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ABSTRACT: Potential distribution ranges of natural grassland in subtropical humid mountainous areas were predicted by species
distribution models (SDMs) to examine the effects of true and pseudo-absence data on model performances that were scarcely
assessed by using real data. Climate spaces of potential ranges of natural grassland were then constructed by principal components
analysis (PCA). The distribution map projected by six model algorithms based on true absence data had all presented restricted
distribution ranges of natural grassland along mountain ridges, whereas that based on pseudo-absence data presented wider
distribution ranges. RF model was used to detect the effects of data record number and contribution of climate variables on model
performance because of higher True Skill Statistics. Restricted distribution ranges of natural grassland projected by RF based on
true absence data were similar to limited climate space quantified by PCA. However, climate variables related to occurrences of
natural grassland were not consistent between RF and PCA results. Occurrences of natural grassland associated with treeline at low
elevation were presumably determined by multiple climate factors at subtropical mountain ridges, such as relatively lower
temperatures, heavy precipitations, and strong winds. Local climate dataset derived from meteorological stations and followed by
altitudinal adjustment was available for modeling species distribution range in mountainous areas. Conclusively, true absence data
had practically delineated geographical boundaries and characterized the climate environments of natural grassland. True absence
data was recommended to collect along a known environmental gradient and used to construct training dataset with pseudo-absence
data to improve model performance.

KEY WORDS: High-resolution climate dataset, natural grassland, principal components analysis, species distribution models, Taiwan.

INTRODUCTION

Species distribution models (SDMs) were widely
used to predict species distribution range and evaluate
potential impacts of climate change on shifting species
range (Mohapatra ef al., 2019; Xu et al., 2021; Zhu et al.,
2018). SDMs provide useful information on
understanding how environmental factors control the
distribution of species, which is essential for prioritizing
places for biodiversity conservation (Brunialti and Frati,
2021; Dubuis et al., 2011; Gies et al., 2015). Ecologists
and conservationists had increasingly relied on model
predictions as a means for estimating species distribution
patterns and informing conservation and planning
management strategies for rare or endangered species
(Guillera-Arroita et al., 2015; Kier et al., 2009; Peng et
al., 2019; Porfirio et al., 2014; Tomlinson et al., 2020;
Tsoar et al.,2007; Xu et al., 2021). Since the last century,
rare or endangered species have been threatened by
continuous expansion of human colonization areas that
had seriously caused forest fragmentation and suitable
habitat isolation (Anderson-Teixeira et al., 2015; Arroyo-
Rodriguez et al., 2015). Urban expansion has also
resulted in complex landscapes with mixed natural and
artificial ecosystems, and delineation of conservation
areas is a great challenge in such landscapes. Therefore,
an accurate map presenting empirical species distribution
range is particularly essential for conservation

management in landscapes with mixed natural and
artificial ecosystems.

SDMs correlate presence-only or presence-absence
data of species to relevant environmental variables and
project the potential distribution range of species (Elith
and Leathwick, 2009; Peterson et al., 2011). Previous
studies had recommended several global climate datasets
that had improved performance of SDMs at continental
scales (Booth ef al., 2014; Fick and Hijmans, 2017; Title
and Bemmels, 2018), while others had proposed several
high-resolution environmental datasets to powerfully
improve the performance of SDMs at landscape scale
(Lannuzel et al., 2021; Liao et al., 2021; Pradervand et
al., 2014; Tomlinson et al., 2020). Local climate dataset,
interpolated from meteorological data followed by
altitudinal adjustment, was a high-quality climate dataset
that had accurately captured climate heterogeneity along
a topography and had successfully predicted the potential
distribution range of species at landscape scale (Liao and
Chen, 2021). In this study, interpolated and altitudinal
adjusted climate dataset from local meteorological data
was applied to predict species distribution pattern in
mountainous areas at landscape scale.

In addition to climate datasets, presence and absence
data of species are also critical factors influencing the
prediction accuracy of SDMs (Senay et al., 2013).
Presence data is species georeferenced occurrences
directly collected in the field or resulted from efforts to
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digitize and reference to geographical coordinates of
specimens held in museums and herbaria. Bias collection
of presence data is one of the major types of spatial error
(Anacker et al., 2013). Particularly, mountainous areas
support patchy habitats and steep climatic gradients along
slopes (Dobrowski, 2011; Lannuzel et al., 2021) had
caused fragmented and disjunct distributions of plant
individuals in mountainous evergreen broadleaved forests
that had usually resulted in bias collections of presence
data. On the other hand, there are two types of absence
data that have effects on performance of SDMs (Dupin et
al., 2011). Models built with true absence data had the
best predictive power (Wisz and Guisan, 2009) when
ecologists had ensured unbiased sampling of true absence
data across landscapes (Peterson et al., 2011). Meanwhile,
true absence data is usually not available and may be very
difficult to be detected in the field (Hegel et al., 2010;
Peterson et al., 2011; Qiao et al., 2019). Thus, true
absence data was mostly substituted by pseudo-absence
data in model predictions and the most effective method
to generate pseudo-absence data is random selection of
points from background area (Barbet-Massin et al., 2012;
Chapman et al., 2019; Liang et al., 2018; Senay et al.,
2013). Pseudo-absence data, in comparison with true
absence data, is easy to be constructed in model
predictions. Pseudo-absence data was geographically and
environmentally more distant from presence data that was
appropriate to play as a substitute of true absence data
when true absence data was not available in model
prediction. To our knowledge, true absence data was
scarcely examined by using real data in model predictions,
particularly in mountainous areas, because unbiased and
comprehensive collection of true absence data for SDMs
is a difficult task (Senay et al., 2013). In this study, model
algorithms were calibrated by presence and true/pseudo-
absence data to examine the effects of these data on model
performances in mountainous area.

In order to examine the effects of true and pseudo-
absence data on model performance at landscape scale,
natural grassland at subtropical humid mountainous areas
was predicted by SDMs. Natural grassland is a prominent
and persistent vegetation type distinguished from
neighboring evergreen broadleaved forests at subtropical
humid mountainous areas with elevations lower than
1000 m above sea level (asl.) (Li et al., 2013). True
absence data of natural grassland is easily identifiable in
field survey, making it possible to examine the effects of
true and pseudo-absence data on model performances.
Six model algorithms used to project distribution range
was applied by the presence and true/pseudo-absence
datasets of natural grassland in this study. Model
performances were evaluated by True Skill Statistics
(TSS) and receiver operating characteristic (ROC) curve.
Subsequently, random forest algorithm (RF) was
performed to predict potential distribution range of
natural grassland and to correlate climate variables and
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the occurrences of natural grassland. Accuracy of RF
prediction power was commonly detected by the area
under the receiver operating characteristic curve (AUC)
in previous studies (Chapman et al., 2019; Lannuzel et al.,
2021; Lobo et al., 2008; Tomlinson et al., 2020; Xu et al.,
2021; Zhu et al., 2018) and is used in this study to indicate
the accuracy of RF model performance.

Furthermore, principal components analysis (PCA)
was performed to correlate occurrences of natural
grassland and climate factors in subtropical humid
mountainous areas. The occurrences of natural grassland
in this area are consistent with the presence of treeline.
Treeline is a prominent edge of forest ecosystems that
commonly appeared in the alpine zone and was
characterized by harsh environments, such as cold soil
temperature (Korner, 1998; Liu et al., 2011; Smith ef al.,
2009). Limitation of treeline and climate characteristics
of natural grassland at low elevation was presumably
related to particular climate environments but was seldom
studied in subtropical humid mountainous areas.

This study aims to examine the effects of true and
pseudo-absence data on the model performance. Model
algorithms based on the true absence data was
hypothesized to have projected restricted distribution
range of natural grassland at mountain ridge, since true
absence data was geographically close to the presence
data. Model algorithms based on pseudo-absence data
was assumed to project a wider ranges of natural
grassland along mountain ridges, since pseudo-absence
data was random points selected throughout the gridded
cells in the study area and was geographically more
distant from the presence data. Occurrences of natural
grassland at low elevation in subtropical mountainous
areas were also correlated to climate factors in this study.

MATERIALS AND METHODS

Study area

The study area is in northern Taiwan (24°57'-25°17'N,
121°24'-122°00'E). In this study, northern Taiwan
(NTWN) was divided into five watersheds. The
Yangmingshan area (YMSA) was divided into four
watersheds, they are northeast (NE), northwest (NW),
southwest (SW) and southeast (SE) slopes of YMSA and
Pingxi area (PX) is the fifth watershed (Fig. 1). The highest
peak of the YMSA is 1,120 m above sea level (asl.) and
that of Pingxi area is 757 m asl. The area of study site is
about 1,031 square kilometers (103,100 hectares). NTWN
is characterized by the subtropical monsoon climate (Chen
and Tsai, 1983). The mean monthly temperatures range
from 8.6 °C in January to 25.5 °C in August and the annual
total precipitation is more than 3,500 mm. Northeast wind
in winter and typhoon in summer constantly transport
moisture to the study area which leads to a relatively stable
humid conditions and high frequency of cloud cover. There
is no significant dry season in the study area.
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Fig. 1. Maps show geographical location of Taiwan and neighboring countries (upper right map) and georeferenced location of
presence (yellow solid circles in the central map) and absence data (red solid circles) of natural grassland in northern Taiwan. Northern
Taiwan was divided into five watersheds for calculating empirical lapse rates of climate data. The Yamingshan area (YMSA) was
divided into four watersheds, they are northeast (NE), northwest (NW), southwest (SW) and southeast (SE) slopes of YMSA and Pingxi
area (PX) is the fifth watershed. The locations of 30 meteorological stations adopted in this study were represented by solid star within

a circle. Mountain tops were represented by white triangles.

Evergreen broad-leaved forest is the major vegetation
type in NTWN (Hsieh ez al., 1997; Li et al., 2013; Liao et
al., 2012). The forests are dominated by species of
Castanopsis, Cleyera, Cyclobalanopsis, Dendropanax,
Elaeocarpus, Engelhardia, Gordonia, Helicia, llex,
Keteleeria, Limlia, Litsea, Machilus, Meliosma, Michelia,
Pinus, Schefflera, Symplocos, and Trochodendron with a
mean canopy height of 10 m (Li ef al., 2013). Natural
grassland, with the Miscanthus sinensis and Pseudosasa
usawai being the dominant species, free from
anthropogenic disturbance was frequently observed at
mountain ridge from coast to inland in the study area
(Liao et al., 2012; Liao et al., 2014). Long-term
persistence of natural grassland along mountain ridges at
low elevation was indirectly indicated by ancient
documentations and was empirically related to climate
factors (Liao et al., 2014), while grasslands around
farmland pronouncedly caused by anthropogenic
disturbances were not target vegetation in this study.

Vegetation data collection

Presence and absence data of natural grassland were
used to construct the data matrix for model evaluations.
Presence and absence data for natural grassland were
collected along the roads and mountain trails in NTWN.
Practically, there is an abrupt transition from evergreen
broadleaved forests to natural grassland along mountain
slopes in NTWN. Thus, the presence data of grassland

was defined as the vegetation without shrub or trees,
while absence data of grassland as the closed-canopy
forests. Duplicated records of the presence data were
spatially verified to ensure only one occurrence within each
gridded cell. A total of 252 presence and 372 absence data
records were available for modeling the distribution of
natural grassland (Fig. 1). As absence data was required for
the model evaluations, two types of absence data were used
in this study. Absence data collected in the field was re-
named as true absence, whereas pseudo-absence data (or
background points) were random points selected
throughout the gridded cells in the study area. Presence and
true/pseudo-absence data were used to construct the
training datasets for model predictions.

Climate data

NTWN was divided into gridded cells with spatial
resolution of 50 x 50 m? and a total of more than 0.4
million gridded cells was generated for construction of
the local climate dataset in this study. Spatial size of 50 x
50 m? is attempting to capture steep environmental
features along mountain slopes and making climate
environments over landscapes more prominent and
distinguishable (Liao and Chen, 2021). For each gridded
cell, longitude, latitude, and elevation were obtained from
a digital terrain model (DTM) with a resolution of 20 by
20 meters been developed by the Department of
Geography, Chinese Culture University. Climate variables
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of gridded cells were extracted from the climate surfaces of
watersheds. The climate surfaces were derived from daily
data of meteorological stations by means of a downscaling
procedure performed by ArcInfo software (ESRI,
Redlands, California, USA). Daily data of meteorological
stations in NTWN from the year 2000 to 2020 were
downloaded from the website of Central Weather Bureau
(CWB, https://www.cwb.gov.tw/V7/forecast/). Mean
monthly temperature and mean total precipitation were

calculated from daily data for each meteorological station.

Meteorological stations in NTWN were categorized into
five groups based on the five watersheds of the study
areas (Fig. 1). The mean monthly data of meteorological
stations were imported to ArcInfo software and were used
for interpolation by means of Inverse Distance Weighted
(IDW) method to generate raster files representing
climate surfaces of the watershed. Smooth elevation
surface (Elevl) for each watershed was also generated by
the IDW method implemented by ArcInfo software based
on the elevation of meteorological stations within the
watershed. Subsequently, the gridded cells were mapped
in the Arclnfo software and overlapped with the raster
files of climate surfaces to extract monthly climate data.
This was the procedure to create preliminary gridded
climate dataset (ClimDatal).

The preliminary gridded climate dataset (ClimDatal)
was then adjusted by empirical elevation lapse rates
varied among five watersheds. Empirical lapse rates were
calculated on the basis of the meteorological stations
within the watersheds. The climate data from Datunshan
and Anbu meteorological stations, near the mountain
ridge of YMSA represented the climate environments of
the mountain ridge, were used to calculate lapse rates of
climate data in each of the four watersheds of YMSA.
Linear regression model implemented by “stats” package
within the R environment (Chambers and Hastie, 1992)
was applied to calculate lapse rates (slope and intercept
of linear function) for each watershed. For each
watershed, mean monthly temperature, wind speed, and
monthly total precipitation calculated from recorded data
of meteorological stations were the dependent variables,
and elevation of the stations was the independent
variables of the linear function. Altitudinal adjusted
climate data (ClimData2) were calculated based on the
preliminary gridded climate dataset (ClimDatal), smooth
elevation  surface  (Elevl) interpolated  from
meteorological stations, and slopes of the regression line
fitted elevation and monthly temperature, precipitation,
and wind speed of meteorological stations. The
preliminary gridded climate dataset (ClimDatal) and
smooth elevation surface data (Elevl) were then re-
projected to actual elevation data from the 20 m DTM
(Elev2) to calculate ClimData2. The altitudinal adjusted
climate data (ClimData2) were calculated by the function:
ClimData2 — ClimDatal = slope x (Elev2 — Elevl). The
altitudinal adjusted climate data (ClimData2) were used
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to construct climate dataset of model algorithms. The
climate scenarios were created taking into account the
following 13 variables: mean annual temperature (Tann),
mean maximum temperature of the warmest month
(Twrm), mean minimum temperature of the coldest
month (Tcld), mean temperature in summer (Tsmr) and
winter (Twnt), temperature differences between warmest
and coldest months (Tdif), annual total precipitation
(Pann), total precipitation in summer (Psmr) and winter
(Pwnt), mean wind speed of the warmest month (WSwrm)
and coldest month (WScld), and mean wind speed in
summer (WSsmr) and winter (WSwnt).

Modelling technique

Six model algorithms were implemented through the
“biomod2” package in R software (Thuiller et al., 2016)
to predict the potential distribution range of natural
grassland. These models include (1) two machine
learning algorithms, random forest (RF) and artificial
neural network (ANN); (2) two regression methods,
general linear model (GLM) and generalized additive
model (GAM); and (3) two classification methods,
flexible discriminant analysis (FDA) and classification
tree analysis (CTA). The dataset to be evaluated by model
algorithms in this study is the gridded cells with
altitudinal adjusted climate data (ClimData2). The
training datasets were constructed by the presence and
true/pseudo-absence data of natural grassland and climate
data that was extracted from the closest cells of altitudinal
adjusted gridded climate dataset according to the
coordinates of presence and true/pseudo-absence data. To
assess model accuracy, a random set of 80% of the
presence and absence data was used to train the model,
and the remaining 20% was used for evaluation. The
training dataset was modeled 100 times with the resampled
training dataset by model algorithms. Prediction results
(Fig. S1) and model accuracy represented by True Skill
Statistics (TSS) and receiver operating characteristic (ROC)
curve of the six model algorithms (Fig. S2) were presented
in the supplement. Among the six model algorithms, RF
algorithm had the highest TSS value and was further
utilized for evaluating impacts of the number of data
records on model performance and for correlating climate
variables and potential distribution range of natural
grassland. RF algorithm is a machine learning method that
handles numerous variables and is well suited to the
complex data set (Breiman, 2001). RF is capable of
detecting complex relationships among model variables
without making a prior assumption about the type of
relationship (Breiman, 2001).

Presence and true/pseudo-absence data of natural
grassland were randomly re-sampled 50, 100 and 200
data records to create different sizes of training datasets
and subsequently modeled 100 times by RF algorithm
with the resampled training datasets to quantify
uncertainties in predictions. These procedures allowed us
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Table 1. Importance of predictor variables generated by Random Forest based on the true and pseudo-absence data. Predictor
variables contributed most to the models based on the true and pseudo-absence data were different.

True absence data

Pseudo-absence data

50 100 200 50 100 200
Tann 6.9+1.1 7.3x0.9 7307 145+3.6 148+25 13.2+27
Twrm 7914 8.3+1.1 8.1+0.9 16.9+3.7 17.8+3.7 18.7 £ 3.1
Tcld 6.5+14 7411 7.8+0.8 9.0+3.0 8.1+2.2 6.6+1.8
Tsmr 74+14 8.1+£12 7907 19.1+44 19.4+3.6 19.8+2.8
Twnt 6.8+1.3 7.2+09 71£0.7 95+28 9.2+21 79+1.8
Tdif 84+19 94+14 10.8 £ 1.1 4.0x15 5014 6.6+14
Pann 11.7+£29 8.1+13 7.8+0.9 3.0+16 3213 26+0.7
Psmr 8.6+20 8.0+1.2 6.9+0.8 40+28 26+0.9 2106
Pwnt 9.3+1.7 7812 7.7+0.7 20+11 25+0.8 2405
WSwrm 64+12 7.2+1.0 75%0.7 3.6+1.6 32+1.0 3.6+0.9
WScld 7.0+£16 7.3%£1.2 7.0+0.6 54+24 6.3+24 75+2.1
WSsmr 6.6+1.1 7.3%£1.0 74+06 3.7+£1.6 35+13 3.7+£1.0
WSwnt 6.2+1.1 6.4+0.8 6.6 +0.5 52+2.4 52+1.7 54+1.5

Note: The number presented in the column names are sample sizes of training datasets.

The value in each cell is mean + standard

deviation. Tann: mean annual temperature; Twrm: mean maximum temperature of the warmest month; Tcld: mean minimum
temperature of coldest month; Tdif: temperature differences between warmest and coldest months; Tsmr: mean temperature in summer;
Twnt: mean temperature in winter; Pann: annual total precipitation; Psmr: total precipitation in summer; Pwnt: total precipitation in
winter; WSwrm: mean wind speed of the warmest month; WScld: mean wind speed of the coldest month; WSsmr: mean wind speed

in summer; WSwnt: mean wind speed in winter.

to generate a range of training datasets with contrasting
sizes corresponding to the bias field collections of
georeferenced data in mountainous areas. The RF was
implemented by the “randomForest” library within the R
software (Breiman, 2001; Liaw and Wiener, 2002). The
area under the receiver operating characteristic curve
(AUC) was used to assess the RF model performance
(Fois et al., 2015; Lannuzel et al., 2021; Qiao et al., 2019;
Xuetal.,2021).

Quantification of climate
components analysis (PCA)
Principal components analysis (PCA) implemented
by “prcomp” package in R software was performed to
correlate climate variables and occurrences of natural
grassland. The climate space of the natural grassland was
quantified by climate variations along significant axes,
defining ecological preferences and climate environments.
Six datasets were used for PCA quantification of climate
spaces, and they were the background points, potential
ranges of natural grassland projected by RF based on true
and pseudo-absence data, presence and true absence data
of natural grassland, and meteorological stations. PCA
was applied to scaled data for 13 climate variables
corresponding to the formation of climate spaces of
natural grassland. Among the 13 climate variables
implemented to PCA, Pann, Psmr, and Pwnt were
rescaled from mm to dm. The 13 climate variables were
thought to provide climate preferences for the
distributions of natural grassland and the ecological
demands were distilled into three principal components,
the first, second, and third axes from a PCA. Analysis of
variance (ANOVA) and a Tukey’s HSD post-hoc test

spaces by principal

were performed to identify differences of climate data
among meteorological stations to evaluate ecological
preference and climate environments of natural grassland.

RESULTS

Distribution map projected by the six model
algorithms based on true absence data presented a
restricted distribution range of natural grassland along
mountain ridges in the study area (Fig. S1), whereas that
based on pseudo-absence data presented a wider
distribution range (Fig. S1). The effect of true absence
data played a role in restricting the potential distribution
range of natural grassland when modeling by SDMs. TSS
and ROC scores based on the presence and true/pseudo-
absence data showed no conspicuous trend among the six
model algorithms (Fig. S2).

Among the six models, RF algorithm had the highest
TSS values based on the presence and pseudo-absence
data and was further used to evaluate the effect of data
record numbers on the model performance and to
correlate climate factors and the presence of natural
grassland. Interestingly, the number of presence/absence
data records has negligible effect on the RF model
performances. Projection map of RF evaluated by 50 data
records (Fig. 2A and 2B) of training dataset had a similar
potential range contrasted to the maps evaluated by 100
(Fig. 2B and 2E) or 200 data records (Fig. 2C and 2F).
Conclusively, true and pseudo-absence data had evident
effects on evaluating species distribution range, while
different numbers of presence/absence data records had
weak effects on projecting species distribution range,
regardless of true or pseudo-absence data (Fig. 2).
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Fig. 2. Contemporary potential distribution range of natural grassland in northern Taiwan (white mask with dark outline in the maps)
projected by Random Forest. Randomized re-samples of presence and true absence data (A, B, and C) had precisely projected
distribution range of grassland at mountain ridge, while that of presence and pseudo-absence data (D, E, and F) had projected wider
range of grassland along mountain ridge. The sample sizes of training datasets were 50 presence and absence data records (A and
D), 100 records (B and E), and 200 records (C and F). The locations of 30 meteorological stations adopted in this study were
represented by solid star within a circle.

Pann and Tdif contributed most to the RF model
predictions based on the presence and true absence data,
whereas Tsmr, Twrm, and Tann were the most important
predictors that strongly influenced model performance
based on the presence and pseudo-absence data (Table 1).
Important predictors that contributed to the model
predictions were not consistent between the two types of
absence data. The AUC scores based on the presence and
true absence data were lower than those based on the
presence and pseudo-absence data (Fig. 3). Typically,
higher AUC scores indicated better performance of
SDMs. Accordingly, higher AUC score of RF predictions
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based on presence and pseudo-absence data was supposed
to indicate better model performance. However, the
potential range projected by RF based on pseudo-absence
data was wider than the geographical range of true
absence data and was certainly wider than the realistic
range of natural grassland. Wider potential range leads to
an inaccurate model performance since true absence data
were locations of evergreen broadleaved forests and was
geographically close to the boundaries of natural
grassland. True absence data delineate the natural
contemporary species distribution range guaranteed more
accurate model prediction result.
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Table 2. The first three axes of the principal components analysis
(PCA) on the correlation matrix of climate variables from the local
climate dataset. Pann and WSwnt had significantly correlated
with the axes | and Il of PCA, respectively.
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PC1 PC2 PC3

Tann -0.1155 -0.2389 0.2733
Twrm -0.1067 -0.3290 0.2157
Tcld -0.1319 -0.2335 0.4586
Tsmr -0.1191 -0.2375 0.2560
Twnt -0.1122 -0.2432 0.2953
Tdif -0.0212 -0.0189 0.0078
Pann 0.8562 -0.2245 -0.0772
Psmr 0.0615 -0.0219 -0.1609
Pwnt 0.4091 -0.1841 0.4021
WSwrm 0.0280 0.1772 0.1051
WScld 0.0302 0.2146 0.1867
WSsmr 0.1334 0.4935 0.4019
WSwnt 0.0830 0.5084 0.3388
Tann: mean annual temperature; Twrm: mean maximum

temperature of the warmest month; Tcld: mean minimum
temperature of coldest month; Tdif: temperature differences
between warmest and coldest months; Tsmr: mean temperature
in summer; Twnt: mean temperature in winter; Pann: annual total
precipitation; Psmr: total precipitation in summer; Pwnt: total
precipitation in winter; WSwrm: mean wind speed of the warmest
month; WScld: mean wind speed of the coldest month; WSsmr:
mean wind speed in summer; WSwnt: mean wind speed in winter.
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Fig. 3. AUC (area under the receiver operating characteristic
curve) scores of RF model based on true (left three boxes) and
pseudo-absence data (right three boxes). The number at x-axis
are sample sizes of training dataset that were randomly re-
sampled from presence/true-absence and presence/pseudo-
absence datasets.

Climate spaces quantified by PCA

PCA had quantified climate spaces of presence data,
true-absence data, the potential range of natural grassland
based on the presence and true/pseudo-absence data,
background points and meteorological stations (Fig. 4).
Principal component 1 (PC1) accounted for 81.32% of the
variation, while principal component 2 (PC2) accounted
for 11.67%. Water availability and wind speed had
evidently played as the major role for the quantification
of climate spaces, since they were significantly correlated
with the PC1 and PC2, respectively (Table 2).
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Fig. 4. Climate spaces quantified by principal components
analysis (PCA). PCA coordination constructed by PCA | and II.
The grey circles are background points. Green and sky-blue
points are climate spaces of grassland’s potential distribution
range projected by RF based on the true absence and pseudo-
absence data, respectively. Yellow and red points are presence
and true absence data of natural grassland, respectively. Empty
stars represent meteorological stations. Locations of four
meteorological stations, Anbu, Datunshan, Wuzhishan, and
Wufenshan, were overlapped with the presence data, absence
data, and potential range of natural grassland. Zhuzhihu station
is distant from the potential range of natural grassland along PCA
axis Ill in the diagram.

Climate spaces of presence data, true absence data,
and potential range of natural grassland projected by RF
based on the two types of absence data were overlapped
in the PCA diagram (Fig. 4). The potential range of
natural grassland based on pseudo-absence data had
wider climate space than that based on true absence data.
Wider climate space quantified by PCA was consistent
with wider potential range of natural grassland projected
by RF algorithm. In PCA diagram, locations of true
absence data were close to the locations of presence data
that was similar to the small geographical distances
between presence and true-absence data. Four
meteorological stations, Datunshan, Anbu, Wuzhishan,
and Wufenshan, were geographically close to the natural
grassland that had represented climate characteristics of
the natural grassland. Climate environments of the four
meteorological  stations were characterized by
significantly lower temperatures, higher annual and
winter precipitations, and strong winds that were
significantly different from most of the other
meteorological stations detected by ANOVA and Tukey
HSD post-hoc statistical test (Table 3).

DISCUSSION

In this study, six model algorithms had all projected
similar patterns of potential distribution range of natural
grassland and RF algorithm had correlated climate data
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Table 3. Climate characteristics of meteorological stations. Climate environments of the four meteorological stations located near natural grassland (the first four rows) were significantly different from the other
25 stations. Temperature of the four meteorological stations were significantly lower than the other 25 stations, while precipitation and wind speed were significantly higher than most of the stations.

Station Tann Tmax Tmin Tsmr Twnt Tdif Pann Psmr Pwnt WSwrm  WScld WSsmr WSwnt
Datunshan  102+1.2" 279%1.1° 07+10 205+06" 11.3+0.6 129+ 1.2% 3586.4 +565.69" 838.0 +301.2%® 825.8 +226.1%% 4.1+06° 3.9+04° 49+04° 41+02°
Anbu 1M1.7+£12™ 292+08 19+20° 21.8+05™ 126+0.7¢ 13.0+1.1% 48445+970.1%¢ 050.1+351.8° 1267.6+437.6° 29+06% 32+03¢ 24+03° 32+03¢
Wuzhishan  12.7+11"  305+07™ 34+1.7% 226+06 13.6+06 13.0+1.0°° 3892.0+ 73560 766.7 +263.5° 1147.7+440.7%¢ 48+0.7° 62+06® 47+03 6.6+05°
Wufenshan 134 +11™ 306+12° 40+1.7% 222+04™ 141+030 115+09° 54905+3976® 918.2+196.8° 1881.2+3352° 39+04% 44+02° 33+03° 47+01°
Baishawan  17.9+04% 334+09"M 129+01* 26.8+05%9 18601 12.2+06% 1812.5+ 76.0 588.0+127.5° 387.0+86.0% 36+04>* 58+0.0¢ 3.1+02% 64+02°
Bitoujiao 1824089 330+11¢ 106+1.9° 265+049 188+04% 119+08° 15185+4543"  4121+171.9° 4039+2209% 42108 7.1+06° 36+04°> 72+05°
Dajianshan  15.0+1.1% 338+09%k 51+18% 246+041 157+06" 13.1+0.9% 4066.7 +857.0¢" 833.5+2359%® 937.0+222.8%% 04+01¢ 03+01% 03+01™ 03+01™
Dalunweishan 14.3+1.1%  334+11K 48+19% 242+03 151+05" 133+1.0® 19439+4057¢ 613.4+204.1° 2484 +104.6" 1.3+05% 32+0.9% 1.1+04" 31+09%
Danshui 17.3+£1.2% 3594099 72419 271+05% 180+0.8" 135+1.0® 2126.4+579.5¢ 644.8+2982% 3422 +157.6%" 17+03%" 2120.3% 16+03%% 20+0.30
Daping 147+110  340+12% 53+16% 248+06" 155+06" 135+1.0° 6423.6+1022.3° 903.9+317.4%® 26326+817.9° 21+05% 32+06% 22+02¢ 33+04
Dazhi 18.0+ 1134 355+0.8%9 88+2.0% 278+0.6% 18.8+0.6% 13.4+1.0°° 2000.3+503.24 669.5+222.9%* 218.0 + 97.6" 20+£03%" 22+03% 1.8+0.3% 23+0.3
Fuguijiao 16.0£1.1"  335:08"% 74+18% 260+049 168+069 136+1.1° 3896.3+787.549 779.3+330.7%° 1285.7+4682° 20+0.3" 20+0.3% 20+02% 21+049
Fulong 174+£1.09 350+099 80+20% 263+05 181+059 12.3+0.8% 3500.5+695.89" 667.5+245.0® 1171.9+4184% 1.4+0.3" 2.0+0.4%9 1.2+0.2% 1.9+ 0.3
Huoshaoliao 14.4+1.3% 341119k 40£23% 244+06 155+09" 12.5%1.5% 4066.3 +689.8%% 053.2+283.6° 916.2+312.3% 06+02% 0.7+02% 04+01™ 07£01™
Jinshan 172+£1.19  358+12° 88+1.9% 266+05% 17.9+06% 13.3+09® 29254 +591.1" 721.1+283.9® 816.5+295.1% 1.1+03" 1.8+0.4% 1.0+0.2* 1.8+0.3%"
Nanggang 17.7 £1.1%%0 36,1 £1.0%9 86£2.0% 27.7+05" 185+0.6% 13.8+1.0° 2581.8+601.6% 739.1+257.4%® 357.2+148.0" 1620.3" 14205 1.4+£03% 1505k
Neihu 18.1+£1.1%° 367+0.9%® 87+20% 281+05% 188+0.5° 13.7+1.1° 2240.7+507.0¢ 730.2+233.3* 266.9+106.4" 09:04 1.0+0.5" 08+03% 1.1+0.5"
Pingdeng 15.7£1.14" 329205 73+14%% 255+08% 16.5+0.259 12.4+0.5% 2697.0 £430.7% 767.2+303.2%® 601.8 £85.75" 141029 2.4+ 045N 1,401 26+0.1¢
Ruifang 16.6+£1.0% 351+£13%9 77+21%4 2624039 17.5+0.5% 12.8+1.0° 4660.6 £ 818.2%% 778.0 + 199.4* 1675.1 £555.5° 0.6+0.2"% 1.0+£0.3* 05+0.1*" 1.0+0.1¢
Sandiacjiao  17.7+0.9%0 343+1.19 97+1.8 262049 18405 11.9+09° 23765+436.9% 507.7+187.5° 739.4£2428%" 48+08% 65+0.7° 46:10° 62x05°
Sanhe 156+1.1  328+09% 68+£1.9 252+06" 164+0.7° 13.0£1.0° 5090.7 +7782% 901.8+372.5® 1781.7+£579.2° 1.9£0.7%" 1.7+0.5% 1.5+0.5% 1.7+0.4%"
Sanzhi 17.0£0.9%9 346+1.3%" 94+£23° 274+06% 181+059 13.8+1.0° 3068.8+549.2"% 695.7 +305.9® 1045.2+391.1% 1.6+ 0.2" 1.6+0.1%9 1.6+ 0.15" 1.7 £ 0,19
Shili 183+1.1%® 361+06%9 91+£21® 282+05® 19.1+£07®° 135+1.0° 1895.0+506.5¢ 648.0 +237.9%® 210.5+102.1" 1.3£0.2% 112019 12+01% 1.1+0.1¥
Shipai 185+1.3% 37.0+£0.8 87+22% 283+05 192+07° 134%1.1® 19082+553.1% 655.1+260.8® 197.3+107.1" 04201 04+01% 04+01™ 04+01™
Shuangxi 16.3£1.19"  363+£12° 61+£1.9% 261+05 17.1+0.7%9 13.1+1.0° 3997.9 +762.0%% 768.1 +233.4%® 1286.2+503.7° 04024 02+0.1* 02+01™ 02+0.1™
Tianmu 182413 356+0.8°¢ 84+22% 278+0.7% 19.0+0.8% 13.1+1.1% 2126.8+595.8" 677.9+260.1* 2084 +101.7" 1.3+0.39 1.6+0.3% 1.1+0.2" 1.6+0.3"
Xinyi 17.5+£1.0%% 366+0.8 92+26® 27.8+0.5% 185+0.6% 13.5+1.1%° 2396.0 +407.4" 8957 +279.6® 3414 +136.2%" 07+03Y 1.0+04"k 0.6+0.2Km 1.1+0.3M
Xizhi 17.4 £1.1%90 36,0+ 1.0°% 88+2.4% 276+05% 184 +0.5°7 13.2+0.8% 3141.4 +400.4% 855.3 +242.3% 702.6 +202.8%9" 1.5+ 0.3" 1.8+0.25" 1.3+0.10" 1.9+ 0. 1M
Zhuzihu 134+1.1% 314+06™ 36+19% 234+04° 143+061 12.9+1.1°% 42222 +800.9%% 834.1+314.7%° 1046.9+401.0 12+0.2% 294049 1.3+02% 28+0.2°

The value in each cell is mean + standard deviation. Different letters within each cell indicate significant differences at 0.05 level among meteorological stations by Tukey-HSD test. Gandu recorded only
precipitation and was not included in this table. For climate variables, Tann = mean annual temperature, Twrm = mean maximum temperature of the warmest month, Tcld = mean minimum temperature of coldest
month, Tsmr = mean temperature in summer, Twnt = mean temperature in winter, Pann = annual total precipitation, Psmr = total precipitation in summer, Pwnt = total precipitation in winter.
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with georeferenced occurrences data to predict potential
distribution range and to determine climate environments
of natural grassland. Occurrences of natural grassland
along mountain ridges at low elevation is consistent with
the presence of low elevation treeline in Taiwan. Many
studies had previously proposed climate characteristics of
treeline appeared at alpine zone and alpine treeline is
commonly characterized by harsh environments
(Germino et al., 2002; Hoch and Korner, 2003; Korner,
1998; Liu et al., 2011; Mohapatra et al., 2019; Stevens
and Fox, 1991). A global comparison of alpine treeline
positions in humid regions revealed very similar mean
growing season temperatures at the treeline between 5
and 7 °C, irrespective of the geographical latitude (Hoch
and Korner, 2003; Korner, 1998). From the results of
model evaluation in this study, temperature variation is
the most important determinant of low elevation natural
grassland in Taiwan, particularly based on pseudo-
absence data (Table 1). Based on the climate
characteristics of the four meteorological stations near
natural grassland (Table 3), Tcld reaches 4 °C is lower
than the mean growing season temperatures at the alpine
treeline. That is, lowest temperature in coldest month is
the probable factor limiting the growth of evergreen
broadleaved trees near mountain ridge at subtropical
humid mountainous areas. On the other hand, the results
of PCA had indicated that heavy precipitation and strong
wind speed were the probable factors related to the
occurrences of natural grassland at mountain ridge of low
elevations in NTWN. The major climate factor related to
the occurrence of natural grassland is not consistent
between RF model and PCA. Thus, occurrences of
natural grassland as well as limits of treeline at low
elevation was presumably determined by multiple factors,
such as relatively low temperature, heavy precipitations,
and strong winds. Further studies will be necessary for
identifying limiting factors of evergreen tree species at
mountain ridge of low elevations in humid subtropical
mountainous areas.

Climate environment in NTWN was highly affected
by monsoon winds (Chen and Tsai, 1983). The
meteorological stations at the coastal range of the study
area (Table 1), including Daping, Fuguijiao, Fulong,
Ruifang, Sanhe, Sanzhi, Shuangxi, had received high
winter precipitation that was accompanied by winter
monsoon wind. Winter precipitation from winter
monsoon wind have resulted in high annual total
precipitation of the coastal range in NTWN. On the
contrary, the meteorological stations at inland area of
NTWN, including Dazhi, Nangang, Neihu, Shipai, Shilin,
Tianmu, Xinyi, possessed higher summer precipitation
(Table 1) that is accompanied by summer monsoon wind.
The differentiation of temperature and precipitation
between coastal and inland areas as well as between
windward and leeward slopes derived from monsoon
wind had affected on the model performances in the study
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area. It warrants more attentions in future studies of
modeling plant distributions.

Gridded climate dataset with 50 x 50 spatial
resolution developed in this study was available to
precisely project potential distribution range and to
quantify climate space of natural grassland at landscape
scale in subtropical humid mountainous areas. The local
climate dataset interpolated from daily data of
meteorological stations and followed by altitudinal
adjustment to generate gridded climate dataset was
available to model potential distribution range of natural
grassland at landscape scale. The local climate dataset
had evidently and effectively reflected habitat
heterogeneity between coastal and inland areas of NTWN.
Gridded climate dataset used in this study was suggested
to apply for modeling potential distribution range of rare
or endangered plant species in NTWN.

SDMs correlated high-resolution climate data and
georeferenced occurrence data to predict potential
distribution range of species and characterized climatic
dimensions of a species’ niche (Evans et al., 2009;
Peterson ef al., 2011). In this study, natural grassland was
restricted along mountain ridges in NTWN and
predominated by two species, Miscanthus sinensis and
Pseudosasa usawai (Liao et al., 2014). Distribution range
and climatic environments were indiscriminate between
the two species. Niche convergence among phylogenetic
distantly related species has played a primary role in
driving community assembly in local vegetation along
altitudinal gradient (Pearse and Hipp, 2012; Qian, 2017).
These two species were assumed to have convergence of
climatic niche along environmental gradient in
subtropical mountainous areas, and further studies will be
necessary to conduct on this topic.

The effect of true absence data on modeling species
distribution range was distinct from that of pseudo-
absence data. The potential range projected by RF based
on true absence data had accurately reflected real
geographical range of natural grassland. Distribution
range of natural grassland is easily to verify in the field
because of distinct boundaries between natural grassland
and evergreen broadleaved forests. True absence data was
geographically close to the boundaries of natural
grassland, and the potential range projected by RF based
on pseudo-absence was geographically wider than the
true absence data (Fig. 2D, 2E and 2F). Thus, RF
prediction based on pseudo-absence was an inaccurate
model performance in this study, even though the AUC
scores were higher. AUC was frequently used to detect
model performance (Chapman et al., 2019; Lannuzel et
al., 2021; Lobo et al., 2008; Tomlinson et al., 2020; Xu
et al., 2021; Zhu et al., 2018). However, AUC does not
provide sufficient information about the model errors
(Lobo et al., 2008). Pseudo-absence data more
environmentally distant from the presence data lead to
higher AUC scores but not guarantee an accurate
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distribution map projected by SDMs.

The magnitude of over- and under-prediction of
species distribution range would greatly affect
management strategies for conservation of species (Early
and Sax, 2014), particularly in mountainous areas with
isolated and fragmented suitable habitats. In this study,
model prediction based on pseudo-absence data had
evidently over-predicted species potential distribution
range, since RF had projected a distribution map with
wider potential range along mountain ridge based on
pseudo-absence data (Fig. 2). The risk of true absence
data may have resulted in under-prediction of potential
range when true absence data were geographically close
to the boundaries of the natural distribution range.
Accurate contemporary distribution range of rare or
endangered species is particularly important for their
conservation in mountainous areas. However, it is
challenging to project an accurate contemporary
distribution range of plant species based on true absence
data. Thus, an accurate contemporary distribution map of
rare or endangered species was suggested to complement
potential distribution ranges projected by SDMs based on
the two types of absence data. Although comprehensive
collection of true absence data is a difficult task in
mountainous areas, collections of true absence data along
a known environmental gradient, for example altitudinal
gradient, is a costly but easier task. Model algorithms will
perform better when the models were calibrated by some
true absence data and some pseudo-absence data. Over-
prediction of pseudo-absence data and under-prediction
of true absence data could have a complemented result in
the model predictions. A more accurate map of species
distribution range will be generated, and that will be
better for planning conservation management in
mountainous areas with complex topography and mixed
natural and artificial ecosystems.
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