the species occurrence data was used as the training dataset for model building,
while the remaining 25% was used as the test data. To determine the best-fitting model and generate the
ensemble probability surface, an AUC threshold of <0.75 was set. Validation of the final ensemble model
relied on AUC values derived from the Receiver Operating Characteristic (ROC) curve, with model
performance categorized into four tiers: poor (0.0-0.7), average (0.7-0.8), good (0.8-0.9), and excellent
(0.9-1.0) (Johnson et al., 2016)

AUC (Area Under the Curve): AUC is a measure of the model's ability to discriminate between presence
and absence locations. Higher AUC values indicate better model performance.

Kappa Statistic: The Kappa statistic measures the agreement between predicted and observed species
distributions while correcting for random chance.

By employing these evaluation metrics, the performance of the ensemble model was assessed, and its
effectiveness in predicting species distribution was confirmed.

Model Output

The final output from the ensemble model is a species distribution map showing the predicted
occurrence and habitat suitability for the species across the study area. The ensemble approach,
combining Maxent and Random Forest algorithms with multiple environmental predictors, provides a
comprehensive understanding of the species' ecological requirements and its potential distribution
range.

Mapping the distribution of potential habitats in current and future climate

The final mapping of the model outputs was done using Arc Map 10.2 version and the area statistics
were calculated separately for current and future climate scenario.

Results
Population status

S. punduana was present in 17 localities in the EKAWLS. Overall, 72 individuals comprising of 10
seedlings, 18 saplings and 44 adults were enumerated during the entire study period.

Ensemble model and habitat suitability

The model calibration test for S. punduana yielded AUCtrain value of 0.959 with a kappa value of 0.446
indicating an excellent performance (Fig. 3; Table 1) in the current climatic scenario. Likewise, the two
future climate scenarios studied have also shown high performance in the modelling having AUC values
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more than 0.90. Estimation of relative contributions of the environmental variables to the current model
reveals a strong influence of bio 3, bio 17 and total carbon in both the depth. However, for SSP2-4.5
scenario projected for 2060, bio 9 and bio 18 have highest contribution to the model, whereas for SSP5-
8.5 scenario, the bio 4 and and bio 14 layers have maximum contributions. 

The ensemble model for the SSP5-8.5 scenario under CMCC model revealed that only 2.88% of the total
area of NE states will be left as very high suitable area for the species, which is 12.86% under the current
climate, while 3.01% has high suitability under optimistic climate scenario will be left till 2060 (Table 1;
Fig. 3).

Table 1. Model evaluation statistics in current and future climate scenario. 

Models AUC Sensitivity Specificity Kappa

Current 0.959 0.965 0.688 0.446

SSP2-4.5 0.970 0.955 0.703 0.428

SSP5-8.5 0.954 0.955 0.683 0.414

Table 2. Model evaluation statistics in current and future climate scenario. 

Suitability 

Threshold

Percentage Area Covered

Current SSP2-4.5 SSP5-8.5

High suitability 12.86 3.01 2.88

Moderate suitability 13.54 5.50 4.82

Low suitability 25.99 10.67 11.60

No suitability 47.62 80.82 80.70

 

Discussion
The present study highlighted the urgent need for the species conservation in their natural habitat.
Modeling current habitats and forecasting the future species distribution range is an important step
toward the species sustainability in their natural habitats (Kumari 2022). The present study is the first
effort to map the current habitats (Fig. 4) and predict the sensitive variables on habitat suitability of S.
punduana. Species distribution modelling is a useful tool to delineate conservation areas for threatened
species (Roy 2022). Nevertheless, models generated using different programs often differ from each
other causing inconveniences in coming to a definite conclusion (Ray et al. 2018). Such differences are
evident from several studies, which despite using the same environmental predictors, yielded different
results (Mipun et al. 2019). The current study also generated similar results, where we modeled the
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distribution of potential habitat of S. punduana using ensemble model for both current and future climate
(Fig. 5, Table 2). As plant species have wide range of factors for their survival, so considering maximum
factors available in any respective habitat distribution model is essential. Such study of consensus areas
using different models could lead to a new dimension in finding better suitable habitats.

The estimation of relative contributions of environmental variables under different scenarios reveals
notable shifts in the key factors influencing the potential distribution of Saurauia punduana. In the current
scenario, isothermality (Bio3), precipitation of the driest quarter (Bio17), and total soil carbon at both 5
cm and 15 cm depths emerged as the most influential predictors. These variables likely reflect the
species' sensitivity to temperature stability and moisture availability during critical dry periods, along
with its dependence on specific soil properties. However, under the SSP2-4.5 scenario projected for
2060, the most influential variables shift to mean temperature of the driest quarter (Bio9) and
precipitation of the warmest quarter (Bio18). This indicates that rising temperatures and seasonal
precipitation changes may become more critical in defining suitable habitats. In contrast, the SSP5-8.5
scenario-representing a more extreme climate pathway-shows a greater influence of temperature
seasonality (Bio4) and precipitation of the driest month (Bio14), suggesting that the species' future
distribution may be increasingly driven by climatic extremes and fluctuations. These changes
underscore the vulnerability of Saurauia punduana to climate variability and highlight the need to
consider scenario-specific climatic drivers in future conservation planning.

In the present study, the current species distribution model reveals that isothermality (bio3), precipitation
in the driest quarter and soil carbon played a crucial role in discriminated the suitable and unsuitable
habitats of S. punduana in its native range. Also, the population count of the S. punduana in the EKAWLS
is low, meager number of populations was observed depicting low density of the species might be
influence by precipitation in the winter months. The field surveys in EKAWLS revealed that the suitable
natural habitats of the plant species concurred with the distribution of moist semi-evergreen forests at
an elevation of 590–710 m asl having the slope range from 29–57 degrees and under the soil series 2
from soil series of Assam. The actual, as well as predicted habitats of S. punduana, have a cover of
moist semi-evergreen forest type with mixed to open canopy opening characterized by the soil of loamy
texture and a moderately drained slope. The dominant soil type in the area is dystric nitosol with humid
acrisol as the associated soils and inclusions. The dominant tree species associated with S. Punduana
comprise of Baccaurea ramiflora Lour., Bridelia retusa (L) Spreng., Bauhinia variegata L., Careya arborea
Roxb., Dillenia indica L., Magnolia hodgsonii (Hk. f. & Thomson) H. Keng and Wrightia coccinea (Roxb. Ex
Hornem.) Sims. The study established that habitat distribution modeling could be an effective tool in
predicting the potential habitats of threatened species which can certainly improving their conservation
status (Adhikari et al. 2012; Baruah et al. 2019). Results of the study suggest a strong relationship
between potential habitat distributions and factors determining their distribution. Such consensus data
generated by different machine learning tools along with various field expert data can potentially guide in
conserving such threatened species to a greater extent.
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During the study, it was observed that various types of anthropogenic threats are being faced within the
studied area. Among them, overgrazing due to livestock, overexploitation of plants, introduction of
invasive alien species was found to be more prevalent in the areas. Additionally, considering the recent
decade challenges posed by widespread deforestation and habitat destruction (Ronghang et al. 2012;
Mipun et al. 2019), it is urgent to develop some strategies to conserve those threatened plant species
before they are lost forever. Moreover, economic interests should not prefer over environmental
concerns and re-evaluation of the existing policies on the environment and economy is necessary as
they struggle to achieve sustainable development goals.

Conclusion
The present study demonstrated that species distribution modelling using ensemble models could be of
great help in predicting the potential habitats of threatened species. Moreover, consensus areas
identified through spatial overlays of multiple models may help in obtaining optimized solutions and
making better decisions in finding the most highly suitable common point areas for rehabilitating the
species population and improving its conservation status. Many other potential species distribution
models could also use such common consensus areas in finding the most suitable areas. Such
engendered results based on machine learning would be quite useful for conserving threatened species
and overall biological diversity.

This study shows that ensemble species distribution modelling is a powerful tool for predicting potential
habitats of threatened species. Identifying consensus areas through multiple model overlays can help
make better decisions for species recovery by highlighting the most suitable locations for conservation
efforts. These areas can also guide future modelling efforts for other species. For Saurauia punduana,
effective conservation should combine both in-situ and ex-situ approaches. Protecting habitats in highly
suitable zones, restoring degraded areas, and considering the species' specific microhabitat needs in
forest management plans are essential steps. Additionally, ex-situ measures such as seed banking,
cultivation in botanical gardens, and carefully planned reintroductions can support population recovery.
Using model outputs to guide regional conservation plans and policies will be vital for ensuring the
species’ long-term survival in the face of climate change.
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Figures

Figure 1

Showing the Study area East Karbi Anglong Wildlife Sanctuary (EKAWLS)
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Figure 2

A. adaxial surface of a leaf, B. abaxial surface of leaf: showing brown scurfy puberulent indumentum, C.
Twig, showing glabrescent branches, D. Flower front view, showing the anthers and style, E. Flower back
view, showing glabrous calyx
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Figure 3

Figure A & B Habitat photo of Saurauia punduana in EKAWLS.
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Figure 4

Figure 3. Model AUC for both Maxent and Random Forest

Figure 5
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Figure. 4. Habitat suitability map of S. punduanain the current climatic scenario in Northeast India

Figure 6

Figure 5. Habitat suitability map of S. punduanain two different climatic scenarios (SSP2-4.5 and SSP5-
8.5) in Northeast India
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