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Abstract. Setyawan AD, Supriatna J, Darnaedi D, Rokhmatuloh, Sutarno, Sugiyarto, Nursamsi I, Komala WR, Pradan P. 2017. Impact 

of climate change on potential distribution of xero-epiphytic selaginellas (Selaginella involvens and S. repanda) in Southeast Asia. 

Biodiversitas 18: 1680-1695. Climate change is one of the greatest challenges for all life on earth, as it may become the dominant driver 

of changes in ecosystem services and biodiversity loss at the global level. Selaginella is a group of spike-mosses that seem easily 

affected by global warming (climate change) due to requiring water medium for fertilization. However, some species have been adapted 

to dry condition and may grow as epiphytes, such as S. involvens and S. repanda. Both species are commonly found in opposing a range 

of elevation. S. involvens is often found in high-altitude regions, whereas S. repanda is often found at lower-altitude regions. The 

difference in this altitudinal distributions is expected to limit redistribution mechanism of each species to adapt the climate change 

projections. This study model examines the potential geographic distribution of S. involvens and S. repanda under current climatic 

conditions and models the impact of projected climate change on their potential distribution. Future climate predictions are made with 

four detailed bioclimatic scenarios (i.e. RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5) and three-time intervals (2030, 2050, 2080), which 

combine various climatic factors. In this modeling, it can be concluded that S. involvens and S. repanda can adapt to future climate 

change, and continue to be sustainable, although it is strongly influenced and shifting habitat distribution in some areas. 
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INTRODUCTION 

Current trend on climate change is recognized to be one 

of the greatest challenges for all life on earth (Fitzpatrick et 

al. 2008). Intergovernmental Panel on Climate Change 

(IPCC) developed scenarios which project a further 

increase in global mean surface temperature of 2.6-4.8∘C 

above pre-industrial levels by the year 2100, spatial and 

temporal changes in precipitation patterns, and increased 

incidence of floods and droughts (IPCC 2014). The 

negative impact of climate change, if combined with 

continuous environmentally destructive human activities, 

will become more intense and frequent. The debate of 

potential ecological impact of ongoing climate change has 

intensified over the last decade (e.g. 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). It has been forecasted that climate change and its 

impacts may become the dominant driver of changes in 

ecosystem services and biodiversity loss at the global level 

(Deb et al. 2017). In the context of understanding the 

ecological responses to climate change, it may be more 

relevant to understand the changes in region which are 

spatially heterogeneous rather than the approximated global 

averages (Walther et al. 2003; Bonebrake and Mastrandrea 

2010). There are five global climate domains in the world: 

i.e., tropical, subtropical, temperate, boreal, and polar 

(FAO 2000, 2012). Among all of these global climate 

domains, the tropical biome has the highest rate of forest 

degradation and destruction (Morris 2010; Hansen et al. 

2013; Deb et al. 2017). Therefore, it becomes very 

important to study the biodiversity-climate interaction in 

highly modified tropical landscapes (Wilson et al. 2016).  

One of the most vulnerable areas to the impact of 

climate change is Southeast Asia (SEA), due to its large 

and growing population, the economic importance of its 

agricultural sector, its long coastlines and low-lying areas, 

and its high dependence on natural resources for 

development (NIC 2009). The climate of Southeast Asia is 

monsoonal with summer-dominant rainfall and a large-

scale seasonal reversal of the wind regimes (Loo et al. 

2015). A significant increase of mean temperature, 

acceleration of annual rainfall, and extreme climate events 
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such as drought, floods, and cyclones are several projected 

negative impacts of climate change in SEA (IPCC 2014; 

Loo et al. 2015). Frequent changes and shifts in monsoon 

precipitation up to 70% below normal level, and the 

delayed of monsoon by up to 15 days are also projected as 

the effects of the predicted increase in mean temperature 

(Schewe and Levermann 2012). Along with unsustainable 

utilization of natural resources, climate change is believed 

to negatively affects the current plant diversity patterns. 

These threats are expected to lead to reduced plants 

biodiversity, low emergence of annual species, the life 

cycle of plants, and changes in phenology and the timing of 

reproduction (Thuiller et al. 2008; Belgacem et al. 2008; 

Hilbish et al. 2010; Hill and Preston 2015).   

Among the biotic components of vegetation, spike-

mosses are one of the earliest groups to be affected by 

climate change, through the change in their response to 

climate, distribution, and phenology. The gametophyte 

generation of spore-bearing vascular plants such as spike-

mosses is highly dependent on wet environment (Bellard et 

al. 2012). Therefore, the disruption of spike-mosses life 

cycle is also being one of negative effect of climate change. 

Although plants generally respond slowly to climate 

change, the short lifespans of spike-mosses will likely 

make them adapt fast enough to avoid several negative 

impacts of climate change, such as temperature and 

moisture stress. Spike-mosses, like any other plants groups, 

may develop various mechanisms to adapt to those changes 

in temperature and moisture level by reducing growth rates, 

photosynthetic rates, mineral absorption and tissue 

regeneration, and by increasing concentrations of 

secondary metabolites (Jochum et al. 2007). However, 

these mechanisms may not be able to cope with all the 

anticipated severe climate change. Several scientists 

(Philips et al. 2006; Minteer and Collins 2010; Chen et al. 

2011; Morueta-Holme et al. 2015) expect that to cope with 

severe climate change; plants will migrate to other areas 

with more suitable climatic-ecological requirements.   

Selaginella Pal. Beauv. is the single remaining genus of 

vascular plants from the order Selaginellales, or mostly 

well-known as spike-mosses or lesser club-mosses. It has a 

wide range of distribution specialized on tropical regions of 

the world, rare in the temperate regions, and almost absent 

in the alpine zone. Selaginella species can be found in both 

very dry and very humid environments and in both open 

and shaded habitats. The tropical-hot and high humidity 

characteristics of climate in SEA is highly suitable for the 

wide distribution of Selaginella in this region. Selaginella 

involvens (Sw.) Spring. and Selaginella repanda (Desv. & 

Poir.) Spring. are two examples of dry-adapted selaginellas 

grow on the rock crevices or surface of plants and 

physiologically dependent on atmospheric sources of water 

and nutrients. Which are released as water vapor or rain 

(Nadkarni 2010). Thus, we may expect that both water and 

temperature directly control relevant eco-physiological 

process influencing growth rates and species distribution 

(Nascimbene and Marini 2015).   

Selaginella involvens is a typical species of highland 

that adapt to dry conditions; grows on cliffs, rocks crevices, 

and epiphytes on trees. In Java, It is usually found in the 

highlands (> 1000 m asl.), such as Mts. Sindoro-Sumbing 

(Setyawan 2012), Mt. Merapi (Setyawan et al. 2012, 

2015a) and Mt. Lawu (Setyawan et al. 2013), and Dieng 

Plateau (Setyawan et al. 2015c), but it is sometimes found 

in lower altitude (~ 500 m asl.), such as Mts. Sewu 

(Setyawan et al. 2015b), and Bromo Tengger Semeru 

National Park (Setyawan and Sugiyarto 2015). On the other 

hand, Selaginella repanda is a typical species of hilly 

lowland that adapt to dry conditions; it very easy to find in 

karstic mountain of Mts. Sewu (Setyawan et al. 2015b) and 

southern Java lowlands, although it can also rarely found in 

the higher altitude (500-1000 m asl.) (Setyawan et al. 

2016). It usually attaches to the rocks and uses leaf litter as 

source of nutrients, with strong, pointed or tapered leaves, 

to adapt the dry condition. 

In the last few decades, there was a marked increase of 

interest in the use of Species Distribution Models (SDM) 

(Merow et al. 2013; Fourcade et al. 2014). Empirically, 

these models were built by relating species occurrence data 

(either presence-only or presence-absence) to 

environmental predictor variables. These predictors can 

exert either direct or indirect effect on species, and must be 

selected optimally to reflect the three main types of 

influences on the species, i.e. (i) limiting factors related to 

species eco-physiology (e.g. temperature, water, soil 

composition); (ii) natural or human-induced disturbances, 

and (iii) resources (e.g. energy and water) assimilated by 

organisms (Guisan and Thuiller 2005). Since these 

environmental variables contain spatial data, it is best to 

manipulate it within a geographical information system 

(GIS) method. One of the most growing approaches of 

SDM is through the use of Maximum Entropy algorithms 

(Belgacem and Louhaichi 2013).   

Maxent (Maximum Entropy Modeling) is a general-

purpose machine learning method with a precise and 

simple mathematical formulation, and it has some aspects 

that make it well-suited for species distribution modeling 

(Phillips et al. 2006). These approaches are based on 

presence-only data which are necessary since the true 

absence of species is difficult, and because false absence 

can decrease the reliability of the predictive models 

(Phillips and Elith 2013). Maxent can utilize different 

climatic scenarios to estimate the extent of occurrence of 

species (Beaumont et al. 2007). Therefore, allowing the 

evaluation of species' vulnerability to climate change (e.g., 

Rondinini et al. 2006; Botkin et al. 2007; Randin et al. 

2008; Engler and Guisan 2009; Garavito et al. 2015). 

Scientists (e.g., Carter et al. 2007; IPCC 2014) tried to 

define the vulnerability to climate change as "the degree to 

which a system is susceptible to, or unable to cope with, 

adverse effects of climate change, including climate 

variability and extremes".   

Assessments of species vulnerability consider the 

vulnerability as the extent to which a species (within a 

defined geographical region) is susceptible to harm from 

climate impacts (Schneider et al. 2007). These assessments 

are useful to identify which species are likely to be 

impacted significantly by climate changes, and to enhance 

the understanding of why they may be vulnerable 

(Belgacem and Louhaichi 2013). Climate correlates to 
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species in the range of both horizontal and vertical spatial 

scales. Horizontally, species distribution range at a large 

extent is shaped by macroclimate. Nevertheless, at the 

smaller extent, topography shaped the macroclimate to 

produce an altitudinal climatic gradient along the local 

elevation (Mandar et al. 2008). Whether considering 

species ranges in horizontal or vertical terms, climate 

imposes range limits either indirectly, by mediating biotic 

interactions such as competition, or directly, through 

physiological constrains on survival or reproduction (Gavin 

and Hu 2006). S. involvens and S. repanda are two species 

which generally found at opposing range of elevation. S. 

involvens is often found in high-altitude areas, while S. 

repanda is usually found at lower-altitude areas (Setyawan 

et al. 2016). Therefore, we assumed that there will be 

altitudinal barrier between these species, which in this case 

will limit the redistribution mechanism of each species to 

adapt the climate change projections.   

This study model the potential geographic distribution 

of S. involvens and S. repanda under present climate 

condition, and models the impacts of projected climate 

change on their potential distribution. We generate future 

predictions under four detailed bioclimatic scenarios (i.e., 

RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5) over three-time 

intervals (2030, 2050, 2080), which combine a range of 

climatic factors. Quantifying the potential impacts of a 

range of climatic scenarios offers the opportunities to 

develop understanding the response of plants to climate 

change, and develop mitigation strategies under all 

projected scenarios of climate change to effectively 

conserve biodiversity.  

MATERIALS AND METHODS 

Study area 

The study was conducted to model the effect of climate 

change in Southeast Asia (SEA) region. SEA region 

consists of eleven political countries which can be divided 

into mainland SEA (i.e., Cambodia, Laos, Myanmar, 

Peninsular Malaysia, Thailand, and Vietnam) and maritime 

SEA (i.e., Indonesia, Phillippines, East Malaysia, Brunei, 

Singapore, and East Timor) (United Nations 2015). The 

geographic scope of this study includes the region of 

approximately 23.5 °N to 10 °S latitude and 97 °E to 141 

°E longitude (Figure 1.). Southeast Asia covers an area of 

roughly 4,687,481 square kilometers with Mount Hkakabo 

in northern Myanmar on the border with China, at 5,881 

meters, as the highest peak of mainland Southeast Asia 

(Leinbach and Frederick 2015). This vast altitudinal range 

and wide areas create a wide variation in climatic, 

physiographic, topographic, and edaphic conditions 

resulting in rich biodiversity.  

SEA region has been experiencing climate change and 

its impact; Average annual surface temperature increased 

by 0.5-1.1ºC during the period 1901-2005 (NIC 2009). 

Similarly, climate model projection shows temperature 

increase by approximately 1ºC through 2030, and will keep 

increasing through the remainder of the 21st century (IPCC 

2014). Although, there is no clear projection in 

precipitation patterns in the region, climate model suggests 

that net precipitation rates will increase across the region, 

but there will likely be local decrease that will vary 

geographically and temporally (NIC 2009).  

 

 

 

 

 

 

 
 

Figure 1. Predicted potential distribution of (A) Selaginella involvens, (B) Selaginella repanda under current climate condition 
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Procedures 

Species locality data 

Occurrence data for S. involvens and S. repanda were 

compiled from two main sources. The first source of 

locality points for both species was from field survey 

conducted in all Indonesian provinces in Java island 

between July 2007 and January 2014. The specimens were 

identified using several references on Selaginella of the 

Malay Archipelago and 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 

previously publications (e.g., Setyawan 2012; Setyawan et 

al. 2012, 2013, 2015a,b,c; Setyawan and Sugiyarto 2015). 

Altogether, 126 occurrence points of S. involvens and 

68 occurrence points of S. repanda distributed in central, 

western and eastern region of Java island were collected 

using Garmin eTrax GPS series. None of error-correction 

step was conducted to adjust these data as we ensuring the 

accuracy of these points were less than 0.01 km at the time 

of data collection (www.garmin.com). Our judgment was 

based on allegation stated by Montgomery et al. (2011), 

that said the level of telemetry error on modern GPS 

(normally between 0.01 km and 0.05 km), which is much 

smaller than the resolution of the predictor variables used 

in this study, has a little effect on the accuracy of predicted 

models. The second source of occurrence data of both 

species was from Global Biodiversity Information Facility 

(GBIF 2017) database which provides freely accessible 

occurrence points on its website (http://www.gbif.org). 

Despite the use of "geo-referenced points only" filter on the 

data acquiring process from this website, several 

adjustments must be conducted. All coordinates were 

verified carefully and error that may occur were corrected 

using Google Earth software (Google Earth Pro 2017). 

Data records which lack coordinate were geo-referenced 

using Biogeomancer Workbench guided by locality 

description on each datum (Guralnick et al. 2006). 

Ambiguous data (i.e., those that does not have specific 

locality and cannot be geo-referenced) were removed, then 

the remaining 809 occurrence points of S. involvens and 

124 points of S. repanda were combined with the 

occurrence points collected from the field survey.   

The recent availability of biodiversity and 

environmental datasets globally (e.g. gbif and bioclim) was 

the main factor in the increasing number of regional to 

continent-wide SDM study (Hijmans et al. 2005; Kozak et 

al. 2008). Nevertheless, such datasets derived from 

collection of records and/or opportunistic observation often 

exhibit a strong geographic bias (Stolar and Nielsen 2015). 

Sampling bias correction was performed to minimize the 

strong influence of such bias to the modeling prediction 

ability (Fourcade et al. 2013, 2014). For this study, we 

conducted two out of five option methods of sampling bias 

correction proposed by Fourcade et al. (2014): (i) We 

conducted systematic sampling (often called spatial 

filtering) by creating a grid of a 2 km × 2 km cell size and 

randomly removed the occurrence points existed, until one 

point of occurrence left per grid cell. This size of this grid 

cell was not meant to represent the approximate of species' 

dispersal capabilities, but rather to reduce the geographic 

biases by modified the 10-km radius rule proposed by 

Pearson et al. (2007); Anderson and Raza (2010). The grid 

cells creation and points removal were conducted using 

QuantumGIS ver 2.18.10. (ii) We created bias file grids 

which later can be fed to Maxent software ver. 3.4.1by its 

setting options (Dudik et al. 2005; Elith et al. 2010; Phillips 

et al. 2017). Bias file is a probability surface represented by 

cell value which reflect the intensity of sampling effort 

across the area of study and gives a gradual weight to 

random background data used for modeling. Creating bias 

file can also be estimated using the aggregation of 

occurrences from closely related species (Phillips et al. 

2009). However, in most real modeling situation, this 

information is limited. Thus, following Elith et al. (2010), 

we produced a Gaussian kernel density map of the 

occurrence locations, then rescaled it from 1 to 20 to be 

derived from bias file instead of using our knowledge to 

create artificially bias file (Fourcade et al. 2014). As the 

distribution of both species occurs in different countries (of 

different areas), we used the political state boundary 

extracted from Global Administrative Areas website 

(www.gadm.org/), to limit the background areas for the 

species.  

Environmental and bioclimatic data on current climate 

condition  

Selecting the predictors to build the model in this study 

was based on the model-driven selection process. Model-

driven selection will use all possible predictors and select 

those with greatest importance in the model to be 

considered as the main factor affecting the distribution of 

species, rather than expert-driven selection where the 

expert priory will choose the predictors expected to directly 

affect the distribution of the species (Fischer 2011). We 

first collected 19 bioclimatic layers ver. 2.0 and one 

altitude layer. The 19 grid-based bioclimatic layers were 

downloaded form WorldClim Bioclimatic datasets website 

(www.worldclim.org). Bioclimatic layers were generated 

by interpolating the average monthly climate data from 

between 9,000 and 60,000 weather stations at 

approximately 1 km2 spatial resolution (Fick and Hijmands 

2017). Altitude layer was collected from the same website 

with the same spatial resolution. To use in Maxent 

software, these layers must be processed through several 

steps including image cutting to the extent of area study, 

resampling data, and file converting from .tif format to .asc 

format. Land use/land cover changes, human disturbances, 

species dispersal or biotic interaction changes were not 

taken into account as the availability of these data were 

limited.  

It is widely known that many climate variables are 

highly correlated with each other. Even though including 

all these variables will not affect the predictive quality of 

Maxent model greatly (Elith et al. 2011), it does, however, 

significantly limit any inference of the contribution of any 

correlated variables since Maxent often excludes all other 

highly correlated variables from being incorporated (Van 

Gils et al. 2012, 2014). Since this study is interested in 

interpreting how each variable contributes to the model, we 



 B IODIVERSITAS 18 (4): 1680-1695, October 2017 

 

1684 

decided to reduce autocorrelation of the climatic variables 

by removing the highly correlated variables. We used the 

SDM toolbox ver 2.0 (Brown 2014) in ArcGIS ver. 10.1 to 

perform the calculation and automatically removed each 

one of two correlated variables. The remaining six 

bioclimatic variables (i.e., bio_1, bio_2, bio_3, bio_4, 

bio_12, and bio_19) plus altitude layer were then used as 

predictors variables to model the potential distribution of S. 

involvens and S. repanda under current and future climate 

condition.  

Environmental and bioclimatic data on projected future 

climate condition  

Future predictive maps for potential redistribution of S. 

involvens and S. repanda were generated using the future 

climate projection datasets provided freely by CGIAR 

Research Program on Climate Change, Agriculture, and 

Food Security (www.ccafs-climate.org). The general 

circulation model which often used in climate modeling 

was originally has a spatial resolution at 100 to 200 km2. 

To achieve the 30 arc seconds resolution (1 km2), CCAFS 

downscaled it using the delta method by interpolating it 

from its original resolution (Ramirez and Jarvis 2008). We 

selected four RCP (Representative Carbon pathways), 

which represents the future greenhouse gas (GHG) 

trajectories, namely RCP 2.6, RCP 4.5, RCP 6.0, and RCP 

8.5 for three different time periods (2030, 2050, and 2080). 

In this study, we selected the HadGEM2-CC (Hadley 

Global Environment Model-2 Carbon Cycle) global 

circulation model, which was developed by the Hadley 

Center, United Kingdom (Collins et al. 2011). HadGEM2-

CC 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). RCP 2.6 assumes 

that global GHG will increase slowly to reach its peak at 

3.1 W/m2 in between 2010-2020, with emissions declining 

substantially 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 employment of a range of technology and 

strategies to reduce GHG emissions (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 

value by the end of the century (Riahi et al. 2011). The 

same altitude layer was used since this variable was static 

variable that does not change with time.   

Despite the widely usage of global climate model 

(GCM) to provide the basis for climate change impacts 

assessments of climate change at local to global scales and 

to be used as primary source of information for 

constructing climate scenarios, these models exhibit 

systematical error (biases) due to the limited spatial 

resolution, numerical schemes, simplified physics and 

thermodynamic processes, or incomplete knowledge of 

climate system processes (Ramirez-Villegas et al. 2013). 

Therefore, in this study, we implemented the bias 

correction data provided by CGIAR-CCAFS under two 

different calibration approach: (i). The Change Factor (CF) 

approach, where 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). 2). 

(ii) The Quantile Mapping (QM) approach, it was selected 

to complement the CF approach, since the CF works well 

for only more non-stochastic variables (i.e., temperature). 

Thus, a more sophisticated approach for bias-correcting 

stochastic variables such as this approach (e.g., 

precipitation and solar radiation) was needed.   

Maxent modeling 

We used freely available Maxent software ver. 3.4.1 

(Philips et al. 2017b) to model the potential distribution of 

S. involvens and S. repanda habitat under current climate 

condition and assess its changes under the effect of 

projected future climate condition. Maxent has been proved 

to gives the best results among other modeling algorithms 

available on the basis of presence-only (PO) data and 

environmental variables (Philips and Dudik 2008; 

Summers et al. 2012). The popular utilization of Maxent is 

due to the higher predictive accuracy than any other 

methods (Elith et al. 2006; Summers et al. 2012). Maxent 

also performs well to estimate the effect of climate change 

on the potential shifting range of species (Kou et al. 2011; 

Johnston et al. 2012; Duan et al. 2016), with more than 

1000 published distribution modeling has been conducted 

since 2005 using Maxent software (Merow et al. 2013; 

Fourcade et al. 2014). 

Despite the fact that Maxent has been shown to give 

robust and reliable results by just using default settings 

(Phillips et al. 2008), we modify several parameter values 

to adjust the calculation with our presence data and 

predictor variables. The adjusted parameter values were: 

maximum iterations were set 5,000 to allow the model to 

have adequate time for convergence, convergence 

threshold was set to 1 × 10-6, and ten replicated runs (the 

averaged value is the one used as the result) with "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. Assuming that both 

selaginellas are responded directly to the predictors (vs to 

correlated factors) and to avoid overfitting (Elith et al. 

2010), we decided to smooth the Maxent by choosing only 

hinge features to model both S. involvens and S. repanda. 

We doubled the default "regularization multiplier" value as 

we assumed that it was necessary because we use a large 

collection of species from diverse regions to be projected to 

different climate condition (Elith et al. 2006; Merrow et al. 

2013; Radosavljevic and Anderson 2013). Furthermore, 

increasing the "regularization multiplier" value as high as 

2.00 or 40.00 are necessary to reduce over-fitting to lower 

levels (Radosavljevic and Anderson 2013). We used the 

"projection" feature to predict the impact of future climate 

change to the redistribution of climatically suitable habitat 

for both species (Van der Wall et al. 2009).  
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Data analysis 

Maxent will produce predictive maps which represent 

potential maps of species distribution, these maps show 

where the ecological niche is potentially suitable for the 

species across the study area. The degrees of potential 

suitability are linearly scaled between 0 (lowest) to 1 

(highest) probability 1 (highest) (Philips and Dudik 2008). 

In addition, Maxent calculates the bioclimatic’ relative 

contribution to the model and how much of these variables 

affect the Maxent prediction. Alternate estimation of 

variable importance was also collected by running the 

jackknife test in Maxent. The results of jackknife test show 

which variable have the most useful information by itself 

and which variable appears to have the most information 

that is not present in the other variables.  

 The predictive maps, which by default are in ASCII 

format, containing the probability were further analyzed 

using QuantumGIS software ver. 2.18.11 (QGIS 2017). To 

allow us to quantify and compare the redistribution of 

suitable habitat, we conducted binary calculation (suitable 

vs unsuitable) by using selected threshold rule. Selecting 

threshold rule is one of the many possible biases in SDM 

(Phillips and Dudik 2008; Nenzen and Araujo 2011; Bean 

et al. 2012; Syfert et al. 2013). Therefore, in determining 

the threshold rule, one should avoid arbitrariness and 

should consider the relative importance of commission and 

omission error (Hernandez et al. 2008; Nenzen and Araujo 

2011; Liu et al. 2013). Considering to reduce omission 

error as more important determinant than commission 

error, Norris (2014) in his study proposed "minimum 

training presence" or "fixed cumulative value 1" to be the 

most appropriate rule. However, Liu et al. (2016) stated 

that for rare species, omission errors might be weighted 

more than commission errors but when considering a more 

common species, commission errors are more important 

than omission errors. Therefore, following Liu et al. (2016) 

we selected "maximum training sensitivity plus specificity" 

as threshold rule since this rule produces lower commission 

errors.   

Maxent will calculate an area under the receiver 

operating characteristic (ROC) curve (AUC) as a way to 

evaluate model performance. Several studies (e.g., Pearson 

and Dawson 2003; Pearson et al. 2007; Rodder et al. 2010; 

Jiménez-Valverde A. 2012) have used AUC value to 

evaluate their model and to convince that their model can 

not be categorized as a merely random prediction. AUC 

value range between 0.5 and 1.0, with 0.5 indicating that 

the model is no better than random prediction; values 

below 0.7 are low, values between 0.7 and 0.8 are good, 

and values >0.9 indicate high discrimination, or it means 

that the model is far better than random prediction. Even 

though the AUC was written as the established method for 

assessing the fitness of the model in some papers, 

unfortunately, it is also proved wrong by Lobo et al. 

(2008); Bahn and McGill (2013); and Aguirre-Gutiérrez et 

al. (2013). These studies demonstrated that AUC does not 

provide useful information for assessing SDM 

performance. Therefore, in this study, the additional 

evaluation of the model was conducted using True Skill 

Statistic (TSS) as it has been proved theoretically and 

empirically better than AUC and also better than Kappa 

Statistic in measuring the performance of species 

distribution models (Allouche et al. 2006). 

RESULTS AND DISCUSSION 

Results 

Analysis of variable contributions  

Our models indicated that, for each species, there are 

two different variables which provide the highest relative 

contribution to explain the predicted geographic 

distribution of S. involvens and S. repanda’s suitable 

habitat in SEA region (Figure 1). Altitude was the highest 

contributor variable in the distribution pattern of S. 

involvens’ suitable habitat (27.3%), while for S. repanda, 

average annual precipitation (bio_12) was the highest 

contributor variable contributed 36.2% to the model. Two 

precipitation variables (bio_19 and bio_12) explained in 

total of 38.7% of the variation in the distribution pattern of 

S. involvens' suitable habitat. Another 66% contribution to 

this model was apparently from temperature variables 

(bio_1, bio_2, bio_3, bio_4), with the highest contribution 

was only 10.1% (Table 1). For S. repanda model, another 

two significant contributor variables were Annual 

temperature (bio_1) and mean diurnal range (bio_2) which 

contributed in total of 47.7%. Other variables (alt, bio_3, 

bio_4, and bio_19) appeared to have no significant 

contribution to this model with only less than 20% of 

contribution in total (Table 1).  

Alternate estimation of variable importance was also 

calculated through the jackknife test. The results of 

jackknife test show which variables have the most useful 

information by itself and which variables appear to have 

the most information that is not present in the other 

variables (Phillips et al. 2008). The Maxent models's 

jackknife test in this study shows a different conclusion on 

the importance of each variable for both species. The 

jackknife for S. involvens model shows that altitude has the 

highest gain when used in isolation, which therefore 

appears to have the most useful information by itself 

(Figure 2). Furthermore, the environmental variable that 

decreases the gain the most when it is omitted is annual 

precipitation (bio_12), which therefore appears to has the 

most information that is not present in the other variables. 

For S. repanda's model, the jackknife test shows that 

temperature seasonality (bio_4) variable was both the 

highest gain when used in isolation and decreases the gain 

highest when it is omitted. This result indicates that for the 

S. repanda model, bio_4 variable has the most useful 

information which is not present in the other variables. 

Models of present-day distribution 

The potential present-day distribution of S. involvens 

and S. repanda’s suitable habitat, as derived from Maxent 

(Phillips and Dudik 2008; Elith et al. 2011; Phillips et al. 

2017), are shown in Figure 1. These models were built 

using 327 unique locality points of S. involvens and 190 

locality points of S. repanda which were the remaining 

points after spatial filtering applied (see method). Based on 
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our models, approximately 12% (561,424.7 km2) of the 

SEA area is suitable for S. involvens, within predicted 

altitudinal range of between 1050 m asl. to 3500 m asl. 

(Figure 3). The suitable area for S involvens in mainland 

SEA spread patchily in Vietnam, Burma, Thailand, Laos 

and Peninsular Malaysia, with small predicted suitable area 

in Cambodia. Meanwhile, in maritime SEA the predicted 

suitable habitat for S. involvens spread in all of big islands 

of Indonesia (Sumatra, Java, Sulawesi, Borneo and Papua), 

also appears in Lesser Sunda islands and most of the south 

Maluku islands. Additionally, the predicted suitable habitat 

also appears in almost all of the Philippines archipelago. 

Furthermore, our model predicted there are approximately 

15% (687,412.1 km2) of S. repanda’s suitable habitat in 

SEA region, spread mostly in lowland areas between 50 m 

asl. to 1100 m asl. (Figure 3). The predicted suitable habitat 

of S. repanda in mainland SEA spread across north to 

south Vietnam, adjoining with Laos national border, and 

also spread patchily in Burma, Cambodia, and Peninsular 

Malaysia (Figure 1). The model predicted a very small 

suitable habitat for S. repanda in Thailand. In the maritime 

SEA, the predicted suitable areas spread across big islands 

of Indonesia (Sumatra, Java, Borneo, Sulawesi, and very 

small suitable area in Papua). Additionally, the predicted 

suitable habitat of S. repanda appears in most of the 

Philippines archipelago.   
 

Table 1. Percentage of variable contribution to the final model 

 

Variables Description 

Contribution (%) 

S. 

involvens 

S. 

repanda 

Altitude  20.3 5.9 

Bio_1 Annual mean temperature 

(ºC*10) 

15.6 32.9 

Bio_2 Mean diurnal range (mean 

of monthly (max temp - 

min temp)) 

22.5 14.8 

Bio_3 Isothermality 0.7 4.8 

Bio_4 Temperature seasonality 

(standard deviation*100) 

9.2 3.7 

Bio_12 Annual precipitation 14.4 36.2 

Bio_19 Precipitation or coldest 

quarter 

17.2 3.1 

 

 

 
 

 
 

 

Figure 2. Results of jackknife test of relative importance of predictor variables for Selaginella involvens and Selaginella repanda 



SETYAWAN et al. – Impact of climate change on distribution of selaginellas 

 

1687 

 

 
 

Figure 3. Predicted altitudinal distribution of Selaginella involvens and Selaginella repanda suitable habitat under current climate 

condition 

 

 

 

The predicted suitable habitat of S. involvens and S. 

repanda under current climate condition were mainly 

concentrated in Java island, covering both the highland and 

lowland areas, respectively. The vast altitudinal gradient in 

this island creates a broad diversity in climatic, 

physiographic, and edaphic condition which become the 

major factors in influencing the development of the 

models. Our model predicted about 28,266.5 km2 (21.1%) 

areas are suitable for S. involvens which spread mainly on 

highland areas across this island, ranged from 1100 m asl. 

to about 3000 m asl. On the other hand, the suitable habitat 

of S. repanda predicted mainly on the lowland, spread 

across the island in a total area of 38,037.8 km2 (28%). 

Nevertheless, several small patches of predicted suitable 

areas for both species also appear overlapped in between 

the lowland and highland in a total area of 5423.6 km2.  

Despite the fundamental problem when using AUC 

(Area Under the Curve) for validation (Franklin 2010; 

Hijmans 2012), we retrieved the AUC value of 0.848 for S. 

involvens’ model and the AUC value of 0.910 for S. 

repanda’s model to illustrate that the predictions in this 

study were far better than random prediction and to 

indicate that the selected variables have described the 

distribution of both selaginella acceptably. Furthermore, 

additional evaluation of the models was conducted using 

True Skill Statistic (TSS) to give further confidence in the 

output of these models. The TSS value of 0.81 and 0.85 for 

S. involvens and S. repanda’s models, respectively, give the 

impression that the models built in this study have a very 

good degree of agreement (Li and Guo 2013). Several 

studies also demonstrated the use of Kappa statistic for 

Maxent validation (e.g. Aguirre-Guiteres et al. 2013; Duan 

et al. 2014), but, regarding of the Kappa value, it is highly 

correlated to prevalence of the locality points and the size 

of the study area (Lobo et al. 2008). Consequently, this 

would generate some sort of bias or misunderstanding, for 

example, if one uses a small study region or if the locality 

points are localized in a small area and the prevalence is 

small, one would get a high Kappa value. Moreover, 

Kappa, just like AUC, is more reliable if we use PA 

(Presence-Absence) model, due to the fact that both AUC 

and Kappa are weighting omission and commission errors 

equally. Thus, in case of this study where presence only 

data were used, we thought that the use of Kappa statistic is 

not suitable.  

Potential impact of the future climate change scenarios 

The potential impact of several climates changes 

scenarios on the predicted suitable habitat is illustrated in 

Figure 4. Across all scenarios in three different periods of 

time, the predicted climatically suitable areas were 

predicted to decrease significantly (Figure 5). Under the 

RCP 2.6 (lowest GHG emission prediction) future climate 

scenario, the climatically suitable area for S. involvens will 

likely to continuously decrease by approximately 10% in 

the year 2080, while about 17% of S. repanda’s suitable 

habitat will be lost in the same period of time. Likewise, by 

the end of 2080, there will be a gradual decrease of 

predicted suitable area under RCP 4.5 and RCP 6.0 

(medium GHG emission prediction) by maximum 20% and 

22% for S. involvens and S. repanda respectively. 

Furthermore, RCP 8.5 future climate scenario is predicted 

to have the most impact on the decrease of climatically 

suitable habitat for both species. Approximately, 27% of 

current suitable area for S. involvens will be lost, while 

29% of current S. repanda’s suitable habitat will also be 

vanished by the end of 2080. The continuously declining 

area of climatically suitable area for both species occurs 

gradually at the edge of every patch of modeled area. Thus, 

visual assessment can not clearly reveal which nation will 

likely to undergo the most suitable habitat loss. However, 

we can easily identify the progressive process of declining 

in Borneo and Sulawesi islands.  
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Figure 4. Prediction of future distribution under future climate projections 

 

 

 

Discussion 

This study represents the primary attempt to model the 

distribution of S. involvens and S. repanda’s suitable 

habitat under current climate condition and to model its 

redistribution under the effect of future climate change 

scenarios in SEA region. Our models predict the potential 

distribution of climatically suitable habitat for both species, 

under current climate condition, are distributed in all of 

SEA region countries. The distribution of suitable habitat 

for S. involvens mostly appears in highland areas, while for 

S. repanda appears mainly in lowland areas. Nevertheless, 

there are also areas which predicted suitable for both 

species. 
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Figure 5. Estimated areas of predicted distribution of Selaginella involvens and Selaginella repanda suitable habitat 

 

 

 

 

 

The predictive maps represent the potential distribution 

of climatically suitable habitat for both species, not the 

actual distribution of the species. The maps illustrate where 

the ecological niche is potentially suitable for both species. 

In the predicted suitable area, the species may not actually 

exist, for the following reasons (i) The vegetation has been 

drastically altered causing the predicted areas are no longer 

suitable for the species (e.g. deforestation, agriculture). (ii) 

The commission error occurs as the result of inaccuracies 

and weak resolution in the recorded environmental 

variables. It should be noted that the climate data were 

produced by modeling the original climate data from a 

network of weather stations. (iii) The micro-climate factors 

are not included in the models. (iv) The current 

environmental variables dataset have not yet represented 

the unique environmental condition which necessarily drive 

the occurrence of the species. (v) Inaccuracy of locality 

data. However, in the case of this study, the last two of 

these points may not influence our model strongly. 

Inaccuracy of locality may not greatly influence our model, 

because these data have been verified carefully by several 

correction bias methods (see method). To verified the 

robustness of the models we may look insight into whether 

the climatic variables used to build the models are in 

conjunction with the climatic variable proven to influence 

the establishment and the existence of species used in this 

study, and we may look into the comparison of the 

predictive maps under current climatic condition with the 

historical data of geographical distribution of both 

species.  

Both S. involvens and S. repanda are epiphyte plants 

which derive its moisture and nutrients from the air, rain, or 

from accumulated debris around it (Everhart et al. 2009). 

The performance, survival, and distribution of epiphytes 

are dependent on stand density, microclimate, distance 

from seed source, tree size and species, type and history of 

disturbance, population dynamics of epiphytes and trees, 

and epiphyte physiology (Hietz 1999; Sayago et al. 2013). 

At the local scale, many study have shown that the host’s 

characteristics and morphology which related to the ability 

to provide larger area of establishment and colonization, 

longer period of exposure to light, moisture retention, and 

better epiphyte-host network structure (e.g. Flores‐Palacios 

and García‐Franco 2006; Burns 2007; Zhang et al. 2010; 

Koster et al. 2014; Rosell et al. 2014) are another important 

factors influencing the existence of epiphyte plants. 

Nevertheless, at the given scale of analysis in this study, 

climate has been assumed as the principal factor controlling 

species distribution and in dynamic equilibrium with the 

climate regime (Guisan and Thuiller 2005; Ellis et al. 2007; 

Zots 2007). In terms of climate condition, the survival and 

distribution of epiphytes are highly influenced by annual 

temperature and total precipitation (Eaton and Ellis 2012). 

Thus, the bioclimatic variables included in this study to 

build the models were in line with the knowledge about the 

climatic factors influencing the occurrence of both species. 

Similarly, comparing the predicted distribution of 

climatically suitable habitat of S. involvens and S. repanda 

in the countries within the SEA region, with the historical 

occurrence of both species reported in several studies and 

documents will represent the level of robustness of this 

study's results. Out of 11 countries in SEA region, our 

model predicts the existence of climatically suitable area 

for S. involvens in all of these countries. The studies and 

documents confirmed the occurrence of S. involvens in this 

region were Spring (1843), (Tagawa 1973), and USDA 

(2002). Winter and Amoroso (2003), Chang et al. (2012) 

for Republic in the Union of Myanmar (Burma). Cosico 
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(1972), Alston (1935b), Lasalita-Zapico (2011), Chang et 

al. (2012), Tan (2013), and Marjorie and Inocencio (2015) 

in the Philippines. Spring (1843), Newman et al. (2007) 

and Chang et al. (2012), in Laos. Spring (1843), Chang et 

al. (2012), Zhang et al. (2013) and Zhou et al. (2015) in 

Cambodia. Tsai and Shieh (1994), Chang et al. (2012), 

Nguyen et al. (2012), Zhou and Zhang (2015) and Zhou et 

al. (2015) in Vietnam. Boonkerd and Ratchata (2002) Jin et 

al. (2007) and Chang et al. (2012) in Thailand. Parris et al. 

(2010) and Youguang and Tan (2013) in Peninsular 

Malaysia and Singapore. In big islands of Indonesian 

archipelago, S. involvens occurred in Borneo (Spring 1843; 

Chang et al. 2012), Sulawesi (Spring 1843; Tagawa 1963, 

1973; Tsai and Shieh 1994), Java (Spring 1843), and the 

Lesser Sunda islands (Spring 1843; Tagawa 1963, 1973; 

Chang et al. (2012). Nevertheless, recent literature study 

reported that only in Java island, this species occurrence 

records had been updated.  

On the other hand, the documents confirmed the 

occurrence of S. repanda in Southeast Asia were Tagawa 

(1973), This species can be found in Myanmar (Chang et 

al. 2012), Thailand (Chang et al. 2012), Laos (Chang et al. 

2012), Cambodia (Chang et al. 2012), Vietnam (Chang et 

al. 2012), the Philippines (Alston 1935a,b; Tagawa 1973; 

Tsai and Shieh 1994; Chang et al. 2012), Peninsular 

Malaysia (Wong 1982; Chang et al. 2012). In Indonesian 

archipelago, S. repanda occurred in Java (Alston 1935a; 

Tagawa 1973; Tsai and Shieh 1994; Chang et al. 2012), 

Sumatra (Chang et al. 2012), and the Lesser Sunda islands 

(Alston 1935a; Tagawa 1973; Tsai and Shieh 1994; Chang 

et al. (2012). 

Furthermore, the model predicts the occurrence of 

climatically suitable habitat for S. involvens in highland 

areas in Sumatra and Papua islands, with no historical or 

current records to confirm or disconfirm this result. 

Likewise, several historical and recent studies confirmed 

the occurrence of this species in mainland SEA (e.g., 

Spring 1843; Tagawa and Iwatsuki 1967; Mark 2007; 

Boonkerd et al. 2008). In the maritime SEA the confirmed 

occurrence was in the Philippines (Tan 2013), while in 

Indonesia were Java island (Setyawan 2009; Setyawan et 

al. 2012), Lesser Sunda islands (Spring 1843), and Sumatra 

(Spring 1843). Meanwhile, there are large areas predicted 

as climatically suitable in lowland areas of Sulawesi, 

Borneo and Papua islands which are un-backed by 

occurrence data from both studies and documents 

resources. While, it will be impossible to calculate the 

precise commission error given that we do not have an 

absence data of these islands, we assume that those areas 

may just represent suitable but unoccupied habitat.  

The predicted distribution of suitable habitat apparently 

will be significantly disturbed by future climate condition. 

Our models show a significantly negative trend of S. 

involvens and S. repanda distribution under the influence 

of accelerated global climate change. Under the lowest 

GHG emission projection (RCP 2.6), when radiative 

forcing reaches 3.1 W/m2 before it returns to 2.6 W/m2 by 

2100, there will be a rise in annual mean temperature up to 

1.7ºC in all areas of SEA region. Unlike the case of 

temperature, the changes in precipitation would not be the 

same in all SEA region areas. There will be both areas 

where the amount of precipitation shows a decreasing 

tendency (e.g., southern Indonesia, Thailand, Laos, and 

Myanmar) and where that shows an increasing tendency 

(Northern Philippines, Myanmar, and Laos), by the end of 

21st century (Figure 6) (IPCC 2014). This condition leads 

to 10% decrease of S. involvens suitable habitat, which 

occurs at a greater rate in areas where the precipitation 

predicted to decrease, than in areas which the precipitation 

predicted to increase (Figure 4, Figure 6). Likewise, under 

the worst scenario projection (RCP 8.5; radiative forcing 

8.5 W/m2 by 2100), the magnitude of temperature increase 

to about 3-5ºC and annual precipitation will mostly 

increase at a great level of changes, with some exception 

areas where the precipitation is predicted to increase 

(Figure 6). Under this scenario, 27% and 29% climatically 

suitable habitat for S. involvens and S. repanda will be lost, 

respectively. Several studies have tried to explain the 

impact of these temperature and precipitation changes on 

the establishment epiphytic plants. Elis et al. (2005) and 

Ellis et al. (2009) reported a decreasing trend of the 

climatically suitable habitat in response to shifting rainfall 

patterns. Meanwhile, Hsu et al. (2012) and Ellis et al. 

(2014) reported that under suboptimal climate condition, 

there will be altitudinal shifting of epiphyte distribution by 

c. 300-400 m higher than current distribution which shows 

a high correlation with temperature-related factors in its 

distribution.  

In this study, we extracted the altitudinal value of the 

predicted suitable habitat under RCP 2.6 and RCP 8.5 

climate scenarios in the attempt to ensure whether there 

will also be altitudinal shifting or not (Figure 7). Across the 

periods of time, our models showed that both species are 

projected to marginally shifted to higher altitudes. 

Although the shifting is relatively small, the figure still 

represents the attempt of species to cope with the changes 

in temperature and precipitation variability. Increased 

temperature and occurrence of severe drought, as indicated 

by precipitation variability, should increase plant stress in 

some years (Kelly and Goulden 2008). Thus, expected to 

decrease the species’ ability to survive in the drier, warmer, 

lower parts of its range (Allen and Breshears 1998; Lenoir 

et al. 2008a,b) and increase its competitive ability and 

tolerance in the wetter, cooler, upper parts of its range 

(Parmesan and Yohe 2003; Parmesan 2006). Despite there 

are several areas where climatically suitable habitat for 

both species are overlapped, there is still a gap in the 

majority of altitudinal distribution between both species’ 

suitable habitats (Figure 7). Therefore, we may assume that 

there could be an altitudinal buffer related to local 

microclimate limiting the redistribution of species in 

response to the climate change. The habitat microclimate 

and micro-environment itself are not included in the 

climate data and therefore not modeled.  
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Figure 6. Changes (%) in annual mean precipitation under 2.6 and 8.5 scenarios in Southeast Asia. Colors represent the difference in 

precipitation between present climate and future climate (2080-2100). (images are acquired from Data Integration and Analysis System 

(DIAS), Ministry of the Environment, Japan, 2014. Under open license agreement stated in the document and https://dias-dss.tkl.iis.u-

tokyo.ac.jp)  

 

 

 

 

 

 

 
 

 

Figure 7. Box plot of median altitudes of (A) Selaginella involvens, (B) Selaginella repanda suitable habitat distribution under current 

and future climate scenarios. The plots present median, lower quartile, upper quartile, maximum and minimum observations. Altitude is 

measured in m asl. (meter above sea level)  

 

 

 

 

The impact of multiple compounding factors acting 

simultaneously on species and its associated biota under 

anthropogenic actions and accelerated climate change 

would be very difficult to model, but the combined 

consequence is likely to be negative. There were several 

limitations in the availability of more detailed ecological 

and physiological data which prevent the build of more 

ideal models (Morin and Thriller 2009; Sinclair et al. 2010; 

Ellis 2011). Recent development of the new climate models 

and the refining of current climate models provide 

opportunity to build more precise and ideal models of 

future distribution trends of S. involvens and S. repanda. 

Future mapping and modeling process should incorporate 

potential land use land/land cover changes, more detailed 

ecological data, and accurately recorded presence and 

absence data to build the better assessment models. Despite 

these limitations, our study has established the baseline for 

assessing the impact of future climate change on S. 

involvens and S. repanda. While the quantitative results 

would be slightly different if using another niche and 

climate models, we believe that the presents resources of 

data will provide similar overall trend and projection 

A B 
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results. Thus, it is concluded that the survival of S. 

involvens and S. repanda are, and will continue to be, 

strongly influenced by climate change, and that in most 

cases the outcome will be negative. 
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