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Abstract
Bauhinia vahlii Wight & Arn. is an important multipurpose, woody climber used by the rural communities in India for 
various economic activities as well as for medicinal purposes. Indiscriminate extraction of the woody climber has led to 
population decline in its distribution range. Climate change has further led to the amplification leading to drastic decline 
of the natural populations. Therefore, the present study aimed to map the potential distribution of B. vahlii in India using 
ecological niche modelling (ENM) tools for the current and future climate change scenarios using RCP 2.6 and RCP 8.5. 
The maximum entropy model was performed using presence-only data of a total of 38 non-overlapping occurrence points 
obtained from multiple authenticated online portals and through a detailed field investigation. A rise in very high probable 
zones was observed under both the future climate change scenarios by 0.2% (RCP 2.6) and 0.5% (RCP 8.5) area increase 
compared to the current climatic scenario. The areas of moderately probable zones pose an increase by 4.5% in RCP 2.6 
and a slight decrease by 0.4% in RCP 8.5, while the least probable zones were found to be decreasing in both the cases by 
7.3% and 3.6%, respectively. It is predicted that B. vahlii will respond variably under different climate change scenarios 
based on the species' response to the variations in bioclimatic variables. The predicted impacts of climate change need to 
be integrated for conservation and management of this economically important, multipurpose woody climber. There is an 
urgent need for immediate policy intervention and implementation to save this species from the increasing anthropogenic 
pressure for various economic purposes.
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Introduction

Tropical forests have great ecological significance as they 
provide a range of ecological products and services, includ-
ing conservation of terrestrial biodiversity, prevention of soil 
erosion, regulation of climate, cycling of nutrients, and habi-
tat for wildlife (Retana et al. 2009; Kumar and Saikia 2020; 

Tiwari et al. 2021). Potential evapo-transpiration, or mean 
temperature and precipitation, chlorophyll density, climatic 
and topographic heterogeneity, ecological disturbances, and 
geographic constraints are the major determinants of forest 
structure and species’ spatio-temporal distribution (Gelfand 
et al. 2006; Lal et al. 2021). Climate is considered one of the 
prime factors responsible for species potential distribution, 
and any alteration in it, impacts the ecosystem structure, 
functioning (Parmesan and Yohe 2003; Feeley et al. 2012), 
and shift in species' geographical distribution throughout 
the globe as species always tend to inhabit the most suit-
able habitat (Andrewartha and Birch 1954; Peterson 2003; 
Thomas et al. 2004; Loarie et al. 2008; Stevnbak et al. 2009). 
In tropical zones, the rising temperature might push species 
towards higher altitudes leading to shrinkage in the species 
(Peh 2007; Seimon et al. 2007; Chen et al. 2009). The global 
rise of 0.078 °C temperature was evident over the duration 
of 2003–2013, and an increment of 0.3–4.8 °C is projected 
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by 2090–2099 (IPCC 2013), which may lead to habitat shifts 
and the risk of species extinction (Urban 2015).

Species distribution models (SDMs) also known as eco-
logical niche models (ENMs) are scientifically proven tools 
for identifying the species’ suitable habitat under current and 
future climate change scenarios that combine species occur-
rences with environmental variables to predict the possible 
distribution of a species (Franklin 2010). The ENMs predict 
a species' possible geographical distributions by relating the 
known occurrence of the species records with environmen-
tal layers (Grinnell 1917, 1924; de Siqueira et al. 2009). 
The ENMs are known for producing statistically robust 
predictions of species distribution, even in areas that are 
not sampled (Peterson 2006). These techniques are being 
used in many aspects of resource management, conserva-
tion planning (Joshi et al. 2017) including locating mar-
ginal populations of rare and threatened species (Guisan 
et al. 2013; Sumangala et al. 2017) and their habitats (Priti 
et al. 2016), justifying the selection of unknown habitat for 
the reintroduction of species (Polak and Saltz 2011; Naga-
raju et al. 2013), invasive species risk assessment (Peterson 
2003; Sen et al. 2016a; Shrestha et al. 2018), agricultural 
disease, insect pest forecasting (Murray et al. 2011), predict-
ing the crop infestation (Ganeshaiah et al. 2003), and also 
in investigating and estimating the responses of species to 
global climate change (Sen et al. 2016b; Subba et al. 2018). 
Several modelling algorithms are available for SDMs to 
predict the species distribution pattern such as bioclimatic 
modelling (BIOCLIM, Busby 1991), boosted regression 
trees (BRT, Friedman 2000), climate change experiment 
(CLIMEX, Sutherst 1995), domain environmental enve-
lope (DOMAIN, Carpenter et al. 1993), generalized linear 
model (GLM, Lehmann et al. 2002), generalized additive 
model (GAM, Yee and Mitchell 1991), genetic algorithm for 
rule-set production (GARP, Stockwell 1999), Multivariate 
adaptive regression splines (MARS, Thuiller et al. 2009), 
and Maximum Entropy (MAXENT, Phillips et al. 2006) and 
the performance of each algorithm varies significantly (Elith 
et al. 2010).

Among these algorithms, MaxEnt is widely used because 
of its various advantages: (1) MaxEnt is a general-purpose 
machine learning algorithm applied for generating species 
habitat suitability maps using presence-only data sets (Phil-
lips et al. 2006). (2) Ability to handle small data sets and 
perform relatively better than other modelling algorithms 
(Pearson et al. 2007; Phillips and Dudik 2008). (3) The rela-
tive contribution of individual environmental variables to 
the modelling was evaluated using the Jack-knife test (Elith 
et al. 2011). (4) Maxent can handle both continuous and 
categorical input variables (Phillips et al. 2006). It has been 
used to predict the potential distribution of medicinal plants 
(Sharma et al. 2018), invasive alien plant species (Thapa 
et al. 2018), endemic frogs (Becerra Lopez et al. 2017), and 

birds (Singh et al. 2020). Map obtained with the help of the 
ENM tool (MaxEnt) represents the fundamental niche of 
the target species (Hutchinson 1957; Soberon and Peterson 
2005).

Bauhinia vahlii Wight & Arn. is an evergreen woody 
climber (liana), native to the Indian subcontinent, and dis-
tributed in Asian countries, including Bhutan, India, Mau-
ritius, Nepal, Pakistan, Sri Lanka, and Africa (Zaire) (Bisby 
1994; Roskov et al. 2019). It is found in the lower Himala-
yas (up to altitudes of 1500 m), widely distributed in the 
deciduous forests of western to southern India, primarily in 
the hilly forest regions (Parrotta 2001) commonly occurred 
in the states of Punjab, Uttar Pradesh, West Bengal, Bihar, 
Assam, Maharashtra, Odisha, Andhra Pradesh, Karnataka, 
Tamil Nadu, J&K, Himachal Pradesh, Uttarakhand, and Sik-
kim (Parrotta 2001; Sankara et al. 2019). The climber is 
medicinally important, yields tanning material, grown as an 
ornamental plant, and serves numerous livelihood options to 
the rural populations throughout India (Nadkarni 1954). The 
local tribes of eastern India (Jharkhand and Odisha) use the 
broad leaves of B. vahlii for plate making, which is marketed 
as one of the common economic commodities in Indian rural 
markets (Mishra and Teki 2007). They collect it mostly dur-
ing drought years when the economic support from regular 
crops is less (Gupta 2005). Unsustainable harvesting of the 
species from the wild, overgrazing, other biotic interfer-
ences, and climate change are considered significant threats 
to the species survival and leading to drastic decline of the 
natural populations of B. vahlii. Therefore, in the present 
study, we used maximum entropy modelling (MaxEnt) using 
occurrence data of B. vahlii (1) to map its potential distribu-
tion in tropical forests of India in the current scenario, and 
(2) to predict the impacts of future climatic changes on its 
possible distribution pattern regarding RCP 2.6 and RCP 
8.5, which can further be used for effective management of 
the species.

Materials and methods

Studied plant species

Bauhinia vahlii is the gigantic woody climber belonging to 
the legume family Caesalpiniaceae, common in India and 
can grow up to 10 to 30 m long, with a girth of 20 cm. 
The foliage is used in thatching, mat making, packaging of 
food items, and tobacco wrapping (Manandhar 2002; Nad-
karni 2005) and also as fodder, bark yields useful fibers for 
rope making, the matured cooked seeds are edible, and used 
by many tribal populations including Kondakapulu, Baa-
gethalu, Munari in India (Rajaram and Janardhanan 1991; 
Vadivel and Janardhanan 2000). The pods and tender leaves 
are eaten as vegetables and the thick liquid obtained after 
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boiling the leaves is used to treat dysentery and diarrhea 
(Kandhasamy and Kang 2013).

Species occurrence dataset

A total of 111 occurrence points were collected from multi-
ple authenticated scientific sources. Fifty-seven occurrence 
records were obtained from Global Biodiversity Information 
Facility (GBIF) database (www. gbif. org, accessed 4 Feb-
ruary 2020), 19 from published books, scientific journals, 
reports, India Biodiversity Portal (Rajaram and Janardhanan 
1991; Upreti and Dhar 1996; Dhar and Upreti 1999; Samant 
et al. 2000, 2006; Patole and Jain 2002; Prasad and Nautiyal 
2003; Pattanaik et al. 2007; Reddy and Ugle 2008; Dugasani 
et al. 2010; Sowndhararajan et al. 2010; Tiwari et al. 2010; 
Kandi et  al. 2011; Das et  al. 2012; Mishra and Chaud-
hury 2012; Bagchi and Banerjee 2013; Rajesh et al. 2013; 
Sowndhararajan and Kang 2013; Mastan et al. 2015), and 35 
through field sampling using Garmin GPS device in western 
parts (Gumla and Latehar districts) of Jharkhand, India. A 

total of 12 belt transects, each of 0.1 ha size, were laid in 
the representative areas of the forests of western Jharkhand 
during January 2020. The datasets comprising occurrence 
records belonging to herbaria, museums, and geographical 
sampling are prone to sampling biases (Hijmans et al. 2000; 
Reddy and Davalos 2003; Graham et al. 2004; Kadmon et al. 
2004; Hijmans 2012), and hence, addressing the effects of 
sampling biases becomes a priority. After applying spThin 
(Aiello-Lammens et al. 2015) function, 38 non-overlapping 
occurrence records were derived to run the model (Fig. 1).

Bioclimatic predictors

Nineteen bioclimatic variables were downloaded from the 
WorldClim database Version 1.4

(http:// www. world clim. org) (Hijmans et al. 2005). These 
variables were computed on various scales in terms of dura-
tion and maximum-minimum values for temperature and 
precipitation from 1950 to 2000 (Hamid et al. 2019). Alti-
tude data (SRTM-DEM) was downloaded from the USGS 

Fig. 1  Map showing the 38 
occurrence points of B. vahlii 
derived from various sources

http://www.gbif.org
http://www.worldclim.org
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website (http:// srtm. usgs. gov/ index. php, Accessed on  20th 
January 2020). The highly correlated nature of these vari-
ables affects the model's performance and misleads the 
interpretation (Dormann et al. 2013). Therefore, Pearson-
correlation analysis was performed to identify the highly 
correlated variables, i.e., coefficient value (r > 0.7). Finally, 
07 bioclimatic variables were retained to run the model from 
the whole list of 20 (Table 1).

Ecological niche modelling

Several distribution models have been introduced to provide 
precise information associated with the species distribution 
in response to changing climatic scenarios, including GLM, 
GAM, BRT, BIOCLIM, CLIMEX, GARP, and MaxEnt (Hill 
1987; Bellard et al. 2012). The present study used the Maxi-
mum Entropy (MaxEnt) (Phillips et al. 2009) model with the 
Maxent algorithm (version 3.4.4) downloaded from (https:// 
biodi versi tyinf ormat ics. amnh. org/ open_ source/ maxent/) 
(Steven and Phillips 2009) to map the potential distribution 
of B. vahlii in the tropical forests of India in current as well 
as for future climate change scenarios, i.e. RCP 2.6 and RCP 
8.5. The detailed methodology flowchart is given in Fig. 2.

The intergovernmental panel on climate change (IPCC) 
data for two different future climatic change scenarios (Moss 
et al. 2010) were implemented to study the potential distribu-
tion of B. vahlii across the study area. While there are other 
scenarios available, only two extreme scenarios were taken 

for the analysis. These are the Representative Concentration 
Pathway (RCP) scenarios, RCP 2.6 and RCP 8.5 for the year 
2050 and 2070 (based on the emission of greenhouse gases 
in the near future). RCP 2.6 represents the minimum green-
house gas emission scenario, whereas RCP 8.5 represents 
maximum greenhouse gas emission scenario (IPCC 2014). 
RCP 2.6 is a very stringent pathway and assumes that carbon 
dioxide emissions would start declining by 2020 and go to 
zero by 2100. It also assumes that carbon dioxide emissions 
would decline to approximately 10% of those of 1980–1990. 
RCP 2.6 is likely to keep global temperature rise below 2 °C 
by 2100. However, the RCP 8.5 is a worst-case scenario and 
assumes that the emissions continue to rise throughout the 
twenty-first century. Though the RCP 8.5 scenario may be 
relatively unlikely, it remains useful for its aptness in both 
tracking total cumulative  CO2 emissions and in predicting 
mid-century emissions based on current and stated policies. 
MaxEnt is the best among 16 algorithms using presence-
only data in terms of performance (Elith et al. 2006; Wisz 
et al. 2008), producing reliable and authenticate results with 
less, and unorganized sample data with slight location errors 
(Elith et al. 2006).

Model settings

In order to generate the model, 75% of the occurrence 
data were used for model training and the remaining 25% 
were used for model testing. Maxent model generates the 

Table 1  Environmental 
variables used for Ecological 
Niche Modelling of B. vahlii.  
(Source: O'Donnell and Ignizio 
2012)

The highlighted variables were selected to model the potential distribution of B. vahlii

Environmental Variables

Alt Altitude (m)

Bio_1 Annual Mean Temperature (℃)
Bio_2 Mean Diurnal Range (Mean of monthly (max temp—min temp) (℃)
Bio_3 Isothermality (Bio_2/ Bio_7) (* 100) (%)
Bio_4 Temperature Seasonality (standard deviation *100) (%)
Bio_5 Max Temperature of Warmest Month (℃)
Bio_6 Min Temperature of Coldest Month (℃)
Bio_7 Temperature Annual Range (Bio_5-Bio_6) (℃)
Bio_8 Mean Temperature of Wettest Quarter (℃)
Bio_9 Mean Temperature of Driest Quarter (℃)
Bio_10 Mean Temperature of Warmest Quarter (℃)
Bio_11 Mean Temperature of Coldest Quarter (℃)
Bio_12 Annual Precipitation (mm)
Bio_13 Precipitation of Wettest Month (mm)
Bio_14 Precipitation of Driest Month (mm)
Bio_15 Precipitation Seasonality (Coefficient of Variation) (mm)
Bio_16 Precipitation of Wettest Quarter (mm)
Bio_17 Precipitation of Driest Quarter (mm)
Bio_18 Precipitation of Warmest Quarter (mm)
Bio_19 Precipitation of Coldest Quarter (mm)

http://srtm.usgs.gov/index.php
https://biodiversityinformatics.amnh.org/open_source/maxent/
https://biodiversityinformatics.amnh.org/open_source/maxent/
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background environmental data (absence data) for the 
entire study area by setting the number of background 
points to 10,000 (Merow et al. 2013). The model was run 
in a subsample replicate type with 15 replicated runs. The 
MaxEnt model was run with the following default set-
tings; number of iterations = 5000, output format = logis-
tic, convergence threshold = 0.00001 and regularization 
multiplier = 1.

Performance evaluation

The model assessment was done by using the measure-
ment of area under curve (AUC) of receiver operating 
characteristics (ROC) curve. The ROC curve was obtained 
after all the runs, showing the intermediate representa-
tion (Fig. 3). The graph was plotted between sensitivity 
and 1- specificity. Sensitivity provides an estimate of how 
readily the algorithm is correctly predicting the records of 
occurrence, whereas specificity offers an estimate of how 
readily it expects the absence records (Pearce and Ferrier 
2000). The value of AUC ranges from 0 to 1, value lying 
between 0–0.5 indicates worse model prediction than ran-
dom, 0.5–0.7 indicates poor, whereas 0.7–0.9 symbolizes 
a reasonable and moderate future level, and more than 0.9 
defines the model performance to be high (Peterson et al. 
2011).

Variable importance

Bioclimatic variables play a significant role in species distri-
bution, and hence an assessment of the percentage contribu-
tion of the selected variables is mandatory. The jackknife test 
(Phillips 2017) results rank the bioclimatic variables based 
on their contribution to the modelling process.

Distribution area calculation

The output format was set as “logistics” to obtain probabili-
ties (between 0 and 1) but scaled up in a non-linear manner 
for more straightforward interpretation. Further, numerical 
analysis was performed with the help of Microsoft Excel and 
DIVA-GIS (Hijmans et al. 2001), while mapping was done 
with the use of QGIS (ver. 3.10.1).

Results

Model performance

The area under curve (AUC) for both training and test 
data and the standard deviation in all three scenarios were 
obtained in the final Maxent output (Table 2). The MaxEnt 
model performance was evaluated based on AUC values. 
The AUC values were found to be > 0.8 for both training and 

Fig. 2  Methodology flow chart 
summarizing the methodology 
used in modeling the suitable 
habitat of B. vahlii. AUC-ROC: 
area under the receiver operat-
ing characteristic curve
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Fig. 3  Results of the Receiver 
Operating Characteristic (ROC) 
curve in developing B. vahlii 
habitat suitability model under a 
Current, b RCP 2.6, and c RCP 
8.5 climatic scenarios
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test data in all the three scenarios, indicating good model 
performance (Table 2). From the Jackknife test of variable 
contribution, three variables contributed highest to the mod-
elling out of 20 predictor variables, viz. (1) Precipitation of 
Coldest Quarter (Bio_19, 36.7%), (2) Altitude (Alt, 26.9%), 
and (3) Annual Precipitation (Bio_12, 17.5%), respectively 
under current climatic scenario (Table 3 and 4).

Analysis of the contribution of Bioclimatic variables

The individual contribution of the retained seven bioclimatic 
variables was obtained with the help of the Jackknife test 

(Table 3). In the present study, Bio_19 (Precipitation of 
Coldest Quarter) and altitude were the two most important 
variables in all three climatic scenarios that had significant 
influence over the distribution of the species in their native 
ranges (Fig. 4).

Potential distribution areas under current climatic scenario

The MaxEnt model predicted ~ 26.50% of the total geo-
graphical area of India to be climatically suitable for B. 
vahlii with very high to high probable zones primarily 
in the states of Himachal Pradesh and Uttarakhand in 
the north, parts of Jharkhand and Chhattisgarh in the 
east, small parts of Manipur in the north-eastern region, 
Andhra Pradesh, West Bengal, and Odisha in the eastern-
coastal area, parts of Karnataka and Tamil Nadu in the 
south, Maharashtra in the west, and few regions of Mad-
hya Pradesh in the central region (Fig. 5a). On the other 
hand, ~ 22.20% of the total geographical area of India was 
moderately suitable for B. vahlii with moderate probable 
zones in the states of Uttarakhand near its border to Uttar 
Pradesh, small regions of Jharkhand and Chhattisgarh in 
the east, significant parts of Arunachal Pradesh, small por-
tions of Assam, and Mizoram in the north-east, parts of 
Andhra Pradesh, Karnataka, Telangana, and Tamil Nadu in 

Table 2  Area Under Curve 
(AUC) ± Standard Deviation 
(SD) under current, RCP 2.6, 
and RCP 8.5 scenarios

No. of points Current RCP 2.6 RCP 8.5

Training AUC ± SD 27 0.8070 ± 0.058 0.8050 ± 0.067 0.8310 ± 0.037
Test AUC ± SD 8 0.8068 ± 0.061 0.8052 ± 0.065 0.8307 ± 0.067

Table 3  Percentage contribution of bioclimatic variables

Variables Current RCP_2.6 RCP_8.5

Bio_19 36.7 21.1 38.8
Alt 26.9 36.3 29.2
Bio_12 17.5 21.5 19.4
Bio_9 9.2 4.8 1.6
Bio_2 6.6 10.5 5.3
Bio_3 2.3 3.5 4.3
Bio_11 0.8 2.3 1.4

Table 4  Pairwise correlation coefficients between variables (Red colour indicates the variables that are correlated and excluded from the 
analysis)

Alt Bio_1 Bio_2 Bio_3 Bio_4 Bio_5 Bio_6 Bio_7 Bio_8 Bio_9 Bio_10 Bio_11 Bio_12 Bio_13 Bio_14 Bio_15 Bio_16 Bio_17 Bio_18 Bio_19

Bio_1 -0.82 1.00

Bio_2 -0.32 0.19 1.00

Bio_3 0.03 0.30 -0.35 1.00

Bio_4 -0.15 -0.29 0.63 -0.86 1.00

Bio_5 -0.69 0.75 0.71 -0.22 0.28 1.00

Bio_6 -0.40 0.79 -0.30 0.74 -0.80 0.27 1.00

Bio_7 -0.19 -0.10 0.82 -0.81 0.91 0.55 -0.65 1.00

Bio_8 -0.96 0.76 0.44 -0.11 0.28 0.72 0.30 0.31 1.00

Bio_9 -0.54 0.69 0.24 0.35 -0.17 0.54 0.56 -0.06 0.54 1.00

Bio_10 -0.86 0.89 0.52 -0.11 0.16 0.94 0.44 0.36 0.86 0.63 1.00

Bio_11 -0.52 0.89 -0.13 0.63 -0.70 0.45 0.97 -0.49 0.41 0.60 0.60 1.00

Bio_12 0.23 -0.61 -0.08 -0.62 0.50 -0.37 -0.72 0.34 -0.24 -0.60 -0.40 -0.70 1.00

Bio_13 0.30 -0.63 0.18 -0.71 0.64 -0.18 -0.81 0.57 -0.28 -0.48 -0.32 -0.76 0.91 1.00

Bio_14 0.15 -0.52 -0.06 -0.35 0.42 -0.35 -0.58 0.23 -0.17 -0.31 -0.35 -0.59 0.73 0.70 1.00

Bio_15 0.03 -0.23 0.67 -0.79 0.79 0.42 -0.66 0.91 0.05 -0.11 0.20 -0.52 0.46 0.73 0.32 1.00

Bio_16 0.24 -0.57 0.18 -0.73 0.64 -0.14 -0.79 0.57 -0.22 -0.47 -0.27 -0.73 0.94 0.99 0.69 0.73 1.00

Bio_17 0.38 -0.79 0.06 -0.48 0.61 -0.47 -0.84 0.36 -0.29 -0.54 -0.57 -0.89 0.70 0.74 0.70 0.38 0.69 1.00

Bio_18 0.13 -0.58 -0.18 -0.36 0.42 -0.54 -0.61 0.10 -0.07 -0.52 -0.48 -0.67 0.77 0.60 0.68 0.08 0.59 0.80 1.00

Bio_19 0.41 -0.47 -0.29 0.28 -0.07 -0.55 -0.15 -0.30 -0.38 -0.10 -0.58 -0.34 0.03 0.07 0.39 -0.28 -0.03 0.52 0.32 1.0

Alt Bio_2 Bio_3 Bio_9 Bio_11 Bio_12 Bio_19
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the south, small portions of Maharashtra in the west, and a 
large part of Madhya Pradesh in the central part of India.

Potential distribution of B. vahlii (under future 
climate change scenarios)

Important areas currently occupied by B. vahlii popu-
lations in India may lack climatic novelty in the future 
in both RCP 2.6 and RCP 8.5. Approximately 6.90% of 
India's total geographical area is climatically suitable for 
B. vahlii in RCP 2.6 as very high probable zones with 
an overall area expansion of 0.2% compared to the cur-
rent climatic scenario. An increase of very high probable 
zones was observed in the areas adjacent to Himachal 
Pradesh and Uttarakhand in the north, Jharkhand and 

parts of Chhattisgarh in the east, Odisha in the eastern 
coastal regions, and Karnataka and Andhra Pradesh in the 
southern parts of India according to the potential distri-
bution map of B. vahlii under RCP 2.6 (Fig. 5b). Simi-
larly, ~ 21.5% of the total geographical area of India will be 
climatically suitable for B. vahlii as high probable zones 
with an overall expansion of 1.4% high probable zones 
compared to the current climatic scenario, mainly in the 
parts of eastern, eastern coastal, central, and southern 
India. On the other hand, ~ 26.7% of the total geographic 
area will be suitable for B. vahlii as moderate probable 
zones with an expansion of 4.5% compared to the current 
scenario, mainly in the central, upper central, southern, 
and north-eastern India. The model predicted ~ 45% very 
low to low probable zones with a decrease of ~ 6.9% in the 
same category compared to the current scenario, mainly 
lying in western states like Gujarat, Rajasthan, Punjab, and 
Haryana and northern states like J&K of India.

Fig. 4  Jackknife test result of 
AUC of B. vahlii in a Current, b 
RCP 2.6, and c RCP 8.5 climate 
change scenarios
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According to the potential distribution map of B. vahlii 
under RCP 8.5 (Fig. 5c), the model predicted a large area 
(~ 27% of the total geographical area) under very high to 
high probable zones with a slight expansion of ~ 0.5% as 
compared to the current scenario, which is located in Indo-
Gangetic Plain, eastern, and upper southern India. In con-
trast, the model predicted a slight reduction in the areas, 
unlike RCP 2.6 in the moderate probable zones by ~ 0.4%, 
as compared to the current scenario, primarily in central 
and southern parts of India. Similarly, the model pre-
dicted ~ 51.2% area would fall under very low to low prob-
able zones with a slight reduction of ~ 0.1% as compared to 
the current distribution mainly in the western and northern 
states of India like RCP 2.6 (Fig. 6).

Discussion

The natural habitat of native plant populations have been 
declining at an alarming rate with the influence of changing 
climate and the mapping of potential distribution areas of 
various economically important plant species through the 
use of predictive modelling tools can aid in the develop-
ment of effective conservation management plans (Adhikari 
et al. 2018). The present study reported that the higher AUC 
value (> 0.8) symbolizes good performance of the model 
(Peterson et al. 2011) with better discrimination of input 
data (Lobo et al. 2008). Climatic variables at the global and 

regional scales are used to set the broad limits of plant dis-
tribution (Prentice 1992; Taylor and Hamilton 1994). In the 
present study, Bio_19 (Precipitation of Coldest Quarter) and 
altitude were the two most influential variables in all three 
climatic scenarios that determine the distribution of B. vahlii 
in their native ranges. On the contrary, Bio_12 (Annual Pre-
cipitation) and Bio_17 (Precipitation in the Driest Quarter) 
were the two most crucial bioclimatic variables contribut-
ing most towards the distribution of Saraca asoca having a 
similar current distribution range (Sumangala et al. 2017). 
The bioclimatic variable Bio_13 (Annual Precipitation) 
contributed ~ 30.4% to map the potentially suitable habitats 
of Perilla frutescens in Uttarakhand, India (Sharma et al. 
2018). The climate of the earth has become warmer, and an 
alteration in the precipitation pattern has been observed in 
the past 100 years, and a similar alteration is projected to 
occur in the future, which may directly or indirectly hamper 
the species distribution pattern (Walther 2002). Changes in 
precipitation and temperature could have a deleterious effect 
on the regeneration of the species. Further, climate change, 
coupled with anthropogenic activities, could also accelerate 
pests, diseases, and invasive species that hamper its regen-
eration and establishment in the natural habitats. The effect 
of bioclimatic variables might be dependent on local topog-
raphy, as modification in local climate occurs due to slope 
and other geographical factors (Lassueur et al. 2006; Austin 
and van Niel 2011). Therefore, to improve the distribution 

Fig. 5  Potential distribution of B. vahlii in a Current climatic scenario, b RCP 2.6, and c RCP 8.5 climate change scenarios
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modelling, assessing altitude's role becomes significant as it 
is one of the prime contributing factors in the present study.

Habitat loss, deforestation, forest degradation, over-
exploitation, changing climate, and land degradation are 
major threats faced by a range of native Indian species 
(Rajpoot et al. 2020). Bauhinia vahlii is also facing a range 
of ecological disturbances including the over-exploitation 
for medicinal purposes, small-scale plate making indus-
tries, grazing by the livestock, herbivory by insect pests, 
etc. (Nadkarni 2005; Mishra and Teki 2007; Kandhasamy 
and Kang 2013). Different authors report climate suitabil-
ity in the regions adjacent to Himachal Pradesh and Uttara-
khand in the north, Jharkhand and parts of Chhattisgarh in 
the east, Odisha in the eastern coastal regions, and Karna-
taka and Andhra Pradesh in the southern parts of India for 
various other plant species too (Sen et al. 2016a; Ray et al. 
2018; Sharma et al. 2018; Bhandari et al. 2020). However, 
the above-stated regions pose high suitability for invasive 
alien species, posing an additional threat to species survival 
(Adhikari et al. 2015). The model predicted ~ 51.3% of the 
total geographic area as very low to low probable zones fall-
ing mainly in the western states like Rajasthan, Gujarat, Pun-
jab, Haryana, and extreme northern states like J&K of India. 
Comparing the current distribution with future distributions 
would help in understanding species' response to climate 
change, and ultimately helps in formulating effective con-
servation strategies (Warren et al. 2013; Russel et al. 2014).

The moderate expansion of distribution area under both 
the climate change scenarios, i.e. RCP 2.6 and RCP 8.5, 
as compared to the predicted optimal current distribution 
range, was also reported in Thuja sutchuenensis in China 
(Qin et al. 2017). On the other hand, there was a shrinkage 
of climatically suitable areas of Boswellia serrata (~ 7 to 
14%) (Rajpoot et al. 2020), Butea monosperma (~ 9–13%) 
and also in Pterocarpus marsupium (Kumar et al. 2020) in 
2050 under various RCPs (Tiwari et al. 2021). It is evident 
that climate change might favor some species and might 
have negative impacts on others. There are high chances 
of increase in moderately suitable areas of invasive weeds 
like Parthenium hysterophorus in Jammu & Kashmir under 

different RCPs in 2050 and 2070 (Mushtaq et al. 2021). Such 
model-based studies may play an important role in formulat-
ing strategies to protect the rare and endangered species and 
help in planning management protocols for invasive species.

The present study was the first attempt to explore the 
impact of climate change on the distribution pattern of B. 
vahlii across the study area using the MaxEnt algorithm. 
MaxEnt has been widely used to determine the species suit-
able habitat because it performs well with a limited number 
of presence only data sets (Phillips et al. 2006; Elith et al. 
2006). Our findings suggested that, potential suitable habi-
tat of B. vahlii would expand under future climatic change 
scenarios (RCP 2.6 and RCP 8.5) indicating more suitable 
habitats would be available for the artificial cultivation of 
B. vahlii in future. The potential suitable habitat map of B. 
vahlii under current and future climatic change scenarios 
can be one of the guiding tools for the decision makers to 
set effective strategies for its conservation and sustainable 
utilization.

Model limitations and uncertainties

Inappropriate selection of predictive variables for MaxEnt 
modeling might become the source of uncertainties, because 
there might exist overfitting results (Radosavljevic et al. 
2014; Wei et al. 2018). In the present study, the potential 
distribution of B. vahlii is predicted based on the biocli-
matic and topographic variables like altitude, mean diurnal 
range (Bio_2), isothermality (Bio_3), mean temperature of 
driest quarter (Bio_9), mean temperature of coldest quarter 
(Bio_11), annual precipitation (Bio_12), and precipitation 
of coldest quarter (Bio_19). The influence of non-climatic 
factors such as changes in land uses, soil type, and biotic 
interactions could be considered in future research to further 
improve the model outputs. Secondly, species occurrence 
records are spatially biased towards more easily accessible 
areas such as near roads, cities, and highly populated areas. 
These sampling biases artificially increase spatial auto-
correlation of the localities and affect the model accuracy 

Fig. 6  Habitat suitability index 
of B. vahlii (Comparison of 
current, RCP 2.6, and RCP 8.5 
climate change scenarios)
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(Phillips et al. 2009; Ruiz-Gutierrez and Zipkin 2011; Boria 
et al. 2014). When these limitations are properly addressed, 
then MaxEnt can remain as one of the powerful tool in pre-
diction of potential distribution of species.

Conclusions

It is predicted that B. vahlii will respond variably under dif-
ferent climate change scenarios. The predicted impacts of 
climate change need to be integrated for conservation and 
management of this economically important, multipurpose 
woody climber. There is an urgent need to focus on the man-
agement strategies of B. vahlii populations found in south-
ern, Central, and Northeastern parts, where suitable habitat 
is likely to shrink under future climatic scenarios and the 
concern lies in monitoring the direction of the niche shift, 
otherwise populations might decline or disappear under 
climate change in these regions. Focus is also required pri-
marily towards the eastern and south-eastern parts of India 
based on the species' response to the variations in biocli-
matic variables, where the habitat is likely to gain suitable 
area under future climatic conditions. The present study can 
help and assist in effective policy formulation to safeguard 
B. vahlii as it is highly exploited and more vulnerable to 
climate change impacts throughout its distributional range 
mainly in Gumla and Latehar districts of Jharkhand due to 
its multipurpose uses like its leaves are used in the plate 
making industries and root extracts in medicinal purposes. 
In conclusion, the prediction from ecological niche mod-
els along with other data including demographic data, land 
cover data, and anthropogenic pressures could serve as a 
useful tool to identify suitable areas for the conservation of 
the species. Hence, there is an urgent need for strict policy 
interventions to check its overexploitation, monitor the niche 
shift, and ensure adequate protection of the species through-
out its distributional range.
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