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Abstract: Climate change has modified the structure and functions of ecosystems, affecting human
well-being. Evergreen plants in the warm-temperate ecosystems will lose climatically suitable habitats
under climate change but have not drawn much scholarly interest. Therefore, the present research
aimed to predict the future climatic niches of eight coastal warm-adapted evergreen trees under
climate change to provide information for an effective management practice. For this purpose, we
used the ensemble species distribution models (SDMs) weighted by the TSS value in modelling
the climatic niches of those evergreen trees and then ensembled their future distributions predicted
under 20 future climate scenarios. Except for Neolitsea sericea (True Skill Statistic (TSS) = 0.79),
all projections for the current climatic niches of evergreens showed excellent predictive powers
(TSS > 0.85). The results showed that the climatic niches of the four evergreens—Castanopsis cuspidata,
Pittosporum tobira, Raphiolepis indica var. umbellate, and Eurya emarginati—would expand to the
northern part of the Korean Peninsula (KP) under climate change, but the ones of the remaining
four—Kadsura japonica, Neolitsea sericea, llex integra, and Dendropanax morbiferus—would shrink. While
the climatic niches of Pittosporum tobira showed the rapidest and greatest expansion under climate
change, Dendropanax morbiferus was predicted to experience the greatest loss of habitat. On the other
hand, regardless of whether the future distributions of climatically suitable habitats would expand or
contract, the highly suitable habitats of all species were predicted to decline under climate change.
This may indicate that further climate change will degrade habitat suitability for all species within the
distribution boundary and restrict continuous habitat expansions of expanding species or accelerate
habitat loss of shrinking species. In addition, the future distributions of most coastal evergreens were
found to be confined to coastal areas; therefore, sea-level rise would accelerate their habitat loss under
climate change. The present study provides primary and practical knowledge for understanding
climate-related coastal vegetation changes for future conservation planning, particularly on the
Korean Peninsula.

Keywords: climatic niche; ensemble forecast; species distribution model; warm-adapted coastal
evergreen plants

1. Introduction

Climate change has degraded habitat suitability for species, which causes range shifts of plants
and species extinction in diverse ecosystems [1,2]. Substantial prior research on climate-related range
shifts of plants has centered on cold-adapted plants inhabiting high latitude and altitude areas due
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to their vulnerability to climate warming [3]. By contrast, warm-adapted plants have not drawn
much scholarly interest [3,4], as it has been expected that those species will expand or shift their
range according to climate warming [5-8]. However, the climate-related range expansion or decline of
warm-adapted plants depends on individual species; in particular, previous research reported that
some warm-adapted lowland plants experienced habitat loss and that their extinction risk increased
under climate change [1,4-6,9-13]. Although it was predicted that the range of warm-adapted plants
would expand under climate warming, their habitat suitability decreased within the range [12,14].
Accordingly, species-specific research on climate-related range shifts is essential for the effective
conservation planning of warm-adapted plants under climate change.

The habitat suitability of warm-adapted plants, particularly those inhabiting coastal zones, will
be affected by climate change and a related event, sea-level rise. Such warm-adapted coastal plants
could directly lose suitable habitats according to an accelerated sea-level rise and indirectly altered
precipitation and temperature regimes as a result of climate change. However, even if climatic
drivers—including precipitation and temperature—are among the important factors explaining the
distributions of coastal plants [15-18], previous research has focused on habitat loss related to sea-level
rise [15,19-22]. This is because sea-level rise has resulted in the great habitat loss of coastal plants due
to inundation, flooding, a decrease in sediment elevation, and changes in salinity regimes [18,19,21,22].
But, climate change will result in changes in the climatically suitable habitats of coastal plants,
and such changes will accelerate or compensate for the habitat loss of coastal plants caused by
sea-level rises [15,23].

Most climate-related range shifts of plants have been forecasted with species distribution models
(SDMs) [24-26]. However, the SDM projections have been criticized due to multiple sources of
uncertainty, e.g., different projections according to the SDM algorithms (model uncertainty) [27-30],
global circulation models (GCMs), and CO, emission scenarios (climate uncertainty) [29,31], as well as
the lack of ecological knowledge and imperfect data [32-34]. In this context, the ensemble approach
has been proposed as a promising method for reducing model and climate uncertainties [29,35].
The ensemble approach identifies the projected geographic range of a species that all individual
models agree on to predict a suitable habitat for a species; therefore, an ensemble forecast could
minimize the potential errors originating from the predictions of individual models, reducing model
uncertainty [36]. The ensemble of future climate projections, including the average of multiple GCMs
and representative concentration pathway (RCP) projections, has also been used for reducing the
effects of climate uncertainty on future predictions [24,37,38].

This study: (1) projects the climatically suitable habitats of warm-adapted evergreen broadleaved
plants in the southern coastal zone of the Korean Peninsula using an ensemble approach; and (2) seeks
to predict their potential habitat shifts under climate change, as expanding or shrinking. For these
purposes, we modelled the climatically suitable habitats of eight evergreen broadleaved plants
using a weighted ensemble method [39]; then, we predicted the distribution of suitable habitats
under 20 future climate conditions and ensembled these 20 predictions. In view of the lack of research
on the effects of climate change on warm-adapted plants, especially evergreen plants in coastal
areas, the results of the present study provide valuable insight and practical knowledge for future
conservation planning of warm-temperate vegetation, particularly on the Korean Peninsula.

2. Materials and Methods

2.1. Study Area and Species

The climatically suitable habitats of warm-adapted evergreen plants were modelled on the Korean
Peninsula (KP), the Republic of Korea (ROK) in the south, and the Democratic People’s Republic of
Korea (DPRK) in the north (Figure 1). The KP has well-developed plains and coastal wetlands in
the western and southern areas [40]. The climatic conditions of the KP show distinct seasonal and
spatial variations. Summers are hot and humid, while winters are cold and dry: the 30-year August
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mean temperature ranges from 19.1 °C to 27.1 °C and January mean temperature varies from —17.2 °C
to 6.8 °C (http://web.kma.go.kr/eng/index.jsp). Most rainfall approximately 70%) occurs during
summer [41]. The climate of the northern part of the KP is very cold and dry in winter and is classified
as a continental climate, while the climate of the southern, southwestern, and southeastern parts
of the KP is warm and humid, i.e., a maritime climate. Such seasonal and spatial characteristics
of the KP climate conditions underlie three main floristic zones in the KP: warm-temperate in the
southern KP, temperate in the middle KP, and cold-temperate in the northern KP [40]. The southern
and southwestern parts of the peninsula, including many islands, are particularly warm and humid
and are dominated by warm-adapted plants.
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Figure 1. Study site. Korean Peninsula (KP): The Republic of Korea (ROK) in the south and the
Democratic People’s Republic of Korea (DPRK) in the north.
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Eight study species (Table 1a, Figure A1), warm-adapted evergreen broadleaved plants, are also
distributed in the southern and southwestern parts of the KP, especially in the coastal wetland areas
including the islands [42]. It has been generally expected that the habitats for those species will
expand or shift landwards and northwards [42—44] under future climate conditions of increasing
precipitation and temperature [45]. The distributions of all study species, except for Pittosporum tobira
(Thunb.) W.T. Aiton, are very restricted to coastal areas, which may reflect the narrow width of their
climatic niche in the KP. Such species with a narrow climatic niche space could be very susceptible to
habitat loss as a result of climate change [46]; furthermore, their habitat loss will be intensified by the
accelerated sea-level rise and coastal developments.

Table 1. Study species and model variables used for species distribution model (SDM) modeling and
future predictions: Eight coastal warm-adapted evergreen broadleaved plants (a), five bioclimatic
variables (b), and five global circulation models (c).

(@)

Scientific Name # of Presence (Absence) Data
Castanopsis cuspidata (Thunb.) Schottky 53 (669)
Kadsura japonica (L.) Dunal 63 (659)
Neolitsea sericea (Blume) Koidz. 86 (636)
Pittosporum tobira (Thunb.) W.T. Aiton 120 (602)
Raphiolepis indica var. umbellata (Thunb.) Ohashi 80 (642)
Ilex integra Thunb. 59 (663)
Eurya emarginata (Thunb.) Makino 71 (651)
Dendropanax morbifera H. Lév. 48 (674)
(b)
Bioclimatic Variables (BIO) Definition of Variables
BIO1 Annual Mean Temperature
BIO2 Mean Diurnal Range (Mean of monthly (max temp-min temp))
BIO12 Annual Precipitation
BIO13 Precipitation of Wettest Month
(V]
GCM Code Institution
GISS-E2-R GSt NASA Goddard Institute for Space Studies USA
HadGEM2-AO HD UK Met Office Hadley Centre
HadGEM2-ES HE UK Met Office Hadley Centre

University of Tokyo, National Institute for Environmental Studies,
and Japan Agency for Marine-Earth Science and Technology
University of Tokyo, National Institute for Environmental Studies,
and Japan Agency for Marine-Earth Science and Technology

MIROC-ESM-CHEM MI

MRI-CGCM3 MG

Note: BIO indicates bioclimatic variable and GCM global circulation model. Code in the table (c) is the abbreviation
for each GCM in the first column in the table.

Presence/absence data of eight evergreen broadleaved plants (Table 1a, Figure A1) at 722 sites
were obtained from previous studies [47,48] and the Korea National Arboretum (http://www.nature.go.
kr/indexjsp). The presence/absence data were estimated from flora reports investigated by qualified
botanists and taxonomists. In particular, in the case of the ROK sites, the experts visited each sampling site
and generated a complete list of plants for the plots of ca. 25 m by 25 m or 10 m by 10 m in size; therefore,
these data can be considered to be the presence/absence data for the SDM modeling. The distances
between the sampling points were at least 2 km, with most distances being longer than 5 km.

2.2. Climatic Variables

Bioclimatic variables showed strong inter-correlations [49]. Therefore, we tested correlations on
pairs of bioclimatic variables using Pearson’s r and selected five variables out of six variables showing
weak correlations among them (r < 0.7): BIO1, BIO2, BIO12, BIO13, and BIO14 (Table 1b, Table A1,
see Koo et al. (2015) for further details on the variable selection) [49]. Although BIO3, Isothermality
(BIO2/Temperature Annual Range) (* 100), showed weak correlations with the selected variables, we
did not use it, because when we tested its spatial variation from the south to the north, it did not reflect
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an important climatic characteristic of the KP, a clear climatic variation from the south (warm-temperate,
maritime climate) to the north (cold-temperate, continental climate). Little ecophysiological research
has explained climatic niches for the eight study species; therefore, the five variables were selected
based on the climatic conditions of their current habitats and common ecophysiology of KP plants.
The eight study species are currently distributed in the southwestern and southern coastal areas on
the KP [42]. These areas have a warm and humid climate with narrow daily and annual temperature
ranges (http://www.kma.go.kr/weather/climate/average_south.jsp). BIO1, BIO2, and BIO12 explain
those climatic conditions well. In addition, the KP has frequently shown severe drought stresses during
spring and heavy rains during summer (http:/ /www.kma.go.kr/weather/climate/average_south.jsp).
Plants of the KP are very sensitive to such weather disturbances, explained by BIO14 and BIO13.

We used the current and future bioclimatic data provided within the WorldClim Dataset (http:
/ /www.worldclim.org/), with a 30 arc-seconds (ca. 1 ka) spatial resolution. The current climate
was the average for the period of 1950 to 2000. The future climates in 2050 and 2070 were the
averages for the period of 2041 to 2060 and 2061 to 2080, respectively. We employed a total of
20 climate change scenarios to predict the potential future distributions of the eight study species
(Table 1a) for the given period, 2050 and 2070. The 20 climate change scenarios consisted of five
global circulation models (GCMs) (Table 1c) and four representative concentration pathways (RCPs).
The Fifth Coupled Model Intercomparison Project (CMIP5) included those GCMs in projecting future
global climate conditions, which were included in the Fifth Assessment Report (AR5) of the IPCC
(http:/ /cmip-pemdi.llnl.gov/cmip5/availability.html). Each RCP presents a radiative forcing target
level for the end of the 21st century: RCP 2.6 presents 2.6 W/m? (=~490 ppm CO;), RCP 4.5 4.5 W/m?
(=~650 ppm CO,), RCP 6.0 6.0 W/m? (=~850 ppm CO,), and RCP 8.5 8.5 W/m? (=~1370 ppm CO) [50].

2.3. Species Distribution Modeling and Model Evaluation

Diverse ensemble modelling methods, such as multi-model inference, model-averaging methods,
and weighted ensemble methods, have been developed for robust SDM projections [27,28,38,51,52].
We employed nine modelling algorithms [27] for a weighted ensemble forecast [53]. In previous studies,
the weighted ensemble approach best accounted for the species distributions [53]. The nine modelling
algorithms were the generalized linear model (GLM) [54], generalized boosted model (GBM) [55],
generalized additive model (GAM) [56], classification tree model (CTA) [57], artificial neural network
(ANN) [58], surface range envelope (SRE) [59], flexible discriminant analysis (FDA) [60], random
forest (RF) [61], and multivariate adaptive regression splines (MARS) [62]. First, we implemented
a random 7:3 split procedure 10 times to divide up the data into training sets and testing sets,
respectively, which reduces the uncertainty stemming from the data-split process [63]. The training sets
were used in the individual SDM developments for each study species, and sensitivity and specificity,
as well as overall model performance, were validated with the testing sets [63]. The 10 data-split
processes produced a total of 90 SDMs for each species.

The SDMs predicted habitat suitability for each plant presented by the probability of occurrence
under the assumption of perfect detection at survey sites and that a suitable habitat could be reached.
Model performances of SDMs were evaluated with the true skill statistic (TSS) [64]. TSS has been
used for assessing the predictive accuracy of SDMs, as it retains the advantages of AUC and Kappa,
but compensates for their inherent issues [64,65]. This measure of SDM performance should not be
affected by prevalence, but accounts for sensitivity, the proportion of observed occurrences correctly
predicted by SDMs, and specificity, the proportion of observed absences correctly predicted by
SDMs [63,64]. However, Kappa has been shown to depend on prevalence [64]. AUC equally accounts
for sensitivity and specificity without the prevalence dependence, but relies on the geographical extents
and spatial patterns of target species [65]. With an increase of the geographical extent outside the
current range, the AUC values also increase [65]. Thus, model performances for the species showing
very restricted geographical distributions and unbalanced presence/absence data, such as our study
species, can be overestimated by AUC and underestimated by Kappa. Next, the SDM projections with
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TSS values above 0.7, which indicates good model performance [66,67], were combined to provide the
ensemble forecasts. The ensemble forecasts were calculated based on Equation (1). The projections of
individual models were weighted by the TSS values, added up, and divided by the sum of TSS values.
Then, model performances of ensemble projections were also evaluated with the TSS values using
the full dataset. Species distribution modelling and the TSS analysis were performed in R using the
biomod?2 package [39].

Prwg = % @
where i indicates individual SDMs, P; is the probability of occurrence for the species calculated by
model i, TSS; represents the TSS statistics for the projection of model i, and Py is the ensemble layer
for each study species.

2.4. Changes in Habitat Suitability under Climate Change

The habitat suitability of all species was classified into five classes using Jenks Natural
Break classification of ArcMap 10.2 (http://www.esri.com/software/arcgis/arcgis-for-desktop),
and suitability maps were converted to presence-absence maps using species-specific thresholds.
The TSS values were calculated across the range of possible thresholds. Then, the probability of
occurrence at which the TSS value was maximized was selected as a threshold for each species
(equivalent to maximizing the sum of sensitivity and specificity) [68], one of the best methods to
minimize commission and omission errors [69,70]. A total of 20 suitability maps were projected
under 20 climate change scenarios for each species for the given period, 2050 and 2070. The 20
projections were averaged for an ensemble projection. In the next step, the ensemble habitat suitability
map was classified into five classes based on the classes used for the current habitat suitability map
and converted to a binary map, a presence-absence map, completed at the threshold used for the
current binary map.

The effects of climate change on the distributions of study species were assessed by analyzing the
percent change of areas, accounting for expanding patterns of the range of each species, and comparing
the current spatial patterns of habitat suitability classes with the future patterns.

3. Results

3.1. Model Performance and Current Distribution Patterns

The ensemble forecasts were produced by combining individual projections with TSS values
above 0.7. The threshold value of each species determined by the maximum TSS indicated the range of
each evergreen (Table 2, Figure 2). The areas with a white color on the maps indicate the non-suitable
habitats of all evergreens, while those with other colors highlight their climatically suitable habitats
(Figure 2). The predictive accuracies of ensemble forecasts were excellent (TSS > 0.85, Table 2) for
all evergreens, except for Neolitsea sericea (TSS = 0.79). The consensus projections showed that the
climatically suitable habitats of most evergreens were mainly distributed in the coastal areas and on the
islands of the southern and southwestern parts of the KP under current climate conditions (Figure 2).
However, the suitable habitats of Pittosporum tobira were projected at the inland areas, as well as coastal
areas and the islands in the southern KP (Figure 2a).
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Table 2. Evaluation statistics of ensemble projections. TSSs, Sensitivities, and Specificities were
calculated from the ensemble projection of each species using the full dataset. Sensitivities and
specificities were calculated based on the threshold of suitability at which the TSS value was
the maximum.

Species Name TSS Threshold Sensitivity Specificity
Castanopsis cuspidata 0.923 0.111 1.000 0.921
Kadsura japonica 0.866 0.168 0.917 0.949
Neolitsea sericea 0.898 0.183 0.980 0.917
Pittoporum tobira 0.860 0.098 0.968 0.890
Raphiolepis indica var. umbellata 0.932 0.085 1.000 0.932
Ilex integra 0.787 0.190 0.875 0.912
Eurya emarginata 0.880 0.229 0.921 0.959
Dendropanax morbifera 0.868 0.115 0.968 0.900

3.2. Future Distributions of Suitable Habitats for Warm-Adapted Evergreens under Climate Changes

While C. cuspidata, P. tobira, R. indica var. umbellata, and E. emarginata showed northward
expansions of climatically suitable habitats, the remaining four evergreens, i.e., K. japonica, N. sericea,
L. integra, and D. morbifera, presented contractions of habitats under climate changes (Table 3, Figure 2).
P. tobira showed the greatest change of suitable habitats (261% increase in 2050 and 390% increase
in 2070) under climate change, while K. japonica presented the least change (12% decrease in 2050
and 7% decrease in 2070). P. tobira also showed the rapidest northward and inland expansions, while
C. cuspidata presented the slowest northward expansion (41% increase in 2050 and 76% increase in 2070).
Furthermore, D. morbifera showed the greatest decrease of climatically suitable habitats under climate
change (90% decrease in 2050 and 89% decrease in 2070). However, K. japonica presented the least loss
of suitable habitats.

Table 3. Areal changes of the climatic niche of eight plants under climate change. While the first
four species (C. cuspidata to E. emarginata in the first column) showed expansions of suitable habitats
under climate changes, the remaining four species (K. japonica to D. morbifera) presented contractions of
habitats. The unit is %. The numbers show the percent areal changes under climate change.

Species Name 2050 2070
Castanopsis cuspidata 41 76
Pittosporum tobira 261 390
Raphiolepis indica var. umbellata 147 232
Eurya emarginata 62 106
Kadsura japonica —12 -7

Neolitsea sericea —52 —47

llex integra —51 —53

Dendropanax morbifera —90 -89
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Figure 2. Ensemble projections of current and future distributions of climatically suitable habitats
for coastal evergreen broadleaved plants under climate change in 2050 and 2070. The future climatic
conditions were projected under 20 climatic change scenarios, five global circulation models (GCMs),
and four representative concentration pathways (RCPs), and 20 projections of climate change were
ensembled for ensemble projections. (a) Presents the habitat expansions under climate changes and
(b) the habitat contractions.
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The predictions suggested that the climatically suitable habitats of C. cuspidata, P. tobira, R. indica
var. umbellata, and E. emarginata would generally expand to the north along with the west coastal
areas (Figure 2a,b). In particular, P. tobira and R. indica var. umbellata would expand from the coastal
to the inland areas and from the south to the north along with the east coastal areas, as well as the
west coast. On the other hand, even though C. cuspidata, R. indica var. umbellate, and E. emarginata
showed potential expansions of suitable habitats under climate change, the highly suitable habitats
(red-colored areas on the maps, Figure 2a) of three evergreens all declined, so there are no red colored
habitats in the southwestern islands and coastal areas.

The climatically suitable habitats of K. japonica, N. sericea, I. integra, and D. morbifera contracted,
and their habitats were mostly found on the islands of the southern KP (Figure 2b). High and medium
suitable habitats (red- and yellow-colored areas on the maps, Figure 2b) were rarely observed for the
four declining evergreens. D. morbifera showed particularly huge habitat contractions in 2050 and 2070,
showing that only low suitable habitats (purple-colored areas) remained on the islands of the southern
parts of the KP. On the other hand, the total habitat areas and highly suitable habitats of K. japonica and
N. sericea decreased, while their low suitable habitats on the mid-west coast expanded. In addition,
despite its low suitability, the island in the east, Ulleungdo, became and remained suitable for . integra
and N. sericea, respectively.

4. Discussion

The climatically suitable habitats of warm-adapted plants have been expected to shift or expand
under a warming climate [8,42,44]. Such a positive expectation has led to little scholarly and
managemental interest in the effects of climate change on warm-adapted plants, especially in the ROK.
However, our results suggested that it depended on the species, showing that the suitable habitats of
four evergreen trees would expand to the northern part of the KP, while the remaining four evergreens
would decline (Figure 2). In addition, the rates of expansion and decline were very species-specific.
In particular, the projections suggested that D. morbifera had the highest vulnerability to a warming
climate, showing that only ca. 10% of its climatically suitable habitats would remain in 2050 and
2070. D. morbifera has been an economically important species that provides sources for traditional
medicines for multiple diseases in the ROK [71]. Therefore, the habitat loss of D. morbifera will cause
significant economic loss in ROK. It was expected that the distribution of D. morbifera was limited
by low temperature; therefore, a warming climate could provide better habitats for D. morbifera [72].
However, our predictions were the reverse, and previous ecophysiological research also supported the
possible habitat loss of this species under a warming climate because this species had a low genetic
diversity [73] and preferred shading conditions and a sufficient pre-chilling period to produce superb
seedlings [74].

Regardless of whether the climatically suitable habitats of eight evergreen plants would expand
or contract, their highly suitable habitats, except for P. tobira, would commonly decline according
to climate change (Figure 2). In particular, the high and medium suitability of K. japonica, N. sericea,
I. integra, and D. morbifera (red- and yellow-colored areas on the maps, Figure 2b) was rarely
observed on the maps. This indicates habitat degradations within the distribution boundary of
all evergreen species under climate changes, which may restrict their habitat expansions and accelerate
the corresponding habitat contractions under further climate change. Such habitat degradation could
imply the potential loss of diversity of native warm-adapted evergreen trees in the southern KP under
continuous and accelerated climate change. Similarly, other studies have also reported habitat and
biodiversity loss, as well as an increase in the extinction risk of warm-adapted plants due to habitat
degradation as a result of climate change [4-6,9-11]. For example, research on the climate-related
range shifts of evergreen broadleaved trees in the Taiwan-Japan archipelago yielded a similar result,
i.e., the potential habitat degradations of evergreens within the distributional boundary under climate
change [12].
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The coldness index and the mean temperature of the coldest month have been used to account
for the northern and upper distributional limits of warm-adapted evergreens [7,12,75-78]. Previous
research using the coldness index and the minimum temperature conditions predicted the expansions
and shifts of future habitats for warm-adapted evergreen trees [7,12,42,75-78]. Therefore, the climatic
factors used for predictions, the coldness index and the minimum temperature, may account for the
difference between our predictions and the previous ones. However, recent studies have suggested
that the coldness index and cold temperature conditions might not explain the northern range limit of
warm-adapted evergreen broadleaved trees [76,79]. Rather, cold temperature conditions during winter
(chilling requirement) are necessary for the next year’s growth of warm-adapted evergreens [74,80,81].
Temperature-related stresses on plant distribution and growth were found to be closely related to the
level of water availability [82,83]. Therefore, precipitation could be a major climatic factor that controls
the distribution of warm-adapted evergreens, and temperature a minor factor [5,76,83]. In addition,
extreme climatic conditions, such as drought, flooding, and thermal stresses, are particularly important
when explaining plant distributions, as they control the survival and growth rates of seedlings and
saplings as well as adults [84]. The bioclimatic variables widely used by many species distribution
studies account for those climatic conditions well. In particular, the five bioclimatic variables used in
the present study aptly describe spatial and seasonal variability of the KP climate in relation to plant
survival and growth. Climatic extremes, including drought stresses in spring and heavy rainfalls in
summer, were particularly well explained by BIO13 and 14. Therefore, our predictions could better
describe the climatically suitable habitats for the eight study species.

The current suitable habitat of each plant could be appropriately projected by a simple correlation
between climatic factors and species occurrences. However, we are aware that our model predictions
in the future have several limitations due to the lack of: (1) ecological and evolutionary research on the
study species; and (2) information on other environmental changes related to climate change, such as
sea-level rise, and land-use change. Due to the dynamic responses of plants to a changing climate,
such simple correlations may not account for the future distribution of climatically suitable habitats
for plants [49,85]. Much evolutionary research has addressed the issue of how modern populations of
plants have adapted to current local climatic conditions, which confined the responses of plants to
climate change in their local habitats [86-92]. Therefore, due to diverse site-specific plant responses to
the climate, regional scale predictions of climate-related range shifts may not appropriately forecast
the plants’ future climatically suitable habitats. Land-use change, including coastal developments
for recreation, tourism, residential areas, and agricultural lands, directly removes suitable habitats
for the coastal evergreens and indirectly decreases their suitable habitats via many and varied ways,
such as introducing invasive species and soil pollution [93,94]. In particular, huge coastal flats were
converted to lands in the western KP to secure agricultural lands, which has caused many coastal
organisms, including coastal plants, bivalves, and seabirds, to lose their habitats [95]. Sea-level rise,
resulting in the direct habitat loss of coastal evergreens, was found to range from 0.347 mm/year in
the mid-eastern KP to 5.030 mm/year in the southern KP [96]. Accelerated sea-level rise in the future
will increase the habitat loss of the four declining coastal evergreens (Figure 2b) and restrict the habitat
expansions of the other four coastal evergreens (Figure 2a) in the KP.

Despite the limitations mentioned, considering the lack of studies investigating the effects of
climate change on warm-adapted evergreen plants due to a positive expectation [8,42,44], this study is
valuable at the current stage by providing reasons why we need: (1) climate change-related studies for
warm-adapted plant species by showing the possible negative effects of climate change on the study
species; (2) conservation planning and policy making for the warm-adapted species such as D. morbifera,
which are highly vulnerable to climate change, e.g., finding alternative habitats and designating
conservation and restricted development areas for a vulnerable species; and (3) management planning
for the expanding species, e.g., P. tobira, which could invade a temperate forest and cause changes in the
ecological function and process of temperate forest ecosystems. In addition, this research suggests that
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further ecological and evolutionary studies for the study species at local scales and the development of
a long-term environmental database are necessary for better model predictions, especially in the ROK.

5. Conclusions

In this study, we predicted the potential range of eight coastal evergreen broadleaved trees in
the KP under climate change. Four out of eight evergreens showed habitat expansions, while the
other four presented habitat contractions. Regardless of whether their climatically suitable habitats
would increase or decrease, habitat degradation was predicted within the distribution boundary for
all eight evergreens. Such habitat degradation may restrict habitat expansions of the four expanding
evergreens and accelerate habitat contractions for the declining evergreens under further climate
change. However, our predictions may have limitations due to not considering other environmental
factors and diverse responses of those trees to a changing climate. In particular, sea-level rise will cause
huge habitat loss of those species, especially when considering the declining evergreens. Therefore,
further ecological research that considers other environmental changes is necessary. However, despite
the mentioned limitations, our research provides basic knowledge for understanding the climate
change effects on the climatically suitable habitats of coastal warm-adapted evergreen trees in the KP.
Taken together, the results of the present study give primary information for conservation planning of
coastal vegetation, especially in the KP.
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Appendix A

(a) Castanopsis cuspidata
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(b) Pittosporum tobira

N
o OOO
o8 o
° oo <g e} o
v. °© ° o
e
Km
0 50 100 200 300 400

Presence

Absence

Figure A1. Cont.

14 of 26



Forests 2017, 8, 500

(c) Raphiolepis indica var. umbellate
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(d) Eurya emarginata
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(e) Kadsura japonica
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(f) Neolitsea sericea
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(g) llex integra
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(h) Dendropanax morbifera

e
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Figure A1. Presence/absence maps for the eight study species. For political reasons, we had no access
to 52 sites in DPRK. Obviously, such spatially uneven samples and the lack of DPRK data could have
negatively influenced the ability of SDM predictions [34]. However, we consider that it should not be
a critical issue for modelling the climatically suitable habitats of eight coastal plants due to the lack
of possibility that those species naturally occur in DPRK. Those species have been distributed in the
southern coastal areas and showed a strong preference for warm and humid habitat conditions [42,97].
Therefore, colder and drier inland climate of DPRK could not account for the climatic niches of those
plants. In addition, the 52 sites of DPRK represent the alpine and subalpine areas that are not found in
ROK. Therefore, including those DPRK data are helpful in terms of considering the full range of the KP
climatic conditions in modelling current and future distributions of the eight evergreens on the KP.
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Table A1. The results of Pearson’s correlation analyses between bioclimatic variables.

21 of 26

Biol Bio2 Bio3 Bio4 Bio5 Bio6 Bio7 Bio8 Bio9 Biol0 Bioll Biol2 Biol3 Biol4 Biol5 Biol6 Biol7 Biol8
Bio2 —0.52
Bio3 —0.02 0.61
Bio4 —0.72 0.79 0.02
Bio5 0.93 —0.24 0.04 —0.43
Bio6 0.95 —-0.7 —0.08 —0.89 0.79
Bio7 —0.68 0.87 0.16 0.99 -0.39 -0.87
Bio8 0.96 —-0.34 —-0.01 —-0.52 0.99 0.85 —0.48
Bio9 0.96 —0.65 —0.03 —-0.86 0.81 0.99 —0.84 0.86
Biol0 0.96 —0.36 0 —0.54 0.97 0.85 —0.5 0.98 0.87
Biol1l 0.98 —0.63 —0.03 —-0.85 0.84 0.99 —0.82 0.89 0.99 0.89
Biol2 0.07 —0.09 0.34 —0.35 —-0.1 0.14 -0.29 —-0.07 0.19 0.19 0.15
Biol3 —0.24 0.5 0.27 0.43 —-0.12 -0.38 0.48 —-0.18 -033 —-033 —0.32 0.57
Biol4 0.18 —0.43 0.06 —0.58 —0.07 0.36 —0.59 0 0.32 0.32 0.31 0.53 —0.09
Biol5 —0.45 0.72 0.05 0.88 —-0.17 —0.68 0.88 —-026 —0.63 —-0.63 —-0.61 —0.16 0.67 —0.69
Biol6 —0.18 0.32 0.37 0.13 -0.19 -0.23 0.19 -021 -016 —-0.16 —0.19 0.85 0.89 0.16 0.37
Biol7 0.34 —0.55 0.07 —0.75 0.06 0.53 —0.75 0.14 1 0.5 0.48 0.58 —0.16 0.95 —-0.8 0.14
Biol8 —0.24 0.41 04 0.24 —-021 -0.31 0.3 —-024 —-025 —-025 —0.26 0.79 0.93 0.12 0.45 0.98 0.07
Bio19 0.27 —0.54 0.06 —-0.72 —0.01 0.47 —-0.72 0.07 0.45 0.45 0.42 0.6 —-0.14 0.95 —0.78 0.16 0.98 0.1
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