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Abstract. Sulton MN, Aurina DM, Muhammad F, Fadzilah FPA, Hanun Z, Indrawan M, Budiharta S, Supriatna J, Nursamsi I,
Setyawan AD. 2024. Predicting the current and future distributions of Pinus merkusii in Southeast Asia under climate change.
Biodiversitas 25: 1135-1143. Pinus merkusii Jungh. Et de Vriese is a native pine species of Southeast Asia with primary distribution in
Indonesia, especially in the mountainous areas of northern Sumatra. The P. merkusii has an important role in the forest ecosystem
including maintaining ecosystem stability, reducing soil erosion, and providing habitat for various types of flora and fauna. Climate
change is expected to affect the growth, development and distribution of plants, so this study aims to predicting the current dan future
distribution of P. merkusii in Southeast Asia under climate change. We used Maxent and Geographic Information System (GIS), which
incorporated bioclimatic, edaphic, and UVB radiation variables, to predict the suitable areas of P. merkusii under current and future
climate scenarios (RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5) and three time periods (2030, 2050, and 2080). Our findings indicate that
compared to current, there will be an increase of suitable areas for P. merkusii in 2030 across all climate scenarios with RCPs 2.6, 4.5,
6.0, and 8.5 represent 9.53%, 9.66%, 9.73%, and 9.91% of Southeast Asia terrestrial area, respectively. In 2050, such increase will
continue under all climate scenarios with RCP 4.5 has the largest proportion of suitable area (10.39%). However, in 2080, the suitable
areas are likely to reduce compared with 2050 with RCPs 2.6, 4.5, 6.0, and 8.5 have a percentage of 9.21%, 9.69%, 10.29%, and 9.81%,
respectively. Our predictions showed that there will be a geographical shift of suitable area of P. merkusii into higher elevation and low
latitude, migrating southeastward. Our findings about the potential future distribution of P. merkusii might be used as a reference for

cultivation according to predicted suitable areas in the future.
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INTRODUCTION

Pinus, which belongs to the Pinaceae family, has a wide
distribution ranging from the northern to southern
hemispheres and consists of nearly 100 species. Of the
various species, tropical pine (P. merkusii Jungh. Et de
Vriese) or also known as tusam, is the only species of pine
that has a distribution in most parts of Southeast Asia, such
as Thailand, Vietnam, Malaysia, and Indonesia (Melinda et
al. 2022). It is characterized by its tall and sturdy form,
with long needle-shaped leaves and distinctive seed cones
(Ramadhani et al. 2021). The P. merkusii has an important
role in forest ecosystem including maintaining ecosystem
stability, reducing soil erosion, and providing habitat for
various types of flora and fauna (Ng'awe et al. 2021; Sulton
et al. 2023). The P. merkusii has Vulnerable (VU) status
based on the IUCN Red List (Heyne 1987; IUCN 2006).

Sadili (2015) stated that P. merkusii, a pine species
native to Southeast Asia, is widely found in Indonesia,
especially in the mountainous areas of northern Sumatra.

The P. merkusii is among the most important forestry
species in Indonesia with a broad range of products
including its resin used in gumrosin industries and its wood
used as raw material for building construction, furniture,
pulp and paper (Wijayanto et al. 2015). The P. merkusii
generally grows at an altitude of 400-1,500 msl, but has
also been reported to grow in lowlands (= 90 m asl) and
mountains (= 2,000 m asl). The P. merkusii is fast-growing
species and does not require special growing sites (Siregar
and Diputra 2013) and can even grow on poor soils.
Nonetheless, temperature and rainfall play an important
role in influencing the growth and distribution of P.
merkusii in Southeast Asia. Latest study shows that the
optimal temperature for P. merkusii growth is in the range
of 18-25°C (Sandri et al. 2016). The P. merkusii grows
well in areas with high annual rainfall between 1,000-2,000
mm (Masendra et al. 2021), making this species suitable to
grow in Southeast Asia which generally has high rainfall.

In general, Southeast Asia has two seasons, i.e. a wet
season and a dry season, that generally occur with
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variations across the region. The wet season usually occurs
between November-April, when the western monsoon
brings water vapor from the Indian Ocean and causes
heavy rainfall (Numata et al. 2022). Rainfall in Southeast
Asia is generally abundant throughout the year, with the
wet season dominating the dry season (Zhang et al. 2023a).
Meanwhile, the dry season in Southeast Asia occurs
between May-October. During this period, the Timor
monsoon carries dry air masses from the Pacific Ocean
(Zhang et al. 2023b). This causes rainfall to decrease
dramatically, the weather to become drier and hotter.

Rising temperatures, extreme weather, and changing
seasonal patterns are some of the impacts of climate
change, which are primarily driven by an increase in
greenhouse gases in the atmosphere caused by anthropogenic
activities (Gray and Brady 2016). Climate change impacts
pose a major challenge to plant development and growth,
phenology (Parmesan and Hanley 2015), and changes in
the geographic distribution of species (Zhang et al. 2018).
The shifts in species distributions that occur in response to
climate change pose major challenges for conservation
planning, prioritization and land protection decisions,
making predicting these shifts in distribution patterns a
major focus in climate change ecology (McLaughlin et al.
2017). Modeling that predicts the potential distribution of a
species plays an important role in many biological
conservation applications (Khanum et al. 2013; Yang et al.
2013). Species Distribution Models (SDMs) are a key tool
in predicting the spatial response of species to
environmental change (Kaky et al. 2020), such as the likely
impacts of climate change on natural and artificial
ecosystems (Woodin et al. 2013). Various species
distribution models have been widely applied to determine
or evaluate ecological suitability, ecological response, and
species distribution areas, one of which is Maximum
Entropy (Maxent) (Zhang et al. 2018). Maxent is a model
that is often used in predicting species distribution (Wang
et al. 2014). In predicting species distribution, Maxent only
uses species presence data to predict based on maximum
entropy theory (Khanum et al. 2013) and environmental
information (Yang et al. 2013).

Considering the sensitivity of P. merkusii to climate
variables, climate changes might have potential impact on
the distribution of this species. An increase in temperature
abowve its suitable climatic ranges (i.e. 25°C) is likely to
shift its geographic occurrence in Southeast Asia to higher
latitude and altitude, yet this hypothesis needs to be tested.
Therefore, the aim of this study was to predict the current
and future distribution of P. merkusii in Southeast Asia
under climate change using species distribution model of
Maxent. We hope that the findings of this study can be
utilized by stakeholders, both government and non-
governmental organizations, in managing this species.

MATERIALS AND METHODS

Study area
This study examines the projected impacts of climate
change on the distribution of P. merkusii in Southeast Asia.

BIODIVERSITAS 25 (3): 1135-1143, March 2024

Pinus species has distribution in most of Southeast Asia
(Sitompul 2019). Southeast Asia consists of 11 countries:
Indonesia, Malaysia, Singapore, Thailand, Philippines,
Brunei, Vietnam, Laos, Myanmar, Cambodia, and East
Timor (Figure 1). Geographically, Southeast Asia countries
are located at 28°N-11°S, most of these countries have a
tropical climate.

Procedures
Data collection

There were 96 presence data of P. merkusii Southeast
Asia collected from primary and secondary data. Primary
data were obtained from the presence of P. merkusii around
Mt. Lawu and Yogyakarta, Indonesia with 8 coordinate points
and secondary data were obtained from Global Biodiversity
Information Facility (GBIF) (http://www.gbif.org/) with 88
coordinate points. The obtained data was further converted
into CSV format for further analysis. Correction of
sampling bias is necessary to minimize biases that can
affect the results and interpretation of the model. We use
ArcMap 10.5 and SDM Toolbox v2.5 to select sampling
points and sampling uses MCP buffers (Maxent Tools) to
reduce the buffer distance bias of 10 km. The use of MCP
buffer samples to achieve file bias is due to species
distribution which makes species locations unsuitable.

Current environmental and bioclimatic variables

Bioclimatic and environmental variables were used to
model species distribution. We selected a subset of
variables that may affect the occurrence of P. merkusii in
Southeast Asian countries. We applied 19 bioclimatic
variables, 2 edaphic variables, and 5 environmental
variables assumed to have a significant effect on plant
growth (Table 1). We collected bioclimatic datasets from
the Worldclim website (https://www.worldclim.org/) (Fick
and Hijmans 2017). We retrieved historical climate data
with a spatial resolution of 2.5 minutes (about 20.25 km?).
We obtained the global dataset of UVB radiation layers
(UVB1, UVB2, UVB3, UVB4) from the glUV dataset
(https:/iwww.ufz.de/gluv/) (Beckmann et al. 2014). GIUV
is a supporting dataset to the bioclimate dataset that
contains information on the distribution of UVB radiation.
Soil data consists of soil organic carbon and soil pH. We
obtained the soil dataset from ISRIC
(https://data.isric.org/geonetwork/) (Hengl et al. 2017).
After obtaining the dataset, we delineated it according to
the study area, resampled, and converted it into (.asc)
format using ArcMap 10.5. We realized that each
bioclimatic variable in Maxent is highly correlated, so it
needs to be reduced to improve the quality of species
distribution estimation. We used the SDM toolbox v2.5 In
ArcMap 10.5 (Brown 2014; Brown et al. 2017). We used
the Principal Component Analysis tool to reduce the
number of bioclimatic variables used for prediction since
some variables might have strong correlation. Eventually,
we used only six bioclimatic variables (bio4, bio5, bio8,
bio9, biol0, bioll) plus two soil variables (soc, pH) and
five environmental variables (elevation, UVB1-4) (Yoon
and Lee 2021).
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Figure 1. Study area and presence data of Pinus merkusii in Southeast Asia

Table 1. Bioclimatic variables used to model species distribution

Variable Description

Altitude

Temperature seasonality (standard
deviation x 100)

Max temperature of warmest month
Mean temperature of wettest quarter
Mean temperature of driest quarter
Mean temperature of warmest quarter
Mean temperature of coldest quarter

elev
wc2.1 2.5m_bio 4

wc2.1 2.5m_bio 5
wc2.1 2.5m_bio_8
wc2.1 2.5m_bio_9
wc2.1 2.5m_bio_10
wc2.1_2.5m_bio_11

soc Soil organic carbon

ph Soil pH

uvbl Annual mean UVB

uvh2 UVB seasonality

uvb4 Mean UVB of lowest month
uvb3 Mean UVB of lightest month

Future climate scenarios

We created future climate scenarios by simulating
species distributions using representative concentration
pathways (RCPs). We obtained future climate data from
the International Center for Tropical Agriculture (CIAT)
and the Climate Change, Agriculture and Food Security
(CCAFS) Program (https://www.ccafs-
climate.org/data_spatial_downscaling/). We used the
mohc_hadgem2_es model (Hadley Center Global
Environment Model 2 Earth System). The model selection
was based on the availability of the desired scenarios of
RCP 2.6, 4.5, 6.0 and 8.5 from CMIP5 (Coupled Model
Intercomparison Project Phase 5) (Mohan and Bhaskaran
2019). We used three time periods (2030, 2050, 2080) to
compare the impact of climate change on P. merkusii
distribution in Southeast Asia countries. We assumed that
the other seven variables (altitude, soil organic carbon, soil
pH, UVB1-4) would not change significantly due to
increasing greenhouse gases. Global Climate Models
(GCMs) are important information for understanding the
impacts and effects of climate change at local and global

scales. However, climate change prediction models cannot
be used as the main reference because differences in spatial
resolution and numerical schemes in data processing can
cause bias (error).

Model development

In this study, we used Maxent to predict the current
distribution of P. merkusii and its redistribution under the
influence of future climate change scenarios. We used
Maxent version 344
(https://biodiversityinformatics.amnh.org/open_source/max
ent/). Maxent can predict species distribution from
Presence-Only (PO) data. Maxent provides setting options
to simplify the analysis and customize the results according
to our needs. The maximum number of iterations for the
model is the parameter value to be changed, and is set to
5,000 per run to allow sufficient time for convergence. We
used a convergence threshold of 1x10°5. To "cross-validate"
the model, the data should be partitioned ten times, with
10% of each partition used to train the model ten times on
90% of the data, and alternately test the model on 10% of
the partitions.

Core distribution change

By calculating and differentiating the centroids of
current and future projected areas, we sought to further
investigate trends in the size of projected areas (Brown
2014; Brown et al. 2017; Duan et al. 2022). The main
distribution changes in the range of suitable habitats for P.
merkusii were summarized. Between the two binary models
(i.e. current and future SDM), we used SDM Toolbox, a
Python-based GIS toolbox. By averaging the latitude and
longitude of the binary input pixels, the tool creates a
center of mass, which is then used to represent the center of
the species range and indicate the magnitude and direction
of change (He et al. 2023). Furthermore, we exclusively
used projections of future climate conditions up to 2080 to
reflect the largest changes at the center of the geometric
distribution. We concentrate on distribution shifts of
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species on Sumatra Island. Sumatra was chosen since it is
the origin of P. merkusii (Sadili 2015).

Data analysis

Maxent was used to obtain a prediction map that
displays the distribution of potential ecological niches for
species in the study area. Based on Phillips and Dudik
(2008), the degree of potential suitability displayed is on a
linear scale between 0 (lowest) to 1 (highest) probability. In
addition, Maxent will make calculations regarding the
contribution of each variable to the entire model and the
amount of influence on the predictions made. Furthermore,
to obtain alternative values regarding the importance of
variables, the jackknife test is performed, which will
display variables that have the most information and are
not owned by other variables (Phillips et al. 2006). By
applying binary computation and categorizing values into
suitable and unsuitable habitats using selected threshold
criteria, the geographic distribution of habitats can be
compared and quantified as expected. One of the many
sources of bias that Maxent users should strive to reduce is
the selection of threshold rules (Phillips and Dudik 2008).
According to Phillips and Dudik (2008), in selecting
threshold criteria, it is best to avoid randomness and
consider the relative relevance of commission error and
omission error. To reduce commission error, we chose the
threshold criterion of "maximum training sensitivity plus
specificity”. As in the research of Padalia et al. (2014),
Maxent will determine the Area Under Curve (AUC) to
assess model performance. The AUC value ranges from 0
(lowest) to 1 (highest), with a value of 0 to 0.5 meaning the
model is no better than random prediction, between 0.5 to
0.7 means low discrimination, between 0.7 to 0.9 means
good discrimination, and a value between 0.9 to 1 means
the model is better than random prediction (Setyawan et al.
2018; Setyawan et al. 2021).

RESULTS AND DISCUSSION

Contribution of the variables and model evaluation
Based on the presence data of P. merkusii, we created a
habitat suitability map of P. merkusii using climatic,
topographic, edaphic, and UVB radiation variables (Table
2). The model shows the variables with high contribution to
explain suitable geographical areas as habitats for P.
merkusii in Southeast Asia with AUC value of 0.875
(Figure 3.A). Elevation (elev) had the highest relative
contribution to the model with 25.1% while the combined
variables of wettest quarter mean temperature
(wc2.1_2.5m_bio_8), soil pH, and seasonal temperature
(wc2.1_2.5m_bio_4) explained a total of 50.3% and the
remaining variables each contributed less than 10% to the
model (Table 2). In addition, we also obtained alternative
estimates for important variables through the use of the
jackknife test (Figure 3.B). The results showed that the
environmental factor with the highest contribution when
used in isolation was the mean temperature of the wettest
quarter (wc2.1_2.5m_bio_8) which therefore had the most
information (Figure 3). The jackknife test results showed
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different findings regarding which factor would reduce the
contribution the most when it was removed. The wettest
quarter average temperature (wc2.1_2.5m bio_8), warmest
quarter average temperature (wc2.1 2.5m bio_10), hottest
month maximum temperature (wc2.1_2.5m bio_5), driest
quarter average temperature (wc2.1_2.5m bio_9), and
coldest quarter average temperature (wc2.1_2.5m_bio_11)
appeared to have the most information that is not present in
other variables, so not using these variables would reduce
the accuracy of the P. merkusii model indicating that these
five variables have the most useful information that is not
present in other variables (Figure 3).

Current predicted suitable habitat of P. merkusii in
Southeast Asia

Based on the distribution mapping of P. merkusii
species modeled with Maxent, it is estimated that about
7.6% (316,770.75 km?) of Southeast Asia’s land area is
suitable for P. merkusii (Figure 2). The predicted suitable
habitats spread across Indonesia, Thailand, Philippines,
Cambodia, Vietnam, Laos, Malaysia, and Myanmar with
the largest distribution in Indonesia. In contrast, three
countries in the Southeast Asian region, namely Brunei
Darussalam, Singapore, and East Timor, no suitable areas
for P. merkusii species were predicted. The distribution of
P. merkusii in Indonesia is widely spread in three islands,
namely Sumatra, Java, and Sulawesi.

Naturally, the distribution of P. merkusii is widespread
in Southeast Asia, especially in Indonesia, Thailand, the
Philippines, Laos, Cambodia, Vietnam (Imanuddin et al.
2020) and Myanmar (Grote and Srisuk 2021). The
distribution of P. merkusii in Indonesia is found mainly in
the mountainous areas of Sumatra (Alhamd and Rahajoe
2013). Distribution on the island of Sumatra is spread in
Aceh, Kerinci, and Tapanuli which grow under different
altitude conditions (Imanuddin et al. 2020). In addition,
based on the results of the study it is also known that its
distribution is also found on the islands of Java and
Sulawesi. Meanwhile, the distribution of P. merkusii in the
Philippines is found on Luzon and Mindoro Islands and in
the lowlands at an altitude of 100 masl. (Mustagim 2021).

Future predicted suitable habitat of P. merkusii in
Southeast Asia

Figure 4 and Table 3 present the future distribution of
suitable habitats of P. merkusii under several climate
change scenarios. While it is predicted that there are some
areas become suitable habitats in the future, the current
suitable areas are expected to decrease significantly under
all RCP scenarios over three different time periods.

Under the RCP 2.6 climate scenario (lowest GHG
emissions), the suitable terrestrial habitat area for P.
merkusii in 2030 represents 3.96 x 10° km? or an increase
of 9.53% from the current distribution. Then in 2050,
almost all countries in Southeast Asia experience an
increase in the distribution area of P. merkusii species with
the most significant increase occurring in Myanmar, the
Philippines, Thailand and Sumatra Island in Indonesia. The
suitable habitat area for P. merkusii increases by an
estimated 9.15%. Maxent projects that in 2050 the
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terrestrial distribution of P. merkusii in Southeast Asia will
be 3.8 x 10° km?. In 2080, there is a slight increase of
suitable habitat to 1.78% which mainly occurs in Brunei
Darussalam, the Philippines and the island of Java in
Indonesia, but a significant decrease occur in the countries
of Myanmar, Thailand and the island of Papua in Indonesia.

Under the RCP 4.5 climate scenario, the suitable
terrestrial habitat area of P. merkusii in 2030 is estimated at
4.02 x 10° kn?. In the following 20 years, a significant
increase in suitable area is predicted in 2050 in almost all
Southeast Asia countries with a total percentage increase of
10.39%. However, a decrease in the distribution area of P.
merkusii species is expected by 2080. Maxent projects an
estimated loss of 2.08% in that year. The decline is
expected to occur in several Southeast Asia countries
including Myanmar, Cambodia, the Philippines, Singapore
and the Indonesian island of Papua. Whereas the predicted
increase occurred in Brunei Darussalam and Malaysia,
which is expected to decline in the previous period (2050).

Under the RCP 6.0 climate scenario, there will be a
significant increase (9.73%) of suitable area for P. merkusii
in 2030 compared to the current habitat. In 2050, suitable
habitat is predicted to increase significantly, and is
expected to further affect the sustainability of suitable
habitat for P. merkusii. In addition, approximately 10.36%
of the suitable habitat area will be lost by the end of 2050.
By the end of 2080, approximately 2.86% of the suitable
habitat for P. merkusii under the influence of this future
climate trajectory. During the aforementioned time period,
there are indeed also areas that are predicted to be suitable
habitats for P. merkusii.

Under the RCP 8.5 climate scenario, by 2030, the
suitable area for P. merkusii will be significantly increased
by about 9.91% compared to the present. Suitable habitat is
projected to increase significantly in 2050. About 10.32%
of the suitable habitat area will remain by the end of 2050.
However, this loss can be made up for by the increase in
the species' distribution area, which is much higher than in
2030, especially in Thailand, the Philippines, and the
Moluccas Islands and Papua in Indonesia and is expected
to further affect the sustainability of suitable habitat for P.
merkusii. By the end of 2080, approximately 2.38% of
suitable habitat for P. merkusii will be affected by this
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Figure 2. Current distribution of suitable habitat of Pinus
merkusii in Southeast Asia predicted using Maxent

Table 2. Percentage of variable contribution to the final model

Variable Description Contr.
(%)
elev Altitude 25.1
wc2.1_2.5m_bio_8 Mean temperature of wettest quarter 21.9
wc2.1 2.5m_bio_4 Temperature seasonality (standard  17.1
deviation x 100)
ph Soil pH 11.3
uvb4 Mean UVB of lowest month 9.7
uvbl Annual Mean UVB 6.2
wc2.1_2.5m_bio_9 Mean temperature of driest quarter 4.8
soc Soil organic carbon 29
uvb2 UV B Seasonality 0.4
uvb3 Mean UVB of lightest month 0.2
wc2.1 2.5m_bio_11 Mean temperature of coldest quarter 0.2
wc2.1 2.5m_bio_ 5 Max temperature of warmest month 0.2
wc2.1 2.5m_bio_10 Mean temperature of warmest quarter 0.1

Jackknife of regularized training gain for Merkusii

4 Withoutvariable ®
With only variable ®
1 With all variables ®

uvb1

uvh2

uvb3

uvb4
we2.1_2.5m_bio_10
we2.1_2.5m_bio_11
we2.1_2.5m_bio_4
we2.1_2.5m_bio_5
we2.1_2.5m_bio_8

we2.1_2.5m_bio_9

01 02 03 04 05 06 07 08 09 10 11 12
regularized training gain

Figure 3. A. AUC graph of Pinus merkusii, B. Result of jackknife test of relative importance of predictor variables for P. merkusii
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Figure 4. Spatial distribution of suitable habitat of Pinus merkusii in Southeast Asia under future climate projections
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Table 3. Changes in suitable habitat area for Pinus merkusii under four future climate scenarios within three different periods of time

P. merkusii (Area x 10° km?)

Year RCP Projection

Gain Loss Total Future
2030 RCP 2.6 0.87 (2.10%) -0.79 (-1.92%) 1.67 3.96 (9.53%)
RCP 4.5 0.92 (2.23%) -0.85 (-2.05%) 1.78 4.02 (9.66%)
RCP 6.0 0.95 (2.30%) -0.88 (-2.12%) 1.84 4.04 (9.73%)
RCP 8.5 1.03 (2.48%) -0.95 (-2.30%) 1.99 4.12 (9.91%)
2050 RCP 2.6 0.71 (1.72%) -0.63 (-1.54%) 1.35 3.80 (9.15%)
RCP 4.5 1.23 (2.96%) -1.15 (-2.78%) 2.39 4.32 (10.39%)
RCP 6.0 1.21 (2.92%) -1.14 (-2.75%) 2.36 4.31 (10.36%)
RCP 85 1.20 (2.88%) -1.12 (-2.71%) 2.33 4.29 (10.32%)
2080 RCP 2.6 0.73 (1.78%) -0.66 (-1.60%) 1.40 3.83(9.21%)
RCP 4.5 0.94 (2.26%) -0.86 (-2.08%) 1.81 4.03 (9.69%)
RCP 6.0 1.18 (2.86%) -1.11 (-2.68%) 2.31 4.28 (10.29%)
RCP 8.5 0.98 (2.38%) -0.91 (-2.20%) 1.90 4.08 (9.81%)

Note: - = Negative mark indicates suitable habitat area contractions
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Figure 5. Distribution shift of Pinus merkusii in Sumatra Island,
Indonesia

Geographical shifts

Under current climatic conditions, it is estimated that
about 7.6% (316,770.75 km?) of the terrestrial area is
suitable habitat for P. merkusii in Southeast Asia. Our
findings are expected to expand gradually as future climate
change will alter the ability of the habitat to support P.
merkusii survival. By 2080, under all GHG emission
trajectories, the current area of suitable habitat for P.
merkusii will increase by 21% to 36% because P. merkusii
is likely suited to future climate projections. In addition,
the distribution of suitable habitat predicted for P. merkusii
under future climate conditions will also change its
geographical distribution. The suitable area on Sumatra
Island, in the future based on all RCPs is expected to shift
towards the southeast. The centroid shifts in RCP 2.6, RCP
4.5, RCP 6.0, and RCP 8.5 are 160.13 km, 49.4 km, 16.24
km, and 29.54 km, respectively (Figure 5).

Discussion

Research on the ecology and cultivation of P. merkusii
has been widely conducted, but research on the prediction
of the current and future distribution of P. merkusii is still
lacking, especially in Southeast Asia. The P. merkusii is
native to Southeast Asia (especially norhern Sumatra

Island), with the main distribution in Southeast Asia, a
small part of Papua New Guinea, China, and India (GBIF
2023). GBIF data shows that 88 points of P. merkusii were
reported. The results showed that the largest distribution of
P. merkusii in Southeast Asia is in Indonesia with the
initial distribution found on the island of Sumatra
(Hartiningtias et al. 2020). The existence of P. merkusii is
essential for the people in Southeast Asia because it is used
for wood products such as furniture and pulp (Imanuddin et
al. 2020), and non-timber forest products (NTFPs) such as
gumrosin (Adalina et al. 2014; Dalya et al. 2021). The P.
merkusii is also used as an agroforestry fence plant in
Indonesia (Rahmawaty et al. 2019), and Vietnam (Hara et
al. 2021).

Our study has shown that elevation, the mean
temperature of the wettest quarter, temperature seasonality,
and soil pH have the most impact on the distribution of P.
merkusii in Southeast Asia (Table 2). We found that
elevation makes the most contribution (25.1%) to the
suitable habitat of the species. Elevation is one of the
variables driving plant development (Negari et al. 2023).
The P. merkusii may survive in both warm and cold
climates within elevation range between 200 and 2000 m
asl (Siregar and Diputra 2013). In Southeast Asia, P.
merkusii’s growth and distribution are also influenced by
temperature. Ritung et al. (2011) stated that 19-21°C is the
ideal temperature for P. merkusii to grow and develop.
Furthermore, we examined edaphic variables to ascertain
their impact on P. merkusii. Our findings are that soil pH
contributes to the distribution of P. merkusii. The nutrients
in the soil are directly correlated with the pH of the soil
(Penn and Camberato 2019; Mukrimin et al. 2021).
Agroforestry systems have a positive impact on the
distribution of P. merkusii. In addition to increasing soil
fertility, agroforestry systems improve soil macrofauna
(Prayogo et al. 2019). Sunlight radiation also contributes to
the distribution of P. merkusii. Sallata’s (2013) research
revealed that P. merkusii requires full sunlight throughout
the year for photosynthesis.

Future climate change is likely to affect the area
suitable for P. merkusii. Our findings indicate that by 2030,
there will be increase in suitable areas for the species
across all climate scenarios with RCP 2.6, 4.5, 6.0, and 8.5
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representing 9.53%, 9.66%, 9.73%, and 9.91% of Southeast
Asia terrestrial area, respectively. Under all climate
scenarios, the suitable area of P. merkusii will continue to
increase by 2050 with RCP 4.5 scenario representing the
most significant percentage (10.39%). However, in 2080
the predicted suitable area is lower than in 2050 in which
under RCPs 2.6, 4.5, 6.0, and 8.5, the percentages are
9.21%, 9.69%, 10.29%, and 9.81%, respectively. Based on
our investigations, the suitable habitat of P. merkusii shifts
into low latitudes and high altitudes are migrating
southeastward to West Sumatra (Figure 5). Changes in low
latitudes and high altitudes are in line with previous studies
that showed similar results (Hama and Khwarahm 2023;
Khairunnisa et al. 2023; Wang et al. 2024).

Climate change affects forest ecosystems, so mitigation
and adaptation efforts are needed (Pecchi et al. 2020). One
species that needs to be managed is P. merkusii. The model
we presented here is a habitat suitability model based on
the environmental variables. We are aware of other
possibilities that can affect species distribution such as
anthropogenic activities that greatly affect species
distribution (Antlnez et al. 2018; Bouderbala et al. 2023)
considering that P. merkusii is one of the commodities that
is used economically (Lukmandaru et al. 2020). So, it is
necessary to make conservation efforts in the face of
climate change. Despite the increase in the predicted
suitable habitat, there needs to be monitoring and
management by the community. Our findings about the
potential future distribution of P. merkusii can also be used
as a reference for planting according to suitable areas.

It can be concluded that under four climate change
scenarios, namely RCP 2.6, RCP 4.5, RCP 6.0, and RCP
8.5 in 2030, 2050, and 2080, climate change will likely not
reduce the suitable area of P. merkusii and even it is likely
to increase. The largest increase in area will occur in the
RCP 4.5 scenario in 2050 with an increase of 1.23 x 10°
km? as well as having the largest area, namely 4.32 x 10°
km?. Meanwhile, the smallest total area occurred in the
RCP 2.6 scenario in the same year with an additional area
of 0.71 x 10° km?, resulting in an estimated distribution
area of 3.80 x 10° kn?. The results of our study can be used
as a reference to increase the distribution of P. merkusii in
Southeast Asia.
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