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Abstract
Background: The phenomenon of tree dieback in forest ecosystems around the world, which is known to be
associated with high temperatures that occur simultaneously with drought, has received much attention. Korea is
experiencing a rapid rise in temperature relative to other regions. Particularly in the growth of evergreen conifers,
temperature increases in winter and spring can have great influence. In recent years, there have been reports of
group dieback of Pinus densiflora trees in Korea, and many studies are being conducted to identify the causes.
However, research on techniques to diagnose and monitor drought stress in forest ecosystems on local and
regional scales has been lacking.
Results: In this study, we developed and evaluated an index to identify drought and high-temperature vulnerability
in Pinus densiflora forests. We found the Drought Stress Index (DSI) that we developed to be effective in generally
assessing the drought-reactive physiology of trees. During 2001–2016, in Korea, we refined the index and produced
DSI data from a 1 × 1-km unit grid spanning the entire country. We found that the DSI data correlated with the
event data of Pinus densiflora mass dieback compiled in this study. The average DSI value at times of occurrence of
Pinus densiflora group dieback was 0.6, which was notably higher than during times of nonoccurrence.
Conclusions: Our combination of the Standard Precipitation Index and growing degree days evolved and short- and
long-term effects into a new index by which we found meaningful results using dieback event data. Topographical
and biological factors and climate data should be considered to improve the DSI. This study serves as the first step in
developing an even more robust index to monitor the vulnerability of forest ecosystems in Korea.
Keywords: Dieback, Standardized Precipitation Index, Growing degree days, Pinus densiflora, Drought Stress Index

Background
Owing to climate change, it has been predicted that hotter and longer droughts occur more often around the
world (Allen et al. 2010; IPCC 2014). Higher frequency
of extreme conditions due to global warming, such as
high temperature and drought, can lead to changes in
the composition and structure of forests that have high
climatic relevance, as well as changes in the spatial distribution of the biome (Mather and Yoshioka 1968;
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Stephenson 1990; Allen et al. 2015). The phenomenon
of climate-related plant dieback in various parts of the
world since the 1990s has received much attention
(Huang and Anderegg 2012). Other researchers also
have reported that the diebacks are related to high temperatures that occurred with drought (Williams et al.
2013; Vicente-Serrano et al. 2014; Camarero et al. 2015).
Recent droughts were accompanied by above-normal
temperatures, which was much intense than past droughts
(Breshears et al. 2005). For example, in the 1990s, droughts
due to the sudden increase in temperature in the northwestern USA caused much damage (Breshears et al. 2005;
Williams et al. 2010), and during 2012–2014, the strength
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of the drought has increased by 36% compared to normal
drought without having high temperature in California
(Griffin and Anchukaitis 2014). High temperatures in Europe in 2003 also caused considerable damage (Breda et al.
2006), and the intensity of the drought was reported to be as
severe as that of the intense drought in the 1500s (Williams
et al. 2013). Temperature played a major role in the severity
of the drought-related damage. We have found that many
recent studies emphasized the effects of high temperature
occurring with drought (Breshears et al. 2005; Adams et al.
2009; Van Mantgem et al. 2009; Vicente-Serrano et al. 2010;
Williams et al. 2013).
The average annual temperature in South Korea has
risen by 1.2 °C over the past 30 years, which is a faster
trend of temperature increase than in other regions (Kim
et al., 2008; IPCC 2014). Seasonally, winter temperature
rose the fastest, while autumn and spring temperatures
have exhibited a less-pronounced increase. Precipitation,
on the other hand, increased in summer, but fluctuated
without a distinct trend in other seasons (Lim 2016). Such
a rise in temperature is likely to cause disturbances in the
forest ecosystem (Kim et al. 2017a); in particular, rising
temperature in winter and spring can have a significant
impact on the growth of evergreen conifers, which retain
their leaves in these seasons. Although rising winter
temperature reduces soil freezing, it can increase evaporation, causing a decrease in available soil water for plants
and consequently increasing the likelihood of drought
during spring, when growth begins such as leaf sprout and
root shoot-out (Kang et al. 2016).
Recently, mass diebacks of Pinus densiflora trees and
other evergreen conifers have been reported in Korea,
and many studies are being conducted to find out the
causes. According to a 2015 land cover map of Korea,
Pinus densiflora accounted for approximately 26% of
Korea’s forests, which is the highest percentage for a single species. Pinus densiflora have been recognized as one
of the important species in maintaining the nation’s forest ecosystem, and they are distributed throughout the
country and have been used in many ways for a long
time, including use as wood (for construction and fuel)
and as food (Kim et al. 2017b). The reduction of forests
and increase in drought stress due to climate change
have been widely expected (Williams et al. 2013), but
techniques for diagnosing and monitoring drought stress
for healthy forest ecosystems at a local or regional scale
have been slow to be developed or applied (Greenwood
et al. 2017). This is because most existing droughtmonitoring indices have emphasized meteorological or
hydrological aspects with insufficient consideration for
the drought stress physiology of trees (Palmer 1965;
Guttman 1998; Greenwood et al. 2017).
Recent studies have mentioned much about the importance of NSC (nonstructural carbohydrates) in relation to
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tree vulnerability and resilience (Tague et al. 2013; Adams
et al. 2013; Hartmann and Trumbore 2016). NSC is sugar
stored in tree and can perform many functional roles, including transport, metabolism, osmoregulation, defense
from insect or herbivore, and buffer for limiting photosynthesis and increasing consumption (Richardson et al.
2013; Fang et al. 2020). NSC is understood to be closely
related to the tree dieback, but it is impossible to obtain
for a wide spatial and temporal range. So, several studies
used models to simulate NSC dynamic and mentioned
that temporary carbon storage in the model can act as a
key indicator in the death of trees (e.g., Adams et al. 2013;
Richardson et al. 2013; Klein and Hoch 2015). Kang et al.
(2016) also proposed using the carbon pool (cPool) variable, which is temporary storage for photosynthetic products of plants, as a useful indicator of Pinus densiflora
dieback through a biome-biogeochemical cycle (BIOMEBGC) simulation study.
Based on this background, we have established a concept for index development. The index was produced
based on precipitation and temperature to account for a
change in production and consumption (respiration)
that were a major factor in NSC dynamics. Also, the effects of short- and long-term periods were added to the
index, considering NSC’s short- and long-term patterns.
In this study, we developed a new drought index to
monitor and predict stressed Pinus densiflora forests
from abnormal climate factors such as high temperature
and drought, called the Drought Stress Index, which is
calculated from a combination of the Standardized Precipitation Index (SPI) (McKee et al. 1993) and growing
degree days (GDD). Both SPI and GDD are indices that
have long been used successfully in various fields and
have the characteristics of being flexible in terms of time
scales. After producing a DSI map of South Korea for
the period 2001–2016 at a spatial resolution of 1 km × 1
km, we compared the relationship of DSI and the distribution of Pinus densiflora mass dieback events.

Materials and methods
Development of Drought Stress Index

Using a process-based model, Kang et al. (2016) simulated the relationship among climate, gross primary
productivity (GPP), autotrophic respiration (AR), and
cPool of evergreen coniferous trees in the Uljin and Miryang regions in Korea. As a result, the increase in AR
due to high temperature and the decrease in GPP caused
by drought induced a sudden decline in cPool, which
contributed to the dieback events in the two regions. In
our study, we assumed that the heat index (HI) associated with AR increase and the SPI with GPP decrease
could be useful indicators, based on findings of Kang
et al. (2016). The proposed DSI, a simple linear
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combination of SPI and HI, was designed to be high
under hot and dry conditions:
DSI ¼ α  HI n−β  SPI n

ð1Þ

where α and β are the coefficients of the temperature
and drought indices, respectively, and n is the number of
preceding months used in calculating HI and SPI. High
temperatures and low precipitation increase plant stress
and cause higher DSI values (Table 1).
We have identified that there is a long-term pattern in
the dynamic in the cPool in addition to the short-term
ones. To reflect this, periodicity analysis was performed
on time series data from the daily cPool data produced
by Kang et al. (2016), which confirmed that there were
major short- and long-term cyclic variations with recurrences of 6 and 48 months. In this study, different
weighting values (α, β) were assigned to investigate how
the DSI values varied over SPI, HI, and short- and longterm effects. A total of five models were designed. Model
1 and Model 2 (only considering short-term effect) are
only different in temperature and precipitation contribution value (α, β) in the calculation of the DSI. Model 1 is
applied with the same coefficient of temperature and
precipitation. Model 2 focuses more on temperature
than precipitation so that high temperatures can have a
greater effect on the DSI. Models 3 to 5 (considering
both short and long terms) considered long-term effects
of 48 months. Model 3 has the same weight of
temperature, precipitation, and short- and long-term effects. Model 4 has similar short- and long-term effects,
but focuses more on temperature, while Model 5 is more
weighted in temperature and short-term effect. Table 2
gives a detailed description of each model.
Standardized Precipitation Index and heat index

SPI is a proposed index based on the idea that droughts occur
when there is insufficient precipitation relative to water demand (McKee et al. 1993). To calculate SPI, we first derive
the moving average of the monthly precipitation data at the
desired time scale (such as 3, 9, or 12 months), calculate the
Table 1 Category of drought severity per Drought Stress Index
(DSI)

Table 2 Description of the five models
Model no.

Description

Model 1 (M1)

DSI = 0.5 × HI6 − 0.5 × SPI6

Model 2 (M2)

DSI = 0.7 × HI6 − 0.3 × SPI6

Model 3 (M3)

DSI = 0.5 × (0.5 × HI6 − 0.5 × SPI6)
+ 0.5 × (0.5 × HI48 − 0.5 × SPI48)

Model 4 (M4)

DSI = 0.5 × (0.7 × HI6 − 0.3 × SPI6)
+ 0.5 × (0.7 × HI48 − 0.3 × SPI48)

Model 5 (M5)

DSI = 0.7 × (0.7 × HI6 − 0.3 × SPI6)
+ 0.3 × (0.7 × HI48 − 0.3 × SPI48)

appropriate monthly probability distribution based on the
moving average, obtain the cumulative probability, and estimate the z-value corresponding to that of cumulative probability assuming a standard normal distribution. The SPI
value indicates the intensity of the drought; the below-zero
value signals the beginning of the drought, and the smaller its
value, the severe is the drought. In this study, SPI6 and SPI48
were used for DSI estimate based on 6 months and 48
months using the SPI program provided by the U.S. National
Drought Mitigation Center (at the University of Nebraska;
the software is available for the free download at https://
drought.unl.edu/droughtmonitoring/SPI.aspx).
To consider the effects of temperature, the monthly
total GDD was derived from daily average temperature
data and used to estimate the DSI. Representing the cumulative value above the threshold temperature, GDD
has been used successfully in agriculture since the 1970s
to refer to the amount of heat needed for plants to move
on to the next development phase in their life cycle
(McMaster and Wilhelm 1997). GDD is calculated by
GDD ¼

n
X
ðT mean −T base Þ

ð2Þ

i¼1

where Tmean is the daily mean temperature, and Tbase
is the threshold temperature value (the minimum
temperature required for growth). The values of Tbase
vary according to vegetation, and in this study, we set
the Tbase temperature at 4 °C for evergreen coniferous
forests (Kim et al., 2012). The HI was obtained by the
following two steps. First, the GDD was aggregated to
monthly GDD (for comparison with the SPI calculated
on a monthly basis). Second, the monthly GDD was used
in the SPI algorithm to obtain the standardized GDD.
We referred to the former as HI.

DSI values

DSI category

≥ 2.00

Extremely stressed

1.50 to 1.99

Very stressed

1.00 to 1.49

Moderately stressed

Temperature and precipitation data processing

− 0.99 to 0.99

Near being stressed

− 1.00 to − 1.49

Moderate condition

− 1.50 to − 1.99

Good condition

≤− 2.00

Very good condition

Temperature and precipitation data were downloaded
over a period of 17 years (2000–2016), as daily mean
temperature (°C) and monthly precipitation (mm) data
from weather stations (WS) and automatic weather system (AWS) sites, through the Korea Meteorological
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Administration data-opening portal (https://data.kma.go.
kr/). Considering the continuity and location of weather
data, we chose 357 sites (62 WS and 295 AWS locations)
to use in this study (Fig. 1).
To produce a DSI map for the entire country, we used
ordinary kriging (one of several methods of spatial
interpolation) to convert point weather data into
raster data at a spatial resolution of 1 km × 1 km. The
variogram required for the kriging interpolation was
chosen as the model with the highest r2 value among
the spherical, exponential, Gaussian, and linear
models.
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Kriging was performed using such parameter values as
nugget, sill, and range calculated from the variogram.
Based on the cross-checking results, the RMSE(rootmean-square error) for precipitation showed 51 to 66
mm from July to September, and a much lower RMSE
values were confirmed in other periods. For temperature,
RMSE showed a range of 0.6 to 0.9°C (Table 3).
Drought events data and statistical analysis

In Korea, there have been many cases of Pinus densiflora
group dieback reported nationwide, but it was difficult
to find a summarized event data. For that reason, news

Fig. 1 Distribution of weather stations (WSs) and automatic weather system (AWS) sites and in South Korea. The base map is a digital
elevation model
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Table 3 Error statistics of k-fold cross-validations (k = 30) for
precipitation (mm/month) and temperature (°C/day)
interpolations for monthly average for 17 years
Month

Precipitation

Temperature

highest DSI value) for each year for a target region
and compare the ranking in the tree dieback occurrence year and non-dieback year. If the DSI shows a
high ranking for the tree dieback occurrence years, it
can be seen as having a high level of explanatory
power, and if the ranking is low, it can be considered
as a low level of explanatory power. Using the ranking frequency method, the analysis for 16 Pinus densiflora dieback events from 10 regions in Korea was
conducted.

RMSE

ME

RMSE

ME

Jan

6.95

0.11

0.88

0.00

Feb

15.71

− 0.01

0.73

0.01

Mar

18.76

0.09

0.73

0.00

Apr

15.16

0.07

0.66

0.01

May

24.39

0.23

0.66

0.00

Jun

19.02

0.13

0.70

0.00

Results

Jul

51.14

0.13

0.66

0.00

Spatial distribution of Drought Stress Index

Aug

66.99

0.81

0.67

0.00

Sep

56.23

− 0.71

0.68

0.00

Oct

11.19

0.17

0.79

0.00

Nov

4.81

0.02

0.91

0.00

Dec

7.17

0.15

0.79

0.00

ME mean error, RMSE root-mean-square error

articles about Pinus densiflora group dieback events
were collected in the following ways. First, using a major
web search engine such as Google, Naver (Korean website), and Daum (Korean website), we collected news articles by entering keywords (tree die-dieback, climate
change, drought, high temperature, Pinus densiflora,
etc). Then, after removing the overlapping articles, we
filtered the data using the following rules: rule 1, check
if this article was about Pinus densiflora; rule 2, the dieback of trees that are not caused by disease and harmful
insects; rule 3, the region and timing of the group dieback event clearly presented; and rule 4, it is an official
article released by the media, not by personal data. The
summarized data was checked once again through expert advice. As a result, the obtained data for the 22 dieback events (Table 4) were compared to DSI results. We
tried to divide the intensity of the group dieback damage
based on the news article and apply it to the index assessment, but there was a lack of information to quantify all
the details. Most news articles contain only approximate
information about the region in the province or high-level
administrative district (e.g., -si or -gun in Korea) and
rough intensity data of dieback. For a more accurate assessment, information of the low-level administrative district (e.g., -ri in Korea) and the number of dieback trees
are required, but such data are difficult to find.
The Statistical Package for Social Sciences and the R
statistical program were used for basic statistical analysis
and data processing, respectively. To evaluate the DSI,
we conducted a ranking frequency analysis, which compares rankings at a specific time for the entire period.
This method is to rank the DSI values (ordered by the

From a combination of SPI and HI, we produced a DSI
map of South Korea spanning the 16 years 2001–2016
(Fig. 2a). The results presented were calculated by using
the M1 model of the mean DSI map for March–May.
The average DSI in the 2000s was higher than that in
the 2010s (0.301 ± 0.006 versus − 0.269 ± 0.180; T-test,
p < 0.001). During the entire study period, the average
spring temperature was 12.1 ± 1.1 °C, indicating no significant difference between the 2000s and 2010s. However, in the 2000s, spring precipitation was less than in
the 2010s (254.9 ± 102.2 mm versus 292.18 ± 40.1 mm;
p < 0.05).
In 2009, high temperatures and low precipitation occurred simultaneously, resulting in very high DSI nationwide (Fig. 2b). The southern region of the SPI map
showed a low value of − 1.2, while the HI had a high
value of 1.06 for the whole region. In 2009, a massive
group dieback of Pinus densiflora was reported across
the country, more than one million tree dieback. It was
especially severe in the southern region (Gyeongsang,
Jeolla province). The average DSI value of nine locations
in Gyeongsang province (Gimhae, Miryang, Geoje,
Sacheon, Changwon, Gyeongsan, Uljin, Pohang, and
Yeongcheon), where Pinus densiflora group dieback
events were reported was 1.48, the highest value during
the entire study period.
In 2014, except for the parts of the eastern coast, the
overall DSI values were high especially in Gyeonggi (1.07)
and western Gangwon (0.84) provinces. In this year, Pinus
densiflora mass diebacks were reported in northern
Gyeongsangbuk, Gangwon province, where DSI values
were relatively low (e.g., Bonghwa, 0.4; Uljin, − 0.3; and
Yeongyang, 0.1) (Fig. 2c). In 2015, DSI values were high in
the northern region (Gangwon, Gyeonggi, and northern
Gyeongsang), and the dieback events were reported in
Gangwon and northern Gyeongsang provinces.
Comparison of Drought Stress Index

Time series data based on five alternative DSI models
for the period 2004–2016 were compared for 10 regions where mass dieback events occurred (Fig. 3). An
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Table 4 Dieback events of Pinus densiflora reported in public news media in Korea. Species names were reconfirmed
Year

Species

Area

News headline

2003

Pinus densiflora

Deagu

The die-back crisis of pine trees in
Apsan mountain, Deagu

2007

Pinus densiflora

Jeonbuk

Pine tree, Unprovoked death

2007

Pinus densiflora

Gyungbuk (Uljin)

The sudden death of a 200-year-old pine tree, why did a
drought-resistant pine die?

2009

Pinus densiflora

Southern Korea

The subtropicalization on the Korean Peninsula is
accelerating –(5)The vegetation on the Korean
Peninsula is changing

2009

Pinus densiflora

Southern Korea

Pine trees are dying from global warming

2009

Pinus densiflora

Southern Korea

A dying pine tree on the hot Korean Peninsula

2009

Pinus densiflora

Gyungsan

970,000 pine trees withered

2009

Pinus densiflora

Gyungbuk (Pohang, Yeongcheon,
Gyeongsan)

Pine tree! It hurt a lot…Southern Gyeongbuk Province
diffuse of die-back phenomena

2009

Pinus densiflora

Jeonnam

The high risk of pine trees death in Jeonnam Province
due to drought

2009

Pinus densiflora

Gyungnam

The massive die-back of pine trees in Gyeongnam Province
in due to the stress caused by warming

2011

Pinus densiflora

Gyungnam

Gyeongnam Province pine tree group death

2012

Pinus densiflora

Daejeon

Dried up Pine tree ‘emergency’... ecological hazard signal

2012

Pinus densiflora

Daegu (Biseul Mt.)

Pine, Pine, ‘yellow’ pine… Biseul mountain pine tree dried up

2014

Pinus densiflora

Gangwon (Samcheok)
Gyungbuk (Yeongyang)

The subtropicalization on the Korean Peninsula is
accelerating –(5)The vegetation on the Korean
Peninsula is changing

2014

Pinus densiflora

Gyungbuk (Uljin)

About 200 Geumgang pine tree die-back in Uljin..Forest Service
launch investigation

2014

Pinus densiflora

Gyungbuk (Bonghwa)

Bonghwa County “Save the Pine tree”

2015

Pinus densiflora

Gyungbuk (Uljin)

200 pine trees in Pyeonghae-eup died

2015

Pinus densiflora

Gyungbk,
Gangwon (Seorak Mt.)

Confirmed the mass deaths of coniferous trees on the
Korean Peninsula ‘Climate change is beginning’

2015

Pinus densiflora

Northern Gyungbuk,
Southern Gangwon

Even if the Geum River water is moved to Boryeong Dam,
the problem cannot be solved‘The largest damage to
the pine tree after 2009’

2016

Pinus densiflora

Gyungnam (Jiri Mt.)

High temperatures, droughts and pests...
triple distress of coniferous tree

2016

Pinus densiflora

Gyungnam (Jiri Mt.), Gyungbuk (Uljin),
Gangwon (Samcheok, Seorak Mt.)

Peeled dry bare skin…die-back of Korean coniferous tree

2016

Pinus densiflora

Gyungbuk (Mungyeong)

Die-back of pine trees, do not know the cause of death

analysis of the alternative DSI model results indicated
a significant correlation in all cases except for M1:M3
and M2:M3 (p < 0.01; Table 5). However, DSI values
differed in particular years and regions, depending on
the weighted contributions of SPI, HI, and short and
long terms. For example, during 2010–2011, they differed across the entire region, but only in the northern part of the region during 2014–2016 (Hongcheon,
Chuncheon, Seoul, and Pocheon) (Fig. 3). We found
that in the northern regions during 2014–2016, when
the DSI model (M1) considered only short-term effects, the index was highest in 2015, whereas when
the DSI model (M4) considered both short- and longterm effects, it was highest in 2016. Compared to the

short- and long-term effects, the changes resulting
from SPI and HI weights appeared to be relatively
small (Table 5 and Fig. 3).
Relationship between Drought Stress Index and dieback
events

We compared our DSI results with the years of the occurrence of Pinus densiflora diebacks (Fig. 3). In most regions,
during 2007–2009, the DSI maintained high values or
continued to increase, and Pinus densiflora dieback events
were reported in many regions in 2009 when the DSI
values were highest. During the period 2010–2013, only
one dieback event was reported (in Hongcheon, in 2010),
and the DSI gradually decreased to its lowest value,

Cho et al. Journal of Ecology and Environment

(2020) 44:15

Page 7 of 11

Fig. 2 Spatial distributions. a DSI during 2001–2016. b SPI6, HI6, and DSI in 2009. c SPI6, HI6, and DSI in 2014. A diagonal stripe in (a) indicates
the area where the Pinus densiflora group dieback occurred. The DSI map in (b) and (c) have different scales. DSI Drought Stress Index, HI6 heat
index based on six months’ periodicity, SPI6 Standardized Precipitation Index based on six months

reached in 2013. In 2014, the DSI increased again, and
mass dieback events happened in Uljin and Bonghwa.
However, no dieback events were reported for the northern part of the country in 2014, where DSI was considerably higher compared to the dieback event regions.
We calculated the mean DSI value for the tier when dieback events occurred during 2004–2016 in the 10 target
locations and then performed a ranking frequency analysis
(Fig. 3 and Table 6). The mean DSI for dieback years was
0.6, which was greater than the DSI value (− 0.06) for
non-dieback years (p < 0.001). For 8 out of the 14 events,
the DSI ranked 1st to 3rd, which is equivalent to 57.1% of
the cumulative percentile, whereas, for the remaining
events (5 out of 14), the DSI ranked 4th to 10th (Dieback
events were not confirmed for the 11th to 14th rankings.).
The event frequency corresponding to the first (1st) DSI
rank varies from 2 to 6 depending on the model used. It
was higher in the models considering both short- and
long-term effects (M3, M4, and M5) and low in the
models considering only short-term effects (M1 and M2).

Discussion
In this study, we have proposed a new index, the DSI,
combining the advantages of SPI and HI. Both the

temporal flexibility of SPI and the ecological utilization of
HI were considered. Our DSI analysis found that in the
2000s, the study area had a higher DSI value compared to
the 2010s due to the low spring precipitation. Also, in
2009, when the DSI was highest, a nationwide mass dieback of Pinus densiflora occurred. The drought of 2009 is
caused by a simultaneous low SPI and high HI resulting in
high DSI values. This is consistent with the recent drought
characteristics in which the intensity of drought has increased under conditions of high temperature.
The average DSI value in years when dieback events occurred was higher than that of no-event years. However,
the DSI did not show higher explanatory power for some
event data as expected. This means that other key factors
must be considered in the monitoring of tree dieback
events. For example, factors related to topography or biology that could not be explained by the DSI as currently
defined, are likely to be key factors affecting tree physiology (Hogg et al. 2013; Lebourgeois et al. 2013). In the
previous studies, it is mentioned that older and taller trees
can be more vulnerable to drought (Bennett et al. 2015;
Rowland et al. 2015), and Kim et al. (2017b) reported that
Pinus densiflora in Uljin Sogwang-ri, which lives in high
altitude and benefits from high solar radiation, is relatively
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Fig. 3 Drought Stress Index time series for 10 sites (Uljin sogwang-ri,
Bonghwa, Miryang, Sacheon, Jangsu, Hongcheon, Chuncheon, Seoul,
Pocheon, and Yeongyang). Years of the reported dieback
phenomenon are marked with black arrows

vulnerable compared to trees that live in general conditions. The relationship of these temperature and water
variables varies depending on local or regional conditions,
including geographical and biological factors. The DSI is
based on simplifying the climate–productivity–respiration
relationship presented by Kang et al. (2016) as an index
considering high temperature and drought stress physiology of trees. In this study, only climatic variables were
used as the initial stage of a strategic approach to the development of the index, but geographical and biological
factors will be added to develop a more useful and effective drought stress index.
Recently, the NSC has received a lot of attention as a
key factor of trees dieback and several studies trying to
simulate it (Fang et al. 2020). In this process, it was confirmed that NSC has short- and long-term features, respectively in the form of soluble sugar and starch
(Richardson et al. 2013). Thus, considering the physiological characteristics of trees, both short- and long-term
effects will need to be applied. In addition, considering
the long life span of trees, it is necessary to take into account the short but strong drought effects and weak but
sustained drought effects. As result, we found that M1
and M2 (only short-term DSI) differed from M3 to M5
(considered both short- and long-term DSI) (Fig. 3). In
the analysis of the ranking frequency, the event frequency corresponding to the first (1st) DSI rank was 2
in M1 and M2, whereas M3, M4, and M5 were higher as
6, 6, and 5, respectively. Consequently, the DSI considering both short and long terms appears to be more useful
in monitoring dieback events, although more data need
to be gathered for its evaluation in the future.
Various forests around the world are being damaged
by abnormal weather conditions, and studies have been
conducted to understand and predict these phenomena
(Huang and Anderegg 2012; Allen et al. 2015). The
mechanism for tree dieback has already been revealed.

Table 5 Pearson’s correlation coefficient between Drought
Stress Index (DSI) models
Model

M1

M2

M3

M4

M5

M1

1

0.940∗∗

0.676

0.895∗∗

0.847∗∗

1

0.705

0.884∗∗

0.926∗∗

∗∗

0.933

0.902∗∗

1

0.959∗∗

M2
M3
M4
M5
* p < 0.05, ** p < 0.01

1

1
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Table 6 Rank analysis for dieback events in the 10 target
locations during 2004–2016 (Fig. 3)
DSI
rank

DSI
mean

Frequency by DSI model

Cumulative

M1

M2

M3

M4

M5

Mean

conformity (%)

1

1.1

2

2

6

6

5

4.2

30.0

2

0.8

2

2

0

1

3

1.6

41.4

3

0.7

2

5

2

1

1

2.2

57.1

4

0.5

0

1

0

0

0

0.2

58.6

5

0.3

0

0

1

1

0

0.4

61.4

6

0.2

0

1

0

2

1

0.8

67.1

7

0.1

3

2

3

1

3

2.4

84.3

8

− 0.1

2

1

1

1

1

1.2

92.9

9

− 0.2

1

0

1

1

0

0.6

97.1

10

− 0.3

2

0

0

0

0

0.4

100.0

11

− 0.8

-

-

-

-

-

-

100.0

12

− 1.0

-

-

-

-

-

-

100.0

For each rank, the mean Drought Stress Index (DSI) was calculated, frequency
of dieback events were counted for different models, and then mean
frequency was used to calculate cumulative conformity.

(McDowell et al. 2008; Sala et al. 2010). Internal hydraulic failure and carbon starvation, as well as diseases
and pathogen from external sources, can operate separately or in combination (McDowell and Sevanto 2010).
However, an index and a model that can predict tree
dieback considering all these complex relationships
could not be found at present. Thus, a strategic method
of simplifying and sequentially approaching these complex relationships is necessary. Studies related to the dieback and stress of forest have also taken this approach.
Greenwood et al. (2017) developed an index using wood
density and specific leaf area with climatic variables to
monitor global tree dieback events. Also, Mildrexler
et al. (2016) produced a forest stress index based on satellite imagery by a simple combination of land surface
temperature and net water balance (precipitation minus
evapotranspiration) data. Like those studies, our study is
an early step toward developing more useful indices.
Through this study, we revealed the potential of DSI
using only climate data. Although the strategy based on
the climate–productivity–respiration relationship previously studied for developing such an index seemed useful, we also found that the limitations of the DSI for
some events made it very low in explanatory power.
Temperate regions exhibit faster trends of temperature
increase compared to other regions, and an increase of
drought intensity due to high temperature will become
more frequent (Kim et al., 2008). Therefore, a new approach to precipitation and temperature relationship is
required to determine the intensity and duration of
drought (Park et al. 2016; Bhuyan et al. 2017). In that
sense, physiological approaches of “the relative

Page 9 of 11

importance of drought and high temperature” and
“short- and long-term effects” are meaningful. In
addition to climate factors, we will consider adding biological factors (such as wood density, age, and biomass)
and topographic factors (such as altitude and aspect).
Furthermore, we need to collect data on the growth
stress of trees (such as tree-ring growth data) and specific dieback events to be used for DSI evaluation. In the
future, the increased verification data and understanding
of the stress and tree dieback will enable the development of DSI with more rational quantitative diagnosis
and predictability.

Conclusion
Research on how to diagnose and monitor drought
stress in the forest ecosystem at local and regional scales
has been lacking. Accordingly, we have proposed and
evaluated a stress index to identify drought and hightemperature vulnerability of Pinus densiflora forests. By
interpolating and combining data on precipitation and
temperature, we produced raster data at a spatial resolution of 1 km × 1 km across South Korea. The precipitation and temperature data were standardized and
converted to SPI and HI, and the DSI was calculated
through a simple linear combination of SPI and HI. The
DSI was compared to and analyzed with dieback event
data compiled in this study. As a result, the highest DSI
value during the study period was found in Gyeongsang
province, where many mass dieback events occurred in
2009. However, for some event data, the DSI value was
similar or even lower than those for normal years. In this
study, we found a meaningful link between DSI produced by using only climate data and Pinus densiflora
dieback event data, thereby confirming the potential use
of this new index, the DSI development of DSI with
more rational quantitative diagnosis and predictability.
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