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CHAPTER 1
INTRODUCTION

Acceleration of greenhouse gases witnessed a continued unabated global
warming in the recent decades (Collins et al., 2013). Climate change, which was
formerly thought to occur in the distant future, is now a certainty. According to IPCC
ARS report, the global average combined land and ocean surface temperature showed
a warming of 0.85 ° C (Allen et al., 2014) and the Earth’s average temperature is
projected to increase by 2.4° C to 6.4° C between 1900 and 2100 (Solomon et al., 2009)
along with various changes in rainfall patterns (Taylor et al., 2012) and other weather
patterns. The transformations in global climate patterns brought by climate change are
expected to create imbalance of natural ecosystems and loss of biodiversity.

Globally, the two major drivers of biodiversity loss and ecosystem service
change are biological invasions and climate change (Vila and Hulme, 2017). Biological
invasions are considered the second most threat after habitat destruction and as per
IPBES (2019), one-fifth of Earth’s surface, including global biodiversity hotspots, is
predicted to be under biologic invasion risk. Climate change has a profound effect on
the introduction and establishment of invasive alien species (IAS) through
competitiveness of invasive plants against the natives (Wan et al., 2016). Therefore,
both climate change and bioinvasion have a synergistic impact. Climate change
facilitates the performance of IAS by allowing range expansion and new invasions
(Thiney et al., 2019). Climate change exacerbates the threat and loss of invasion into
new areas through multiple mechanisms like removing climate barriers (Dullinger et
al.,2017). When compared to native plant species, invading plant species have a greater
capacity to shift their niche rapidly as they are highly adaptable to new environments
(Shrestha and Shrestha, 2019). Invasive plant species benefit more than native plant
species from atmospheric carbon dioxide (CO2) enrichment and global warming (Liu
et al., 2017). Under the changing global climate, studies have recently found changing

trends in habitat suitability and invasive species range expansion and



few studies have also reported range contraction of invasive species. According to
many studies (Bellard er al., 2012), climate change in future may impact the
distribution of many native and invasive species.

In the face of bioinvasion and climate change, prudent management and
conservation require information about the expected potential distribution and relative
abundance of invasive species under current and future climate change scenarios. To
make an informed decision for biodiversity conservation, it is necessary to have a
greater understanding of risks and the ability to predict accurately the implications of
climate change on species distribution. Although the impact of climate change on the
distribution of many invasive species is well established and studied in developed
regions, not much is known about the consequences of climatic change on the
dispersion of plant invasive species in developing regions.

Species distribution models (SDMs) have proved to be an essential tool to
determine the relationship between species and their environment. It is an approach
that predicts the distribution of a species across geographic space and time using the
correlation between the geographic occurrence or abundance of a species and
corresponding environmental conditions (Padalia and Bahuguna, 2017). This has been
used in studies of various fields, for instance, biogeography, conservation biology,
ecology and wildlife management and forecasts the range shifts of species under future
climate change scenarios including invasive species (Bellard et al., 2013). Among the
various species distribution models (SDMs), the Maximum entropy (MaxEnt) model
is one of the most trusted machine-learning techniques that has a quite high and robust
predictive performance even if using few occurrence records of presence data (Thapa

et al., 2018; Shrestha and Shrestha, 2019).

Kerala having a longtime maritime history has paved way for the introduction
of numerous invasive species (Kerala Biodiversity Board, 2012). Although there are
numerous studies on invasive ecology, there are limited studies in species distribution

and the impact of climate change on invasiveness, as this research gap creates a



hindrance in the conservation and management actions to tackle the problems of plant
invasion in Kerala. In recent years, climate change has been observed to result in
species distributional changes in Kerala (Jose and Nameer, 2020). The failure in
understanding this threat taking timely conservation and management measures can
lead to great havoc as bioinvasions are considered to be one of the major drivers of

species extinctions (Bellard et al., 2016).

In Kerala, 82% of invasive alien plant species are intentionally introduced in
the forest of Kerala (Sajeev et al., 2012) of which most are chiefly natives of the
American continent. Most of the intentional introduction of invasive plant species were
for specific purposes especially ornamentals and it accounts for more than half of the
introduced invasive species. The detrimental effects of invasive ornamentals on the
biodiversity of natural areas have already raised serious concerns in recent years (Qin
et al., 2015). One such introduced invasive tree species is S. spectabilis (DC.) H. S.
Irwin & Barneby native to Central and South America (Satyanarayana and
Gnanasekaran, 2013). It was earlier categorised as medium risk invasive species
(Sajeev et al., 2012). It is now posing a major threat to the native species as there is a
rampant spread in Wayanad especially in the wildlife sanctuary. Furthermore, S.
spectabilis has a trait of suppressing the regeneration of native species which can

increase the extinction risks among the natives.

Aiming to contribute to the future management of S. spectabilis, this project
investigates the present habitat suitability and forecasts the future potential invasion
range in the Wayanad district of Kerala. To our knowledge, the present study is the first
attempt to model the potential distribution of S. spectabilis. We hypothesize that
climate change will likely increase the occurrence probabilities. Thus, climate change
will be a key factor in increased invasiveness and its profuse expansion. The objectives
of the study are; Map the current distribution of S. spectabilis in Wayanad and map the
future distribution of the species under RCP 2.6, RCP 4.5, RCP 6 and RCP 8.5 climate

change scenarios.



CHAPTER 2
REVIEW OF LITERATURE
2.1. Climate change, its impact and influence on species distribution

Since 1880, the Earth has warmed by 0.85 °C globally (IPCC, 2014). Climate
change is causing organisms in the marine, freshwater, and terrestrial settings to shift
their distribution to remain in suitable habitats (Pearson and Dawson, 2003; Pecl et al.,
2017; Root et al., 2003). There is a positive relationship between global warming and
the distance moved by the species. According to Chen et al. (2011) and Thomas (2010),
climate change could shift the species range expansion to higher latitudes and
elevations. Chen et al. (2011) conducted a meta-analysis on terrestrial species and
found that their range is shifting to higher latitudes at a median rate of 16.9 km per
decade (or an average of 17.9 km per decade). Terrestrial creatures are migrating uphill
to avoid the warming lowlands, while marine animals are migrating from hotter sea
surfaces to deeper waters (Chen et al., 2009; Dulvy et al., 2008). The species mainly
in temperate regions are changing their geographic distributions between glacial and
interglacial cycles. All of these forced shifts will have a significant impact on their
speciation, range extent, latitudinal patterns, activity timing, and microhabitat
utilisation (Dynesius and Jansson, 2000; Williams et al.,, 2008; Bates et al., 2014).
Nevertheless, Thuiller (2004) reported that ecological communities may deconstruct as
individual species shift their ranges in different ways as different species respond
uniquely to distinct ecological stresses. There will be a lag in distributional response to
climate change in some species, which could be influenced by various other conditions.

(Poloczanska et al., 2013; Lenoir and Svenning, 2015; Williams et al., 2008).

Species redistribution can have a variety of consequences. The impact of
species redistribution can be seen in the quality of freshwater systems, terrestrial region
productivity, functional features within a community, and so on (Weed et al., 2013;

Fossheim et al., 2015; Paerl and Paul, 2012; Buisson et al., 2013). It also affects the



species diversity and species richness (Ochoa-Ochoa et al., 2012). In extreme cases, it
may potentially disrupt ecosystem productivity and cause chaos on carbon
sequestration (Cavanaugh et al., 2014). Based on climate change scenarios and niche-
based simulations that project future suitable habitat from current distributions,
numerous studies have suggested that species turnover may be very high in some
regions, potentially resulting in community structure changes strong enough to trigger

ecosystem destruction (Erasmus et al., 2002; Peterson et al., 2002).
2.2. Bioinvasion

For decades, ecologists have been fascinated by biological invasion. After
habitat destruction, biological invasion is regarded as the second most serious danger
to biodiversity (Miller et al.,2010; Ficetola et al., 2007). To this end, one-fifth of
Earth’s surface is predicted to be under biological invasion risk including the global
biodiversity hotspots (IPBES, 2019). The biological invasion has been homogenizing
the world’s flora and fauna (Hobbs, 2000). Invaders and invasion were first described
in an ecological context by Elton, the "father of invasion ecology," in his classic book
on invasion (Elton, 1958). Invaders and invasion have been defined in a variety of ways
since then. Alien invasive species, according to the IUCN (1999), are species that
becomes established in a natural or semi-natural ecosystem or habitat, is a change
agent, and poses harm to biological diversity. Invasive species, according to Kolar and
Lodge (2001), are "non-indigenous species that spreads from the source of introduction
and becomes abundant." Invasive species are so important in today's world that the
Biodiversity Convention's article 8(h) recommends action *‘to prevent the introduction,
control or even eradication of those alien species which threaten ecosystems, habitats

or species’’.
2.2.1. Plant invasion

Plant, animal, or microbial species could be among the invaders. Invasive plants

have arisen at various times throughout history and have always thrived and



proliferated at the expense of native species. They have occupied vast land areas and
driven many indigenous species into endangered status. Because of their aggressive
nature, invasive plants can quickly expand their zone of occupancy, spread across wide
areas, endangering natural flora and causing dramatic changes in floristic composition.
Invasive species can go through intense reproductive periods without being hampered
by seasonal fluctuations, which thwarts efforts to eliminate them. Invasive species can
degrade an ecosystem's natural resources while also posing a hazard to human usage of
those resources. Invasive species have the potential to cause extinctions of native plants
and animals, reduce biodiversity, compete for limited resources with native creatures,
and modify environments. These negative impacts might have significant
environmental and economic consequences (Richardson et al. 2000; Hellmann et al.
2008; Kull ef al. 2011; Shackleton et al. 2018). Regardless of this, invasive plants are
useful since they are utilised for a variety of purposes ranging from therapeutic uses to
religious sentiments to furniture and composting. Invasive species alter all main
environmental processes in ways that benefit them. Changes in litter dynamics are the
first and foremost noticeable impact on an invaded ecosystem. Other ecological
processes that are influenced by litter dynamics, such as soil biota, nutrient dynamics,
and biogeochemical cycles, are gradually altered. As the invasion progresses, the area's
geomorphology and hydrology are also altered. These invasive plants also interfere
with native species recruitment during their course of the establishment process, either
by allelopathic suppression or by competing for resources with seedlings. Invasive

species have also been related to changes in fire patterns (Sajeev et al., 2012).

Introduction, colonisation, and naturalisation are the three stages of plant
invasion (Richardson and PySek, 2000). Invasive species propagation takes advantage
of the invasion window produced by the ecological disruption caused by natural or
man-made sources. It outcompetes the invaded area's environmental, reproductive, and
dispersion barriers, rapidly spreading its population. Because introduced propagule

must compete with established native flora that is already well suited to the site,



Environmental factors supporting alien propagule establishment, such as resource
availability, are believed to be the most essential during the introduction period (Davis
et al., 2000; Rejmanek et al., 2005). The important factors responsible for the
successful establishment and survival of the introduced species are unrestrained
vegetative spread, escape from biotic limitations, profuse seed production, highly
successful seed dispersal, germination, and colonization, and adaptive morphological
and ecological characters, better propagule properties favouring increased movement,
and ability to displace native flora either competing for resources or exhibiting

allelopathic effects (Sajeev et al., 2012).
2.2.2. Plant invasion and Environmental linkages

Environmental factors (both climatic and non-climatic) play a vital influence in
determining a species' ecological niche. Climate change is the most significant factor
influencing environmental processes. It hastens the invaders establishment and spread
from the moment it is introduced (Walther et al., 2009). The Intergovernmental Panel
on Climate Change (IPCC) has reported on the devastating effects of climate change
on species. Topographic variables such as elevation, slope and aspect play an important
role in determining the patterns of spread of several species and the shift in their range.
Landscape heterogeneity on the other hand is considered as one of the major factors
governing biodiversity and its functions; as it is known to enhance or retard the
disturbance in the landscape. Many studies have analyzed the positive as well as the
negative association between the landscape heterogeneity and species richness (Tews
et al., 2004; Benton et al., 2003). In addition to climate change and landscape
heterogeneity, human activities e.g., degradation of land, excessive agricultural
practices, transcontinental transportation etc. is equally responsible for the spread of
the non- native species in a region (Foley et al., 2005). Additionally, change from the
forest into non-forest has a tremendous impact on the ecosystem through destruction
of the existing habitats and change in the competitive regimes of the species (Mooney

and Hofgard, 1999). Habitat fragmentation, changes in transportation corridors, and



changes in native species habitats are caused due to change in the forested ecosystem
(Bahuguna, 2015). Therefore, anthropogenic pressure and climate change have a
cascade effect on ecological destruction. Various modelling techniques are available to
predict the changes in the landscape patterns (Cheong et al., 2012). Changes within the
forested ecosystems can promote the introduction and spread of invasive’s. The
introduction and establishment of invasive species in new places are mainly explained
by two hypotheses. According to the niche conservatism concept, a species' climatic
niche will be conserved over time and space, indicating that invading species will
occupy a similar climatic envelope in both native and invaded habitats (Peterson et al.,
1999; Prinzing et al., 2001). While there is much evidence that demonstrates spatial
and temporal niche conservatism (Petitpierre et al., 2012), cases of a species' niche shift
in its introduced range were also observed (Guisan et al., 2014). According to the biome
conservatism hypothesis (Rejmanek et al., 2005), it states that an invading species tend
to occupy similar biomes in its invaded range as it would be in its native range, related

to the niche conservatism hypothesis (Crisp et al., 2009).
2.3. Climate change impact on plant invasion

Changes in temperature and precipitation conditions, as well as CO and aerosol
levels in the atmosphere, can be used to understand changes in climatic regimes.
Climate change is expected to have a profound impact on biodiversity, through
phenological, genetic, and other alterations and species ranges, as well as interactions
between species (Root et al., 2003; Walther et al., 2002; Walther et al., 2003). Broad
climatic tolerances and large geographic ranges are seen for most of the invasive (Qian
and Ricklefs, 2006), which may influence how they respond to climate change
(Hellmann e al., 2008). Numerous studies imply that native biota is negatively
affected, whereas alien biota is favoured by climate change (Vila et al., 2007; Hellmann
et al., 2008; Thuiller et al., 2007). Climate change may influence human travel patterns,
affecting the propagule pressure of invasive species (Hellmann et al., 2008). Droughts,

floods, forest fires, and other stressful situations caused by climate change may provide



novel opportunities for species to invade new areas by causing extreme perturbations.
For conservation purposes, several ecologists and resource managers suggest actively
shifting species to climatologically favourable areas outside of their historical
geographic range (Hulme, 2005). If climate barriers prevent alien species from
establishing in an area, they may have a higher survival rate, population growth and
persistence in the wild if the climate facilitates (Chown et al., 2012; Loomans et al.,
2013). Climate change has the potential to impact not only the introduction and
distribution of foreign species but also the outcome of biological invasions. Climate
change may have a significant impact on natural ecosystems, communities and habitats
(Parmeason and Yohe, 2003) the most notable of which is a shift in their natural ranges
(Bellard et al., 2013; Hulme, 2017; Kuczynski et al., 2018). Invasion is expected tobe
affected by climate change in three ways. Altering the nature of vectors and corridors,
changing the abiotic nature of the recipient environment, and changing biotic
interactions in recipient communities are the first three strategies (Robinson et al.,
2020). Invasive plants, in particular, benefit from increased atmospheric CO> and
nitrogen deposition (Liu and Kleunen, 2017). More focus should be given to the
environmental variables that are responsible for the current spread of invasive alien
plant species and the loss of native species populations (Zhang et al., 2014). Buckley
et al. (2010) noticed that range shifts from lower to higher climate change scenarios,
with many invasive species undergoing significant range shifts. It was observed that as
climate conditions change, invasive alien species' ranges expand more than contract

due to physical barriers, limited dispersal, and the species' potential life history.
2.4. Climate change in Kerala

The presence of the Western Ghats (WG), one of the world's most biodiverse
regions, has a major impact on Kerala's climate because it supplies a substantial amount
of precipitation to Peninsular India (Paul ez al., 2018). It has been reported that during
the summer months, Kerala is prone to seasonal drought and heat stress (Wassmann et

al., 2009; Sarun et al., 2018; SAPCC, 2019). According to the Indian Meteorological



Department, the mean maximum temperature has risen by about 0.8 ° C, the minimum
by 0.2 ° C, and the average by 0.60 ° C over Kerala (27.3 - 27.9° C), indicating a clear
upward trend in surface air temperature over the last 43 years (SAPCC, 2019). There
was a significant (95%) trend on increasing annual mean maximum (+0.01° C/year) and
minimum temperature (+0.01° C/year) over Kerala (IMD, 2013). Differences in
maximum and minimum temperatures were also widening along Kerala's highlands.
Kerala's climate has shifted from B4 to B2, going from wetness to dryness within the
humid type of climate, as a result of changes in heat and moisture regimes throughout
the year (Rao et al., 2009). Furthermore, there was a significant increase in annual mean
diurnal temperature range(DTR) trends (+0.01° C/year). However, the annual average
rainfall in Kerala had reduced by -1.43mm/year (IMD 2013). Numerous studies have
suggested a decrease in yearly rainfall in Kerala's southern districts, but the northern
regions do not appear to be experiencing comparable trends (Soman et al., 1988; Pal
and Al-Tabbaa, 2009). Southwest monsoon rainfall and annual rainfall are diminishing,
according to studies, but post-monsoon rainfall is rising (Krishnakumar et al., 2009).
Annual rainfall in the Palakkad Gap in the Western Ghats region varied with altitude,
and annual rainfall was significantly lower in these areas than in the rest of the state
(Raj and Azeez, 2009; 2010). In comparison to 1980s temperatures, the Kerala region
is expected to have a 1.5°C increase in mean surface temperature during the monsoon
season throughout the decade 2040-2049 (Saseendran et al., 2000). According to
Indian Network for Climate Change Assessment (INCCA), climate change scenarios
for the Western Ghats and Kerala in the next 20 years include reduced rainfall, increased

atmospheric temperature, and flooding due to sea-level rise (SAPCC, 2014).

By 2050, the temperature has been expected to rise by 2°C under the projected
climate change scenario. In the Western Ghats, the minimum surface air temperature
might increase by 2°C to 4.5°C. The average temperature in the Kerala border region

is expected to rise by 1 to 3 ° C. In addition, if sea levels rise by one metre, 169 km? of
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the coastal region surrounding Kochi will be flooded according to Indian Network for
Climate Change Assessment (SAPCC, 2014). The Southern and Central Districts of
Kerala have had the greatest temperature rise. Most areas in southern Kerala have seen
a rise in temperature from 1.66 to 1.77 degrees Celsius. The Northern Districts of
Kerala have shown a negative change in rainfall variations. Kerala's rainfall has been
steadily decreasing during the previous 100 years. This decline is most prominent in
South Kerala, where annual rainfall has reduced by approximately 26% in the last 100
years especially in the Idukki district. Since the last 50-60 years, there has been a cyclic
trend in annual rainfall with a declining trend in South West Monsoon rainfall and an
increasing trend in post-monsoon rainfall in North Kerala (SAPCC, 2014). According
to Rao et al. (2009), there exists a cyclic trend in annual rainfall with a declining trend

in South West Monsoon rainfall and an increasing trend in post-monsoon rainfall.
2.5. Status of invasive alien plants

Studies carried out indicated that the threat of invasive alien plants has
devastating effects to local biodiversity, ecosystem services, environmental quality and
human welfare (Pejchar and Mooney, 2009; Kueffer, 2017; Jones and McDermott,
2017; Bartz and Kowarik, 2019; Pysek and Richardson, 2010; Stone et al., 2018; Jones,
2019). Furthermore, Seebens et al. (2018) also confirmed that the introduction of new
invasive alien plants in novel ecosystems can impose threats to the environment and
human health. Invasive trees and shrubs transmogrify the ecosystem, for example, by
modifying soil-nutrient cycling, negatively impacting the composition of soil seed
banks and changing fire regimes (Gioria et al., 2014; Shackleton et al., 2018) and
changing microbial communities (Bowen et al., 2017). Notably, extinction risk is the
ultimate threat to biodiversity. In brief, invasive species act as one of the major causes
of biodiversity loss in a highly intricate fashion (Blackburn et al., 2019; IPBES, 2019).
According to Sajeev et al. (2012), the impacts also include displacement of native plant
species, rewarding pollinators better than the native species thereby reducing the

reproductive success of local species, soil chemical profile change, changing
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hydrological regimes, making the new habitat fire-prone and limiting the
photosynthetic efficiency of the local species by reducing light availability and as well
as altering the phylogenetic and functional diversity of the novel invaded communities
(Blackburn et al., 2019; Brooks et al., 2004; Suarez and Tsutsui, 2008; Ricciardi et al.,
2013). There is still a lack of study on the quantitative assessments on how impacts

differ based on the ecosystem and the invaders (Levine et al., 2003).

According to the study of Lowe et al. (2000), Lantana (Lantana camara),
Luecaena (Leucaena leucocephala), Mimosa (Mimosa pigra), Wedelia (Sphagneticola
trilobata), Miconia (Miconia calvescens) etc. are the world’s worst invasive plant
species in the world. About 545 invasive alien plants were reported in the three regions
of Europe. It has been demonstrated that the tropics were less frequently invaded by
the IAS than the temperate regions (Chytry et al., 2008). There is limited information
base on IAS on how it is transferred to regions with other climates, and resulting in its
rampant growth (Chytry et al., 2008). The developing countries are little represented
in the scientific literature which doesn’t indicate that developing countries are at a
lower risk of being invaded by invasive alien species (Khuroo et al., 2012). Sankaran
and Suresh (2013) recorded biological invasion in forests of the Pacific and Asia. Better
implications in the conservation of biodiversity can only be possible in light of such
studies. As per the studies, it is evident that over recent decades, developing countries

are becoming a greater recipient of a potential invasion (Khuroo et al., 2012).

Over the last two decades, the expanding economy of India has led to the loss
of natural habitats and opening of disturbance corridors providing favourable habitats
to the establishment and spread of IAS (Sharma et al., 2010). According to Khuroo et
al. (2012) about one thousand five hundred ninety-nine invasive alien species have
been recorded which account for 8.5% of the vascular flora of India. Adhikari et al.
(2015) reported that nineteen out of forty-seven existing ecoregions harbour invasion
hotspots. Recently, IAS have become a major environmental concern in Kerala.

However, there are few studies carried out in Kerala on the invasive species (Sajeev et
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al.,2012; Sankaran and Srinivasan, 2001; Chandrashekara, 2001). According to Sajeev
et al. (2012), they identified 38 alien invasive species in the forests of Kerala.
Furthermore, these were categorized into high risk, medium risk and low-riskinvasive
species according to the risk assessment. Trees, shrubs, subshrubs, herbs, climbers were
among the invasive alien plant species. Kerala biodiversity Board accounted for 82
terrestrial and aquatic invasive alien species (Kerala Biodiversity Board, 2012). The
land of origin of the alien invasives in Kerala is North, South and Central America,
Asia, Africa, Australia, West and Central Africa and the West Indies. Most of the
introductions of IAS were intentional in Kerala. A perusal of these literature (Sajeev et
al.,2012; Sankaran and Srinivasan, 2001 and Chandrashekara, 2001) indicate that there
is no in-depth study carried out regarding the inventory and distribution as well as

ecology of the invasive species.
2.6. Ecological forecasting

Rapid climate change, combined with anthropogenic pressures, poses serious
threats to ecosystems, including shifting natural habitats, the invasion of new species,
and the introduction of new diseases. As a result, environmental dynamics modelling
using characteristics such as species distribution and abundance, ecosystem variability,
and community composition helps to better forecast ecosystem movements, facilitating
better management decisions, conservation, and sustainability. Earlier, ecologists used
a model based on the mean and variances of observable environmental parameters to
make management decisions. However, faster ecological reformations as a result of
climate variations cannot be exactly assessed by historical observations (Smith et al.,
2009; Milly, 2008; Craig, 2010). Based on current patterns and historical data,
ecological forecasting attempts to predict how the environment will behave in the
future. This includes agricultural yield forecast (Cane et al., 1994), species distributions
(Guisan and Thuiller, 2005), species invasions (Levine and Antonio, 2003), pollinator

performance (Corbet et al., 1995), extinction risk (Gotelli and Ellison,
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2006), fishery dynamics (Hare et al., 2010); disease dynamics (Ollerenshaw and Smith,
1969) and population size (Ward et al., 2014).

Population models and species distribution models are the widely used tools for
monitoring structural and physical changes in the environment and for better

forecasting.
2.6.1. Population Models

Models of population dynamics, often known as ecological populationmodels,
provide a clear picture of a population's dynamics. This model correlates population
size and age distribution within a population with population decline or substantial
growth, resulting in a more accurate prediction of a population's state. According to
Uyenoyama et al. (2004), environmental factors, as well as interactions with other and
similar species, may also be a deciding factor in the model. The overabundant species
population is also managed with the help of the population dynamics. For eg., the
population model's conclusions were used to cut the risk of elk (Bradford and Hobbs,
2008) and regulate the potency of white-tailed deer (Merrill et al., 2003). Although
these models are often used for predicting population behaviour, the degree of
ambiguity in the data causes prediction errors. Unless a substantial amount of data is
provided, these models will not be able to accurately simulate complex biological

interactions.
2.6.2. Species Distribution Models (SDMs)

Environmental (or ecological) niche modelling (ENM), habitat modelling,
predictive habitat distribution modelling, and range mapping are examples of SDMs
(Elith and Leathwick, 2009) commonly used in ecological and biodiversity
conservation research to represent how species are distributed worldwide throughout a
geographic area. These models accommodate the tools that incorporate known species
occurrences with environmental data (Philips et al., 2006). Correlative and mechanistic

are the types of SDMs. Correlative SDM’s attempts to forecast the influence of
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climatic variations on the geographical distribution of data (Thomas et al. 2004). These
SDMs analyses statistical records of environmental associations with species
abundance and occurrence to identify the factors that hinder the spread of the species.
According to Moilanen and Wintle (2007), the correlative SDMs are superior to other
SDMs because of their simplicity and capacity to describe complicated environmental
interactions with fewer data. On the other hand, mechanistic SDMs, also known as
biophysical models or process-based models, attempts to map the link between a
species' physiology and its surroundings, which influences its abundance and
distribution (Kearney and Porter, 2009). Apart from the species' current radius, the
model includes processes or physiological changes within the body of organisms due
to thermal variations and vegetation, which helps in the prediction of future species
range extension possibilities to a large extent of ecosystem levels (Porter et al., 2002;
Kearney and Porter, 2004; Kearney and Porter, 2009). The mechanistic SDMs will not
be suitable for the complex analysis of interactions between the environment and
climatic influences on large scales because it requires a large number of variables to be
considered, making the model computationally and time-constrained to carry out both

the train and validation phases.
2.7. Maximum entropy modelling (MaxEnt)

MaxEnt is a general-purpose machine learning method with accurate
mathematical computations that was introduced by Philips et al. (2006) for modelling
the spatial distribution of species. For modelling species habitat, it uses the maximum
entropy method. MaxEnt uses a set of environmental variables as input, such as
temperature, precipitation etc. along with the species occurrence data and obtains a
range of given species i.e., it executes by finding out the maximum spread (maximum
entropy) by estimating the probability distribution for the species in a geographic
dataset to the ‘background’ environmental layers (Philips ez al., 2006). MaxEnt is used
for modelling the species distribution and the range making use of the presence-only

data utilizing both continuous and categorical data. MaxEnt estimates the suitability
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of each grid cell as a function of the grid cell's environmental variable. The grid with a
high value is likely to have been predicted with optimal conditions for the occurrence of
the species. MaxEnt outperforms the other modelling approaches (Elith et al., 2006;
Hernandez et al., 2006; Philips et al., 2006; Ortega-Huerta and Peterson, 2008).

MaxEnt, according to Phillips et al. (2006), adopts the maximum entropy
distribution. For estimating the distribution of species, this data was subjected to the
constraint that the expected value of each environment parameter (interactions) in the
estimated distribution matched its empirical average. It approximated the most uniform
distribution using background locations and data-derived constraints (Philips et al.,
2004; Philips et al., 2006). If presence-only species data were used, the complexity of
the fitted functions could be chosen in this model. According to Pearson et al. (2007)
MaxEnt has a higher success rate than other algorithms, and it was able to identify
differences even with limited sample sets. When sample sizes were artificially reduced,
the model performance worsened. MaxEnt models projected a greater range of
appropriate conditions, and the MaxEnt projection had the potential to anticipate
excluded areas as well (Pearson et al., 2007). However, it has been found that species-
specific model parameter tuning can improve the performance of MaxEnt models

(Radosavljevic and Anderson, 2014.).

MaxEnt can generate highly complex, non-linear response curves with the use
of different feature classes such as linear, quadratic, threshold, hinge, product, and
categorical, which are all determined by the number of presences by default (Syfert et
al.,2013). Besides the feature class, the Regularization Multiplier is another parameter
that can be changed in the MaxEnt. It is a parameter that imposes new limits on the
model, i.e., a penalty. By adjusting the intensity of the selected feature classes used to
create the model, the major objective is to minimize overcomplexity and or overfitting
(Morales et al., 2017). Several researchers have reported the variability in predictions
that might result from different MaxEnt background samples, with a particular focus

on the extend of the site from which they are chosen (Baasch et al., 2010; Giovanelli
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et al., 2010; Barve et al., 2011). The raw output, which is interpreted in terms of
occurrence rate, the cumulative output, which is interpreted as omission rate, and the
logistic output are the three types of outputs derived from MaxEnt models. However,
the difference in scaling between these three types of outputs is critical in creating
various prediction maps (Merow et al., 2013). MaxEnt has recently been shown to be
mathematically associated with log-linear modelling, with the primary difference being
in intercept terms (Renner and Warton, 2013). The ability of methods to correct the
originally sampling bias varied widely depending on the bias, bias intensity, and
species in an attempt to test the effect of bias kinds, bias intensity, and correction

method on MaxEnt model performance (Fourcade et al., 2014).
2.8. Modelling of species distribution

Species distribution models try to predict the distribution of species based on
the presence or abundance of environmental variables. These models were commonly
used to investigate various ecological, evolutionary, and conservation reasons (Elith et
al., 2006). Several studies have shown that invaders have a significant impact on
recipient ecosystems (Mack et al., 2000). Timely information from several sources
about the present and future invasion areas can facilitate the development of efficient
control and eradication strategies. Modelling the distribution of invasive species is one
method of identifying potential areas of spread. Natural resource managers, agencies,
and non-governmental groups that require accurate maps of species distributions and
abundance for risk analysis are increasingly using spatial modelling and species-
environment matching models (Stolhgren er al., 2010). Invasive species spatial
distribution maps, area of spread, and factors affecting the magnitude and extent of
invasion can all be generated using species prediction modelling. With the current
availability of high-resolution bioclimatic data on different aspects of the environment,
precise distribution modelling is achievable. The environmental conditions are defined
using known species distributional information, resulting in the identification of

geographical regions with similar environments and the modelling of species
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distribution (Pearson and Dawson, 2003). If the spread of a species is accurately
mapped, environmental variables such as climate could be correlated to its presence or

absence (Crick, 2004).
2.9. Species distribution modelling of invasive alien plant species

Numerous studies have been undertaken on invasive alien species. Invasive
alien species introductions are unavoidable and predictable in new habitats (Walther et
al.,2010). For an effective response, early detection and immediate action to incoming
aliens are essential (Kaiser and Burnett, 2010). SDM's popularity has encouraged their
application in invasive species management, as has their wide availability (Elith et
al.,2009). SDM-assisted prevention efforts can be extremely beneficial, in areas where
invasive species constitute a major contribution to global biodiversity change and are
thought to be one of the leading causes of species extinction (Holmes et al., 2009).
Species distribution models were used to analyse the spatial configuration and
characteristics of habitats that permits the species continuity in landscapes (Araujo and
Williams, 2000; Ferrier et al., 2002; Scotts and Drielsma, 2003), past species
distribution (Hugall ef al., 2002; Peterson et al., 2004), and species distribution in
future climatic conditions (Bakkenes et al., 2002; Skov and Svenning, 2004). Padalia
et al. (2014) investigated the prediction performance of two popular species
distribution models (SDM); MaxEnt and GARP (Genetic Algorithm for Rule-Set
Production) by modelling the potential invasion range of bushmint in India, according
to whom MaxEnt outperformed GARP in terms of AUC (0.86). In terms of geographic
regions predicted to be suitable or unsuited for bushmint in India, the outputs of
MaxEnt and GARP were largely similar. Nevertheless, the greater predictive capability
of GARP models has been reported in other studies relative to MaxEnt(Qin et al., 2015;
Terribile and Diniz-Filho, 2010; Peterson et al., 2007).

According to species distribution modelling studies (Shreshta and Shreshta,

2019; Shrestha et al., 2018; Thapa et al., 2018), showed that changing climate will
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create additional climatically suitable areas for IAS in Nepal in the future. Furthermore,
the study of Adhikari et al. (2019) also predicted an additional and continuous increase
in the current and future potential habitats for invasive plant species in the different
provinces of the Republic of Korea due to climate change. A significant niche
expansion was observed in the study of Banerjee et al. (2019) which suggested that the
species may be able to colonise new areas in India, that were also consistent with the
results of the SDM study of invasion hotspots of Adhikari et al. (2015). Extrapolation
beyond climatic constraints in the training data is an unreliable approach (Anderson et
al., 2003) because alien species are rarely at equilibrium within their surroundings.
Extrapolation limitations have been addressed in the past when projecting SDM into
novel environments, with studies suggesting that SDM be associated with landscape,
population, and physiological models modelling change processes to improve model
extrapolations (Fernandez et al.,2015; Molin et al.,2018). A scientometric analysis was
used to find the trends and patterns and also gaps in studies on the use of SDMs to
predict species distribution of IAS ( Barbosa et al.,2012). Peterson and Vieglais, (2001)
used ecological niche modelling to address the difficulties in anticipating possible
species invasions. Wan et al. (2018) have modelled 36 invasive alien plant species
(IAPS) which are identified as the world’s worst invasive species. Numerous studies
have examined the risks of invasive plant species spreading across a region with a lot
of plant diversity (Bradley et al., 2010; O'Donnell et al., 2012; Adhikari et al., 2015;
Peknicova and Berchova-Bimova, 2016). Jimenez- Valverde et al. (2011) investigated
the use of niche models in the risk assessment of invasive species. Phillips et al. (2004)
investigated MaxEnt and compared it to GARP, a common distribution-modelling tool.
Elith and Leathwick, (2009) investigated the performance of various species
distribution modelling approaches in terms of prediction across space and time. Using
predicted temperature scenarios, the impact of climate change on the possible spread

of invasive species has been investigated at the global, continental, and country level.
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2.10. Importance of SDMs for Invasive species

Regional biodiversity assessment, conservation biology, wildlife management,
and conservation planning are some of the areas that predictive species distribution
models are being used. The monitoring and restoration of declining native species
populations, as well as the conservation of native species and habitat, require the
prediction of potential habitat for alien species. The effectiveness of species
distribution models can be summarised into two categories: first, these models can be
used to detect the occurrence of rare species in remote regions where systematic
surveys had not been conducted (Elith, 2002; Pearce et al., 2001); and second, habitat
change mapping can be very crucial in assessing the direct impact of anthropogenic
pressure on existing habitats in terms of land use, land cover, and climate change
(Johnson et al., 2004). These models could also be used to predict future species
distributions under various climate change scenarios (Jeschke and Strayer, 2008;
Sinclair et al., 2010), potential expansion of introduced species in newly colonised
areas (Jimenez-Valverde et al., 2011; Jeschke and Strayer, 2008), and reserve planning
(Thorn et al., 2009). Stolhgren et al. (2010) advocate that species distribution modelling
can help with risk assessment and conservation. Guisan and Zimmermann (2000) also
discussed a range of species distribution modelling approaches that can be used to

predict a species' potential suitable habitat.
2.11. Methods used in species distribution modelling

Several steps were used to model species distribution: (1) Present species data
in the form of occurrence points (Peterson et al., 1999; Peterson et al., 2002); (2)
Ecological niche models are created and tested using distributional data (Guisan and
Zimmerman, 2000; Kobler and Adamic, 2000); (3) The shift in distribution is projected
into the landscape of interest using general circulation models of climate change; (4)
Distributional shifts are modelled using ecological niche models of particular species

projected onto the altered landscapes. Models in the environmental space can estimate
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the suitable ecological niche by analysing species responses to abiotic environmental
factors (Soberon and Peterson, 2005) and using this information, the model can derive
the probability of species present in any given area or trace the specific environmental

conditions that suit the species (Elith ez al., 2011).
2.12. Data used for modelling and performance of the model

The development of distribution modelling research had previously
concentrated on the production of models based on presence/absence or abundance
data, with systematic sampling methods utilised in the study areas (Austin and
Cunningham, 1981; Hirzel and Guisan, 2002; Cawsey et al., 2002). In most
presence/absence models, breeding habitats were assumed to be saturated (Capen et
al., 1986). In several methods in the species distribution modelling, only presence data
were evaluated (Nix, 1986; Carpenter et al., 1993). When considering
presence/absence models, there occurred the possibility of two types of errors: false
positives and false negatives (Fielding and Bell, 1997). Considering false-positive
predictions would be regarded as failures when potentially suitable habitat was
modelled, it was suggested not to consider absence data that would arise related to non-
inclusion of data in the model (Anderson et al., 2003; Pearson and Dawson, 2003;
Soberon and Peterson, 2005). Subsequently, there was an adaptation to model
presence-only data from presence-absence techniques (which employed a binomial
response for modelling) using background environment samples (data obtained by
selecting random sites over the area of study) or ‘non-use' or ‘pseudo absence' area
(Stockwell and Peters, 1999; Boyce et al., 2002; Ferrier et al., 2002; Zaniewski et al.,
2002; Keating and Cherry, 2004; Pearce and Boyce, 2006). Since real absence data was
rarely available due to poor sampling or missing species occurrences during surveys,
methods that required both the data set used pseudo-absences instead of real absence
data (Ferrier et al., 2002; Engler et al., 2004) or some methods used background data
for the entire study area (Hirzel et al., 2002).
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It was possible to test the model's performance by utilising artificial data and
comparing fitted functions, or by using both presence and absence data and assessing
anticipated responses (Austin et al., 1995). When independent data was not used to
develop the model, which was referred to as "test" data, and only "training" data was
used to build the model, it had an improved prediction performance level (Fielding and
Bell, 1997). The model's predictive performance was more emphasized in the
evaluation step, and some known occurrences were withheld (just presence data) from
the model's development by splitting the data set, k-fold partitioning, or bootstrapping
(Fielding and Bell, 1997; Hastie et al., 2001; Araujo et al., 2005). The accuracy of
prediction based on withheld data was assessed (Boyce et al., 2002; Hirzel and Guisan,
2002). The indices that are used generally, such as Kappa and the area under the
receiver operating characteristic curve (AUC), were not useful in assessing poorly
sampled regions (Boyce et al., 2002; Phillips et al., 2006). Because the model was
statistically equivalent to a random prediction, it would produce relevant predictionsif
it predicted a higher number of test localities (low omission rate) and not a large
proportion of the study area. When data portioning was done for testing, the Chi-square
test or upper-tailed binomial probability was used to assess the statistical significance
of the model (Anderson et al., 2002). The performance of the predicted model was

dependent on the observed absence data available (Loiselle et al., 2003).

Despite widespread usage of distribution models and the increasing availability
of data and modelling methods, large synthetic analyses of high predictive ability and
accuracy of species distribution modelling methods for presence-only data were
desperately required (Elith er al., 2006). Using an independent, well-structured
presence-absence dataset for validation improved the evaluation of the model
performance (Elith et al., 2006). The validation of the model was improved by using
an independent, well-structured presence-absence dataset (Elith et al., 2006). As a
result of advancements in machine learning and statistical sciences, many methods

were developed and was able to capture complicated responses, even when the data
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was very noisy. However, it received no publicity in distribution modelling even

though the study appeared promising, (Phillips ef al., 2006; Leathwick et al., 2006).

Resampling designs also showed biases in the geographic and environmental
space as well (Elith et al., 2006). When there were just a few observed occurrences
records available, a jack-knife approach may be utilised to assess predicting ability.
The Jack-knife (leave-one-out) approach worked well for evaluating models with a
limited number of occurrence points. The model was built using the remaining n-/
localities after excluding each observed locality (n) once. The predictability of the
model was measured by the model's ability to predict a single locality from the training
data (Pearson et al., 2007). Because absence data were seldom available and difficult
to detect in surveys, the modelling methods and validation depended on presence data
only (Pearson et al., 2007). Algar et al. (2009) found that temporal prediction was quite
accurate, but to reduce the biases spatial autocorrelation could be done by using

regression models.
2.13. Advancements over ensemble modelling

The ensemble approach is expected to reduce model uncertainty and improve
its robustness in accurately modelling species distributions (Marmion et al., 2009;
Thuiller, 2003). However, Kaky, (2020) demonstrated that MaxEnt could perform and
predict comparatively well over an ensemble method that combined several well-
known, highly regarded algorithms to highlight important habitats for Egyptian
medicinal plant conservation in his study. These findings do not necessarily mean that
MaxEnt is a better technique than other approaches, and there are still instances in
which it is ineffective (Guillera-Arroita et al., 2014). However, when modelling species
distributions from insufficient data, MaxEnt might be considered one of the most
efficient and accessible methods (Abdelaala et al., 2019; Fois et al., 2018; Kaky and
Gilbert, 2019; Kaki et al.,2020; Phillips et al. 2006; Koo et al. 2015; Dullinger et al.
2017; Deb et al., 2017; Lamsal et al. 2018; Thapa et al. 2018; Shrestha and Shrestha,
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2019). It is thought to be easy to implement to help in the identification of important
conservation sites, particularly in developing nations with limited conservation efforts
(Kaky et al., 2020). Furthermore, MaxEnt has numerous advantages over other models
such as the input species data can be presence points only, both categorical and
continuous environmental layers can be applied and even when small sample sizes are
used, prediction is consistent and reliable with a great accuracy it can predict the
distribution of threatened species, create a spatially explicit map for habitat suitability
with easy interpretation, and allow replicated runs to test model robustness. Regardless
of the threshold rule, the jackknife test can be used to determine the importance of each
environmental variable, and the MaxEnt model (bioclimatic envelope model) can be
used to project into the future under climate change to predict habitat losses and gains
within species ranges, assisting in the planning of appropriate conservation measures
(Elith et al., 2011; Fois et al., 2018; Pearson et al., 2007; Phillips et al., 2006, Padalia
and Bahuguna, 2017; Abdelaala et al., 2019).

2.14. Invasive species ecology of Senna spectabilis

Senna spectabilis (f. Caesalpiniaceae) is a shrub/tree native to Central and
South America. It is also called ‘Spectacular Cassia’, ‘whitebark senna’. According to
Irwin and Barneby (1982), it is one of the "most handsome ornamental sennas
recommended for rapid growth". S. spectabilis is a nitrogen-fixing tree widely planted
for ornamental purposes or as a shade or boundary tree. It can withstand a wide range
of environmental conditions. S. spectabilis competes aggressively in disturbed forests,
forest gaps, open vacant spaces, parks, riverbanks, plantations but not in closed
canopies (Irwin and Barneby, 1982), which is typical of most invasive plant species
(Kornas, 1990; Duggin and Gentle, 1998). For instance, Mugasha et al. (2000)
concluded that the spread of Maesopsis eminii on the Tanzanian Mountains declined
following the reduced forest disturbance by humans. It grows and spreads rampantly
and prosper on acidic and even on infertile soils. It flowers and sets seedprecociously,

and the viability of the seed remains for up to three years. It also has a great coppicing

24



ability (Kerala Biodiversity Board, 2012). It resprouts quickly, profusely, and
persistently when cut. The species is non-nodulating, but accumulates nitrogen
efficiently, at times even exhausting soil nitrogen reserves and is regarded as a
nitrogen-fixing tree (Kerala Biodiversity Board, 2012). It is allelopathic, although it is
not allelopathic to maize or rice. In addition, the regeneration and growth of native tree
species are also suppressed by S. spectabilis (Wakibara, 1998; Wakibara and Mnaya,
2002). S. spectabilis grows best in areas with a mean annual temperature of 19-22° C;
mean maximum temperature of hottest month ranges from 23 - 32° C and mean
minimum temperature of coldest month ranges from 14 - 17° C. The annual
precipitation of the species ranges from 800 — 2000 mm (CABI, 2021) and requires full
sunlight (PIER, 2014).

Initially, it was introduced as ornamentals in the botanical gardens in Indiaand
further accidental introduction from the cultivation in the forest areas of Sikkim and
Mysore in India (Singh, 2001). Satynarayana and Gnanasekaran (2013) reported this
species in the forest areas of Sathyamangalam, suburban areas of Coimbatore and
Wayanad Wildlife Sanctuary and confirmed that it has a high potential for flourishing
rapidly and produce numerous viable seeds. It was first introduced to the Wayanad
Wildlife Sanctuary in the early 1980s and has since grown to span approximately 23%
of the sanctuary's total area in 40 years (Anoop et al., 2021). Even though it has also
escaped from Trinidad and Tobago and invaded the northern parts of Orinoco in
Venezuela (Irwin and Barneby, 1982), S. spectabilis is not recorded in the Global

Invasive Species Database (2021).
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CHAPTER 3
MATERIALS AND METHODS
3.1. Study area

The study area is Wayanad district (11°44 N-11°97 N and 75°77 E-76°43 E),
is located on the crest of the Western Ghats in Kerala's north-eastern region (Fig 1.a).
The altitude of the study area varies from 700 to 2100 metres above mean sea level,
covering an area of 344.44 km?. The district is contiguous to Nilgiri Biosphere Reserve
(NBR). Wayanad district is Kerala's only district that shares a border with the Indian
states of Karnataka (north and north-east) and Tamil Nadu (south-east). The district's
annual mean rainfall is 2322 mm, while the average temperature over the last five years
has ranged from 18 to 29°C (John et al., 2020). A diverse range of flora and wildlife
and rich biodiversity is harboured by the district, which is a UNESCO world heritage
site and a global biodiversity hotspot (Johna et al., 2020). Forest-protected zones cover
over 40% of the district's total land area (Sand, 2016). Southern moist deciduous and
dry deciduous forests are the principal vegetations along with monoculture plantations

of teak and eucalyptus (Anoop et al., 2021).
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Figure 1. Location map of Wayanad, the study area
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Figure 2. (a), (b), (c) Senna spectabilis invasive species in Wayanad district (Photo

taken on 11/03/2021)

3.3. Occurrence data

For occurrence data, both primary and secondary data were used. The primary
data was obtained through a field survey. The field visit was done in Wayanad district
of Kerala and was carried out during March 2021. A grid-based sampling design was
adopted to systematize data collection on the presence of selected invasive species. The
size of the individual grid was 1km x 1km. Systematic sampling was done in the area.
Garmin etrex 20x GPS device was used to archive location coordinates and only one
record was collected within each grid. The primary data records were mainly the

roadside and open areas presence points. The secondary data was obtained from Kerala
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Forest Research Institute which covers the presence records inside the wildlife
sanctuary. A total of 374 presence records were compiled from the field survey and the
secondary source data obtained from KFRI. Data refining was carried out for the
occurrence record in Microsoft Excel for removing duplicates. The spatial
autocorrelation between the occurrence of S. spectabilis was rectified using the package
“spThin” (Aiello-Lammens et al., 2015) in the R platform. The incidence records were

reduced to 94 from 394 after elimination spatial autocorrelation and multiple records

(Figure.3).
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3.4. Preparation of environmental variables

The bioclimatic predictor variables were obtained from the WorldClim
database WorldClim version 2.1 (https://www.worldclim.org) at 30 arc-second scales
(accessed the data on 23/11/2020). These bioclimatic variables are the derivatives of
monthly rainfall and temperature values for the period 1970-2000 (Fick and Hijmans,
2017). Annual trends, seasonality and extreme or limiting environmental factors are

represented by these variables. The 19 variables are as follows.

e BIOI = Annual Mean Temperature (degree celsius)

e BIO2 = Mean Diurnal Range (Mean of monthly (max temp - min

temp)) (degree celsius)
e BIO3 = Isothermality (BIO2/BIO7) (x100) (dimensionless)

e BIO4 = Temperature Seasonality (standard deviation x100) (degree

celsius)
e BIOS5 = Max Temperature of Warmest Month (degree celsius)
e BIO6 = Min Temperature of Coldest Month (degree celsius)
e BIO7 = Temperature Annual Range (BIO5-BIO6) (degree celsius)
e BIO8 = Mean Temperature of Wettest Quarter (degree celsius)
e BIO9 = Mean Temperature of Driest Quarter (degree celsius)
e BIO10 = Mean Temperature of Warmest Quarter (degree celsius)
e BIOI11 = Mean Temperature of Coldest Quarter (degree celsius)

e BIOI12 = Annual Precipitation (mm)
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e BIOI13 = Precipitation of Wettest Month (mm)
e BIOI14 = Precipitation of Driest Month (mm)

e BIOI15 = Precipitation Seasonality (Coefficient of Variation)

(Fraction)
e BIOI16 = Precipitation of Wettest Quarter (mm)
e BIOI17 = Precipitation of Driest Quarter (mm)
e BIOI18 = Precipitation of Warmest Quarter (mm)

e BIO19 = Precipitation of Coldest Quarter (mm)

The unit of temperature is ‘© C’ and precipitation is ‘mm’. 30 arc-seconds
(approximately 1 km? at the equator) resolution data were used for both current and
future conditions. In addition, these were in the latitude/longitude coordinate reference

system under the datum WGS84.

According to Fick and Hijmans, (2017); Hutchinson and Xu, (2013), the
WorldClim database was created by interpolating average monthly data from weather
stations all over the world excluding Antarctica. Besides, these climate data or the
weather station data were compiled from a large number of sources and databases that

comprises long term average values for creating ‘climate surfaces’.

For future climate projections, the future bioclimatic data at a spatial resolution
of 30 arc-seconds (~1 km) was downloaded (on 22/11/2020) from CCAFS on the
Climate Change and Agricultural Food Security (CCAFS) climate data archive

(http://ccafs-climate.org/). These datasets are a part of the Decision and Policy Analysis

(DAPA) program's climate change downscaled data from the International Centre for

Tropical Agriculture (CIAT) according to which, these future bioclimatic raster data

30


http://ccafs-climate.org/

were downscaled from IPCC general circulation models (GCM) from the IPCC's fifth
report (IPCC 2013, future climate projections) and reprocessed using thin-plate spline
interpolation algorithm anomalies and the current distribution of climates from the
WorldClim version 1.4 database developed by Hijman et al. (2005). The unit of
temperature is ‘© Cx10’and precipitation is ‘mm’. The temperature variables were
further converted to ® C using the raster calculator in ArcGIS version 10.7.1 ESRI. All
the four representative concentration pathways viz., RCP 2.6, RCP 4.5, RCP 6.0 and
RCP 8.5 were chosen (Table.1) and followed the Hadley Global Environment Model
2-Earth system model (HadGEM2-ES) with a spatial resolution of 30 arc-seconds (~1
km) as stated in the fifth assessment report (ARS) of the Intergovernmental Panel on

Climate Change (IPCC, 2014).

Table 1. Different RCP scenarios used for the future projection of Senna spectabilisin

Wayanad district of Kerala

S1.No Representation | Radiative Temperature CO2
concentration | forcing anomaly (° C) concentration
pathways (ppm)

L. RCP 2.6 3.1 W/m*then |0.3° C—1.7° C | 490
decline by 2100

2. RCP 4.5 4.5 W/m? after | 1.1° C-2.6° C | 650
2100

3. RCP 6.0 6 W/m? after 14°C-3.1° C | 850
2100

4. RCP 8.5 8.5 W/m” by 2.6° C-4.8° C | 1370
2100

In addition to climatic variables, land use land cover, topographic variables
(slope, aspect and elevation), soil, population density, normalised vegetation index,
distance from water bodies, distance from the road were also considered for modelling.

The non - climatic variables were selected after the literature survey by understanding
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the importance of these variables to the invasive species. Digital elevation model was
directly procured from Global 30 arc second elevation (GTOPO30) from the U.S.
Geological Survey (https:/lta.cr.usgs.gov/GTOPO30) on 16/05/2021. The slope and

aspect maps were derived from DEM using ArcMap ver.10.7.1 ESRI. The Landcover
dataset was accessed from the Global 1-km Consensus Land Cover Earthenv database

archive (http://www.earthenv.org//landcover on 16/05/2021. These datasets provide

one km resolution consensus data on the prevalence of 12 different land-cover classes
by combining multiple global remote sensing-derived land-cover products. Normalized
difference vegetation index layers were retrieved from the Land Processes Distributed
Active Archive Center (LP DAAC, https://Ipdaac.usgs.gov) maintained by NASA
EOSDIS Land Processes Distributed Active Archive Center (LP DAAC) at the USGS
Earth Resources Observation and Science (EROS) Center on 16/05/2021. The datasets

obtained were resultant of the temporal monthly average of the Terra Moderate
Resolution Imaging Spectroradiometer (MODIS) Vegetation Indices (MODI13A3)
Version 6 data at one km spatial resolution. Vegetation indices are used for global
monitoring of vegetation conditions and these are continuous raster datasets. The soil
type information was obtained from the Department of Soil Survey and Soil
Conservation (http://www.keralasoils.gov.in/). The vector map was georeferencedand
rasterised to one km spatial resolution. The layers distance from water bodies and
distance from the road were derived using ArcMap ver.10.7.1 ESRI, the datasets for
water bodies were obtained from Near-global freshwater-specific environmental
variables for biodiversity analyses in one km resolution Earthenv database archive

(Domisch et al., 2015, https://www.earthenv.org/) and datasets for road network was

obtained from the NASA Socioeconomic Data and Applications Center (SEDAC)
Global Roads Open Access Data Set, (gROADSvV1, https://sedac.ciesin.columbia.edu/

data/ set/ groads -global- roads- open- access- vl). Anthropogenic pressure is an

important driver of bioinvasion (Liu et al. 2005, Bhattarai et al. 2014; Shrestha et al.
2015) and therefore, the inclusion of population density layer is important. Population

density layer was obtained from Gridded Population of the World (GPW, v4.11) from
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the NASA Socioeconomic Data and Applications Center (SEDAC,

https://sedac.ciesin.columbia.edu/data/set/gpw-v4-population-density-revl1l) at 1 km

spatial resolution. These datasets consist of estimates of human population density
(number of persons per km?). The geographic dimensions of all environmental layers
for the study area and pixel size were made uniform using resample tool in ArcGIS
ver.10.7.1 ESRI and the environmental layer tiles were available at ~ one km? spatial

resolution.
3.5. Model Design
3.5.1. Selection of Optimal environmental variables

The accuracy of the model is influenced even when there remains a mild
correlation between the explanatory variables (Veloz et al., 2009). Therefore, to reduce
the masking effect of a large number of collinear variables and to obtain an optimum
predictive model result, the variables were tested for multicollinearity using Pearson
correlation coefficient (r). One among the two strongly cross-correlated variables
(Pearson correlation coefficient r>0.70) was chosen for inclusion in the model
considering its biological significance to the species and ease of interpretation. For
example, precipitation of driest quarter was kept if precipitation seasonality (BIO14)
and precipitation of driest quarter (BIO17) were correlated with each other, since it has
more significance to species than precipitation seasonality. Additionally, the variability
of the bioclimatic variables with the different RCP scenarios and current were also

critically analysed.
3.6. Model development
3.6.1. Model Selection

Maximum entropy modelling (MaxEnt), the most accepted speciesdistribution
model was used for modelling presence-only data (Bosso et al., 2018; Soucy et al.,

2018; Zhang et al., 2018). MaxEnt version 3.4.4 was downloaded from
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https://biodiversityinformatics.amnh.org/open_source/maxent/ on 24/11/2020. The

model was used to predict the potential habitat suitability for invasion of S. spectabilis
and generate a distribution map. It was also used to model the future suitability and
distribution map under HadGEM2-ES climate change scenarios for 2050 and 2070.
MaxEnt uses a machine-learning algorithm to estimate the relationship of site species
occurrence presence data and the spatial/environmental characteristics of those sites
(Franklin, 2009). MaxEnt computes for each grid cell predicted suitability of conditions
for the species. The species distribution output is obtained when the georeferenced
species occurrence records and environmental variables are fed into it. Species data
was made into ‘.csv’ (comma separated value) format and the bioclimatic layers as °.
asc’ (American Standard Code for Information Interchange) format when inputting into
the MaxEnt model. All the selected fourteen variables except soil type were continuous.
The default settings options in the software were programmed for the model training

(Philips et al., 2004; 2006).
3.6.2. Model Training and optimization

Model optimization was determined using the “ENMeval” package (Muscarella
et al., 2014) in R platform. The least delta AIC (Akaike Index Criterion) was selected
for choosing the best fit model for the current species distribution modelling. Forty-
eight models with different regularization multiplier values and different levels of
complexity were developed. Regularization multiplier features were employed to
prevent model overfitting (Philips and Dudik, 2008). The best replication run type was
then determined from the literature review. Subsampling replication run type was
determined finally where random replicate sample sets were chosen for evaluation by
removing random test percentage without replacement. All variables were analysed to
determine the contribution of each variable to the modelling of distribution for the

species. This was done for the current distribution (no projections for the future).
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3.6.3. Variable contribution to the model

The contribution of each selected variable (static and dynamic variables) to the
modelling of the distribution of S. spectabilis was identified by analysis. This was
carried out for modelling of current distribution (no future projection). The model was
run for S. spectabilis with 5000 iterations, and 10 replicates with a subsampling
procedure, among which 75 percent was used for testing and the remaining 25 percent
of iterations were used for training. The output was made in logistic format to get the
probability of occurrence in the range of 0-1. The increased regularised gain was added
to the contribution of the corresponding variable in determining the percentage
contribution, or subtracted from it if the change in the absolute value of lambda was
negative in each run of the training algorithm. The values of each environmental
variable on training presence and background data were randomly permuted to

determine permutation importance.

3.7. Model Evaluation

3.7.1. Accuracy assessment

3.7.1.1. Threshold independent ROC AUC

AUC is a threshold-independent metric that quantifies the model's ability to
distinguish between random and background points (Raman et al., 2020). AUC values
above 0.90 indicate excellent model accuracy, suggesting that the model can
distinguish between presence and absence records; values between 0.7 and 0.9 indicate
good accuracy; values between 0.5 and 0.7 indicate low accuracy, and values below
0.5 are no better than a random chance. It equally weighs omission and commission
errors (reliable when using the presence/absence model). AUC values are correlated by
the prevalence of the occurrence points and size of the study area and distribution of
species and ignore the predicted probability and the goodness of fit of the model
(Philips et al., 2006).
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3.7.1.2. True SKkill Statistics

A highly suggested measurement/index, which is a threshold- dependant
measure and it also accounts for omission and commission errors. TSS is defined as
“sensitivity + specificity — 1”. The range of the index ranges from -1 (a random fit) to
+1 (perfect fit). Unlike AUC, TSS values are not affected by the size of the study region

and the prevalence of the occurrence records (Allouche et al., 2006).
3.7.2. Sensitivity analysis

Jackknife technique was used to test the sensitivity of the model. The relative
importance of the predictor variable was determined by jackknifing and it calculates
the training gain of each variable if the model is being run in isolation, and compares

it to the training gain with all the variables.
3.8. Thresholding of model outputs

The output was formatted in logistic format (binary maps) to obtain the
probability of occurrence in the range of 0-1 (Phillips et al., 2004) based on the selected
logistic threshold value ‘maximum test sensitivity plus specificity (max sss), regarded
a recommended threshold selection method for presence/absence data (Liu er al.,
2005). Across models, Sensitivity and Specificity were not affected by prevalence
because they are independent of each other (Allouche et al., 2006). Furthermore,
sensitivity is defined as the proportion of correctly predicted presences among all the
presences and specificity is the proportion of correctly predicted absences among all
the absences, therefore, it has been proved valid to use with presence-only data and
instead of true absences, random records are used (Liu et al., 2013). The ‘max SSS'
selects a point in the receiver operating characteristic (ROC) curve that plots sensitivity
and 1-specificity to maximise the TSS where the tangent slope is equal to 1 (Smeraldo

etal.,2017; Bosso et al., 2018). Using SDMtoolbox 2.4 in ArcMap ver.10.7.1, binary
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rasters were utilized to analyse the predicted contraction, expansion, areas of no change

and no occupancy.
3.9. Potential Distribution under Future Scenarios

For the projected HadGEM?2-ES climate change scenarios for 2050 and 2070
with 30 arc-second (~ 1 km) spatial resolution, as presented in the fifth assessment
report (ARS) of the Intergovernmental Panel for Climate Change (IPCC, 2014), the
impact of climate change on the potential distribution of the selected invasive species
was done using MaxEnT modelling. Environmental variables and species occurrence
records were used to train the model by projecting a future environmental variable onto
a set of current environmental variables. Only the static non-climatic variables, for
example, soil type, aspect, slope were kept whereas dynamic non-climatic variables
and also the variables with negligible permutation importance obtained from the
training gain was removed. Also, the variables chosen after multicollinearity analysis
is chosen. Models of different RCPs 2.6, 4.5, 6.0, 8.5 were done for the years 2050
(2040 — 2069) and 2070 (2060 — 2089) with 10 replicates and 25 test percentage. The
projection was done using a subsampling type of replication. Importantly, the layers
should have the same name as the training data, and also, map projection and
geographic dimensions must be the same. Maxent outputs were mapped using ArcMap
ver.10.7.1 and the area of distribution and the change in the area of distribution was
measured from the current and future binary species distribution maps (logistic

threshold output, 0-1). The methodology flow diagram is shown in figure 4.
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Figure 4. Methodology Flow diagram
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CHAPTER 4
RESULTS

The currently increasing spread and risk of invasive alien plant species S.
spectabilis in Wayanad wildlife sanctuary initiated this study considering its profuse
growth affecting the biological diversity losses and ecosystem balance. Accordingly,
the study investigates the current distribution patterns of S. spectabilis based on
climatic and non-climatic variables and further examining the distribution of S.
spectabilis in the future projection of RCP scenarios for both the years 2050 and 2070.
The widely used software MaxEnt was used for both current and future distribution
modelling of S. spectabilis thereby, relating the presence occurrence points to the
climatic conditions prevailing in the study region. The occurrence data points
consisting of both primary and secondary data were collected using GPS device and
climate data from 1950-2000 for current conditions and the years 2050 and 2070, the
climate was predicted by using the coupled model HadGEM2-ES of one km resolution
under four different Representative Concentration Pathways (RCPs). This chapter

examines the results obtained from the model.

4.1. Variable optimization

The statistical analysis using multicollinearity test conducted using Pearson
correlation coefficient in ArcGIS ver.10.7.1 ESRI using SDM toolbox maintained 15
variables for modelling the potential habitat suitability of S. spectabilis invasive alien
species. The Pearson correlation coefficient between variables is given in Table 2 and
the highlighted ones are the highly correlated variables (r > 0.7) and were excluded
from the model to avoid the effect of multi-collinearity thereby, improving the accuracy
of the model by reducing the masking effect and overprediction of the model. The
selected environmental variables for the study were Annual mean temperature (BIO1),
Isothermality (BIO3), Temperature Seasonality (BIO4), Precipitation Seasonality
(BIO15), Precipitation of Driest Quarter (BIO17), Precipitation of Warmest Quarter
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(BIO18), Aspect, Slope, Distance from water bodies, Distance from Road, Landcover,
NDVI (Normalised Difference Vegetation Index), Soil type, Population Density were
used as inputs in the study. Only bioclimatic variables correlated with each other
compared to the non-climatic variables. The variable that had the greater number of
correlations between other variables were BIO1 (Annual mean Temperature), BIO6
(Min Temperature of Coldest Month), BIO7 (Temperature Annual Range), BIOS
(Mean Temperature of Wettest Quarter), BIO9 (Mean Temperature of Driest Quarter),
BIO11 (Mean Temperature of Coldest Quarter), BIO15 (Precipitation Seasonality) (six
correlations under [r]). In [r[>0.7 criteria variables BIO3 (Isothermality) and BIO18
(Precipitation of Warmest Quarter), both the variables were chosen due to its important
contribution on distribution of Senna spp. Precipitation of Driest Quarter (BIO17) has
a correlation with Precipitation of Driest Month (BIO14), from which Precipitation of
Driest Quarter was selected. Precipitation Seasonality (BIO15) was selected among the
correlated variables of Annual precipitation (BIO12), Precipitation of Wettest Quarter
(BIO16), Precipitation of Wettest Month (BIO13), and Precipitation of Coldest Quarter
(BIO19). Max Temperature of Warmest Month (BIOS) was excluded and Temperature
Seasonality (BIO4) was chosen among the collinear variables. Among the bioclimatic
variables, BIO1 (Annual mean temperature), BIO3 (Isothermality), BIO4
(Temperature Seasonality), BIO15 (Precipitation Seasonality), BIO17 (Precipitation of
Driest Quarter), BIO18 (Precipitation of Warmest Quarter) were selected and all the
non-correlated non-climatic variables were used as inputs in the model for the

distribution of S. spectabilis.

Table 2: Cross-correlations (Pearson correlation coefficient, r) among 28 bioclimatic
and topographic variables. Correlations values depicted with bold highlighted text

indicate high correlation
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Additionally, the variability of each chosen non-collinear bioclimatic variable with
respect to different RCP scenarios also analysed using the mean value of bioclimatic

variables in the study area, which were calculated in R.

All the selected bioclimatic variables showed variation in both the time periods.
The annual mean temperature (BIO1) in Wayanad showed an increasing trend in both
the time periods of 2050 and 2070 (Figures 5.a, b.). Isothermality (BIO3) also showed
a great variation in both 2050s and 2070s with highest fraction value in RCP 4.5
scenario (Figures 6.a, b.). The highest temperature seasonality in Wayanad in 2050s
time period was shown in RCP 4.5 scenario whereas, in RCP 2.6 scenario in 2070s
(Figures 7.a, b.). There is a decrease in precipitation seasonality (BIO15) compared to
current in both the time periods of 2050s and 2070s. Precipitation seasonality is highest
in RCP 4.5 and lowest in RCP 8.5 (Figures 8.a, b.). Similarly, Precipitation of driest
quarter (BIO17) is lower compared to current scenario. However, RCP 8.5 scenario has
the lowest projected precipitation in driest quarter in 2050, in contrast highest
precipitation in driest quarter is projected to be in RCP 8.5 in 2070 (Figures 9.a, b.).
The variability analysis of precipitation of warmest quarter (BIO18) showed variability
in all RCP scenarios, which is higher than the current scenario in Wayanad. The highest
projected precipitation of warmest quarter is shown in the RCP 2.6 for both the time

periods (Figures 10.a, b.).
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Figure 5. Variability of annual mean temperature (BIO1) for the current scenario and
all the four RCP scenarios in Wayanad, (a). for the near future of 2050s, (b). for the far
future of 2070s
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Figure 6. Variability of isothermality (BIO3) for the current scenario and all the four

RCP scenarios in Wayanad, (a). for the near future of 2050s, (b). for the far future of

2070s
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Figure 7. Variability of temperature seasonality (BIO4) for the current scenario and

all the four RCP scenarios in Wayanad, (a). for the near future of 2050s, (b). for the
far future of 2070s
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Figure 8. Variability of Precipitation seasonality (BIO15) for the current scenario and
all the four RCP scenarios in Wayanad, (a). for the near future of 2050s, (b). for the far
future of 2070s
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Figure 9. Variability of Precipitation of driest quarter (BIO17) for the current scenario

and all the four RCP scenarios in Wayanad, (a). for the near future of 2050s, (b). for

the far future of 2070s
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Figure 10. Variability of Precipitation of warmest quarter (BIO18) for the current
scenario and all the four RCP scenarios in Wayanad, (a). for the near future of 2050s,

(b). for the far future of 2070s
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4.2. Model Optimization

The model settings were determined using the ENMeval script in R
programming language. Accordingly, the MaxEnt model was run with the combination
of model features Linear, Quadratic, Hinge and Product (L, Q, H, P) and a
regularization multiplier value of four and with 10000 maximum background points
obtained from the output of ENMeval algorithm using R software as given in Table 4.
The selected random test percentage was 25 and replicated run type as subsampling

and with 10 replicates were fed into the MaxEnt model 3.4.4.

Table 3. Optimization of Model tested using ENMeval algorithm and model settings
chosen by the criteria of least delta AIC (Akaike Index Criterion)

Regularization Train Average
Features Multiplier AUC Test. AUC Delta AIC
LQHP 3 0.92 0.89 271
LQHPT 3 0.92 0.89 5.48
L 3.5 0.89 0.87 14.50
LQ 3.5 0.89 0.87 15.55
H 3.5 0.91 0.89 107.63
LQH 3.5 0.90 0.88 7.09
LQHP 3.5 0.92 0.89 7.57
LQHPT 3.5 0.92 0.89 21.49
L 4 0.89 0.87 16.04
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LQ 4 0.89 0.87 19.50
H 4 0.91 0.89 112.52
LQH 4 0.90 0.88 10.56
LQHP 4 0.91 0.89 0
LQHPT 4 0.92 0.89 1.80

L 0.5 0.89 0.87 16.41
LQ 0.5 0.90 0.88 28.99
H 0.5 0.95 0.90 NA
LQH 0.5 0.95 0.90 NA
LQHP 0.5 0.95 0.90 NA
LQHPT 0.5 0.98 0.90 NA

L 1 0.89 0.87 12.90
LQ 1 0.90 0.88 11.64
H 1 0.93 0.90 1401.26
LQH 1 0.93 0.89 787.92
LQHP 1 0.94 0.90 5569.17
LQHPT 1 0.95 0.90 2601.75
L 1.5 0.89 0.87 11.74

L- linear; H- hinge; Q- quadratic; P- product; and T- threshold.
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4.3. Variable contribution to the current model distribution of Senna spectabilis

Assessing the cross-correlation analysis (Pearson correlation coefficient test)
and the percentage contribution of each variable in the distribution of S. spectabilis, the
most significant variables observed to influence the spatial distribution of S. spectabilis
were Isothermality (BIO3), Elevation, Annual Mean Temperature (BIO1), Slope,
landcover, Distance from the road, Temperature Seasonality (BIO4), Mean Diurnal
Temperature (BIO2), Precipitation of warmest quarter (BIO18), Precipitation
seasonality (BIO15), Temperature seasonality (BIO4), Precipitation of driest quarter
(BIO17) and Distance from water bodies. The cumulative contribution of these
variables were 98%. Soil type, NDVI, Aspect and population density contributed only
1.7%, which was negligible compared to other variables. Isothermality was the most
influencing variable when taken in isolation whereas, Population density was the least

influencing variable (Table. 4)

Table 4. Contribution and permutation importance of all the environmental variables

to current distribution model of S. spectabilis

Variables Percent Permutation
contribution importance

Isothermality (BIO3) 37.4 1

Elevation 20.8 15.7

Annual Mean Temperature (BIO1) 7.8 10.1

Slope 6.4 4.2

Landcover 6 0.8

Distance from road 4.3 17

Precipitation of warmest quarter (BIO18) 3.9 19.3
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Precipitation seasonality (BIO15) 3.6 6.2
Temperature seasonality (BIO4) 33 0.1
Precipitation of driest quarter (BIO17) 2.7 3.9
Distance from water bodies 2.1 16.6
Aspect 0.6 1.7
Soil type 0.5 0.5
NDVI 0.5 2.8
Population density 0.1 0.1

From the Table 4. The temperature variables (BIO3, BIO1) contributed more than
precipitation variables (BIO18, BIO15, BIO17) in the distribution of S. spectabilis.
Distance from road has a contribution of 4.3% than distance of water bodies which is
only 2.1% to the distribution of S. spectabilis. The highest permutation importance is
observed for the bioclimatic variable precipitation of warmest quarter (19.3), followed
by aspect and distance from road (17). Nevertheless, isothermality variable which has
the showed the highest percent contribution to distribution of the invasive species,

showed least permutation importance.
4.3.3. Model Sensitivity Analysis using Jack-knife test

The Jack-knife test gain describes how important each variable is based on the
‘gain’ in the model with its inclusion. The Jack-knife test gain identified Isothermality
(BIO3), Precipitation of warmest quarter (BIO18), Annual Mean Temperature, Slope,
Distance from the road as the most important environmental variables for predicting

the potential habitat suitability of S. spectabilis in the Wayanad study area.
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The Jack-knife results (Figure. 11) indicates that the environmental variable with the
highest gain, when used in isolation, was BIO3 (Isothermality), which therefore
appears to have the most useful information by itself. The environmental variable that
decreases the gain the most when it is omitted is Distance from road, which therefore
appears to have the most information that isn't present in the other variables. Test gain
values given (Table. 5) are averages over replicate runs when taken in isolation. BIO3
(Isothermality), BIO18 (Precipitation of warmest quarter), BIOl (Annual mean
temperature), Elevation showed a gain greater than 1.0 whereas, Distance from water
bodies showed a gain lesser than 0.1. Population density, Precipitation of Driest
Quarter (BIO17), Precipitation seasonality (BIO15), Temperature seasonality (BIO4)

showed a gain greater than 0.5.

Table 5. Test gain values of contributing variables when taken in isolation obtained
from the results of Jackknife test of variables in MaxEnt modelling for thedistribution

of S. spectabilis in Wayanad

Variables Test gain
=
-g Isothermality 1.79
o]
p—
3 Precipitation of warmest quarter 1.37
© pu(
=
; Annual mean temperature 1.25
=
"g Elevation 1.19
=
‘;’ Population density 0.91
3
o= Precipitation of driest quarter 0.84
‘s
EP Precipitation seasonality 0.68
3
e Temperature seasonality 0.65

61



Landcover 0.37
Soil type 0.33
Slope 0.19
NDVI 0.16
Distance from road 0.16
Aspect 0.13
Distance from water bodies 0.01
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Figure 11. Results of Jackknife test showing the influence (test gain) of each
environmental variable relative to all environment variables in the MaxEnt modelling

of the current distribution of S. spectabilis in Wayanad using selected variables
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Table 6. Test data AUC values of variables when taken in isolation obtained from the
results of Jackknife test of variables in MaxEnt modelling for the distribution of S.

spectabilis in Wayanad

Variables Test data AUC
Isothermality 0.93
Precipitation of warmest quarter 0.91
Annual mean temperature 0.91
Elevation 0.90
Population density 0.90
Precipitation of driest quarter 0.85
Precipitation seasonality 0.80
Temperature seasonality 0.81
Landcover 0.72
Soil type 0.71
Slope 0.69
NDVI 0.67
Distance from road 0.68
Aspect 0.64
Distance from water bodies 0.57
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Figure 12. Results of Jackknife test showing the influence (AUC) of each
environmental variable relative to all environment variables in the MaxEnt model

current distribution of S. spectabilis in Wayanad

The results of jackknife test using test data AUC is given in Figure 11. and the
AUC values are given in Table 7. Isothermality (BIO3) variable in isolation showed a
model AUC value with 0.93. AUC of test data value is observed to be same when
precipitation of warmest quarter (BIO18) and annual mean temperature (BIO1) is in
isolation. Similarly, elevation and population density showed same AUC value of test
data when these are in isolation. AUC of test data with only distance water bodies is

negligible with 0.57.

The response curves (Figure 13.) obtained also indicated the influence of each
environmental variable on the distribution of the invasive species graphically. Each of

the following response curves represents a different model, namely, a MaxEnt model
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created using only the corresponding variable. These plots reflect the dependence of
predicted suitability both on the selected variable and on dependencies induced by
correlations between the selected variable and other variables. The variables which
showed a positive response in favour of the distribution at a particular location when
the values were increased were BIO15 (Precipitation seasonality), BIO4 (Temperature
seasonality), BIO1 (Annual Mean Temperature), BIO17 (Precipitation of driest
quarter), elevation, NDVI and Landcover. Distance from the Water bodies, Distance
from the road, BIO3 (Isothermality), Aspect, Population density, BIO18 (Precipitation
of the warmest quarter) lowered the chance of potential distribution of S. spectabilis in
the study area when the values were increased. Some variable like Soil Type showed
no significant change to the survival of the species. The response curves created using

only the corresponding variable are depicted in Figure 13.

The analysis of the response curves using only the corresponding variables is
given below. These curves show how each environmental variable affects the MaxEnt

prediction.
4.3.3. Annual mean temperature (BIO1)

When the annual mean temperature (BIO1) increased (>22.5°C), the probability
of the occurrence of the S. spectabilis decreases gradually to absence (Figure 13.b).
The response of the species to annual mean temperature increased gradually when the
temperature range was in between 14° C —22.5° C. In addition, when the annual mean
temperature (BIO1) was at 22.5° C, the probability of the occurrence of the S
spectabilis was at the peak. The probability distribution showed no change when the
annual mean temperature is below 14° C. The similar pattern of two troughs and a peak
is shown by response curves of precipitation of driest quarter (BIO17) (Figure 12.e),
elevation (Figure 12.g), population density (Figure 13.j), NDVI (Figure 13.k),
landcover (Figure 13.1), slope (Figure 13.1).
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4.3.4. Isothermality (BIO3)

When the isothermality (BIO3) was in the range 55 to 57, the probability of
presence for the S. spectabilis was greater than 90 percent, however, response of
species to BIO3 remains constant. There was a gradual decrease in the probability of
presence for the species when the isothermality increased from 58 to 67 and then no
change. The response curve (Figure 13.a) showed a negative J-shaped curve which is
similar to response curve of species to precipitation of warmest quarter (BIO18), shown
in Figure 13.f) and also other non-climatic variables; distance from road (Figure 13.m),

distance from water bodies (Figure 13.n).
4.3.5. Temperature seasonality (BIO4)

The probable presence of S. spectabilis increased with the increase in the
temperature seasonality (BIO4). The probable presence of S. spectabilis was highest
when temperature seasonality (BIO4) was at the range of 165° C. At less than 90 and
greater than 165° C, the probability of presence for the S. spectabilis was constant.
The response curve (Figure 13.c), is a J-shaped curve and the similar pattern in

response curve is showed by precipitation seasonality (BIO15) (Figure 13.d).

4.3.6. Precipitation of the driest quarter (BIO17)

The precipitation of the Driest Quarter affects model prediction as the species
distribution escalated when BIO14 rises above 15mm — 23mm, also the maximum
probability of presence for the S. spectabilis (90%) when BIO17 is at 23mm. Followed
by a sudden fall in distribution and a gradual decrease showed in Figure 13.e), from
50mm to 216mm where the distribution declined. The probability occurrence of S.
spectabilis showed a narrow range between 15mm to 50mm precipitation in driest

quarter (BIO17).

4.3.7. Precipitation of warmest quarter (BIO18)
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The highest distribution of S. spectabilis is observed (100%) when the
precipitation of warmest quarter (Figure 13.f) was in the range of 130mm — 200mm.
On reaching 200mm, the probable distribution of the invasive species slowly decreased
to no change when reaching 400mm. Precipitation of warmest quarter showed an
inverted J-shaped curve similar to BIO3 (Isothermality), aspect, distance from road and

distance from water bodies.

4.3.8. Precipitation seasonality (BIO15)

The probability occurrence of S. spectabilis was observed to be 95% when
precipitation seasonality has value of 143 (Figurel3.d). The response curve followed a
J-shaped curve and when BIO15 is between the range of value 40 — 90, a lower presence
of the species is observed (15%) that remains constant. The distribution is then
gradually increased beyond the precipitation seasonality value of 90 upto 143.

Subsequently, the response curve remained constant upto the value 152.

4.3.9. Slope

The probable presence for the S. spectabilis was found to gradually increase
upto 89m, followed by a sudden acceleration in distribution upto 74% where the species
distribution is at its peak (Figure 13.1). Subsequently, a sudden drop in distribution
(20%) on reaching 90m followed by no change in distribution upto 100m.
4.3.10. Aspect

A negative response of aspect to S. spectabilis was observed, When the aspect
was 400m, the chance of occupancy of S. spectabilis was comparatively less (50%).
The response curve showed a higher species presence when the aspect is negative
(Figure 13.h). A decline in occupancy was seen when the aspect range is between 0 —
200.
4.3.11. Landcover

When the landcover was deciduous forest or degraded/Scrub Forest, the

presence of S. spectabilis was highest (>0.75) (Figure 13.1). The potential distribution
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of S. spectabilis in the agricultural land was 50%. The plantation landcover had a
chance of distribution greater than agricultural land. The potential distribution of S.
spectabilis decreased in Littoral Swamp, Shifting Cultivation, Barren area, Snow
Cover, Waterbodies however, the chance of potential distribution is higher.
4.3.12. Soil type

S. spectabilis had a higher potential of occurrence in the forest soils, Black soils,
Laterite plateau, Marayur soils, soils of Wayanad uplands, Upland soils of Palakkad
central plain, lowland soils of Palakkad central plain and Poonthal padam soils of
Palakkad eastern plain (>70%). The other soil types such as Gravelly laterite, Red soils,
Brown hydromorphic soils, Riverine alluvium, Coastal alluvial oils, Coastal sandy
soils, Onattukara sandy soils remained constant and had a probable positive response
by S. spectabilis (40% chance of occupancy) which is given in Figure 13.0.
4.3.13. Other dynamic variables

Variables such as distance from water bodies (Figure 12.n), distance from the
road (Figure 12.m), NDVI (Figure 12.k), population density (Figure 12.j) also had a
role in the probability of distribution of the S. spectabilis. The potential distribution of
S. spectabilis decreased significantly with the increase in distance from water bodies
and distance from the road. Response of S. spectabilis remained constant when
population density increased above 1000 persons per km?. The probable presence of
the species was at its peak (85%) when the population density is 500 persons per km?.
When normalized difference vegetation index (NDVI) increased (> 1%¥10°), the
potential distribution of the species decreased. There is a 40-75% chance of occupancy

of the invasive species when the index value is below 1¥10°,
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Figure 13. Response curves of variables in determining the distribution of the S.
spectabilis MaxEnt modelling, (a). Isothermality (BIO3), (b). Annual mean
temperature (BIO1), (c). Temperature seasonality (BIO4), (d). Precipitation seasonality
(BIO15), (e). Precipitation of driest quarter (BIO17), (f). Precipitation of warmest
quarter (BIO18), (g). Elevation, (h). Aspect, (i). Slope, (j). Population density, (k).
NDVI, (1). Landcover, (m). Distance from road, (n). Distance from water bodies, (O).

Soil type
4.4. Model Performance

The model output obtained was then assessed for its accuracy. Area Under

Curve (AUC), True Skill Statistics (TSS), Sensitivity and Specificity were used for
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measuring the model performance of the current potential distribution in the study area

and are shown in Table 7. below.

Table 7. Model Performance of current potential distribution of S. spectabilis in

Wayanad using independent and dependent thresholds (AUC, TSS)

ACCURACY METRICS VALUES
Training AUC 0.96
Test AUC 0.94
TSS value 0.83
AUC Standard Deviation 0.02
Overall accuracy 0.96
Sensitivity 0.86
Specificity 0.96

The accuracy metrics given in Table 8. showed that the MaxEnt model has a
good performance with test AUC value 0.94 and TSS value 0.83. Furthermore, an
overall accuracy of 0.96 value was showed, similarly the specificity value. Sensitivity
of the model is 0.86 and showed standard deviation of 0.02. This explained that the

model has a good performance.
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Figure 14. Receiver Operating Characteristic (ROC) curve for S. spectabilis averaged
over the replicate runs for the current potential distribution MaxEnt modelling in

Wayanad

Receiver Operating Characteristic (ROC) curve given in Figure 13. showed that
there is a good fit of model to the testing data. Considering only the presence data and
no absence data, fractional predicted area (x-axis) is used instead of more standard
commission rate (fraction of absences predicted present). In addition, in Figure.14,the

AUC line passes through the left top of the random prediction.

The omission rate and predicted area of the test data average over the 10
replicate runs is given in Figure 15. The omission on test samples (blue line) showed a
very good match to the predicted omission (black line) although, the predicted omission
rate is a straight line. The test omission line is observed to be well below the predicted
omission line considering the test data (75%) and training data (25%) are not

independent.
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Figure 15. Test omission rate and predicted area for S. spectabilis in the current
distribution as a function of the cumulative threshold, averaged over the replicate runs

for the current potential distribution MaxEnt modelling in Wayanad

4.5. Current suitable habitat distribution of S. spectabilis

The currently suitable habitat of invasive alien tree species S. spectabilisbased

on the presence records as given by the MaxEnt model is given in Figure 15.

The MaxEnt output ASCII files were reclassified using ArcGIS ver.10.7.1
ESRI to obtain a logistic distribution which was then converted to binary raster forthe

easy interpretation of suitable and unsuitable areas based on the ‘max SSS’ logistic

threshold (0.52) obtained from the MaxEnt output. Out of 2364 km? total area, 1572
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km? (66%) is suitable for S. spectabilis and the remaining 821 km? (34%) area is found

unsuitable for its distribution. The logistic output is shown in Figure 16.

The area is classified into low suitability areas with 344 km? (0 — 0.2), 249 km?
with moderate suitability (0.2 — 0.4) potential, 428 km? with a good suitability potential
(0.4 — 0.6), high suitability potential class (0.6 — 0.8) with 572 km? area and very high
suitability potential (0.8 — 1) area consisted about 800 km? for the invasive species S.
spectabilis. The majority of very high suitability areas were distributed in the North-
eastern and South-eastern parts of Wayanad. The current distribution consisted high
and very high suitability areas in Tholpetty, Wayanad wildlife sanctuary, Appapara,
Panavally, Irumbupalam, Kattikulam, Kuruva island, Kyasapura, Payyampally,
Palvelicham, Thrishilery, Oorpally, Mananthavady, Nalloornad, Naalammile,
Koolivayal, Neervaram, Pakkom, Padichira, Mullenkolly, Pulpally,
Kelakkavala,Chethalayam, Kidanganad, Ottapalam, Kerala — Karnataka border,
Muthanga, Muthanga Forest Range, Mathamangalam, Sulthan Bathery, Noolpuzha,
Cheeral, Pazhoor, Nenmini, Chulliyode, Karachal, Muttil, Meenangadi, Purakkadi,
Vakery, Kenichira, Poothadi, Bathery, Paralikunnu, Kalpetta, Chundale, Pozhithane,
Vythiri, Kunnampetta, Puthurvayal, Pinangode, Vellamunda, Mattilayam, Korome,
Tindumal. Furthermore, looking into the landcover of Wayanad (Figure.16), the
majority of high and very high suitability areas were covered in deciduous forests,
degraded/scrub forests, plantation areas, barren areas/ wasteland areas and in built up

areas.

75



O Kilometers
00.038975 0.15 0.225 0.3

[ 1 Low suitability

I Moderate suitability
[ 1 Good suitability
[ High suitability

I Very high suitability

Figure 16. The logistic output and the potential distribution MaxEnt modelling of S.

spectabilis in Wayanad district under current climatic conditions and occurrence data
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Figure 17. Landuse landcover classes of Wayanad district

4.6. Future suitable habitat of S. spectabilis and impact of climate change in

Kerala

4.6.1. Variable contribution to the future potential distribution model of S.

spectabilis

In the current scenario, the Isothermality (BIO3) variable has the greatest
influence on the distribution of S. spectabilis followed by elevation. Furthermore, the
Annual Mean Temperature (BIO1) showed a greater contribution however, in RCP 2.6
and RCP 6 in the distant future showed a percentage contribution lesser than Slope,
which is the fourth most contributing variable. The least important variable was Aspect

which showed negligible contribution. The comparison of the variable influence
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between current and different RCP scenarios in both 2050 and 2070 (Figure.18, 19)
indicates the variation of the variable influence for the distribution of S. spectabilis
with climate change. The influence of Isothermality (BIO3) increased in all the RCPs
of both the time periods 2050s and 2070s in comparison with current scenario (37.4%)
except RCP 6 2050s (37.1%) given in Table 8. Similarly, an increase in the contribution
of elevation variable is showed (Table 9.) except RCP 4.5 2070s (18.6). Annual mean
Temperature (BIO1) showed an increased contribution to the distribution of S.
spectabilis except 2.6 2070s (7.1%). Slope and Precipitation of warmest quarter
(BIO18) had a great contribution in all the RCP scenarios in both the time periods
compared to the current scenario. Temperature seasonality (BIO4) showed a lesser
contribution compared to current scenario except RCP 6 scenario in both the near and
distant future. Precipitation of driest quarter (BIO17) had an increased influence in
distribution of the species except RCP 2.6 and RCP 6 scenario in 2070s. Additionally,
Precipitation seasonality (BIO15) had an increased contribution except RCP 4.5 and
2070s RCP 2.6. All the selected bioclimatic variables showed a significant influence to
the distribution of S. spectabilis in Wayanad.

Table 8. A comparison between the influence of selected bioclimatic variables under

the current climate scenarios and all RCP scenarios on the potential distribution of S.

spectabilis
RCP 2.6 RCP 4.5 RCP 6 RCP 8.5
Variables Current | 2050 | 2070 | 2050 | 2070 2050 | 2070 | 2050 | 2070
(in percentage)
BIO3
374 42.2
(Isothermality) 39 39.9 |43 37.1 |44 41.8 | 39.1
Elevation 20.8 222 | 274 239 |18.6 23.6 229 (242 |193
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BIO1(Annual
Mean

Temperature)

7.8

11.2

7.1

10.6

12.9

10.5

10

14.7

Slope

6.4

10.6

10.1

10.2

10.7

9.7

10

10.4

BIOI18
(Precipitation of

warmest quarter)

3.9

5.3

4.5

4.8

4.9

7.4

4.9

3.9

6.4

BIO4
(Temperature

Seasonality)

33

2.9

32

2.9

2.7

3.6

4.1

2.9

2.5

BIO17
(Precipitation of

Driest Quarter)

2.7

2.9

24

4.8

3.7

4.1

2.6

2.7

BIO15
(Precipitation

Seasonality)

3.6

2.6

5.6

2.6

2.9

3.5

4.1

33

Aspect

0.6

0.1

0.8

0.3

0.6

0.4

0.5

0.4

0.2

The percentage contribution of Isothermality (BIO3) is observed to increase in
both the near and distant futures RCP scenarios compared to current scenario. RCP 2.6
scenario showed an increased influence (42.2%) followed by RCP 8.5 scenario (41.8%)
and RCP 4.5 scenario (39.9%). Although, the greenhouse gas concentration scenario in
RCP 6 has the highest percentage contribution (49.9%) in 2050. An increased trend in

contribution of the isothermality from the global warming of 2.6 watts /km? to 6

watts/km? compared to current scenario is given (Table.8) except RCP 8.5 (39.1%).
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Figure 18. Bar diagram representing the variability in percentage contribution of the

most important variable; Isothermality (BIO3) in current and future RCP scenario in
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most important variable; Isothermality (BIO3) in current and future RCP scenario in

2070s
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Table 9. Assessing the model Performance of future projection of S. spectabilis using

independent and dependent thresholds (AUC, TSS) in Wayanad under RCP scenarios

RCP 2.6 RCP 4.5 RCP 6 RCP 8.5

Accuracy metrics 2050 | 2070 | 2050 | 2070 | 2050 |2070 |2050 2070
Training AUC 0.94 0.94 0.94 0.94 0.95 0.95 0.94 0.94
Test AUC 0.93 0.92 0.93 0.93 0.90 0.91 0.92 0.94
TSS value 0.79 0.80 0.80 0.81 0.82 0.80 0.79 0.82
AUC Standard 0.02 0.02 0.03 0.02 0.03 0.03 0.03 0.02
Deviation

Overall accuracy 0.95 0.95 0.95 0.94 0.94 0.95 0.95 0.95
Sensitivity 0.83 0.85 0.85 0.86 0.87 0.85 0.83 0.87
Specificity 0.95 0.95 0.95 0.95 0.94 0.95 0.95 0.95

Model performance is explained by the dependent AUC metrics obtained from
the MaxEnt modelling output and the independent TSS values given in Table 10.
Considering the AUC values above 0.9 and TSS values above 0.78 in all the future
RCP scenarios showed a good model performance. Additionally, the overall accuracy,
sensitivity and specificity also explained a best model. Furthermore, the standard
deviation of the MaxEnt future projection model is also in the range 0.02 — 0.03,

showed less variations in mean AUC averaged over 10 replicate runs.
4.6.2. Distribution of S. spectabilis under RCP 2.6 scenario for 2050 and 2070

By 2050s, due to the rising global warming of 2.6 watts/km?, the potentially
suitable areas for S. spectabilis (1572 km?) would be decreased by 31% (1077 km?). A
similar pattern was also observed in 2070s, with a decrease in the suitable area by 45%
(862 km?) compared to the current potential distribution. The logistic output of RCP
2.6 was shown in Figure 20. The low potential suitable areas for the invasive species
(0 — 0.2) within Wayanad was 349 km? and 309 km? in 2050s and 2070s respectively.

With the moderate suitable potential occurrence (0.2 — 0.4), there was a
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gain in the increase in the areas suitable for S. spectabilis by 26% and 23% in both
2050s and 2070s. Looking into good suitability class (0.4 — 0.6) (Table 10.) showed a
significant increase in both the time periods 2050s and 2070s compared to the current
suitability area (428 km? ). At a high suitability potential distribution class (0.6 — 0.8)
by 2050s, the habitat suitability decreased by 7% and 22% by 2070s. Focussing onthe
very high suitability distribution class, about half of the suitability area is decreased in
2050s and a decrease of 62% (428 km? ) in 2070s scenario. The predicted distribution
observed high (0.6 —0.8) and very high habitat (0.8 — 1) suitability in parts of Bandipur
wildlife sanctuary, Muthanga wildlife sanctuary, Mathamanagalam, Thotamoola,
Puthenkunnu, Kazhambu, Pazhoor, Noolpuzha, Kuduki, Cheeral, Madakara,
Chulliyode, Tharappel, Ponnamkolly, Narikkundu, Poomala, Sulthan Bathery,
Kidanganad, Ottapalam, Valluvady, Chethalayam, Irulam, Padipura, Pulpally Bathery,
Tholpetty wildlife sanctuary, Chekadi, Thirunelli temple road, Anjukunnu,

Manjappara, Muttil, Ambalavayal, Thomaattuchaal, Naalammile.

RCP 2.6 2050 N

[ 1 Low suitability

B Moderate suitability
[ | Good suitability
[0 High suitability
I Very high suitability

®.03U875 0.15 0.225 0.3
- wessmw ) Kilometers

Figure 20. Predicted potential distribution of S. spectabilis in Wayanad for the scenario

RCP 2.6 for the period 2050s
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Figure 21. Predicted potential distribution of S. spectabilis in Wayanad for the scenario

RCP 2.6 for the period 2070s

4.6.3. Distribution of S. spectabilis under RCP 4.5 scenario for 2050s and 2070s

The distribution of the S. spectabilis for the period 2050s and 2070s under the RCP
4.5 greenhouse gas concentration pathway is given in Figure 22. and Figure 23. There was
a significant difference between the probability distribution of S. spectabilis under RCP
scenario 4.5 in both 2050s and 2070s. There was a loss in suitability area in 2050s by
14% (1348 km?) and in 2070s by 66% (532 km? ) compared to current habitat suitability
(1572 km?). The unsuitable area in both 2050s and 2070s was found to be 1047 km?
and 1863 km®. Low habitat suitability class in 2050s has a loss in suitability area by
12% (304 km?) whereas, there is again in habitat suitability by 59% in 2070s. There

was an enormous increase in the habitat suitability potential of S. spectabilis in 2070s

83



RCP 4.5 by 235% (835 km?) than 2050s RCP 4.5 (363 km?) when analysing the
moderate suitability class (0.4-0.6). By focussing on the good habitat suitability class,
there was a gain of suitable habitat area by 40% (599 km?) in 2050s and by 46% (624
km?) in the 2070s time period compared to the current distribution. The high suitability
class (0.8 — 1) showed a gain in suitability by 14% in 2050s and a loss in suitability
distribution by 36%. Nonetheless, the very high suitability class (0.8 — 1) exhibited a
reduction in habitat suitability in both the near (2050s) and distant futures (2070s). The
probable potential of very high habitat suitability was mainly observed in the north-
eastern and south-eastern parts of Wayanad in both the Muthanga and Tholpetty
wildlife sanctuary in both the 2050s and 2070s. In 2070s, the high habitat suitability in
North and South-eastern parts contracted considerably compared to 2050s however, a
good suitability is predicted in the eastern Wayanad (Figure. 23). The low suitability in
the western Wayanad remained unchanged in 2050s and 2070s in comparison with
current scenario. The very high suitability class (0.8 — 1) accounted 59% of the total
habitat suitability in Wayanad in 2050s and observed 90% of it in South-eastern part
including Muthanga wildlife sanctuary and parts of Bandipur wildlife sanctuary and
Kerala Karnataka border. Whereas, only 3% of the total habitat suitability accounted
for very high suitability areas, which is observed to be present in South-eastern parts

of Wayanad; Muthanga and Cheeral regions.
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Figure 22. Predicted potential distribution of S. spectabilis in Wayanad for the
scenario RCP 4.5 for the year the 2050s
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Figure 23. Predicted potential distribution of S. spectabilis in Wayanad for the scenario

RCP 4.5 for the year the 2070s
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4.6.4. Distribution of S. spectabilis under RCP 6.0 scenario for 2050s and 2070s

In comparison with the current suitable habitat for S. spectabilis, the suitable
areas in both 2050s and 2070s in RCP 6 scenario is decreased. There is a decrease in
habitat area by about 32% and 52% in 2050 and 2070 respectively. Focussing on the
high (0.6 — 0.8) and very high (0.8 — 1) habitat suitability classes, in 2050s time period,
the habitat suitability area for S. spectabilis is decreased compared to 2070s. Compared
to the current distribution, a low habitat suitability potential (0 — 0.2) increased by 20%
(412 km?) and 16% (399 km?) in 2050s and 2070s respectively. There is a large gain
in the suitability area by 171% (676 km?) in 2050s and 158% (642 km?) comparing
with the current distribution in the moderate suitability class (0.2-0.4). Furthermore,
there is a gain in the suitability by 86% and 84% in 2050s and 2070s in good habitat
suitability class (0.4 — 0.6). In the High suitability class (0.8 — 1), a reduction in
suitability area is observed by 22% and 17% in 2050s and 2070s respectively compared
to current scenario. Looking into very high suitability class, a decrease is observed in
both the time periods. High habitat suitability (0.6 — 0.8) and very high habitat
suitability (0.8 — 1) were predicted to be the north-eastern and south-eastern parts of
Wayanad mainly in the Tholpetty wildlife sanctuary and Muthanga wildlife sanctuary.
Muthanga wildlife sanctuary accounted 100% of very high habitat suitability of 2050s
which is only 7% of the total very high habitat suitability class. In parallel, 12% of the
total very high habitat suitability area is predicted to be present in Muthanga in 2070s.
Nevertheless, 50% of the total suitability area in Wayanad is predicted to be under good
habitat suitability class in 2050s (Figure.24). The low habitat suitability area is
predicted to be in the Western parts of Wayanad and observed no change among near

future and the distant future of RCP 6 scenario as well as with the current scenario
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Figure 24. Predicted potential distribution of S. spectabilis in Wayanad for the scenario

RCP 6 for the year the 2050s
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Figure 25. Predicted potential distribution of S. spectabilis in Wayanad for the scenario

RCP 6.0 for the year the 2070s
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4.6.5. Distribution of S. spectabilis under RCP 8.5 scenario for 2050s and 2070s

The suitability potential habitat of S. spectabilis is decreased in both periods
2050s and 2070s of RCP scenario 8.5 compared to the current suitability. There is a
decrease of about 45% and 849% in 2050s and 2070s respectively. Looking into the
habitat suitability classes, in the low suitability class (0.2 — 0.4) there is a gain in 2050s
by 13% and 19% in 2070s. In the moderate suitability classes, there is an immense
increase in suitability areas in 2050s (120%) and in parallel, there is an increased
prediction by 124% in suitability area in 2070s. In the good habitat suitability class (0.4
— 0.6), a gain of habitat area is predicted by 79% in 2050s and 69% in 2070s. A
reduction in habitat suitability is predicted in both high suitability class (0.6 — 0.8)and
very high suitability class (0.8 — 1) by 14% and 76% in the near future. In the distant
future, the reduction in suitability area is by 23% and 68% in the high and very high
suitability class respectively. The very high suitability habitat is predicted to be only
distributed in the South-eastern part of Wayanad comprising Sulthan Bathery,
Muthanga forest range, Muthanga wildlife sanctuary, Noolpuzha, Cheeral, Ottapalam,
Chulliyode, Nenmeni, Pazhoor, Kidanganad and Irulam in both the time periods. The
predicted high suitability class (0.6 — 0.8) distribution of the invasive species in both
the time periods is observed with no significant difference and distributed in the north-
eastern and south-eastern parts of Wayanad. About half of the suitability is distributed
in the good suitability class (0.4 —0.6).

88



RCP 8.5 2050 N

- S

[ | Low suitability
1 B Moderate suitability
[ ] Good suitability
% [0 High suitability
I Very high suitability

®.030H975 0.15 0.225 0.3
[ = 1 Kilometers

Figure 26. Predicted potential distribution of S. spectabilis in Wayanad for the scenario

RCP 8.5 for the year the 2050s
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Figure 27. Predicted potential distribution of S. spectabilis in Wayanad for the scenario

RCP 8.5 for the year the 2070s
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Figure 28. Predicted potential distribution of S. spectabilis under current scenario and

various RCP scenarios for both the time periods in 2050s and 2070s in Wayanad

The very high habitat suitability of S. spectabilis in the Wayanad district were

found to be higher in current scenario compared to all the four representative

concentration pathways in both the time periods of 2050s and 2070s, which is shown

in Figure.30. The very high habitat suitability of current scenario is observed to reduce

to moderate and good suitability habitat areas. The low suitability habitat areas are
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found to be seen in the western parts of Wayanad and also the model showed a probable
prediction of low suitability areas in western parts of Wayanad in future as well. The
eastern parts of Wayanad especially Wayanad wildlife sanctuary are predicted to be

under very high and high habitat suitability areas.

Table 11. Suitability class distribution for S. spectabilis under various RCP scenarios

with their area of distribution in km? for both the time periods in Wayanad

Suitability Distribution area (km?)
class
RCP scenario 2050s RCP scenarios 2070s

current 2.6 4.5 6.0 8.5 2.6 4.5 6.0 8.5

Low 344 349 304 412 389 309 547 399 409
Moderate 249 314 363 676 549 325 835 642 559
Good 428 717 599 797 767 720 624 786 725
High 572 613 654 447 494 735 365 472 442
Very high 800 402 475 63 196 306 24 96 260

The suitability distribution classes comprising low (0 — 0.2), moderate (0.2 —
0.4), good (0.4 — 0.6), high (0.6 — 0.8) and very high (0.8 — 1) of all the four RCP
scenarios are given in the bar diagram. The suitability class distribution of S. spectabilis
in 2050s indicates that the very high suitability (0.8 - 1) is in the RCP 4.5 scenario (475

km?) compared to other RCP scenarios however, the current scenario is found to be
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highest in the very high suitability area (800 km?) for S. spectabilis than RCP 4.5
scenario. The predicted high habitat suitability (0.6 — 0.8) is observed to be higher in
RCP 4.5 scenario in 2050s and lower in RCP 6 scenario. A good habitat suitability is
predicted to be higher in RCP 6 scenario whereas, lower in RCP 4.5 scenario. Moderate
habitat suitability and low habitat suitability for the probable distribution of S.
spectabilis is predicted to be greater in RCP 6 scenario among other RCP scenarios and
lower in RCP 4.5 scenario. In 2070s, the predicted habitat suitability areas of the RCP
scenarios varies from 2050s. The very high suitability class is higher in RCP 2.6 (475
km?) than the other representative concentration pathways. In general, there is a
decreasing trend in the high habitat suitability class among RCP scenarios from 2.6 to
8.5 watts/km? although RCP 4.5 scenario has the least habitat suitability area.
Comparing the good habitat suitability area among all the RCPs, RCP 6 scenario has
the highest suitability area and RCP 4.5 has the least suitability. The moderate habitat
suitability (0.4 — 0.6) and the low suitability (O — 0.2) is predicted to be higher in the

RCP 4.5 scenario and lower in RCP 2.6 scenario.
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Figure 29. The chart illustrating the predicted very high habitat suitability area of S.

spectabilis under all the RCP scenarios and current scenario in 2050s in Wayanad
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Figure 30. The chart illustrating the predicted very high habitat suitability area of S.

spectabilis under all the RCP scenarios and current scenario in 2070s in Wayanad

The higher area suitability is predicted to be in RCP 4.5 (475 km?) among the
RCP scenarios in 2050s compared whereas, RCP 2.6 scenario is higher in 2070s. The
lowest suitability is in the RCP 6 scenario (63 km?) in 2050s and RCP 4.5 (24 km?) in
2070s.
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Figure 31. Predicted potential distribution of S. spectabilis under current scenario and

various RCP scenarios for both the time periods in 2050s and 2070s in Wayanad

wildlife sanctuary

Habitat suitability of all the four RCP scenarios in both time periods 2050s

and 2070s is shown in Figure 31. In the current scenario, the very high habitat

suitability area accounted for 83% potential compared to the potential area of

Wayanad wildlife sanctuary (344.44 km?). Moreover, the high habitat suitability is
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observed to be 14% of the potential area of Wayanad wildlife sanctuary. The

abundant distribution of S. spectabilis are found to be covered in Tholpetty range,

Kurichiat range, Sulthan Bathery range and Muthanga range. In comparison with the

current scenario, there is a decrease in very high habitat suitability all the four RCP

scenarios in both the time periods. Additionally, in comparison to 2050s time period

future prediction, very high habitat suitability is decreased considerably in 2070s time

periods.
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Figure 32. Bar chart illustrating the area suitability in Wayanad wildlife sanctuary

under all RCP scenarios and current scenario in time periods 2050s
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Figure 33. Bar chart illustrating the area suitability in Wayanad wildlife sanctuary

under all RCP scenarios and current scenario in time periods 2070s

The habitat suitability of S. spectabilis in Wayanad wildlife sanctuary under
all the representative concentration pathways and current scenarios is shown in
Figure. 32 and Figure. 33. The very high habitat suitability is observed to be higher in
the current scenario compared to other time periods 2050s and 2070s. In 2050s, the
very high habitat suitability is highest in RCP 4.5 among all the RCPs followed by
RCP 2.6, RCP 6 and RCP 8.5 Figure 36. High habitat suitability is higher in RCP 6
and RCP 8.5 followed by RCP 2.6. The least is predicted to be in RCP 4.5. The good
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habitat suitability areas are comparatively higher in RCP 6. The habitat suitability in
2070s time period is shown in Figure 37. in which current scenario is observed with
the highest suitable habitat. Among the other representative concentration pathways,
RCP 2.6 showed a highest suitability whereas, RCP 4.5 showed the least suitable
habitat. Focussing on the high suitability class, RCP 4.5 showed the highest
suitability followed by RCP6. In the good suitability class, there is found to be a
considerable suitable potential area in RCP 4.5 compared to other RCPs. Followed by

RCP 6 with second most suitable habitat areas.
4.7. Range Expansion

By estimating the difference between current and future binary distribution
maps, the relative changes in the future potential species distribution and the impact of
climate change were observed. The criteria used for change analysis were; range
expansion, range contraction, no change (presence in both), no occupancy (absence in

both).

Table 12. Area distribution changes (km?) of S. spectabilis in Wayanad based on the

change in binary distribution of RCP scenarios for 2050s and 2070s and current

scenarios
Distribution changes 2050s 2070s
(km?)
RCP scenarios

2.6 4.5 6.0 8.5 2.6 4.5 6.0 8.5
range expansion 138 189 132 99 89 20 68 77
no occupancy 683 632 689 722 732 801 753 744
no change 937 1157 | 930 758 771 510 678 718
range contraction 635 415 642 814 801 1062 | 894 854
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The distribution changes in 2050s under the four RCP scenarios are given in Figure 38.
The range expansion is highest in the RCP 4.5 scenario (189 km?) and followed by the
RCP 2.6 scenario (138 km?), and there is no significant trend. The range contraction is
predicted to rise in RCP 8.5 scenario (814 km?) followed by RCP 6 scenario (642 km?)
in the near future. The lowest range contraction is in the RCP 2.6 scenario. The no
change (presence in both the current and RCP scenarios) is predicted to be greater in
RCP 4.5 scenario. The no occupancy (absence in both current and RCP scenarios) is
greater in RCP 8.5 scenario followed by RCP 6 scenario. Among the four criteria used
(Table.16), no change (presence in both current and future scenarios) is predicted to be

higher in area distribution.

The range expansion distribution area is comparatively negligible with the other
three categories; range contraction, no occupancy, no change. However, the highest
range expansion is 89 km? in RCP 2.6 scenario, followed by the RCP 8.5 scenario (77
km?), and there is no significant trend. The highest range contraction is predicted in the
RCP 4.5 scenario (1062 km?) followed by the RCP 6 scenario (894 km?). The lowest
range contraction is in the RCP 2.6 scenario (801 km?). The no change (presence in
both the current and RCP scenarios) is predicted to be greater in RCP 2.6 scenario. The
absence in both current and RCP scenarios (no occupancy) is predicted to be greater in
RCP 4.5 scenario and lower in RCP 2.6 scenario. Comparing both 2050 and 2070 RCP
scenarios (Table.12), the range expansion is highest in the near future (2050s) than
distant future (2070s) and RCP 4.5 with the highest. The highest range contraction is
in 2070 RCP 4.5. Comparatively, the range contraction is higher in 2070s than 2050s.
The no change area (presence in both) is higher in 2050s whereas, no occupancy is

higher in 2070s time period.
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Figure 34. Distributional changes of S. spectabilis in Wayanad under RCP scenarios in

the near future (2050s) and the distant future (2070s)
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Figure 35. Distributional changes of S. spectabilis in Wayanad wildlife sanctuary under

RCP scenarios in the near future (2050s) and the distant future (2070s)
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Figure 36. Bar diagram showing the no change area changes in distribution of the S.

spectabilis in Wayanad wildlife sanctuary in all the RCP scenarios in 2050s
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Figure 37. Bar diagram showing the no change area changes in distribution of the S.

spectabilis in Wayanad wildlife sanctuary in all the RCP scenarios in 2070s
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Figure 38. Bar diagram showing the range expansion area changes in distribution of

the S. spectabilis in Wayanad wildlife sanctuary in all the RCP scenarios in 2050s
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Figure 39. Bar diagram showing the range expansion area changes in distribution of

the S. spectabilis in Wayanad wildlife sanctuary in all the RCP scenarios in 2070s
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Figure 40. Bar diagram showing the range contraction area changes in distribution of

the S. spectabilis in Wayanad wildlife sanctuary in all the RCP scenarios in 2050s
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Figure 41. Bar diagram showing the range contraction area changes in distribution of

the S. spectabilis in Wayanad wildlife sanctuary in all the RCP scenarios in 2070s
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The distributional changes in future RCP scenarios for both the time periods
2050s and 2070s is shown in Figure 35. The given Figure 36 and Figure 37.
illustrated the no change distribution change areas in 2050s and 2070s respectively.
In 2050s, RCP 4.5 and RCP 6 has same no change area whereas, there observed a
reduction in the no change area in RCP 8.5. However in 2070s, RCP 8.5 is predicted
with highest no change area followed by RCP 6 and RCP 2.6. Comparing the range
expansion of S. spectabilis in Wayanad wildlife sanctuary, the range expansion area
in 2050s is predicted to be very less compared to no change habitat suitability area
(Figure 38.). The highest habitat suitability area is observed in RCP 4.5 with 12 km?
suitability area and the least range expansion was observed in RCP 8.5 with 6 km? .
The range expansion in time period 2070s (Figure 39.) is predicted with RCP 6, the
highest (7 km?) and the least expansion seen in RCP 4.5. However, the range
expansion in RCP 4.5 in 2050s, which is the highest among other RCPs is found to be
reduced to least range expansion in 2070s time periods. The given figure 40. and
figure 41. Illustrated the range contraction in the wildlife sanctuary in 2050s and
2070s respectively. In 2050s, the range contraction is predicted to be absent in RCP
2.6, RCP 4.5 and RCP 6 and in RCP 8.5 with the highest range contraction (10 km?).
However, in 2070s, the highest range contraction is observed in RCP 4.5 and the least

range contraction in RCP 8.5.
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CHAPTER 5
DISCUSSION

Climate change is one of the major challenges of our time and it intensifies the
terrestrial plant invasion in non — native habitats (Colautti and Barrett, 2013) and thus
posing a great threat to native biodiversity. Moreover, Climate change alters species
interactions, population demographics, germination, recruitment, establishment, and
distribution, all of which affect the ecosystem. Besides, the magnitude, rate and impact
of climate change are intensified by invasive species and thus alters the ecosystem
functioning, structure and composition. (Pysek and Richardson 2010; Smith et al.
2012). Additionally, a study by Pantoja et al. (2018) concluded the adaptive ability of
invasive species to new environments indicating that the behaviour of invasive plants
changes temporally. This study was one of the first studies and attempted to investigate

the impact of climate change on the potential distribution of S. spectabilis in Wayanad.

S. spectabilis which has been regarded as the medium risk invasive species
(Sajeev et al., 2012) is now spreading at an alarming rate in parts of Western Ghats.
Currently, the occurrence of the invasive species is mostly confined to Wayanad and is
a great concern for ecologists, biological conservationists, forest departments and
natural resources managers. The spread of this exotic plant in Wayanad has increased
to about 23% in the sanctuary area more than 10% from 2015 (Anoop et al., 2021).
Therefore, it becomes essential to model and identify the expansion of plant invasion

in future under projected climate change in Wayanad which is undertaken in this study.

Species distribution modelling is particularly a valuable tool in addressing these
issues and predicting the potential distribution of invasive species across space and
time (Srivastava et al., 2020). Maximum Entropy (MaxEnt) species distribution
modelling was employed in the study of the distributional changes of the S. spectabilis
with the presence of data points to the prevailing climatic and non-climatic conditions.

The study used the primary and secondary data on occurrence points of the S.
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spectabilis and climate data from 1950-2000 for current conditions and the years2050
and 2070; non-climate data were downloaded from various other reliable sources. For
the future prediction distribution in 2050 and 2070, the coupled model HadGEM2-ES
of 30-second resolution under four different Representative Concentration Pathways
(RCPs); RCP 2.6, RCP 4.5, RCP 6, RCP 8.5 was used. The findings were examined

and analysed in detail in this chapter.
5.1. Variable optimization in the model

The studies showed that the distribution and number of invasive species were
subsequently favoured by the rising temperature, altered precipitation and other human
disturbances (Easterling et al., 2000; Hellmann et al., 2008; Walther et al., 2009).
According to Tripathi er al. (2019), when the mean temperature increased, it was
convenient for the invasive species as the increase in mean temperature escalated the
growing season length and thus creating many vacant spaces where invasive species
successfully adjust. A shift in the flowering of invasive species with respect to inter-
annual variation in the temperature of North American systems were noticed in the
studies of Wolkovich ef al. (2013). A study by Eskelinen and Harrison (2014)
suggested that increased rainfall could create constraints in soil nutrients and
competition for the invasive species. Therefore, bioclimatic variables which were
derived from monthly temperatures and rainfall were used in the model. The other non-
climatic variables viz., Population density, Distance from water bodies, Distance from
the road, soil type were chosen in regard to its influence on the invasive species. In the
studies of Adhikari et al. (2015), he identified invasion hotspots with the diverse
signature of the anthropogenic disturbance. Kosaka et al. (2010) proposed that the
recent construction of roads nearby could assist in the establishment of the invasive
species. Moreover, S. spectabilis invades; forest margins, savanna, riverbanks,
roadsides, waste ground and plantations (Irwin and Barneby, 1982). The influence of
edaphic variables on S. spectabilis was important as it preferred a well-drained, deep,

moist, sandy or loamy soil but flourishes even in poor, black cotton soil and
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additionally, its established plants were drought tolerant (Tropical Plants Database,
2021). Besides, Velazco et al. (2017) recommended that the addition of edaphic
features to the model significantly affected the model performance and model accuracy
compared with the model construction with only climatic variables. Therefore, variable
selection was a big deal in model building. However, the high correlation of bioclimatic
variables among each other were well known (Brown, 2014). The contribution of each
input variable to the species S. spectabilis was difficult to interpret when autocorrelated
variables were not removed. The highly correlated variables can lead to overprediction
(quality of prediction), masking effect (limits inference of influence of correlated
variables), which can cause a poor-quality model output (Rogerson, 2001; Dormann et
al. 2013; Weldemariam and Dejene, 2021). Therefore, in this study correlation among
variables were tested by using Pearson correlation matrix |r|. The result is shown in the

Table. 2.

The threshold value of Pearson correlation coefficient |r| was chosen to be 0.7
(Weldemariam and Dejene, 2021). The correlation will be at its minimum when the
lesser number of independent variables explains the model. Considering that most of
the bioclimatic variables had a high chance of correlation with each other, the model
with a Pearson correlation coefficient less than |0.7| certainly will have lesser variables
and the model used variables of high permutation importance having |r| > 0.7. In
addition, the variables among correlated variables were chosen after an investigation
of the influence of these variables on the species. The greater influencing variables
among the other correlated variables were kept and others excluded which was a major
decision in the variable and the model optimization. The remaining non - correlated
variables were selected viz., Slope, Aspect, Landcover, Soil type, distance from water
bodies, distance from the road, NDVI and population density. Additionally, the most
important bioclimatic variables were chosen from the two correlated variables based
on its influence on the species. Besides collinearity, the variability criteria of the

bioclimatic variables under different RCP scenarios were also analysed based on the
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mean values in the study area shown in Table. 3. All the selected variables showed a
significant variability which enhanced the credibility to the variable optimization in the
model building process. Furthermore, these variables were then compared with other
similar studies as well. Considering, S. spectabilis grows in dryland forests, most
commonly in open formations as well as moist and dry seasonal forests, disturbed or
secondary woodlands and savannah. Although, S. spectabilis was a tropical/subtropical
tree and highly adaptive, the temperature and precipitation ranges are well defined
(Tropical Plants Database, 2021), annual mean temperature (BIO1), precipitation of
driest quarter (BIO17), precipitation of warmest quarter (BIO18) was selected
(Weldemariam and Dejene, 2021). Along with the isothermality (BIO3), temperature
seasonality (BIO4), precipitation seasonality (BIO15) was also selected. The current

and future prediction models were built upon these variables.
5.2. Variable contribution to the model distribution of the Senna spectabilis

It was important to assess the contributions of environmental variables given
by MaxEnt output as it was the keystone in the construction of the distribution model
of S. spectabilis. The coefficient of a single feature was changed and the gain of the
model was increased in each step of the MaxEnt algorithm. Further, for obtaining the
percentage contribution, these increased gains of each variable were converted into
percentage at the end of the training process. From the analysis (Table. 5), temperature
related bioclimatic variables BIO3 and BIO1 (Isothermality and annual mean
temperature) have highly contributed to the distribution with a cumulative contribution
of 45.2%. This indicated that the temperature was an inevitable factor in determining
the distribution of this invasive species. Similarly, Weldemariam and Dejene (2021)
confirmed that temperature variables were the most important variables for the
establishment of the Senna spp. Averett et al. (2016) established that the temperature
variables are the most influencing predictor variables that limit the distribution of non-
native species richness. Whereas, the precipitation variables; precipitation of the

warmest quarter (BIO18), precipitation seasonality (BIO15), precipitation of driest
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quarter (BIO17) have a cumulative contribution of 10%. In comparison with the other
temperature variables, temperature seasonality (BIO4) lower percent contribution
(3.3%). Elevation was the second most influencing variable with a contribution of
20.8%. Other than these variables, slope, landcover and distance from the road had a
significant role in the distribution of S. spectabilis as they contribute 6.4, 6 and 4.3
percent respectively. NDVI, aspect, soil type, population density had less than one
percent contribution whereas distance from water bodies has contribution of 2.1% to
the distribution model. Nevertheless, these percentage contributions defined were
based on a probabilistic algorithm. Following different algorithms, they would differ
when the path changes (path-dependent) in accordance with different algorithms even
though the same solution was achieved. Besides, correlations among variables could
also affect the percent contribution of variables to the model. The permutation
importance of the variable in the model was path independent and depends only on the
final MaxEnt model. However, it would be more advisable to measure the contribution
of each variable. Among bioclimatic variable, precipitation of warmest quarter (BIO18)
showed higher importance whereas, temperature seasonality (BIO4) and isothermality
(BIO3) had very less permutation importance. The Jack-knife test (Figure. 10, 11 ) of
variable importance depicted the importance of environment variable (a) when used in
isolation (consisting of the most useful information) with the highest test gain and (b)
the environment variable which has the least test gain when it is omitted (consists of
the most information that is not present in the other variables). The most contributed
variable can be easily identified individually with the help of Jack-knife testing.
Isothermality (BIO3) provided a very good fit (>1) to the test data and had the most
useful information. The environment variable that decreased the gain the most when it
is omitted is the distance from road. The non-climatic variables had a very less test gain
which concluded that these variables were of less significance to the model and
consisted any substantial amount of useful information that was not already obtained
from other variables. Additionally, the variable influence on the distribution model was

established by the jackknife of AUC. The jackknife of AUC with only
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isothermality was 0.93. The response curve of each variable (Figure.12) showed the
response curve of each variable when other variables were at their average values. The
variables which showed a positive response in favour of the distribution of S.
spectabilis in Wayanad were BIO15 (Precipitation seasonality), BIO4 (Temperature
seasonality). The environmental variables which showed negative response curves
were the distance from water bodies, distance from the road, BIO3 (Isothermality),
BIO18 (Precipitation of warmest quarter), aspect. These variables lowered the chance
of potential distribution of S. spectabilis in Wayanad when the values of these variables
increased. Annual mean temperature (BIO1), precipitation of driest quarter (BIO17),
elevation, landcover, slope, NDVI, population density had a rise and fall. These
variables increased the distribution to a value and then declined suddenly in further

increase of the variable.

The response curve of S. spectabilis to annual mean temperature (BIO1) predicted that
the highest probability of the distribution of the S. spectabilis was seen when the annual
mean temperature (BIO1) was at its peak 22.5° C and then declines gradually (Figure
12.b.) which was a well-grounded result as the ideal annual mean temperature range of
S.spectabilis is 19-22° C (CABI, 2021). S. spectabilis distribution increased with
increasing temperature seasonality (BIO4) were at the range of 90-165% (Figure 12.c).
The higher the isothermality (BIO3), the lower the probability of the presence of S.
spectabilis. There was no presence of the invasive species when the isothermality was
65%. However, it revealed only a smaller level of temperature variability within an
average month relative to the year as the isothermality value was less than 100. When
the precipitation of warmest quarter (BIO18) was in between the range 130-200mm,
the probability presence of S. spectabilis was higher with 100% probability (Figure
12.f.), as the required annual precipitation of the species was 800-2000mm (CABI,
2021). The response curve of precipitation of the driest quarter was reliable as it
indicated that the presence probability was higher when the range was between 15-

23mm and the probability percent was around 90. The probability of S. spectabilis
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presence increased (>75%) when landcover was a deciduous forest or degraded/Scrub
Forest, indicating that the areas with these forests were under greater threat of invasion
(Figure 12.e.). The response curves of the climatic variables suggested that the invasive
species has a higher probable occurrence in a dryland climatic condition although it
had different distribution ranges and adaptive capacity (Tropical Plants Database,

2021).
5.3 Accuracy assessment of distribution modelling of Senna spectabilis

The model output demonstrated that the distribution model of both current and
future habitat suitability of S. spectabilis had a good performance. For model
evaluation, the area under the curve (AUC) and true skill statistics (TSS) were used.
Model accuracy could be best described by both omission curves and AUC curves
(Philips et al., 2006; Elith et al., 2011). The correctly predicted presence records were
defined as sensitivity whereas specificity could be defined as the correctly predicted
absence. For example, If the correctly predicted presence recorded the number of cells
= a, the number of cells for which species not found but there was a predicted presence
= b, ¢ = number of cells for which model predicted species was absent, d = number of

cells where model correctly predicted absence. Therefore,

Sensitivity = a/(a+c) = True Positive / (True Positive + False Negative)
Specificity = d/(b+d) = True negative / (True negative + False positive)
From which, 1 — specificity defined incorrectly predicted absences.

By plotting the sensitivity (1- omission rate) against the fractional predicted area (1-
sensitivity) across different thresholds, the receiver operating curve/ area under the
curve was obtained. The predicted omission should be close to the predicted omission
in the graph. Even though the AUC value was independent of the prevalence, this
accuracy measurement index was widely questioned as it avoided a real prediction by

equally weighing the commission and omission errors (Lobo et al., 2008).
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Additionally, the models could not be described as highly informative even though a
high AUC value was obtained (Phillips et al., 2006). Therefore, relying on the AUC
score alone for model evaluation could be unreliable (Austin 2007; Lobo et al., 2008).
Therefore, both AUC (threshold independent) and TSS (threshold dependent) indices
were applied to evaluate the model performance (Adhikari et al., 2019). Unlike AUC,
TSS values were not affected by the size of the study region and the prevalence of the

occurrence records (Allouche et al., 2006).

The model performance of the current potential distribution of S. spectabilis
was found to be good with a test AUC value above 0.94 + 0.02 and TSS value 0.83,
indicating that the model performed well in predicting the species distribution of S.
spectabilis. This finding fitted with both the primary and secondary occurrence records
(Sankaran et al., 2013 and Sajeev et al., 2012) indicating that the results were reliable.
The future projection models also obtained high AUC indices and TSS values in each
RCPs in both the periods 2050 and 2070 (Table.10) thereby concluding that model
performance was in the acceptable range as recommended by Allouche et al. (2000).
This could be considered good and indicated that the MaxEnT model's predictions and
observations were in good agreement. Yet again, the model predictive capacity was
better explained by mean omission and predicted omission for the selected species
averaged over the 10 replicate runs. The omission rate was close to the predicted
omission, thus signified the climate prediction result. Additionally, the little differences
in the test and training AUC values indicated a very low overfit in the prediction results
as suggested Pramanik et al. (2018) (Table.10). The standard deviation of AUC also
suggested that the overall performance of the model was excellent and very close to the

approximation of the true probability distribution (Deb et al., 2017).
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5.4. Change in the Spatial Distribution under Climate Change

The report of Sajeev et al. (2012) indicated the insurgence of invasive species
in Kerala by identifying 38 high impacting invasive species in the forests of Kerala
through a risk assessment protocol. Along with the anthropogenic pressure which
promotes bioinvasion (Pauchard et al., 2016), climate change amplifies the wide
distribution of the invasive species (Adhikari et al. 2015; Panda et al. 2018). In this
context, climate change in Kerala has promoted the spread of many invasive species
(Rekha et al. 2015). Kerala's climate has shifted from B4 to B2, going from wetness to
dryness within the humid type of climate, as a result of changes in heat and moisture
regimes throughout the year (Rao et al., 2009). A new suitable habitat emerges that
will be suitable for invasive alien species when the climate changes (Hellmann et al.,
2008). The potential impact of current and future climate on the distribution of S.
spectabilis in Wayanad was modelled for the first time by the MaxEnt model. The
current habitat suitability distribution of S. spectabilis in Wayanad is shown in
Figure.16 based on fifteen variables including bioclimatic and non — climatic variable
in the selected model (Table.4). Under the current climatic scenarios, high and very
high habitat suitability for the invasion was observed in regions of Tholpetty, Wayanad
wildlife sanctuary, Appapara, Panavally, Irumbupalam, Kattikulam, Kuruva island,
Kyasapura, Payyampally, Palvelicham, Thrishilery, Oorpally, Mananthavady,
Nalloornad, Naalammile, Koolivayal, Neervaram, Pakkom, Padichira, Mullenkolly,
Pulpally, Kelakkavala,Chethalayam, Kidanganad, Ottapalam, Kerala — Karnataka
border, Muthanga, Muthanga Forest Range, Mathamangalam, Sulthan Bathery,
Noolpuzha, Cheeral, Pazhoor, Nenmini, Chulliyode, Karachal, Muttil, Meenangadi,
Purakkadi, Vakery, Kenichira, Poothadi, Bathery, Paralikunnu, Kalpetta, Chundale,
Pozhithane, Vythiri, Kunnampetta, Puthurvayal, Pinangode, Vellamunda, Mattilayam,
Korome, Tindumal . Considering the total study area, the very high habitat suitability
accounted for 34% of the potential area, followed by 24% high suitability potential

area. On the contrary, Tariyod, Koroth, Mukki and other western most parts of
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Wayanad bordering Western Ghats were modelled as the low suitability habitat for S.
spectabilis invasion under climatic conditions and accounted about 14% potential area
compared to the study area (2364 km?). Additionally, the current distribution model
result concurs with that of the report made by Sajeev ef al. (2012) and Satynarayana
and Gnanasekaran (2013), Singh, (2001), who put Senna spp. as among the most
occurring alien invasive species in many habitats of Peninsular India as well as
categorised under the medium risk category. Besides, our current invasion distribution
model result was in parallel with studies conducted in Wayanad (Anoop et al., 2021)
by reason of that the model predicted that 66% of the total area of the Wayanad district
(1572 km?) is currently suitable for S. spectabilis. According to Anoop et al. (2021),
23% of the Wayanad wildlife sanctuary area is covered with this invasive species in 40
years since the 1980s. Moreover, the model performance indicated that the model
performed well in predicting the current habitat potential species of S. spectabilis with
a good test AUC value above 0.94 + 0.02 and TSS value 0.83. The very high habitat
suitability area in the Wayanad wildlife sanctuary in the current scenario accounted for
83% potential area compared to the area of Wayanad wildlife sanctuary (344.44 km?)
followed by a high habitat suitability area with 14% potential area in the wildlife
sanctuary that included Tholpetty range, Kurichiat range, Sulthan Bathery range,
Muthanga range. The very high habitat suitability area in Wayanad is contributed by
the most influencing environmental variables; mean annual temperature (BIO1) and
isothermality (BIO3) shown in Figure.4 and Figure.5. The species distribution was at
the highest (85%) when the mean annual temperature was at 22.5° C (Figure 12.b). The
mean annual temperature (BIO1) in the Wayanad district under the current scenario
was found to be 22.23° C which found to be highly suitable for distribution of S
spectabilis (CABI, 2021). Besides, isothermality (BIO3) was found to be 59.46 shown
in figure.6, which seemed to increase the species distribution about 98% (Figure 12.a)
although the response of isothermality to S. spectabilis distribution was a negative
relationship. The isothermality variable was the most influencing variable given in

Table.5, besides the test gain values were the highest for the isothermality variable
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which gave the most useful information by itself (Figure.11). Most abundant
distribution in the Wayanad district was seen in the deciduous forest shown in
Figure.17. which was found to be favourable for 86% of the potential suitability area
in the district. However, a low suitability habitat distribution was seen in the evergreen
forest, part of southern western ghats in the western Wayanad. This is because thatthe
S. spectabilis could not establish under full canopy forest (PIER, 2014). Majority of
modelled high habitat suitability of S. spectabilis in the current scenario was seen in
the elevation range between 500 — 750 m, which is the eastern and central parts of
Wayanad including Wayanad wildlife sanctuary. The response of elevation to the
invasive species S. spectabilis distribution increased with the increased elevation
reaching the peak of distribution at the elevation 750m and further, increased elevation
had a decreased response in species distribution reaching no change at 2400m shown
in Figure.12.g. However, the IAS had been seen in the coastal areas and Andes regions
of its native region, South America. S. spectabilis is highly competing and adaptive
tree species which could grow and establish in any condition. Additionally, elevation
is the second-most important contributing variable in percentage shown in Table.5.
Disturbances create corridors thereby, acting as outlets to fragmented or undisturbed
landscapes (Tripathi et al., 2019), also creating ‘vacant spaces/ecological
opportunities’ (Moles et al., 2008). This is proved by the study of McDougall et al.
(2018), as roads also facilitate the expansion of invasives which will significantly
increase with human mobility, tourism, trade etc. Although, distance from road and
distance from water bodies showed a negative response to S. spectabilis distribution in
the Wayanad district as predicted by the MaxEnt model in the study given in
Figure.12.m,n. The high habitat suitability potential of current climatic condition was
found in the low disturbance area additionally, distance from roads had the most
information that isn't present in the other variables shown in Figure.10. Furthermore,
the model predicts that the influence of distance from road would play an important
role in the distribution of S. spectabilis (Table.5). The cumulative contribution of the

contributing precipitation variables; precipitation of warmest quarter (BIO18),
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precipitation seasonality (BIO15), precipitation of driest quarter (BIO17) was found to
be 10%. The distribution of S. spectabilis showed an increase when the precipitation
seasonality (BIO15) increased and moreover, the precipitation seasonality seemed to
be higher value (Figure.8). Furthermore, precipitation of driest quarter (BIO17) found
to be in the range (30mm), where the distribution of S. spectabilis was at the highest
(Figure.12,e). Similarly, current scenario showed a highly suitable range of
precipitation of warmest quarter (BIO18) (Figure.10), where the distribution of S.
spectabilis seemed to be at the peak about 100%. Temperature seasonality (BIO4) in
the current scenario in the Wayanad district also contribute the high habitat suitability
as it was under the suitable range about 140.8 (Figure.70 for distribution of S.
spectabilis, additionally it showed a positive J-shaped response curve (Figure.12,c).
The abundance of the S. spectabilis was mainly because of its high adaptive capacity
in any conditions including its high coppicing ability, high allelopathic effect, high seed
viability and lack of natural enemies. Moreover, the study of Anoop ef al. (2021)
suggested that the native mammals specifically elephants transport S. spectabilis to a
considerable distance and thereby could play a role in the current and future distribution
of the species. Furthermore, a co-occurrence of the fruiting of the seeds of S. spectabilis
and the high density of elephants in the Nilgiri biosphere reserve were reported by the
studies (Anoop et al., 2021). Thus, the dispersal mechanisms also played a major role
in the distribution of S. spectabilis in the regions of Wayanad wildlife sanctuary apart
from the dispersal pathways. The profuse growth of the IAS in the Wayanad district
especially in the Wayanad wildlife sanctuary was due to the lack of quarantine of the
ornamentals as the species was accidentally introduced as ornamentals which caused
the great havoc. The invasiveness of the species is found to be in the wildlife sanctuary
rather than the human inhabited areas. The study also focussed on the objective of
finding the future distribution of S. spectabilis to understand whether the future climatic
conditions could promote the distribution and invasiveness. The decrease in the
temperature profiles; BIO1 and BIO3 favoured the distribution. However, the

temperature seasonality increase between the range 90 - 165° C favoured the
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distribution. Looking into the precipitation variables; BIO17, BIOI15 increased
precipitation in the specified range favoured the current distribution. BIO18 however
unfavoured as it increased. Accordingly, the results of the model provided by this study

have an important implication in the management measures.

The study modelled using the optimized variables under four different
Representative Concentration Pathways (RCP) such as RCP2.6, RCP4.5, RCP6 and
RCP8.5 predicted the future distribution of the Indian Peafowl in Kerala for the years
2050s (average for 2041 —2060) and 2070s (average for 2061 —2080). The distribution
change of the S. spectabilis showed that in all the greenhouse gas pathways compared
to the current scenario, majority of parts of the Wayanad district and mostly Wayanad
wildlife sanctuary had no change in distribution. In the time period of 2050s, RCP 4.5
scenario showed nearly half of the suitability area had no change compared to current
scenario, followed by 40% of no change distribution potential in parts of Wayanad in
RCP 2.6 scenario. RCP 6 and RCP 8.5 scenario also had considerable no change
distribution potential with 39% and 32% respectively (Figure.31). Focussing the
protected areas, it gave a shocking result as the entire Wayanad wildlife sanctuary had
99% no change distribution potential compared to current in RCP 2.6, RCP 4.5, RCP
6 scenarios and 96% in RCP 8.5 scenario. It could be regarded as an alarming call for
action as in the earlier studies (Anoop et al., 2021), reported that 23% of the Wayanad
wildlife sanctuary is found to be distributed with S. spectabilis and moreover, this study
showed that very high suitability for the invasive species accounted for 86% of the
sanctuary. This could hamper the biodiversity and lead to species extinction of both the
flora and fauna as it would create imbalance in the ecosystem. Although in Wayanad
district, the very high habitat suitability area in all the RCP scenarios decreased
compared to current scenario, the high, moderate and good suitability area showed an
increase compared to current scenario (Figure.31), however the moderate suitability
area decreased in the wildlife sanctuary. Wildlife sanctuary showed chiefly high and

very high habitat suitability area and compared to the current scenario, the high
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suitability would increase whereas, very high suitability would decrease in all the RCPs
(Figure.33). This could be chiefly attributed by the decrease in the isothermality
variable (BIO3) which outperformed by far the rest of the contributed variables
(Figure.19,20). There was 100% distribution response to S. spectabilis in the area when
isothermality is the lowest (Figure.12.a). The increase in the temperature seasonality,
precipitation seasonality, precipitation of driest month also favoured the distribution of
S. spectabilis although the increase in precipitation of warmest quarter and annual mean
temperature not favoured (Table.9). The distribution change in no occupancy would be
comparatively greater than range contraction in the RCP scenarios except RCP8.5
scenario. The no occupancy distribution regions would be mainly the western parts of
Wayanad with the evergreen forests and agricultural regions in the western ghats which
were classified under the low habitat suitability area for the S. spectabilis. The model
predicted highest range contraction in the RCP 8.5 scenario with 34% potential area
compared to the current scenario in the 2050s. Similarly, the RCP 8.5 scenario to be
highest in the wildlife sanctuary. The rise in the annual mean temperature (BIO1) and
increased annual precipitation (BIO12) (Table.3) increased range contraction in RCP
scenarios as the idea temperature for S. spectabilis is 19 - 22° C and the precipitation
range between 800 — 2000mm (CABI, 2021). The report by Kerala State Action Plan
on Climate Change, (2014) predicted a negative change in variation of rainfall in
Wayanad district in 2050s. The range expansion in the Wayanad district and as well as
in wildlife sanctuary was predicted to be very less compared to range contraction.
However, range expansion in wildlife sanctuary would be greater than no occupancy
distribution change under RCP scenarios in 2050s. The highest range expansion would
be found in RCP 4.5 scenario in both the sanctuary and Wayanad district and the lowest
in RCP 8.5 scenario. The greater range expansion in RCP 4.5 scenario among other
RCPs could be attributed to the favourable range of isothermality, precipitation
seasonality, precipitation of driest quarter and temperature seasonality for the
distribution of S. spectabilis. Therefore, for the time period 2050s, RCP 4.5 scenario
has the highest habitat suitability for S. spectabilis in both the wildlife sanctuary and
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Wayanad district whereas, RCP 8.5 scenario would be unfavourable for habitat
suitability leading to greater range contraction in both the wildlife sanctuary and

Wayanad district in the time period 2050s.

Unlike 2050s, the model projection of S. spectabilis in all the four RCP
scenarios in the time period 2070s showed that the range contraction would be greater
than the no change, no occupancy, range expansion distribution change areas in the
Wayanad district whereas, in the Wayanad wildlife sanctuary, the no change
distributional change would be greater than range contraction followed by no
occupancy and range expansion. Range contraction was found to be higher in RCP 4.5
scenario about 45% in the 2070s and the higher range expansion with RCP 2.6 scenario
among the RCP scenarios in the Wayanad district (Table.16). Similarly, the range
contraction in the wildlife sanctuary found highest in the RCP 4.5 scenario and with
the highest range expansion in RCP 2.6, RCP 6 and RCP 8.5 scenario. Moreover, RCP
4.5 also showed highest no occupancy distributional change in area in the sanctuary.
Furthermore, 96% of potential area of wildlife sanctuary would be no change
distribution area in RCP 6, RCP 8.5 and RCP 2.6 while, there would be decrease in
RCP 4.5 scenario. The very high suitability was found to be higher in RCP 2.6 among
other scenarios. The sole reason for less distribution of S. spectabilis in RCP 4.5
scenario could be the higher isothermality (BIO3) among other RCP scenarios
(Figure.5.b). The isothermality response to S. spectabilis distribution showed a
negative relationship (Figure.12.a). Furthermore, the temperature seasonality (BIO4)
was very low in RCP 4.5 (Figure.6.b.) compared to other RCPs. The suitable range of
the temperature seasonality for the distribution of S. spectabilis is given in Figure.12.c.
Moreover, the increased precipitation of driest quarter (Figure.8.b.) and precipitation
of warmest quarter (Figure.9.b.) beyond the suitable range given in Figure.12,
contributed to lower suitability compared to other RCPs in 2070s. The most favourable

habitat in RCP 2.6 scenario could be attributed to low precipitation of driest quarter
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which lies in the suitable range between 15 — 23 mm, higher temperature seasonality

among the RCPs and also the isothermality values of RCP 2.6 in the suitable range.

Eventhough, the future projected model showed variability among RCPs and
among the time periods of 2050s and 2070s, it predicted a decrease in habitat suitability
compared to current scenario. However, there found to be no significant change in the
Wayanad wildlife sanctuary which is an alarming call for action. The predicted results
of climatic suitability in the future scenario in Wayanad have broader similarities with
the results of Adhikari et al. (2015) who found high climatic suitability in Wayanad
despite the study carried out was on combined model projection from all five
continents. According to Shreshta et al.(2012), the impact of climate change is likely
to be more drastic at high- elevation regions, possibly due to greater change of
temperature in those areas compared to lowlands as well as midlands. Furthermore,
there are studies accounting for the species invading higher altitude areas currently than
in the past (Shrestha et al., 2015; Tiwari et al., 2005). However, the high and very high
habitat suitability areas in Wayanad tend to decrease in future scenarios compared to
current scenario. Additionally, it was visualized that very high suitable areas under
current climate conditions are prone to lose their suitability into good, moderate and
low suitability ranges under the future climatic condition (Figure.31, 32) which wasin
line with the study of Weldemariam and Dejene (2021) predicting the invasion hotspots
of Senna didymobotrya in Africa. Biological invasion of S. spectabilis will enhance
pressure and add risks to vulnerable ecosystems in future in eastern parts of Wayanad
especially Wayanad wildlife sanctuary as it is already vulnerable to climate change and
experiencing its repercussion. Furthermore, the high coppicing ability, allelopathic
nature and the viability of the seeds of S. spectabilis that turns into a great advantage

for establishment in the invaded region and aids in ecosystem destruction.
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Although climate change created some novel climatically suitable habitat for S.
spectabilis, the model predicted large contraction, no occupancy and no change areas
in Wayanad which had an upper hand compared to range expansion in future scenarios
in both the time periods. Furthermore, the very high habitat suitability decreased
compared to current scenario. Additionally, there was no significant shift in the future
range. Therefore, the undertaken study articulated that there was no large range of new
invading areas in Wayanad. The hypothesis put forward in the study, as the climate
change would likely increase its occurrence probabilities was thus proven wrong. There
was no profuse expansion due to increase in temperature and rainfall instead there was
large range contraction and no change areas. The protected areas (Tholpetty range,
Muthanga range, Sulthan Bathery range and Kurichiat range) were in stake of danger
due to invasion risk in both current and future scenarios although there would be less

expansion.
5.5. Uncertainty of the Results of the model

There were uncertainties in the model output, as in any other model due to the
complexity of the real world. Prediction errors were possible due to differences in the
correlation structure of future climatic conditions and current conditions (Shreshta and
Shreshta, 2019) and besides, model outputs were developed from the extrapolation of
current distribution in time and space to forecast potential suitable habitat niches under
future climate, however, did not address non-analogous climatic space issue
(Fitzpatrick and Hargrove, 2007). Range expansion of species range involves multiple
ecological processes such as dispersal, physiology, biotic interactions (e.g., facilitation
and competition) and evolution as described in Urban et al. (2016) and Martin et al.
(2013). Inclusion of projected landuse and landcover change variable and the edaphic
variables to the model could provide a more accurate prediction and lessen the
uncertainties. Despite the uncertainties, considering the conservation and ecological
management aspect in a changing climate, some amount of model extrapolation was

essential for practice (Mahony et al, 2006). To lower the level of uncertainty, the
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present study employed the HadGEM2-ES GCM, which includes a terrestrial dynamic
vegetation scheme that depicts changes in vegetation distribution also as the study was
focused on an invasive species (Collins et al., 2011). Moreover, MaxEnt models were
effective for indicating the climate suitability of species across a broad geographic

range, but they had limits that can be uncertain (Elith et al., 2006).
5.6. Implications with the distribution model study

The results of this study can act as a precautionary note in a situation where
there is a lack of information base in invasive species distribution and ecology. With
this result, management measures can be focused on the areas of predicted habitat
suitability. To tackle the aggressive growth of the invasive species S. spectabilis there
should be a short term and long-term management action plan implementation. The
distribution modelling can aid in the risk assessment measures and thus the eradication
procedures. Besides the distribution modelling, to prevent the profuse growth and
colonization of the invasive species, species traits, dispersal pathways and the
mechanism of the natural filters should be better understood. The result emphasized on
the very high suitability of the S. spectabilis in the current scenario in Wayanad and the
wildlife sanctuary. Currently, 86% of potential area of wildlife sanctuary is found to be
under the very high habitat suitability category. The astonishing result is that
eventhough there is no considerable range expansion, there would be about greater than
90% potential area of wildlife sanctuary under the habitat suitability remained as such
in future scenario as that of current scenario. Looking into Wayanad district there is a
considerable range contraction, and in western Wayanad, part of western ghats with no
occupancy or low suitability areas for S. spectabilis which is a relief. But the
distribution of S. spectabilis could lead to extinction risk of many flora and fauna if not
taken right measures at the right time. The legislatives, scientists, laymen should
involve in the process of eradicating the species since it is an invasive species with high
potential and competitiveness, which could survive in any conditions. Providing

Awareness to the public is also a crucial step.
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CHAPTER 6
SUMMARY

Climate change caused by humans had a tremendous impact on physical and
biological systems all around the world. All the levels of biodiversity from species to
ecoregions had been anticipated by the multiple components of climate change.
Climate change and bioinvasion were the two main drivers of species extinction and
hampering natural evolutionary processes worldwide. A single loss of species will lead
to cascading effects since each organism were connected by food webs and other
biological interactions. The extent and intensity (invasion hotspots) of the suitability
potential regions for IAPs would increase as a result of climate change. The present
study was a supporting element for the above statement. The distribution of the invasive
tree species S. spectabilis was studied to the changing climate. The widely used species
distribution model Maximum entropy-based model (MaxEnt) was used. It gave robust
output and high performance for a small set of presence data. Using these, SDMs it was
possible to delineate the invasion hotspot areas and thus helped in devising better
management plans. Using the primary and secondary occurrence data collected, the
present distribution was worked out. The subsampling method was chosen as a
replication type because of less collinearity among variables and the exclusion of noisy
variables. Linear-Quadratic-Hinge-Product model features with regularization
multiplier four was chosen. The testing percent was 75 and the remaining iterations of
25 percent were used for training. Future projection of the distribution of the invasive
species made by converging it to the maximum entropy probability distribution when
utilizing the current distribution analysis. The same current environmental layers, as
well as future predictor layers for different RCPs such as RCP 4.5, RCP 6.0, and RCP
8.5 and the HadGEM2-ES were used to carry out the modelling process for future
prediction of S. spectabilis. The nature of the relationship between the environmental
variables and the selected invasive species were analyzed from the model output. The

variable which showed the highest percentage contribution in the construction of the

123



model for the distribution of S. spectabilis was Isothermality (BIO3) followed by
elevation and annual mean temperature (BIO1), additionally, the precipitation
variables; precipitation of warmest quarter (BIO18), precipitation seasonality (BIO15),
precipitation of driest quarter (BIO17) also showed significant contribution. The
variation in the influence of the isothermality variable was observed with an increased
contribution in RCP 2.6 scenario in 2050s and RCP 6 scenario in 2070s. Non-climatic
variables have less significance in the distribution model of S. spectabilis.
Nevertheless, the permutation importance of precipitation of warmest quarter (BIO18)
was the highest and isothermality (BIO3) with the least. The variables that had a
positive response to the distribution of S. spectabilis were BIO4 (temperature
seasonality), BIO15 (precipitation seasonality). A higher presence probability was
observed when the annual mean temperature was at 22.5° C. The results of the study
revealed that the protected areas in Wayanad is at a high stake of danger in every RCP
scenario. Both the periods (the 2050s, 2070s) showed an increase in range contraction
with RCP 8.5 scenario in 2050s and RCP 4.5 scenario in 2070s. The no occupancy
region and no change distribution areas remained unchanged which will hamper the
native flora and fauna community of the area. The majority of the range expansion is
expected to be in the inhabitant areas where the population density was around 500
persons per km?. The high and very high suitability area for S. spectabilis showed a
decreasing trend with the RCPs in both periods whereas, a good habitat suitability
showed an increasing trend. Therefore, observed habitat suitability of S. spectabilis
from the study calls for urgent action in the management of areas where biodiversity is

at a higher risk of danger.

124



REFERENCES

Abdelaala, M., Foisa, M., Fenua, G., and Bacchettaa, G. 2019. Using MaxEnt modeling
to predict the potential distribution of the endemic plant Rosa arabica Crép. in
Egypt. Ecol. Inform. 50: 68-75. https://doi.org/10.1016/j.ecoinf.2019.01.003

Adhikari, D., Tiwary, R., and Barik, S. K. 2015. Modelling hotspots for invasive alien
plants in India. PLoS ONE.10(7).
https://doi.org/10.1371/journal.pone.0134665

Adhikari, P., Jeon, J., Kim, H-W., Shin, M., Adhikari, P., and Seo, C. 2019. Potential

impact of climate change on plant invasion in the Republic of Korea. J. Ecol.
Environ. 43: 36. https://doi.org/10.1186/s41610-019-0134-3.
Aiello-Lammens, M. E., Boria, R. A., Radosavljevic, A., Vilela, B., and Anderson, R.

P. 2015. spThin: An R package for spatial thinning of species occurrence
records for use in ecological niche models. Ecography. 38:541-545.
https://doi.org/10.1111/ecog.01132

Algar, A. C., Kerr, J. T., and Currie, D. J. 2009. Evolutionary constraints on regional

faunas: whom, but not how many. FEcol Lett. 12(1):57-65.
https://doi.org/10.1111/5.1461-0248.2008.01260.x

Allen, M. R, Barros, V. R., Broome, J., Cramer, W., Christ, R., Church, J. A., Clarke,
L., Dahe, Q., Dasgupta, P., Dubash, N. K., and Edenhofer, O. 2014. IPCC Fifth

Assessment Synthesis Report-Climate Change 2014 Synthesis Report.
Allouche O. T., and Kadmon, A. R. 2006. Assessing the accuracy of species

distribution models: prevalence, kappa and the true skill statistic (TSS). J. Appl.

Ecol. 43:1223—-1232. https://doi.org/10.1111/J.1365-2664.2006.01214.X
Anderson, R. P., Gémez-Laverde, M., and Peterson, A. T. 2002. Geographical

distributions of spiny pocket mice in South America: insights from predictive
models. Glob. Ecol. Biogeogr. 11(2):131-141.
http://dx.doi.org/10.1046/].1466-822X.2002.00275.x

125


https://doi.org/10.1016/j.ecoinf.2019.01.003
https://doi.org/10.1371/journal.pone.0134665
https://doi.org/10.1186/s41610-019-0134-3
https://doi.org/10.1111/ecog.01132
https://doi.org/10.1111/j.1461-0248.2008.01260.x
https://doi.org/10.1111/J.1365-2664.2006.01214.X
http://dx.doi.org/10.1046/j.1466-822X.2002.00275.x

Anderson, R. P., Lew, D., and Peterson, A. T. 2003. Evaluating predictive models of
species’ distributions: criteria for selecting optimal models. Ecol. Modell.162:
211-32. https://doi.org/10.1016/S0304-3800%2802%2900349-6

Anoop, N. R., Sen, S., Vinayan, P. A., and Ganesh, T. A. 2020. Native mammals

disperse the highly invasive Senna spectabilis in the Western Ghats, India.
Biotropica. 00:1-5. DOI: 10.1111/btp.12996

Araujo, M. B., and Williams, P. H. 2000. Selecting areas for species persistence using
occurrence data. Biol. Conserv. 96: 331 — 345.
http://dx.doi.org/10.1016/S0006-3207(00)00074-4

Araujo, M. B., Pearson, R. G., Thuiller, W., and Erhard, M., 2005. Validation of

species-climate impact models under climate change. Glob. Chang. Biol. 11:

1504 — 1513. https://doi.org/10.1111/5.1365-2486.2005.01000.x

Austin, M. 2007. Species distribution models and ecological theory: a critical
assessment and some possible new approaches. Ecol. Modell. 200 (1 —2): 1—

19. http://dx.doi.org/10.1016/j.ecolmodel.2006.07.005

Austin, M. P., and Cunningham, R. B. 1981. Observational analysis of environmental
gradients. In Proc. Ecol. Soc. Aust. 11: 109-119.

Austin, M. P., Meyers, J. A., Belbin, L., and Doherty, M. D. 1995. Modelling of
Landscape Patterns and Processes Using Biological Data: Sub Project 5:
Simulated Data Case Study. Australian Nature Conservation Agency.

Averett, J. P., McCune, B., Parks, C. G., Naylor, B. J., DelCurto, T., and Mata-
Gonzdlez, R. 2016. Non-native plant invasion along elevation and canopy
closure gradients in a middle rocky mountain ecosystem. PLoS One
11(1):e0147826. https://doi.org/10.1371/journal.pone.0147826

Baasch, D. M., Tyre, A. J., Millspaugh, J. J., Hygnstrom, S. E., and Vercauteren, K. C.

2010. An evaluation of three statistical methods used to model resource
selection. Ecol. Modell. 221(4): 565-574.
https://doi.org/10.1016/j.ecolmodel.2009.10.033

126


https://doi.org/10.1016/S0304-3800%2802%2900349-6
http://dx.doi.org/10.1016/S0006-3207(00)00074-4
https://doi.org/10.1111/j.1365-2486.2005.01000.x
http://dx.doi.org/10.1016/j.ecolmodel.2006.07.005
https://doi.org/10.1371/journal.pone.0147826
https://doi.org/10.1016/j.ecolmodel.2009.10.033

Bahuguna, U. 2015. Predicting hotspots of Forest invasive species (FIS) in India using
species distribution modelling. M.Tech. (Remote sensing and GIS). Indian
Institute of Remote sensing, ISRO, Dehradun.

Bakkenes, M., Alkemade, J. R. M., Ihle, F., Leemans, R., and Latour, J. B. 2002.
Assessing effects of forecasted climate change on the diversity and distribution
of European higher plants for 2050. Glob. Chang. Biol. 8(4):390-407.
https://doi.org/10.1046/j.1354-1013.2001.00467.x

Banerjee, A. K., Mukherjee, A., Guo, W., Liu, Y., and Huang, Y. 2019. Spatio-

Temporal Patterns of Climatic Niche Dynamics of an Invasive Plant Mikania
micrantha Kunth and Its Potential Distribution Under Projected Climate
Change. Front. Ecol. Evol. 7:291. doi: 10.3389/fevo.2019.00291

Barbosa, F.G., Schneck, F., and Melo, A. S. 2012. Use of ecological niche models to
predict the distribution of invasive species: a scientometric analysis. Braz.
J. Biol. 72(4), 821 — 829. http://dx.doi.org/10.1590/S1519-
69842012000500007

Bartz, R., and Kowarik, I. 2019. Assessing the environmental impacts of invasive alien
plants: a review of assessment approaches. NeoBiota. 43, 69-99.

Barve, N., Barve, V., Jiménez-Valverde, A., Lira-Noriega, A., Maher, S. P., Peterson,
A. T., Soberén, J., and Villalobos, F. 2011. The crucial role of the accessible
area in ecological niche modeling and species distribution modeling. Ecol.
Model. 222(11), pp-1810-1819..
https://doi.org/10.1016/j.ecolmodel.2011.02.011

Bates, A. E., Pecl, G. T., Frusher, S., Hobday, A.J., Wernberg, T., Smale, D. A.,
Sunday, J. M., Hill, N. A., Dulvy, N. K., Colwell, R. K., and Holbrook, N. J.

2014. Defining and observing stages of climate-mediated range shifts in marine
systems. Glob. Environ. Change. 26: 27-38.
http://dx.doi.org/10.1016/j.gloenvcha.2014.03.009

127


https://doi.org/10.1046/j.1354-1013.2001.00467.x
http://dx.doi.org/10.1590/S1519-69842012000500007
http://dx.doi.org/10.1590/S1519-69842012000500007
https://doi.org/10.1016/j.ecolmodel.2011.02.011
http://dx.doi.org/10.1016/j.gloenvcha.2014.03.009

Bellard, C., Bertelsmeier, C., Leadley, P., Thuiller, W., and Courchamp, F. 2012.
Impacts of climate change on the future of biodiversity. Ecology Letters. 15(4):
365-377. https ://doi.org/10.1111/j.1461-0248.2011.01736.x

Bellard, C., Genovesi, P., and Jeschke, J. M. 2016. Global patterns in threats to
vertebrates by biological invasions. Proc. R. Soc. B: Biol. Sci. 283(1823).
https://doi.org/10.1098/rspb.2015.2454

Bellard, C., Thuiller, W., Leroy, B., Genovesi, P., Bakkenes, M., and Courchamp, F.
2013. Will climate change promote future invasions? Glob. Chang. Biol.
19(12): 3740-3748. https ://doi.org/10.1111/gcb.12344

Benton, T. G., Vickery, J. A., and Wilson, J. D. 2003. Farmland biodiversity: is habitat
heterogeneity the key? Trends Ecol. Evol. 18: 182 — 188. doi:10.1016/S0169-
5347(03)00011-9

Blackkurn, T. M., Bellard, C., and Ricciardi, A. 2019. Alien versus native species as
driver of recent extinction. Front. Ecol. Environ. 17: 203-207.
https://doi.org/10.1002/fee.2020

Bosso, L., Smeraldo, S., Rapuzzi, P., Sama, G., Garonna, A. P., and Russo, D. 2018.

Nature protection areas of Europe are insufficient to preserve the threatened
beetle Rosalia alpina (Coleoptera: Cerambycidae): evidence from species
distribution models and conservation gap analysis. Ecol. Entomol. 43 (2): 192—
203. https://doi.org/10.1111/een.12485.

Bowen, J. L., Kearns, P. J., Byrnes, J. E. K., Wigginton, S., Allen, W. J., Greenwood,
M., Tran, K., Yu, J., Cronin, J. T., and Meyerson, L. A. 2017. Lineage

overwhelms environmental conditions in determining rhizosphere bacterial
community structure in a cosmopolitan invasive plant. Nat. Commun. 8: 433.
https://doi.org/10.1038/s41467-017-00626-0

Boyce, M. S., Vernier, P. R, Nielsen, S. E., and Schmiegelow, F. K. 2002. Evaluating
resource  selection  functions. Ecol. Modell. 157(2): 281-300.
https://doi.org/10.1016/S0304-3800(02)00200-4

128


https://doi.org/10.1098/rspb.2015.2454
https://doi.org/10.1002/fee.2020
https://doi.org/10.1111/een.12485
https://doi.org/10.1038/s41467-017-00626-0
https://doi.org/10.1016/S0304-3800(02)00200-4

Bradford, J. B., and Hobbs, N. T. 2008. Regulating overabundant ungulate populations:
An example of elk in Rocky Mountain National Park, Colorado. J. Environ.

Manage. 86: 520-528. https://doi.org/10.1016/j.jenvman.2006.12.005

Bradley, B. A., Wilcove, D. S., and Oppenheimer, M., 2010. Climate change increases
risk of plant invasion in the Eastern United States. Biol. Invasions. 12: 1855—
1872. https://doi.org/10.1007/s10530-009-9597 -y

Brooks, M. L., D’antonio, C. M., Richardson, D. M., Grace, J. B., Keeley, J. E.,
Ditomaso, J. M., Hobbs, R. J., Pellant, M., and Pyke, D. 2004. Effects of

invasive alien plants on fire regimes. BioScience. 54: 677-688.
https://doi.org/10.1641/0006-3568(2004)054[0677:EOIAPO]2.0.CO;2
Brown, J. L. 2014. SDMtoolbox: a python- based GIS toolkit for landscape genetic,

biogeographic and species distribution model analyses. Methods Ecol. Evol.
5(7): 694-700. https://doi.org/10.1111/2041-210X.12200
Buckley, L. B., Urban, M. C., Angilletta, M. J., Crozier, L. G., Rissler. L. J., and Sears,

M.W. 2010. Can mechanism inform species’ distribution models? Ecol. Lett.
13: 1041-1054. doi: 10.1111/1.1461-0248.2010.01479.x

Buisson, L., Grenouillet, G., Villéger, S., Canal, J., and Laffaille, P. 2013. Toward a
loss of functional diversity in stream fish assemblages under climate change.

Glob. Chang. Biol. 19(2): 387-400. https://doi.org/10.1111/gcb.12056

CABI, 2021. Senna spectabilis. In: Invasive Species Compendium. Wallingford, UK:
CAB International. www.cabi.org/isc

Cane, M.A., Eshel, G., and Buckland, R.W. 1994. Forecasting Zimbabwean maize

yield using eastern equatorial Pacific Sea surface temperature. Nat. 370(6486):
204.

Capen, D. E., Fenwick, J. W., Inkley, D. B., and Boynton, A. C. 1986. On the
measurement of error 47 Multivariate models of songbird habitat in New
England forests. In: Wildlife 2000: Modelling Habitat Relationships of
Terrestrial Vertebrates, (eds.), Verner, J. A., Morrison, M. L. and Ralph, C. J.
University of Wisconsin Press, Madison, WI, USA, pp.171-75.

129


https://doi.org/10.1016/j.jenvman.2006.12.005
https://doi.org/10.1007/s10530-009-9597-y
https://doi.org/10.1111/2041-210X.12200
https://doi.org/10.1111/gcb.12056
http://www.cabi.org/isc

Carpenter, G., Gillison, A. N., and Winter, J. 1993. DOMAIN: a flexible modelling
procedure for mapping potential distributions of plants and animals. Biodiv.
Conserv. 2(6): 667-680. https://doi.org/10.1007/BF00051966

Cavanaugh, K. C., Kellner, J. R., Forde, A. J., Gruner, D. S., Parker, J. D., Rodriguez,

W., and Feller, 1. C. 2014. Poleward expansion of mangroves is a threshold
response to decreased frequency of extreme cold events. Proc. Natl. Acad. Sci.

111(2):723-727. https://doi.org/10.1073/pnas.1315800111

Cawsey, E. M., Austin, M. P., and Baker, B. L. 2002. Regional vegetation mapping in
Australia: a case study in the practical use of statistical modelling. Biodiv.
Conserv. 11(12): 2239-2274. http://dx.doi.org/10.1023/A:1021350813586

Chandrashekara, U. M. 2001. Lantana camara in Chinnar Wildlife Sanctuary, Kerala,
India. In: Sankaran KV, Murphy ST, Evans HC (eds) Alien weeds in moist

tropical zones: banes and benefits. KFRI/CABI Bioscience, Kerala/Ascot, pp
56-63.

Chen, 1. C., Hill, J. K., Ohlemiiller, R., Roy, D. B., and Thomas, C. D. 2011. Rapid
range shifts of species associated with high levels of climate warming. Science,
333(6045): 1024-1026. http://dx.doi.org/10.1126/science.1206432

Chen, I. C., Shiu, H. J., Benedick, S., Holloway, J. D., Chey, V. K., Barlow, H. S., Hill,

J. K., and Thomas, C. D. 2009. Elevation increases in moth assemblages over
42 years on a tropical mountain. Proc. Natl. Acad. Sci., 106(5): 1479-1483.
https://dx.doi.org/10.1073%2Fpnas.0809320106

Cheong, M., Brown, D., Kok, K., and Lopez, D. 2012. Mixed Methods in Land Change

Research: Towards integration. Trans.Inst.Br. Geogr. 37: 8 — 12.
http://dx.doi.org/10.1111/.1475-5661.2011.00482.x

Chown, S. L., Huiskes, A. H. L., Gremmen, N. J. M., Lee, J. E., Terauds, A., Crosbie,
K., Frenot, Y., Hughes, K. A., Imura, S., Kiefer, K., Lebouvier, M., Raymond,
B., Tsujimoto, M., Ware, C., Van de Vijver, B., and Bergstrom, D. M. 2012.

Continent-wide risk assessment for the establishment of nonindigenous species

130


https://doi.org/10.1007/BF00051966
https://doi.org/10.1073/pnas.1315800111
http://dx.doi.org/10.1126/science.1206432
https://dx.doi.org/10.1073%2Fpnas.0809320106
http://dx.doi.org/10.1111/j.1475-5661.2011.00482.x

in Antarctica. Proc. Natl. Acad. Sci. 4938-4943. 109(13): 4938 - 4943.
https://doi.org/10.1073/pnas.1119787109
Chytry, M., Maskell, L. C., Pino, J., Pysek, P., Vila, M., Font, X., and Smart, S. M.

2008. Habitat invasions by alien plants: a quantitative comparison among
Mediterranean, subcontinental and oceanic regions of Europe. J. Appl. Ecol. 45:
448-458. doi: 10.1111/j.1365-2664.2007. 01398.x

Colautti, R. I., and Barrett, S. C. 2013. Rapid adaptation to climate facilitates range
expansion of an invasive  plant.  Science. 342:  364-366.
https://doi.org/10.1126/science.1242121

Collins, M., R. Knutti, J. Arblaster, J.-L. Dufresne, T. Fichefet, P. Friedlingstein, X.
Gao, W.J. Gutowski, T. Johns, G. Krinner, M. Shongwe, C. Tebaldi, A.J.

Weaver and M. Wehner, 2013: Long-term Climate Change: Projections, Com-
mitments and Irreversibility. In: Climate Change 2013: The Physical Science
Basis. Contribution of Working Group I to the Fifth Assessment Report of the
Intergovernmental Panel on Climate Change [Stocker, T.F., D. Qin, G.-K.
Plattner, M. Tignor, S.K. Allen, J. Boschung, A. Nauels, Y. Xia, V. Bex and
P.M. Midgley (eds.)]. Cambridge University Press, Cambridge, United
Kingdom and New York, NY, USA.

Collins, W. J., Bellouin, N., Doutriaux-Boucher, M., Gedney, N., Halloran, P., Hinton,
T., Hughes, J., Jones, C. D., Joshi, M., Liddicoat, S., Martin, G., O'Connor, F.,
Rae, J., Senior, C., Sitch, S., Totterdell, 1., Wiltshire, A., Woodward, S. 2011.
Development and evaluation of an Earth-System model — HadGEM2. Geosci.
Model Dev. 4(4): 1051-1075. https://doi.org/10.5194/gmd-4-1051-2011

Corbet, S. A., Saville, N. M., Fussell, M., Prys-Jones, O. E., and Unwin, D. M. 1995.

The competition box: a graphical aid to forecasting pollinator performance. J.

Appl. Ecol. 707-719. https://doi.org/10.1006/anbo.2000.1322

Craig, R. 2010. “Stationarity is dead”-long live transformation: Five principles for
climate change adaptation law. Harvard Environ. Law. 34: 9-75.

Crick, H. Q. 2004. The impact of climate change on birds. Ibis. 146(1): 48-56.

131


https://doi.org/10.1073/pnas.1119787109
https://doi.org/10.1126/science.1242121
https://doi.org/10.5194/gmd-4-1051-2011
https://doi.org/10.1006/anbo.2000.1322

Crisp, M. D., Arroyo, M. T., Cook, L. G., Gandolfo, M. A., Jordan, G. J., McGlone,
M. S., Weston, P. H., Westoby, M., Wilf, P., and Linder, H. P. 2009.

Phylogenetic biome conservatism on a global scale. Nat. 458: 754-756.
https://doi.org/10.1038/nature07764

Davis, M.A., Grime, J.P., and Thompson. K. 2000. Fluctuating resources in plant
communities: a general theory of invasibility. J. Ecol. 88: 528 — 534.
https://doi.org/10.1046/j.1365-2745.2000.00473.x

Deb, J. C., Phinn, S., Butt, N., and McAlpine, C. A.2017. The impact of climate change

on the distribution of two threatened Dipterocarp trees. Ecol. Evol. 1 —11. DOL:
10.1002/ece3.2846. https://dx.doi.org/10.1002%2Fece3.2846
Domisch, S., Amatulli, G., and Jetz, W. 2015. Near-global freshwater-specific

environmental variables for biodiversity analyses in 1 km resolution. Sci. Data.
2:150073. doi:10.1038/sdata.2015.73
Dormann, C. F., Elith, J., Bacher, S., Buchmann, C., Carl, G., Carré, G., Marquéz, J.

R. G., Gruber, B., Lafourcade, B., Leitao, P. J., Miinkemiiller, T., McClean, C.,
Osborne, P. E., Reineking, B., Schroder, B., Skidmore, A. K., Zurell, D., and
Lautenbach. S. 2013.Collinearity: a review of methods to deal with it and a
simulation study evaluating their performance. Ecography 36(1):27-46.
https://doi.org/10.1111/j.1600-0587.2012.07348.x

Duggin J. A., and Gentle C. B. 1998. Experimental evidence on the importance of
disturbance intensity for invasion of Lantana camara L. in dry rainforest—open
forest ecotones in north-eastern NSW, Australia. For. Ecol. Manag. 109, 279—
292. https://doi.org/10.1016/S0378-1127(98)00252-7

Dullinger, 1., Wessely, J., Bossdorf, O., Dawson, W., Essl, F., Gattringer, A.,Klonner,
G., Kreft, H., Kuttner, M., Moser, D., Perg, J., Pysek, P., Thuiller, W., Kleunen,
V. M., Weigelt, P., Winter, M., and Dullinger, S. 2017. Climate change will

increase the naturalization risk from garden plants in Europe. Global Ecol.

Biogeogr. 26: 43 — 53. https://doi.org/10.1111/geb.12512

132


https://doi.org/10.1038/nature07764
https://doi.org/10.1046/j.1365-2745.2000.00473.x
https://dx.doi.org/10.1002%2Fece3.2846
https://www.nature.com/articles/sdata201573
https://www.nature.com/articles/sdata201573
https://www.nature.com/articles/sdata201573
https://www.nature.com/articles/sdata201573
https://doi.org/10.1111/j.1600-0587.2012.07348.x
https://doi.org/10.1016/S0378-1127(98)00252-7
https://doi.org/10.1111/geb.12512

Dulvy, N. K., Rogers, S. L., Jennings, S., Stelzenmiiller, V., Dye, S. R., and Skjoldal.
H. R. 2008. Climate change and deepening of the North Sea fish assemblage: a
biotic indicator of warming seas. J. Appl. Ecol. 45(4): 1029-1039.
https://doi.org/10.1111/].1365-2664.2008.01488.x

Dynesius, M., and Jansson, R. 2000. Evolutionary consequences of changes in species’
geographical distributions driven by Milankovitch climate oscillations. Proc.
Natl. Acad. Sci. of the United States of America 97: 9115-9120.
https://doi.org/10.1073/pnas.97.16.9115

Easterling, D. R., Meehl, G. A., Parmesan, C., Changnon, S. A., Karl, T. R., and

Mearns, L. O. 2000. Climate extremes: observations, modeling, and impacts.
Science. 289(5487):2068-2074.
https://doi.org/10.1126/science.289.5487.2068

Elith, J., and Burgman, M. 2002. Predictions and their validation: Rare plants in the
Central Highlands, Victoria, Australia. In: Predicting Species Occurrences:
Issues of Accuracy and Scale. Washington, USA: Island Press. pp. 303-313.

Elith, J., and Leathwick, J. R. 2009. Species distribution models: Ecological
explanation and prediction across space and time. Annu. Rev. Ecol. Evol. Sys.
40: 677-697. https ://doi.org/10.1146/annur ev. ecols ys.110308.120159

Elith, J., Graham, C. H., Anderson, R. P., Dudi'k, M., Ferrier, S., Guisan, A., Hijmans,
R. J., Huettmann, F., Leathwick, J. R., Lehmann, A., Li, J., Lohmann, L. G.,
Loiselle, B. A., Manion, G., Moritz, C., Nakamura, M., Nakazawa, Y., Overton,
J. McC., Peterson, A. T., Phillips, S. J., Richardson, K. S., Scachetti-Pereira,
R., Schapire, R. E., Soberon, J., Williams, S., Wisz, M. S., and Zimmermann,
N. E. 2006. Novel methods improve prediction of species’ distributions from
occurrence data. Ecography. 29(2): 129-151.
https://doi.org/10.1111/§.2006.0906-7590.04596.x

Elith, J., Phillips, S. J., Hastie, T., Dudik, M., Chee, Y. E., and Yates, C. J. 2011. A

statistical explanation of MaxEnt for ecologists. Divers. Distrib. 17(1):43-57.
https://doi.org/10.1111/j.1472-4642.2010.00725 .x

133


https://doi.org/10.1111/j.1365-2664.2008.01488.x
https://doi.org/10.1073/pnas.97.16.9115
https://doi.org/10.1126/science.289.5487.2068
https://doi.org/10.1111/j.2006.0906-7590.04596.x
https://doi.org/10.1111/j.1472-4642.2010.00725.x

Elton, C. S. 1958. The ecology of invasions by plants and animals. Meuthuen and
Company, London.

Engler, R., Guisan, A., and Rechsteiner, L. 2004. An improved approach for predicting
the distribution of rare and endangered species from occurrence and pseudo-
absence data. J. Appl. Ecol. 4(2): 263-274. https://doi.org/10.1111/7.0021-
8901.2004.00881.x

Erasmus, B. F. N., van Jaarsveld, A. S., Chown, S. L., Kshatriya, M. and Wessels, K.

2002. Vulnerability of South African animal taxa to climate change. Glob.
Chang. Biol. 8, 679-693.

Eskelinen, A., and Harrison, S. 2014. Exotic plant invasions under enhanced rainfall
are constrained by soil nutrients and competition. Ecology 95(3):682-692.
http://dx.doi.org/10.1890/13-0288.1

Fernandez, M., and Hamilton, H. 2015. Ecological niche transferability usinginvasive
species as a case study. PLoS One. 10(3):1-17.
https://doi.org/10.1371/journal.pone.0119891

Ferrier, S., Watson, G., Pearce, J., and Drielsma, M. 2002. Extended statistical

approaches to modelling spatial pattern in biodiversity in northeast New South
Wales. 1. Species-level modelling. Biodiv. Conserv. 11(12):2275-2307.
http://dx.doi.org/10.1023/A:1021302930424

Ficetola, G. F., Tuiller, W., and Miaud. C. 2007. Prediction and validation of the

potential global distribution of a problematic alien invasive species — the
American bullfrog. Divers. Distrib. 13: 476 — 485.
https://doi.org/10.1111/J.1472-4642.2007.00377.X

Fick, S. E., and Hijmans, R. J., 2017. WorldClim 2: new 1 — km spatial resolution
climate surfaces for global land areas. Int. J. Climatol. 37: 4302-4315.
https://doi.org/10.1002/j0oc.5086.

Fielding, A. H., and Bell, J. F. 1997. A review of methods for the assessment of

prediction errors in conservation presence/ absence models. Environ. Conserv.

24(1): 38-49. http://dx.doi.org/10.1017/S0376892997000088

134


https://doi.org/10.1111/j.0021-8901.2004.00881.x
https://doi.org/10.1111/j.0021-8901.2004.00881.x
http://dx.doi.org/10.1890/13-0288.1
https://doi.org/10.1371/journal.pone.0119891
https://doi.org/10.1111/J.1472-4642.2007.00377.X
https://doi.org/10.1002/joc.5086
http://dx.doi.org/10.1017/S0376892997000088

Fitzpatrick, M. C., and Hargrove, W. W. 2009. The projection of species distribution
models and the problem of non- analog climate. Biodivers. Conserv. 18(8):
2255-2261. https ://doi.org/10.1007/s10531-009-9584-8

Fois, M., Cuena-Lombraifia, A., Fenu, G., and Bacchetta, G., 2018. Using species
distribution models at local scale to guide the search of poorly known species:
review, methodological issues and future directions. Ecol. Model. 385: 124—
132. https://doi.org/10.1016/j.ecolmodel.2018.07.018.

Foley, J. A., Defries, R., and Asner, G. P. 2005. Global consequences of land use.

Science. 309: 570 — 574.

Fossheim, M., Primicerio, R., Johannesen, E., Ingvaldsen, R. B., Aschan, M. M., and
Dolgov, A. V. 2015. Recent warming leads to a rapid borealization of fish
communities in the Arctic. Nat. Clim. Chang. 5(7): 673.
https://doi.org/10.1038/nclimate2647

Fourcade, Y., Engler, J. O., Rddder, D., and Secondi, J. 2014. Mapping species
distributions with MaxEnt using a geographically biased sample of presence
data: a performance assessment of methods for correcting sampling bias. PloS

one. 9(5): https://dx.doi.org/10.1371%2Fjournal.pone.0097122

Franklin, J. 2009. Mapping species distributions: spatial inference and prediction.
Cambridge University Press, Cambridge, UK.

Gioria, M., Jarosik, V., and Pysek, P. 2014. Impact of invasions by alien plants onsoil
seed bank communities: emerging patterns. Perspect. Plant Ecol. Evol. 16:
132-142.

Giovanelli, J. G., de Siqueira, M. F., Haddad, C. F., and Alexandrino, J. 2010.
Modeling a spatially restricted distribution in the Neotropics: How the size of
calibration area affects the performance of five presence-only methods. Ecol.

Modell. 221(2): 215-224. http://dx.doi.org/10.1016/j.ecolmodel.2009.10.009

Gotelli, N. J., and Ellison, A. M. 2006. Forecasting extinction risk with nonstationary
matrix models. Ecol. Appl. 16(1): 51-61. https://doi.org/10.1890/04-0479

135


https://doi.org/10.1016/j.ecolmodel.2018.07.018
https://doi.org/10.1038/nclimate2647
https://dx.doi.org/10.1371%2Fjournal.pone.0097122
http://dx.doi.org/10.1016/j.ecolmodel.2009.10.009
https://doi.org/10.1890/04-0479

Guillera-Arroita, G., Lahoz-Monfort, J., and Elith, J. 2014. MaxEnt is not a presence
absence method: a comment on Thibaud et al. Methods Ecol. Evol. 5: 1192—
1197. https://doi.ore/10.1111/2041-210X.12252.

Guisan, A., and Zimmerman, N. E. 2000. Predictive habitat distribution models in
ecology. Ecol. Modell. 135(2): 147-186. https://doi.org/10.1016/S0304-
3800(00)00354-9

Guisan, A., and Thuiller, W. 2005. Predicting species distribution: offering more than
simple habitat models. Ecol. Lett. 8(9): 993-1009.
http://dx.doi.org/10.1111/1.1461-0248.2005.00792.x

Guisan, A., Petitpierre, B., Broennimann, O., Daehler, C., and Kueffer, C. 2014.

Unifying niche shift studies: insights from biological invasions. Trends Ecol.
Evol. 29: 260-269. https://doi.org/10.1016/j.tree.2014.02.009
Hare, J. A., Alexander, M. A., Fogarty, M. J., Williams, E. H., and Scott, J. D. 2010.

Forecasting the dynamics of a coastal fishery species using a coupled climate—
population model. Ecol. Appl. 20(2): 452-464. https://doi.org/10.1890/08-
1863.1

Hastie, T., Tibshirani, R., Friedman, J., and Franklin, J. 2001. The elements of

statistical learning: data mining, inference and prediction. Math. Intell.
27(2):83-85. http://dx.doi.org/10.1007/BF02985802
Hellmann, J. J., Byers, J. E., Bierwagen, B. G., and Dukes, J. S. 2008. Five potential

consequences of climate change for invasive species. Conserv. Biol. 22(3):
534-543. https ://doi.org/10.1111/j.1523-1739.2008.00951.x

Hernandez, P. A., Graham, C. H., Master, L. L., and Albert, D. L. 2006. The effect of
sample size and species characteristics on performance of different species
distribution = modelling  methods.  Ecography.  29(5): 773 -
785http://dx.doi.org/10.1111/5.0906-7590.2006.04700.x

Hijmans, R. J., Cameron, S. E., Parra, J. L., Jones, P. G., and Jarvis, A. 2005. Very

high-resolution interpolated climate surfaces for global land areas. Int. J.

Climatol. 25: 1965-1978. https://doi.org/10.1002/joc.1276

136


https://doi.org/10.1111/2041-210X.12252
https://doi.org/10.1016/S0304-3800(00)00354-9
https://doi.org/10.1016/S0304-3800(00)00354-9
http://dx.doi.org/10.1111/j.1461-0248.2005.00792.x
https://doi.org/10.1016/j.tree.2014.02.009
https://doi.org/10.1890/08-1863.1
https://doi.org/10.1890/08-1863.1
http://dx.doi.org/10.1007/BF02985802
http://dx.doi.org/10.1111/j.0906-7590.2006.04700.x
https://doi.org/10.1002/joc.1276

Hirzel, A. H. and Guisan, A. 2002. Which is the optimal sampling strategy for habitat
suitability modelling? Ecol. Modell. 157(2): 331-341.
https://doi.org/10.1016/S0304-3800%2802%2900203-X

Hirzel, A. H., Hausser, J., Chessel, D., and Perrin, N. 2002. Ecological-niche factor

analysis: how to compute habitat suitability map without absence data. Ecol.

83(7): 2027-2036. http://dx.doi.org/10.2307/3071784

Hobbs, R. J. 2000. Land-use changes and invasions. Island Press, Covelo.

Holmes, T.P., Aukema, J.E., Holle, V.B., Liebhold, A., and Sills, E. 2009. Economic
Impacts of Invasive Species in Forests Past, Present, and Future. Year Ecol.
Conserv. Biol. 1162: 18-38. doi: 10.1111/}.1749-6632.2009.04446.x

Hugall, A., Moritz, C., Moussalli, A., and Stanisic, J. 2002. Reconciling
paleodistribution models and comparative phylogeography in the Wet Tropics
rainforest land snail Gnarosophia bellendenkerensis (Brazier 1875). Proc. Natl

Acad. Sci. 99(9):6112-6117. https://doi.org/10.1073/pnas.092538699

Hulme, P. E. 2005. Adapting to climate change: is there scope for ecological
management in the face of a global threat? J. Appl. Ecol. 42: 784-794.
https://doi.org/10.1111/5.1365-2664.2005.01082.x

Hulme, P. E. 2017. Climate change and biological invasions: evidence, expectations,
and response options. Biol. Rev. 92: 1297-1313.
https://doi.org/10.1111/brv.12282

Hutchinson, M. F., and Xu, T. B. 2013. ANUSPLIN version 4.4 user guide. The

Australian National University, Canberra

IMD, 2013. Annual Climate Summary-2014. Indian Meteorological Department,
Government of India, pp. 24

IPBES, 2019. Summary for policymakers of the global assessment report on
biodiversity and ecosystem services of the Intergovernmental Science-Policy
Platform on Biodiversity and Ecosystem Services. In: Diaz, S., Settele, J.,

Brondizio, E.S., Ngo, H.T., Gueze, M., Agard, J., Arneth, A., Balvanera, P.,

137


https://doi.org/10.1016/S0304-3800%2802%2900203-X
http://dx.doi.org/10.2307/3071784
https://doi.org/10.1073/pnas.092538699
https://doi.org/10.1111/j.1365-2664.2005.01082.x
https://doi.org/10.1111/brv.12282

Brauman, K.A., Butchart, S H.M., et al. (eds.). IPBES secretariat, Bonn,
Germany.

IPCC, 2014: Climate Change 2014: Synthesis Report. Contribution of Working Groups
I, IT and III to the Fifth Assessment Report of the Intergovernmental Panel on
Climate Change [Core Writing Team, R.K. Pachauri and L.A. Meyer (eds.)].
IPCC, Geneva, Switzerland, 151 pp.

Irwin, H. S., and Barneby, R. C. 1982. The American Cassiinae. [vlemoirs of the New
York Botanical Garden. 35: 1-918.

IUCN-The World Conservation Union. 1998. Invaders from planet earth. World
Conservation, 28(29): 63.

Jeschke, J., and Strayer, D. 2008. Usefulness of bioclimatic models for studying climate
change and invasive species. Ann. N. Y. Acad. Sci. 1134(1):1-24.
http://dx.doi.org/10.1196/annals.1439.002

Jiménez-Valverde, A., Peterson, A. T., Sober6n, J., Overton, J. M., Aragén, P., and
Lobo, J. M. 2011. Use of niche models in invasive species risk assessments.
Biol. Invasions. 13(12): 2785-2797.

Johna, J., Bindub, G., Srimuruganandam, B., Wadhwa, A., and Rajan, P. 2020. Land
use/land cover and land surface temperature analysis in Wayanad district, India,
using  satellite  imagery. Annals of GIS. 26(4): 343-360.
https://doi.org/10.1080/19475683.2020.1733662

Johnson, J. B., and Omland, K. S. 2004. Model selection in ecology and evolution.
Trends Ecol. Evol. 19: 101 — 108. https://doi.org/10.1016/j.tree.2003.10.013

Jones, B. A., and McDermott, M. S. 2017. Health Impacts of Invasive Species Through
an Altered Natural Environment: Assessing Air Pollution Sinks as a Causal
Pathway. Environ. Resource Econ. 71(1): 23-43.
https://link.springer.com/article/10.1007/s10640-017-0135-6

138


http://dx.doi.org/10.1196/annals.1439.002
https://doi.org/10.1080/19475683.2020.1733662
https://doi.org/10.1016/j.tree.2003.10.013
https://link.springer.com/article/10.1007/s10640-017-0135-6

Jones, B.A., 2019. Tree shade, temperature, and human health: evidence from invasive
species-induced  deforestation.  Ecol.  Econ. 156: 12-23. DOL
10.1016/j.ecolecon.2018.09.006

Jose, V. S., and Nameer, P. O. 2020. The expanding distribution of the Indian Peafowl
(Pavo cristatus) as an indicator of changing climate in Kerala, southern India:
A modelling study using MaxEnt. Ecol. Indic. 110: 105930.

Kaiser, B. A., and Burnett, K. M. 2010. Spatial economic analysis of early detection
and rapid response strategies for an invasive species. Resour. Energy Econ. 32:

566-585. http://dx.doi.org/10.1016%2Fj.reseneeco.2010.04.007

Kaky, E., and Gilbert, F. 2019a. Allowing for human socioeconomic impacts in the
conservation of plants under climate chang. Plant Biosyst. 154 (3): 295-305.
https://doi.org/10.1080/11263504.2019.1610109.

Kaky, E., and Gilbert, F. 2019b. Assessment of the extinction risks of medicinal plants
in Egypt under climate change by integrating species distribution models and
IUCN Red List criteria. J. Arid Environ. 170: 103988.
https://doi.org/10.1016/].jaridenv.2019.05.016.

Kaky, E., Nolana, V., Alatawia, A., and Gilberta, F. 2020. A comparison between

Ensemble and MaxEnt species distribution modelling approaches for
conservation: A case study with Egyptian medicinal plants. Ecol. Inform. 60:

101150. https://doi.org/10.1016/j.ecoinf.2020.101150

Kearney, M., and Porter, W. P. 2004. Mapping the fundamental niche: physiology,
climate, and the distribution of a nocturnal lizard. Ecology. 85: 3119-3131.

Kearney, M., and Porter, W. 2009. "Mechanistic niche modelling: combining
physiological and spatial data to predict species' ranges". Ecology Letters. 12
(4): 334-350. doi: 10.1111/5.1461-0248.2008.01277.x

Keating, K. A., and Cherry, S. 2004. Use and interpretation of logistic regression in
habitat-selection  studies.  J. Wildl.  Manag.  68(4):  774-789.
http://dx.doi.org/10.2193/0022-541X(2004)068[0774:UAIOLR]2.0.CO;2

139


http://dx.doi.org/10.1016%2Fj.reseneeco.2010.04.007
https://doi.org/10.1080/11263504.2019.1610109
https://doi.org/10.1016/j.jaridenv.2019.05.016
https://doi.org/10.1016/j.ecoinf.2020.101150
http://dx.doi.org/10.2193/0022-541X(2004)068

Khuroo, A. A., Reshi, Z. A., Malik, A.H., Weber, E., Rashid, 1., and Dar, G.H. 2012.
Alien flora of India: taxonomic composition, invasion status and biogeographic
affiliations. Biol Invasions. 14: 99—113. DOI 10.1007/s10530-011-9981-2

Kobler, A., and Adamic, M. 2000. Identifying brown bear habitat by a combined GIS
and machine learning method. Ecol. Modell. 135(2): 291-300.
http://dx.doi.org/10.1016/S0304-3800(00)00384-7

Kolar, C. S., and Lodge, D. M. 2001. Progress in invasion biology: Predicting invaders.
Trends Ecol. Evol.16: 199-204. https://doi.org/10.1016/s0169-5347(01)02101-
2

Koo, K. A., Kong, W. S., Nibbelink, N. P., Hopkinson, C. S., and Lee, J. H. 2015.

Potential effects of climate change on the distribution of cold-tolerant evergreen
broadleaved woody plants in the Korean Peninsula. PLoS One. 10(8):
https://doi.org/10.1371/journal.pone.0134043

Kornas, J. 1990. Plant invasions in Central Europe: Historical and ecological aspects.
In Biological Invasions in Europe and the Mediterranean Basin (eds F. di
Castri, A.J. Hansen and M. Debussche), Kluwer Academic Publishers. pp. 19—
36.

Kosaka, Y., Saikia, B., Mingki, T., Tag, H., Riba, T., and Ando, K. 2010. Roadside
distribution patterns of invasive alien plants along an altitudinal gradient in
Arunachal Himalaya, India. Mt  Res. Dev. 303): 252-258.
https://doi.org/10.1659/MRD-JOURNAL-D-10-00036.1

Krishnakumar, K. N., Rao, G. P., and Gopakumar, C. S. 2009. Rainfall trends in

twentieth century over Kerala, India. Afmos. Environ. 43: 1940-1944.
https://doi.ore/10.1016/j.atmosenv.2008.12.053.

Kuczynski, L., Legendre, P., and Grenouillet, G. 2018. Concomitant impacts of climate
change, fragmentation and non-native species have led to reorganization of fish
communities since the 1980s. Global Ecol Biogeogr. 27(2): 213-222.
https://doi.org/10.1111/geb.12690

Kueffer, C. 2017. Plant invasions in the Anthropocene. 358 (6364): 724-725.

140


http://dx.doi.org/10.1016/S0304-3800(00)00384-7
https://doi.org/10.1016/s0169-5347(01)02101-2
https://doi.org/10.1016/s0169-5347(01)02101-2
https://doi.org/10.1371/journal.pone.0134043
https://doi.org/10.1659/MRD-JOURNAL-D-10-00036.1
https://doi.org/10.1016/j.atmosenv.2008.12.053
https://doi.org/10.1111/geb.12690

Kull, C. A., Shackleton, C. M., Cunningham, P. J., Ducatillion, C., Dufour-Dror, J. M.,
Esler, K. J., Friday, J. B., Gouveia, A. C., Griffin, A. R., Marchante, E.,
Midgley, S. J., Pauchard, A., Rangan, H., Richardson, D. M., Rinaudo, T.,
Tassin, J., Urgenson, L. S., von Maltitz, G. P., Zenni, R. D., and Zylstra, M. J.,
2011. Adoption, use and perception of Australian acacias around the world.
Divers. Distrib. 17: 822-836.

Lamsal, P., Kumar, L., Aryal, A., and Atreya, K. 2018. Invasive alien plant species
dynamics in the Himalayan region under climate change. Ambio. 47:697-710.
https ://doi.org/10.1007/s13280-018-1017-z

Leathwick, J. R., Elith, J., Francis, M. P., Hastie, T., and Taylor, P. 2006. Variation in
demersal fish species richness in the oceans surrounding New Zealand: an
analysis using boosted regression trees. Mar. Ecol. Prog. Ser. 321:.267-281.

Lenoir, J. and Svenning, J. C., 2015. Climate- related range shifts—a global
multidimensional synthesis and new research directions. Ecography. 38(1): 15-

28. https://doi.org/10.1111/ecog.00967

Levine, J. M., and D'Antonio, C. M. 2003. Forecasting biological invasions with
increasing  international trade.  Conserv. Biol. 17(1): 322-326.
http://dx.doi.org/10.1046/j.1523-1739.2003.02038.x

Liu, C., White, M., and Newell, G. 2013. Selecting thresholds for the prediction of

species occurrence with presence- only data. J. Biogeogr. 40(4): 778—789.https
://doi.org/10.1111/jbi.12058

Liu, J., Liang, S., Liu, F., Wang, R., and Dong, M. 2005. Invasive alien plant species
in China: regional distribution patterns. Divers. Distrib. 11: 341-347. DOI:
10.1111/.1366-9516.2005.00162.x.

Liu, Y., and Kleunen, V. M. 2017. Responses of common and rare aliens and natives
to nutrient availability and fluctuations. J. Ecol. 105: 1111-1122. https://doi.
org/10.1111/1365-2745.12733.

Lobo, J. M., Jiménez- Valverde, A., and Real, R. 2008. AUC: A misleading measure of

the performance of predictive distribution models.

141


https://doi.org/10.1111/ecog.00967
http://dx.doi.org/10.1046/j.1523-1739.2003.02038.x

Glob. Ecol. Biogeogr. 17(2): 145-151.https ://doi.org/10.1111/j.1466-
8238.2007.00358.x

Loiselle, B. A., Howell, C. A., Graham, C. H., Goerck, J. M., Brooks, T., Smith, K. G.,
and Williams, P. H. 2003. Avoiding pitfalls of using species distribution models
in conservation planning. Conserv. Biol. 17(6): 1591-1600.

Loomans, A. J. M., Vierbergen, B., and Chen, P. 2013. Seven years of post-release
monitoring for biological control agents released for biological control in the
Netherlands: impact of regulatory measures on establishment and use.
1OBC/WPRS Bulletin 94: 15-20.

Lowe, S., Browne, M., Boudjelas, S., and De Poorter, M. 2000. 100 of the World’s
Worst Invasive Alien Species A selection from the Global Invasive Species
Database. Published by The Invasive Species Specialist Group (ISSG) a
specialist group of the Species Survival Commission (SSC) of the World
Conservation Union (IUCN), 12pp.

Mack, R. N., Simberloff, D., Lonsdale, W. M., Evans, H., Clout, M., and Bazzaz, F.
A. 2000. Biotic invasions: Causes, epidemiology, global consequences, and
control. Ecol. Appl. 10: 689 — 710. https://doi.org/10.1890/1051-
0761(2000)010[0689:BICEGC(C]2.0.CO;2

Mahony, M. , Donnellan, S. C. , Richards, S. J., and Donald, K. 2006. Species

boundaries among barred river frogs, Mixophyes (anura: Myobatrachidae) in
north- eastern Australia, with descriptions of two new species.
Zootaxa, 1228(1): 35-60. https://doi.org/10.11646/zootaxa.1228.1.3

Marmion, M., Parviainen, M., Luoto, M., Heikkinen, R. K., and Thuiller, W. 2009.

Evaluation of consensus methods in predictive species distribution modelling.
Divers. Distrib. 15(1): 59-69. https://doi.org/10.1111/5.1472-
4642.2008.00491.x

McDougall, K. L., Lembrechts, J., Rew, L. J., Haider, S., Cavieres, L. A., Kueffer, C.,
Milbau, A., Naylor, B. J., Nunez, M. A., Pauchard, A., Seipel, T., Speziale, K.
L., Wright, G. T., and Alexander, J. M. 2018. Running off the road: roadside

142


https://doi.org/10.11646/zootaxa.1228.1.3
https://doi.org/10.1111/j.1472-4642.2008.00491.x
https://doi.org/10.1111/j.1472-4642.2008.00491.x

non-native plants invading mountain vegetation. Biol. Invasions. 20:3461—
3473. https://doi.org/10.1007/s10530-018-1787-z
Merow, C., Smith, M. J., and Silander Jr, J. A. 2013. A practical guide to MaxEnt for

modeling species’ distributions: what it does, and why inputs and settings
matter. Ecography. 36(10): 1058-1069. https://doi.org/10.1111/j.1600-
0587.2013.07872.x

Merrill, J. A., Cooch, E. G., and Curtis, P. D. 2003. Time to reduction: Factors

influencing management efficacy in sterilizing overabundant white-tailed deer.
J. Wildl. Manag. 67:267-279.

Miller, T. K., Allen, C. R., Landis, W. G., and Merchant, J. W. 2010. Risk assessment
simultaneously prioritizing the control of invasive plant species and the
conservation of rare plant species. Biol. Conserv. 143: 2070-2079.
https://link.springer.com/article/10.1007/s10530-018-1872-3

Milly, P. C., Betancourt, J., Falkenmark, M., Hirsch, R. M., Kundzewicz, Z. W.,

Lettenmaier, D. P., and Stouffer, R. J. 2008. Climate change. Stationarity is
dead: Whither water management?. Science. 319(5863): 573-574.
https://doi.org/10.1126/science. 1151915

Moilanen, A., and Wintle B.A. 2007. Quantitative reserve network aggregation via the
boundary quality penalty. Conserv. Biol. 21: 355-364.
https://doi.org/10.1111/j.1523-1739.2006.00625.x

Moles, A. T., Gruber, M. A. M., and Bonser, S. P. 2008. New framework for predicting
invasive plant species. J. Ecol. 96 (1):13—17. doi: 10.1111/5.1365-
2745.2007.01332.x

Molin, P. G., Chazdon, R. L., Ferraz, S. F., and Brancalion, P. H. S. 2018. A landscape

approach for cost- effective large- scale forest restoration. J. Appl. Ecol. 55:

2767-2778. https://doi.org/10.1111/1365-2664.13263

Mooney, H. A., and Hofgaard, A. 1999. Biological invasions and global change. In
O.T. Sandlund, P.J., and Schei, A. eds. Invasive species and biodiversity

management. Population and Community Biology Series. 24: 139 — 148.

143


https://doi.org/10.1007/s10530-018-1787-z
https://doi.org/10.1111/j.1600-0587.2013.07872.x
https://doi.org/10.1111/j.1600-0587.2013.07872.x
https://link.springer.com/article/10.1007/s10530-018-1872-3
https://doi.org/10.1126/science.1151915
https://doi.org/10.1111/j.1523-1739.2006.00625.x
https://doi.org/10.1111/1365-2664.13263

Morales, N. S., Fernandez, 1. C., and Baca-Gonzalez, V. 2017. MaxEnt’s parameter
configuration and small samples: are we paying attention to recommendations?
A systematic review. PeerJ, 5, p.e3093. https://doi.org/10.7717/peerj.3093

Muscarella, R., Galante, P. J., Soley-Guardia, M., Boria, R. A., Kass, J. M., Uriarte,

M., and Anderson, R. P. 2014. ENM eval: an R package for conducting spatially
independent evaluations and estimating optimal model complexity for Maxent
ecological niche models. Methods Ecol. Evol. 5(11): 1198-1205.
https://doi.org/10.1111/2041-210X.12261

Nix, H. A. 1986. A biogeographic analysis of Australian elapid snakes. In: Atlas of
Australian Elapid Snakes. Bureau Flora Fauna, Canberra. 4-15.

Ochoa-Ochoa, L. M., Rodriguez, P., Mora, F., Flores-Villela, O., and Whittaker, R.J.
2012. Climate change and amphibian diversity patterns in Mexico. Biol.
Conserv. 150: 94-102. http://dx.doi.org/10.1016/j.biocon.2012.03.010

O'Donnell, J., Gallagher, R. V., Wilson, P. D., Downey, P. O., Hughes, L., and

Leishman, M. R. 2012. Invasion hotspots for non-native plants in Australia
under current and future climates. Glob. Change Biol. 18: 617-629.
https://doi.org/10.1111/5.1365-2486.2011.02537.x

Ollerenshaw, C. B., and Smith, L. P. 1969. Meteorological factors and forecasts of
helminthic disease. Adv. Parasitol. 7: 283—-323. https://doi.org/10.1016/s0065-
308x(08)60437-6

Ortega-Huerta, M. A., and Peterson, A. T. 2008. Modelling ecological niches and

predicting geographic distributions: a test of six presence-only methods.
Revista Mexicana de Biodiversidad, 79(1): 205-216.

Padalia, H., and Bahuguna, U. 2017. Spatial modelling of congruence of native
biodiversity and potentialhotspots of forest invasive species (FIS) in central
Indian landscape. J. Nat. Conserv. 36: 29-37.
http://dx.doi.org/10.1016/.jnc.2017.02.001

Padalia, 1., Srivastava, V., and Kushwaha, S. P. S. 2014. Modelling potential invasion

range of alien invasive species, Hyptis suaveolens (L.) Poit. in India:

144


https://doi.org/10.7717/peerj.3093
https://doi.org/10.1111/2041-210X.12261
http://dx.doi.org/10.1016/j.biocon.2012.03.010
https://doi.org/10.1111/j.1365-2486.2011.02537.x
https://doi.org/10.1016/s0065-308x(08)60437-6
https://doi.org/10.1016/s0065-308x(08)60437-6
http://dx.doi.org/10.1016/j.jnc.2017.02.001

Comparison of MaxEnt and GARP. FEcol. Inform. 22: 36-43.
http://dx.doi.org/10.1016/j.ecoinf.2014.04.002

Paerl, H. W., and Paul, V. J. 2012. Climate change: links to global expansion of harmful
cyanobacteria. Water Res. 46(5): 1349-1363.
https://doi.org/10.1016/j.watres.2011.08.002

Pal, 1., and Al-Tabbaa, A. 2009. Trends in seasonal precipitation extremes — An
indicator of climate change in Kerala, India. J. Hydrol. 376: 62-69.
https://doi.org/10.1016/j.jhydrol.2008.12.025.

Panda, R. M., Behera, M. D., and Roy, P. S. 2018. Assessing distributions of two
invasive species of contrasting habits in future climate. J. Environ. Manag.
213:478-488. https://doi.org/10.1016/j.jenvman.2017.12.053

Pantoja, P.O., Paine, C.T., and Vallejo-Marin, M. 2018. Natural selection and

outbreeding depression suggest adaptive diferentiation in the invasive range of
a clonal plant. Proc. R. Soc. B. 285(1882).
http://dx.doi.org/10.1098/rspb.2018.1091

Parmesan, C., and Yohe, G. 2003. A globally coherent fingerprint of climate change
impacts across natural systems. Nat. 421: 37-42.
https://doi.org/10.1038/nature01286.

Pauchard, A., Milbau, A., Albihn, A., Alexander, J., Burgess, T., Daehler, C., Englund,
G., Essl, F., Evengard, B., Greenwood, G.B., Haider, S., Lenoir, J., McDougall,
K., Muths, E., Nufiez, M. A., Olofsson, J., Pellissier, L., Rabitsch, W., Rew, L.

J., Robertson, M., Sanders, N., and Kueffer, C. 2016. Non-native and native
organisms moving into high elevation and high latitude ecosystems in an era of
climate change: new challenges for ecology and conservation. Biol. Invasions.
18(2), 345-353. https://doi.org/10.1007/s10530-015-1025-x.

Paul, S., Ghosh, S., Rajendran, K., and Murtugudde, R. 2018. Moisture supply from

the Western Ghats forests to water deficit east coast of India. Geophys. Res.
Lett. 45 (9): 43374344, https://doi.org/10.1029/2018GLO78198

145


http://dx.doi.org/10.1016/j.ecoinf.2014.04.002
https://doi.org/10.1016/j.watres.2011.08.002
https://doi.org/10.1016/j.jenvman.2017.12.053
http://dx.doi.org/10.1098/rspb.2018.1091
https://doi.org/10.1038/nature01286
https://www.dora.lib4ri.ch/wsl/islandora/search?f%5B0%5D=mods_name_personal_nameIdentifier_authorId_ms%3A%22wsl-authors%3A3916%22
https://doi.org/10.1007/s10530-015-1025-x
https://doi.org/10.1029/2018GL078198

Pearce, J. L., and Boyce, M. S. 2006. Modelling distribution and abundance with
presence- only data. J. Appl. Ecol. 43(3): 405-412.
https://doi.org/10.1111/].1365-2664.2005.01112.x

Pearce, J., Ferrier, S., and Scotts, D. 2001. An evaluation of the predictive performance
of distributional models for flora and fauna in north-east New South Wales. J.

Environ. Manage. 62: 171-184. https://doi.org/10.1006/jema.2001.0425

Pearson, R. G. and Dawson, T. P. 2003. Predicting the impacts of climate change on
the distribution of species: are bioclimate envelope models useful? Glob. Ecol.
Biogeogr. 12(5): 361-371. https://doi.org/10.1046/.1466-822X.2003.00042.x

Pearson, R. G., Raxworthy, C. J., Nakamura, M., and Peterson, A. T. 2007. Predicting

species distributions from small numbers of occurrence records: a test case
using cryptic geckos in Madagascar. J. Biogeogr. 34(1): 102-117.
https://doi.org/10.1111/5.1365-2699.2006.01594.x

Pecl, G. T., Aratjo, M. B., Bell, J. D., Blanchard, J., Bonebrake, T. C., Chen, L.- C., ...

Williams, S. E. 2017. Biodiversity redistribution under climate change: Impacts
on ecosystems and human well- being. Science. 355(6332). https
://doi.org/10.1126/scien ce.aai9214

Pejchar, L., and Mooney, H. A. 2009. Invasive species, ecosystem services and human
wellbeing. Trends Ecol. Evol. 24 (9): 497-504.
https://doi.org/10.1016/].tree.2009.03.016

Peterson, A. T., and Cohoon, K. P. 1999. Sensitivity of distributional prediction
algorithms to geographic data completeness. Ecol. Modell. 117(1): 159-164.
http://dx.doi.org/10.1016/S0304-3800(99)00023-X

Peterson, A. T., and Vieglais, D. A. 2001. Predicting species invasions using ecological
niche modeling. BioScience. 51: 363-371. https://doi.org/10.1641/0006-
3568(2001)051[0363:PSIUEN]2.0.CO:2

Peterson, A. T., Martinez-Meyer, E., and Gonzalez-Salazar, C. 2004. Reconstructing
the pleistocene geography of the Aphelocoma jays (Corvidae). Biodiv. Res. 10:
237 — 246. http://dx.doi.org/10.1111/5.1366-9516.2004.00097.x

146


https://doi.org/10.1111/j.1365-2664.2005.01112.x
https://doi.org/10.1006/jema.2001.0425
https://doi.org/10.1046/j.1466-822X.2003.00042.x
https://doi.org/10.1111/j.1365-2699.2006.01594.x
https://doi.org/10.1016/j.tree.2009.03.016
http://dx.doi.org/10.1016/S0304-3800(99)00023-X
http://dx.doi.org/10.1111/j.1366-9516.2004.00097.x

Peterson, A. T., Monika, P., and Muir, E. 2007. Transferability and Model Evaluation
in Ecological Niche Modelling: A Comparison of GARP and MaxEnT.
Ecography. 30 (4): 550 — 60.

Peterson, A. T., Ortega-Huerta, M. A., Bartley, J., Sdnchez-Cordero, V., Soberon, J.,
Buddemeier, R. H., and Stockwell, D. R. 2002. Future projections for Mexican
faunas under global climate change scenarios. Nat. 416(6881): 626-629.
doi:10.1038/416626a.

Peterson, A.T., Sobero, N. J., and Sa’nchez-Cordero, V. 1999.Conservatism of
ecological niches in evolutionary time. Science, 285: 1265-1267.

https://doi.org/10.1126/science.285.5431.1265

Petitpierre, B., Kueffer, C., Broennimann, O., Randin, C., Daehler, C., and Guisan, A.
2012. Climatic Niche Shifts Are Rare Among Terrestrial Plant Invaders.
Science. 335(6074):1344 — 8. doi: 10.1126/science.1215933.

Phillips, S. J., Anderson, R. P., and Schapire, R. E., 2006. Maximum entropy modeling
of species geographic distributions. Ecol. Modell. 190(3): 231-259.
https://doi.org/10.1016/j.ecolmodel.2005.03.026

Phillips, S. J., Dudik, M., and Schapire, R. E. 2004. A maximum entropy approach to
species distribution modeling. In: Proceedings of the 2Ist International
Conference on Machine Learning. ACM Press: New York, NY, USA. pp. 655-
662. https://doi.org/10.1145/1015330.1015412

Phillips, S.J., and Dudik, M. 2008. Modeling of species distributions with Maxent: new

extensions and a comprehensive evaluation. Ecography. 31: 161-175.
https://doi.org/10.1111/1.0906-7590.2008.5203.x
PIER, 2014. Pacific Islands Ecosystems at Risk. Honolulu, USA: HEAR, University

of Hawaii. http://www.hear.org/pier/index.html
Poloczanska, E. S., Brown, C. J., Sydeman, W. J., Kiessling, W., Schoeman, D.S.,
Moore, P. J., Brander, K., Bruno, J. F., Buckley, L. B., Burrows, M. T., and

Duarte, C. M. 2013. Global imprint of climate change on marine life. Nat. Clim.
Change. 3(10): 919.

147


https://doi.org/10.1126/science.285.5431.1265
https://doi.org/10.1016/j.ecolmodel.2005.03.026
https://doi.org/10.1145/1015330.1015412
https://doi.org/10.1111/j.0906-7590.2008.5203.x
http://www.hear.org/pier/index.html

Porter, W. P., Sabo, J. L., Tracy, C. R., Reichman, O. J., and Ramankutty, N. 2002.
Physiology on a landscape scale: plant- animal interactions. Integr. Comp. Biol.
42: 431—453. https://doi.org/10.1093/icb/42.3.431

Pramanik, M., Paudel, U., Mondal, B., Chakraborti, S., and Deb, P. 2018. Predicting

climate change impacts on the distribution of the threatened Garcinia indica in
the Western Ghats, India. Climate Risk Management. 19: 94 — 105.
https://doi.org/10.1016/j.crm.2017.11.002

Prinzing, A., Durka, W., Klotz, S., and Brandl, R. 2001. The niche of higher plants:

evidence for phylogenetic conservatism. Proc. R. Soc. B: Biol. 268: 2383 —
2389. https://dx.doi.org/10.1098 %2Frspb.2001.1801

Pysek, P., and Richardson, D. M. 2010. Invasive species, environmental change and
management, and health. Annu. Rev. Environ. Resour. 35: 25-55.

http://dx.doi.org/10.1146/annurev-environ-033009-095548

Qian, H., and Ricklefs, R. E. 2006. The role of exotic species in homogenizing the
North American flora. Ecology Letters. 9:1293-1298.
http://dx.doi.org/10.1111/5.1461-0248.2006.00982.x

Qin, Z., Zhang, J. E., DiTommaso, A., Wang, R. L., and Liang, K. M. 2015. Predicting

the potential distribution of Lantana camara L. under RCP scenarios using ISI-
MIP models. Clim. Change.134(1 — 2): 193 —208. DOI 10.1007/s10584-015-
1500-5.

Radosavljevic, A., and Anderson, R. P. 2014. Making better Maxent models of species
distributions: complexity, overfitting and evaluation. J. Biogeogr. 41: 629—643.
https://doi.org/10.1111/jbi.12227

Raj, P. P. N, and Azeez, P. A. 2009. Historical Analysis of the first rain event and the

number of rain days in the western parts of Palakkad Gap, South India. In:
Climate Change: Global Risks, Challenges and Decisions IOP Conferences
Series: Earth and Environmental Science. Coimbatore, India. 6:072046.

Raj, P. P. N,, and Azeez, P. A. 2010. Changing rainfall in the Palakkad plains of South
India. Atmosfera. 23 (1): 75-82.

148


https://doi.org/10.1093/icb/42.3.431
https://doi.org/10.1016/j.crm.2017.11.002
https://dx.doi.org/10.1098%2Frspb.2001.1801
http://dx.doi.org/10.1146/annurev-environ-033009-095548
http://dx.doi.org/10.1111/j.1461-0248.2006.00982.x
https://doi.org/10.1111/jbi.12227

Raman, S., Shameer, T. T., Charles, B., and Sanil, R. 2020. Habitat suitability model
of endangered Latidens salimalii and the probable consequences of global
warming. Trop. Ecol. https://doi.org/10.1007/s42965-020-00114-5

Rao, G. P., Rao, A. K., Krishnakumar, K. N., and Gopakumar, C. S., 2009. Impact of

climate change on food and plantation crops in the humid tropics of India.
ISPRS Archives. 38, W3.

Rejmanek, M., Richardson, D. M., Higgins, S. 1., Pitcairn, M. J., and Grotkopp, E.
2005. Ecologyof invasive plants: state of the art. SCOPE-Scientific Committee
on Problems of The Environment (International Council of Scientific Unions).
63:104.

Rejmanek, M., Richardson, D.M. and Pysek, P. 2005. Plant invasions and invasibility
of plant communities. In: van der Maarel, E. (ed.) Vegetation ecology.
BlackwellScience, Oxford, UK. pp. 332- 355.

Rekha, S. R., Munsi, M., and Neelavara, A. A. 2015. Effect of Climate Change on
Invasion Risk of Giant African Snail (Achatina fulica Férussac, 1821:
Achatinidae) in India. PLoS ONE. 10(11): e0143724.
https://doi.org/10.1371/journal.pone.0143724

Renner, I. W., and Warton, D. 1. 2013. Equivalence of MAXENT and Poisson point

process models for species distribution modeling in ecology. Biometrics. 69(1):
274-281. https://doi.org/10.1111/7.1541-0420.2012.01824.x
Ricciardi, A., Hoopes, M. F., Marchetti, M. P., and Lockwood, J. L. 2013. Progress

toward understanding the ecological impacts of non-native species. Ecol.
Monogr. 83: 263-282. https://doi.org/10.1890/13-0183.1
Richardson, D. M., Pysek, P., Rejmanek, M., Barbour, M. G., Panetta, F. D., and West,

C. J.2000. Naturalization and invasion of alien plants: concepts and definitions.
Divers. Distrib. 6, 93-107. https://doi.org/10.1046/1.1472-4642.2000.00083.x
Robinson, T. B., Martin, N., Loureiro, T. G., Matikinca, P., and Robertson, M. P. 2020.

Double trouble: the implications of climate change for biological invasions.

NeoBiota. 62: 463—-487. doi: 10.3897/neobiota.62.55729

149


https://doi.org/10.1007/s42965-020-00114-5
https://doi.org/10.1371/journal.pone.0143724
https://doi.org/10.1111/j.1541-0420.2012.01824.x
https://doi.org/10.1890/13-0183.1
https://doi.org/10.1046/j.1472-4642.2000.00083.x

Rogerson, P. A. 2001. Statistical Methods for Geography. Sage, London.

Root, L. T., Price, T. J., Hall, R. K., Schneider, H. S., Rosenzweigk, C., and Pounds,
A. J. 2003. Fingerprints of global warming on wild animals and plants. Nature.
421. 57 — 60. https://doi.org/10.1038/nature01333

Sajeev, T. M., Sankaran, K. V., and Suresh, T. A. 2012. Are Alien Invasive Plants a
Threat to Forests of Kerala? KFRI Occ Papers. 1: 1-28.

Sand, E. R. 2016. Government of Kerala District Survey Report.

Sankaran, K, V., and Srinivasan, M. A. 2001. Status of Mikania infestation in the
Western Ghats. In: Sankaran KV, Murphy ST, Evans HC (eds) Alien weeds in
moist tropical zones: banes and benefits. KFRI/CABI Bioscience,
Kerala/Ascot, pp 67-76.

Sankaran, K. V., and Suresh, T. A. 2013. Invasive alien plants in the forests of Asia
and the Pacific. Food and agricultural organisation of the United Nation
Regional Office for Asia and the Pacific. Bangkok.

SAPCC, 2014. State Action Plan on Climate Change. Department of Environment and
Climate Change. Government of Kerala.

SAPCC, 2019. State Action Plan on Climate Change. Department of Environment and
Climate Change. Government of Kerala.

Sarun, S., Ghermandi, A., Sheela, A. M., Justus, J., and Vineetha, P. 2018. Climate
change vulnerability in a tropical region based on environmental and socio-
economic  factors.  Environ.  Monit.  Assess. 190  (12):  727.
https://doi.org/10.1007/s10661-018-7095-3.

Saseendran, S. A., Singh, K. K., Rathore, L. S., Singh, S. V., and Sinha, S. K. 2000.

Effects of climate change on rice production in the tropical humid climate of
Kerala, India. Clim. Change. 44 4): 495-514.
https://doi.org/10.1023/A:1005542414134.

Satyanarayana, P., and Gnanasekaran, G. 2013. An exotic tree species Senna
spectabilis (DC.) Irwin & Barneby (Caesalpiniaceae) — Naturalised in Tamil

Nadu and Kerala. Indian J. For. 36(2): 243 — 246.

150


https://doi.org/10.1038/nature01333
https://doi.org/10.1007/s10661-018-7095-3

Scotts, D., and Drielsma, M. 2003. Developing landscape frameworks for regional
conservation planning: an approach integrating fauna spatial distributions and
ecological principles. Pac. Conserv. Biol. 8: 235 —254.

Seebens, H., Blackburn, T. M., Dyer, E. E., Genovesi, P., Hulme, P. E., Jeschke, J. M.,
Pagad, S., Pysek, P., Kleunen, M. V., Winter, M., Ansong, M., Arianoutsou,
M., Bacher, S., Blasius, B., Brockerhoff, E. G., Brundu, G., Capinha, C.,
Causton, C. E., Grapow, L. C., Dawson, W., Dullinger, S., Economo, E. P.,
Fuentes, N., Guénard, B., Jiger, H., Kartesz, J., Kenis, M., Kiihn, L.,
Lenzner, B., Liebhold, A. M., Mosena, A., Moser, D., Nentwig, W.,
Nishino, M., Pearman, D., Pergl, J., Rabitsch, W., Sandoval, J. R., Roques, A.,
Rorke, S., Rossinelli, S., Roy, H. E., Scalera, R., Schindler, S., gtajerové, K.,
Guzik, B. T., Walker, K., Ward, D. F., Yamanaka, T., and Essl, F. 2018. Global
rise in emerging alien species results from increased accessibility of new source
pools. Proc. Natl. Acad. Sci. 115(10), E2264-E2273.
https://doi.org/10.1073/pnas.17194 29115

Shackleton, R. T., Biggs, R., Richardson, D. M., and Larson, B. M. H. 2018.

Socialecological drivers and impacts of invasion-related regime shifts:
consequences for ecosystem services and human wellbeing. Environ. Sci.
Policy. 89: 300-314.
Sharma, G. P., and Raghubanshi, A. S. 2010. How Lantana invades dry deciduous
forest: a case study from Vindhyan highlands, India. Trop. Ecol. 51: 305 — 316
Shrestha, B. B., Shabbir, A., and Adkins, S. W. 2015. Parthenium hysterophorusin
Nepal: A review of its weed status and possibilities for management. Weed Res.

55(2): 132—144. https://doi.org/10.1111/wre.12133

Shrestha, U. B., and Shrestha, B. B. 2019. Climate change amplifies plant invasion
hotspots in Nepal. Divers Distrib. https://doi.org/10.1111/ddi.12963.
Shrestha, U. B., Sharma, K. P., Devkota, A., Siwakoti, M., and Shrestha, B. B. 2018.

Potential impact of climate change on the distribution of six invasive alien

151


https://doi.org/10.1073/pnas.17194%2029115
https://doi.org/10.1111/wre.12133
https://doi.org/10.1111/ddi.12963

plants in Nepal. Ecol. Indic. 95: 99—-107. https ://doi.org/10.1016/j.ecoli
nd.2018.07.009

Sinclair, S. J., White, M. D., and Newell, G. R. 2010. How useful are species

distribution models for managing biodiversity under future climates. Ecol. Soc.

15(8). https://doi.org/10.5751/ES-03089-150108

Singh, V. 2001. Monograph on indian Subtribe Cassiinae (Caesalpiniaceae).

Scientific Publishers, Jodhpur.

Skov, F., and Svenning, J. C. 2004. Potential impact of climatic change on the

distribution of forest herbs in Europe. Ecography. 277(3):366-380.

Smeraldo, S., Di Febbraro, M., Cirovic, D., Bosso, L., Trbojevic, 1., and Russo, D.

Smith,

Smith,

2017. Species distribution models as a tool to predict range expansion after
reintroduction: a case study on Eurasian beavers (Castor fiber). J. Nat. Conserv.
37: 12-20. https://doi.org/10.1016/j.jnc.2017.02.008.

A.L., Hewitt, N., Klenk, N., Bazely, D.R., Yan, N., Wood, S., Henriques, I.,
MacLellan, J.I., and Mummé, C.L. 2012. Effects of climate change on the

distribution of invasive alien species in Canada: a knowledge synthesis of range
change projections in a warming world. Environ. Rev. 20: 1-16.
doi:10.1139/A11-020.

J. B., Schneiderb, S. H., Oppenheimerd, M., Yohee, G. W., Haref, W.,
Mastrandreac, M. D., Patwardhang, A., Burtonh, I., Corfee-Morloti, J.,
Magadzaj, C. H. D., Fu” sself, H., Pittockk, A. B., Rahmanl, A., Suarezm, A.,
and Yperselen, V. J. 2009. Assessing dangerous climate change through an
update of the Intergovernmental Panel on Climate Change (IPCC) ‘‘reasons for
concern’’.  Proc. Natl. Acad. Sci. U.S.A.106 (11): 4133-4137.
https://doi.org/10.1073/pnas.0812355106

Soberon, J. M., and Peterson, A. T. 2005. Interpretation of models of fundamental

ecological niches and species’ distributional areas. Biodiv. Inform. 2: 1-10.

https://doi.org/10.17161/b1.v2i0.4

152


https://doi.org/10.5751/ES-03089-150108
https://doi.org/10.1016/j.jnc.2017.02.008
https://doi.org/10.1073/pnas.0812355106
https://doi.org/10.17161/bi.v2i0.4

Solomon, S., Gian-Kasper, P., Retoknutti., and Pierre, F. 2009. “Irreversible Climate
Change Due to Carbon Dioxide emissions.” Proc. Natl. Acad. Sci. U.S.A.
106(6): 170, 4-9.

Soman, M. K., Krishnakumar, K., and Singh, N. 1988. Decreasing trend in the rainfall
of Kerala. Curr. Sci. India. 57(1): 7-12.

Soucy, J. P. R., Slatculescu, A. M., Nyiraneza, C., Ogden, N. H., Leighton, P. A., Kerr,
J. T., and Kulkarni, M. A., 2018. High-resolution ecological niche modeling of
Ixodes scapularis ticks based on passive surveillance data at the northern
frontier of Lyme Disease emergence in North America. Vector Borne Zoonotic
Dis. 18 (5): 235-242. https://doi.org/10.1089/vbz.2017.2234.

Srivastava, V., Roe, A. D., Keena, M. A., Hamelin, R. C., and Griess, V. C. 2020. Oh

the places they’ll go: improving species distribution modelling for invasive
forest pests in an uncertain world. Biol. Invasions.
https://doi.org/10.1007/s10530-020-02372-9.

Stockwell, D., and Peters, D. 1999. The GARP modelling system: problems and

solutions to automated spatial prediction. Int. J. Geogr. Inform. Sci. 13: 143-
158. http://dx.doi.org/10.1080/136588199241391
Stohlgren, T. J., Ma, P., Kumar, S., Rocca, M., Morisette, J. T., Jarnevich, C. S., and

Benson, N. 2010. Ensemble habitat mapping of invasive plant species. Risk
Analysis. 30(2): 224-235.

Stone, C.M., Witt, A.B., Walsh, G.C., Foster, W.A., and Murphy, S.T. 2018. Would
the control of invasive alien plants reduce malaria transmission? A review.

Parasites Vectors. 11: 76. https://doi.org/10.1186/s13071-018-2644-8

Suarez, A.V., and Tsutsui, N. D. 2008. The evolutionary consequences of biological
invasions. Mol. Ecol. 17: 351-360. https://doi.org/10.1111/].1365-
294x.2007.03456.x

Syfert, M. M., Smith, M. J., and Coomes, D. A. 2013. The effects of sampling bias and

model complexity on the predictive performance of MaxEnt species

153


https://doi.org/10.1089/vbz.2017.2234
https://doi.org/10.1007/s10530-020-02372-9
http://dx.doi.org/10.1080/136588199241391
https://doi.org/10.1186/s13071-018-2644-8
https://doi.org/10.1111/j.1365-294x.2007.03456.x
https://doi.org/10.1111/j.1365-294x.2007.03456.x

distribution models. PloS one, 8(7).
https://doi.org/10.1371/journal.pone.0055158

Taylor, K. E., Stouffer, R. J., and Meehl, G. A. 2012. An overview of CMIP5 and the
experiment design. Bull. Am. Meteorol. Soc. 93(4): 485 — 498.
https://doi.org/10.1175/BAMS-D-11-00094.1

Terribile, L. C., Diniz-Filho, J. A. F., and De Marco, P. Jr. 2010. How many studies

are necessary to compare niche-based models for geographic distributions?
Inductive reasoning may fail at the end. Braz. J. Biol. 70: 263— 269.
https://doi.org/10.1590/s1519-69842010000200005

Tews, J. U., Grimm, B. V., Tielborger, K., Wichmann, M, C., Schwager, M., et al.

2004. Animal species diversity driven by habitat heterogeneity/diversity: the
importance of keystone structures. J Biogeogr. 31: 79 — 92.
https://doi.org/10.1046/7.0305-0270.2003.00994.x

Thapa, S., Chitale, V., Rijal, S. J., Bisht, N., and Shrestha, B. B. 2018. Understanding

the dynamics in distribution of invasive alien plant species under predicted
climate change in Western Himalaya. PloS ONE, 13(4): €0195752. https
://doi.org/10.1371/journ al.pone.0195752.

Thiney, U., Banterng, P., Gonkhamdee, S., and Katawatin, R. 2019. Distributions of
alien invasive weeds under climate change scenarios in mountainous Bhutan.

Agronomy. 9(8): 442. https://doi.org/10.3390/agronomy9080442

Thomas, C. D. 2010. Climate, climate change and range boundaries. Divers. Distrib.
16(3): 488-495. https://doi.org/10.1111/1.1472-4642.2010.00642.x

Thomas, C. D., Cameron, A., Green, R. E., Bakkenes, M., Beaumont, L. J., Collingham,
Y. C., Erasmus, B. F., De Siqueira, M. F., Grainger, A., Hannah, L., and
Hughes, L. 2004. Extinction risk from climate change. Nat. 427(6970):
145. https://doi.org/10.1038/nature02121

Thorn, J. S., Nijman, V., Smith, D., and Nekaris, K. A. 1. 2009. Ecological niche

modelling as a technique for assessing threats and setting conservation

154


https://doi.org/10.1371/journal.pone.0055158
https://doi.org/10.1175/BAMS-D-11-00094.1
https://doi.org/10.1590/s1519-69842010000200005
https://doi.org/10.1046/j.0305-0270.2003.00994.x
https://doi.org/10.3390/agronomy9080442
https://doi.org/10.1111/j.1472-4642.2010.00642.x
https://doi.org/10.1038/nature02121

priorities for Asian slow lorises (Primates: Nycticebus). Divers. Distrib. 15(2):
289-298. http://dx.doi.org/10.1111/].1472-4642.2008.00535.x
Thuiller, W. 2003. BIOMOD - optimizing predictions of species distributions and

projecting potential future shifts under global change. Glob. Chang. Biol. 9:
1353-1362. https://doi.org/10.1046/j.1365-2486.2003.00666.x.

Thuiller, W. 2004. Patterns and uncertainties of species’ range shifts under climate
change. Glob. Change Biol. 10: 2020-2027. https://doi.org/10.1111/j.1365-
2486.2004.00859.x

Thuiller, W., Richardson, D, M., and Midgley, G. F. 2007. Will climate change
promote alien invasions? Biol. Invasions. 197-211.
http://dx.doi.org/10.1007/978-3-540-36920-2 12

Tiwari, S., Adhikari, B., Siwakoti, M., and Subedi, K. 2005. An inventory and

Assessment of Invasive Alien Plant Species of Nepal. IUCN-The World
Conservation Union, Nepal.

Tripathi, P., Behera, D. M., and Roy, P. S. 2019. Plant invasion correlation with climate
anomaly: an Indian retrospect. Biodivers. Conserv. 28:2049-2062.
https://doi.org/10.1007/s10531-019-01711-0

Tropical Plants Database, Ken Fern. tropical.theferns.info. 2021-09-16.
http://tropical.theferns.info/viewtropical.php?id=Senna+spectabilis

Urban, M. C., Bocedi, G., Hendry, A. P., Mihoub, J. B., Pe'er, G., Singer, A., Bridle, J.
R., Crozier, L. G., Meester, L. D., Godsoe, W., Gonzalez, A., Hellmann, J. J.,
Holt, R. D., Huth, A., Johst, K., Krug, C. B., Leadley, P. W., Palmer, S. C.,
Pantel, J. H., Schmitz, A., Zollner, P. A., and Travis, J. M. 2016. Improving the

forecast for biodiversity under climate change. Science. 353(6304): 1113 —
1122. doi: 10.1126/science.aad8466. PMID: 27609898.

Uyenoyama, M., Rama, S. 2004. Ed. The Evolution of Population Biology. Cambridge
University Press. 1-19.

Velazco, S. J. E., Galvdo, F., Villalobos, F., and Junior, P. D. M. 2017. Using

worldwide edaphic data to model plant species niches: An assessment at a

155


http://dx.doi.org/10.1111/j.1472-4642.2008.00535.x
https://doi.org/10.1046/j.1365-2486.2003.00666.x
http://dx.doi.org/10.1007/978-3-540-36920-2_12
https://doi.org/10.1007/s10531-019-01711-0
http://tropical.theferns.info/viewtropical.php?id=Senna%2Bspectabilis

continental extent. PLoS ONE. 12(10).
https://doi.org/10.1371/journal.pone.0186025

Veloz, S. D. 2009. Spatially autocorrelated sampling falsely inflates measures of
accuracy for presence- only niche models. J. Biogeogr. 36(12): 2290-2299.
https://doi.org/10.1111/].1365-2699.2009.02174.x

Vila, M., and Hulme, P. E., (Eds.). 2017. Impact of biological invasions on ecosystem
services (invading nature- springer series in invasion ecology. 12. Switzerland:
Springer.

Vila, M., Corbin, J. D., Dukes, J. S., Pino, J., and Smith. S. D. 2007. Linking plant
invasions to global environmental change. J. Canadell, D. Pataki, and L. Pitelka,
editors. Terrestrial ecosystems 1in a changing world. 93 - 102.

http://dx.doi.org/10.1007/978-3-540-32730-1 8

Wakibara, J. V. 1998. Observations on the pilot control of Senna spectabilis, an
invasive exotic tree in the Mahale Mountains National Park, Western Tanzania.
Pan Africa News, 5(1): 4-6.

Wakibara, J. V., and Mnaya, B. J. 2002. Possible control of Senna spectabilis
(Caesalpiniaceae), an invasive tree in Mahale Mountains National Park,
Tanzania. Oryx, 36(4): 357-363. https://doi.org/10.1017/
S0030605302000704.

Walther, G., Roques, A., Hulme, P. E., Sykes, M. T., Pys, P., Robinet, C., and
Semenchenko, V. 2009. Alien species in a warmer world: risks and
opportunities. Trends Ecol. Evol. 24(12): 686—693.
https://doi.org/10.1016/j.tree.2009.06.008

Walther, G.R. 2003. Plants in a warmer world. Perspect. Plant Ecol. Evol. Syst. 6(3):
169-185. https://doi.org/10.1078/1433-8319-00076

Walther, G.R. 2010. Community and ecosystem responses to recent climate change.
Philos. Trans. R. Soc. B-Biol. Sci. 365: 2019-2024.
https://doi.org/10.1098/rstb.2010.0021

156


https://doi.org/10.1371/journal.pone.0186025
https://doi.org/10.1111/j.1365-2699.2009.02174.x
http://dx.doi.org/10.1007/978-3-540-32730-1_8
https://doi.org/10.1016/j.tree.2009.06.008
https://doi.org/10.1078/1433-8319-00076
https://doi.org/10.1098/rstb.2010.0021

Walther, G. R., Post, E., Convey, P., Menzel, A., Parmesank, C., Beebee, T. J. C.,
Fromentin, J. M., Guldbergl, O. H., and Bairlein, F. 2002. Ecological responses
to recent climate change. Nat. 416: 389 — 395. https://doi.org/10.1038/416389a

Wan, J. Z., and Wang, C. J. 2018. Expansion risk of invasive plants in regions of high
plant diversity: a global assessment using 36 species. Ecological Informatics.

46: 8-18. http://doi.org/10.1016/j.ecoinf.2018.04.004

Wan, J., Wang, C., and Yu, F. 2016. Risk hotspots for terrestrial plant invaders under
climate change at the global scale. Environ. Earth. Sci. 75: 1012.
doi:10.1007/s12665-016-5826-8

Ward, E.J., Holmes, E.E., Thorson, J.T., and Collen, B. 2014. Complexity is costly: a
meta-analysis of parametric and non-parametric methods for short-term
population forecasting. Oikos. 23: 652—661. https://doi.org/10.1111/5.1600-
0706.2014.00916.x

Wassmann, R., Jagadish, S. V. K., Sumfleth, K., Pathak, H., Howell, G., Ismail, A.,
Serraj, R., Redona, E., Singh, R. K., and Heuer, S. 2009. Regional vulnerability

of climate change impacts on Asian rice production and scope for adaptation.
Adv. Agron. 102: 91-133. https://doi.org/10.1016/S0065-2113(09)01003-7.

Weed, A. S., Ayres, M. P., and Hicke, J. A. 2013. Consequences of climate change for
biotic disturbances in North American forests. Ecol. Monogr. 83, 441-470.
https://doi.org/10.1890/13-0160.1

Weldemariam, E.C., and Dejene, S.W. 2021. Predicting invasion potential of Senna
didymobotrya (Fresen.) Irwin & Barneby under the changing climate in Africa.

Ecological Processes. 10(5): 1 — 10. https://doi.org/10.1186/s13717-020-

00277-y
Williams, S. E., Shoo, L. P., Isaac, J. L, Hoffmann, A. A., and Langham, G. 2008.

Towards an integrated framework for assessing the vulnerability of species to
climate change. PLOS Biol. 6, 2621-2626.
https://doi.org/10.1371/journal.pbi0.0060325

157


https://doi.org/10.1038/416389a
http://doi.org/10.1016/j.ecoinf.2018.04.004
https://doi.org/10.1111/j.1600-0706.2014.00916.x
https://doi.org/10.1111/j.1600-0706.2014.00916.x
https://doi.org/10.1016/S0065-2113(09)01003-7
https://doi.org/10.1890/13-0160.1
https://doi.org/10.1186/s13717-020-00277-y
https://doi.org/10.1186/s13717-020-00277-y
https://doi.org/10.1371/journal.pbio.0060325

Wolkovich, E. M., Davies, T. J., Schaefer, H., Cleland, E. E., Cook, B. L., Travers, S.
E., Willis, C. G., and Davis, C. C. 2013. Temperature-dependent shifts in
phenology contribute to the success of exotic species with climate change. Am.
J. Bot. 100(7):1407-1421.

Zaniewski, A. E., Lehmann, A., and Overton, J. M. 2002. Predicting species spatial
distributions using presence-only data: a case study of native New Zealand
ferns. Ecol. Modell. 157(2): 261-280.

Zhang, K., Yao, L., Meng, J., and Tao, J. 2018. Maxent modeling for predicting the
potential geographical distribution of two peony species under climate change.
Sci. Total Environ. 634: 1326-1334.
https://doi.org/10.1016/].scitotenv.2018.04.112.

Zhang, M. G., Zhou, Z. K., Chen, W. Y., Cannon, C. H., Raes, N., and Slik, J. W. F.

2014. Major declines of woody plant species ranges under climate change in
Yunnan, China. Divers. Distrib. 20: 405-415.
http://dx.doi.org/10.1111/ddi.12165.

158


https://doi.org/10.1016/j.scitotenv.2018.04.112
http://dx.doi.org/10.1111/ddi.12165

IMPACT OF PROJECTED CLIMATE CHANGE ON THE SPREAD AND DISTRIBUTION
OF THE INVASIVE ALIEN SPECIES Senna spectabilis (DC.) H. S. Irwin & Barneby IN
WAYANAD DISTRICT OF KERALA

by
PREVENA V. P.
(2016 - 20 - 028)
THESIS ABSTRACT
Submitted in partial fulfilment of the

requirements for the degree of

B.Sc. — M.Sc. (Integrated) Climate Change Adaptation
Faculty of Agriculture

Kerala Agricultural University

COLLEGE OF CLIMATE CHANGE AND ENVIRONMENTAL SCIENCE
VELLANIKKARA, THRISSUR - 680 656
KERALA, INDIA

2021

159



ABSTRACT

Climate change has exacerbated the threat of biological invasions, particularly by
increasing the range of climatically suitable regions for invasive alien species. Many
native and invasive species' distributions are anticipated to change as the future climate
changes. Species distribution models may be particularly useful in risk analysis of
recently arrived invasive species. Preventive management is required in areas where
invasion is a danger. Senna spectabilis is a rampantly spreading recent invasive of
Kerala posing a major threat to the native species in ecologically important areas like
Wayanad wildlife sanctuary. The present study attempted to model the potential habitat
suitability of S.spectabilis under current and future climate conditions and understand
the effects of climate change on the distribution of Senna spectabilis. The study used
Maximum Entropy (MaxEnt) species distribution modelling utilising the primary and
secondary presence-only occurrence records. A total of fifteen environmental variables
including both bioclimatic and non-climatic variables were used for model
parametrisation. Annual mean temperature (BIO-1), Isothermality (BIO-2),
Temperature seasonality (BIO-4), Precipitation seasonality (BIO-15), Precipitation of
warmest quarter (BIO-18), Precipitation of driest quarter (BIO-17), elevation, slope,
aspect, distance from road, distance from water bodies, soil type, landcover, aspect and
population density were the optimized variables after excluding the autocorrelation
among the bioclimatic variables and analysing the climatic variability in future
representative concentration pathways. The best model for species distribution
modelling was chosen with ENMeval algorithm using R language. A High average
Area Under Curve (0.92 £+ 0.02) and True Skill Statistics (0.84) suggested that the
model developed had a good prediction accuracy. The study identified that the
temperature variables had a higher contribution with a cumulative contribution of
45.2% and will be the major factors which determine the distribution of Senna

spectabilis whereas, the precipitation variables had a cumulative contribution of only
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10%. Elevation contribute (20.8%) higher than other non-climatic variables. The
current distribution model estimates that about 66% of potential area of Wayanad is a
very high climatically suitable habitat for the profuse growth of S.spectabilis. The
reclassified five habitat suitability classes suggested that 34% of potential area of
Wayanad is under very high suitable habitat, 24% potential area under high suitability.
The low suitability accounted for 14% of the potential area which is in the western parts
of Wayanad. Eastern Wayanad and Wildlife sanctuary are the major invasion hotspots
of S.spectabilis. The study also forecasted the future distribution patterns of
S.spectabilis for the time period 2050s (2041-2060) and 2070s (2061-2080), based on
the four RCP scenarios viz; RCP 2.6, RCP 4.5, RCP 6, RCP 8.5 using the HadGEM2-
ES general circulation model. The projected model predicted that nearly half (49%) of
the potential area of Wayanad and 99% in Wayanad wildlife sanctuary will have no
change (presence of invasive species in both current and future scenarios) in species
distribution in 2050s RCP 4.5 scenario compared to current scenario and 34% of area
under range contraction in RCP 8.5 in Wayanad district. The model predicted that in
2070s, there would be a decline in range expansion and increase in range contraction
compared to 2050s time period and with highest range contraction in RCP 4.5 scenario
with 45% and 34% of potential area under range contraction in Wayanad and Wayanad
wildlife sanctuary respectively. Additionally, RCP 8.5 with 96% no change species
distribution area in wildlife sanctuary in 2070s. The model predicted that an increased
mean annual temperature (BIO-1) and precipitation of warmest quarter (BIO-18) would
not favour the species distribution in Wayanad district whereas, the decrease in the
most influencing variable isothermality (BIO-3) and the precipitation of driest quarter
(BIO-17) would significantly favour the distribution in the future. This would enhance
pressure and risks to vulnerable ecosystems of eastern Wayanad including Wayanad
wildlife sanctuary which calls for urgent action at the earliest to prevent from further

biodiversity loss.
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