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ABSTRACT

Restricted geographic ranges, high degree of habitat specialization and small population size of endangered species
deserve exceptional consideration for their conservation. Prediction and mapping of potential suitable habitats for such
species can aid in their conservation. We used species distribution modeling technique to predict the current suitable
habitats of A.nivalis in Kashmir Himalaya. We used world clim data and Maxent software to perform distribution
modeling. Our models successfully predicted current known habitats as well as new areas suitable for A.nivalis. We
identified several new populations based on the model predictions and intensive field surveys. Our modeling approach
can provide a baseline method for modeling rare and endangered species.
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INTRODUCTION

The precise assessment of the conservation status of rare and endemic species attains fundamental
significance in establishing conservation priorities for threatened elements of biological diversity. Rare
and endemic species merit special attention as a conservation concern in view of being at a higher risk of
extinction. Because of restricted geographic ranges, high degree of habitat specialization and small
population size these species deserve exceptional consideration for conservation [1]. In this direction,
prediction and mapping of potential suitable habitats for rare endemic species assumes pivotal
importance for monitoring and restoration of their declining population status in natural habitats,
artificial introductions, or selecting appropriate sites for their conservation and management [2-3].
Recent developments in Ecological Niche Modeling (ENM) have explored applications to diverse
conservation issues, including suitable habitat and species range estimates [4-10], protected area
prioritization and network design [11-18], effects of habitat disturbance on species distributions [19, 20],
to aid in IUCN categorization of species [26] and projecting future distributions under climate change [21-
24]. By definition, ecological niche is a set of ecological conditions that allows a species to persist and
produce offsprings [25]. The ENM approach combines species occurrence data with
ecological/environmental variables (temperature, precipitation, elevation, geology, and vegetation) to
create a model representing species distributions compatible with the environment [27]. Availability of
high resolution satellite imageries, downscaling tools for environmental variables and interpolated
spatial datasets on climate and vegetation has enhanced the accuracy of prediction of the models
manifold.

Species distribution data are now increasingly getting available due to various efforts to digitize historical
distribution records obtained from national and local natural history collections [28, 29]. ENM facilitates
interpolation as well as extrapolation of species distributions in geographic space across different time
periods. This has made it possible to prepare species distribution maps with high level of statistical
confidence and identify areas suitable for reintroduction of threatened species [30-35]. Species
distribution modelling tools are becoming increasingly popular in ecology and are being widely used in
many ecological applications [6, 36-40]. A variety of species distribution modelling methods is available
to predict potential suitable habitat for a species [41-50]. Data on rare and endemic species usually have
few observations, limited spatial accuracy and lack of valid absences [51], consequently relatively few
predictive models have been applied to rare and endangered species [52]. These limitations of rare
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species datasets make the application of the usual statistical approaches more difficult. However, at the
same time the rare species utmost need predictive distribution modelling, for both monitoring and
conservation management purposes.

Kashmir Himalaya occupies a pivotal position in representing a unique biospheric unit in the Western
Himalayas, a biodiversity hotspot [54].The mountainous region lies between 32°20' to 34°50" North
latitude and 73°55' to 75°35' East longitude [55] 2,000 plant species have been recorded from the region
[3], grouped under 710 genera and 132 families out of which 8% species are exclusively endemic to
Kashmir despite the region comprises of only 0.48% land mass of India [4]. Most of these endemic species
are restricted to the alpine and sub-alpine habitats. A large number of species are facing threat due to
various anthropogenic activities, such as habitat loss or modification, over-exploitation of economically
important plants, alien species invasion, unchecked grazing, unplanned development, and influx of
tourists [9], thus, substantiating the immediate need to undertake systematic conservation planning.
Species distribution Modelling tools can serve a useful solution in solving the problems of conservation in
this Himalayan region were no such efforts have been undertaken so far.

Notwithstanding the aforementioned ‘rare species modelling paradox’ [21], we realized the importance of
using ENM as a conservation tool for rare species and modelled A. nivalis, an endangered and endemic
species of Kashmir Himalaya [2].

MATERIAL AND METHODS

Study area

Kashmir Himalayan region constitutes an important biogeographic zone of north western Himalaya. It is
located at 33 -20-34 - 54N latitudes and 73 55-75 < 35E longitudes, covering an area of 16, 000
km?(Fig 2.e). The region is rich in biodiversity, with lofty mountains of the Pir Panjal in the South and
Southwest and by the Great Himalayan range in the North and East with a deep elliptical bowl-shaped
Kashmir valley in the middle.

Study species

A. nivalis is a perennial endangered species which is endemic to Kashmir Himalayan region (Dar et al.
2008) (Fig 2.a) and grows along an altitudinal range from 3000 to 4000m (amsl). It is found in rocky
habitats and grows as high as 25cm with stems simple, scapose, short, leafless or one-leaved. Flowers are
solitary, terminal, drooping and dark purple in colour. Flowering and fruiting season ranges from_June-
July. Due to small size of its populations, very few individuals reach the reproductive stage. The species is
not only over exploited in view of myriad medicinal uses but its individuals are also damaged by
herbivores in various populations. These factors in conjunction with hostile habitat conditions and
enhanced anthropogenic pressures contribute to the present threat status of this endemic species.

Table 1: Early records of A.nivalis at the beginning of the study and the new localities sampled during
successive field trips based on model thresholds.

Species Early Status of Individuals

Locations Plants found at | Plants at | Plants at | Total | Altitude
Flowering stage vegetative stage | seedling stage (m)

Aquilegia Thajwas 90 13 8 111 | 3700

nivalis Apharwat 156 20 16 192 | 3800
Khillanmag 65 5 5 75 3600
Vishnosar 189 17 23 229 3950
Gangbal 143 14 20 177 | 3800
Sarsoon 87 12 9 108 3800
Harmuk 123 25 20 168 | 3850
Seeryadi 421 37 35 493 | 3850
Newly Locations
Sinthan Top 223 42 35 300 3700
Pehjan 200 37 16 253 | 3750
Peer Ki Gali 150 24 27 201 | 3800
Kousar Nag 135 25 24 184 | 3800

Species distribution modeling

We used sixteen distribution records of A. nivalis for modeling its suitable habitats.We carried spatial
autocorrelation with the help of ‘SDM tool box’ (Brown 2014)in order to remove overlapping and non
relevant records.
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Environmental data

For modeling purpose we used bioclimatic and topographic variables for A. nivalis. These GIS data sets
characterize global climates from 1950-2000 using average monthly weather station data and are
available at different spatial resolutions. [34] and are known to influence species distributions [62]. We
downloaded environmental variables from WorldClim [34] with a spatial resolution of 30 arc-seconds
(http:// worldclim.org/current) . All environmental layers were resampled to a 500 m cell size for usage
in the regional scale models. All spatial procedures were implemented in ArcGIS 10.1. In order to remove
highly correlated variables we used Spearman’s rank correlation test, and only those with a correlation
coefficient lower than 0.85 were taken [6, 7].

Modeling Software

We used Maxent 3.3.2 [15] to model suitable habitats for A.nivalis in Kashmir Himalaya. Maxent is one of
the best performing tools particularly at low sample sizes. It is one amongst the ‘presence-only’ group of
species distribution modelling methods which has been widely used. The strong attributes of Maxent
are:(i) It holds a strict mathematical definition (ii) gives a continuous probabilistic output (iii) can
simultaneously handle both continuous and categorical environmental data (iv) can investigate variable
importance through Jackknife procedure (v) has the capacity to handle low sample sizes and (vi)
simplicity for model interpretation [45, 46, 23, 24]. It also facilitates replicated runs to allow cross-
validation, bootstrapping and repeated sub sampling in order to test model robustness.

To avoid over prediction of our SDMs we used Binary Models application of SDM tool box with a buffer
distance of 100km.These tools clip DMs by a buffered minimum convex polygon (MCP) generated from
the input point data of each species following the approach of Kremen et al. [42]. In this method suitable
habitats are generated within an area of species known occurrences (based on a buffered MCP), excluding
suitable habitat greatly outside of observed range and unsuitable habitat through the landscape.

Extent of Occurrence

Convex hull method (IUCN 2005) was used to calculate the extent of occurrence for A. nivalis.This method
involves producing Delauney triangulations of species occurrence points and at the same time removing
all sides that are a times longer than the median of the original sides. We initially calculated the area of
occurrence taking secondary data into consideration. Our final EOO was based on the secondary records
as well as new occurrences.
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Figure 2: (a) Study species A. nivalis (b) Area of extent for A. nivalisbased on final records (c) Shaded
portion represents area of occupancy which was calculated using initial distributional records. AOO
overlaid on the distributional map (d) Map of Kashmir valley (e).
RESULTS
Habitat suitability modeling
Maxent model successfully predicted the current distribution besides predicting additional habitats like
northern parts of Pakistan (Pakistan occupied Kashmir), Uttrakhand and Himachal Pradesh as suitable
for areas for A. nivalis(Fig 1.a). Using primarily species distribution modeling approach aided by Convex
hull method we were able to extend the range A. nivalis(extent of occurrence) in Kashmir Himalaya from
210 to 380 Km?thus increasing the overall range for A.nivalis by 170 Km? (Fig 2,b,c and d).

Fig.1: Habitat suitability map for A.nivalis

Model calibration andfactors determining species distribution

Maxent model attained an AUC value of>0.90 (0.99 + 0.0009, 0.99+.0004) which is considered as excellent
(Elith and Leathwick 2007).Precipitation Seasonality had highest contribution in followed by Mean
Diurnal Range and Precipitation of Coldest Quarter (Fig 3, Table 3). The response curves for the
environmental predictors most determinant for the species distribution of A.nivalis are presented in
Figure 4. Overall, the response curves reveal that the species is mainly distributed in areas with lower
BEPLS Vol 12 [4] March 2023
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values of Precipitation of Coldest Quarter,Precipitation Seasonality and low to medium temperatures,
which is coherent with the known distribution of the species along the north-western Himalaya (Kashmir
Himalaya).
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Fig. 3: Results of jackknife evaluation procedure on the relative importance of predictor variables for
A.nivalis.
Habitats for reintroduction
A. nivalis occupies the alpine slopes with moist and rocky habitats. It sometimes grows in rock crevices
and prefers pebbled and sandy soils at an altitudinal range of 3000-4000m. Suitable areas for
reintroduction include alpine patches of north Western Himalayan region.
Table 2: Environmental variables used in modelling A.nivalis.

Predictors Source

Annual Mean Temperature World clim ; Hijmans et al., [34]
Mean Diurnal Range (Mean of monthly (max temp | World clim ; Hijmans et al.,, [34]
- min temp)

Isothermality (BIO2/BIO7) (* 100) World clim ; Hijmans et al,, [34]
Max Temperature of Warmest Month World clim ; Hijmans et al., [34]
Mean Temperature of Coldest Quarter World clim ; Hijmans et al., [34]
Precipitation of Driest Month World clim ; Hijmans et al., [34]
Precipitation Seasonality (Coefficient of Variation) | World clim ; Hijmans et al., [34]

Precipitation of Wettest Quarter World clim ; Hijmans et al., [34]

Precipitation of Warmest Quarter World clim ; Hijmans et al., [34]

Elevation USGS Hydro-1K dataset)

Slope USGS Hydro-1K dataset
DISCUSSION

Currently a large number of Species Distribution Models (SDMs) are used for addressing various
ecological and evolutionary issues. However, the accuracy of these models depends to a large extent on
how species occurrence data and environmental data are processed for model building, and if not done
properly it can lead to erroneous predictions. In our study we considered several important issues prior
to fitting the data to our model for instance Spatial autocorrelation among the occurrence localities is a
serious issue to be taken care of. If occurrence points are spatially autocorrelated, often it leads to model
overfitting and inflated values of model performance [47, 34, 9]. The removal of clustered locations
particularly for species with limited occurrence records is important for model calibration and
evaluation. Prior to fitting the occurrence localities in our models we considered issue of spatial
autocorrelation and filtered the locations at 10km? resolutions. In our study we dropped several
occurrences from the original data set to reduce spatial autocorrelation. We used ‘Spatially Rarefy
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Occurrence Data Tool’ of SDM tool box developed by Brown 2014 to remove spatially autocorrelated
localities. Initially we had eighteen locations and we were left with twelve final locations for first model.
Correlation among environmental variables also can bias model predictions. Highly correlated variables
can expose models to multicolinearity. In our case variable selection was based on Pearson’s correlation
test r Pearson < 0.85 and Maxent result (Those variables which had the highest contribution to the
Maxent model).

Over prediction is a problem commonly associated with species a distribution that seriously affects the
precision of predictive models, especially when we are dealing with rare and endemic species. In the
present study help was taken from SDM tools Binary Models application of SDM tool box. Since the target
species is endemic to Western Himalayan region and our purpose was to identify new populations of the
target species we kept the buffering distance to 100km.These tools clip DMs by a buffered minimum
convex polygon (MCP) generated from the input point data of each species following the approach of
Kremen et al. [42]. In this method suitable habitats are generated within an area of species known
occurrences (based on a buffered MCP), excluding suitable habitat greatly outside of observed range and
unsuitable habitat through the landscape.

Our results are important in addressing many conservation issues such as reintroduction, identification of
new populations and assessment of threat status for A. nivalis. Maxent modelling approach, an effective
modelling tool even with relatively low occurrence records, was used in the present study because such
models provide excellent discriminatory ability following Thuiller et al. [46] scales with AUC values
above 0.90 for A. nivalis. Rare and endemic species have acquired top priority to conserve biodiversity
worldwide because these species are assumed to undergo higher risk of extinction. Our models show that
a mixture of climatic and non-climatic variables are needed to explain endemic species distributions in
Western Himalaya, with Precipitation Seasonality, Mean Diurnal Range and Precipitation of Coldest
Month being the most important predictor variables. Although we tried to overcome major problems
associated with SDMs, there are still many issues particularly while modelling rare species with few
occurrence records. It is difficult for low occurrence species to model actual and projected distributions
[64, 65, 39]. At the same time distinction of important variables becomes difficult for models when the
data are sparse. Although the best predicted subsets of the A. nivalis SDM are able to explain the potential
habitat requirements for the species, they need to be interpreted with caution due to the implications of
the model accuracy, model assumptions and fundamental vs. realized niches. They are informative, but
have their limitations and should be used for conservation planning only in concert with targeted field
survey. There are numerous bioclimatic variables used in species distribution models, but it has been
observed in ecological science that a few variables account for about 95% of the variation in distribution.
The results derived from the ‘best models’ must be interpreted with caution due to absence of high-
resolution spatial climatic data. The inclusion of Climatic and topographic information, to a certain extent,
minimize the potential source of error in prediction. However, with the improvement in technology both
spatially and temporally, there could be better availability of data on vegetation, bioclimatic and
topography for reliable prediction on the species distribution pattern. Furthermore, species occurrence
records should be collected randomly across the region and the locations georefrenced precisely to avoid
any error in the accuracy of the niche prediction. Taking these criteria into account, modelling algorithms
can predict reliably species’ macro distributions using the present environmental data.

Our model fitted with both climatic predictors and non-climatic variables, depicts, from a robust
modelling approach, the potential range of the species besides identifying the most suitable areas for its
occurrence. Moreover, our models were successful in predicting the previous distribution range of the
species and were able to identify highly suitable areas which are coincident with grid cells where the
species has not been recorded yet. Four new populations of A. nivalis were located based on model
thresholds thus validating our spatial projections. Our spatial projections can support targeted surveys to
collect additional records for the species, help identifying source and sink populations, and support the
selection of populations to target urgent conservation measures. We were able to increase area of
occupancy by A. nivalis from 210 to 380 Km?, thus our modals also can aid in IUCN categorization of
species. Species habitat assessments carried through field visits and by secondary surveys using Google
Earth satellite imageries revealed that the predicted potential areas of the species under all suitability
threshold levels i.e. low to very high suitability, include high altitude moist alpine habitats with varied
ecological conditions. Thus while taking species reintroduction plans into consideration, appropriate
habitats should be carefully selected. Our model can also inform in advance the range dynamics of the
target species under climate change scenarios as reflected clear involvement of climatic variables in
delimiting the distribution of A.nivalis. Climate change will definitely have an impact on distributions of
endemic and critically endangered species like A.nivalis. Specifically for our test species the model
highlighted a larger dependence on features of the precipitation regime and low temperatures, which
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would support more accurate forecasts if climate change scenarios are applied. The model development
in this study presents also some limitations since the species occurrence data are often affected by
sampling intensity and records are often higher in easily accessible areas [61, 62]. It is also likely that
various environmental variables that we used for our modelling are not the only factors to influence
species distribution. Other factors such as dispersal and biotic interactions may also determine species
distributions [63, 64, 65]. Overall, our results highlight the importance of combining multiple sets of
predictors, with possible synergistic effects, when compared with models based on a very low amount of
information when only few predictors were allowed in a single model due to too limited sample size. This
stresses the importance of this novel ensemble modelling framework as a possible baseline for the
establishment of efficient model-based management plans and optimized monitoring programs targeted
at rare species. Whilst providing information on individual rare species, this approach is flexible enough
to be combined with additional levels of information, and thus be applied in the improvement of broader
conservation strategies at distinct spatial and temporal scales.

In conclusion our models promise to be of great help in identifying the true endemic range for A. nivalis
and reconsider its current threat status in light of IUCN criteria. Our predictions of the most suitable
habitats have important conservation implications for this rare endemic species. We believe that well
designed extensive field surveys in the predicted regions will further improve the estimates of range size,
which may likely reduce the current threat status for A.nivalis. Our results complement the growing body
of literature that indicates the significance of SDMs to predict potential species distributions, identify new
populations of rare and endemic species and to locate suitable habitats for species reintroductions.

Table 4: Contribution of various environmental variables to maxent model

Variable Percent contribution
Mean Diurnal Range (Mean of monthly max temp - min temp) | 30
Precipitation Seasonality (Coefficient of Variation) 32
Mean Temperature of Coldest Quarter 5.5
Temperature Annual Mean 7.2
Isothermality (BIO2/BI07) (* 100) 15.2
Precipitation of Driest Month .6
Elevation 2.1
Max Temperature of Warmest Month 0.7
Precipitation of Warmest Quarter 1.8
Precipitation of Wettest Quarter 0.5
slope 1.2
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