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ABSTRACT: Species distribution models (SDMs) play a crucial role in predicting species' geographic distributions, especially in
mountainous regions where complex terrains pose significant challenges for sampling efforts. To enhance the accuracy of SDM
predictions, researchers have employed high-resolution climate datasets derived from meteorological data. These datasets were used
to simulate five virtual species across different climatic niches using principal components analysis (PCA). This approach allowed
for a thorough examination of various environmental conditions, such as coastal, inland, and leeward slopes, thereby capturing the
intricate climatic heterogeneity within mountainous landscapes. In these simulations, eleven algorithms were assessed using the
Expected Fraction of Shared Presences (ESP), which measures the overlap between simulated suitable ranges and predicted potential
ranges. Ensemble modeling proved superior, particularly when dealing with larger sample sizes, showing minimal impact from
geographical distribution variations. However, smaller sample sizes notably reduced ESP values, geographical distance among
sample points provide signals of niches that will be identified through accurate predictions of ensemble modeling. Temperature has
been determined to be more critical than precipitation for species distribution, heavily influenced by elevation gradients. Climate
change projections suggest that by the 2050s and 2090s, species currently found in inland areas or on leeward slopes may experience
range expansions. Conversely, species inhabiting coastal areas or windward slopes are projected to face range restrictions or local
extinctions. This study supports the development of targeted conservation strategies in topographically complex areas, offering
scientific support for conservation planning in mountainous regions and forecasts of species distributions under future climate
change.
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INTRODUCTION

Species distribution models (SDMs) represent a
robust analytical framework for elucidating the
environmental determinants that underpin species
occurrence patterns (Chambers et al., 2013; El-Gabbas
and Dormann, 2018; Qazi et al., 2022; Zimmer et al.,
2023). By correlating presence-only or presence/absence
data with pertinent environmental variables, SDMs
facilitate the creation of predictive maps delineating
potential species distributions (Peterson ez al., 2011). The
accuracy of these projected ranges is pivotal for informed
decision-making and is especially vital for enhancing
conservation strategies for rare or endangered species
(Guillera- Arroita et al., 2015; Lannuzel et al., 2021;
Hama and Khwarahm, 2023; HamadAmin and
Khwarahm, 2023; Zurell et al., 2023). The reliability of
SDM predictions significantly depends on adequate
sample sizes and unbiased representation of spatial data
(Kadmon et al., 2003; Guisan et al., 2007; Elith et al.,
2011; Bean et al., 2012; El-Gabbas and Dormann, 2018;
Inman et al., 2021). Achieving substantial sample sizes
and unbiased spatial sampling presents a formidable
challenge, particularly concerning rare or endangered
species (Laskey et al., 2020). This issue is compounded
in mountainous regions, where complex topography,
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habitat fragmentation, and steep climatic gradients often
result in small, isolated populations and skewed
distribution patterns.

SDMs are rarely applied in mountainous areas not
only due to the sample size of species but also because of
the resolution of climate datasets. Global climate datasets
with a 30-arc-second resolution, such as WorldClim (Fick
and Hijmans, 2017) or Chelsa (Karger et al., 2017), fail
to accurately capture the heterogeneous climatic
conditions prevalent in mountainous regions (Fick and
Hijmans, 2017). This limitation persists even when these
datasets are downscaled to finer resolutions (Dobrowski,
2011; Pradervand et al., 2014; Wang et al., 2016).
Recently, a statistical method to generate gridded climate
datasets with a spatial resolution of 50 x 50 m? for
mountainous areas has been developed to improve the
performance of SDMs (Liao and Chen, 2021; Liao et al.,
2023). The climate dataset introduced by Liao et al. (2023)
effectively captures the varied climatic environments
within mountainous terrains, and when utilized in SDMs,
it accurately predicts the potential distribution ranges of
grassland ecosystems (Liao et al., 2023). However, this
climate dataset has not yet been directly utilized for
modeling rare or endangered species, thus its efficacy for
predicting  their distributions remains uncertain,
potentially limiting broader application.
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Before being utilized in modeling studies, the high-
resolution climate dataset necessitated thorough
evaluation. Virtual species are increasingly employed in
SDMs primarily because they facilitate the isolation of
individual feature effects within complex models (De
Marco and Noébrega, 2018). In this study, virtual species
simulations were conducted to determine whether the
high-resolution climate dataset accurately captured the
heterogeneity of climate environments in mountainous
areas. A virtual species was generated by mimicking real
species to create a simulated ecological niche within an n-
dimensional environmental space (Hirzel et al., 2001;
Duan et al., 2015; Leroy et al., 2016; Qiao et al., 2016).
Specifically, the high-resolution climate dataset developed
by Liao et al. (2023) was utilized to simulate virtual species
through principal component analysis (PCA), involving
estimating the probability of each grid cell belonging to the
climate niche (Leroy et al., 2016). Subsequently, the grid
cells classified as presence were mapped to illustrate
suitable or geographical ranges within the study area.
Different virtual species were simulated across various
regions of the PCA diagram, assuming distinct
geographical distributions due to the heterogeneous
climate environments within the study area.

SDMs were subsequently utilized to project the
potential distribution ranges of the virtual species. Virtual
species have gained popularity for testing SDMs because
they offer known distribution ranges, facilitating a
comprehensive understanding of species-environment
relationships (De Marco and Nobrega, 2018; Hirzel et al.,
2001; Meynard and Kaplan, 2013). These simulated
species provide controlled, unbiased presence and
absence data, which are typically unavailable to field
ecologists (Hirzel et al., 2001; Meynard et al., 2019). The
“true” presence and absence data generated by virtual
species are particularly suitable for assessing model
performance and mitigating the effects of spatial sampling
biases (Hirzel et al., 2001; Bombi and D’Amen, 2012;
Leroy et al., 2016; Qiao et al., 2016; Qiao et al., 2019).

In addition to predicting current distribution ranges,
SDMs were also employed to project future distribution
ranges under various climate change scenarios. Climate
change represents a powerful force that can induce shifts
or expansions in species ranges and significantly
heightens the risk of extinction for rare or endangered
species (Jiang et al., 2022; Qazi et al., 2022; Zurell et al.,
2023). Species characterized by small population sizes,
such as rare or endangered species, are particularly

vulnerable to the impacts of climate change (IUCN, 2014).

Accurately predicting current distribution ranges and
evaluating potential future range shifts through SDMs is
essential for designing effective conservation strategies
for these species (Ning et al., 2021; Wan et al., 2021;
Jiang et al., 2022; Ali et al., 2023; Zimmer et al., 2023;
Zurell et al., 2023). Therefore, future climate datasets are
crucial for assessing species vulnerability to climate
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change using SDMs (HamadAmin and Khwarahm, 2023;
Zurell et al., 2023). If the current high-resolution climate
dataset generated by Liao et al. (2023) accurately reflects
climatic heterogeneity in mountainous areas, it can serve
as a foundation for generating future climate datasets. The
methodology developed by Liao ef al. (2023) was utilized
to create future climate datasets, which were then applied
in SDMs to project range shifts for both virtual and real
species within the study area.

The objective of this study is to establish current and
future climate datasets at a 50 x 50 m? resolution for
mountainous regions. This high-resolution dataset aims to
capture the heterogeneous climate environments of
mountainous areas. By utilizing this dataset to simulate
virtual species and establish baseline scenarios, we will
analyze the current potential distribution ranges of real
species and model their future distribution trends. Several
key questions were addressed: (1) These simulations of
virtual species enabled a comprehensive assessment of
the high-resolution climate dataset’s ability to reflect
climatic heterogeneity and its effectiveness in predicting
species distributions under varying environmental
conditions. (2) Various virtual species, simulated using
the high-resolution climate dataset to determine habitat
suitability, were assumed to exhibit distinct geographical
distribution ranges within the mountainous area. (3)
SDMs were employed to explore the current and future
distribution ranges of virtual species in the mountainous
area, with the aim of examining the extent of range
expansion, restriction, shift, or local extinctions under
climate change. (4) Subsequently, real species were used
in algorithms to predict both their current potential ranges
and future distribution ranges under climate change, with
the goal of informing conservation management
applications. This approach enhances our understanding
of species-environment relationships and aids in
developing effective conservation strategies tailored to
the impacts of climate change.

MATERIALS AND METHODS

Study area

Taiwan, situated in the subtropical zone at the western
fringe of the Pacific Ocean, spans latitudes from 21° 55'
to 25° 20" N and longitudes from 119° 30' to 122° 00' E
(Fig. 1). Positioned approximately 150 kilometers off the
southeastern coast of mainland China, this island
experiences a distinct monsoon climate influenced by its
geographical location (Chen and Tsai, 1983; Su, 1984).
The climatic conditions are significantly affected by two
prevailing monsoons: the northeast monsoon during
winter and the southwest monsoon during summer.
Specifically, the northeast monsoon dominates for half a
year, typically from November through April, impacting
the northern and eastern flanks of the Central Mountain
Range with substantial precipitation and robust winds.
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Fig. 1. The fundamental niche of the virtual species (left diagram) generated through the principal components analysis (PCA), and its
geographic distribution range in northern Taiwan (right maps). The virtual species was generated using the ‘generateSpFromPCA’
function from an R package. This function quantified the climatic environments of the study area’s gridded cells via PCA. Follow this,
suitable environments for the virtual species were identified in the PCA diagram by setting two parameters within the function: means
and standard deviation (SDs), showing a color gradient ranging from purple (high suitability) to yellow (low suitability) and grey
(unsuitability). The resulting geographic distribution range of the virtual species were shown in right map (white area with dark outline).
The right maps also present the study area in northern Taiwan, the geographic locations of Taiwan, and neighboring countries.

This seasonal weather pattern underscores the dynamic
interplay between Taiwan's topography and atmospheric
circulation patterns, which shapes the island's diverse
ecological landscapes.

In Northern Taiwan (NTWN), a pronounced
precipitation gradient exists, extending from coastal
regions to inland areas, which significantly influences the
distribution of plant species (Liao and Chen, 2022; Liao et
al., 2023). This gradient shows a marked decrease in
annual precipitation, from over 6,000 mm on the
northeastern slopes to approximately 1,900 mm on the
southwestern slopes of the mountain ridge in NTWN (Liao
et al., 2023). The mean monthly temperatures at the
mountain ridge fluctuate between 11.3°C during winter
and 20.5°C in summer, contrasting with coastal areas
where temperatures range from 17.9°C in winter to 26.6°C
in summer (Liao and Chen, 2022; Liao ef al., 2023). These
climatic variations highlight the diverse environmental
conditions across different elevations within NTWN,
thereby shaping the ecological niches and biodiversity
patterns observed in this region (Liao and Chen, 2021).

The study area in NTWN extends from 24° 57" to 25°
17' N latitude and from 121° 24' to 122° 00' E longitude
(Fig. 1), encompassing a region of approximately 1,031
square kilometers (103,100 hectares). The highest peak
within this region is Qixingshan, which reaches an
elevation of 1,120 meters above sea level (asl). The
predominant vegetation type within NTWN consists of
evergreen broad-leaved forests, as documented by
previous papers (Hsieh et al., 1997; Liao et al., 2012; Li
et al., 2013). These forests are predominantly populated
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with  species such as  Castanopsis, Cleyera,
Cyclobalanopsis, Dendropanax, Elaeocarpus,
Engelhardia, Gordonia, Helicia, Ilex, Keteleeria, Limlia,
Litsea, Machilus, Meliosma, Michelia, Pinus, Schefflera,
Symplocos, and Trochodendron, as reported by Li et al.
(2013). On average, the canopy height of these forests
measures around 15 meters. It is important to note that
there are no pure deciduous forests present in NTWN;
however, individual native deciduous tree species can be
found interspersed throughout the forested areas.
Additionally, natural grasslands are frequently observed
along the mountain ridges extending from coastal regions
into inland territories within NTWN. The elevations at
which these natural grasslands occur vary across different
ridges within the study area, as indicated by Liao et al.
(2023). In these mountainous areas, the dominant species
of natural grassland are Miscanthus sinensis and
Pseudosasa usawai (Liao et al., 2014, 2023). Notably,
these two species exhibit similar climatic niches,
suggesting potential niche convergence (Liao et al., 2023).

Process of Downscaling current climate dataset

In this study, a gridded climate dataset with a spatial
resolution of 50 x 50 m? was developed to depict the
historical climatic conditions within the study area. The
50 x 50 m? grid was specifically chosen to accurately
capture the diverse climatic environments present along
the mountain slopes. This dataset was generated utilizing
daily meteorological data obtained from the Central
Weather  Bureau’s  website  (CWB;  https://e-
service.cwa.gov.tw/HistoryDataQuery/index.jsp).  The
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construction of this dataset involved downloading daily
meteorological data from the CWB’s online platform,
covering the period from 2000 to 2020. According to Liao
et al. (2023), the methodology for downscaling the
historical climate dataset comprised several key steps: (1)
Interpolation of the meteorological climate dataset to
generate smooth surfaces representing climate variables.
(2) Establishment of a grid system consisting of cells with
a spatial resolution of 50 x 50 m?, from which data were
extracted from these smoothed climate variable surfaces.
(3) Adjustment of the extracted climate data according to
altitude, ensuring that variations in elevation were
accurately reflected in the final dataset. By adhering to
these procedures, we aimed to produce a comprehensive
and detailed representation of the historical climate
environments within our study area. This meticulous
approach ensures not only the accuracy but also the
reliability of the climate data utilized in our study.
Climate data from 30 meteorological stations located
within and surrounding the study area were downloaded
from the CWB website. Monthly mean temperature and
total monthly precipitation data from these stations were
imported into ArcInfo software (ESRI, Redlands,
California, USA) to produce smooth climate variable
surfaces through the application of the Kriging method.
This process resulted in the creation of .tif files for the
climate variables. Additionally, a grid system consisting
of cells with a spatial resolution of 50 X 50 m? was
established using ArcInfo software, generating over 0.4
million gridded cells within the study region. For each
gridded cell, geographic coordinates (longitude and
latitude) and elevation data were extracted from a digital
terrain model (DTM) developed by the Department of
Geography at the Chinese Culture University. The DTM
had a resolution of 20 by 20 meters. The elevation data
derived from this DTM was designated as DElev.
Subsequently, the 50 x 50 m? gridded cells were overlaid
onto the .tif files representing the meteorological climate
surfaces to extract relevant climate data. The resultant
dataset, referred to as MCDS50, represents the
meteorological climate data with a spatial resolution of 50
x 50 m2 Furthermore, the elevations of the
meteorological stations were interpolated using the
Kriging method within Arclnfo, yielding a smooth
elevation surface named MElev. By overlaying the
gridded cells of MCDS50 with MElev, elevation data were
extracted for each cell. The differences between DElev
and MElev were then calculated to perform altitudinal
adjustments on MCDS50. The adjustment function used
was: AdjMCD50 = slope x (DElev — MElev) + MCDS50.
Here, AdjMCDS50 denotes the altitudinally adjusted
meteorological climate data at a spatial resolution of 50
50 m2. The slope parameter in this function, known as the
empirical lapse rate, was determined as the slope of the
linear relationship between elevation and climate data
from the nearest 12 meteorological stations. This linear
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regression analysis was carried out using the '"stats"
package within the R environment (Chambers and Hastie,
1992). The methodology employed for generating the
current climate dataset closely followed the approach
outlined by Liao et al. (2023).

The altitudinally adjusted climate data, AdjMCD50,
served as the historical climate dataset for modeling
species distributions. This comprehensive climate dataset
was constructed by incorporating nine key climatic
variables: mean annual temperature (Tmean), mean
maximum temperature of the warmest month (Twrm),
mean minimum temperature of the coldest month (Tcld),
mean temperature during summer (Tsmr) and winter
(Twnt), the temperature difference between the warmest
and coldest months (Tdif), annual total precipitation
(Pann), total precipitation during summer (Psmr), and
total precipitation during winter (Pwnt). Each of these
variables plays a critical role in defining the
environmental conditions that influence species
distribution patterns. By integrating these variables into
the AdjMCD50 dataset, we aimed to create a robust
representation of the climatic conditions within the study
area. Such detailed climatic information is fundamental
for accurately predicting species distributions using
species distribution models (SDMs). Precise climate data,
like those provided by the AdjMCDS50 dataset, enhance
the reliability and accuracy of SDMs, thereby
contributing to more effective conservation planning and
management strategies.

Process of downscaling future climate projections
The history of the Intergovernmental Panel on
Climate Change’s (IPCC) assessment reports spans
several generations of emissions scenarios (IPCC, 2013,
2022; Pedersen et al., 2021). Emission scenarios are
typically developed to depict a range of socio-economic
and policy choices, enabling the evaluation of diverse
potential futures and their implications for long-term
climate systems (Kebede et al., 2018). In 2022, the global
Shared Socioeconomic Pathways (SSPs) were introduced
in the Sixth Assessment Report (AR6), the most recent
publication by the IPCC, which integrates socioeconomic
developments into future climate scenarios (IPCC, 2022).
There are five SSPs (SSP1 to SSP5), each serving as a
framework for generating a spectrum of possible future
climate and environmental conditions based on different
societal trajectories and policy directions (Pedersen et al.,
2021; TPCC, 2022). Among these pathways, SSP1
represents the most optimistic scenario, emphasizing
sustainable development practices aimed at mitigating
climate change and fostering equitable growth.
Conversely, SSP2 is characterized as a middle-of-the-
road pathway, reflecting current trends and policies with
no significant shifts towards either sustainability or
unsustainable development (Pu et al., 2020). SSP3 and
SSP4 are identified as the least favorable scenarios,
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Table 1. Climate variables for model predictions.
Predictors Climate variable Unit Mean*SD Min Max
Psmr Summer precipitation dm 7.7 + 0.8 55 13.8
Pwnt Winter precipitation dm 10.6 + 4.4 14 236
Tmean Mean annual temperature °C 213 +13 156 238
Twnt Mean winter temperature °C 169 + 1.0 12.7 191
Tsmr Mean summer temperature °C 258 +1.6 19.2 287
Tdif Temperature differences between warmest and coldest monthes °C 129 + 1.2 9.2 154

assuming patterns of unsustainable development that could
exacerbate environmental degradation and social
inequalities. These pathways highlight the risks associated
with continued reliance on non-renewable resources and
inadequate adaptation measures. Meanwhile, SSP5
presents an energy-intensive, fossil-fuel-based economy,
yet it also envisions relatively optimistic economic
development outcomes (Pu ez al., 2020). By integrating
these SSPs with advanced climate models, we can simulate
various future climates and assess the effectiveness of
different strategies in achieving climate goals.

Concerning future climate scenarios, the working
group of the Taiwan Climate Change Information and
Adaptation Knowledge Platform (TCCIP) has developed
high-resolution 5 % 5 km? gridded climate datasets to
project future climatic conditions for Taiwan Island
(Wang et al., 2021). These projections were refined from
49 General Circulation Models (GCMs) involved in the
sixth phase of the Coupled Model Intercomparison
Project (CMIP6), ensuring a comprehensive coverage of
potential climate futures. For this study, five specific
climate system models were selected from the available
49 GCMs: ACCESS-CM2 (Meucci et al., 2023),
FGOALS-g3 (Pu et al., 2020), GFDL-ESM4 (Dunne et
al., 2020), MIROC6 (Kataoka et al., 2020), and TaiESM1
(Wang et al., 2021). The selection of these models was
based on their performance and relevance to the regional
climate characteristics of Taiwan. Utilizing these models,
the research team generated downscaled future climate
datasets at an enhanced resolution of 50 x 50 m? for the
study area under various climate scenarios. This
downscaling process is crucial as it allows for more
precise climate predictions that are better suited to local
environmental conditions.

The TCCIP has published 5 x 5 km? gridded climate
datasets that cover the period from 1960 to 2100. Given
that the spatial resolution of the AdjMCDS50 dataset is 50
x 50 m?, the TCCIP’s future climate projections at this
finer resolution were recalculated based on the relative
changes observed in historical and future climate data
provided by TCCIP. For this study, we selected three key
time periods from the TCCIP’s climate datasets: early
(2000-2020), mid (2045-2055), and end (2091-2100) of
the 21st century. These datasets were utilized to calculate
the mean monthly temperature and total monthly
precipitation for each period. Subsequently, differences
in monthly temperature and total monthly precipitation
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between the early and mid-century, as well as the early
and end-century, were computed to generate relative
changes in climate data. These relative changes in
temperature and precipitation were represented as 5 x 5
km? gridded data. To produce smooth climate surfaces,
these gridded data were used to generate .tif files using
the Kriging method within ArcInfo software. The high-
resolution grids with a spatial resolution of 50 x 50 m?
were then overlaid with the .tif files representing
smoothed climate surfaces. This overlay process allowed
for the extraction of relative changes in climate data at the
higher resolution. Finally, the historical climate datasets,
specifically the AdjMCDS50, were overlaid with the
relative changes derived from the 50 x 50 m? gridded
climate datasets. This step was crucial for projecting
future climates under different scenarios. By employing
this methodology, researchers can provide detailed
projections that are closely aligned with local climate
conditions, thereby enhancing the accuracy and relevance
of climate impact assessments.

Simulations of virtual species

The gridded cells containing historical climatic data
(spanning from 2000 to 2020) underwent analysis
through Principal Components Analysis (PCA). This
statistical approach was chosen for its efficacy in
reducing dimensionality while simultaneously addressing
issues of collinearity among environmental variables,
thus facilitating a more precise quantification of
environmental overlap (Qiao et al., 2016; Meynard et al.,
2019; Journé et al., 2020). Initially, nine climate variables
were incorporated into the PCA. During the analysis,
significant correlations were identified between Pwnt and
Pann, Tsmr and Twrm, as well as Twnt and Tcld.
Consequently, to minimize redundancy and improve
model clarity, Pann, Twrm, and Tcld were excluded from
further PCA computations. The remaining variables
subjected to PCA included Tmean, Tsmr, Twnt, Tdif,
Psmr, and Pwnt (Table 1). Tmean provides an overall
measure of thermal conditions throughout the year, while
Twrm and Tcld highlight the extremes that organisms
must endure. The variables Tsmr and Twnt offer insights
into seasonal temperature fluctuations, which can be
particularly significant for species with specific
temperature requirements during different life stages.
Meanwhile, Pann, Psmr, and Pwnt are essential for
understanding moisture availability across seasons, a
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crucial factor for many species' survival and reproduction.

These variables were effectively summarized by the first
two principal components (PC1 and PC2), which
collectively accounted for 84.1% of the total variance
observed within the dataset.

In this study, virtual species serve as controlled
experimental units to isolate topographic effects—the
primary driver of heterogeneous climate environments in
the study area—from biological noise arising from
species’ responses to these environments. Virtualspecies
(Leroy et al., 2016) constitutes a comprehensive R
package offering a complete workflow encompassing
environmental response simulation, presence-absence
conversion, dispersal limitations, and sampling bias
integration. It supports diverse environmental response
functions (linear, Gaussian, logistic) and combination
methods, including  multiplicative ~ approaches.
Virtualspecies differs from other methods, such as
NicheLim (Huang et al., 2016), which represents a
specific algorithmic approach designed to address the
"substitution effect"—where high-suitability
environmental variables compensate for unsuitable
conditions in others—by emphasizing ecological limiting
factor theory such as Liebig’s Law of the Minimum
during variable combination. Given that real species often
exhibit continuous, probabilistic distributions rather than
threshold-driven presences, virtualspecies’ probabilistic
conversion via the convertToPA function’s logistic
transformation aligns with this ecological reality.
Furthermore, by generating environmental suitability
through a PCA-based approach (generateSpFromPCA),
the package inherently accommodates complex
environmental interactions and variable correlations. This
avoids ecologically contradictory combinations—such as
simultaneous requirements for high maximum and low
minimum temperatures—that might arise when applying
independent thresholds, an advantage not inherently
addressed in NicheLim. The need for ecological realism
in virtual species generation is critical, as these serve as
benchmarks for real species applications. In mountainous
environments characterized by intricate climatic
gradients, species occurrence typically follows gradual
probabilistic patterns rather than abrupt thresholds. Our
study encompasses both rare and common species within
such  topographically complex systems, where
NicheLim’s strict emphasis on limiting factors may not
be wuniversally optimal for capturing distributional
nuances across diverse mountain-dwelling taxa.

Consequently, virtual species with rare-type niche
spaces deliberately selected provide a rigorous stress test
of our 50 x 50m? dataset’s capacity to resolve fine-scale
microclimate gradients. To generate a variety of spatial
patterns in habitat suitability, the "generateSpFromPCA"
function, available within the R package "virtualspecies,"
was utilized to simulate virtual species (Leroy et al.,
2016). This approach facilitated the creation of distinct
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environmental niches and suitability landscapes by
leveraging principal component analysis (PCA). In
employing this function, the parameter "nb.points’ was
set to 5000, aiming to provide sufficient resolution for the
simulated distributions. Furthermore, the parameters
‘means’ and ‘sds’ were meticulously adjusted to position
five virtual species across various sectors of the PCA
diagram, thereby representing diverse ecological niches
and suitable environments (Leroy et al., 2016). The
implementation of these settings led to the emergence of
distinctive geographical distribution patterns across the
study area, as depicted in Figs. 1 and S1. Specifically, the
first virtual species was strategically positioned at the
center of the PCA diagram, resulting in a geographic
distribution that encompasses the windward slopes
adjacent to mountain ridges (Fig. 1). Meanwhile, the
remaining four virtual species were allocated to the lower,
left, right, and upper extremities of the PCA diagram (Fig.
S1), respectively. By positioning these virtual species in
different regions of the PCA space, the simulation
ensured that each occupied a unique environmental niche,
thereby achieving wide-ranging geographical
distributions ~ throughout the study area. This
methodology not only underscores the flexibility and
applicability of the "virtualspecies" package in simulating
complex ecological scenarios but also highlights its
potential in exploring the impacts of varying
environmental conditions on species distribution patterns.

Inventory of real species

In this study, we selected eleven plant species and
grassland areas for modeling analysis. The eleven species
and grassland areas were selected for modeling analysis
based on two core criteria: verifiable field presence within
the study area, and ecological representativeness through
distinct  distribution  patterns  (including  both
geographically restricted and widespread species) across
diverse taxonomic groups (encompassing woody
angiosperms and herbaceous angiosperms, and ferns).
Among these, five species are rarely encountered within
the study area: Maackia taiwanensis, Benthamidia
Japonica, Lilium speciosum, Rhododendron
pseudochrysanthum, and Bretschneidera sinensis. Their
scarcity can be attributed to their restricted geographic
distribution on this island, predominantly limited to the
mountainous regions of NTWN, with only a few
occurrences during fieldwork. The remaining six species
consist of four woody angiosperms—Rhododendron
nakaharai, Euscaphis japonica, Ficus fistulosa, and
Saurauia tristyla var. oldhamii—and two fern species,
Dipteris conjugata and Sphaeropteris lepifera. The
presence of these eleven plant species and grasslands was
recorded along roadsides and mountain trails within the
study area. Field data were meticulously geographically
verified to eliminate any duplicate occurrence records,
ensuring the accuracy and reliability of our dataset.
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Modelling technique

In this investigation, we utilized a suite of eleven
predictive algorithms to delineate the potential
distribution ranges for both virtual and real species
inhabiting mountainous terrains (Table S1). These
methodologies encompassed an array of machine
learning and statistical techniques: Artificial Neural
Networks (ANN), Classification Tree Analysis (CTA),
Flexible Discriminant Analysis (FDA), Generalized
Additive Models (GAM), Generalized Boosting Models
(GBM; often referred to as boosted regression trees),
General Linear Models (GLM), Multivariate Adaptive
Regression Splines (MARS), Maximum Entropy
(MAXENT), Random Forest (RF), Surface Range
Envelopes (SRE; also known as BIOCLIM), and Extreme
Gradient Boosting (XGBOOST). Furthermore, an
ensemble modeling framework was adopted, integrating
all aforementioned algorithms to enhance prediction
accuracy for species distributions within these
environments. The execution of these models, including
the ensemble approach, was facilitated through the
utilization of the “biomod2” package within the R
programming environment (Thuiller et al., 2016).

For each virtual species, occurrence and background
points were aggregated to create a comprehensive
modeling dataset.  Specifically, the geographic
coordinates of these occurrences and background points
were utilized to extract corresponding climate data from
predefined climate surfaces. Occurrence points were
randomly selected from the known geographic
distribution range of the virtual species, as illustrated in
Fig. 1 and detailed further in Fig. S1. To evaluate the
influence of sample size on model performance, varying
numbers of sample points were incorporated into the
predictive models: 5, 20, 50, 100, and 200. For each
scenario, the number of background points was set to be
100 times the number of occurrence points, randomly
distributed across the study area. In implementing the
models, a stratified random sampling approach was
employed, whereby 80% of both occurrence and
background data were designated for training purposes,
while the remaining 20% served for model evaluation.
Such an approach is crucial for gauging the effectiveness
of different sample sizes and understanding their
implications for ecological predictions.

Model performance

To evaluate the accuracy of individual algorithms and
ensemble modeling approaches, the training dataset
underwent resampling and modeling processes ten
separate times. This iterative approach was designed to
quantify the uncertainties inherent in the predictive
outputs. The true skill statistic (TSS) and the area under
the receiver operating characteristic curve (AUC) served
as the primary metrics for assessing the performance of
species distribution models (Fois et al., 2015; Qiao et al.,
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2019; Lannuzel et al., 2021; Xu et al., 2021). These
measures are particularly useful because they provide
insights into how well a model can distinguish between
positive and negative cases, with AUC being especially
robust in scenarios where class imbalance is present. For
the construction of the final ensemble models, stringent
criteria were applied to ensure only the most reliable
predictions were incorporated. Specifically, models were
included in the ensemble if they achieved a TSS score
exceeding 0.8, indicating a high level of accuracy and
reliability according to previous studies that have
established this threshold as indicative of superior model
performance (Khan and Verma, 2022).

This rigorous selection process helps to mitigate the
risk of incorporating less accurate models, thereby
enhancing the overall predictive power and robustness of
the ensemble model. The iterative resampling and
modeling not only allowed for the assessment of model
stability across different subsamples but also provided a
means to estimate the variability within the predictions.
By averaging the outcomes from multiple runs, the
ensemble approach effectively reduces the impact of
random fluctuations and enhances the generalizability of
the model predictions. Furthermore, by retaining models
above the specified TSS threshold, the ensemble benefits
from the collective strength of individually strong
performers, potentially leading to improved ecological
niche estimations and more reliable projections of species
distributions under various environmental conditions.

Notably, a prior study posited that error metrics such as
the TSS and the AUC do not necessarily reflect the
accuracy of suitability predictions. These indices provide a
single-number discrimination measure across all possible
threshold ranges, which may not always correspond to
model accuracy (Lobo ef al., 2008). High TSS and AUC
values are therefore insufficient on their own to guarantee
accurate model performance (Liao and Chen, 2022).
Consequently, this study introduces an alternative
similarity index known as the Expected Fraction of Shared
Presences (ESP) to evaluate model performance. The ESP
was adapted from the Sorenson similarity index to quantify
the degree of overlap between potential ranges of two
species (Godsoe, 2014; Inman ef al., 2021). In this context,
the ESP has been tailored to compare the suitable range of
a virtual species simulated through Principal Component
Analysis (PCA) against its predicted potential ranges using
eleven different algorithms and ensemble modeling
techniques. The mathematical formulation of the ESP is
defined as follows:

j
gsp = _221PsiPoii
j
Zi(Pstpy + o)
Herein, Py represents the presence of a suitable range
at a specific cell j, whereas P, denotes the presence of a

potential range at the same cell j. The term Py;P,
indicates that cell j is simultaneously within both the
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Fig. 2. The boxplot shows the index of the expected fraction of shared presence (ESP, grey box), false presence (cyan box), and false
absence (pink box). The ESP was calculated by the degree of overlap between the suitable ranges of the virtual species at center of
principal components analysis (PCA) diagram and the potential ranges predicted by 11 algorithms. A relatively high ESP value indicates
better performance of the algorithms. False presence (commission error) and false absence (omission error) represent prediction errors
of the 11 algorithms. The colored points in the boxplots represent the sample sizes used for predictions by the algorithms. The sample
sizes are 5, 20, 50, 100, and 200 random points of occurrences, represented by green, blue, orange, red, and black colors, respectively.
Their interquartile range are shown by boxes and with whiskers for their full range. Their interquartile ranges are shown by boxes, with

whiskers indicating their full range.

suitable (P,;) and potential ranges (P,g). An ESP value
of 1 signifies perfect concordance between the suitable
and potential ranges for the virtual species, while a value
of 0 indicates complete geographic disjunction (Godsoe,
2014; Inman et al., 2021).

This adaptation of the ESP provides a more nuanced
approach to evaluating the performance of species
distribution models by focusing on the spatial agreement
between modeled suitable and potential ranges. Unlike
traditional metrics like TSS and AUC, which focus
primarily on the discriminatory power of the model, the
ESP emphasizes the spatial congruence of the predicted
distributions. This makes it particularly useful in
ecological applications where understanding the extent of
overlap between different species' ranges is crucial for
conservation planning and biodiversity assessments.

RESULTS

Suitable ranges of virtual species

Five virtual species were simulated by selecting
gridded cells from various regions within the PCA
diagram, each representing distinct suitable ranges for the
five virtual species within the study area. The central
gridded cells in the PCA (PCAC) diagram corresponded
to a distribution range characterized by windward slopes
near mountain ridges within the study area (Fig. 1).
Conversely, the gridded cells located at the lower
(PCAO), left (PCAL), right (PCAR), and upper (PCAU)
extremities of the PCA diagram represented distribution
ranges associated with coastal areas, mountain ridges,
inland regions, and leeward slopes near mountain ridges,
respectively (Fig. S1). The creation of these five virtual
species, each with unique climatic niches identified
within the PCA diagram, demonstrated clear distinctions

in their geographical distribution ranges across the study
area. This evidence strongly suggests that heterogeneous
climate environments can offer a variety of suitable
habitats conducive to species growth. Through the
simulation of these virtual species, we identified the high-
resolution gridded climate dataset derived from
meteorological data as an effective tool for reflecting the
climatic heterogeneity inherent to mountainous terrains.

Performances of 11 algorithms

The potential distribution ranges of five virtual
species were assessed using eleven distinct algorithms.
This evaluation was designed with the objective of
identifying the most suitable algorithms for predicting the
distribution ranges of real species in mountainous regions.
Subsequently, the calculation of ESPs was employed to
quantify the degree of overlap between the suitable ranges
of virtual species, as depicted in the PCA diagram, and
the predicted potential ranges by these algorithms (Fig. 2).
Among the evaluated algorithms, FDA, GBM, GLM,
MARS, MAXENT, and SRE exhibited relatively higher
mean ESP values. These elevated mean ESP scores
indicated a greater extent of overlap between the
simulated suitable ranges and the projected potential
ranges. Consequently, this suggested superior
performance of these six algorithms in accurately
predicting the potential distributions of the virtual species
within the studied area. The analysis not only underscores
the effectiveness of specific algorithms but also
highlights their applicability in ecological modeling for
real-world species in complex terrains. The findings
provide valuable insights into algorithm selection for
future studies aiming at ecological predictions in
mountainous landscapes.

In the context of the virtual species approach, ESP
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Fig. 3. Boxplots show the values of two error indices, TSS and
AUC, used to assess predictive performances of 11 algorithms.
The 11 algorithms predicted potential ranges of the virtual
species at the center of the principal components analysis (PCA)
diagram. The colored points in the two boxplots represent sample
sizes used for model predictions. The sample sizes are 5, 20, 50,
100, and 200 random points of occurrences, represented by red,
blue, purple, yellow, and green colors, respectively.

associated with false presences and false absences serve
as indicators for discerning algorithmic characteristics.
Lower ESP values typically signify a higher likelihood of
commission errors (false presences) and omission errors
(false absences) (Fig. 2). High rates of false presences and
false  absences  suggest  overestimation  and
underestimation of the potential ranges of virtual species,
respectively. A modest sample size can reveal the distinct
attributes of various algorithms. Specifically, when the
number of sample points was limited to five, the predicted
ranges generated by CTA, SRE, and XGBOOST
exhibited relatively lower rates of false presence but
significantly elevated rates of false absences. This pattern
indicates that CTA, SRE, and XGBOOST are prone to
higher omission errors or underestimations of the species’
potential ranges. Conversely, GLM and MAXENT
produced predictions characterized by relatively high
rates of false presences and slightly reduced rates of false
absences. These results imply that GLM and MAXENT
tend to incur higher commission errors or overestimate
the species' potential ranges. The insights gained from
algorithms that either overestimate or underestimate
potential ranges offer valuable technological options.
Such knowledge can provide scientific support for
designing conservation strategies tailored to specific
ecological needs and environmental conditions.

The potential ranges predicted by algorithms utilizing
a large sample size demonstrated a high degree of overlap
with the simulated suitable ranges of virtual species.
These findings underscore that sample size significantly
influences model performance, especially when the
sample size is limited to five points. At such a small
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sample size, it becomes evident that the predictive
capacity of models is constrained; this is reflected in the
ESP values, which were consistently below 0.45 across
all evaluated algorithms. Our results indicate that with
only five sample points, the effectiveness of algorithms in
accurately predicting potential species distributions is
notably diminished. This limitation highlights the
necessity for a more robust sampling strategy to improve
model accuracy and reliability. Adequate sample sizes are
crucial for enhancing the precision of ecological
predictions, thereby providing a stronger foundation for
conservation planning and management decisions.

In addition, the distinct geographical ranges of the
five virtual species have influenced the ESP values to
some extent. Specifically, for the virtual species
distributed in coastal areas (PCAO), the range of ESP
values is observed to be marginally narrower, as depicted
in the first diagram of Fig. S2. Conversely, for the virtual
species located on the leeward slopes near mountain
ridges (PCAU), the range of ESP values is somewhat
broader, as illustrated in the lowest diagram of Fig. S2.
These variations in ESP value ranges can be attributed to
the unique environmental conditions associated with each
geographical setting.

In many previous investigations, the TSS and the
AUC have been utilized as key metrics for evaluating the
predictive performance of various algorithms. These
indices are generally understood to reflect the efficacy of
a model, with higher scores suggesting accurate
performance of a model. Despite this common
understanding, our study has identified that high TSS and
AUC values do not invariably correspond to enhanced
model outcomes. Specifically, when the ESP values were
elevated, there was no consistent correlation with
increased TSS or AUC values, which sometimes
appeared at odds with the ESP index. Moreover, the
analysis conducted in this research did not reveal any
discernible patterns within the TSS and AUC values (Figs.
3 and S3). This suggests that these metrics may not be
reliable indicators under all circumstances, particularly in
contexts where other factors such as ESP play a
significant role. Consequently, it can be concluded that
while TSS and AUC remain valuable tools for assessing
algorithmic performance, they may not be suitable as
standalone measures for predicting the effectiveness of
models in every scenario. It is imperative to consider
additional metrics and contextual variables to ensure a
comprehensive evaluation of model performance.

This study also utilizes virtual species distributions to
assess the predictive accuracy of ensemble modeling. The
ensemble approach effectively delineated the potential
geographic ranges of the five virtual species (Figs. 4 and
S4). Notably, ensemble modeling outperformed the
individual 11 algorithms, as evidenced by ESP values that
were predominantly close to or exceeding 0.8 when sample
sizes surpassed five points. The influence of sample sizes
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Fig. 4. Maps show the geographical distribution ranges of virtual species (upper left map) generated from the principal components
analysis (PCA) and the projected results by the ensemble modeling with different sample sizes of occurrences. The virtual species is
located at the center of the PCA diagram (Fig. 1). The gridded cells that were categorized by ensemble modeling as presence points
are shown by colored points. The points with a color gradient from yellow to red represent the probability of presence. Sample size
had significant effects on the performance of ensemble modeling, while five sample points are evidently the limitation for the predictions

of ensemble modeling.

and geographical distribution range on ensemble
modeling was found to be relatively minimal.
Nevertheless, extremely small sample sizes exerted a
significant impact on the projection outcomes of
ensemble modeling. For instance, when only five sample
points were used, ensemble modeling yielded lower ESP
values, indicative of reduced model performance (Fig. 5).
Conversely, ensemble modeling exhibited superior
performance when the number of sample points exceeded
twenty, leading to a precise alignment between the
simulated suitable habitat range and the predicted

potential range for the virtual species. Given that
ensemble modeling accurately projected the potential
distribution ranges of the virtual species, it emerges as a
robust tool for predicting species' potential distribution
ranges. Importantly, all five virtual species could be
reliably predicted using this method, irrespective of their
ecological characteristics. This suggests that ensemble
modeling is not only effective but also versatile across
different ecological contexts. Our findings underscore the
reliability of ensemble modeling in generating accurate
information regarding the potential ranges of species.
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Table 2. The importance values of predictors for 11 algorithms and ensemble modeling in predicting virtual species. The virtual species

are located at the center of PCA diagram.

Predictors ANN FDA CTA GAM GBM GLM MAXNET MARS SRE RF XGBOOST Ensemble
Psmr 0.11 0.00 0.00 0.05 0.03 0.00 0.01 0.04 0.09 0.06 0.07 0.04
Pwnt 0.08 0.01 0.01 0.07 0.03 0.02 0.01 0.05 0.09 0.06 0.16 0.05
Tmean 0.30 031 0.00 0.18 0.02 0.15 0.00 0.10 0.20 0.21 0.04 0.14
Twnt 0.16 027 033 025 023 0.27 0.25 0.28 0.18 0.18 0.26 0.24
Tsmr 0.20 032 051 024 028 0.50 0.38 0.35 0.22 0.26 0.18 0.31
Tdif 0.15 0.09 0.15 0.21 0.42 0.05 0.35 0.18 0.22 0.23 0.30 0.21
10 lack of a clear representation of precipitation effects
- & highlights potential limitations or complexities within the
bl =" - @ 03 = model. This could imply that additional factors or
. . interactions not fully accounted for in the current analysis

®

= U= L R =]

T T T
PCAC PCAQ PCAL PCAR PCAU

Fig. 5. Boxplots show index of expected fraction of shared
presence (ESP, grey box), false presence (cyan box), and false
absence (pink box). The ESP value was calculated by degree of
overlap between the suitable ranges of five virtual species
generated from principal components analysis (PCA) and the
potential ranges predicted by ensemble modeling. Relatively high
ESP values indicate better performance of ensemble modeling.
The performance of ensemble modeling is better than that of the
11 algorithms (Fig. 2). The colored points in the boxplots represent
the number of sample points used for predictions in ensemble
modeling. The numbers of sample points are 5, 20, 50, 100, and
200 and the corresponding colors are green, blue, orange, red, and
black, respectively. Their interquartile ranges are shown by boxes
and their full ranges are depicted with whiskers.

Importance of predictors

For the five virtual species examined in this study, the
relative importance of predictor variables varied across
different algorithms, with temperature consistently
emerging as a more significant factor compared to
precipitation (Tables 2 and S2). The study region is
characterized by complex topography and elevation

gradients that undoubtedly influence species distributions.

Given that temperature is highly correlated with elevation
gradients, it plays a crucial role in predicting the
distribution of virtual species. Conversely, precipitation
patterns differ markedly between windward and leeward
slopes within the study area. Two species, Bretschneidera
sinensis and Benthamidia japonica, are predominantly
found on windward slopes where higher precipitation
levels are recorded. Consequently, the distribution of
these two species may be closely associated with the
elevated precipitation observed on the windward slopes.
However, the predictive models did not significantly
capture the relationship between plant distribution and the
precipitation gradient within the study area. It is
important to note that while temperature appears to be a
critical determinant in species distribution modeling, the
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might play a role in shaping species distributions. Further
research may be necessary to better understand how
precipitation interacts with other environmental variables
to influence species presence and abundance.

Model evaluation of real species

Given the successful application of ensemble
modeling in predicting the distributions of virtual species,
this methodology was then applied to estimate the
potential distribution ranges of 11 plant species and
grassland ecosystems (Fig. 6). Sample size was identified
as the most influential factor affecting model
performance. Acquiring a large sample size for species,
particularly in mountainous terrains where rare or
endangered species may reside, poses significant
challenges. When the number of occurrence records was
below 50, all occurrences were included in the ensemble
modeling predictions. For species with over 50 occurrence
records, a random subset of 50 samples was selected for the
modeling process. Ensemble modeling successfully and
reasonably projected the potential distribution ranges of the
11 plant species and grassland areas (Fig. 6), highlighting
its effectiveness even under conditions of variable sample
sizes and complex geographies.

The impact of a small sample size on the potential
distribution ranges of actual species is profound. Lilium
speciosum and Maackia taiwanensis, for example, have
notably limited sample sizes, with only 9 and 14
occurrence records respectively. However, these two
species exhibit dramatically different patterns in their
potential distribution ranges. For L. speciosum, despite its
small sample size, the species demonstrates a broad
potential geographical range, likely due to its widespread
initial distribution. In contrast, M. taiwanensis shows
both its occurrences and potential distribution ranges
constrained to a smaller geographical area within the
study zone. These observations indicate that although
sample size is a crucial factor, it is not the only one
affecting potential distribution ranges. The spatial
arrangement and distances between occurrence points
also contribute significantly to the model's predictions of
species distribution.
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Fig. 6. The maps show the occurrences of the 11 species and grassland in northern Taiwan (depicted as open dots) and their potential
distribution ranges predicted by ensemble modeling. The gridded cells categorized as presence are represented by colored points.
The points exhibit a color gradient from yellow to red, indicating the probability of presence.

Range shifts of virtual and real species under future
climate change

Virtual ~ species  characterized by  distinct
contemporary distributions displayed marked range shifts,
contractions, or expansions under the impacts of climate
change (Fig. S5). Species positioned on windward slopes,
mountain ridges, or coastal zones will have significant
range shifts by mid-century and faced range contractions
by the end of the century (Figs. S5.1, S5.2, and S5.3),
particularly under the SSP585 climate model scenario. In
contrast, virtual species inhabiting inland areas and
leeward slopes near inland regions exhibited trends
toward range expansion both by mid-century and towards
the century’s close (Figs. S5.4 and S5.5).

Ensemble modeling has revealed that the
consequences of climate change could yield diverse
outcomes for the 11 plant species and grassland
ecosystems (Fig. S6). Predictive results from ensemble
modeling suggest that climate change might cause local
extinctions among certain rare species, such as M.
taiwanensis (Fig. S6.8), R. nakaharai (Fig. S6.9), and R.
pseudochrysanthum (Fig. S6.10). However, not all rare
species will necessarily suffer from range contractions or
local extinctions; L. speciosum, for instance, is projected
to expand its range by mid-century and into the end of this
century (Fig. S6.7). A number of species are expected to
experience range shifts during the mid and latter parts of
this century, including Br. sinensis (Fig. S6.2), D.
conjugata (Fig. S6.3), S. tristyla var. oldhamii (Fig.
S6.11), and Sp. lepifera (Fig. S6.12). In contrast, Be.
japonica (Fig. S6.1) and F. fistulosa (Fig. S6.5) are

anticipated to show range expansions over the same
timeframe. For the remaining species, E. japonica (Fig.
S6.4) and grassland ecosystems (Fig. S6.6), projections
based on different climate models indicate either range
restrictions or potential local extinctions.

DISCUSSION

Simulation of virtual species

The utilization of virtual species simulations has been
advocated as an essential preliminary step for testing
novel methodologies in SDM before their application to
empirical datasets (Austin et al., 2006; Austin, 2007).
Prior research has demonstrated the effectiveness of
employing such simulations to evaluate how
environmental configurations impact SDM performance,
the implications of various data aggregation strategies,
and considerations regarding spatial resolution and scale
(Hirzel et al., 2001; Meynard et al., 2019; Qiao et al.,
2019). In this study, we extended these methodologies by
simulating virtual species within a mountainous
landscape. Our objective was to investigate the influence
of climate dataset heterogeneity on model outcomes,
assess the characteristics of different algorithms
employed, examine the effects of varying sample sizes,
and explore potential range shifts or local extinctions
under projected climate change scenarios.

Heterogeneity of climate dataset
The WorldClim dataset (Fick and Hijmans, 2017) is
extensively utilized in SDM studies. Despite its global
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coverage, the WorldClim dataset contains uncertainties in
environmental data, particularly in mountainous regions
and areas with sparse observation stations (Fick and
Hijmans, 2017). Although variables from WorldClim
have been downscaled to finer resolutions for SDM
applications, this process may only preserve the
information from the original data source without
enhancing the spatial resolution of the variables
themselves (Peterson et al., 2011; Sillero and Barbosa,
2021). In this study, we generated high-resolution
historical and future climate datasets using a proposed
statistical method (Liao et al., 2023). These high-
resolution climate datasets incorporated horizontal
variations in climate features through the interpolation of
meteorological data. Additionally, calculations of lapse
rates were employed to adjust the climate data of gridded
cells, thereby accounting for climate variations along
elevation gradients. Consequently, the high-resolution
climate dataset generated in this study effectively
captured the topographical and altitudinal variations of
climate environments within mountainous areas. The
simulation of virtual species successfully certified the
heterogeneous climate environments present in the study
area. The use of these high-resolution climate datasets is
deemed appropriate for addressing issues pertinent to
SDM studies, as they provide a more nuanced
representation of climatic conditions across complex
terrains.

The spatial resolution of future climate datasets
derived from GCMs typically stands at 5 x 5 km?, which
may not be sufficiently detailed to accurately capture the
heterogeneous climate environments characteristic of
mountainous regions. To address this limitation, this
study employed a statistical method developed by Liao et
al. (2023) to downscale future climate datasets from five
GCMs to a finer resolution. The resulting downscaled
future climate datasets, with a spatial resolution of 50 x
50 m?, demonstrate clear reliability for predicting the
future distribution ranges of virtual species within these
complex terrains. This statistical approach confidently
enables the generation of high-resolution historical and
future climate datasets, thereby offering significant
potential for application in other mountainous areas
where capturing fine-scale climatic variations is crucial.

Performances and characteristics of algorithms

The virtual species approach serves as an effective
tool for exploring the predictive accuracy of various
algorithms. The TSS and the AUC, evaluated through
split-sample validation, are frequently utilized metrics for
assessing model accuracy. However, it is important to
note that while TSS and AUC provide insights into a
model's discrimination capacity, they may not fully
reflect the actual predictive ability of SDMs. Specifically,
these metrics tend to present overly optimistic evaluations
of model performance, particularly when predictions are
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made under current conditions and even more so when
projected into future scenarios (Santini et al., 2021). In
this study, we observed that the TSS and AUC values for
eleven different algorithms were predominantly close to
or exceeded 0.8, except in cases where the sample size
was limited to five (Fig. 3 and S3). Despite these high
values, it is crucial to recognize that elevated TSS and
AUC scores do not necessarily ensure accurate
predictions of species' potential distributions. Indeed, our
analyses revealed that the TSS and AUC values exhibited
only minor variations across the different algorithms
tested. Consequently, these metrics alone may not be
sufficient for adequately presenting the performance of
SDMs.

The results demonstrate that despite high TSS and
AUC  wvalues, significant  overestimation  or
underestimation persists in the predicted distribution
ranges of virtual species. To address this limitation, our
study proposes the ESP metric for assessing model
performance. Within mountainous regions—where
complex topography drives exceptionally heterogeneous
climates—the combination of virtual species and the ESP
index establishes a robust predictive benchmark for
evaluating real species’ potential distributions. This
approach not only clearly delineates algorithmic
predictive capabilities with superior effectiveness
compared to TSS and AUC but also achieves critical
advantages unattainable through traditional metrics: it
effectively detects species distribution ranges while
precisely quantifying how survey point quantity,
unbiased point distribution, and algorithm selection
impact model predictions. Furthermore, it reveals explicit
alignment between model outputs and species
distributions shaped by climatic gradients. Notably, when
applied to ensemble models, this method yields
exceptionally low omission and commission errors (Fig.
5).

Despite its advantages, the ESP's effectiveness is
notably compromised by small sample sizes. Our
analyses reveal that five sample points represent a critical
limitation for model predictions, as the ESP values
consistently fall below 0.45 across all evaluated
algorithms. Furthermore, the ratios of false presence and
false absence are particularly pronounced when the
sample size is limited to five. Consequently, it is evident
that a small sample size significantly diminishes the
accuracy of algorithm performance.

By incorporating the ESP into the evaluation
framework, researchers can obtain a more comprehensive
understanding of how well their models predict not just
the presence or absence of a species, but also the spatial
extent of its suitable habitat. This additional layer of
analysis complements existing metrics and offers
valuable insights into the reliability of species distribution
models, especially when dealing with complex ecological
datasets involving multiple species or environmental
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variables. Thus, the use of the ESP alongside other
standard measures enhances the robustness of ecological
modeling efforts and contributes to more informed
decision-making in environmental management contexts.

Future distribution range of species

Our analysis has revealed that climate change exerts
distinct influences on climatic environments across
different regions, thereby eliciting varied responses
among the five virtual species under consideration.
Climatic projections for coastal areas suggest a shift
towards higher temperatures and reduced precipitation
levels by the middle to late 21st century. Consequently,
the future climatic conditions in coastal zones are
anticipated to resemble those currently observed in inland
areas. Species that are presently distributed within inland
regions or on the leeward slopes of our study area are
expected to expand or relocate their distribution ranges
towards coastal areas in response to these climatic shifts.
Conversely, species currently inhabiting coastal regions
or mountain ridges are projected to experience range
contractions or even local extinctions. This is primarily
due to the limited potential for these species to track
suitable climatic conditions within the study area under
ongoing climate change. The divergent responses
exhibited by various virtual species in our study clearly
correlate with their specific climatic requirements.
Species adapted to cooler and wetter conditions, typical
of current coastal climates, may struggle to find suitable
habitats as these environments become warmer and drier.
In contrast, species accustomed to the more temperate
conditions of inland areas might benefit from the shifting
climatic patterns, potentially expanding their ranges into
previously unsuitable territories. Thus, our findings
underscore the critical role that climatic preferences play
in determining species' adaptive capacity and
distributional shifts under climate change. These insights
highlight the necessity for tailored conservation strategies
that account for the unique vulnerabilities and adaptive
potentials of different species in the face of global
environmental changes.

The differing responses of virtual species to climate
change provide a foundational understanding for studying
the potential fates of real plant species. Several of our
study species, including Be. japonica, Br. sinensis, E.
japonica, M. taiwanensis, R. nakaharai, and R.
pseudochrysanthum, are at risk of local extinction. These
six species have suitable ranges primarily located in

coastal areas or on windward slopes near mountain ridges.

Other species, such as D. conjugata, Sa. tristyla var.
oldhamii, Sp. lepifera, and grassland are projected to
experience range restrictions by the middle or end of this
century. The suitable range for grassland is widely
distributed along mountain ridges, whereas the three
species (Sa. tristyla var. oldhamii, Sp. lepifera, and D.
conjugata) are found across both leeward and windward
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slopes. Interestingly, only two species, F. fistulosa and L.
speciosum, are expected to expand their distribution
ranges under climate change. It is reasonable to predict
that F. fistulosa will expand its suitable range due to its
current wide distribution within the study area. However,
the anticipated expansion of L. speciosum is somewhat
surprising. Historically, L. speciosum was widespread in
the lowlands of northern Taiwan but has suffered from
extensive collection for trade or cultivation since the last
century. Consequently, its population size has
significantly diminished in northern Taiwan, with only a
few scattered individuals remaining within the study area
today. Due to human influences, the current distribution
of L. speciosum largely avoids environmentally suitable
areas, occupying only a fraction of its fundamental niche
within the study area. This suggests that the absence of
the species from suitable habitats is driven by artificial
factors rather than climatic suitability. As noted by Elith
et al. (2011), the presence records used in modeling may
reflect these anthropogenic absences, which can be
projected by algorithms. Furthermore, the predicted range
expansion of L. speciosum by the middle or end of this
century indicates that if a rare or endangered species is
not threatened by climate change but rather by human
activities, it may not face extinction under future climatic
conditions.

Our projections highlight critical priorities for
biodiversity management under climate change in
northern Taiwan. Furthermore, within this study region,
species primarily suited to windward slopes are projected
to experience continued range contraction due to climate
change, while those thriving on leeward slopes are highly
likely to expand their distribution ranges. For species at
high risk of local extinction (e.g., Be. japonica, Br.
sinensis, R. nakaharai), which have suitable ranges
primarily located in coastal areas or on windward slopes
near mountain ridges, conservation efforts must prioritize
in situ protection of these habitats, coupled with urgent ex
situ measures like seed banking and assisted migration to
climatically stable refugia. Species facing range
restrictions (e.g., D. conjugata, Sp. lepifera, Sa. tristyla
var. oldhamii), found across both leeward and windward
slopes, require habitat corridors to facilitate natural
dispersal and adaptive management of these slope
ecosystems. Conversely, projected range expansions (e.g.,
F. fistulosa) offer opportunities for proactive habitat
restoration in newly suitable areas. Notably, L.
speciosum’s paradox—predicted expansion versus
anthropogenic decline—emphasizes that human-driven
threats (e.g., illegal collection) may override climatic
suitability. Thus, while SDMs identify climatically
vulnerable species and patterns like slope aspect
vulnerability, they also reveal cases where targeted policy
interventions  (e.g.,  anti-poaching  enforcement,
reintroduction programs) could enable populations to
reclaim suitable habitats. Integrating these projections
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with threat assessments will prioritize actions: protect
refugia for climate-sensitive endemics (especially on
vulnerable windward slopes), mitigate non-climatic
pressures for "climate-resilient" species like L. speciosum,
and monitor areas of potential range shift (particularly
leeward slopes for expanding species) for -early
intervention.

Niche study

In complex mountainous terrain, climatic
heterogeneity creates intricate species niche-geographic
distribution relationships, posing dual challenges for
traditional SDMs: global climate datasets (e.g.,
WorldClim) inadequately resolve micro-topographic
gradients, while methodological limitations hinder
differentiation of true niche requirements from sampling
bias. To address this, we implement a virtual species
framework—Ileveraging the R virtualspecies package
(Leroy et al., 2016; Qiao et al., 2016)—to establish a
verifiable benchmark that precisely delineates niche-
distribution dynamics and supports endangered species
conservation. Grounded in niche theory (Hutchinson,
1957), we employ PCA to reduce dimensionality,
identifying six key climatic variables (Tmean, Tsmr,
Twnt, Tdif, Psmr, Pwnt) that define multidimensional
niche space and quantify gradients (e.g., coastal-inland,
windward-leeward). Within this space, five virtual
species representing distinct niches (e.g., PCA center =
ridge windward, PCA edge = inland leeward) were
generated using response functions ensuring geographic
distribution diversity (Figs. 1 and S1). These virtual
niches provide critical benchmarks for real species:
anthropogenic disturbance has skewed L. speciosum's
current distribution, yet models reveal its climate-driven
expansion potential, guiding conservation targeting; for
endangered M. taiwanensis, predictions signal range
contraction to coastal/windward refugia, serving as an
extinction early-warning; while for expansion-prone
species like F. fistulosa, strategies prioritize ecological
corridor establishment. This PCA-based approach,
integrating high-resolution gridded climate datasets with
virtual species construction, confidently defines
fundamental niches at landscape scales, explicitly linking
climatic demands to geographic distributions. The
transferable framework enhances conservation strategy
efficiency in global mountain ecosystems by resolving
microclimatic complexity and predicting climate-change
impacts on biodiversity.

Evaluating Modeling Practices against the GMP
framework
GMP (Good Modeling Practices) refers to a set of
assessment principles for evaluating the modeling
process, primarily focusing on aspects such as model
purpose, problem scoping, model formulation and
evaluation, and model application (Jakeman et al., 2024).
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This study developed high-resolution contemporary
meteorological data layers to analyze the potential
distribution ranges of mountain species. By creating
virtual species and mapping their geographical
distributions in mountainous areas, the feasibility and
reliability of the high-resolution meteorological data were
validated with considerable confidence. Based on the
contemporary high-resolution meteorological data, future
climate data layers were constructed to assess the future
distribution trends of the virtual species. After model
evaluation, the future distribution trends of the virtual
species aligned with findings from other studies (Ackerly
et al., 2020; HamadAmin and Khwarahm, 2023; Liao et
al., 2023; Xu et al., 2021; Yin et al., 2022; Zhu et al.,
2018). The results from the virtual species demonstrated
that the high-resolution contemporary and future climate
data layers could adequately capture the steep climatic
variation trends in complex mountainous terrains, with
moderate validation achieved.

Building on this, the current potential distribution
ranges and future distribution shifts of real species were
evaluated. The results indicated that common species are
highly likely to expand their distribution ranges, while
most of rare species face extinction risks. However, one
exception was noted: species whose population declines
are due not to climatic conditions but to human
disturbances may have a high probability of population
recovery if appropriate conservation measures are
implemented in the future. The study area covers the
entire Yangmingshan National Park, and the findings can
provide effective and rational conservation information to
support administrative decision-making. The modeling
process in this study incorporated factors related to
human disturbance, avoiding preconceived notions about
the extinction risks of rare species, and striving to achieve
the goals of GMP to deliver valuable conservation
insights.

CONCLUSION

This study demonstrates the utility of virtual species
as an effective methodological tool for three critical
applications: 1) verifying the accuracy of high-resolution
climate data reflecting climatic heterogeneity in
mountainous regions, 2) evaluating the characteristics of
algorithms employed in ecological modeling, and 3)
establishing benchmark for assessing both contemporary
potential distribution ranges and future range shifts of real
species. The use of real landscapes in virtual species
studies offers distinct advantages by enabling direct
correlation between explanatory environmental variables
and observed geographical distribution patterns. Our
analyses revealed that ensemble modeling outperformed
eleven alternative algorithms in capturing the complex
processes linking climatic requirements with species'
geographical distributions. This approach proved



2025

particularly effective for predicting potential ranges of
rare or endangered species, demonstrating its practical
conservation value. Notably, ensemble modeling
achieved optimal predictive accuracy when applied with
adequate sample sizes, highlighting the critical

relationship between data quality and model performance.

The evaluation metric ESP emerged as more reliable than
traditional measures (TSS and AUC) for assessing model
accuracy, particularly when modeling rare or endangered
species  exhibiting scattered or elevation-biased
distributions in mountainous terrain. Our findings
empirically demonstrate that such distribution patterns in
mountainous regions can generate either expansive or
constrained potential geographical ranges, depending on
species-specific ecological requirements. These results
underscore the necessity of implementing robust
sampling strategies to ensure ecologically meaningful
predictions. Virtual species studies provide essential
baselines for evaluating predicted contemporary and
future distribution ranges of real species under climate
change scenarios. Our research emphasizes the critical
importance of long-term monitoring programs for both
validating model predictions and tracking species-
specific responses to evolving climatic conditions. For
species projected to undergo range expansions, these
findings present novel opportunities for ecosystem
restoration initiatives, necessitating the development of
adaptive management strategies that explicitly
incorporate future climate projections. This research
makes significant contributions to ecological modeling
by demonstrating the superior performance of ensemble
methods and emphasizing the importance of
incorporating multiple environmental predictors in
distribution modeling. Future studies should build upon
these findings to develop comprehensive strategies that
address the complexities of species-environment
interactions while promoting sustainable ecosystem

management. Through continued methodological
advancements and enhanced collaboration among
researchers, practitioners, and policymakers,

conservation planners can design more effective
protected area networks and management strategies for
mountain ecosystems. This approach provides crucial
scientific support for biodiversity conservation efforts in
an era of rapid climate change.
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