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Abstract. Setyawan AD, SupriatnaJ, Nisyawati, Nursamsi |, Sutarno, Sugiyarto, Sunarto, Pradan P, Budiharta S, Pitoyo A, SuhardonoS,
Setyono P, Indrawan M. 2020. Anticipated climate changes reveal shifting in habitat suitability of high-altitude selaginellas in Java,
Indonesia. Biodiversitas 21: 5482-5497. High-altitude ecosystems with humid and cool climate are the preferred habitat for some
Selaginella species (selaginellas). Such habitats are available in Java, Indonesia, which also has fertile soils with rich mineral contents
resulted from volcanic activities. However, the high-altitude ecosystems in Java are threatened by various anthropogenic activities as well
as changes in climate conditions, potentially affecting some Selaginella species. This study aimed to investigate the shift in suitable habitat
of four species of high-altitude Selaginella spp. (Selaginella involvens, S. opaca, S. ornata, and S. remotifolia) in Java Island under current
and future climate conditions predicted by several representative greenhouse gas concentration pathways. Presence data of Selaginella
localities were collected from field survey between 2007 and 2014 across the island, as well as occurrence points from the Global
Biodiversity Information Facility database. A total of 1,721 occurrence points data along with environmental and climate data were used
to develop species distribution models using MaxEnt. Future habitat distributions were projected under four climate scenarios to see the
shift in suitable habitat and altitudinal ranges. The results showed that the distribution of the four high-altitude Selaginella species are
strongly influenced by altitude, annual average temperature, and annual rainfall. In the present time, 37.32% (48,974 km?) of the area of
Java has been predicted to be suitable for high-altitude Selaginella. Under the optimistic climate scenario (RCP 2.6), the highly suitable
area will likely to decrease by almost 35% in the year 2080, whereas the medium and low suitable areas will reduce by about 37.2% and
18.3%, respectively. Under the pessimistic scenario (RCP 8.5), about 21.2% of low suitable areas will be lost in 2080, whereas the medium
and highly suitable areas are predicted to decrease by around 38.1% and 33.4%, respectively. Under the pessimistic scenario, there will
be upward shift by 51.1 min the year 2030 from the current’s mean altitude and will shift by almost 150 m in the year 2080. The maximum
altitude of predicted suitable habitat is also predicted to increase to reach almost 3500 m asl in the year 2080. The results of this study
imply that habitat shift of four high-altitude Selaginella species varies depending on the scenario, but in all cases, the losses are greater
than gains.
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INTRODUCTION rates that can be divided into three categories of area. The
western region (Banten and West Java Province) and central
region (Central Java Province and Special Region of
Yogyakarta) have the same average rainfall at about 2000
mm per year. Eastern area of Java (East Java Province),

compared to the western region, has lower precipitation at

Java Island (Indonesia) is located in equatorial zone and
geographically lies 7°29'30”S 110°00"16”E, covering an
approximately 138,793.6 km? area of land. This island is
almost entirely of volcanic origin which contains thirty-eight

mountains, forming an east-west spine that has at one time
or another been active volcanoes (Thomson 2013). The
highest volcano in Java is Mount Semeru (3,676 m), whereas
the most active volcano on the island, and also in Indonesia,
is Mount Merapi (2,930 m). Like most islands in the
equatorial zone, Java Island has only two seasons, i.e. wet
season (during October-April) and dry season (during May-
September). Java Island has a wide range of precipitation

about 1900 mm per year. The areas with high altitude have
a higher precipitation rate and in some high-altitude areas in
Java precipitation could reach up to between 3000 and 5000
mm per annum (Qian et al. 2010). Likewise, the average
temperature of Java lIsland can be ranged differently
according to its altitude feature. Coastal areas have an
average temperature of between 22 °C and 32 °C. Whereas
in the areas with an altitude of between 400 and 1350 m asl
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(above sea level), the average temperature ranges between
18 °C and 29 °C. Higher altitude areas (above 1350 m asl)
generally have lower temperatures, in this case, the lowest
temperature in Java Island can reach minus 4 °C which was
recorded in Ranu Pani area (Mount Semeru) (Hariyati et al.
2013).

The geographical and climatic condition of Java along
with the rich biological diversity made this island
categorized as one of the 25 identified biodiversity hotspots
by Myers et al. (2000), overlap with the four closest
biologically richest hotspots, such as Indo-Burma,
Peninsular Malaysia, Wallacea, and the Philippines. This
island is a suitable habitat for about 25 species of Selaginella
which five of them endemic species to Java Island
(Setyawan 2008; Setyawan et al. 2016), making it as the
island with the richest diversity of Selaginella species in
Indonesia (Wijayanto 2014). Altitudinally, Selaginella
grows in lowlands and highlands, and there are some species
that grow in between the two areas, each with its own
preference (Setyawan 2008). Four of the most predominant
and prominent species of high-altitude Selaginella in Java
are Selaginella opaca Warb., Selaginella ornata (Hook &
Grev.) Spring., Selaginella remotifolia Spring., and
Selaginella involvens (Sw.) Spring (Setyawan 2012;
Setyawan et al. 2012, 2013, 2015c). However, the high-
altitude ecosystems of this island are currently under threat
from various anthropogenic activities, including conversion
into agriculture land especially for vegetable production,
expansion of settlements and tourism, and forestry. There is
another threat to these high-altitude ecosystems which is
often overlooked, namely climate change (Setyawan et al.
2020).

Climate is one of the most important factors influencing
the sustainability of plant species, vegetation pattern, and
structure and ecology of forest (Kumar 2011). Climate has
long been identified as a primary control of the geographic
distribution of plant species (Forman 1964). However,
current global climate condition is already moving toward
dangerous and unprecedented conditions driven by major
and pervasive anthropogenic activities on the Earth's
atmosphere, land surface, and waters (IPCC 2007). Over the
period between 1880 and 2012, The Intergovernmental
Panel on Climate Change (IPCC) in the Fifth Assessment
Report (AR5) stated that the average global temperature rose
by about 0.85 °C. This condition can be seen as a potentially
devastating threat to the environment and all life within it
(Fitzpatrick et al. 2008; Beckage et al. 2008; Hasanuzzaman
et al. 2013). Furthermore, IPCC has developed predictive
scenarios on the future of global climate conditions,
projecting a further increase in global mean surface
temperature by 2.6-4.8 °C above pre-industrial levels, an
increase in flood and drought incidences, and spatial and
temporal changes in precipitation patterns in the year 2100
(IPCC 2014).

High-altitude ecosystems are likely to be more sensitive
to global warming, owing to the contraction of climatically
suitable areas for living organisms along with the increase in
elevation (Guisan et al. 1995; Theurillat et al. 1998; Diaz et
al. 2003; Beniston 2006). Recent study suggested that the
unprecedented rates of warming at high elevation ecosystem
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during the 21 century are predicted two or three times
greater than the rates of warming during the 20" century
(Nogue’s-Bravo et al. 2006). These changes are expected to
have devastating effects on plant communities in this
ecosystem (Guisan et al. 1995; Beniston et al. 1996; Guisan
and Theurillat 2000; Walther 2003; Fitzpatrick and
Hargrove 2009).

Along with the environmental degradation caused by
various anthropogenic activities, climate change is
considered will negatively affect the current patterns of plant
diversity (Belgacem et al. 2008). These compounding
threats are expected to lead to low emergence of annual
species, change the life cycle of plants, changes in
phenology and the timing of reproduction, and finally
reducing plants diversity (Thuiller et al. 2008; Belgacem et
al. 2008; Hilbish et al. 2010; Hill and Preston 2015). A
number of studies have been conducted in order to measure
the ecological impacts of climate change compounded with
destructive human activities, and to predict the response of
species to different drivers of change (e.g. Dillon et al. 2010;
Gilman et al. 2010; Pereira et al. 2010; Salamin et al. 2010;
Beaumont et al. 2011; Dawson et al. 2011; McMahon et al.
2011; Bellard et al. 2012; Belgacem and Louhaichi 2013).
Impacts of climate change in the early past had already been
seen, for instance, during the period between 1983 and 2012,
which was considered as the warmest 30-year period in the
last 800 years (IPCC 2014), many shifts in the distribution
and abundances of species occurred (Camillie and Gary
2003; Root et al. 2003). Moreover, it also has been estimated
that approximately 20% of all of the world's plant species
are on the verge of extinction (Brummitt and Bachman
2010), and Thomas et al. (2004) in their report stated that
about 15-37% of species in their sample of regions and taxa
will extinct caused by mid-range climate warming scenarios
by the year 2050.

In the last few decades, attention toward understanding
the potential effect of climate changes on the sustainability
of species leads to a marked increase of interest in the use of
Ecological Nice Modeling (ENM) (Merow et al. 2013;
Fourcade et al. 2014). ENM, also known as Species
Distribution Modeling (SDM), was developed in the mid-
1980 (Booth et al. 2014), comprehensively involving the
utilization of statistic, ecology, Geographic Information
System (GIS), and even Remote Sensing (RS) to develop
estimation of suitability niche for species across predefined
landscapes (Franklin and Miller 2009), while also can be
extrapolated through different space and time (Guissan and
Thuiller 2005; Elith and Leathwick 2009; Franklind and
Miller 2009).

Such modeling can be conducted using a variety of
methods including heuristic models (e.g. BIOCLIM—
Beaumont and Hughes 2002), combinatorial optimization
(e.g. GARP-Fitzpatrick et al. 2007), statistical models (e.g.
GAMs-Jensen et al. 2008), and machine learning (e.g.
ANN— Ostendorf et al. 2001, Berry et al. 2002, Harrison et
al. 2006; MaxEnt —Phillips et al. 2006) (Sinclair et al.
2010). Each of these approaches, indeed, has its own
advantages and disadvantages. Nevertheless, one of the most
growing approaches of ENM is Maximum Entropy
(MaxEnt) algorithms (Belgacem and Louhaichi 2013).
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MaxEnt modeling has a great potential for identifying the
distribution and habitat selection of wildlife given its
reliance on only presence locations and has shown higher
predictive accuracy than many other methods (Phillips et al.
2006; Baldwin 2009; Franklin and Miller 2009; Elith and
Frankling 2013; Peterson et al. 2011; Remya et al. 2015).
Being a general-purpose machine learning method, MaxEnt
offers a simple and precise mathematical formulation to
characterize the probability of distribution across user-
defined landscape (Phillips et al. 2006; Merow et al. 2013).
Furthermore, its ability extends to utilize different
environmental scenarios to estimate the changes of
probability of occurrence of species (Beaumont et al. 2007),
therefore, allowing user to evaluate the impact of climate
changes on the probability distribution of species (e.g.
Rondini et al. 2006; Botkin et al. 2007; Randin et al. 2008;
Engler and Guisan 2009; Garavito 2015; Setyawan et al.
2017).

Since high-altitude plants are expected to shift to higher
altitude than currently occupied (Grabherr et al. 1994;
Nilsson and Pitt 1991), the utilization of ENM along with
relevant approaches to model the effect of climate changes
on high-altitude Selaginella in Java and its altitudinal shifts
that may occur is pivotal importance as preliminary
information on how changes on climate may affect these
species. The changes in climate condition in the past has
already impacted habitat of Selaginella, as a part of plant
communities, in several places (e.g. Boettger 2009; Cao et
al. 2010; Bezrukova et al. 2012), it will likely affect the
distribution of this genera under future climate condition in
Java Island as well. This study aimed to investigate the shift
in suitable habitat of four species of high-altitude Selaginella
spp. (Selaginella involvens, S. opaca, S. ornata, and S.
remotifolia) in Java under current and future climate
conditions predicted by several representative greenhouse
gas concentration pathways.
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MATERIALS AND METHODS

Study area

This study was conducted to investigate the shift of
predicted suitable habitat for high-altitude Selaginella in
Java Island, Indonesia. All of the locality points were
collected in the mountainous areas of Java. Records points
were selected carefully to represents the geographical
distribution of high-altitude Selaginella spp. (Selaginella
involvens, S. opaca, S. ornata, and S. remotifolia) (Figure 1).

Procedures
Locality data

Presence data of Selaginella involvens, S. opaca, S.
ornata, and S. remotifolia were obtained during our field
survey across the island. To ensure the high-confidence level
of species identification, all of the specimens obtained were
identified using several references on Selaginella of the
Malay Archipelago and the adjacent regions, both early
(Alston 1934, 1935a,b, 1937, 1940) and latest literature
(Wong 1982, 2010; Tsai and Shieh 1994; Li and Tan 2005;
Chang et al. 2012; Zhang et al. 2013) as well as our
precedent publications (e.g., Setyawan 2012; Setyawan et al.
2012, 2013, 2015a,b,c; Setyawan and Sugiyarto 2015). We
tried to minimize bias in sampling intensity (Elith et al.
2006; Yackulic et al. 2013) during the data collection by
covering as wide areas as possible while also attempting to
cover all of the possible climatic and micro-climatic
variability of Java Island. From this work, we were able to
collect in total of 1330 occurrence points of those four high-
altitude Selaginella species, which were found distributed in
highland areas of western, central, and eastern parts of the
island. None coordinate error-correction was conducted for
these data as we ensured that the level telemetry error on
modern GPS used in this study (normally between 0.01 km
and 0.05 km), which is smaller than the resolution of
predictor variables, has little effect on the accuracy of
models (Montgomery et al. 2011).
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Figure 1. Map of point occurrence of selaginellas (Selaginella spp.) in Java Island, Indonesia used in this study. (Basemap source: Google

Terrain Layer)
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Additionally, we retrieved 965 occurrence points for all
of those species in Java Island from the Global Biodiversity
Information Facility database (http: //www.gbif.org??<d).
We carefully verified all of the occurrence points acquired
from the GBIF, and the errors that may occur were corrected
using Google Earth software (Google Earth Pro 2017). Data
records with lack of information on latitudinal and

longitudinal coordinates were geo-referenced using
Biogeomancer Workbench (http:
/iwww.biogeomancer.org), and guided by locality

descriptions on each datum (Guralnick 2006). Data records
that contain neither clear nor specific locality description
and cannot be geo-referenced were omitted. Afterward, 391
locality points from this database were combined with the
occurrence points collected from the field survey (1330
locality points) and then were filtered using spatial filtering
technique to reduce the effect of sampling bias. In total,
1,721 occurrence points were used in this modeling.

The availability of global biodiversity database and
environmental datasets has induced the increasing humber
of regional to continental-wide SDM studies (Hijmans et al.
2005; Kozak et al. 2008). However, strong geographic
biases are often exhibited in occurrence data derived from
collection of records and/or opportunistic observation
(Stolar and Nielsen 2015). Therefore, sampling bias
correction is highly important and advised strongly to be
conducted to minimize the influence of sampling bias on
modeling prediction ability and later interpretation
(Fourcade et al. 2013; Kramer-schadt et al. 2013; Fourcade
et al. 2014). Fourcade et al. (2014) in their study proposed
five sampling bias correction methods which were carefully
designed to minimize the effect of four types of sampling
biases that may occur within the occurrence points.
Subsequently, we identified the type of sampling data biases
contained in our presence data and then conducted two out
of those five proposed sampling bias correction methods.
The first was Spatial filtering, which was conducted by
creating a grid of 2x2 km cell size and randomly select only
one point of occurrence per grid cell. The size of the grid cell
is not the representation of approximate species' dispersal
capability, but rather as a careful modification of 10-km
radius rule of spatial filtering proposed by Kramer-Schadt et
al. (2013) and Boria et al. (2014). QuantumGIS software ver.
3.0.0 (QGIS Development Team 2018) was used in the grid
creation and random points selection processes. The second
method was Bias file utilization; bias file is a probability
surface that represents the intensity of sampling effort across
the area of study and gives a gradual weight to random
background data used for modeling (Fourcade et al. 2014).
Creating an ideal bias file requires the actual sampling
intensity data across the study area. Even though it can be
roughly estimated by the aggregation of occurrences from
closely related species (Phillips et al. 2009), such datum is
very limited in availability and hard to generate. In
consequence, we created bias grids by deriving a Gaussian
kernel density map of the occurrence locations using
SDMToolbox of ArcGIS, and then rescaled it from 1 to 20
(Fourcade et al. 2014). Bias file was later used by fed it into
MaxEnt software during modeling process through setting

5485

options (Dudik et al. 2005; Elith et al. 2010; Phillips et al.
2017).

Environmental and climate data

The model in this study was built using environmental
and bioclimatic variables which were selected based on
earlier screenings of related variables considered as the main
factors affecting the distribution of species. We first
collected 19 bioclimatic and three environmental variables
which were expected to have direct effect on plant growth
and survival, based on preceding studies (e.g. Soria-auza
2009; Hu et al. 2015; Mod et al. 2016; Setyawan et al. 2017;
Velazco et al. 2017). The bioclimatic layers ver 2.0 (Fick
and Hijmans 2017) plus altitude layer were acquired from
WorldClim Bioclimatic datasets website
(www.worldclim.org). Bioclimatic layers were produced by
interpolating the average monthly climate data from
between 9,000 and 60,000 weather stations at approximately
1 km? (30 arc-second) spatial resolution (Fick and Hijmans
2017). Soil types and geological features of Java Island were
collected from freely available Indonesian Geospatial
Information Agency's (Indonesian: Badan Informasi
Geospasial, abbreviation: BIG) website. These datasets were
then pre-processed in advance through several processes
including image cutting, resampling of data in a geographic
coordinate system of WGS48 at a resolution of 1 km?
(0.008333 decimal degree), and file format converting into
ASCII format. All of these processes were performed using
QuantumGIS software ver 3.0.0.

Certainly, issues of redundancy and multi-collinearity
will raise as a consequence of high inter-dependency
between some of the bioclimatic variables (Bedia et al.
2013). Although neglecting these issues will not affect the
predictive quality of model greatly (Elith et al. 2011), it
does, however, negatively affects model interpretability,
limit any inference of the contribution of any correlated
variables, and also hampering the ability of the model for
extrapolation (Brauner and Shacham 1998; Van Gils et al.
2012, 2014). Therefore, in order to avoid these effects, we
omitted the bioclimatic variables yielding correlation values
above 0.95 (Spearman's rho coefficient) in the pairwise
cross-correlation matrix of each dataset (intra-dataset
correlations) (Bedia et al. 2013). We used SDM toolbox ver.
2.0 (Brown 2014) in ArcGIS ver. 10.3 to perform calculation
and automatically removed each one of the two correlated
variables. Finally, the remaining twelve variables (i.e. bio_1,
bio_2, bio_3, bio_4, bio_12, bio 13, bio_15, bio_18, and
bio_19) along with three environmental variables (i.e.
altitude, soil type, geological features) were then compiled
to be used as predictor variables in this study (Table 1).

Future climate projections

We used the future climate scenarios of the WorldClim
datasets projected with the Earth System configuration of the
Hadley Global Environment Model-2 Carbon Cycle
(HadGEM2-CC) which were developed by the Hadley
Center, United Kingdom (Collins et al. 2011). HadGEM2-
CC was produced by modeling the physical climate along
with the earth system components and couplings.
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Table 1. Climate and environmental variables used to build the
models

Code Name Unit
Alt Altitude m asl
bio_1 Annual Mean Temperature °Cx10
bio_2 Mean Diurnal Range °Cx10
bio_3 Ishotermality %100
bio_4 Temperature Seasonality %100
bio_12 Annual Precipitation mm
bio_13 Precipitation of Wettest Month mm
bio_15 Precipitation Seasonality mm
bio_18 Precipitation of Warmest Quarter mm
bio_19 Precipitation of Coldest Quarter mm
javasoil Soil type

javageologi Geology features

Key features of targeted physical performance are El
Nino Southern Oscillation (ENSO) and land-surface
temperature biases (Koo et al. 2015). Therefore, the physical
climate in the HadGEM2-CC family can sustain a realistic
vegetation distribution (Collins et al. 2008). This system
model has been used to perform all the CMIP5 (Coupled
Model Inter-comparison Project Phase 5) centennial
experiments including ensembles of simulations of the RCPs
(Shrestha and Bawa 2014). We selected four RCP
(Representative Carbon pathways), which represents the
future greenhouse gas (GHG) emission trajectories, namely
RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5 in three different
periods of time (2030, 2050, and 2080). RCP 2.6, the most
optimistic projection, projected that global GHG emission
(measured in CO2-equivalents) will increase slowly to reach
its peak at 3.1 W/m2 in between 2010-2020, with the
emissions declining significantly thereafter to 2.6 W/m2 by
the year 2100 (Van Vuuren et al. 2007; Moss et al. 2010).
Emissions in RCP 4.5 is assumed to be stabilized at 4.5
W/m2 by the year 2100 due to the variety of strategies and
technologies implemented to reduce GHG emissions level
(Clarke et al. 2007). Likewise, the emissions in RCP 6.0 is
projected to reach its peak around 2080 and stabilizes by the
year 2100 at 6.0 W/m2. In RCP 8.5, emissions continue to
rise throughout the 21st century, reaching around 8.5 W/m2
as the highest level by the end of the century (Riahi et al.
2011).

It has been known that these climate scenarios contain
systematic error (biases) due to the limited spatial resolution,
simplified physic and thermodynamic processes, and
numerical schemes or incomplete knowledge of climate
system processes (Ramirez-Villegas et al. 2013). Therefore,
we implemented bias correction data provided by CGIAR-
CCAFS under three different calibration approaches: (i)
Bias Correction, this approach revise the projected raw
GCM output using the differences in the mean and
variability between observations and GCM, in a reference
period (Hawkins et al. 2013); (ii) Change Factor (CF), in this
approach the raw GCM outputs current values are subtracted
from the future simulated values, resulting in "climate
anomalies" which are then added to the present-day
observational dataset (Tabor and Williams 2010); (iii)
Quantile Mapping (QM), this approach removes the
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systematic bias in the GCM simulations and account for the
biases in all statistical moments, however, like all statistical
downscaling approaches, it is assumed that biases relative to
historical observations will be constant in the projection
period (Thrasher et al. 2012).

Model development

In total, 1,721 occurrence points and twelve variables
were then used to build the models using freely available
MaxEnt software ver. 3.4.1 (Phillips et al. 2017). MaxEnt
was chosen as it has been proved to give better results than
other modeling algorithms with the basis of presence-only
data (PO) or presence-background (PB) along with
environmental variables (Philips and Dudik 2008; Summers
et al. 2012). Further consideration to use MaxEnt in this
study was because the aim of this study is in accordance with
the good performance of MaxEnt to model the effect of
climate change on the potential shifting range of species
(e.g. Kou et al. 2011; Johnston et al. 2012; Duan et al. 2016).
Furthermore, MaxEnt also offers a wide variety of setting
options which will be different in each case and occasionally
requires species-specific settings (Merow et al. 2013).
Hence, we tried to ensure that the setting options were
adjusted to our specific study aims, hypothesis, and our
intended assumptions (Peterson et al. 2011; Araujo and
Peterson 2012; Merow et al. 2013). The adjusted parameters
were as follow: (i) Convergence threshold was set to 1x10°
6, (i) The number of replicated runs was set to ten times (the
averaged value is the one used as the result) using "cross-
validate™ as the replicated run type. Using "cross-validate"
means to split the data ten times (10% per partition), train
the model ten times on 90% of the data, and test it each time
on the 10% partition alternately. (iii) Maximum iterations
were set to 5,000 for each run to allow the model to have
adequate time for converging, Furthermore, to avoid over-
fitting and assuming that the species respond directly to the
predictors (vs to correlated factors), we decided to "“smooth™
the model by choosing only hinge features (Elith et al. 2010).
Considering that we used a large collection of occurrence
from diverse regions to be projected to different climate
condition, the default "regularization multiplier" value was
doubled to accommodate aforementioned type of data and
aim of study (Elith et al. 2006; Merow et al. 2013;
Radosavljevic and Anderson 2013). We used the
"projection™ feature to extrapolate the model into different
climate projections in order to predict the impact of
projected future climate conditions to the redistribution of
potentially suitable habitat for both species (Van der Wall et
al. 2009).

Model evaluation

Model performance evaluation was conducted using the
Area Under the Receiver Operating Characteristic (ROC)
Curve (AUC) produced by the MaxEnt itself and True Skill
Statistic (TSS) which was calculated using sensitivity and
specificity values. AUC value ranges from 0 (lowest) to 1
(highest), whereby value between 0 and 0.5 represents that
the model is no better than just random prediction, value
below 0.7 is low, value between 0.7 and 0.9 is good, and
value above 0.9 indicates high discrimination or indicates
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that the model is far better than random prediction (Araujo
et al. 2005). Despite having been proved that AUC does not
necessarily provide useful information to assess and/or to
evaluate the model performance (by Lobo et al. 2008; Bahn
and McGill 2013; and Aguirre-Gutiérrez et al. 2013), we
reported it to illustrate that the models in this study perform
better than any model with a set of random predictors.
Additionally, we calculated the True Skill Statistic (TSS)
(also known as the Youden index), as an additional
measurement to evaluate the performance of the model
(Youden 1950; Allouche et al. 2006). Another measurement
of model evaluation was demonstrated by several studies
using Kappa statistic (e.g. Duan et al. 2014; Ali and Hossein
2016; Bagheri et al. 2017). However, regarding the use of
Kappa value, its value is highly correlated to prevalence of
the locality points and the size of the study area (Lobo et al.
2008; Fourcade et al. 2017), hence, would generate some
sort of bias or misunderstanding. Moreover, due to the fact
that both AUC and Kappa are weighting omission and
commission errors equally (Allouche et al. 2006; Lobo et al.
2008; Jimenez-Valverde 2012; 2014; Fourcade et al. 2017),
Kappa, just like AUC, is more reliable if it is applied in PA
(Presence-Absence) model. Consequently, we assume that
the utilization of TSS in this study, wherein using presence-
only data, is more suitable than the use of Kappa statistics.

Data analysis

By using the “logistic” output format, we retrieved
prediction maps which depict the distribution of potential
ecological niche of species across the study area and the
changes of its distribution under future climate projections
(Philips and Dudik 2008) which were linearly scaled
between 0 (lowest) to 1 (highest). All of the maps produced
by MaxEnt were in ASCII file format. We imported the
ASCII file containing the probability of habitat suitability
into QuantumGIS software ver. 3.0.0 and reclassified it into
three classes: low suitability (25-50 % probability of
occurrence), medium suitability, (50-75% probability of
occurrence), and high suitability (>75 % probability of
occurrence). The reclassification was conducted to allow us
to compare the changes in every class over time and space
by comparing the total area of predicted habitat under
current and projected future climate conditions by counting
the number of "presence" grid cells and multiplied it by their
spatial resolution. The lowest suitability value was acquired
using selected threshold rule. Indeed, in the process of
selecting threshold rule, one should avoid arbitrariness and
should incorporate consideration of relative importance
difference between commission error and omission error
(Phillips and Dudik 2008; Nenzen and Araujo 2011; Bean et
al. 2012; Syfert et al. 2013). By considering that reducing
omission error is more important determinant than reducing
commission error, Norris (2014) proposed "minimum
training presence" or "fixed cumulative value 1" as the most
appropriate rule. However, Liu et al. (2016) stated that those
proposed threshold rule may be more convenient for
modeling rare species, but in the case of more common
species, reducing commission error should be considered
more than lowering the omission error. Therefore, following
Liu et al. (2016), we selected "maximum training sensitivity
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plus specificity" threshold rule to be used in this study.
Additionally, we also retrieved the variables' relative
contribution to the models and quantify the degree to each
variable affect the prediction. We also retrieved alternate
estimation of variable importance by running the jackknife
test. Jackknife test will shows which variable has the most
information that is not present in the other variables and
which variable has the most useful information by itself
(Phillips et al. 2009). A separate analysis, which focused on
observing the potential change of altitudinal distribution of
high-altitude Selaginella, was conducted by comparing the
mean values of the predicted areas under current and future
climate scenarios conditions using independent sample T-
test (Shrestha and Bawa 2014).

RESULTS AND DISCUSSION

Results
Model evaluation and variables importance

According to the calculations of the relative
contributions of environmental variables to the MaxEnt
models under the current scenario, there are three variables
which are considered have the most contribution to the
model, i.e. Altitude (alt), Annual mean temperature (bio_1),
and Annual precipitation (bio)_12) (Table 2). Altitude made
the largest contribution with 53.8%, followed by annual
mean temperature and annual precipitation with 13.2% and
7.3%, respectively, making the cumulative contributions of
these factors of 74.3%. Thus, suggesting that the
distributions of high-altitude Selaginella are strongly
influenced by these three variables. Similarly, the results of
jackknife test suggested that Altitude and Annual mean
temperature give the highest gain when used in isolation
(Figure 2), which means that these variables appear to have
the most useful information by itself and, therefore, provide
the highest contribution to the model (Phillips et al. 2008).
Furthermore, The environmental variable that decreases the
gain the most when it is omitted is mean diurnal range
(bio_2) which therefore appears to have the most
information that is not available in the other variables
(Phillips et al. 2008).

Table 2. Percentages of variables contribution to the model

. . Contribution
Environmental variables

(%)
Altitude (Alt) 53.8
Annual Mean Temperature (°C *10) (bio_1) 13.2
Mean Diurnal Range (Mean of monthly 5.7
(max temp-min temp)) (bio_2)
Isothermality (bio_3) 3.7
Temperature Seasonality (standard 2.2
deviation *100) (bio_4)
Annual Precipitation (bio_12) 7.3
Precipitation of Wettest Month (bio_13) 0.4
Precipitation Seasonality (bio_15) 3
Precipitation of Warmest Quarter (bio_18) 1.2
Precipitation of Coldest Quarter (bio_19) 0.8
Soil type (javasoil) 2.8
Geology features (javageologi) 5.9
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Figure 2. Results of jackknife test of relative importance of predictor variables for high-altitude Selaginella

Response curve produced by MaxEnt illustrates how
each variable affects the prediction by showing how the
logistic prediction changes as each variable varied (Phillips
et al. 2006). As has been stated before, altitude is the most
important determinant in the model, with the response curve
indicates positive correlation between altitude level and
probability of occurrence. The probability of occurrence
gradually increases to above 50% at the altitude of about 800
m asl and then reaches its peak at around 2,300 m asl before
a slight decrease at higher altitude, but still at high
probability (Figure 3.A). Response curve of the second most
important variable (Annual mean temperature) depicts that
the probability of presence is high in the area that has annual
mean temperature of between 15 °C and 22 °C (Figure 3.B).
Areas which have either lower or higher mean temperature
per annum than the aforementioned range have lower
probabilities. Response curve of annual precipitation rate
(bio_12) also projects positive correlation between
probability of presence and annual precipitation rate. The
best rate of annual precipitation for the presence of species
is predicted at an above 3000 mm year-* (Figure 3.C).

toalt

Response of Selaginella to bio_1

The performance of MaxEnt model in term of predictive
accuracy and statistical significance are often investigated
by evaluating the AUC value and performing additional
statistical calculation (Peterson et al. 2011). The AUC value
obtained from the model's result in this study was 0.860,
which indicate that the model has a good discrimination
ability and the model performs better than any model with a
set of random predictors (Lobo et al. 2008; Peterson et al.
2008; Jimenez-Valverde 2012, 2014; Fourcade et al. 2017).
Additional evaluation of the model was conducted using
True Skill Statistic (TSS) by calculating the summary of
sensitivity and specificity minus one. The data acquired to
calculate the value were obtained from background
prediction and sample prediction file from the MaxEnt
result. The retrieved TSS value of 0.86 gives the impression
that the model built in this study have a good degree of
agreement, good predictive capacity, and also can be
interpreted as evidence for real ecological phenomenon,
based on climatic and environmental variables used
(Allouche et al. 2006; Li and Guo 2013).

of to bio_12
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Figure 3. Response curves from MaxEnt of the most important variables to the species distribution model: A. Response curve for Altitude;
B. Annual mean temperature (in °C*10); C. Annual Precipitation (in mm year-1). The curves show the mean response of the 10 replicate
MaxEnt runs (red) and the mean +/-one standard deviation (blue, two shades for categorical variables)
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Predicted suitable habitat under current climate

Projected distribution of predicted suitable habitat for
high-altitude Selaginella under current climate condition is
shown in Figure 4. Subsequent to categorized the output into
two categories (suitable vs unsuitable) using the
aforementioned threshold rule (see Methods), the predicted
suitable habitat were then reclassified into three classes: low
suitability (25-50% probability of occurrence), medium
suitability, (50-75% probability of occurrence), and high
suitability (>75% probability of occurrence) to allow us to
compare the changes in every class of probability under
future climate projection. According to the result, about
37.32% (48,974 km?) area of Java Island was predicted to be
suitable for high-altitude Selaginella. The number consisted
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of 17.73% (23,272 km?), 12.37% (16,239 km?), and 7.21%
(9,463 km?) of low, medium, and high probability areas,
respectively (Figure 7).

The predicted suitable habitats were distributed across
the mountainous areas of Java Island, from western to
eastern part of the island. The high probability of suitable
areas was mainly concentrated in Central and East Java,
whereas West Java and Banten province dominated by low
and medium probability areas. Altitudinally, the low
probability areas were mainly distributed at the altitude of
between 500 and 1291 m asl, medium probability at between
1292 and 1734 m asl, and high probability at above 1734 m
asl (Figure 5).
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Figure 4. Predicted distribution of suitable habitat for high-altitude Selaginella under current climate condition (Base map: Google

Physical Maps 2014).
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Figure 5. Predicted altitudinal distribution of high-altitude Selaginella suitable habitat under current climate condition
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Predicted suitable habitat under future climate scenarios
We used the "projection” feature in MaxEnt along with
four future climate scenarios (RCP) in three different time
periods to model the predicted suitable habitat of the four
high-altitude Selaginella in the future. The results of the
predicted suitable habitat under future climate were then
analyzed and compared with current prediction (Figure 6).
Under the RCP 2.6 climate scenario, the high probability
area will likely decrease by almost 35% in the year 2080,
whereas the medium and low probability areas will reduce
by about 37.2% and 18.3%, respectively. Likewise, under
the RCP 4.5 and 6.0 scenarios (medium GHG emission
scenario), there will be a gradual decrease of suitable areas
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which are approximately greater than the decrease of areas
under the RCP 2.6 scenario. Under these medium scenarios,
in 2080, about 18.1%, 37.5%, and 25.1% of low, medium,
and high probability areas will be lost respectively. The RCP
8.5 scenario is predicted to have the most negative effect on
the distribution of suitable habitat of high-altitude
Selaginella. Under this climate projection, about 21.2% of
low probability areas will be lost across the given periods of
time, whereas medium probability areas predicted to
decrease by around 38.1% during the same time periods.
High probability areas are expected to decrease by about
33.4% in the year 2080 (Figure 7).
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Figure 6. Predicted distribution of climatically suitable habitat under future climate projections

60000

50000

40000

30000

20000

Area of Predicted (Km?)

10000 +—

W High (>75%)
® Medium (50-75%)

Low (25-50%)

RCP 2.6‘ RCP 4.5‘ RCP 6.0‘ RCP 8.5 RCP 2.6‘ RCP 4.5‘ RCP 6.0‘ RCP 8.5 RCP 2.6‘ RCP 4.5‘ RCP 6.0‘ RCP 8.5

Current 2030 2050 2080

Figure 7. Estimated areas of the predicted suitable habitat under current and future climate projections
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The projected climate changes are also predicted to
affect the altitudinal distribution of high-altitude
Selaginella’s suitable habitat (Figure 8, Table 3). The
models show that despite there will be upward shifts in
average distribution of suitable habitat under the RCP2.6,
RCP 4.5, and RCP 6.0 in 2030, the shifts, however, are still
statistically insignificant (p = 0.01), which mean that the
upward shifts in this year and under aforementioned
projections are small and still no noteworthy. The upward
shift in the year 2030 is statistically significant only under
RCP 8.5 climate projection, wherein the mean altitude was
predicted to increase by 51.1 m from current’s mean altitude.
Further upward shifts on the distribution of high-altitude
Selaginella’s suitable habitat are predicted in 2050 and 2080
under all of RCP projections. In the year 2080 and under
RCP 8.5 climate projection, the altitudinal mean will shift
by almost 150 m from current average altitude. The
maximum altitude of predicted suitable habitat is also
predicted to increase to reach almost 3500 m asl in the year
2080 (RCP 8.5), since the effect of climate changes not only
affecting the average altitude, but also affecting the
minimum and maximum altitudinal distribution of predicted
suitable habitat (Figure 8). All of these shifts beyond the
RCP 8.5 (2030) were calculated to be statistically significant
(Table 3).

Discussion

Rapid changes on the environmental condition caused by
climate changes in the past decades have induced ecologists
to increase their focus on the potential response of plant
communities to climate change (Hamrick 2004). Several
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studies (e.g. Parmesan et al. 2003; Colwell et al. 2008;
Lenoil et al. 2008; Doak and Morris 2010; Feelay 2012)
have reported that range shrinkage and extinction of
organisms are examples of ecological impacts of climate
changes. Java Island, which is the most densely populated
island in Indonesia, will likely to suffer more from the
worsening human-induced climate changes. In this study,
we have examined how climatic factors affect climatic
habitat suitability and geographical range as well as
altitudinal distribution of four high-altitude Selaginella
species.

Table 3. Independent T-test of average elevation shift of
Selaginella habitat under current condition and future climate
scenarios.

Climate scenarios Year Mean SD P-value
Current condition - 1530.1 633.9

RCP 2.6 2030 1550 601.8 0.29
RCP 4.5 2030 1559 604.3 0.26
RCP 6.0 2030 1561.7 608.8 0.11
RCP 8.5 2030 15811 6152 0.011
RCP 2.6 2050 1589.2 6164 0.001
RCP 4.5 2050 1592.1 627.2 3.3x10*
RCP 6.0 2050 15948 604.2 3 x10*
RCP 8.5 2050 1601.8 599.9 1.2x10*
RCP 2.6 2080 1608.1 619.9 1x10*
RCP 4.5 2080 1627.1 5851 1.12x10°
RCP 6.0 2080 1630.7 672.8 1.1x10°
RCP 8.5 2080 16735 629.7 1x107
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Figure 8. Predicted changes in the altitudinal ranges of suitable habitat under future climate projections. The box plots present median,
lower quartile, upper quartile, maximum and minimum observations. Altitude is measured in m asl. (meter above sea level)



5492

The results of the model showed that altitude and annual
mean temperature were two of the most dominant driving
factors of habitat suitability for high-altitude Selaginella.
The model showed that there is a positive correlation
between altitude and the habitat range of high-altitude
Selaginella and there is a negative correlation between
annual mean temperature and such range. Geographical
variables, such as elevation, are often related to local
precipitation and temperature features (Austin 2002; Kdrner
2007) and have been considered important determinants of
species distribution in mountainous habitats (Kérner 2004,
2007; Oluwatobi and Thompson 2015). Temperature, as a
regulator of evapotranspiration level, become highly
important factor in order to maintain the level of humidity in
the region. Water availability, which is measured in annual
precipitation (Bio_12), is also another determining factor of
habitat suitability for high-altitude Selaginella. The positive
correlation between the annual precipitation and the
probability presence of the species (Figure 2.C), suggests
that the four species of high-altitude Selaginella require a
high level of humidity. Humidity is correlated with many
environmental factors that influence the biochemical and
physiological processes of plants (e.g. Platt et al. 1993;
Wang et al. 1998; Thuiller et al. 2008; Timothy et al. 2009;
Bowman 2011; Ruszala et al. 2011). Therefore, the
combination of those three factors is expected to be the main
role in shaping the ecological adaptation and the distribution
pattern of high-altitude Selaginella.

A set of future climate scenarios, which was projected
under four GHG emission trajectories (the RCP), will likely
affect the sustainability of high-altitude Selaginella species
negatively. The models predicted the losses of suitable
habitat will occur gradually across the area of study during
the given periods of time. Under the lowest GHG emission
projection (RCP 2.6) wherein radiative forcing reaches 2.6
W/m2 by the year 2100 (Meinshausen et al. 2011; IPCC
2014), the annual mean temperature is projected to rise by
up to 1.05 °C which is predicted to occur mostly in lowland
areas (Figure 9.A). Likewise, under the worst scenario
projection (RCP 8.5; radiative forcing 8.5 W/m2 by the year
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2100), the magnitude of temperature is predicted to increase
by about 2.71 °C (Figure 9.B). Unlike in the case of
temperature, the changes in precipitation would not be the
same across the Java Island areas. There will be areas where
the amount of precipitation shows a decreasing trend while
in other areas there is an increasing trend (Figures 9.C and
9.D). This projection of changes in annual precipitation is in
accordance with a study conducted by Siswanto and Supari
(2015), which found that during the last 30 years, changes in
total annual rainfall across the Java Island vary from-170 to
+82 mm/decade. These changes in climate conditions in the
future have been predicted to lead to decreasing trends of
high-altitude Selaginella’s habitat at a rate of between 2.2%
and 4.7% per decade. The model results demonstrated that
altitude, annual mean temperature, and annual precipitation as
three of the most dominant driving factors of habitat suitability
of four species of high-altitude Selaginella, confirming the
fact that changes in these factors have negative impacts on
the sustainability of the species in the future.

Temperature, as the second most dominant factor,
allegedly affects both the photosynthetic capability and
preservation of photosynthetic apparatus of Selaginella
species (Jagels 1970, Eickmeier 1985). The negative
correlation between temperature and probability of high-
altitude Selaginella’s presence, depict the possible negative
effects of warmer temperature. Soni et al. (2012) in their
study stated that S. bryopteris shows a very poor mechanism
for its stomatal regulation in response to high temperature,
which also affects its photosynthesis capability. Further-
more, regarding the effect of changes in precipitation level,
studies conducted by Deeba et al. (2009) and Pandey et al.
(2010) demonstrated drastic inhibition in net photosynthesis
and maximal photochemical efficiency when S. bryopteris
induced with dehydration stress. Desiccation in this Selaginella
species can also cause enhanced production of reactive
oxygen species (ROS) and increased lipid peroxidation. In
consequence, the increasing level of annual mean
temperature and the decreasing level of annual precipitation
are the most important compounding factors of the sustainability
of high-altitude Selaginella’s habitat in the future.
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Figure 9. Changes in annual mean temperature (bio_1) under RCP 2.6 scenario (A) and RCP 8.5 scenario (B); changes in annual
precipitation (bio_12) under RCP 2.6 scenario (C) and RCP 8.5 scenario (D). Colors represent the difference between present climate and
future climate (2080-2100). Images were produced by subtracting the value of the future climate variable from the value of the current

climate variable on a cell by cell basis.
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Several studies have reported that the compounding
effects of climate change may threaten the survival of many
plant species (e.g. Dillon et al. 2010; Gilman et al. 2010;
Pereira et al. 2010; Salamin et al. 2010; Beaumont et al.
2011; Dawson et al. 2011; McMahon et al. 2011; Alice et al.
2012; Bellard et al. 2012; Belgacem and Louhaichi 2013).
In response to changes in the environmental condition,
plants may develop micro-evolutionary mechanisms to
adapt to new conditions, such as reducing photosynthetic
rates, growth rates, mineral absorption and tissue
regeneration, as well as and increasing concentrations of
secondary metabolites (Jochum et al. 2007; Wiens et al.
2009). Plants may also respond by contracting, expanding,
or even fragmenting their range of dispersal to follow the
changing environments (e.g. Philips et al. 2006; Wiens et al.
2009; Minteer and Collins 2010; Chen et al. 2011; Morueta-
Holme et al. 2015). Furthermore, several studies have also
reported the early sign of plants migration into higher
altitude areas induced by changes in climatic condition (e.g.
Zhang et al. 2001; Parmesan and Yohe 2003; Root et al.
2003; Leng et al. 2008; Lenoir et al. 2008; Bertrand et al.
2011; Petitpierre et al. 2016). The modeled altitudinal range
of suitable habitat for high-altitude Selaginella under future
climate condition, in this study, also provide similar signs of
range shifting into higher altitude. The shifts occur as the
lower land areas are predicted to become drier and warmer,
reducing the suitability of habitat at such lowlands and
increasing the suitability of wetter and cooler areas at higher
altitude (Allen and Breshears 1998; Parmesan and Yohe
2003; Parmesan 2006; Lenoir et al. 2008a,b). However, the
shifting may not occur evenly as the shifting will also be
constrained by some limitations, including dispersal ability
of the spore of Selaginella species, natural or anthropogenic
barriers, and interaction with other biotic factors (such as
herbivory animal). Therefore, to build a proper model that
can closely resemble the real-world phenomenon requires
enrichment of factors and variables which considered
directly or indirectly affecting the sustainability of the
species.

Despite several measurements have been taken to
minimize the errors in the model caused by bias on the
sampling data and to minimize bias on future climate
projections and species-specific setting options (see
Method), it is inevitable that overestimation and/or
underestimation (omission/commission error) may still be
contained in the results of the model. Such biases can be
caused by several reasons. First, neither the dispersal rate of
species nor the demography of meta-population was
included in the model, as these parameters are currently
unavailable. Cryptogam species, such as Selaginella, have a
wide dispersal range, and for this reason, modeling their
niche is better when absence data is available because it has
been known that ENM/SDM using true absence data rather
than pseudo-absence data have a lower rate of
overprediction (Vaclavik and Meentemeyer 2009). Second,
the low resolution of environmental variables used in this
study (1 km?) has not yet capable of representing the unique
environmental condition that greatly drives the probability
of the occurrence of species. Third, the predictors used in
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this study did not comprehensively represent all of the
environmental factors affecting the existence of the species
(e.g. biotic factor interaction). Fourth, the lack of human-
induced variables, such as land use/land cover changes,
deforestation, infrastructure development activities, which
can affect the dispersal and habitat shifting of the species.
Fifth, the lack of micro-climate variation variables which
predicted to affect the existence of species in the study area.
Therefore, it is important to note that, like most of the SDM,
the "predicted” distribution of suitable habitat does not
represent the "true" prediction of the distribution of species,
but rather the prediction of the distribution of "suitable"
habitat-based only on the variables used in this study.
Nevertheless, we may treat the results of this model as an
appropriate representation of how the current climate
condition shapes the distribution of suitable habitat for high-
altitude Selaginella, and its predicted redistribution under
the effect of future climate projections.

Incorporating  dispersal ~ rates,  meta-population
demography, and other multiple compounding factors,
which are expected to have both direct and indirect effect on
the target species and its associated biota, is desirable to
build a more ideal model (Morin and Thuiller 2009; Sinclair
et al. 2010; Ellis 2011). However, such an ideal package of
data is currently limited or unavailable. Nonetheless,
refining current climate models and incorporating recent
development of new climate models provide opportunity to
build more precise and ideal model. Future attempts of
modeling ENM/SDM are encouraged to incorporate
potential human-induced land use/land cover changes, more
detailed ecological data, data of biotic interactions between
species in the regional ecosystems, and better sampling of
presence data that accurately represent the variability of
ecological niche of species. Despite all of the presented
limitations, this study provides the baseline of understanding
the potential effect of climate changes on the distribution of
predicted suitable habitat for high-altitude Selaginella in
Java Island. Based on the results, therefore, we may make an
inference and draw a conclusion that future climate
conditions will negatively affect the sustainability of high-
altitude Selaginella by reducing the ability of certain habitat
to support the survival of the species. Moreover, habitat
shifting to higher altitude areas is also predicted to occur as
a result of changes in climate conditions.

REFERENCES

Aguirre-Gutiérrez J, Carvalheiro LG, Polce C, van-Loon EE, et al. 2013.
Fit-for-Purpose: Species Distribution Model Performance Depends on
Evaluation Criteria-Dutch Hoverflies as a Case Study. PLoS One 8 (5):
DOI: 10.1371/journal.pone.0063708.

Ali MZC, Hossein PS. 2016. Evaluation of MaxEnt method for habitat
distribution modeling of three plant species in Garizat rangelands of
Yazd province, Iran. Range Manag Agrof 37 (2): 142-147.

Alice CH, Satasook S, Paul J, Bates, Bumrungsri S, Jones G. 2012. The
projected effects of climatic and vegetation changes on the distribution
and diversity of Southeast Asian bats. Glob Change Biol 18 (6): 1854-
1865.

Allen CD, Breshears DD. 1998. Drought-induced shift of a forest-woodland
ecotone: Rapid landscape response to climate variation. Proc Natl Acad
Sci USA 95: 14839-14842.



5494

Allouche O, Tsoar A, Kadmon R. 2006. Assessing the accuracy of species
distribution models: prevalence, kappa and the true skill statistic (TSS).
J. Appl. Ecol 43: 1223-1232.

Alston AHG. 1934. The genus Selaginella in the Malay Peninsula. Gard
Bull Strait Settl 8: 41-62.

Alston AHG. 1935a. The Selaginella of the Malay Islands: I. Java and the
Lesser Sunda Islands. Bull Jard Bot Buitenzorg 3 (13): 432-442.

Alston AHG. 1935b. The Philippines species of Selaginella. Philippines J
Sci 58: 359-383.

Alston AHG. 1937. The Selaginella of the Malay Islands: II. Sumatra. Bull
Jard Bot Buitenzorg 3 (14): 175-186.

Alston AHG. 1940. The Selaginella of the Malay Islands: IIl. Celebes and
the Moluccas. Bull Jard Bot Buitenzorg 3 (16): 343-350.

Araujo M, Peterson AT. 2012. Uses and misuses of bioclimatic

envelope modelling. Ecology 93 (7): 1527-1539.

Araujo MB, Pearson RG, Thuiller W. 2005. Validation of species-climate
impact models under climate change. Glob Change Biol 11: 1504-1513.

Austin MP. 2002. Spatial prediction of species distribution: an interface
between ecological theory and statistical modeling. Ecol Modell 157
(1): 101-118.

Bagheri H, Ghorbani A, Zare Chahouki MA, et al. Halophyte species
distribution modeling with MaxEnt model in the surrounding
rangelands of Meighan Playa, Iran. Appl Ecol Envi Res 15 (3): 1473-
1484.

Bahn V, McGill BJ. 2013. Testing the predictive performance of

distribution models. Oikos 122 (3): 321-331.

Baldwin, Roger A. 2009. Use of maximum entropy modeling in wildlife
research. Entropy 11 (4): 854-866.

Bean WT, Stafford R, Brashares JS. 2012. The effects of small sample size
and sample bias on threshold selection and accuracy assessment of
species distribution models. Ecography 35: 250-258.

Beaumont LJ, Pitman A, Perkins S, Zimmermann NE, Yoccoz NG, Thuiller
W. 2011. Impacts of climate change on the world's most exceptional
ecoregions. Proc Natl Acad Sci USA 108 (6): 2306-2311.

Beaumont LJ, Pitman AJ, Poulsen M, Hughes L. 2007. Where will species
go? Incorporating new advances in climate modelling into projections
of species distributions. Glob Ch Biol 13: 1368-1385.

Beckage B, Osborne B, Daniel G. Gavin, et al. 2008. A rapid upward shift
of a forest ecotone during 40 years of warming in the Green Mountains
of Vermont. Proc Natl Acad Sci USA 105 (11): 4197-4209.

Bedia, Joaqu'in, Herrera, Sixto, Gutierrez, Jose Manuel. 2013. Dangers of
using global bioclimatic datasets for ecological niche modeling.
Limitations for future climate projections, Glob Planetary Change: 1-
46. doi: 10.1016/j.gloplacha.2013.04.005.

Belgacem AO, Louhaichi M. 2013. The vulnerability of native rangeland
plant species to global climate change in the West Asia and North
African regions. Clim Ch 119: 451-463.

Belgacem OA, Salem BH, Bouaicha A, EI-Mourid M. 2008. Communal
rangeland rest in arid area, a tool for facing animal feed costs and
drought mitigation: the case of Chenini Community, Southern Tunisia.
J Biol Sci 8 (4): 822-825.

Bellard C, Bertelsmeier C, Leadley P, Thuiller W, Courchamp. 2012.
Impacts of climate change on the future of biodiversity. Ecol Lett 15
(4): 365-383.

Beniston M, Fox DG, Adhikary S, et al. 1996. Impacts of climate change
on mountain regions. In: Intergovernmental Panel on Climate Change.
Second Assessment Report (ed. IPCC). Cambridge University Press,
Cambridge, UK.

Beniston M. 2006. Mountain weather and climate: a general overview and
a focus on climatic change in the Alps. Hydrobiologia, 562: 3-16.

Beniston, M. 2005. Mountain climates and climatic change: an overview of
processes focusing on the European Alps. Pure Appl. Geophys. 168,
1587-1606.

Bezrukova EV, Anderson, Vinkovskaya, Kharinsky, Kulagina NV. 2012.
Paleoenvironment: The stone age. Archae Ethno Anthrop Eurasia 40
(3) (2012): 2-11.

Boettger T, Hiller A, Frank W, Junge, Mania D, Kremenetski K. 2009. Late
Glacial/Early Holocene environmental changes in Thuringia,
Germany: Stable isotope record and vegetation history. Quarter Int 203:
105-112.

Booth TH, Nix HA, Busby JR, Hutchinson MF. 2014. BIOCLIM: the first
species distribution modelling package, its early applications and
relevance to most current MaxEnt studies. Divers and Distrib 20: 1-9.

Boria RA, Olson LE, Goodman SM, Anderson RP. 2014. Spatial filtering
to reduce sampling bias can improve the performance of ecological
niche models. Ecol Modell 275: 73-77.

BIODIVERSITAS 21 (11): 5482-5497, November 2020

Botkin DB, Saxe H, Miguel B, et al. 2007. Forecasting the Effects of Global
Warming on Biodiversity. Biosci 57 (3): 227-238.

Bowman JL. 2011. Stomata: Active Portals for Flourishing on Land.
Current Biol 21 (14): 540-541.

Brauner N, Shacham M. 1998. Role of range and precision of the
independent variable in regression of data. Aiche J 44: 603-611.

Brown JL. 2014, SDMtoolbox: a python-based GIS toolkit for landscape
genetic, biogeographic, and species distribution model analyses.
Methods Ecol Evol 5 (7): 1-7.

Brummitt N, Bachman S. 2010. Plants under pressure a global assessment.
The first report of the IUCN sampled red list index for plants. Natural
History Museum Press. London.

Brusca, R.C, Wiens, J.F, Meyer, W.M, Eble, J, Franklin, K, Overpeck, J.T,
Moore, W. 2013. Dramatic response to climate change in the
Southwest: Robert Whittaker's1963 Arizona Mountain plant transect
revisited. Ecol. Evol. 3, 3307-3319.

Camille P, Gary Y. 2003. A globally coherent fingerprint of climate change
impacts across natural systems. Nature 421: 37-42.

Cao X, Xu Q, Jing Z, Tang J, Li Y, Tian F. 2010. Holocene climate change
and human impacts implied from the pollen records in Anyang, central
China. Quater Int 227: 13-26.

Chang HM, Chiou WL, Wang JC. 2012. Flora of Taiwan,
Selaginellaceae. Endemic Species Research Institute, Nantou, Taiwan.
Clarke L, Edmonds J, Jacoby H, Pitcher H, Reilly J, Richels R. 2007.

Scenarios of Greenhouse Gas Emissions and Atmospheric

Concentrations. Sub-report 2.1A of Synthesis and Assessment Product

2.1 by the U.S. Climate Change Science Program and the

Subcommittee on Global Change Research. Department of Energy,

Office of Biological & Environmental Research, Washington DC.
Collins W, Bellouin N, Doutriaux-Boucher M, Gedney N, Hinton T, Jones

C, etal. 2008. Evaluation of the Had-GEM2 model. Hadley Cent Tech

Note 74.

Collins WJ, Bellouin N, Doutriaux-Boucher M, Gedney N, Halloran P, et
al. 2011. Development and evaluation of an Earth-System model—
HadGEM2. Geosci Model Dev Discuss 4: 997-1062.

Colwell RK, Brehm G, Cardelts CL, Gilman AC, Longino JT. 2008. Global
Warming, Elevational Range Shifts, and Lowland Biotic Attrition in
the Wet Tropics. Sci 322 (5899): 258-261.

Dawson TP, Jackson ST, House JI, Prentice IC, Mace GM. 2011. Beyond
predictions: biodiversity conservation in a changing climate. Sci 332
(6025): 53-58.

Deeba F, Pandey V, Pathre U, Kanojiya U. 2009. Proteome Analysis of
Detached Fronds from a Resurrection Plant Selaginella Bryopteris-
Response to Dehydration and Rehydration. J Proteomics Bioinform
Volume 2 (2) : 108-116.

Diaz HF, Grosjean M, Graumlich L. 2003. Climate variability and change
in high elevation regions: past, present and future. Climatic Change 59
(1): 1-4.

Dillon MC, Weltzin JF, Sanders NJ, Dunn RR. 2007. The biogeography of
prediction error: why does the introduced range of the fire ant over-
predict its native range. Glob Ecol Biogeo 16 (1): 24-33.

Doak DF, Morris WF. 2010. Demographic compensation and tipping points
in climate-induced range shifts. Nature. 467 (7318): 959-962.

Dobrowski, S.Z. 2011. A climatic basis for microrefugia: the influence of
terrain on climate. Glob. Change Biol. 17, 1022-1035.

Duan RY, Xiao-Quan K, Min-Yi H, Sara V, Xiang J. 2016. The potential
effects of climate change on amphibian distribution, range
fragmentation and turnover in China. PeerJ 4: 165-174.

Dudik M, Schapire RE, Phillips SJ. 2005. Correcting sample selection bias
in maximum entropy density estimation. App Advan Neural Inform
Process Sys 18: 181-197.

Eickmeier W. 1986. The correlation between high-temperature and
desiccation tolerances in a poikilohydric desert plant. Can J Botany 64
(1): 611-617.

Elith J, Franklin J. 2013. Species distribution modeling. In: Levin SA (ed).
Encyclopedia of Biodiversity Second Edition ed. Oxford: Academic
Press;. pp. 692+705. Oxford.

Elith J, Graham CH, Anderson P, Dudik M, Ferrier S, et al. 2006. Novel
methods improve prediction of species distributions from occurrence
data. Ecography 29: 129-136.

Elith J, Kearney M, Phillips S. 2010. The art of modeling range-shifting
species. Methods Ecology Evol 1: 330-342.

Elith J, Leathwick JR. 2009. Species Distribution Models: Ecological
Explanation and Prediction Across Space and Time. Annu Rev Ecol
Evol Syst 40: 677-97.



SETYAWAN et al. — Habitat suitability shifts of high-altitude selaginellas due to climate change

Elith J, Phillips SJ, Hastie T, Dudik M, Chee YE, Yates CJ. 2011. A
statistical explanation of MaxEnt for ecologists. Divers Distrib 17: 43-
57.

Ellis CJ. 2011. Predicting the biodiversity response to climate change:
challenges and advances. Syst Biodivers 9: 307-317.

Engler R, Guisan A. 2009. MigClim: Predicting plant distribution and
dispersal in a changing climate. Divers Distrib 15 (4): 590-601.

Feeley KJ. 2012. Distributional migrations, expansions, and contractions of
tropical plant species as revealed in dated herbarium records. Glob Ch
Biol 18 (4): 1335-1341.

Feeley, K.J, Silman, M.R, Bush, M.B, Farfan, W, Cabrera, K.G, Malhi, Y,
Meir, P, Revilla, N.S, Quisiyupanqui, M.N.R, Saatchi, S. 2011.
Upslope migration of Andean trees. J. Biogeogr. 38, 783-791.

Fick SE, Hijmans RJ. 2017. WorldClim 2: New 1-km spatial resolution
climate surfaces for global land areas. Int J Climat SEA 6: 817-823.

Fitzpatrick MC, Gove AD, Sanders NJ, Dunn RR. 2008. Climate change,
plant migration, and range collapse in a global biodiversity hotspot: the
Banksia (Proteaceae) of Western Australia. Glob Ch Biol 14: 1337-
1352.

Fitzpatrick MC, Hargrove WW. 2009. The projection of species distribution
models and the problem of non-analog climate. Biodiv Conserv 18:
2255-2261.

Fitzpatrick MC, Weltzin JF, Sanders NJ, Dunn RR. 2007. The
biogeography of prediction error: why does the introduced range of the
fire ant over-predict its native range. Glob Ecol Biogeo 16 (1): 24-33.
Forman R. 1964. Growth under controlled conditions to explain the

hierarchical distribution of a moss, Tetraphis pellucida. Ecol Monogr 34: 1-

25

Fourcade Y, Besnard AG, Secondi J. 2017. Paintings predict the
distribution of species, or the challenge of selecting environmental
predictors and evaluation statistics. Global Ecol Biogeogr 12 (1): 1-12.

Fourcade Y, Engler JO, Besnard AG, Rddder D, Secondi J. 2013.
Confronting expert-based and modelled distributions for species with
uncertain conservation status: a case study from the Corncrake (Crex
crex). Biol Conserv 167: 161-171.

Fourcade Y, Engler JO, Rodder D, 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): 678-692.

FranklinJ, Miller JA. 2009. Mapping species distributions: spatial inference
and prediction. Cambridge University Press. New York.

Garavito TN, Golicher D, Oldfield S. 2015. The Relative Impact of Climate
Change on the Extinction Risk of Tree Species in the Montane Tropical
Andes. PLoS ONE 10 (7): 136-149.

GBIF.org? (29 October 2020) GBIF Occurrence
//doi.org/10.15468/dl.ddtuw2

GBIF.org® (29 October 2020) GBIF Occurrence
//doi.org/10.15468/dl.uuhx5q

GBIF.org® (29 October 2020)
//doi.org/10.15468/dl.a79yu5

GBIF.org? (29 October 2020) GBIF Occurrence
//doi.org/10.15468/dl.njrbj5

Gilman SE, Urban MC, Tewksbury J, Gilchrist GW, Holt RD. 2010. A
framework for community interactions under climate change. Trends
Ecol Evol 25 (6): 325-331.

Google Earth Pro. 2017. Download Google Earth Pro for PC, Mac, or

Linux. https: //www.google.com/earth/download/gep/agree.html

Gottfried, M, Pauli, H, Reiter, K, Grabherr, G. 1999. A fine-scaled
predictive model for changes in species distribution patterns of high
mountain plants induced by climate warming. Divers. Distrib. 5, 241-
251.

Grabherr G, Gottfried M, Pauli H. 1994. Climate effects on mountain
plants. Nature 369 448-456.

Guisan A, Holten JI, Spichiger R et al. 1995. Potential Ecological Impacts
of Climate Change in the Alps and Fennoscandian Mountains.
Conservatoire et Jardin Botaniques, Geneva, Switzerland.

Guisan A, Thuiller W. 2005. Predicting species distribution: offering more
than simple habitat models. Ecol Lett 8: 993-1009.

Guisan, A, Theurillat, J.P. 2000. Equilibrium modeling of alpine plant
distribution: how far can we go? Phytocoenologia 30, 353-384.

Guralnick RP, Wieczorek J, Beaman R, Hijmans RJ, the BioGeomancer
Working Group. 2006. BioGeomancer: Automated Georeferencing to
Map the World's Biodiversity Data. PLoS Biol 4 (11): e381. DOI:
10.1371/journal.pbio.0040381.

Hamrick JL. 2004. Response of forest trees to global environmental
changes. Forest Ecol Manag 197 (3): 323-335.

Download https:

Download https:

GBIF Occurrence Download

https:

Download https:

5495

Hariyati JH, Arisoesilaningsih E, Hakim L. 2013. Seedling growth of some
native trees in Ranu Pani-Ranu Regulo restoration area, Bromo
Tengger Semeru National Park. J Biodiv Environ Sci 3 (6): 47-55.

Hasanuzzaman M, Nahar K, Gill SS, Fujita M. 2013. Drought Stress
Responses in Plants, Oxidative Stress, and Antioxidant Defense. In
Tuteja N, Gill SS (eds) Climate Change and Plant Abiotic Stress
Tolerance. Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim.

Hawkins ED, Osborne TM, Ho CK, Challinor AJ. 2013. Calibration and
bias correction of climate projections for crop modelling: An idealised
case study over Europe. Agr Forest Meteorol 170: 19-31.

Hijmans RJ, Cameron SE, Parra JI, Jones PG, Jarvis A. 2005. Very high
resolution interpolated global surfaces for global land areas. Intl J
Climatol 25: 1965-1978.

Hilbish TJ, Brannock PM, Jones KR, Smith AB, Bullock BN, Wethey DS.
2010. Historical changes in the distributions of invasive and endemic
marine invertebrates are contrary to global warming predictions: the
effects of decadal climate oscillations. J Biogeo 37: 423-431.

Hill MO, Preston CD. 2015. Disappearance of boreal plants in southern
Britain: habitat loss or climate change?. Biol J Linn Soc 115 (3): 598-
610.

Hu XG, Jin Y, Wang XR, Mao JF, Li Y. 2015. Predicting impacts of future
climate change on the distribution of the widespread conifer
Platycladus orientalis. PLoS ONE 10 (7): e0132326. DOI:
10.1371/journal.pone.0132326

IPCC. 2007. In: ML Parry, OF Canziani, JP Palutikof, PJ van der Linden,
CE Hanson (eds) Contribution of Working Group Il to the Fourth
Assessment Report of the Intergovernmental Panel on Climate Change,
2007. Cambridge University Press, Cambridge.

IPCC. 2014. In: Solomon S, Qin D, Manning M, Chen Z, Marquis M,
Averyt KB, Tignor M, Miller HL (eds) Climate change 2014: The
physical science basis. Contribution of Working Group | to the Fifth
Assessment Report of the Intergovernmental Panel on Climate Change.
Cambridge University Press, Cambridge.

Jagels R. 1970. Photosynthetic apparatus in Selaginella. I. Morphology and
photosynthesis under different light and temperature regimes. Can J
Botany 48 (1): 1843-1852.

Jensen RA, J Madsen, M O’Connell, MS Wisz, H Toemmervik, F Mehlum.
2008. Prediction of the distribution of Arctic-nesting pink-footed geese
under a warmer climate scenario. Glob Change Biol 14: 1-10.

Jimenez-Valverde A, Acevedo P, Barbosa AM, Lobo JM, Real R. 2013
Discrimination capacity in species distribution models depends on the
representativeness of the environmental domain. Glob Ecol Biogeo 22:
508-516.

Jimenez-Valverde A. 2012 Insights into the area under the receiver
operating characteristic curve (AUC) as a discrimination measure in
species distribution modelling. Glob Ecol Biogeo 21: 498-507.

Jimenez-Valverde A. 2014. Threshold-dependence as a desirable attribute
for discrimination assessment: implications for the evaluation of
species distribution models. Biodiversity and Conservation 23: 369-
385.

Johnston KM, Freund KA, Schmitz OJ. 2012. Projected range shifting by
montane mammals under climate change: implications for Cascadias
National Parks. Ecosphere 3 (11): 97-116.

Jump AS, Huang TJ, Chou CH. 2012. Rapid altitudinal migration of
mountain plants in Taiwan and its implications for high altitude
biodiversity. Ecography 35: 204-210.

Koo KA, Kong WS, Nibbelink NP, et al. 2015. Potential Effects of Climate
Change on the Distribution of Cold-Tolerant Evergreen Broadleaved
Woody Plants in the Korean Peninsula. PLoS ONE 10 (8): e0134043.
doi: 10.1371/journal.pone.0134043.

Kdorner, C. 2004. Mountain biodiversity, its causes and function. AMBIO
13:11-17.

Kdorner, C. 2007. The use of altitude in ecological research. Trends Ecol
Evol 22: 569-574.

Kou X, Li Q, Liu S. 2011. Quantifying species' range shifts in relation to
climate change: a case study of Abies spp. in China. PLoS ONE 6 (8):
€23115. DOI: 10.1371/journal.pone.0023115.

Kozak KH, Graham CH, Wiens JJ. 2008. Integrating GIS-based
environmental data into evolutionary biology. Trends Ecol Evol 23:
141-148.

Kramer-Schadt S, Niedballa J, Pilgrim JD, Schro“der B, Lindenborn J, et
al. 2013. The importance of correcting for sampling bias in MaxEnt
species distribution models. Divers Distrib 19: 1366-1379.

Kumar P. 2012. Assessment of impact of climate change on Rhododendrons
in Sikkim Himalayas using MaxEnt modelling: limitations and
challenges Biodivers Conserv 21: 1251-1266


https://doi.org/10.15468/dl.a79yu5
https://doi.org/10.15468/dl.a79yu5

5496

Lenoir J, Gegout JC, Marquet PA, Ruffray P, Brisse H. 2008.A significant
upward shift in plant species optimum elevation during the 20th
century. Science 320. DOI: 10.1126/science.1156831.

Li W, Guo Q. 2013. How to assess the prediction accuracy of species
presence-absence models without absence data?. Ecograph 36 (7): 788-
799.

Li ZJ, Tan BC. 2005. A review of the species diversity of Selaginella in
Fujian Province of China. Acta Phytotaxonomica Sinica 43 (1): 50-59.

Liu C, Newell G, White M. 2016. On the selection of thresholds for
predicting species occurrence with presence-only data. Ecol Evol 6 (1):
337-348.

Lobo JM, Jiménez-Valverde A, Real R. 2008. AUC: a misleading measure
of the performance of predictive distribution models. Glob Ecol
Biogeogr 17 (2): 145-151.

McMahon SM, Harrison SP, Armbruster WS, Bartlein PJ, Beale CM,
Edwards ME, Kattge J, Midgley G, Morin X, Prentice IC. 2011.
Improving assessment and modelling of climate change impacts on
global terrestrial biodiversity. Trends Ecol Evol 26 (5): 249-259.

Meinshausen M, Smith SJ, Calvin K, et al. 2015. The RCP greenhouse gas
concentrations and their extensions from 1765 to 2300. Clim Change
11:1-29.

Merow C, Smith MJ, Silander JrJA. 2013. A practical guide to MaxEnt for
modeling species’ distributions: what it does, and why inputs and
settings matter. Ecography 36: 1058-1069.

Mod HK, Scherrer D, Luoto M, Guisan A. 2016. What we use is not what
we know: environmental predictors in plant distribution models. J
Vegetation Sci 27 (6): 1308-1322.

Montgomery R, Roloff GJ, Hoef M. 2011. Implications of ignoring
telemetry error on inference in wildlife resource use models. J Wildl
Manag 75: 702-708.

Morin X, Thuiller W. 2009. Comparing niche-and process-based models to
reduce prediction uncertainty in species range shifts under climate
change. Ecol Lett 90: 1301-1313.

Moss RH, Edmonds JA, Hibbard KA, Manning MR, Rose SK, et al. 2010.
The next generation of scenarios for climate change research and
assessment. Nature 463: 747-756.

Miiller UC, Pross JO, Bibus E. 2003. Vegetation response to rapid climate
change in central Europe during the past 140,000 yr based on evidence
from the Firamoos pollen record. Quarter Res 59 (2): 235-245.

Nenzén HK, Araljo M. 2011. Choice of threshold alters projections of
species range shifts under climate change. Ecol Model 222: 3346-3354.

Nilsson S, Pitt D. 1991. Mountain World in Danger—Climate Change in
the Forests and Mountains of Europe. Earthscan, London.

Nogues-Bravo D, Araujo MB, Martinez-Rica JP, Errea MP. 2006. Exposure
of global mountain systems to climate warming during the 21st century.
Glob Env Change, 17: 420-428.

Norris D. 2014. Model thresholds are more important than presence
location type: Understanding the distribution of lowland tapir (Tapirus
terrestris) in a continuous Atlantic forest of southeast Brazil. Trop
Conserv Sci 7 (3): 529-547.

Oluwatobi AO, Thompson KA. 2015. Distribution models for mountain
plant species: The value of elevation. Ecol Model 301 (1): 72-77.

Pandey V, Sanjay R, Farah D, et al. 2010. Desiccation-induced
physiological and biochemical changes in resurrection plant,
Selaginella bryopteris. J Plant Physio 167: 1351-1359.

Parmesan C, Yohe G. 2003. A globally coherent fingerprint of climate
change impacts across natural systems. Nature 21 (6918): 37-42.

Parmesan C. 2006. Ecological and evolutionary responses to recent climate
change. Ann Rev Ecol Evol Syst 37: 637-669.

Pereira HM, Leadley PW, Proenca V, Alkemade R, et al. 2010. Scenarios
for global biodiversity in the 21st century. Science 330 (6010): 1496-
1501.

Peterson AT, Papes M, Soberon J. 2008. Rethinking receiver operating
characteristic analysis applications in ecological niche modeling. Ecol
Modell 213: 63-72.

Peterson AT, SoberoAn J, Pearson RG, Anderson RP, MartéAnez-Meyer
E, Nakamura M, et al. 2011. Ecological niches and geographic
distributions (MPB-49). Princeton University Press. Princeton.

Peterson AT, Soberon J, Pearson R G, et al. 2011. Evaluating model
performance and significance. In: A. Peterson AT, Soberdn J, Pearson
RG, Anderson RP, et al. (eds). Ecological Niches and Geographic
Distributions. Princeton University Press. New Jersey.

Petitpierre B, McDougall K, Seipel T, et al. 2016. Will climate change
increase the risk of plant invasions into mountains?. Ecol App 26 (2):
530-544.

BIODIVERSITAS 21 (11): 5482-5497, November 2020

Phillips SJ, Anderson RP, Dudik M, Schapire RE, Blair ME. 2017. Opening
the black box: an open-source release of MaxEnt. Ecography 40 (7):
887-893.

Phillips SJ, Anderson RP, Schapire RE. 2006. Maximum entropy modeling
of species geographic distributions. Ecol model 190: 231-259.

Phillips SJ, Dudik M, Elith J, Graham CH, Lehmann A, et al. 2009. Sample
selection bias and presence-only distribution models: implications for
background and pseudo-absence data. Ecol Appl 19: 181-197.

Phillips SJ, Dudik M, Schapire RE. 2017. MaxEnt software for modeling
species niches and distributions (Version 3.4.1). Available from url:
http: //biodiversityinformatics.amnh.org/open_source/MaxEnt/.

Phillips SJ, Dudik M. 2008. Modeling of species distributions with MaxEnt:
new extensions and a comprehensive evaluation. Ecography 31: 161-
175.

Platt KA, Oliver MJ, Thomson WW. 1994. Membranes and organelles of
dehydrated Selaginella and Tortula retain their normal configuration
and structural integrity. Protoplasma 178 (1): 57-65.

QGIS Development Team. 2018. QGIS Geographic Information System.
Open Source Geospatial Foundation. URL http: //qgis.osgeo.org.
Qian JH, Robertson JW, Moron V. 2010. Interactions among ENSO, the
Monsoon, and Diurnal Cycle in Rainfall Variability over Java,

Indonesia. J Atm Sci 67: 3509-3524.

Radosavljevic A, Robert P. Anderson. 2013. Making better MaxEnt models
of species distributions: complexity, overfitting and evaluation. J.
Biogeogr 41: 629-643.

Ramirez-Villegas J, Challinor AJ, Thornton PK, Jarvis A. 2013.
Implications of regional improvement in global climate models for
agricultural impact research. Environ. Res. Lett 8: 1-12.

Randin CF, Engler R, Normand S, et al. 2008. Climate change and plant
distribution: local models predict high-elevation persistence. Glob Ch
Biol 15 (6): 1557-1569.

Randin CF, Engler R, Normand S, Zappa M, Zimmermann NE, Pearman
PB, Vit-toz P, Thuiller W, Guisan A. 2009. Climate change and plant
distribution: localmodels predict high-elevation persistence. Global
Change Biol 15: 1557-1569.

Remya K, Ramachandran A, Jayakumar S. 2015. Predicting the current and
future suitable habitat distribution of Myristica dactyloides Gaertn.
using MaxEnt model in the Eastern Ghats, India. Ecol Engineer 82:
184-188.

Riahi K, Rao S. Krey V. etal. 2011. RCP 8.5—A scenario of comparatively
high greenhouse gas emissions. Clim Ch 109 (33): 364-379.

Rondini C, Wilson KA, Boitani L, Grantham H, Possingham HP. 2006.
Tradeoffs of different types of species occurrence data for use in
systematic conservation planning. Ecol Lett 9 (10): 1136-1145.

Root TL, Price JT, Hall KR, Schneider SH, Rosenzweig C, Pounds JA.
2003. Fingerprints of global warming on wild animals and plants.
Nature 421: 57-60.

Ruszala EM, Beerling DJ, Franks PJ, et al. 2011. Land plants acquired
active stomatal control early in their evolutionary history. Curr Biol 21
(12): 1030-1035.

Salamin N, Wiuest RO, Lavergne S, Thuiller W, Pearman PB. 2010.
Assessing rapid evolution in a changing environment. Trends Ecol Evol
25 (12): 692-698.

Setyawan AD, Sugiyarto, Susilowati A, Widodo. 2015a. Diversity and
distribution of Selaginella in the Province of Yogyakarta Special
Region. Pros Sem Nas Masy Biodiv Indon 1: 986-991.

Setyawan AD, Sugiyarto, Susilowati A, Widodo. 2015b. Diversity of
Selaginella in the karstic region of Sewu Mountains, Southern Java.
Pros Sem Nas Masy Biodiv Indon 1: 1318-1323.

Setyawan AD, Sugiyarto, Widiastuti A. 2012. Species diversity of
Selaginella in Mount Merapi National Park, the central part of Java.
Proc Soc Indon Biodiv Intl Conf 1: 102-106.

Setyawan AD, Sugiyarto, Widiastuti A. 2015c. Species diversity of
Selaginella in the Dieng Plateau, Central Java. Pros Sem Nas Masy
Biodiv Indon 1: 980-985.

Setyawan AD, Sugiyarto. 2015. Diversity of Selaginella in the Bromo
Tengger Semeru National Park, East Java. Pros Sem Nas Masy Biodiv
Indon 1: 1312-1317.

Setyawan AD, Supriatna J, Darnaedi D, Rokhmatuloh, Sutarno, Sugiyarto.
2016. Diversity of Selaginella across altitudinal gradient of the tropical
region. Biodiversitas 17: 384-400.

Setyawan AD, Supriatna J, Darnaedy, et al. 2017. Impact of climate change
on potential distribution of xero-epiphytic selaginellas (Selaginella
involvens and S. repanda) in Southeast Asia. Biodiversitas 18 (4):
1680-1695.



SETYAWAN et al. — Habitat suitability shifts of high-altitude selaginellas due to climate change

Setyawan AD, Supriatna J, Nisyawati, Nursamsi I, Sutarno, Sugiyarto,
Sunarto, Pradan P, Budiharta S, Pitoyo A, Suhardono S, Setyono P,
Indrawan M. 2020. Predicting potential impacts of climate change on
the geographical distribution of mountainous selaginellas in Java,
Indonesia. Biodiversitas 21: 4866-4877.

Setyawan AD, Sutarno, Sugiyarto. 2013. Species diversity of Selaginella in
Mount Lawu, Java, Indonesia. Biodiversitas 14: 1-9.

Setyawan AD. 2009. Traditionally utilization of Selaginella; field research
and literature review. Nusantara Biosci 1: 146-155.

Shrestha UB, Bawa KS. 2014. Impact of Climate Change on Potential
Distribution of Chinese Caterpillar Fungus (Ophiocordyceps sinensis)
in Nepal Himalaya. PLoS ONE 9 (9): e0106405. doi:
10.1371/journal.pone.0106405.

Sinclair SJ, White MD, Newell GR. 2010. How useful are species
distribution models for managing biodiversity under future climates?.
Ecol Soc 15: 8-16.

Siswanto, Suparti. 2015. Rainfall changes over Java Island, Indonesia. J
Env Earth Sci 5 (14): 1-10.

Soni DK, Ranjan S, Singh R, et al. 2012. Photosynthetic characteristics and
the response of stomata to environmental determinants and ABA in
Selaginella bryopteris, a resurrection spike moss species. Plant Sci 191
(1): 43-52.

Soria-auza. 2009. Diversity and Biogeography of Ferns and Birds in
Bolivia: Applications of GIS Based Modelling Approaches.
[Dissertation]. Universitat Gottingen, Gottingen.

Stolar J, Nielsen SE. 2015. Accounting for spatially biased sampling effort
in presence-only species distribution modeling. Divers Distrib 21 (5):
595-608.

Summers DM, Bryan BA, Crossman ND, Meyer WS. 2012. Species
vulnerability to climate change: impacts on spatial conservation
priorities and species representation. Glob Change Biol 18: 2335-2348.

Syfert MM, Smith MJ, Coomes DA. 2013. The Effects of Sampling Bias
and Model Complexity on the Predictive Performance of MaxEnt
Species Distribution Models. PLoS One 8: 551-558.

Tabor K, Williams JW. 2010. Globally downscaled climate projections for
assessing the conservation impacts of climate change. Ecol Appl 20 (2):
554-565.

Theurillat J-P, Felber F, Geissler P, et al. 1998. Sensitivity of plant and soil
ecosystems of the Alps to climate change. In: Cebon P, Dahinden U,
DaviesHC, Imboden D, Jager CC (eds). Views from the Alps. Regional
Perspectives on Climate Change. MIT Press, London, UK.

Thomas CD, Cameron A, Green RE, Bakkenes M, Beaumont LJ,
Collingham YC, et al. 2004. Extinction risk from climate change.
Nature 427: 145-148.

Thomson JO. 2013. History of Ancient Geography. Cambridge University
Press, UK.

Thrasher B, Maurer EP, McKellar C, Duffy PB. 2012. Technical Note: Bias
correcting climate model simulated daily temperature extremes with
quantile mapping. Hydrol Earth Syst Sci 16: 3309-3314.

5497

Thuiller W Albert C, Araujo MB, et al. 2008. Predicting global change
impacts on plant species’ distributions: Future challenges. Perspectives
in Plant Ecology, Evol Sys 9: 137-152.

Timothy J, Brodribb, Scott AM, McAdam, Gregory J, Jordan, Taylor S.
2009. Evolution of stomatal responsiveness to CO, and optimization of
water-use efficiency among land plants. New Phytol 183: 839-847.

Tsai JL, Shieh WC. 1994. Selaginellaceae. In: Huang TC (ed.) Flora of
Taiwan. Vol. 1. 2nd ed. Department of Botany, National Taiwan
University, Taipei.

Vaclavik T, Meentemeyer RK. 2009. Invasive species distribution
modeling (iISDM): Are absence data and dispersal constraints needed
to predict actual distributions?. Ecol Model 220 (1): 3248-3258.

Van der Wall J, Shoo LP, Graham C, Williams SE. 2009. Selecting pseudo-
absence data for presence-only distribution modeling: how far should
you stray from what you know?. Ecol Model 220: 589-594.

Van Gils H, Conti F, Ciaschetti G, Westinga E. 2012. Fine resolution
distribution modelling of endemics in Majella National Park, Central
Italy. Plant Biosys 146 (1): 276-287.

Van Gils H, Westinga E, Carafa M, Antonucci A, Ciaschetti G. 2014.
Where the bears roam in Majella National Park, Italy. J Nat Conserv 22
(1): 23-34.

Van Vuuren D, den Elzen M, Lucas P, Eickhout B, Strengers B, et al. 2007.
Stabilizing greenhouse gas concentrations at low levels: an assessment
of reduction strategies and costs. Clim Change 81: 119-159.

Velazco SJE, Galvao F, Villalobos F, DeMarco JP. 2017. Using worldwide
edaphic data to model plant species niches: An assessment at a
continental extent. PLoS ONE 12 (10): e0186025. DOI
10.1371/journal.pone.0186025

Walther GR. 2003. Plants in a warmer world. Perspect Plant Ecol Evol Syst
6: 169-185.

Wang JR, Hawkins C, Letchford T. 1998. Photosynthesis, water and
nitrogen use efficiencies of four paper birch (Betula papyrifera)
populations grown under different soil moisture and nutrient regimes.
Forest Ecol Manag 112 (3): 233-244.

Wijayanto A. 2014. Diversity and distribution of Selaginella spp. In
Indonesia from 1998 to 2014. El-Hayah 5 (1): 31-42.
Wong KM. 1982. Critical observations on Peninsular

Selaginella. Gard Bull Sing 35 (2): 107-135

Wong KM. 2010. Selaginellaceae. In Parris BS, Kiew R, Chung RKC, Saw
LG, Soepadmo E (eds) Flora of Peninsular4 Malaysia Series 1. Ferns
and Lycophytes. Malayan Forest Records No. 48. FRIM Kepong,
Selangor.

Yackulic CB, Chandler R, Zipkin EF, et al. 2013. Presence-only modelling
using MaxEnt: when can we trust the inferences?. Methods Ecol Evol
4:236-243.

Zhang XC, Nooteboom HP, Kato M. 2013. Selaginellaceae. In: Wu ZY,
Raven PH, Hong DY (eds.). Flora of China, Vol. 2-3 (Pteridophytes).
Science Press, Beijing & Missouri Botanical Garden Press, St. Louis.

Malaysian



