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A B S T R A C T

Pine wilt disease (PWD) is one of the most serious conifer diseases, with further expansion expected under
ongoing climate change. Sustainable forest management and effective pest control of pine forests therefore
requires rigorous exploration of potential PWD risk areas under current and future climate conditions. To predict
potential PWD risk areas in Japan, we constructed an inhomogeneous Poisson point process (IPP) model, which
allows the use of strongly biased data. We examined both current and near-future climatic conditions
(2026–2050, five general circulation model under two representative concentration pathways [RCPs]).
Occurrence data were obtained on three different spatial scales (national, regional and local) along with eight
bioclimatic variables. The resultant model was able to correct the data bias caused by using these three different
data sources and showed high predictive power as follows: (1) potential risk areas will increase more than the
current PWD distribution; (2) mean annual temperature will have the highest effect of the eight predictor
variables; (3) high-risk areas will expand northwards and/or upwards in the near future, at a maximum of ca.
+58.6% under RCP 8.5 and a minimum of ca. +15.9% under RCP 2.6 and low risk areas will decrease. The
high-resolution PWD risk maps created with the IPP model will therefore aid future pest control and forest
management strategies at local, regional, and national scales.

1. Introduction

Biodiversity degradation in forest ecosystems as a result of non-
native pathogens has received a lot of attention from forest managers
worldwide (Ellison et al., 2005; Gibbs and Wainhouse, 1986; Loo,
2009). Damage occurs to dominant and/or widely distributed tree
species from diseases such as Dutch elm disease and chestnut blight.
They can drastically change the landscape and cause serious economic
damage through deterioration of timber and increased pest control and
forest management costs (Anagnostakis, 1987; Brasier, 2001; Dutech
et al., 2012). To prevent the pandemic spread of focal pathogens, it is
crucial to identify potential risk areas and prevalence status because it
can help with not only understanding the underlying pathological
mechanisms, but also in providing useful information for strategic and

tactical management (Venette et al., 2010). Climate change has also
been regarded as a prominent cause of forest disease outbreaks in re-
cent decades (Millar and Stephenson, 2015; Seidl et al., 2017; Wong
and Daniels, 2017). Thus, it is important to explore potential risk areas
under current climate conditions and the effects of climate change on
outbreak risks in the future for forest management and pest control.

Pine wilt disease (PWD) is a global conifer disease that is spreading
along with globalization (Mota and Vieira, 2008) and its further ex-
pansion as a result of climate change is also a concern (Hirata et al.,
2017; Ikegami and Jenkins, 2018). PWD is caused by an insect-vectored
pathogen, the pinewood nematode (PWN, Bursaphelenchus xylophilus)
(Kiyohara and Tokushige, 1971; Mamiya and Enda, 1972; Morimoto
and Iwasaki, 1972), which is native to North America (de Guiran and
Bruguier, 1989), but has spread to East Asia and Europe (Mota and
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Vieira, 2008). It is considered that a small epidemic in pine forests in
Nagasaki, south-western Japan, in the early 1900s is the first record of
PWD damage in Japan (Mamiya, 1988). However, it has since spread
nationwide, and has since been detected in China and South Korea in
1982 and 1986, respectively (Yano, 1913; Yi et al., 1989; Zhao, 2008),
resulting in ecological as well as economic damage. In 1980, the Ja-
panese government spent more than 35 million USD on disease man-
agement, with the annual budget for a nationwide project reaching
approximately 60 million USD (6 billion JPY) in 1986 (Mamiya, 1988).
Similarly, Korea spent 6.9, 7.8 and 9.5 million USD in 2003, 2004 and
2005, respectively (Shin, 2008). Moreover, although the European
Union restricted import of wood products to prevent PWN invasion, it
was found in Portugal (Mota et al., 1999) and Spain in 1999 and 2008
(Abelleira et al., 2011), respectively. By 2030, it has been predicted that
PWD could spread across 8–34% of Europe (Robinet et al., 2011), with
the cumulative value of lost forestry stock estimated at €22 billion if
PWN is not controlled (Soliman et al., 2012). Thus, this disease has
become one of the most serious forest diseases worldwide (Mallez et al.,
2015; Roques et al., 2015; Vicente et al., 2012).

Due to the threat of PWD, information has been accumulating on
symptom development and outbreak risks. Climatic factors, especially
temperature, are known to have a major impact on PWD (reviewed by
Rutherford and Webster, 1987), with low temperatures inhibiting po-
pulation spread (Dozono and Kiyohara, 1971) and the transmission of
PWN (Jikumaru and Togashi, 2000) as well as delaying the life cycle of
its vectors (Nakamura-Matori, 2008). Several studies have shown a
relationship between temperature and the distribution of PWD. For
example, it has been reported that areas at higher elevations are at
lower risk of PWD because of the decrease in temperature (Ohsawa and
Akiba, 2014). In addition to temperature, water deficits are also
thought to increase the risk of PWD, with an increase in PWD-induced
mortality under water-stress conditions (Ikeda, 1996; Suzuki and
Kiyohara, 1978).

These findings have contributed to risk assessments of PWD and the
creation of hazard maps, which are useful for risk management and
conservation. Using temperature thresholds to predict risk areas has
been the most common method of PWD predictions since the 1970s
(Rutherford and Webster, 1987; Taketani et al., 1975). Moreover, be-
cause this method can be used to predict risk areas on a macro scale, it
has been applied to country- (Robinet et al., 2009), continental-
(Rutherford and Webster, 1987; Soliman et al., 2012), and global-scale
analyses (Hirata et al., 2017). However, predictions based on tem-
perature thresholds are sometimes pointed out that they could be in-
applicable when distribution areas are expanding towards colder re-
gions; therefore, it is difficult to use them in practice (Park et al., 2013).
In addition, this temperature-threshold approach does not allow for the
effects of other factors such as precipitation or interactions among
them. In recent years, species distribution models (SDMs) have become
popular in predicting the potential distribution of pest species and
outbreak risk areas (Lippitt et al., 2008; Peterson and Vieglais, 2001;
Václavík and Meentemeyer, 2009). They are also considered powerful
tools for future projections of geographical changes (Bosso et al., 2017;
Elith et al., 2013; Narouei-Khandan et al., 2017; Shabani et al., 2014).
Presence-background (PB) models, which entail presence and back-
ground (environment for the entire study area) data, are particularly
useful in predicting forest diseases (Bosso et al., 2016; Ikegami and
Jenkins, 2018) because it is often difficult to obtain true absence data in
cases of infectious pathogens. PB models also have been applied to risk
predictions of the PWD (Hirata et al., 2017; Ikegami and Jenkins,
2018).

To manage and control widespread forest diseases such as PWD, it is
necessary for stakeholders in multiple scales including national gov-
ernment and local organizations to be involved. For this purpose, risk
maps produced from the same risk criteria and having enough spatial
resolution and coverage would be crucial because it can contribute to
consistent or harmonious planning of PWD preventions and can make

concordant operations by stakeholders much easier. However, although
the risk areas of PWD have been addressed and predicted, to the best of
our knowledge, there is no previous studies which cover national spa-
tial scales at a fine enough spatial resolution and validate their pre-
dictions at both national- and local- spatial scales.

In this study, we predicted potential PWD risk areas in Japan and
addressed the following questions: (i) how PWD risk areas in Japan are
currently distributed, (ii) how climatic factors are related to PWD risk,
and (iii) how the distribution of risk areas is projected to change in the
near future. To implement these objectives, we combined reliable three
datasets of PWD locations collected by different motivations. Although
geographic location of the PWD occurrence were recorded by several
municipalities and researchers, it is difficult to integrate them due to
strong biases caused by differences in purposes and/or methodology.
Here, we corrected the data biases by constructing an inhomogeneous
Poisson point process (IPP) models (Fithian and Hastie, 2013; Renner
et al., 2015; Renner and Warton, 2013; Warton et al., 2013), which is a
PB method that deal well with data bias (Fithian and Hastie, 2013;
Renner et al., 2015; Renner and Warton, 2013). We then validated the
predicted PWD risk areas including the edge of the distribution at both
national- and regional- spatial scales at a resolution of 1 km. Clar-
ification of above points will aid forest management and the con-
servation of pine forests. It is also expected to provide a better under-
standing of the relationship between PWD risk and multiple climatic
factors and to demonstrate the usefulness of IPP models in assessing
forest disease risks.

2. Materials and methods

2.1. Study areas and distribution data

The Japanese archipelago has been affected by PWD for over a
century. Although PWD has already spread to many areas throughout
Japan, the government and local communities need to continue PWD
control and prevent further invasion. Past studies have evaluated the
geographical range of PWD risk areas in Japan (e.g., Taketani et al.,
1975, Daimaru & Nakamura 2008), these maps have been needed for
revisions on temperature thresholds, based on the further expansions of
PWD or utilizations of updated future climate change scenarios for
practical applications. Seven Pinus species are currently distributed in
Japan: P. densiflora, P. thunbergii, P. luchuensis, P. amamiana, P. pumila,
P. parviflora, and P. koraiensis. All of these species, except P. pumila,
have reportedly been damaged by PWD. Serious damage has been
sustained by P. densiflora, P. thunbergii, and P. luchuensis. PWD has been
expanding towards cooler regions, at higher latitudes and/or eleva-
tions. The Japanese government enacted a law for PWN/PWD control in
1977; however, expansion has accelerated towards northern regions
since the 1980s (Futai, 2008), recently invading all prefectures except
the northernmost major island, Hokkaido. Thus, almost all prefectures
are currently facing problems with PWD control (Nakamura and
Tabata, 2015).

In this study, we collected modeling data on three different spatial
scales (Fig. 1): entire Japan (source 1: national-scale), Iwate Prefecture
(source 2: regional-scale), and Mt. Kirishima (source 3: local-scale).
Iwate Prefecture locates in the almost northernmost distribution area of
PWD and includes northern distribution limit in Japan (Nakamura,
2015), and Mt. Kirishima includes the altitudinal limit of distribution
(Kanetani et al., 2013). In many previous studies (e.g., Forest
Conservation Departmental Meeting of Tohoku Forestry Research
Institute Liaison Council, 2014, Nguyen et al.,2017, Ikegami and
Jenkins, 2018), occurrence of “dead pine trees” within or around a risk
area are considered to be caused by the PWD, however, sometimes
these dead trees could be killed by factors other than the PWD. To
eliminate observer errors and minimize the differences in data quality
among the three datasets, we used occurrence data of PWN-infected
pine trees. These occurrence data were then converted into binary grid
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data with a spatial resolution of ca. 1 km2 (45 × 30 sec.). Infested pine
species used in the datasets were P. densiflora, P. thunbergii, P. lu-
chuensis, and P. amamiana. We did not include differences in PWD
susceptibility among the four species in the analyses aimed at com-
prehensively predicting the PWD risks regardless of availabilities of the
PWD susceptibility information on target Pinus species.

Details of the three different datasets are as follows. The occurrence
data in source 1 covered the northernmost area of PWD distribution in
Japan, Tohoku district, to the southernmost area in the Ryukyu Islands
(also known as Okinawa). Source 1 data were obtained from the ne-
matode culture collection at the Forestry and Forest Products Research
Institute, Japan. In all locations, nematodes were isolated from dead
trees of P. densiflora, P. thunbergii, P. luchuensis or P. amamiana between
1997 and 2017, and morphologically and molecularly identified as B.
xylophilus (Fig. 1).

In source 2, the occurrence data were created form records of PWN
detection trials using dead pine trees (P. densiflora or P. thunbergii)
found in Iwate Prefecture. PWD was first identified in Iwate in 1979,
and the local government has since taken efforts to allow early detec-
tion for effective control. We obtained data for 700 dead pine trees, in
which PWNs were detected between 1986 and 2016. These data were
then converted into binary grid data with a spatial resolution of 1 km2

and 496 occurrence points.
In addition to these 496 occurrence datasets, we also obtained extra

datasets for dead pine trees collected from inland and coastal areas in
Iwate Prefecture. Trees recorded in these datasets were regarded as
PWD-damaged based on visual symptoms and/or cessation of oleoresin
flow; however, the actual occurrence of PWN was not confirmed. The
inland data were recorded in 1635 locations in 2016 (data used for K-
function 1 in Fig. 2), and the coastal data were recorded in 8834 lo-
cations between 2013 and 2017 (data used for K-function 2 in Fig. 2).
Neither dataset was used for model construction; however, they were
used for model validation using the envelope simulation in Ripley’s K-
function (see 2.4. Validation).

The occurrence data in source 3 were collected by Kanetani et al.,
2013 in 2012 from Mt. Kirishima (1700 m a.s.l.) in southern Kyushu,
the southernmost major island of Japan (Fig. 1). This mountain has
high levels of precipitation in summer. Kanetani et al. (2013) recorded
the distribution of dead P. densiflora at altitudes of 400–1200 m and
recorded the locations of 86 dead trees in which PWN was detected.

These 86 locations were converted into 21 grid cells measuring 1-km2.
The sampling areas for source 3 were defined as between 130.80 (°E)
and 130.91 (°E) and between 31.85 (°N) and 31.95 (°N), according to
the map shown in Kanetani et al. (2013). This area was converted into a
total of 108 grid cells, with 21 cells showing the presence of PWN-
infected trees.

All data preparation and analyses were conducted using R 3.5.0 (R
Core Team 2018). A total of 10,000 and 3000 background cells were
generated for sources 1 and 2, respectively, using the ‘rthin’ function in
the package ‘spatstat’ (Baddeley et al., 2017). We confirmed that the
number of background cells was sufficient (Appendix 1). For data
source 3, we defined all cells as background cells, except for the pre-
sence data.

2.2. Climate data

Current and future climate data (monthly maximum and minimum
temperatures and monthly total precipitation) at a resolution of 1 km2

were obtained from the Mesh Climate Data 2010 dataset (Japan
Meteorological Agency, 2010, average of 1981–2010) and from a sta-
tistically downscaled climate dataset (Dairaku, 2018), respectively. The
monthly future climate data were averaged over 2026–2050. Five
general circulation models (GCMs) (CSIRO-Mk3-6-0, GFDL-CM3,
HadGEM2-ES, MIROC5, and MRI-CGCM3) were used under two re-
presentative concentration pathways (RCP2.6 and RCP8.5) for the near-
future (2026–2050) predictions. Nineteen current and future biocli-
matic variables were then created from each dataset using the “biovars”
function in the package “dismo” (Hijmans et al., 2017). To avoid
variables that were highly correlated with each other, we first calcu-
lated a Pearson’s correlation matrix using the current dataset then se-
lected nine variables for which r < 0.8 (Bosso et al., 2017). These nine
variables were as follows: BIO1 = mean annual temperature;
BIO2 = mean diurnal range; BIO3 = isothermality; BIO7 = annual
temperature range; BIO8 = mean temperature of the wettest quarter;
BIO9 = mean temperature of the driest quarter; BIO12 = annual
precipitation; BIO15 = precipitation seasonality; and BIO19 = pre-
cipitation in the coldest quarter. All variables were standardized to a
mean of 0 and a standard deviation of 1.

Fig. 1. The location and number of PWD
occurrence points used for modeling. Points
were obtained from three different sources
and converted into 1-km2 grid data: all of
Japan (source 1: national-scale, n = 182),
Iwate Prefecture (source 2: regional-scale,
n = 498), and Mt. Kirishima (source 3:
local-scale, n = 21). Note that the points on
the map for Mt. Kirishima indicate pre-
converted locations (n = 86).
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2.3. The Poisson point process model and predictions

To predict potential distributions of PWD and evaluate the con-
tribution of climatic factors, we built down-weighted Poisson regres-
sion, PB modeling method based on an IPP model (Renner et al., 2015).
Presence and background cells were randomly split at a ratio of 7:3 for
training and validation, respectively, using the ‘rthin’ function. The
validation data were then used to assess the model’s performance with
the area under the Receiver Operating Characteristics curve (AUC) and
the training data were used for the following modeling process and
analyses of spatial correlation (see 2.4. Validation). We treated pre-
sence/background in each cell as a response variable, and used the nine
standardized bioclimatic variables (BIO1, 2, 3, 7, 8, 9, 12, 15, and 19)
and data source (categorical, sources 1, 2, and 3) as explanatory vari-
ables. We set the global intercept for source 1 (i.e. national-scale) to

correct local bias by source 2 and 3. Presence cells were given a low
weight (10-6; Renner et al., 2015) and background cells were given a
higher weight equal to the target area of each source divided by the
area of background used. This process equalized the weight of the
background cells in each of the three sources. The model parameters
were estimated using the generalized linear model with a poisson dis-
tribution and log link in the ‘glm’ function. The optimal model with the
best predictive ability was selected according to Akaike’s information
criterion (AIC) using the ‘stepAIC’ function; models with lower AIC
values had the optimal subset of explanatory variables. The process
from data splitting to model selection was repeated 100 times. We se-
lected the model with the most frequently (45 times) selected set of
variables, and calculated the average value of the intercept and coef-
ficients. After excluding the data source term from the model to remove
density bias, we used it for prediction as the best model. We then

Fig. 2. The PWD risk area predicted using the inhomogeneous Poisson point process model. In the map of Iwate prefecture, locations of data used for modeling and
data used for model validation with Ripley’s K-function are shown. PWD risk was divided into five levels, with level 1 indicating low risk (conditions under which no
PWD is observed) and level 5 indicating high risk (conditions suitable for PWD spread).
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obtained the prediction values for each grid cell by using the model and
converted them into the probability of PWD risk according to the
equation proposed by Phillips et al. (2017).

To simplify the model output, probability was classified into five
risk levels: level 1 indicating low risk (conditions under which no PWD
is observed) to level 5 indicating high risk (conditions suitable for PWD
spread), based on the threshold values obtained from percentiles of the
predicted probability using current climate data. We used 0, 1st, 10th
and 30th percentiles as the threshold values for classification (level 1: 0
percentile value, level 2: 0-1st, level 3: 1st-10th, level 4: 10th-30th,
level 5:> 30th). Risk maps were then generated using the probability
of each cell under current and future climates using the same threshold
values. Moreover, we examined how much of the areas classified as
levels 1 and 5 changed from the current to future climates (under RCP
2.6 and 8.5 emission pathways).

To examine the relationship between the distribution of seven Pinus
species (P. densiflora, P. thunbergii, P. luchuensis, P. pumila, P. parviflora,
P. koraiensis, and P. amamiana) and the predicted PWD risk areas, we
obtained distribution maps of each species (Hayashi, 1960; Horikawa,
1976, 1972). The hand-drawn maps were georeferenced then converted
into 1-km2 grid cells of species presence. The maps showing species
presence were then overlaid with the map of PWD risk to determine the
magnitude of PWD expansion into the populations of each Pinus species.

2.4. Validation

To assess performance of the best model, we used two different
validation methods (Fig. 3): AUC (Fielding and Bell, 1997) and the
envelope simulation in Ripley’s K-function (Ripley, 1988, 1977). Each
method was conducted after the set of variables for the best model was
selected (45 times). AUC is a commonly used threshold independent
metric for evaluation of model fit to true presence and absence data. To
measure the ability of predictions of the best model to discriminate
observed occurrence and background data in national- and regional-
scales, and evaluate the model’s goodness of fit to the data, the AUC
values using validation data for entire Japan (source 1) and Iwate
Prefecture (source 2) were calculated using the ‘auc’ function in the
‘PresenceAbsence’ package (Freeman and Moisen, 2008).

To compare the performance of the IPP model with other modeling/
bias correction methods, we built Maxent (Maximum entropy; Phillips
et al., 2006) models using the same training data (Appendix 2). We
created four types of models by combining inclusion of biases correc-
tion for sampling effort (with/without) and shape of response curve
(features; linear only/allow all features). Using the resultant models, we
calculated AUC using the same validation data for entire Japan (source
1) and Iwate Prefecture (source 2). The details of the Maxent model
development is described in Appendix 2.

To evaluate the spatial congruence between the model prediction
and observed occurrence data, we conducted multi-distance spatial
cluster analysis based on Ripley’s K-function. Simulation using K-
function is a technique for hypothesis test of spatial pattern (Baddeley
et al., 2015), that can assess the reproducibility (realization ability) of
the model outputs against the sample points based on Monte-Carlo test.
For testing the null hypothesis that the spatial points of observed oc-
currence data were followed to the point intensity predicted by the best
model (i.e., spatial point patterns of the observed occurrence data were
statistically identical to those generated from the model), we carried
out simulations for entire Japan and for Iwate Prefecture using the
‘Kest’ and ‘envelope’ functions in ‘spatstat’ (Baddeley et al., 2017). We
used 45 training datasets from source 1, which produced the best
models for entire Japan simulation. Because PWD has yet to spread to
northernmost (Hokkaido) and southernmost (Yaeyama Islands) areas,
these geographical areas were excluded from the target area of the
entire Japan simulation. In the Iwate simulation, we used training data
and occurrence data of dead pine trees (additional data 1 and 2 in
Fig. 2, see 2.1. Study areas and distribution data) to simultaneously

determine whether the model also fitted to the additional datasets.
“Data used for K-function 1” consisted of 1637 points (155 grid cells)
and “data used for K-function 2” of 8834 points (382 grid cells). To
reduce the differences in data density between the two datasets, data
used for K-function 2 was randomly thinned to ca. 150 grid cells. After
combining data used for K-function 1, thinned data used for K-function
2 and the training data for source 2, we randomly thinned 50% of the
combined data to ca. 400 cells for use in the Iwate Prefecture simula-
tion. We generated 45 simulation data that contained random points of
the same number to each data used for the entire Japan and the Iwate
simulation. Spatial point patterns of each simulation data were gener-
ated to follow the point intensity predicted by the best model. We
compared K-function between the observed data and the simulated
envelopes. The K-function is a tool to assess spatial randomness against
the null hypothesis, the null hypothesis will be rejected if the K-function
of the observed data wanders outside the ranges between minimum and
maximum values (upper and lower envelopes) of simulated K-function
(see Baddeley et al., 2015 for details).

3. Results

3.1. 1. Model selection and evaluation

The average AUC values and standard deviations of the best IPP
model for the Japan (source 1) and Iwate Prefecture (source 2) simu-
lations were 0.816 ± 0.015 and 0.894 ± 0.010, respectively. The
results of the simulation using K-function for the best model indicated
that the observed data for both the entire Japan and Iwate Prefecture
were spatially fit to the model prediction (Fig. 4). In the Japan simu-
lation, observed data was almost within the lower or upper envelopes.
Especially, that within radii of 3° fit well with the model prediction. In
the Iwate Prefecture simulation, the observed data were a very close fit
between lower and upper envelopes on a small to large spatial scale.

Eight bioclimatic variables (BIO1, 3, 7, 8, 9, 12, 15, and 19) re-
mained after model selection based on AIC values (Table 1). The re-
sponse curves of each variable (Fig. S1) showed that BIO1 (mean annual
temperature) had the most critical effect on PWD risk (Fig. S1). Al-
though areas with a BIO1 of less than 10 °C were indicative of low risk,
the probability was close to 1 in some areas with a BIO1 greater than ca.
15 °C (Fig. 5). The standardized coefficient of BIO1 was the largest
(3.305 ± 0.288, Table 1) of all the variables. BIO19 (precipitation in
the coldest quarter) and BIO7 (annual temperature range) also had an
effect, with PWD risk decreasing in areas where winter precipitation
was greater than about 800 mm and/or where the annual temperature
range was below 20 °C. Moreover, the variance of BIO19 was larger
than that of BIO1 and BIO7 (Fig. 5, Table 1). The response curves and
coefficients suggested no strong effects of BIO3, 8, 9, 12 or 15 on PWD
risk (Fig. S1, Table 1).

The Maxent models built without bias corrections for sampling ef-
fort produced lower AUC value for the validation data of entire Japan
than for that of Iwate Prefecture (Table 2), indicating Maxent had re-
latively low predictive ability for national-level occurrence of the PWD
when the dataset has strong sampling bias in some regions. In the
models built with the bias file, on the contrary, AUC calculated for the
validation data of entire Japan were higher than that of Iwate Pre-
fecture, indicating Maxent had relatively low predictive ability for re-
gional-level occurrence when bias correction for sampling effort was
implemented (Table 2). AUC for Iwate Prefecture was highest in the
model with all features without the bias correction, however, this
model showed high predicted values in Iwate Prefecture (Fig. 1B in
Appendix 2). Although the AUC values calculated for entire Japan by
the Maxent models with the bias correction were higher than the other
models, the produced AUC values were close to 0.5 for Iwate Pre-
fecture, suggesting the predictions are close to random. Contrary to the
results produced by the Maxent models, the IPP model showed rela-
tively high AUC values for both of the validation data (Table 2).
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Fig. 3. Flow of modeling, validation, and prediction.

Fig. 4. Simulation envelopes based on K-function to
diagnose spatial pattern of prediction by the best
model (Exp, Table 1) and the PWD observed occur-
rence data (Obs). Exp (Hi) and Exp (Lo) indicate
acceptance region for a hypothesis test of complete
spatial randomness, with significance level 5%,
using the envelopes of the K-functions of 45 simu-
lations. X-axis r indicates the degree of longitude
and latitude.
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3.2. Distribution of PWD risk under current climate

Although high PWD risk areas are distributed more widely in
southern Japan and at lower elevations, our model suggested that most
areas of the country have the potential for risk (Fig. 2, upper). Areas
classified as high risk (level 5) represented 45.6% of the entire country
and those at low risk (level 1) represented 10.0%. Even some areas in
the northernmost prefecture of Hokkaido were classified as level 5. The
predicted potential risk areas in Iwate Prefecture (Fig. 2, bottom right)
corresponded to the distribution data of all the presence locations
(source 2, data used for K-function 1, and data used for K-function 2)
and in Mt. Kirishima in Kyushu, the PWD risk was lower at higher
elevations (Fig. 2, bottom left).

P. densiflora, P. thunbergii, and P. luchuensis were distributed widely
in predicted high PWD risk areas (Fig. 6), and most of the distribution
areas of P. thunbergii, P. luchuensis, and P. amamiana were classified as
level 5. Although PWD damage of P. pumila has yet to be reported,
potential risk areas were detected in its distribution range, mostly in
lowland Hokkaido (Fig. 6).

3.3. Distribution of PWD risk under future climate

The model predictions under future climate scenarios showed
northern expansion of PWD risk areas, including as far north as
Hokkaido (Fig. 7, S2). Compared with the current climate conditions, a
considerable increase and decrease in high (level 5) and low risk (level
1) areas, respectively, were predicted under all future climate scenarios
(Fig. S2, Fig. 7, and Table 3). The greatest increase in high risk areas
was shown under model GFDL-CM3 with RCP 8.5 (ca. +58.6%), while
the smallest was obtained using model MRI-CGCM3 with RCP 2.6 (ca.
+15.9%).

4. Discussion

4.1. Current distribution of PWD risk in Japan

The risk areas predicted by the IPP model were a close fit with the
current PWD distribution. In addition to reasonably well performance
of our model at the national scale, we confirmed our model could
predict them at local spatial scales. Kanetani et al. (2013) reported that
the altitudinal distribution limit of the PWD is located on Mt. Kirishima.
In agreement with their study, our IPP model predicted existence of low
risk area at high-elevation regions in this mountain and an increase in
PWD risk along an elevational gradient (Fig. 2). Also, the IPP model
predicted existence of distribution limit in Iwate Prefecture which is
located around the northernmost distribution limit of the PWD (Naka-
mura, 2015, Fig. 2). The model also confirmed the locations of dead
pine trees in Iwate Prefecture as risk areas, even though these data were
not used for modeling. These results would suggest that our model
predict the distribution limit of PWD at a spatial resolution of 1 km.

The predictions showed sufficiently high AUC values (> 0.8) on

Table 1
The eight climate variables included in the final model for prediction of PWD risk in Japan. Values represent the mean of values obtained with the inhomogeneous
Poisson point process models using 45 randomly subsampled datasets (see Table S1).

Variable (standardized) Coefficient Standard error z value P

Intercept −10.252 0.191 −53.580 <0.001
BIO1 Mean annual temperature 3.305 0.288 11.472 <0.001
BIO3 Isothermality (Mean diurnal range/ annual temperature annual range) (*100) −0.805 0.089 −9.078 <0.001
BIO7 Annual temperature range (Max temperature of the warmest month - Min temperature of the coldest month) 1.180 0.108 10.894 <0.001
BIO8 Mean temperature of the wettest quarter −0.505 0.168 −3.016 0.0085
BIO9 Mean temperature of the driest quarter 0.637 0.297 2.145 0.0423
BIO12 Annual precipitation 0.594 0.175 3.406 0.0041
BIO15 Precipitation seasonality (coefficient of variation) −0.668 0.144 −4.627 <0.001
BIO19 Precipitation in the coldest quarter −1.726 0.326 −5.289 <0.001

Fig. 5. Response curve of the three climate variables (BIO1: mean annual temperature, BIO 7: annual temperature range, and BIO19: precipitation in the coldest
quarter) that strongly influenced PWD risk. Gray lines indicate response curves obtained using the inhomogeneous Poisson point process models with 45 randomly
subsampled datasets (see Table S1). Black lines indicate mean values of each of the 45 response curves. Each curve shows the response of one variable when the
contribution of the remaining variables were at maximum. X-axes indicate full scale of the original values, not standardized, to show relationship between each
original values and the PWD risk in Japan.

Table 2
Area under the receiving operator curve (AUC) calculated using national and
regional validation datasets (source 1: enter Japan and source 2: Iwate
Prefecture) for the IPP model and the Maxent models with the four settings.
Values indicate average of 100 runs ± standard deviation.

Model AUC (Japan) AUC (Iwate)

IPP 0.816 ± 0.015 0.894 ± 0.010
Maxent (linear) 0.666 ± 0.036 0.877 ± 0.015
Maxent (all) 0.774 ± 0.018 0.918 ± 0.009
Maxent (linear, bias file) 0.825 ± 0.015 0.560 ± 0.011
Maxent (all, bias file) 0.821 ± 0.018 0.555 ± 0.013
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both the national- and regional-scales. The model was also a good
spatial fit with the current observed locations of PWD, particularly
within radii of 3° (Fig. 4). We found slight clustering of PWD locations
beyond radii of 4.5°, which could suggest subtle regional differences in
PWD invasion and prevention efforts at the country scale.

The potential risk areas predicted by the model were wider than the
current PWD distribution. Although Hokkaido is considered outside the
risk areas, our model suggested that it is within a high risk area. In
Hokkaido, there are few natural distribution areas of PWD-susceptible
Pinus species, except for P. pumila, the susceptibility of which to PWN
has yet to be examined. Our results therefore suggest the need for
analysis of the susceptibility of P. pumila. In the south, the entire
Yaeyama Islands in Okinawa Prefecture were classified as high risk, and

although PWD has not yet been detected there, PWD-susceptible P.
luchuensis is widely distributed. This species would therefore be se-
verely damaged if PWD were to spread to these islands.

4.2. Effects of climatic factors on PWD risk

The effects of bioclimatic variables on the probability of a PWD risk
were subsequently assessed, confirming the strong contribution of mean
annual temperature (BIO1). Mean annual temperature was strongly
correlated with five bioclimatic variables: temperature seasonality
(BIO4, r = −0.85), the maximum temperature of the warmest month
(BIO5, r = 0.93), minimum temperature of the coldest month (BIO6,
r = 0.96), mean temperature of the warmest quarter (BIO10, r = 0.98)

Fig. 6. Altitudinal and latitudinal distributions of seven Pinus species (P. densiflora, P. thunbergii, P. luchuensis, P. pumila, P. parviflora, P. koraiensis, and P. amamiana)
and PWD risk in Japan. PWD risk was classified into five levels as indicated in Fig. 2.

Fig. 7. Areas of high PWD risk (level 5) under current and near-future climate conditions (representative concentration pathways 2.6 and 8.5). The depth of each
color indicates the number of general circulation models (GCMs) classified as level 5. Dark colors represent predicted PWD risk under all five GCMs.

S. Matsuhashi, et al. Forest Ecology and Management 463 (2020) 118010

8



and mean temperature of the coldest quarter (BIO11, r = 0.99).
Temperature affects the pathogen, vector and host in several ways,
including, PWN development (Mamiya, 1975) and reproduction
(Takemoto, 2008), the lifespan of the beetles (Jikumaru and Togashi,
2000) and habitat suitability for pine tree species (Hirata et al., 2017).
Our results therefore reflect these different biological effects. In Japan,
the threshold of the accumulated temperature index (MB index, Take-
tani 1975) has been used to predict PWD risk areas for the past few
decades due to its simplicity and usefulness. The MB index is also
correlated with the mean annual temperature. The results of our study
therefore support the usefulness of this traditional method.

We also detected effects of precipitation in the coldest quarter
(BIO19) on PWD risk. The model suggested a decrease in PWD risk
when precipitation in the coldest quarter is more than ca. 800 mm,
which is much higher than the Japanese average (285 mm). Such areas
were distributed in northwest Honshu and corresponded well to those
areas with heavy snowfall. To the best of our knowledge, the re-
lationship between PWD risk and heavy snowfall has yet to be reported;
however, the distribution of P. densiflora is reportedly limited by heavy
snowfall (Oozeki et al., 1984; Takahashi, 1960). The effect of pre-
cipitation in the coldest quarter might also be related to the distribution
of the host pine species; therefore, further studies are needed to confirm
the effects of heavy snowfall on PWD risk.

It has been suggested that PWD risk increases with water loss or in
dry environments (Suzuki and Kiyohara, 1978); however, our results
did not show a clear trend. Annual precipitation (BIO12) is correlated
with precipitation in the wettest month (BIO13, r = 0.91), precipitation
in the wettest quarter (BIO16, r = 0.92) and precipitation in the
warmest quarter (BIO18, r = 0.86). Annual precipitation was selected
for the best model, despite its small contribution (Fig. S1). Overall,
annual precipitation in Japan are therefore not considered a critical
factor in PWD risks, although aridity could affect PWD risk on a global
scale.

Although some study pointed out that topographical information
could be used as indicator of PWD risk instead of climatic ones (Naoe
et al., 2011), topographic factors only act as surrogates for biologically
meaningful factors such as climate, and species’ response to topo-
graphic factors can be different depending on sampling location
(Meentemeyer et al., 2012). Therefore, although topological informa-
tion might be useful for creating more detailed prediction within 1 km
scale particularly areas having complex topography such as mountain
areas where the risk levels would vary within 1 km, making risk map
based on climatic factors would be more preferable for current study
where the spatial resolution of the risk map was 1 km.

4.3. Future potential distribution of PWD risk areas

It has been suggested that global potential risk areas of PWD will
expand under future climate change scenarios (Hirata et al., 2017;
Ikegami and Jenkins, 2018). In our study, all models (5 GCMs under 2
RCPs) predicted an increase in high risk (RCP 2.6: 132.0 ± 16.9%,
RCP 8.5: 143.1 ± 11.4%) and a decrease in low risk areas (RCP 2.6:
42.2 ± 22.7%, RCP 8.5: 29.4 ± 10.8%) in Japan in the near future
(Table 3, Fig. S2). These results support previous studies and provide
more detailed information on the potential distribution of PWD in
Japan. The differences and common patterns among the 10 predictions
will allow zoning and prioritization of pest control areas on a limited
budget, thereby aiding forestry planning and forest management.

4.4. Application of the IPP model

We used IPP models to predict the risk of PWD. Even though there
was strong bias caused by the compilation of three different datasets,
the model prediction fit the observed data at both national- and re-
gional- spatial scales (Table 2, Fig. 2), and showed the distribution
limits of the PWD within the extent of the datasets. IPP models are
equivalent to Maxent (Phillips et al., 2017), which is one of the most
widely used SDMs with presence-only data, except for the intercept
terms (Renner et al., 2013). Both modeling methods would be able to
reach similar results, however, their ways of model settings for opti-
mization are different from each other. In the case of our study, we
corrected strong biases in IPP models utilizing the intercept term, which
we cannot use in Maxent, and the model showed relatively good per-
formance for prediction both in national- and regional- spatial scales
(Table 2). On the other hand, our Maxent model considering sampling
effort using the bias file showed higher performance when predicting in
national- scale, but did not in regional scale (Table 2). These results
suggest that an IPP model implementing bias correction by its intercept
term can have better performance than a Maxent model considering
sampling effort when intensive local sampling activities were nested
within relatively sparse wide-ranged sampling activities, at least in our
case.

Recent potential distribution modeling often uses opportunistic
data, not only of forest diseases but also species diversity. Such data
include citizen-sourced data and databases aggregated from a wide
range of data sources, such as the Global Biodiversity Information
Facility (GBIF) or Botanical Information and Ecology Network (BIEN).
Therefore, such aggregated datasets from multiple opportunistic data
sources can have geographic sampling bias similar to our dataset used
in the present study. Our study suggested that an IPP model could be a
powerful tool to tackle aggregated datasets with spatially structured
bias caused by differences in objectives, motivation and sampling

Table 3
Proportion of low and high PWD risk areas in Japan (total area: 377,449 1-km2 grid cells) under current and near-future climate conditions.

Low risk High risk

Number of 1-km2 grid
cells

Proportion to the total area
of Japan

Ratio to current
(%)

Number of 1-km2 grid
cells

Proportion to the total area
of Japan

Ratio to current
(%)

Current 37,840 0.1 100 172,196 0.456 100
RCP2.6 CSIRO-Mk3-6-0 21,493 0.057 56.80 209,421 0.555 121.62

GFDL-CM3 5,838 0.015 15.43 272,966 0.723 158.52
HadGEM2-ES 11,557 0.031 30.54 230,105 0.61 133.63
MIROC5 13,309 0.035 35.17 224,832 0.596 130.57
MRI-CGCM3 27,558 0.073 72.83 199,597 0.529 115.91

RCP8.5 CSIRO-Mk3-6-0 12,499 0.033 33.03 240,360 0.637 139.59
GFDL-CM3 6,180 0.016 16.33 273,111 0.724 158.60
HadGEM2-ES 7,400 0.02 19.56 259,746 0.688 150.84
MIROC5 15,015 0.04 39.68 225,000 0.596 130.67
MRI-CGCM3 14,451 0.038 38.19 233,843 0.62 135.80

RCP, representative concentration pathway.
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procedures of original datasets.

4.5. Conclusions

Not only do the results of this study support previous studies on
PWD risk, they also show the relative effect of climatic factors in Japan
where PWD has spread in a wide range of climatic conditions. The
current and near-future potential risk maps will aid pest control plan-
ning and forest management, not only at local but also regional and
national scales in Japan. Our results also suggest that IPP models can be
a good option for modeling with aggregated datasets from various data
sources with spatial sampling bias and can be an effective approach for
risk assessment and spatial predictions of forest and other diseases.
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