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A B S T R A C T   

Soil temperature is an important factor for determining ant species inhabitation, but it has rarely been applied in 
species distribution modeling due to limited data sources. Hence, this study aimed to develop a predictive model 
for soil temperature and evaluate the potential distribution of a few ant species in South Korea. The monthly 
maximum and minimum soil temperatures were predicted by linear regression as a function of the monthly 
maximum and minimum air temperatures. Then, the developed model was used to predict the potential distri-
bution of the tropical fire ant (Solenopsis geminata Fabricius; TFA), red imported fire ant (Solenopsis invicta Buren; 
RIFA), and yellow crazy ant (Anoplolepis gracilipes Smith; YCA). Three ant species were selected because they 
have globally exerted negative impacts on the ecology of the invading area. The developed model could predict 
soil temperatures at 5, 10, 20, and 30 cm deep with an R2 value of 0.95. The climate suitability of TFA, RIFA, and 
YCA, predicted by soil temperature in the CLIMEX model, was found to be up to 25, 12, and 65 times higher than 
the climate suitability predicted by air temperature, respectively. This study showed that the potential distri-
bution predicted based on air and soil temperature could be different for a species inhabiting the ground, sug-
gesting that it is necessary to consider not only the outside environment, but also the soil environment, for an 
accurate prediction.   

1. Introduction 

Recent changes in species distribution have addressed the impor-
tance of pest monitoring and control before dispersion, and the damage 
from invasive pests has become serious (Ziska and McConnell, 2016). 
Invasive species are being introduced into new areas and are causing 
adverse effects on human health, local ecosystems, biodiversity, and 
agricultural productivity (Hulme, 2009; Juliano and Philip Lounibos, 
2005; Pyšek and Richardson, 2010; Ziska et al., 2011). Species distri-
bution modeling (SDM) has been used effectively to obtain useful in-
formation for the establishment of monitoring and control strategies 
(Hughes and Maywald, 1990; Mckenney et al., 2003; Sutherst and 
Maywald, 2005; Worner, 1988). The basic concept of SDM is to apply 
environmental data to the occurrence information of a target species so 
that the model can evaluate the occurrence potential of the target spe-
cies as a function of the environmental factors affecting species distri-
bution (de Souza Muñoz et al., 2011; Miller, 2010; Pearson, 2007). 

There are some representative examples of tools encoding SDM, such 
as MaxEnt (Elith et al., 2011; Phillips and Dudík, 2008), CLIMEX (Kri-
ticos et al., 2015), GARP (Stockwell, 1999), and BIOCLIM (Busby, 1991). 
Because of the close relationship between species growth and lifecycle, 
most models utilize climate as the first variable (Huryn, 1996), and air 
temperature is a key climatic variable for evaluating the potential dis-
tribution of notable invasive species (Jung et al., 2017a; Morrison et al., 
2004; Sutherst and Maywald, 2005; Wetterer, 2005). However, even 
though many species are exposed to the air (and its temperature) during 
their lifespan, some pests live in spaces that are isolated from the 
external climate (Jung et al., 2017a; Palaoro et al., 2013). In particular, 
many ant species, being represented in this study by the destructive 
tropical fire ant (Solenopsis geminata Fabricius; TFA) (Gotzek et al., 2015; 
Jouvenaz et al., 1984; Wauters et al., 2014), red imported fire ant 
(Solenopsis invicta Buren; RIFA) (Ascunce et al., 2011; Morrison et al., 
2004; Peterson and Nakazawa, 2008), and yellow crazy ant (Anoplolepis 
gracilipes Smith; YCA) (Abbott, 2005; Abbott, 2006; Hill et al., 2003), 
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build their colonies underground and spend most of their life in the soil 
(Vinson, 1997). 

Tropical fire ant, red imported fire ant, and yellow crazy ant have in 
common; vigorously invading new areas, attacking native species, and 
destroying ecological balances. TFA, RIFA and YCA builds up colonies in 
soil, in open fields, and even in artificial buildings (Van Pelt, 1956; Vogt 
et al., 2003; Hoffmann, 2015), and attacks indigenous vertebrates and 
invertebrates (Nafus and Schreiner, 1988, Way et al., 1998; Morrison 
et al., 2004; Wetterer, 2005; Norasmah et al., 2006; Wauters et al., 
2014). TFA and RIFA cause economic losses by damaging human-made 

facilities (e.g., irrigation tubes, and electronic cables), and agricultural 
products (Chang and Ota, 1976; Perfecto, 1994). In addition, RIFA has 
caused human health problems due to its aggressiveness and toxicity 
(Jemal and Hugh-Jones, 1993), making these ants as the target invasive 
species in this study. 

Soil temperature is a key factor influencing the growth and estab-
lishment of ant species that exist below the ground. For example, the soil 
temperature differs by depth from surface and has been reported to be 
the best predictor of red imported fire ant activity (Porter and Tschinkel, 
1987; Vogt et al., 2003). Hence, soil temperature can be a better option 

Table 1 
Parameter values of three ant species (tropical fire ant (TFA), red imported fire ant (RIFA), and yellow crazy ant (YCA)) used in the CLIMEX analysis.  

Parameters Code TFA (Byeon et al., 2020a) RIFA (Byeon et al., 2020b) YCA (Jung et al., 2017b) 

Temperature     
Limiting low temperature (◦C) DV0 15 15 15 
Lower optimal temperature (◦C) DV1 24 22 21 
Upper optimal temperature (◦C) DV2 28 37 35 
Limiting high temperature (◦C) DV3 36 40 38 

Degree-days to complete one generation PDD – 476 – 
Moisture     

Limiting low soil moisture SM0 0 0.05 0.01 
Lower optimal soil moisture SM1 0.1 0.3 0.2 
Upper optimal soil moisture SM2 1.5 0.9 1.5 
Limiting high soil moisture SM3 2.5 1.3 2.5 

Cold stress (CS)     
CS temperature threshold (◦C) TTCS 0 0 5 
CS temperature rate THCS − 0.0008 − 0.00447 − 0.003 
CS degree-day threshold (◦C) DTCS – – – 
CS degree-day rate DHCS – – – 

Heat stress (HS)     
HS temperature threshold (◦C) TTHS 38 40 40 
HS temperature rate THHS 0.0002 0.0018 0.0002 

Dry stress (DS)     
DS threshold SMDS 0 0.05 – 
DS rate HDS − 0.002 − 0.0025 – 

Wet stress (WS)     
WS threshold SMWS 2.5 1.3 2.5 
WS rate HWS 0.001 0.01 0.002  

Table 2 
List of soil and air temperatures with their abbreviation, definition, and equation.  

No. Description Equation Abbreviation 

1 Average maximum air temperature 
∑

Monthly maximum air temperature
1,645 (number of data)

TA,MAX 

2 Average minimum air temperature 
∑

Monthly minimum air temperature
1, 645 (number of data)

TA,MIN 

3 Average maximum soil temperature at a depth of x cm x = 5, 10, 20, and 30 
∑

Monthly maximum soil temperature at depth of x cm
1,645 (number of data)

TX,MAX 

4 Average minimum soil temperature at a depth of x cm x = 5, 10, 20, and 30 
∑

Monthly minimum soil temperature at depth of x cm
1, 645 (number of data)

TX,MIN 

5 Average maximum soil temperature T5,MAX + T10,MAX + T20,MAX + T30,MAX

4  
TS,MAX 

6 Average minimum soil temperature T5,MIN + T10,MIN + T20,MIN + T30,MIN

4  
TS,MIN 

7 Average Growth Index according to air temperature 
∑

Growth Index
142,812 (number of data)

GIA 

8 Average Cold Stress according to air temperature 
∑

Cold Stress
142,812 (number of data)

CSA 

9 Average Stress Index according to air temperature 
∑

Stress Index
142,812 (number of data)

SIA 

10 Average Ecoclimatic Index according to air temperature 
∑

Ecoclimatic Index
142,812 (number of data)

EIA 

11 Average Growth Index according to soil temperature at a depth of x cm x = 5, 10, 20 and 30 
∑

Growth Index at a depth of x cm
142, 812 (number of data)

GIX 

12 Average Cold Stress according to soil temperature at a depth of x cm x = 5, 10, 20 and 30 
∑

Cold stressat a depth of x cm
142,812 (number of data)

CSX 

13 Average Stress Index according to soil temperature at a depth of x cm x = 5, 10, 20 and 30 
∑

Stress Index at a depth of x cm
142,812 (number of data)

SIX 

14 Average Ecoclimatic Index according to soil temperature at a depth of x cm x = 5, 10, 20 and 30 
∑

Ecoclimatic Index at a depth of x cm
142,812 (number of data)

EIX 

15 Average Growth Index according to soil temperature GI5 + GI10 + GI20 + GI30

4  
GIS 

16 Average Cold Stress according to soil temperature CS5 + CS10 + CS20 + CS30

4  
CSS 

17 Average Ecoclimatic Index according to soil temperature EI5 + EI10 + EI20 + EI30

4  
EIS  
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for clearly evaluating the potential distribution of ant species. However, 
available soil temperature data at the national scale is limited; only a 
few meteorological stations measure soil temperature. Rather than 
measuring nationwide soil temperature, which requires intensive time 
and labor, soil temperature has been estimated as a function of air 
temperature because of the high correlation between them (Kang et al., 
2000). For example, there are studies that have developed simple 
models for predicting daily soil temperature using precipitation and air 
temperature (Zheng et al., 1993) and diurnal changes in soil according 
to air temperature (Parton and Logan, 1981). In addition, a model of soil 

temperature using topography, leaf area index (LAI), and air tempera-
ture has been reported (Kang et al., 2000). 

In this study, we aimed to develop a simple method for estimating 
soil temperature with respect to depth (5, 10, 20, and 30 cm) as a 
function of the air temperature in South Korea for use in the construction 
of a database of nationwide soil temperatures applicable for SDM. The 
developed soil temperature model and database were used in the SDM 
tool CLIMEX for three ant species (TFA, RIFA, and YCA) to predict cli-
matic suitability underground. These results were compared to the po-
tential distribution evaluated by air temperature in South Korea. 

Fig. 1. Locations of 32 meteorological stations with digital elevation model (DEM) in South Korea (DEM is from ArcGIS).  
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2. Materials and methods 

2.1. CLIMEX model for SDM 

The CLIMEX model was used to predict the potential distribution 
of the three ant species. The CLIMEX model predicts the potential 
distribution based on five monthly climatic factors (maximum tem-
perature, minimum temperature, rainfall, 09:00 h relative humidity 
(RH), and 15:00 h RH) and biological characteristics of a target 
species to determine model parameters, such as low threshold tem-
perature, effective accumulated temperature, and development 
period (Jung et al., 2016; Kriticos et al., 2015). CLIMEX calculates 
the possibility of a species inhabitation by multiplication of the 
Growth Index (GI; a representation of species growth under favor-
able climate) and Stress Index (SI; representation of growth limit 
under unfavorable climate), which results in climatic suitability 
represented by the Ecoclimatic Index (EI) on a scale of 0 to 100. In 
general, an EI > 30 means a highly suitable climate for a species. The 
detailed procedure and definitions of model parameters with the 
working mechanism are described by Kriticos et al. (2015). In this 
study, we used published CLIMEX parameters to predict the poten-
tial distribution of TFA (Byeon et al., 2020a), RIFA (Byeon et al., 
2020b), and YCA (Jung et al., 2017b) (Table 1). Then, we evaluated 
the changes in the EI, GI, and Cold Stress (CS) according to the soil 
temperatures at depths of 5, 10, 20, and 30 cm. All terms used in 

developing the model are described in Table 2. Equations from 1 to 6 
in the Table 2 represented the monthly average air and soil tem-
peratures from actual data (total 1645 data points), while the 
equations from 7 to 17 were the average results produced by the 
CLIMEX. Specifically, Eqs. (1) and (2) were developed for calculating 
the monthly average air temperature, while Eqs. (3) and (4) were for 
the monthly average soil temperature by the soil depth. Eqs. (5) and 
(6) were conceived to estimate the total average soil temperature for 
the depth from 5 cm to 30 cm. Equations from 7 to 10 were developed 
to average the values of GI, CS, SI, and EI according to the air tem-
perature in the total of 142,812 points, whereas the equations from 
11 to 14 averaged the values of GI, CS, SI, and EI based on the soil 
temperature by depth. Finally, equations from 14 to 17 were to 
calculate the total average value of GI, CS, SI, and EI for the depth 
from 5 cm to 30 cm. 

2.2. Developing a soil temperature model 

Hourly maximum and minimum temperatures for soil and air 
measured at 32 meteorological stations were obtained from the Korea 
Meteorological Administration (KMA) from 2014 to 2018 (Korea 
Meteorological Administration (KMA), 2020) (Fig. 1). The obtained 
soil temperatures were 5, 10, 20, and 30 cm deep. From the obtained 
soil temperature data, we removed unrecorded data (null data) and 
observation errors, retaining 1645 of 1920 data points. Linear 

Fig. 2. Flowchart of developing soil temperature model and database for operating the CLIMEX model.  
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regression analysis was applied to develop a series of models for 
predicting monthly maximum and minimum soil temperatures as a 
function of monthly maximum and minimum air temperatures at each 
meteorological station. For linear regression analysis, the R package 
(“stats”) was used (R Core Team, 2020). 

2.3. Database construction for the CLIMEX model 

The monthly maximum/minimum air temperature and rainfall data 
necessary for operating the CLIMEX model were obtained from World-
Clim (http://worldclim.org/version2), and their values in South Korea 
were extracted. The obtained data were in raster format (1 × 1 km 
resolution with a total of 142,812 cells) for the period 1970–2000 (Fick 
and Hijmans, 2017) and were projected onto the map of South Korea 
using ArcMap (version 10.7.1, ESRI, Redland, CA, USA). The developed 
linear equations were then applied to calculate the soil temperature at 
the point where air temperature was extracted. When the maximum 
temperature was calculated to be lower than the minimum temperature 
(5% of the total data), they were exchanged. Consequently, the final soil 
temperature database suitable for CLIMEX had 142,812 cells with 1 × 1 
km resolution and included the maximum/minimum monthly soil 
temperatures and rainfall, which were predicted by the regression model 
and provided by WorldClim, respectively. The entire process of devel-
oping the model and constructing the database is described as a flow 
chart in Fig. 2. 

3. Results 

3.1. Results for the soil temperature model and database 

The average coefficient of determination (R2-value) and standard 
error (SE) of the developed model were 0.97 (P < 0.001) and 1.72 ◦C, 
respectively (Figs. 3 and 4). The largest and lowest SEs were observed in 
the models for maximum soil temperature at 30 and 10 cm depths, 
respectively. However, even the largest SE was approximately 2 ◦C, 
suggesting that the model is reliable for predicting the soil temperature 
in South Korea. Previous studies that developed a linear regression 
model for estimating soil temperature as a function of environmental 
conditions reported R2-values of 0.93 and SEs of 2.16 (Zheng et al., 
1993), and 0.95 and 4.15 (Toy et al., 1978). Thus, we believe that the 
current model showed reliable accuracy. 

The estimated monthly maximum soil temperature dropped by 
approximately 0.8 ◦C as the soil depth increased by 10 cm, whereas the 
monthly minimum soil temperature increased by an average of 
approximately 1.7 ◦C depending on the depth (limited within 30 cm 
deep) (Fig. 5a). Consequently, the temperature difference between the 
monthly maximum and minimum was gradually reduced by the depth 
and reached within 1.5 ◦C at a depth of 30 cm. Based on the tendency of 
temperature change within a depth of 30 cm, both the monthly 
maximum and minimum temperatures would eventually reach a plateau 
and appear to maintain constant temperatures and their difference 

Fig. 3. Scatter plot and model equations by linear regression analysis for estimating the maximum soil temperature at depths of a) 5, b) 10, c) 20, and d) 30 cm.  
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within 1 ◦C. The average maximum soil temperature at a depth of 5 cm 
(T5,MAX) was higher by 0.3 ◦C than the average maximum air tempera-
ture (TA,MAX) because of the effect of high temperature at the ground 
surface (Krarti et al., 1995) (Table 2, Figufe 5a); however, the maximum 
soil temperatures deeper than 5 cm were lower than the air temperature 
(Fig. 5a). The average minimum soil temperature (TS,MIN) within a depth 
of 30 cm was lower than the average minimum air temperature (TA,MIN), 
regardless of depth (Fig. 5a). 

Fig. 5b illustrates the changes in maximum and minimum soil 
temperature by depth according to season, showing large temperature 
variations by season but the same pattern of change by depth. As 
expected, the seasonal air temperature varied much more than did the 
soil temperature. The maximum soil temperatures at 5 and 10 cm 
depths were higher than TA,MAX in the summer, confirming the effect 
of ground heat caused by solar radiation (Fig. 5b). The average 
maximum soil temperature (TS,MAX) was 2.3 ◦C lower than the TA,MAX 
in spring, which showed the largest difference compared to other 
seasons, and the TS,MIN was 4.7 ◦C higher than TA,MIN in winter 
(Fig. 5b). 

3.2. Comparison of CLIMEX indices for the three ant species 

We first investigated GI because it increases under climatic condi-
tions suitable for growth (Jung et al., 2016; Kriticos et al., 2015). The 
average GIs according to soil temperature (GIS) for TPA, RIFA, and YCA 

were 30, 22.4, and 28.8, corresponding to 10%, 3%, and 15%, respec-
tively, compared to the average GIs according to air temperature (GIA) 
(Tables 2 and 3). In addition, TPA showed the highest average GIS values 
at a depth of 10 cm (GI10), while RIFA and YCA showed the highest 
average GIS values at a depth of 5 cm (GI5), indicating that the optimal 
depth for population growth differed by species (Table 2, Fig. 6). The 
largest difference caused by soil and air temperatures was observed in 
YCA, and RIFA showed the smallest difference. The smallest change in 
RIFA was due to the average GIS values at depths of 20 cm (GI20) and 
30 cm (GI30) being lower than the GIA values (Table 2, Fig. 6b). A 
similar situation in GI values was found for YCA, which decreased from 
10 cm depth (Fig. 6c). By comparing GI values and soil temperature, 
we confirmed that a decrease in GI started to occur when TA,MAX was 
higher than the maximum soil temperature at the depth. For example, 
TA,MAX was higher than the average maximum soil temperatures at 
depths of 20 cm (T20,MAX) and 30 cm (T30,MAX) in all seasons for RIFA 
(Tables 2 and 3). 

The temperature during the winter season in South Korea is 
frequently below zero; thus, the high CS limits the inhabitation of alien 
species (Jung et al., 2017b). The average CS according to air tempera-
ture (CSA) was too high to endure for ant species from tropical zones, 
and it was three times higher than the average CS according to the soil 
temperature (CSS) (Tables 2 and 3, Fig. 7). With respect to soil depth, the 
average cold stress according to soil temperature at a depth of 30 cm 
(CS30) was the lowest, indicating that the TS,MIN were climatically better 

Fig. 4. Scatter plot and model equations by linear regression analysis for estimating the minimum soil temperature at depths of a) 5, b) 10, c) 20, and d) 30 cm.  
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for all three ant species than TA,MIN (Table 2, Fig. 7). Therefore, the 
possibility of survival during winter is likely to be higher in the ground 
than under ambient conditions. We also noted that Heat Stress (HS) did 
not occur in South Korea. 

The increased GI and reduced CS subsequently resulted in higher EI 
in the ground than in exposure to atmosphere. The EI values of the three 
ant species increased with the depth of soil and showed positive values 
(>0) in some regions (Fig. 8). The average EIs according to the air 
temperature (EIA) of TPA, RIFA, and YCA were 0.8, 1.2, and 0.1, 
respectively, whereas the average EIs according to soil temperature at a 
depth of 30 cm (EI30) of TPA, RIFA, and YCA were expected to reach 
20.7, 14.4, and 6.5, respectively (Tables 2 and 3). These values were 26, 
12, and 6.5 times as high as the EIA; thus, the soil condition was assumed 
to be climatically suitable. 

3.3. Prediction of potential distribution of three ant species based on soil 
temperature variation by depth 

Under the current climate for air temperature, it was predicted that 
TFA, RIFA and YCA would be unsuitable to establish in 94.3%, 89.9% 
and 99.1% of South Korea, respectively (Tables 2 and 3). However, their 
potential distributions could be expanded with the application of soil 
temperature. For TPA and RIFA, more than 90% of South Korea was 
predicted to be climatically suitable at a depth of 30 cm in the soil, and 
an EI larger than 1 was shown in approximately 50% of domestic re-
gions, even at a depth of 5 cm. The potential distribution of YCA was 
expected to be >8% of the country at a depth of 5 cm, but increased by 
32% when descending to a depth of 30 cm in the soil. YCA showed a very 
large CS value in South Korea because its CS temperature threshold 

Fig. 5. Annual (a) and seasonal (b) variations in average maximum and minimum soil temperatures by soil depth. The black and red lines in seasonal variation 
indicate maximum and minimum temperature, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.) 
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(TTCS) was 5 ◦C higher than that of other species, resulting in its sur-
vival in southern regions. 

The optimal regions for TPA and YCA (EI ≥ 30)—but not those for 
RIFA—increased with greater soil depth. At a depth of 30 cm, the areas 
with EI ≥ 30 for TPA and YCA were 31.6% and 5%, respectively, which 
increased by 30.8% and 5% compared to those in the atmosphere (Ta-
bles 2 and 3). However, the optimal suitability for RIFA (EI ≥ 30) was 
observed at depths of 5 and 10 cm, while it decreased at depths of 20 and 
30 cm due to a decrease in GI20 and GI30. Even though there is a dif-
ference in favorable soil depth by ant species, areas with high climate 
suitability for the three ant species became larger when using soil tem-
perature than when using air temperature. 

4. Discussion 

4.1. Characteristics of soil temperature model and its variables 

In this study, we developed a model for predicting soil temperature 
and applied it to construct a database applicable for CLIMEX operation 
for three ant species. In our analysis, the maximum and minimum soil 
temperatures tended to decrease and increase with depth, respectively, 
which was validated by the actual measurements of soil temperature 
provided by KMA (KMA, 2020). This might be because the temperature 
at the ground is greatly changed by solar radiation, in addition to the 

Fig. 6. Growth Index (GI) of a) tropical fire ant (TFA), b) red imported fire ant (RIFA), and c) yellow crazy ant (YCA). (For interpretation of the references to colour in 
this figure legend, the reader is referred to the web version of this article.) 

Table 3 
Change in percentage of areas with Ecoclimatic Index (EI) values and average 
CLIMEX index.  

Species Depth Areal percentage by EI (%)  Averaged CLIMEX 
index 

EI =
0 

10 >
EI ≥1 

30 >
EI ≥10 

EI 
≥30 

EI GI CS 

TFA Air 94.3 2.4 2.5 0.8 0.8 26.8 374 
5 cm 58.9 11.1 22.2 7.8 7.4 30.5 137.9 
10 cm 43.9 15 27.8 13.3 10.9 30.6 103 
20 cm 19.8 17.2 37 26 17.1 29.9 60 
30 cm 9.8 12.4 46.2 31.6 20.7 28.8 38.2 

RIFA Air 89.9 5.4 3.9 0.9 1.2 21.7 336.4 
5 cm 41.7 11.6 24 22.7 13.5 29.8 95.8 
10 cm 27.3 19.5 30.5 22.7 14.9 24.1 65.5 
20 cm 11.4 27.4 42 19.2 15.4 19.3 31.8 
30 cm 5.7 29.7 51 13.6 14.4 16.4 16.5 

YCA Air 99.1 0.4 0.5 0 0.1 25 670.9 
5 cm 92.4 2.9 3.5 1.2 1.2 31.4 329 
10 cm 87.7 4.5 6 1.8 1.9 29.3 267 
20 cm 72.4 10.4 13.7 3.5 4.2 27.9 183.8 
30 cm 60.1 11.9 23 5 6.5 26.6 137.9 

TFA: Tropical fire ant; RIFA: Red imported fire ant; YCA: Yellow crazy ant; EI: 
Ecoclimatic Index; GI: Growth Index; CS: Cold Stress. 
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LAI, evaporation, soil type, etc. (Kang et al., 2000; Krarti et al., 1995; 
Mehdizadeh et al., 2018; Mihalakakou, 2002; Tabari et al., 2011). In the 
summer season in South Korea, the maximum average temperature of 
the ground increases to approximately 40 ◦C during the daytime (KMA, 
2020), and the heat is transferred into the soil, resulting in a maximum 
soil temperature as high as the ground temperature (Cellier et al., 
1996; Popiel et al., 2001). In contrast, the minimum soil temperature 
would not be affected by solar radiation because it is estimated at 
night. Moreover, the heat capacity of soil is higher than that of air, 
suggesting that soil temperature decreases slowly and the soil retains 
more heat than does air (Yang and Wang, 2008; Zheng et al., 1993). In 
addition, the temperature at the ground surface decreases faster than 
that of the underground soil because of factors such as evaporation, 
RH, rainfall, and air temperature (Krarti et al., 1995; Mihalakakou, 
2002; Milly, 1984). Consequently, the maximum soil temperature 
decreases, whereas the minimum temperature increases with depth; 
thus, the difference between the maximum and minimum soil tem-
perature is reduced by soil depth. The difference between monthly 
maximum and minimum temperatures were shown up to approxi-
mately 40 cm deep, and there was only a small difference between 
monthly maximum and minimum temperatures within a depth of 30 to 
40 cm. This observation was consistent with previous study that the 
monthly diurnal variation of soil temperature existed only up to 40 cm 
deep (Sing and Sharma, 2017). 

Although soil temperature is strongly correlated with air tempera-
ture, there are other factors affecting soil temperature, such as surface 
albedo, water content, elevation, and slope, radiation, sunshine dura-
tion, atmospheric pressure, and RH (Bilgili, 2010; Flerchinger and 
Pierson, 1991; Kang et al., 2000; Kisi et al., 2017; Mehdizadeh et al., 
2018; Paul et al., 2004; Tabari et al., 2011). Kang et al. (2000) showed 
that the LAI was necessary for predicting the soil temperature, while 
other studies reported that RH and sunshine were correlated with the 
LAI (Bilgili, 2010; Mehdizadeh et al., 2018; Tabari et al., 2011). The 
correlation of RH with soil temperature was approximately 0.5 in this 
study, but inclusion in the regression equation did not improve the 
model performance; thus, we excluded it from the equation. This dif-
ference in variable correlation with soil temperature seems to depend on 
the study area, suggesting that regional climatic characteristics deter-
mine soil temperature; thus, region-specific models should be developed 
according to the climatic characteristics to be used for predicting soil 
temperature. 

4.2. Limitation of soil temperature model and alternative approaches 

From a methodological point of view, linear regression is simple but 
powerful for developing a correlative model based on actual datasets 
(Figura et al., 2015; Laanaya et al., 2017; Mohseni and Stefan, 1999; 
Neumann et al., 2003;Toy et al., 1978; Zheng et al., 1993). As 

Fig. 7. Cold Stress (CS) of a) tropical fire ant (TFA), b) red imported fire ant (RIFA) and c) yellow crazy ant (YCA). (For interpretation of the references to colour in 
this figure legend, the reader is referred to the web version of this article.) 
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mentioned, this study showed an R2-value of 0.95, with a standard error 
of 2 ◦C, which is comparable to those of previous models (Toy et al., 
1978; Zheng et al., 1993). Species distribution is greatly influenced by 
temperature, and an error of 2 ◦C can shift the predicted potential dis-
tribution because the model used the estimated soil temperature for 
individual points rather than the regional average (Buckley et al., 2010; 
Jeffree and Jeffree, 1994). Hence, a precise soil temperature model 
should be applied for predicting species distribution (Singh et al., 2018). 
In addition, this study only developed soil temperature models up to 30 
cm deep due to lack of data availability. However, the diurnal variation 
of soil temperature almost disappeared at a depth of 30 cm, meaning soil 
temperature would not be significantly different by depth after 30 cm 
depth. Nevertheless, the current approach is worthwhile because no 
study to date has attempted to apply a soil temperature model to a 
species distribution model, especially for ant species by soil depth. 

As an advanced tool for developing a model for predicting soil 
temperature, artificial neural networks (ANNs) have been applied (Bil-
gili, 2010; Ozturk et al., 2011; Tabari et al., 2011; Wu et al., 2013) 
because they are considered to be superior to regression analysis (Tabari 
et al., 2011). For example, Bilgili (2010) predicted soil temperature 
using ANNs down to a depth of 100 cm with an R2-value of 0.99. 
However, ANNs work better for non-linear systems than for linear sys-
tems (Chen et al., 1990). Moreover, its performance was maximized 
with a significantly large number of data points, showing a similar result 

to linear regression with a small number of data points (Lee et al., 2019). 
We only obtained 1645 data points at 32 meteorological stations from 
KMA, which is not sufficient for running the ANN. In addition, the main 
scope of this study was to develop a soil temperature database for 
operating the CLIMEX model, which requires the maximum and mini-
mum temperatures. For this reason, the average soil temperature 
generally targeted from previous models was not adequate for this study. 

4.3. Climatic suitability of three ant species using by soil temperature 

The CLIMEX model showed that the three ant species were able to 
overwinter in soil. In particular, the CS greatly decreased as the soil 
depth increased, causing an increase in EI values. Hence, the depth of 
habitation is an important factor for evaluating the possibility of 
establishment. It has been reported that TFAs construct mounds at 30 cm 
depth in the soil and can build a vertical tunnel up to a depth of 180 cm 
(Van Pelt, 1956). In contrast, YCAs prefer to construct nests at 10 or 20 
cm deep (Hoffmann, 2015). Therefore, there is a high possibility of their 
inhabitation in South Korea because the highest climatic suitability for 
TFAs and YCAs were observed at a depth of 30 cm in the soil, and pre-
dictions based on air temperature might underestimate the potential 
distribution (Jung et al., 2017a, 2017b; Byeon et al., 2020a, 2020b). In 
addition, TFAs are considered more suitable for survival in South Korea 
than YCAs because TFAs build deep nests and create mounds. RIFAs 

Fig. 8. Ecoclimatic index (EI) of a) tropical fire ant (TFA), b) red imported fire ant (RIFA) and c) yellow crazy ant (YCA). (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.) 
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showed the highest climatic suitability at 10 and 20 cm depths in the 
soil, which is consistent with a previous study that reported foraging 
activity at a depth of 15 cm (Vogt et al., 2003). In addition, RIFAs can 
construct mounds at a depth of 60 cm with a tunnel of 30 to 40 cm, 
suggesting the possible inhibition of RIFA inhabitation in South Korean 
soil. 

In CLIMEX, parameters related to the GI are mostly based on 
experimental data (Kriticos et al., 2015). For this reason, they are first 
determined and unlikely to be changed compared to the parameters 
used for calculating SI. For example, the stress rate representing the rate 
of stress accumulation outside of endurable conditions is calibrated 
based on the actual distribution until the potential distribution matches 
the actual distribution. In this study, only the air temperature was 
replaced by soil temperature in climate data and did not change the SI- 
related parameter values from previous studies (Jung et al., 2017a, 
2017b; Byeon et al., 2020a, 2020b). In other words, to develop a CLI-
MEX model for ant species with high accuracy, SI-related parameter 
values need to be calibrated based on the global distribution and soil 
temperature. 

5. Conclusion 

This study proposed the application of soil temperature into a species 
distribution model by developing a soil temperature model and 
comparing the potential differences in distribution between soil tem-
perature and air temperature. For all three ant species, the climatic 
suitability in the soil was higher than that under air temperature, sug-
gesting that the potential distribution after invasion could be worse than 
previous predictions. Intensive quarantine is the first demand, but 
conservative monitoring of a species showing inhabitation characteris-
tics in the soil should be considered to prevent its invasion and further 
dispersion. Additionally, the soil temperature model is region-specific 
due to complex interactions with the regional environment, suggesting 
that the model needs to be developed for the area to evaluate the species 
living in the soil. 
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de Souza Muñoz, M.E., De Giovanni, R., de Siqueira, M.F., Sutton, T., Brewer, P., 
Pereira, R.S., Canhos, R.S., Canhos, V.P., 2011. openModeller: a generic approach to 
species’ potential distribution modelling. GeoInformatica 15, 111–135. https://doi. 
org/10.1007/s10707-009-0090-7. 

Stockwell, D., 1999. The GARP modelling system: problems and solutions to automated 
spatial prediction. Int. J. Geogr. Inf. Sci. 13, 143–158. https://doi.org/10.1080/ 
136588199241391. 

Sutherst, R.W., Maywald, G., 2005. A climate model of the red imported fire ant, 
Solenopsis invicta Buren (Hymenoptera: Formicidae): implications for invasion of new 
regions, particularly Oceania. Environ. Entomol. 34, 317–335. https://doi.org/ 
10.1603/0046-225X-34.2.317. 

Tabari, H., Sabziparvar, A.A., Ahmadi, M., 2011. Comparison of artificial neural network 
and multivariate linear regression methods for estimation of daily soil temperature 
in an arid region. Meteorog. Atmos. Phys. 110, 135–142. https://doi.org/10.1007/ 
s00703-010-0110-z. 

Toy, T.J., Kuhaida Jr., A.J., Munson, B.E., 1978. The prediction of mean monthly soil 
temperature from mean monthly air temperature. Soil Sci. 126, 181–189. https:// 
doi.org/10.1097/00010694-197809000-00008. 

Van Pelt, A.F., 1956. The ecology of the ants of the Welaka reserve, Florida 
(Hymenoptera: Formicidae). Am. Midl. Nat. 56, 358–387. https://doi.org/10.2307/ 
2422427. 

Vinson, S.B., 1997. Invasion of the red imported fire ant (Hymenoptera: Formicidae): 
spread, biology, and impact. Am. Entomol. 43, 23–39. 

Vogt, J.T., Smith, W.A., Grantham, R.A., Wright, R.E., 2003. Effects of temperature and 
season on foraging activity of red imported fire ants (Hymenoptera: Formicidae) in 
Oklahoma. Environ. Entomol. 32, 447–451. https://doi.org/10.1603/0046-225X- 
32.3.447. 

Wauters, N., Dekoninck, W., Herrera, H.W., Fournier, D., 2014. Distribution, behavioral 
dominance and potential impacts on endemic fauna of tropical fire ant Solenopsis 
geminata (Fabricius, 1804) (Hymenoptera: Formicidae: Myrmicinae) in the 
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