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Abstract
The single cycad genus Cycas L. of the family Cycadaceae requires special care as they come under the
threatened category. The current study focussed on predicting the current, future and paleoclimatic
distribution of potentially suitable habitats of Cycas circinalis and Cycas nathorstii in Kerala state and its
second northernmost Kannur district. Ensemble function in “sdm” package used to combine �ve
modeling algorithms, namely Generalized Linear Model (GLM), Generalized Additive Model (GAM),
Random Forest (RF), Bioclim, Boosted Regression Tree (BRT), and Maximum Entropy (MaxEnt).
Individual model validation used the area under the curve and true skill statistics value. Annual mean
precipitation was the most contributed predictor for the current suitability model of both species,
followed by mean annual temperature and precipitation of the driest month. C. circinalis exhibited a high
frequency of least suitable regions, and C. nathorstii showed higher moderately suitable areas in Kerala
and suitable regions in the Kannur district. The paleoclimatic suitability of both species in Kerala and
Kannur district requires further supporting evidence. The distribution model of C. circinalis to future SSP
245 and SSP 585 scenarios showed a slight increase in suitability from 2021–2040 to 2081–2100 for
both extents. Similarly, it favours slightly the suitability of C. nathorstii in all four periods. The niche
breadth metric resulted in the habitat speci�city for both species in Kerala and less speci�city of habitats
in the Kannur district, along with niche overlap among them. The study will aid in exploring the new
populations in the area based on the model and develop conservation efforts.

Introduction
The identi�cation of ecological niches, comparisons of niche similarity between species pairs in
geographic and environmental space (Warren et al., 2021), prediction of species distribution under past,
current, and future climate scenarios (Franklin, 2023), risk of species invasion (Briscoe Runquist et al.,
2019), and disease prevalence (Dicko et al., 2014) are among the many research areas where SDMs are
applicable. To predict potentially suitable habitats across a landscape or region, habitat suitability
models use actual relationships between a species’ distribution and environmental variables like
climatic, edaphic and topographical parameters (Bradley et al., 2012; Zimmerman et al., 2010).

There are several models available for the prediction of habitat suitability. They include Genetic
Algorithm for Rule-set Prediction (GARP) (Stockwell, 1999), BIOCLIM (Busby, 1991), Random Forest (RF)
(Breiman, 2001), Generalised Additive Model (GAM) and Generalised Linear Models (GLM) (Guisan et al.,
2002), Generalized Regression Analysis and Spatial Prediction (GRASP) (Lehmann et al., 2003),
Classi�cation and Regression Trees (CART) (Breiman et al., 1984), Multivariate Adaptive Regression
Splines (MARS) (Friedman, 1991), Support Vector Machine (SVM) (Cortes & Vapnik, 1995) and Maximum
Entropy (MaxEnt) (Phillips et al., 2006).

The concept of ensemble forecasting was �rst introduced in the pivotal work “The Combination of
Forecasts” by Bates and Granger (1969). They reported a lower mean error for the combined predictions
than any component individual forecasts (Araujo & New, 2007). Ensembling points to the average of the
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individual models used and could be a mix of machine-learning and regression-based techniques
(Hysen, 2022). An appropriate source of inspiration could be found on open-source platforms, like the R
project for statistical computations and programming (Araujo & New, 2007). Weightage to the models
used will be the same or based on the model that performed better (Thuiller, 2004). For the Weighted
Averaging (WA) method, individual model outputs are chosen using interpolative metrics such as the
True Skill Statistic (TSS) and Area Under the Curve (AUC) (Allouche et al., 2006) and the individual
models are then aggregated using an averaging function. Other methods for processing individual
forecasts to ensemble include mean, median and Principal Component Analysis median (PCAm) (Araujo
& New, 2007). By combining four modeling algorithms, namely the generalized boosting model (GBM),
generalized linear model (GLM), multiple adaptive regression splines model (MARS) and random forest
model (RF) using the Biomod2 package, Xie et al. (2022) predicted the distribution of endemic conifers
in China. Unique R packages, like ‘sdm’ (Naimi & Araujo, 2016), offer consistent and cohesive
frameworks for managing several SDM approaches on a single interface. By using this package, models
can be compared, tuned and ensembled.

The distribution prediction of �ve Boswellia species in Africa’s drylands used the ensemble approach in
the ‘sdm’ package (Esser & Weldemariam, 2023). Many researchers have reported the superiority of
ensemble models over individual models (Araujo & New, 2007; Hao et al., 2019; Mohammadi et al.,
2022). Potential habitats of Citron medica in south, east and southeast Asia and Australia were
predicted using the ensemble function in the “sdm” package (Naimi & Araujo, 2016) for current and
future Representative Concentration Pathways (RCP) scenarios (Maurya et al., 2023).

Cycas L. is a threatened solitary cycad genus of the family Cycadaceae worldwide and requires
conservation practices (Srivastava, 2021). Researchers used many modeling methods to predict the
habitat suitability of threatened cycad species and conserve them. Logistic regression models were
utilized to know the environmental variables affecting the distribution of Macrozamia macdonnellii
(F.Muell. ex Miq.) A. DC., of Central Australia and found the in�uence of microclimate on the growth
(Preece et al., 2007). The MaxEnt output of habitat suitability predicted the contraction and population
shift upslope from the protected areas with a rise in mean temperature for �ve allopatric Macrozamia
species of Australia (Laidlaw & Forster, 2012). Current and future distribution patterns of Cycas pectinata
in Southeast Asia under climate change scenarios were modelled using the MaxEnt algorithm. They
noted the population reduction and di�culty adapting to the changing climate (Pradhan & Chettri, 2017).

Mudannayake et al. (2019) predicted the distribution of C. zeylanica in Sri Lanka using the MaxEnt
modeling approach and revealed its existence in South East Asia and Southern Western Ghats, India.
Carvajal-Hernandez et al. (2020), while evaluating the IUCN status of a micro endemic species of Mexico
Ceratozamia miqueliana, predicted the potential distribution using MaxEnt modeling. Bashyal et al.
(2020) attempted to determine the distribution status and suitability of C. pectinata in the Chure range of
Nepal by integrating ArcGIS 10.2.2 and the analytical hierarchy process. They included topographic and
edaphic variables to model the distribution.



Page 4/32

The elucidation of the habitat suitability of Cycas species in Kerala (KE) and this state’s second
northernmost Kannur district (KD) will pave the way for conserving the endangered genus of the area.
Hence, the current study designed to predict the potential distribution of two species, C. circinalis L. and
C. nathorstii J. Schust. and both species are coming under the IUCN Red List of threatened species. The
study compares the paleoclimatic, current, and future distribution of the two species, evaluates niche
breadth, and determines niche overlap between them. The modeling of the current and future distribution
of the species will aid in describing new populations in the area and in adopting conservation strategies.

Materials and methods
Species distribution modeling

The extent of the study area for modeling the distribution of two species and the occurrence points used
for modeling shown in Fig. 1.

Occurrence data

For the present study, the GPS coordinates of the individuals were recorded from the �eld surveys. For C.
circinalis and C. nathorstii, the potential distribution for KE and KD was checked. Presence records for C.
circinalis and C. nathorstii included the primary and secondary occurrences. Secondary occurrences
were downloaded from the Global Biodiversity Information Facility (GBIF) for C. circinalis and from the
India Biodiversity Portal (IBP) for C. nathorstii, and data cleaning was done in RStudio. This data was
merged with the primary occurrence data. Both occurrence records underwent spatial thinning using the
“spThin” package. From 50 GPS coordinates, 23 occurrence records (8 primary and 15 secondary)
remained for C. circinalis for the entire KE by manually removing the similar coordinates (Feng et al.,
2019) and spatial thinning and 18 occurrence points (14 primary and 4 secondary) for C. nathorstii from
22 data points along South Indian states and Sri Lanka. The number of background points was tuned to
reduce the data imbalance; for C. circinalis, it is 200 and for C. nathorstii, it is 100. Both species’ datasets
were split into training (80 per cent) and test (20 per cent) datasets for model run and validation.

Environmental variables

The chosen environmental or Bioclimatic variables were downloaded from PaleoClim (Brown et al.,
2018) and WorldClim with 30s (0.93 x 0.93 = 0.86 km2) resolution. Current (1979–2013) (Karger et al.,
2017) Bioclimatic variables, climate data for the Last Glacial Maximum (LGM ~ 20,000 years ago)
(Karger et al., 2021) and Mid-Holocene (MH = 6000 years ago) (Fordham et al., 2017) were downloaded
from PaleoClim. Future climatic projections of Coupled Model Intercomparison Project 6 (CMIP6) based
on Shared Socio-economic Pathways (SSP) scenarios (SSP 245 and SSP 585) were downloaded from
WorldClim 2.0. The global climate model – the Model for Interdisciplinary Research on Climate version
6.0 (MIROC6) for SSP245 (Intermediate scenario) and SSP585 (Extreme scenario) was used for future
distribution prediction. The period for projections were 2021–2040, 2041–2060, 2061–2080, and 2081–
2100.
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As the Bioclimatic variables were derived from temperature and precipitation, collinearity existed
between them. Hence, �rstly, six Bioclimatic variables were chosen, namely Annual mean temperature
(Bio 1), Maximum temperature of the warmest month (Bio 5), Minimum temperature of the coldest
month (Bio 6), Annual mean precipitation (Bio 12), Precipitation of the wettest month (Bio 13) and
Precipitation of driest month (Bio 14). Pearson’s correlation matrix checked the multicollinearity among
the chosen variables, and variables with correlation coe�cients of less than 0.7 were retained for further
modeling. Hence, the remaining variables for modeling included Bio 1, Bio 12, and Bio 14. Each variable’s
contribution to the model was calculated using the AUC metric.

Ensemble species distribution modeling using sdm package and validation

Ensemble approach using the “sdm package” (Naimi & Araujo, 2016) in RStudio modelled the current
distribution of the two Cycas L. species, namely C. circinalis L and C. nathorstii and predicted the
paleoclimatic and future distribution of the species. Models were run using the “sdm” package in
RStudio. The averaging utilized six models, namely Generalized Linear Model (GLM), Generalized
Additive Model (GAM), Random Forest (RF), Boosted Regression Tree (BRT), and MaxEnt, out of which
GLM and GAM are regression-based algorithms, and RF, BRT and MaxEnt are machine-learning
techniques (Hijmans & Elith, 2013). Bioclim is the �rst developed species distribution model, a pro�ling
technique (Booth et al., 2014; Hijmans & Elith, 2013). Ten replications were used for each model using
the bootstrapping method. Individual models were validated using AUC and TSS (True Skill Statistic)
metrics. The models were combined using the ensemble function in the package, and AUC criteria were
used to weigh the models.

The generated raster predictions were made in the habitat suitability map with �ve suitability classes
(Mahatara et al., 2021) in ArcMap 10.6 by clipping the extent to KE state and KD. The suitability classes
include 0-0.2 (Not suitable), 0.21–0.4 (Least suitable), 0.41–0.6 (Moderately suitable), 0.61–0.8
(Suitable), and 0.81- 1 (Highly suitable). The area of each class was calculated using DIVA-GIS and
plotted as a graph using Origin 9.0.

Estimation of niche breadth and niche overlap

Mean niche breadth (Levin, 1968) was calculated using the “dismo” package in Rstudio from the
ensemble models for all the periods for both species and plotted using OriginPro 9.0. The value ranges
from 0–1 indicates narrow and broad niche breadth or environmental tolerance. The predicted niche
occupancy (PNO) pro�les for each environmental variable were derived using the ‘pno’ function in the
“phyloclim” package for niche overlap or similarity estimation. These PNOs calculated niche overlap as
Schoener’s D statistic (Schoener, 1968). The value ranges from 0 (no overlap) to 1 (complete overlap).

Results and discussion
Model validation
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The validation statistics of the modeling outputs for C. circinalis and C. nathorstii are shown in Table 1.
Model validation utilized two statistics, AUC and TSS values, out of which AUC ranges from 0 to 1 and
values near to 1 denote the model’s better performance (Philips et al., 2006). AUC value > 0.75 is better,
according to Elith (2002). TSS values range from − 1 to + 1, and less than zero indicates poor
performance (Allouche et al., 2006).

Table 1
Validation statistics for the suitability models of C. circinalis and C. nathorstii

Modelling algorithm AUC TSS

C. circinalis C. nathorstii C. circinalis C. nathorstii

GLM 0.84 0.9 0.72 0.82

GAM 0.84 0.94 0.69 0.89

RF 0.86 0.98 0.73 0.93

BRT 0.86 0.97 0.73 0.91

MaxEnt 0.87 0.98 0.75 0.93

The �ve modeling algorithms used in predicting the habitat suitability of C. circinalis exhibited an AUC
value greater than 0.8 and a TSS of 0.7 and above. The maxEnt model ranks �rst with an AUC value of
0.87 and a TSS of 0.75. All �ve models of C. nathorstii have an AUC value ≥ 0.9 and a TSS above 0.8.
MaxEnt and RF models exhibited higher AUC (0.98) and TSS (0.93). The MaxEnt model worked better for
both species, again supporting the algorithm’s effectiveness and popularity (Wisz et al., 2008). The
results indicate that the better model performance for both species and predicted the habitat suitability
for the extent of KE and KD.

Contribution of Bioclimatic variables

The importance of variables for each model is combined and averaged based on the AUC metric to get
the per cent contribution of the Bioclimatic variables on the current distribution of both species. It is
found that for C. circinalis, Bio 12 (37.8%) is the highly contributing variable, followed by Bio 1 (24.6%)
and Bio 14 (8.5%). Similarly, for C. nathorstii, Bio 12 contributes 68.7%, followed by Bio 1 (7.5%) and Bio
14 (6%). Hence, this indicates that annual precipitation (Bio 12) favours the existence of both species in
the KE and KD. According to Swart et al. (2018) annual mean precipitation contributes secondly to the
suitability prediction of Encephalartos latifrons, a South African cycad after geological features. The
contribution of variables is shown in Table 2 for C. circinalis and C. nathorstii.
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Table 2
Percentage contribution of predictor variables to the �ve modelling algorithms

Predictor
variables

Percentage contribution of C.
circinalis

Percentage contribution of C.
nathorstii

Bio 12 37.8 68.7

Bio 1 24.6 7.5

Bio 14 8.5 6

Moreover, Bio 12 immensely favouring C. nathorstii over C. circinalis itself, showing that in KE and KD,
suitability is higher for C. nathorstii. On the other hand, annual mean temperature (Bio 1) contributes
more to the distribution of C. circinalis than C. nathorstii. The present-day climate is actually
characterized by much seasonal rainfall patterns where the evolutionary cycad relicts survive
(Nagalingum et al., 2011; Yessoufou et al., 2014). They had occupied from the Miocene and survived the
xeric habitats, but some cycads adapted to mesic habitats with su�cient moisture (Gutiérrez-Ortega et
al., 2017). Hence, the contribution of Bio 12 and Bio 1 for the existence of C. circinalis and C. nathorstii
points to the mesic nature of the species. At the same time mean temperature also contributes less to
the suitability of both species. When compared to C. nathorstii Bio 1 is contributing more to C. circinalis.

Current distribution of the species

Along KE, C. circinalis exhibited not suitable, least suitable, and moderately suitable areas, and it is
devoid of suitable and highly suitable areas. The predicted suitability map is displayed in Fig. 2a. The
scenario is similar in KD; for both extents, the least suitable areas were higher, with an area of 20967.66
sq. km for KE and 1957.36 sq. km for KD. This is followed by not suitable areas (16075.12 sq. km) in KE
and moderately suitable areas (868.6 sq. km) in the KD. On the other hand, the ensemble model of C.
nathorstii, shown in Fig. 2b, exhibited all �ve suitability areas in KE. Except for suitable areas, all other
suitability classes were in the KD. The projected model highlighted that suitable and highly suitable areas
were present in the northernmost Malabar region of KE. In KE, moderately suitable areas were higher,
with an area of about 17426.87 sq. km. In the KD, suitable areas were higher, counting to 1780.83 sq. km,
followed by highly suitable areas of 775.82 sq. km. The predicted suitability maps of both species show
that KE and KD favours C. nathorstii when compared to C. circinalis.

Lindstrom and Hill (2007) recorded the survival of C. circinalis in Kerala, which ranges from hilly to
coastal regions. From Kalliasseri panchayat, KD, Sreedharan (2004) reported the presence of C. circinalis
as part of biodiversity checklist. The existence of C. nathorstii a Sri Lankan native species, reported from
Kerala for the �rst time at Palaruvi Hills, Kollam (Antony et al., 2010) and the present model shows least
and moderately suitable areas.

Field exploration at KD has identi�ed both species through morphological characters with the help of
expertise as part of the delimitation of quantitative characters using clustering (Unpublished data).
Hence, the existing studies support the predicted models in this study.
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Reconstruction of paleoclimatic distribution of the species

The paleoclimatic distribution of C. circinalis is shown in Fig. 3. It depicts suitable, moderately suitable,
and least suitable areas during the LGM period in KE. KE has mostly favoured moderately suitable areas.
In the KD, only moderately suitable regions were present in both LGM (3029.78 sq. km) and MH (3028.06
sq. km) periods. The MH period favoured mostly moderately suitable areas (36399.5 sq. km) in KE, with
few regions being suitable (2304.8 sq. km) and very few regions being least suitable (21.5 sq. km). The
comparison graph of changes in area for C. circinalis with current and paleoclimatic period is displayed
in Fig. 4a-b for KE and KD.

In the case of C. nathorstii during LGM and MH in KE, both moderately suitable and suitable areas were
available, and the proportions of each class opposed each other. The reconstructed paleoclimatic
habitat suitability in KE and KD for both LGM and MH are shown in Fig. 5. In LGM, few least suitable
regions (119.36 sq. km) were also present. The area change compared to the KE’s and KD’s current
scenario with LGM and MH suitability is shown in Fig. 6 and Fig. 7.

Figure 7.tif Comparison of area change between current scenario and two paleoclimatic period of C.
nathorstii in KD

In Kerala, compared to current suitability, not suitable and least suitable areas were absent and
characterized by moderately suitable regions. However, in LGM, the number of moderately suitable areas
was higher, and vice versa, in the MH period. In the KD, LGM favoured moderately suitable regions
(3041.85 sq. km), and MH favoured suitable areas (3045.31 sq. km).

According to Wanner et al. (2008), the climate systems’ boundary conditions of the MH period have not
much change when compared to the current climate systems. The temperature of land and air showed a
decline during the MH period on entire globe, but tropical and subtropical land surface experienced
varying or mixed climatic conditions (Steig, 1999). Hence, the suitability of the two species in MH may be
interpreted when compared to the current distribution, as there is less variation in the climate systems as
well as the mixed or mesic conditions in the tropics. Further explanation requires paleontological shreds
of evidence and evolutionary studies as it is unfamiliar.

Future projection of the species

The projection of the distribution model of C. circinalis to future SSP 245 and SSP 585 scenarios showed
a slight increase in suitability from 2021–2040 to 2081–2100 in KE and KD. Figure 8a-b, and Fig. 9a-b
depicts the habitat suitability maps of C. circinalis in future scenarios for both KE and KD. Towards the
end of the 21st century, the moderately suitable areas are showing a mild increase, and not suitable
areas are reducing. It is evident that in KE not suitable areas are decreasing in both climate scenarios of
four time periods. When comparing it with current suitability in KE, not suitable areas decrease with
increasing moderately suitable regions.
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The least suitable regions also showed a slight decrease, as they may be converted to moderately
suitable pixels in future periods. Figure 10a Fig. 10b shows the trend of the suitability of C. circinalis in
the KE and KD by comparing it with the current suitability. The KD also showed a similar trend to KE, with
an increase in moderately suitable areas and a decrease in not suitable and least suitable regions.

Habitat suitability maps of C. nathorstii in future scenarios for all four time periods are depicted in
Fig. 11a-b and Fig. 12a-b. Future climate is favouring the distribution of C. nathorstii to a certain extent.
While comparing both climate SSP scenarios, there is not much variation between them. All four time
periods in both scenarios show a slight increase in suitable areas in KE and KD. Highly suitable regions
of the KD will completely disappear in both scenarios when the time moves to 2081–2100. Hence, there
is a slight disfavour of future climate for the distribution of C. nathorstii in the KD. Figure 13a-b shows
the Comparison of area change in current and future scenarios of C. nathorstii in KE and KD.

Compared to the current scenario, suitable areas were reduced for KE in SSP 245 and SSP 585, moving
from 2021–2040 to 2081–2100. Moreover, the least and highly suitable areas were diminishing and the
moderately suitable and suitable areas were increasing in both scenarios in KE. The KD has had no
notable change in the least suitable areas. Compared to the current distribution, moderately suitable and
highly suitable regions are becoming the least. In both scenarios for all the periods, suitable areas were
high.

The current climate of C. circinalis in KE and KD is not very favourable as there are no suitable and highly
suitable areas in the state. However, while comparing it with future climate scenarios, the percentage of
increase in moderately suitable areas shows a slightly positive response of the species to climate
change. The current suitability model signi�cantly contributed to mean annual precipitation and annual
mean temperature. In the case of C. nathorstii, current climatic conditions favour highly suitable areas,
which disappear in 2081–2100 for both scenarios. Opposingly, future scenarios favour suitable regions
of both KE and KD. In many parts of India daily mean rainfall and maximum daily rainfall have an
increase in all future scenarios (Vinod & Agilan, 2022). Hence, the presence of suitable regions in all
future scenarios for both C. circinalis and C. nathorstii may be connected to the availability of rainfall.

Comparison of niche breadth of both species

Niche breadth summarizes the environmental tolerance of a species to its surroundings. It ranges from 0
to 1, where 0 indicates that the species are speci�c to particular habitats than others, and 1 indicates
equal suitability of all habitats (Banta et al., 2012). Niche breadth was calculated as mean separately for
KE and Kannur for both species. The mean niche breadth of C. circinalis in KE was 0.13 and 0.28 in KD
for the current climate scenario. The result designates that the environmental tolerance level of C.
ciricinalis to different environments is too low; hence, it is speci�c to particular habitats.

During LGM and MH, the mean niche breadth was 0.46 and 0.47, respectively, which is comparatively
higher than the current speci�city to habitat in KE. The C. circinalis in KD had a niche breadth of 0.5 and
0.54 for LGM and MH, respectively. It points to adaptive and suitable habitats for C. circinalis in past
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climatic conditions. As the paleoclimatic interpretation requires further explorations in the area, it isn’t
easy to draw an apt conclusion about the suitability of this species in the past. The intermediate
scenario (SSP 245) for the four time periods in the future gives out a niche breadth, increasing from
0.17–0.21, a low environmental tolerance level in KE.

Likewise, in KE, SSP 585, the extreme future climate scenario exhibits a niche breadth from 0.17–0.26
from 2021–2040 to 2081–2100. In the SSP 245 scenario, the niche breadth has a value of 0.33–0.37,
and in SSP 585, it is from 0.33–0.42, which is a higher niche breadth for C. circinalis in the KD compared
to the future scenarios in KE. Among future scenarios, SSP 585 during 2081–2100 showed a high value
of niche breadth, 0.26 in KE and 0.42 in KD, but still a narrower niche breadth. The mean niche breadth of
the species for all the scenarios in KE and KD is depicted in Fig. 14a-b.

From this, the tolerance level of the species from the paleoclimatic period to the current shows a severe
decline, which tends to rise during both future scenarios along the four periods in KE and KD.

Figure 15a-b shows the mean niche breadth of C. nathorstii in KE and KD for all the scenarios. In the
case of C. nathorstii, the current climatic scenario has a niche breadth value of 0.27 in KE and 0.61 in KD.

Compared with C. circinalis, C. nathorstii shows higher niche breadth in the KD, indicating the
establishment and adaptation of C. nathorstii to varied habitats than C. circinalis. During the past climate
scenario, the LGM and MH, C. nathorstii, showed a niche breadth of 0.54 and 0.53, respectively, in KE. On
the other hand, in KD, it is 0.57 for LGM and 0.64 for MH. During SSP 245, C. nathorstii shows a niche
breadth range of 0.28–0.30 and SSP 585 of 0.28–0.33 in KE. In contrast, KD has a niche breadth of
0.58–0.61 for both SSP scenarios. It again shows that C. nathorstii is more suitable to the climatic
conditions of KD than KE in future scenarios.

Altogether, both species of Cycas have a certain level of habitat speci�city and environmental
requirements for their healthy existence in KE and KD. The speci�city makes them vulnerable to climate
change and lessens the habitat suitability of both species. The less speci�city of habitats for both
species to KD may be explained as the adaptation of the individuals in the area which is again supported
by the existence of individuals throughout the district (�eld observations of author) during the study.
Exploration of Cycas populations in many unexplored parts of KE will help to strengthen the diversity and
distribution aspects, and the study of physiological responses of the species at varied habitats can
determine the effect of changing climatic parameters.

Niche overlap of both species in KE

The quanti�cation of niche overlap from SDMs is mainly based on a geographical context. Schoener’s D
statistic explained the overlap of SDMs in the case of the three Bioclimatic variables used for modeling
for both species in KE. The result of niche overlap between both species is shown in Fig. 16.

Interestingly, the current distributional range of the species showed a statistic of 0.85 and 0.84 for Bio 1
and Bio 12, respectively. In Bio 1, Bio 12 and Bio 14, the niche overlap in the paleoclimatic period is above
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0.9. On the other hand, in future scenarios, all three climatic requirements will also have a statistic above
0.75. Though complete overlap is not there, the value is near 1, which indicates the similar niche sharing
between both species in the case of Bio 1, Bio 12 and Bio14. The limitation of this study in quantifying
the niche overlap is that it is devoid of other components which determine the species distribution range.

Beyond these climatic variables, many other topographic, edaphic, and Biotic components in�uence the
species’ distribution limits (Guisan & Thuiller, 2005). The niche overlap among the species in this study
for the three crucial variables may be the existence of competition or lack of competition due to the
oversupply (Colwell & Futuyma, 2013). Hence, the study needs further exploration by including the other
factors to develop an SDM and to identify the factors affecting niche overlap.

Conclusions
Cycas species require particular concern for their existence as they come under the threatened category.
The leading cause of the threat is habitat degradation due to human interference. The development of
SDMs in time will help to understand the species distribution range in current habitats and future
scenarios. In turn, this will aid in developing conservation strategies for species’ existence. The
ensemble model, superior to the individual models, predicted the potential distribution of the two Cycas
species in KE state and its one district, Kannur. The current study proved the suitability of C. nathorstii in
KE rather than C. circinalis, which means that the Bioclimatic variables favour the existence of C.
nathorstii rather than C. circinalis. All three Bioclimatic variables in the study contributed to their living,
though annual mean precipitation (Bio 12) contributed higher. The physiological response and need for
this requirement want to be studied further, as Cycads are generally categorized as xerophytes. Though
the future scenarios affect the distribution of both species, compared to the current habitat suitability,
there is not much of a profound impact on the distribution. The niche breadth or environmental tolerance
of C. circinalis shows habitat preference and speci�city higher than that of C. nathorstii. A niche
similarity or overlap exists among the species, which points to the competition or the surplus of the
Bioclimatic variables. If competition exists among the species, this can be linked to the low suitability of
C. circinalis to C. nathorstii in KE and the KD. Gathering evidence for the reasons for overlap requires
further research. Future research can also be focussed on the new population discovery in the
unexplored parts of KE, the physiological changes of the species in the changing climate and its
environmental tolerance, and the effect of other topographical, edaphic and Biotic factors on its
distribution range.
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Figures

Figure 1

Occurrence points of C. circinalis and C. nathorstii used for modeling

Environmental variables
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Figure 2

Habitat suitability model of current scenario (a) C. nathorstii, (b) C. circinalis
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Figure 3

Paleoclimatic distribution model of C. circinalis
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Figure 4

Comparison of area change between current scenario and two paleoclimatic period of C. circinalis in (a)
KE, (b) KD
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Figure 5

Paleoclimatic distribution model of C. nathorstii
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Figure 6

Comparison of area change between current scenario and two paleoclimatic period of C. nathorstii in KE
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Figure 7

Comparison of area change between current scenario and two paleoclimatic period of C. nathorstii in KD
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Figure 8

The ensemble model of C. circinalis in future scenarios during (a) 2021-2040, (b) 2041-2060
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Figure 9

The ensemble model of C. circinalis in future scenarios during (a) 2061-2080, (b) 2081-2100
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Figure 10

Comparison of area change between current and future scenarios of C. circinalis in (a) KE, (b) KD
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Figure 11

The ensemble model of C. nathorstii in future scenarios (a) 2021-2040, (b) 2041-2060
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Figure 12

The ensemble model of C. nathorstii in future scenarios during (a) 2061-2080, (b) 2081-2100
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Figure 13

Comparison of area change between current and future scenarios of C. nathorstii in (a) KE, (b) KD
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Figure 14

Niche breadth in paleo, current and future scenarios of C. circinalis in (a) KE, (b) KD
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Figure 15

Niche breadth in paleo, current and future scenarios of C. nathorstii in (a) KE, (b) KD
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Figure 16

Niche overlap between both species in KE


