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INTRODUCTION

Recently, climate change has begun to influence the 
distribution of species in space and time (Kelly and 
Goulden, 2008; Pederson et al., 2015), and these spatial 
and temporal changes in the distribution of species sig-
nificantly affect ecosystems (Walther et al., 2002; Thuiller 
et al., 2006).  To assess the potential impact of climate 
change, empirical and mechanistic models are commonly 
used.  Mechanistic models use physiological or ecologi-
cal knowledge to model the potential distribution of spe-
cies under a set of environmental conditions, including 
competition and establishment amongst others.  However, 
mechanistic models are based on coarse classification 
trees with heavy parameterization of variable relation-
ships (Ahlström et al., 2015; Case and Lawler, 2016).  
Results from mechanistic models are typically based on 
plant functional types (PFTs), which are not enough to 

establish conservation plans or management efforts 
(Adams et al., 2004; Sato et al., 2007).  Thus, empirical 
modeling is an effective tool for modeling target species 
(Park et al., 2016). 

SDMs are one of the most efficient types of empirical 
models for understanding the potential impact of anthro-
pogenic activities, as well as natural changes, on species 
distribution (Elith and Leathwick, 2009).  In SDMs, 
presence data play an important role as the fundamental 
concept of SDMs is based on the niche of a species within 
a range of environmental parameters (Beale and Lennon, 
2012).  Most studies use presence data obtained from the 
literature or from field surveys owing to logistical and 
financial constraints.  However, without precise presence 
data, there is no guarantee of the accuracy of the poten-
tial distribution of target species predicted by SDMs 
(Hannemann et al., 2016). 

SDMs consist of complex procedures that can intro-
duce errors (Araújo and Guisan, 2006; Wiens et al., 2009).  
For example, models run with different sample sizes can 
have different results (Hernández et al., 2006), even 
under the same environmental conditions.  If a sampling 
method is not properly designed and samples properly 
selected, the reliability of SDM results decreases (Hirzel 
and Guisan, 2002).  Sampling method is an important fac-
tor that affects the performance of SDMs (Zimmermann 
et al., 2010); generally, it employs random sampling of 
combined datasets.  A few studies have examined how 
samples are selected from vegetation datasets (Shiver 
and Borders, 1996; Mandallaz, 2008), but sampling from 
these datasets has different requirements than sampling 
from animal datasets does since vegetation cannot easily 
move between habitats in response to environmental 
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changes.  Thus, various sampling methods, sample sizes, 
and type of SDMs should be carefully evaluated when 
conducting species distribution modeling on vegetation. 

This study had two main objectives: first, to deter-
mine an effective sampling method and sample size for 
modeling the species distribution of Korean red pine 
(Pinus densiflora) and second, to examine how sam-
pling method and sample size affect the performance of 
each type of SDM.  Finally, we discussed the implications 
that changes in sampling method, sample size, and 
choice of SDMs have on model performance when apply-
ing SDMs to vegetation.

MATERIALS AND METHODS

We conducted our study in South Korea (Fig. 1).  
More than 60% of South Korea consists of forest cover, 
which ranks it fourth for total forest area of the OECD 
countries (OECD, 2011).  Most of the forested areas are 
in northeastern and southern South Korea on high moun-
tains.  Forests in South Korea consist of evergreen nee-
dle–leaved coniferous forests, deciduous broad–leaved 
forests, and mixed forests, representing 38%, 33%, and 
28% of total forest area, respectively (Korea Forest 
Service, 2016). 

We selected Korean red pine (Pinus densiflora) as 
the target species.  This tree is an important species both 
ecologically and culturally.  Korean red pine usually pre-
fers areas below 1300 m altitude with high amounts of 
radiation.  Moreover, almost 95% of the needle–leaved 
coniferous forest in South Korea are made up Korean red 
pine.  Therefore, modeling the distribution of Korean red 
pine is directly related to understanding the potential 
interaction between environmental changes and forest 
ecosystems.

We selected 360,000 natural Korean red pine forest 

stands from a 1:5000 forest inventory map from the Korea 
Forest Service (KFS).  The minimum size of natural for-
est stands was 0.5 ha, and the minimum forest density 
was 10% forest cover.  In the forest inventory map, a for-
est type was classified—using data from field surveys 
and aerial images—if a forest stand consisted of one spe-
cies with a minimum coverage of 75% which resulted in 
44 forest types. 

We compared 3 sampling methods: random sam-
pling, stratified sampling, and area–weighted sampling 
(Fig. 2).  Using 1:5000 forest inventory map, natural for-
ests and artificial forests were divided according to a 

Fig. 1.  �The distribution of Korean red pine (Pinus densiflora) in 
South Korea.

Fig. 2.  �Study design for evaluating the effect of sampling method, sample size, and species distri-
bution model type on predicted distributions.
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land registration map, afforestation and reforestation 
map, aerial photos and field survey data by KFS (Korean 
Forest Research Institute, 2012).  To measure the influ-
ence of sample size on SDMs, we first selected a random 
point in a forest stand of the same age, density, and diam-
eter class as a Korean red pine stand.  Then, we col-
lected either 30, 50, 100, 200, 500, 1000, or 3000samples 
from the randomly made sample point with ArcGIS 10.1.  
For the random sampling method, we randomly selected 
sample points within the previously created sampling 
area.  For stratified sampling, we selected samples from 
strata based on the proportion of each climatic zones in 
each area.  Area–weighted sampling was conducted by 
selecting points from the largest area stands in decreas-
ing order until the number of samples equaled the num-
ber of points selected.  For example, if we collected 
30 samples, we took one each from the 30 largest Korean 
red pine stands.

We used four environmental coverages—vegetation, 
climate, topography, and soil (Table 1)—in the SDMs.  
Vegetation data were based on a 1:5000 detailed forest 
map from the KFS.  Forest age, type, and density were 
collected for each forest stand.  Climate data were 
derived from the Korea Metrological Administration 
(KMA), and all climate datasets were statistically down-
scaled to a 1 km resolution.  From the monthly tempera-
ture and precipitation data, we generated 19 bioclimatic 
variables averaged over 10 years, from 2001 to 2010, to 
match the WorldClim database (Hijmans et al., 2005).  
We also constructed a warmth index (WI) and a cold-
ness index (CI), which are considered efficient indica-
tors for monitoring interactions between climate and 
species distribution (Kira 1945; Yim 1977) (Equations 1, 
2).  The WI was calculated for months in which the tem-
perature (t) was greater than 5˚C, and the CI was calcu-
lated for months in which the temperature was less than 
5˚C.  We used climate zone data derived from KFS for 
selecting strata for the stratified sampling method.

Warmth index ( WI) = Σ ( t – 5)		  (1)

For months in which t > 5˚C

Coldness index ( CI) = – Σ ( 5 – t)		  (2)

For months in which t < 5˚C

Topographical layers included altitude, slope, and 
aspect.  These datasets were derived from digital eleva-
tion models (DEMs) from the National Geography 
Information Institute (NGII).  A land cover map from 
the Ministry of Environment (ME) was used to extract 
land cover data.  Distance from water and distance from 
the sea (Schulze et al., 2005) were calculated using 
Euclidian distance.  Soil depth and soil organic matter 
content in the A–horizon were extracted from a Korean 
soil forest map (Brady 2008).  All environmental data 
were resampled with 1 km by 1 km resolution for mode-
ling with the ArcGIS resampling tool.  Environmental 
variables which have discrete characteristics were resa-
mpled using the nearest algorithm.  Other environmen-
tal variables were resampled using bilinear resampling 
methods.

The package Biomod2 (version 3.1.64) in R (version 
3.1.2) was used to model the distribution of Korean red 
pine (Thuiller et al., 2009; R Core Team 2014), which 
enabled us to run 10 cutting–edge species distribution 
modeling techniques to describe and model the relation-
ships between Korean red pine and its environment.  
Biomod2 uses the ecological niche of a particular spe-
cies based on environmental variables, such as tempera-
ture, precipitation, and altitude, to project potential 
habitat based on current or future environmental varia-
bles (Thuiller et al., 2015).

There are two categories of SDMs: statistically–based 
models and machine learning–based models (Table 2).  

Table 1.  List of environmental variables

Category Variables Data type Resolution Source

Vegetation Forest Type Feature
(SHP)

1:5000 Korea Forest Service

Topography Altitude Raster
(TIFF)

30 m National Geography
Information Institute

Slope

Radiation Ministry of Environment

Distance from water

Distance from sea

Soil Soil Depth Feature
(SHP)

1:25000 Korea Forest Service

Soil Organic Matter Content in Layer A

Climate Warmth index Raster
(TIFF)

1 km 
× 1 km

Korea Metrological Administration

Isothermality

Min temperature of coldest month

Precipitation of wettest month

Precipitation of driest month

Climate Zone 30 m Korea Forest Service
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Generalized linear models (GLMs), generalized additive 
models (GAMs), and multivariate adaptive regression 
splines (MARS) are all statistically–based models.  
Machine learning–based models include the generalized 
boosted regression model (GBM), classification tree 
analysis (CTA), artificial neural network (ANN), a recti-
linear envelope similar to BIOCLIM (SRE), flexible dis-
criminant analysis (FDA), random forest (RF), and max-
imum entropy (MAXENT).  Of these, 8 models were 
used for the analysis (the SRE and MARS models were 
excluded as they cannot handle categorical variables).

We conducted a correlation analysis in R to identify 
auto–correlation among the environmental variables, 
which were selected with respect to multi–collinearity.  
If Pearson correlation coefficients were larger than 0.7, 
we removed relevant variables from the list (Dormann et 
al., 2013).  We also conducted a literature review to 
select variables potentially important for the distribution 
of Korean red pine (Takahashi and Okuhara 2012; Park 
et al., 2016; Nakao et al., 2014).

To analyze the performance of SDMs, we used the 
area under the receiver operating characteristic (ROC) 
curve.  The ROC curve is an effective method to deter-
mine the relationship between the false positive fraction 
(1–specificity) and the sensitivity for a range of thresh-
olds.  A good model has a curve that maximizes sensitiv-

ity for low values of 1– specificity (Neovius et al., 2004).  
The area between the 1:1 line and the curve represents 
the performance of the model, and this value is called 
the area under the curve (AUC).  Additionally, AUC is an 
effective model evaluation index and is independent of 
prevalence (Franklin 2010a).  We considered AUC val-
ues between: 0.9–1.0, excellent; 0.8–0.9, very good; 0.7–
0.8, good; 0.6–0.7, average; and 0.5–0.6, poor (Hansson 
et al., 2005).  An analysis of variation (ANOVA) was con-
ducted using SPSS 18.0 to test the differences in AUC 
among the sampling methods and SDMs (SPSS Inc 2009).

RESULTS AND DISCUSSION

Sampling method caused differences in model per-
formance (Table 3).  The area–weighted sampling method 
performed better than the stratified sampling and ran-
dom sampling methods.  The average AUC value for mod-
els based on area–weighted sampling was 0.777, which 
was considered good, while stratified sampling and ran-
dom sampling had AUC values of 0.663 and 0.622, respec-
tively, and were thus considered average.  Additionally, 
area–weighted sampling demonstrated stable perfor-
mance, even across different sample sizes, as shown by 
the standard deviation of model performance.

The distribution of samples exhibited different spa-

Table 2.  �Characteristics of 8 species distribution models and their relative performance (revised from tables in (Franklin 2010b; Thuiller 
et al., 2010; Kim et al., 2015))

Category Model Characteristics Performance

Statistical Generalized linear model (GLM) Flexible mordern regression models Effective global modeling methods

Gernerlized additive model (GAM) Multiple regression but with curve 
fitting splines or other methods

Performs slightly better than GLM

Machine 
learning 
based

Artifi1cial neural network (ANN) Nonlinear model 
Using concept of artificial neural 

network

Performance sometimes worse than 
statistical model

Maximum entropy algorithm 
(MAXENT)

Nonlinear model Using concept of 
maximum entropy Validated by ROC 

curve

Perfoms well in data–poor situation

Random forest (RF) Estimate a large numver of tree models 
based on subset of data and averaging 

result

Ensemble of decision tree have good 
performance

Generalized boosted regression model 
(GBM)

Flexible Discriminant Analysis (FDA) Classification based on mixture models –

Classification tree analysis (CTA) Divisive model Single decision trees performs poorly

Table 3.  �Average performance (AUC) of SDMs by sampling method for all sample sizes and SDM types as deter-
mined by an analysis of variance

Sampling
methods

Average AUC
Standard
deviation

F–Value1 Post–Hoc Analysis2

Random
sampling

0.622 0.050

1436.904

Random Sampling
< Stratified sampling, Area–weighted sampling

Stratified
sampling

0.663 0.070 Stratified Sampling > Random Sampling
Stratified Sampling < Area–weighted Sampling

Area–weighted
Sampling

0.777 0.087 Area–weighted sampling >
Random sampling, Stratified sampling

1 * P<0.0001, 2 Games–Howell test. P<0.05
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tial patterns based on sampling method (Fig. 3).  In the 
random sampling method, the samples were dispersed in 
an area distant from the primarily mountainous areas of 
South Korea.  However, samples that were selected using 
area–weighted sampling were located near these moun-
tainous areas.  These differences resulted in varying per-
formance among the sampling methods.  We also found 
that models employing random sampling did not perform 
well compared to those using stratified sampling, which 
is consistent with previous studies (Hirzel & Guisan, 
2002).

When we analyzed the altitude of each collected sam-
ple by sampling method, we found that the area–weighted 

sampling method showed a different altitude distribu-
tion than the random sampling and stratified sampling 
methods did.  Anything from 0–500 m altitude was con-
sidered to be a suitable habitat for Korean red pine (Lee 
and Jo 2003).  The area–weighted sampling method 
showed 88% of its samples within this 0–500 m range, 
while the random sampling and stratified sampling 
methods had 80% and 79% of their samples within this 
range, respectively.  This difference led us to include the 
ecological preferences of Korean red pine which can 
affect model performance.   

Sample size causes differences in modeling perfor-
mance in all sampling methods (Table 4).  Because of 

Fig. 3.  �Distribution of samples used in species distribution models by sampling method.  Each method was used 
to select 500 samples.

Table 4.  �Average performance of SDMs by sample size (AUC) and ANOVA result in all SDMs

Sampling 
methods

Sample
size

Average
Standard 
deviation

F–Value1 Post–Hoc Analysis2

Random
sampling

30s 0.610 0.121

40.991

30s < 200s, 500s, 1000s, 3000s ; 30s > 100s
50s 0.585 0.089 50s < 200s, 500s, 1000s, 3000s

100s 0.570 0.066 100s < 30s, 100s, 200s, 500s, 1000s, 3000s
200s 0.642 0.066 200s > 30s, 50s, 100s

500s 0.643 0.052 500s > 30s, 50s, 100s

1000s 0.648 0.046 1000s > 30s, 50s, 100s

3000s 0.653 0.043 3000s > 30s, 50s, 100s

Stratified 
sampling

30s 0.624 0.104

24.149

30s < 100s, 200s, 500s, 1000s, 3000s
50s 0.639 0.075 50s < 200s, 500s, 1000s, 3000s

100s 0.660 0.071 100s > 30s; 100s < 200s, 3000s
200s 0.681 0.058 200s > 30s, 50s, 100s

500s 0.669 0.051 500s > 30s, 50s; 500s < 3000s

1000s 0.675 0.045 1000s > 30s, 50s; 1000s < 3000s

3000s 0.693 0.043 3000s > 30s, 50s, 100s, 500s, 1000s

Area–
weighted 
sampling

30s 0.762 0.129

4.633

30s < 200s 
50s 0.779 0.116 –

100s 0.786 0.083 100s > 3000s
200s 0.798 0.077 200s > 30s, 1000s, 3000s

500s 0.782 0.058 500s > 3000s

1000s 0.775 0.060 1000s < 200s
3000s 0.760 0.045 3000s < 200s, 500s

1 * P<0.0001, 2 Games–Howell test. P<0.05
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ANOVA, AUC value significantly increased as sample 
size increased in random sampling and stratified sam-
pling.  But in area–weighted sampling, the AUC value did 
not significantly increase as sample size increased.

We found that sample size is a critical factor in 
deciding the reliability of species distribution modeling.  
Generally, a larger sample size increased model perfor-
mance (Wisz et al., 2008; Moudrý and Šímová 2012).  
However, our result showed that as the sampling size 
increased, the AUC of a given model did not respond in 
linear form (Table 5).  As sampling size increased, the 
correlation coefficient decreased in log form.  Thus, 
increases in sampling size after a certain number, which 
was 200 samples in this study, do not increase model 
performance significantly.  When sample size increases, 
the standard deviation of environmental variables also 
increases.  This could cause a different ecological niche 
that decreases model performances. 

We analyzed the model performance of different 
SDMs.  Average AUC values were higher than 0.7, except 
for ANN, and AUC values for the GAM, RF, GLM, GBM, 
and GAM models were higher than 0.8.  The RF and 
GBM models performed well with AUC values of 0.839 
and 0.838, respectively, most likely due to the similari-
ties in the algorithms of these two models.  Conversely, 
the AUC for ANN was the lowest of the 8 SDMs (AUC = 
0.657).  ANN, CTA, and MAXENT models failed in sev-
eral cases (Fig. 4).

The differences among the 8 SDMs were significant 
(P < 0.0001; Table 6).  In the post–hoc analysis, the dif-
ferences between some of the models were not signifi-
cant, e.g., the differences between RF and GBM were 
not significant, and there were no significant differences 
among FDA, GAM, and GLM.  However, the ANN, CTA, 
and MAXENT models differed significantly from other 
SDMs. 

We found that the similarities between the model 
algorithms led to similar levels of performance from 
these models.  We found that decision tree–based mod-

els (GBM, RF) with ensemble had benefits for modeling 
the potential distribution of Korean red pine compared 
to a single decision tree model (CTA).  The GBM and RF 
were both designed to resolve problems with them 
which were the greedy characteristics of the algorithm 
(C. Park and Kyong 2003) and the fact that they are 
over–sensitive to the training data set.  Statistical mod-
els (GAM, GLM) showed performed well.  As the GAM 
allows for more flexible interaction between variables as 
functions for GAM can be parametric, non–parametric or 
splines, the average performance of GAM showed 0.06 
higher than GLM but the difference was not significant.  

Table 5.  �Standard deviation of environmental variables in each sampling size (Area–weighted sampling)

Environmental Variables*
Number of Samples in Area Weighted Sampling

30 50 100 200 500 1000 3000

Altitude 141.806 152.128 147.236 163.092 163.467 169.976 180.745

Slope 9.679 8.845 8.409 8.892 9.174 9.426 9.551

Radiation 159.601 164.217 165.517 153.93 146.244 391.282 297.291

Distance from water 827.105 743.953 764.29 738.759 807.033 826.316 847.709

Distance from sea 21,112.97 20,960.28 21,147.27 20,613.09 21,549.58 22,184.47 23,109.21

Soil Depth 80.918 86.526 84.167 83.048 86.047 89.189 91.159

Warmth Index 8.887 9.033 10.243 12.271 12.533 14.52 14.997

Isothermally 1.214 1.417 1.415 1.485 1.607 2.565 2.113

Min temperature of Coldest month 1.46 1.424 1.786 2.077 2.149 2.309 2.451

Precipitation of Wettest month 71.568 68.176 66.438 63.386 65.737 71.361 68.775

Precipitation of driest month 3.848 4.104 3.859 3.946 3.877 3.784 3.653

*Categorical variables are excluded

Fig. 4.  �Box–whisker plot of the performance (AUC) of 8 species 
distribution models based on the area–weighted sampling 
method for all sample sizes.  (To see the results for all sam-
pling methods and sizes, please see Supplementary Fig. 
1–3.)
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The ANN results showed poor performance as the ANN 
model may lead to overfitting of the data set, which can 
negatively impact results (Tu 1996). 

CONCLUSION

We found that the area–weighted sampling method 
was an effective tool for applying SDMs to Korean red 
pine.  In addition, we found that selecting suitable sample 
sizes for SDMs can save time and resources in gathering 
presence data.  In developing countries, a surveying pres-
ence dataset throughout the country requires an enor-
mous amount of time and effort.  If we can apply effec-
tive sampling methods and determine effective sample 
sizes as demonstrated by this study, we can estimate 
potential species distribution under recent climate 
change in time to make adaptation plans to protect eco-
system. 

Many kinds of SDMs are used for modeling species 
distributions.  Due to the complexity of these models, it 
is important to understand the uncertainties inherent in 
each model.  Recent studies (Case and Lawler 2016; Hill 
et al., 2017) have used two–stage modeling or hybrid 
modeling techniques to overcome these uncertainties.  
Species niches may affect model performance because 
the variation in climatic and environmental variables 
interact differently (Buisson et al., 2010).  Additionally, 
most models, except Maxent, use pseudo–absence data; 
thus, true absence data should also be carefully exam-
ined.  Using environmental factors in SDMs requires fur-
ther study, as we do not comprehensively understand 
the interactions among these factors in the context of 
models.  These uncertainties can then cause uncertain-
ties in policy and the decision–making process during 
planning and conservation.
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Supplementary Fig. 1.  �The performance of SDMs by sampling size (random sampling; x–axis: AUC, y–axis: 
sample size)
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Supplementary Fig. 2.  �The performance of SDMs by sampling size (stratified sampling; x–axis: AUC, y–axis: 
sample size) 
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Supplementary Fig. 3.  � The performance of SDMs by sampling size (area–weighted sampling; x–axis: AUC, y–
axis: sample size)




