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Abstract    

Climate change poses a serious threat to rice production and soil quality in tropical 

monsoon areas where it is the lifeline of regional food security. In this study, the 

Environmental Policy Integrated Climate (EPIC) model was evaluated for the reliability of 

model calibration and validation procedures using local-scale data. The model was then 

employed to evaluate the possible impact of climate change on rice yield and soil organic 

carbon (SOC) sequestration in Roi Et Province, Northeast Thailand. The dominant factors 

that influence the changes in rice yield and SOC sequestration were identified. Four 

Representative Concentration Pathway (RCP) scenarios (RCPs 2.6, 4.5, 6.0, and 8.5) and 

Sixteen General Circulation Models under four future time periods; near future (2020–2039), 

mid future (2040–2059), far future (2060–2079), and very far future (2080–2099) from the 

Coupled Model Intercomparison Project Phase 5 (CMIP5) were used as future climate 

projections. The findings revealed that climate change will impact rice yields positively, 

which will benefit farmers, especially in rain-fed areas, by +2.6% (RCP8.5: 2080–2099) to 

+22.7% (RCP6.0: 2080–2099). Rice yields in all case tend to increase significantly by +0.7% 

(RCP8.5: 2060–2079) to +18.8% (RCP6.0: 2080–2099), with the exception of 2080–2099 

under RCP8.5, which results in a decline of rice yield by -8.4%. The precipitation is the most 

important factor for rice yield in this area. Although rising temperatures will bring a slight 

rice yield reduction, its impact will be negated by large amounts of increased CO2 

concentration and precipitation. Conversely, SOC decreased significantly in all time periods. 

The highest decreased SOC was a -32.0% decline under RCP8.5 in the very far future. This is 
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because rises in temperature and precipitation, with precipitation being the most important 

driver, negated the enrichment of CO2 fertilization, resulting in accelerated SOC 

decomposition rates, which may increase nitrogen availability to the soil and increase yield.  

Key words: Climate change, EPIC model, rice, soil organic carbon, Thailand 

 

1. Introduction 
  
 According to the Fifth Assessment Report of the Intergovernmental Panel on Climate 

Change (IPCC AR5), the global mean temperature has risen by about 0.85ºC during the 

period of 1880 to 2012. It also states that the global mean surface temperature will increase 

by 0.3 to 4.8ºC by the end of 21st century (IPCC, 2013). Thus, climate change and rising 

atmospheric CO2 concentrations may influence rice yields (Parry et al., 2004; Adejuwon, 

2005) and thus threaten food security (Nguyen, 2006). In the tropics, crop production is more 

sensitive to warming since they already operate close to the optimal temperature, hence, the 

yield may reduce sharply (Oteng-Darko et al., 2012; Candradijaya et al., 2014). The climate 

of Thailand is experiencing a gradual warming, as indicated by significant changes of 

temperature and rainfall extreme trends from observed records (Limjirakan and Limsakul, 

2012; Limsakul et al., 2010). Increased dry season rainfall in Northeast Thailand was found 

to be consistent with wider on-going climate dynamics observed in East Asia and explained 

by the weakening of the East Asian winter monsoon (Zhou, 2011). These changes were 

attributed to global warming (Zhang et al., 2011), indicating that temperature is likely to 

continue increasing in the future. Although soils have the potential to mitigate increasing 

CO2 concentrations through carbon (C) sequestration, land misuse and soil mismanagement 

have caused the depletion of soil organic carbon (SOC) (Li and Zhang, 2007; Li et al., 2010). 

Therefore, computer simulation models of soil, crop yields, and atmospheric systems can 

make valuable contributions to determining crop responses, predicting crop performances, 

and evaluating the environmental impacts of different management practices. 

The Environmental Policy Integrated Climate (EPIC) model, a notable integrated 

model of management of the soil–water–atmosphere system, was developed and has been 

successfully used to simulate the effects of this system on crop production and soil dynamics 

(Williams et al., 1984; Williams et al., 1989; Sharpley and Williams, 1990). Williams et al. 

(2006) noted that the EPIC model can also be used to simulate nitrogen (N) and C cycling, 

surface runoff and leaching of N and phosphorous (P), alternative cropping systems, 

management practices, crop growth and yields of about 100 different crop plant species, 
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climate change, and the effects of atmospheric CO2 concentration. According to Zhao et al. 

(2013), the EPIC model is the most suitable model for SOC simulation for different irrigation, 

fertilization, and tillage treatments. With increasing concern about climate change and 

associated issues, the EPIC model has increasingly been used to simulate the impacts of 

climate change on crop yields (Brown et al., 2000; Izaurralde et al., 2003; Wang and Li, 

2010), and nitrate leaching. However, these studies have been conducted at large scales 

(basin, country, or regional), at which local heterogeneity in factors such as local climate, soil 

properties, and farmer management practices could not be incorporated. The impacts of 

climate change at different scales may differ in severity. 

Indeed, local-scale simulation is often challenging because precise data are rarely 

available and accessible. For instance, Xiong et al. (2008) examined the performance of 

CERES-Rice at a regional scale across China using a cross-calibration process based on 

limited experimental data, agroecological zones, and a geographical database with a 50 km × 

50 km grid scale; reducing the error between the simulated and actual yields using specific 

areas and other yield loss factors was suggested. Niu et al. (2009) reported that the use of 

field measurement data or location-specific data instead of data from widely available sources 

decreased the simulation bias in a study in which the EPIC model was used to simulate grain 

sorghum yields in the US Great Plains under different climate scenarios. Causarano et al. 

(2011) suggested that more data on spatial and temporal variation in SOC are needed to 

improve the calibration and validation of the EPIC model. Xiong et al. (2014) suggested that 

more precise data at the local or regional scale could improve the reliability and accuracy of 

model calibration even for global simulation of rice yields with the EPIC model. However, to 

the best of our knowledge, no study has assessed the potential impacts of climate change on 

rice yield and SOC dynamics in Roi Et province, in the northeast region of Thailand 

(although see Arunrat, 2017). The work by Arunrat (2017) used EPIC0509 model and A2 and 

B2 scenarios to predict rice yield and SOC in Roi Et province, but the climate scenarios and 

model version were out of date and it is still unclear what is the most dominant climate factor 

controlling rice yield and SOC changes. Tao et al. (2006 and 2014) suggested that the effects 

of temperature and CO2 concentration on physiological processes and mechanisms for crop 

growth and production should be separately investigated. Also, Hobley and Wilson (2016) 

proposed that precipitation and temperature control soil C dynamics at the regional scale. 

Therefore, it is clear that using further new climate scenarios and model versions are needed 

to bring robust predictions of climate change impact to future rice yield and SOC in this area.    
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To fill a remaining gap in this research, there is a pressing need to improve the 

accuracy of model simulations through the use of location-specific data for model calibration 

and validation. In the present study, the EPIC0810 version was used and run using the i-EPIC 

(interactive EPIC) interface. The objectives of this study are: 1) to evaluate the reliability of 

the EPIC model calibration and validation processes based on local-scale data, 2) to evaluate 

the possible impacts of climate change on rice yield and SOC sequestration, and 3) identify 

the most important factors that influence the changing of rice yields and SOC sequestration in 

this area. 

 

2. Materials and methods 

2.1 Site description 

 The study area is in the Thung Kula Sub-district, Suwannaphum District, Roi Et 

Province, Thailand, located at 15°28′N, 103°48′E. Roi Et soils are derived from washed 

deposits of sandstone and occur on the lower parts of peneplains. The elevation ranges from 

100 to 200 m above sea level. This area has a tropical monsoon climate (Köppen 'Aw'). The 

average annual precipitation in 2014 ranged from 800 to 2,900 mm, and the mean annual air 

temperature ranged from 26 to 28°C. The major soil type in Roi Et Province is ultisol with > 

60% sand content; low SOC, ranging from 0.40%–1.29%; and moderately acidic surface soil 

with a pH range of 5.0–6.0 (LDD, 1991). 

 

2.2 EPIC model description 

2.2.1 Crop growth model   

The EPIC model is able to simulate the growth of both annual and perennial crops 

based on a single crop growth model. This model uses radiation-use efficiency to calculate 

the photosynthetic production of biomass. Interception of solar radiation is estimated as a 

function of leaf area index (LAI). LAI is simulated with equations determined based on heat 

units, the maximum LAI for the crop, genetic coefficients, and five environmental stresses 

(water; temperature; nutrients, N and P; and aeration). The stress factor values range from 0 

to 1, and the phonological development of the crop is based on daily heat unit accumulation 

and a heat unit index value (HUI) computed from 0 at planting to 1 at maturity. Atmospheric 

CO2 concentration also influences photosynthesis by increasing radiation-use efficiency. 

Therefore, crop yields are estimated by multiplying the above-ground biomass at maturity 

(determined based on the accumulation of heat units or a specified harvest date) by a harvest 
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index (economic yield divided by aboveground biomass) specified for the particular crop 

(Easterling et al., 1998; Liu et al., 2014). 

 

2.2.2 Carbon flows in the EPIC model  

The EPIC model simulates dynamic C processes using C routines conceptually 

similar to those used in the Century model (Izaurralde et al., 2001; 2006). The Century model 

(Parton et al., 1987; 1994) was successfully used to simulate soil organic matter (SOM) 

across a variety of land use types and climates and is among the models that consistently 

produce low errors and show low overall bias (Kelly et al., 1997; Smith et al., 1997). The 

total C pool for soil C estimations consists of five compartments: structural litter, metabolic 

litter, microbial biomass, slow humus, and passive humus. Parton et al. (1987; 1993; 1994) 

and Izaurralde et al. (2006) described the original dynamic C processes in the Century model 

and the new C and N modules developed for the EPIC model. These new modules were built 

to connect simulation of soil C and N dynamics with crop management, tillage methods, and 

erosion processes. The surface microbial pool turnover rate is independent of soil texture, 

whereas soil texture influences the turnover of active SOM (higher rates for sandy soils). The 

model assumes a 60% loss of carbon due to microbial respiration for surface microbes and 

55% for all other layers. Allocation of carbon from lignin in structural litter to CO2 is set at 

0.3, and the rest is partitioned into slow humus. In each process, there are moisture and 

temperature controls on soil biological processes (Izaurralde et al., 2006). 

 

2.3 Data collection and model input data 

 2.3.1 Simulation unit 

The study area was divided into small sub-areas to collect soil samples, prepare 

climate data, and determine land management characteristics using a polygonal grid 

measuring 0.01 × 0.01 degrees in size, and covering ~1 × 1 km. The total area was covered 

by a total of 64 grid cells, with 24 grid cells in irrigated areas, and 40 grid cells in rain-fed 

areas (Figure 1).  
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Figure 1. The location of data collection and simulation unit. 

 

2.3.2 Soil sampling and analysis 

In a survey of soil nutrient status in Thailand from 2004 to 2008, 13 sites in the study 

area were sampled by the laboratory of the Office of Science for Land Development, Land 

Development Department, Ministry of Agriculture, and Cooperatives, Thailand. From the 13 

sites in the study area in Thung Kula Sub-district, nine of which were in irrigated areas and 

four in rain-fed areas, data were collected and the SOC estimated in 2004. In 2014, soil 

samples were collected again from the same 13 study sites to investigate changes in soil 

properties and model calibration, and 51 new sites were also investigated for model 

validation. Soil samples were collected during the dry season after the rice harvest 

(November, 2014). At each site, the soil horizons from 0 to 40 cm in depth were identified 

based on specific physical features, i.e., color and texture. Three samples (replications) of 

each soil horizon were then collected. A total of 621 soil samples from 64 sites were 

collected. Soil profiles were divided into four layers (0–10, 10–20, 20–30, and 30–40 cm). 

Soil properties of each soil layer in each site were input into soil files of the EPIC model. The 

soil parameters required for the model and their values are listed in Supplementary Material, 

Table S1. 
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2.3.3 Climatic data 

The EPIC model requires the following daily climate variables: maximum and 

minimum air temperature, precipitation, rain days, solar radiation, and relative humidity. In 

this study, average values of the climatic data were calculated for two separate periods. First, 

data for the baseline period (1986–2014) was retrieved from the Thai Meteorological 

Department for calibration and validation of the model. Secondly, the Coupled Model 

Intercomparison Project Phase 5 (CMIP5) established new climate change scenarios called 

Representative Concentration Pathways (RCPs) (Taylor et al., 2012) which were used for 

future climate scenarios. The RCPs are defined by their total radiative forcing pathway 

(cumulative measure of human emissions of greenhouse gases from all sources expressed in 

W m-2) and based on an internally consistent set of socioeconomic assumptions by 2100 (van 

Vuuren et al., 2011). The data from the National Aeronautics and Space Administration 

(NASA)-Goddard Institute for Space Studies (GISS) (https://data.giss.nasa.gov/modelforce/ 

ghgases/) showed that RCP 2.6 assumes a peak in radiative forcing at 2.6 W m-2 (421.4 ppm 

CO2 equivalent) in the year 2100. RCPs 4.5 and 6.0 describe stabilization without overshoot 

to 4.5 and 6.0 W m-2 (538.9 and 670.2 ppm CO2 equivalent), respectively, in the year 2100. 

Moreover, RCP 8.5 describes a rising radiative forcing pathway leading to 8.5 W m-2 (936.4 

ppm CO2 equivalent) in the year 2100. 

Sixteen GCMs under four future time periods; near future (2020–2039), mid future 

(2040–2059), far future (2060–2079), and very far future (2080–2099) from CMIP5 of IPCC 

AR5 were used for climate projection in the study area, namely BCC-CSM1.1, BCC-CSM 

1.1-m, CCSM4, CESM1(CAM5), CSIRO-Mk3.6.0, FIO-ESM, GFDL-CM3, GFDL-

ESM2M, GISS-E2-H, GISS-E2-R, IPSL-CM5A-MR, MIROC-ESM, MIROC-ESM-CHEM, 

MIROC5, MRI-CGCM3, and NorESM1-M. Each time period of each GCM model was 

considered under four RCP scenarios: RCP2.6 (low carbon scenario), RCP4.5 (midlevel 

carbon scenario), RCP6.0 (midlevel carbon scenario), and RCP8.5 (high carbon scenario). 

The CMIP5 data were archived at the Climate Change Knowledge Portal of World Bank 

Group (http://sdwebx.worldbank.org/climateportal/), with a resolution of 1.9°x1.9° (190 km x 

190 km).  

However, the spatial resolution of a GCM is too coarse to analyze, so downscaling 

was conducted separately. Two steps of downscaling were performed to match the spatial 

resolution of the study area: 1) the monthly data were spatially downscaled into 1 km x 1 km 

grids by using a kriging method, 2) The linear scaling was used to correct monthly 1 km-data 

https://data.giss/
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based on the differences between observed and raw GCM data. According to Babur et al. 

(2016), the temperature is typically corrected with an additive, while precipitation is typically 

corrected with a multiplier on a monthly basis. Monthly differences in the climate data are 

acquired using an observed period (1986–2005) of raw GCM and observed data. Therefore, 

equations (1) and (2) are applied to correct GCM future temperature and precipitation data.   

 

𝑇𝑓𝑢𝑡,𝑑 = 𝑇𝐺𝐶𝑀,𝑑,𝑓𝑢𝑡 +  �𝑇�(𝑜𝑏𝑠,𝑚𝑜𝑛) − 𝑇�(𝐺𝐶𝑀,𝑐𝑜𝑛𝑡,𝑚𝑜𝑛)�     (1) 

𝑃𝑓𝑢𝑡,𝑑 = 𝑃𝐺𝐶𝑀,𝑑,𝑓𝑢𝑡 ×  � 𝑃�(𝑜𝑏𝑠,𝑚𝑜𝑛)

𝑃�(𝐺𝐶𝑀,𝑐𝑜𝑛𝑡,𝑚𝑜𝑛)
�     (2) 

 

where, Tfut,d and Pfut,d are the corrected temperature and precipitation for the future periods. 

TGCM,d,fut, and PGCM,d,jut, are the daily temperature and precipitation of the GCM data for 

future periods. 𝑇� R(obs,mon) and 𝑃� R(obs,mon) represent the long-term mean monthly temperature and 

precipitation. 𝑇� R (GCM,cont,mon) and 𝑃� R (GCM,cont,mon) refer to the long-term monthly mean 

temperature and precipitation for the control period of the GCM. 

  

 2.3.4 Management practice  

Management practice data were considered for the two periods. First, the data 

collected in 2004 was used for model calibration. However, fertilizer application rate data 

were not available for 2004. Therefore, the trend of fertilizer application rates from 2010 to 

2014 was employed using simple linear regression analysis and fitting a linear equation. It 

was found that the average rate of increase was 1.52 kg ha−1 yr−1 (1.77% yr−1), which is 

consistent with Bangkok Bank’s (2003) estimate of the Thailand agricultural sector’s 

chemical fertilizer usage from 1995 to 2003. For this eight-year period, the average rate of 

increase was 1.3% yr−1. Secondly, management data were obtained through field surveys 

over a five-year period (2010–2014); these data were used for model validation and fixed for 

each site for model simulation under four RCP climate change scenarios.  

Questionnaires were administered at each sampling site to record the crop and 

management practices of farm owners. Farmers at each of the 64 sites recorded crop and land 

management data. Rice yields and management practice data (i.e., dates of planting and 

harvesting; rates of application of fertilizers, manure, pesticides, and irrigation; and field 

operations performed) were obtained from the surveys in 2014 and from the record books for 

the standards for good agricultural practices (GAP) of farm owners over the five-year study 

period (2010–2014), including both rainy and dry seasons. These record books were 
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disseminated to the farmers by the Department of Agricultural Extension, Ministry of 

Agriculture and Cooperatives, Thailand to record agricultural activities, which helped with 

the collection of precise operational practice data for this study.   

Rice in the study area refers to the major rice crop, which is grown during the rainy 

season between July and December, and the second rice crop, which is grown during the dry 

season between January and April of the following year (OAE, 2014). Most rice fields in the 

study area use rain-fed cultivation, in which rice is grown only once a year because 

precipitation is a major limiting factor. Farmers in some irrigated areas are able to grow rice 

twice a year, for both major and second rice crops. Jasmine rice (Oryza sativa) is mostly 

commonly grown in this area. The dominant rice varieties recorded in this study were Khao 

Dawk Mali 105 (KDML 105), RD 6, and Suphanburi 60. KDML105 and RD 6 are strongly 

photoperiod sensitive and flower in late October, regardless of sowing time, whereas 

Suphanburi 60 is a non-photosensitive rice variety. Based on the field survey data, each site 

was input into the EPIC operation schedule file with the respective farmers’ actual 

management practices specified. Five main types of management operations were 

incorporated in the EPIC model: seeding/planting, tillage, irrigation, fertilizing, and 

harvesting. For each type of management operation, the exact date and month, amount and 

type of fertilizers, crop type, and irrigation conditions were also specified. The main 

conventional management techniques used in the study area are the following: 

First, during the growing period, both major and second rice crops were cultivated 

using the broadcast method and harvested by machine. The transplanting method was not 

found at any sites in study areas, thus it was not used in operation schedules in the EPIC 

model. 

Second, for tillage management, conventional tillage to a depth of 20 to 30 cm was 

performed by machine, with two different situations distinguished between wet and dry soil 

surface conditions.  

Third, after harvesting, farmers applied one of two forms of rice straw and stubble 

management: incorporation into the soil or burning in the field. The farmers usually burn rice 

residue after major rice harvesting (dry season) because of the ease and convenience of tillage 

to prepare for the next crop. Irrigated areas had lower amounts of burned rice residue than 

rain-fed areas, with averages of 0.071 and 0.141 Mg ha−1, respectively.  

Fourth, for water management, continuous flooding and shallow flooding were used 

for the irrigated and rain-fed areas, respectively. In irrigated areas, the fields were inundated 

with 10 to 15 cm of standing water throughout the growing period and drained or naturally 
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dried 7 to 10 days before harvesting. In rain-fed areas, the soil was flooded temporarily, 

depending on rainfall, or water pumping when rain water was unavailable. Therefore, if the 

field was not in an irrigated area, the irrigation code was set as dryland conditions. 

Fifth, the following chemical fertilizer types were found in the study area: 46-0-0, 16-

16-8, 16-20-0, 0-0-60, 15-15-15, and 16-8-8. A higher fertilizer application rate was indicated 

for irrigated areas than for rain-fed areas, with average rates of 320 and 260 kg ha−1, 

respectively. The total amount of N, P, and K fertilizers were 89, 31, and 15 kg ha-1 yr-1 for 

irrigated areas, and 76, 24, and 12 kg ha-1 yr-1 for rain-fed areas, respectively.  

 

2.4 Sensitivity analysis 

A sensitivity analysis was performed to assess the relative importance of crop growth 

and carbon cycle parameters to model output, as presented in Table 1. The main purpose of 

sensitivity analysis is to determine the magnitude of changes in the model’s response 

associated with changes in the value of a specified parameter. In this study, the one-factor-at-

a-time (OAT) method was used to calculate relative sensitivity indices for rice yields and 

SOC. A total of five parameters for crop growth and ten parameters for the C cycle were 

varied by ± 10% of the default model values to assess sensitivity using the equation derived 

from Liu (2009) below:  

𝑆 = ∆𝑌
∆𝑋

 𝑋
𝑌
,          (3) 

where S is the sensitivity index of the effect of parameter 𝑋𝑖 on Y, Y is the model output (i.e. 

rice yield and SOC in this study), ∆X is a small change in X, and ∆Y is the change in Y in 

response to the change in X.  

 

Based on equation (3), the sensitivity indices for rice yield and SOC are determined as 

follows: 

𝑆𝑦̅𝑖𝑒𝑙𝑑𝑖 ==
�𝑌𝑖𝑒𝑙𝑑1.1𝑋𝑖−𝑌𝑖𝑒𝑙𝑑𝑋𝑖�+�𝑌𝑖𝑒𝑙𝑑0.9𝑋𝑖−𝑌𝑖𝑒𝑙𝑑𝑋𝑖�

0.2𝑌𝑖𝑒𝑙𝑑𝑋𝑖
,   (4) 

𝑆𝑆̅𝑂𝐶𝑖 ==
�𝑆𝑂𝐶1.1𝑋𝑖−𝑆𝑂𝐶𝑋𝑖�+�𝑆𝑂𝐶0.9𝑋𝑖−𝑆𝑂𝐶𝑋𝑖�

0.2𝑆𝑂𝐶𝑋𝑖
,    (5) 

where 𝑆𝑦̅𝑖𝑒𝑙𝑑𝑖  and 𝑆𝑆̅𝑂𝐶𝑖  are the sensitivity indices of parameter Xi for rice yield and SOC, 

respectively; 𝑌𝑖𝑒𝑙𝑑𝑋𝑖  and 𝑆𝑂𝐶𝑋𝑖  are the rice yield and SOC, respectively, simulated by 
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setting all parameters to default values; 𝑌𝑖𝑒𝑙𝑑1.1𝑋𝑖  and 𝑆𝑂𝐶1.1𝑋𝑖  are the rice yield and SOC, 

respectively, simulated by setting all parameters to default values except Xi, which is set to 

110% of its default value; and 𝑌𝑖𝑒𝑙𝑑0.9𝑋𝑖  and 𝑆𝑂𝐶0.9𝑋𝑖  are the rice yield and SOC, 

respectively, simulated by setting all parameters to default values except Xi, which is set to 

90% of its default value. The parameters with the highest 𝑆𝑦̅𝑖𝑒𝑙𝑑𝑖  and 𝑆𝑆̅𝑂𝐶𝑖  values are 

defined as the most sensitive parameters for rice yield and SOC, respectively. The range of 

sensitivity indices is between 0 (non-sensitive) to 1 (very strongly sensitive); higher values 

indicate higher sensitivity. 

 

Table 1. Crop- and carbon cycle-related default values, suggested range, and calibrated 

values in the EPIC model. 

No  Parameter  Symbol  Default 
value 

Suggested 
range*  

Calibrated 
value 

Crop parameters  

1.  
Biomass-energy ratio 
(kg ha

−1 
MJ

−1 
m

2
)  

WA  25 20-30  25 

2.  Harvest index  HI  0.5 0.4-0.5  0.45 

3.  Potential heat units (°C)  PHU  1580 1200-2400  1630 

4.  Water stress–harvest 
index  PARM(3)  0.5 0.3-0.7  0.5 

5.  SCS curve number 
index  PARM(42)  1.5 0.5-2.0  1.0 

Carbon cycle parameters  

1.  Fraction of humus in the 
passive pool FHP  0.0 0.3-0.7  0.6 

2.  Fraction of slow C 
allocated to passive pool  

PARM(45)  0.05 0.001-0.05  0.05 

3.  
Slow humus 
transformation rate, d

−1 
 

PARM(47)  0.000548 0.00041-
0.00068  0.000562 

4.  
Passive humus 
transformation rate, d

−1 
 

PARM(48)  0.000012 0.0000082-
0.000015  0.000013 

5.  Microbial activity  at 
top soil layer  PARM(51)  1.0 0.1-1.0  1.0 

6.  Residue decay tillage 
coefficient  PARM(52)  10.0 5.0-15.0  14.5 

7.  Microbial activity at 
depth  PARM(53)  0.9 0.8-0.95  0.89 

8.  Root growth water use 
coefficient  PARM(54)  5.0 2.5-7.5  5.7 
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9.  Root growth water 
use/depth ratio  PARM(55)  0.5 0.0-1.0  0.8 

10.  Root growth depth 
coefficient  PARM(56)  10.0 5.0-10.0  10.0 

* EPIC suggested range 

 

2.5 Model calibration and validation 

Calibration and validation are performed by splitting the available observed data into 

two datasets: one for calibration, and another for validation. Data are most frequently split by 

time periods (Arnold et al., 2012).  Five parameters for crop growth and ten parameters for 

the C cycle were selected to calibrate in the EPIC model, as suggested by Wang et al. (2005) 

and Causarano et al. (2007); these parameters are listed in Table 1. The calibration procedure 

for the crop growth and SOC modules applied data from the 13 study sites sampled in 2004. 

Rice yields were measured values collected from the Agricultural Statistics of Thailand report 

for 2004, which was generated by the Office of Agricultural Economics (OAE), Ministry of 

Agriculture and Cooperatives (MOAC), Thailand. The SOC measurements were collected by 

the Land Development Department of Thailand in 2004. A total of 2,000 parameter sets were 

generated for crop and carbon cycle parameters using the SIMLAB software (version 2.2.1) 

from the given ranges and distribution specified in Table 1. The model validation procedure 

focused on the measured values at all sites (64 sites), which were collected over five years 

(2010–2014) for rice yield, and in 2014 for SOC.  

 

2.6 Model performance evaluation 

Model calibration and validation were evaluated using two criteria: the coefficient of 

determination (R2), and the Nash–Sutcliffe model efficiency coefficient (Ens) (Nash and 

Sutcliffe, 1970). In this study, the model performance was considered satisfactory if R2 > 0.5 

(Santhi et al., 2001) and Ens ≥ 0.60. The maximum R2 and Ens were selected by the 

parameterization scheme as the optimal parameter set. 

 

R2 is defined as: 

𝑅2 = � ∑ (𝑀𝑖−𝑀�𝑖)(𝑆𝑖−𝑆𝑖̅)𝑛
𝑖=1

[∑ (𝑀𝑖−𝑀�𝑖)𝑛
𝑖=1

2]0.5[∑ (𝑆𝑖−𝑆𝑖̅)𝑛
𝑖=1

2]0.5�     (6) 
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where Si and Mi are the simulated and measured values, respectively, at site i. 𝑀�  and 𝑆̅ are 

the means of the measured and simulated values, respectively. The range of R2 is between 0 

(no correlation) and 1 (perfect fit).  

 

Ens is defined as: 

𝐸𝑛𝑠 = 1 − ∑ (𝑆𝑖−𝑀𝑖)2𝑛
𝑖=1

∑ (𝑀𝑖−𝑀�)2𝑛
𝑖=1

       (7) 

where Si and Mi are the simulated and measured values, respectively, at site i. The range of 

Ens lies between 1 (perfect fit) and −∞. A negative value indicates that the mean value of the 

observed time series would have been a better predictor than the model.   

 

2.7 Climate change impact assessment  

This portion of the evaluation consists of analyzing climate data to understand the 

projected changes in climate with respect to the baseline period (1986–2014) and the EPIC 

model simulation to assess the possible impacts on rice yield and SOC over the four RCP 

scenarios (RCPs 2.6, 4.5, 6.0, and 8.5) and four future time periods; near future (2020–2039), 

mid future (2040–2059), far future (2060–2079), and very far future (2080–2099). 

Management practices and parameters for the simulation periods were fixed as those of the 

baseline period for each site. Changes in key climate change indicators (temperature and 

precipitation), rice yield, and SOC were analyzed by subtracting the output values under the 

climate change scenarios from the baseline values, and by estimating the percentage of 

change.  

 

2.8 Evaluating the effects of CO2, temperature and precipitation on rice yield and SOC 

 There is a complexity of climate change variables that may drive the changes of rice 

yield and SOC with different magnitudes, trends, and durations. To clarify the dominant 

drivers, this study evaluated the response of rice yield and SOC by inputting the changing of 

CO2 concentrations, maximum and minimum temperatures, and precipitation separately, 

while other input data were constant at baseline periods. For example, when the CO2 effect 

on rice yield was evaluated, all input data were fixed at the baseline condition, with the 

exception of four levels of CO2 concentration under four RCP scenarios, which were inputted 

and simulated by using the OAT method. The outputs were compared with the baseline. 

 

2.9 Statistical analysis   
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Statistical analyses of the data were performed using SPSS (version 20.0, USA). 

Mean and standard deviation (SD) values were used to represent rice yields and SOC for 

different areas and periods. Differences in rice yield and SOC between the baseline period 

(1986–2014) and the four future time periods under the four RCP scenarios were analyzed 

with t-tests and least significant difference (LSD) tests (p < 0.05). A simple linear regression 

analysis was used to find the relationships between measured and simulated values by fitting 

linear equations.  

 

3. Results and discussion 

3.1 Model calibration    

Model calibration was performed to compare the simulated rice yields and SOC with 

measured values for 13 sites. The results show that rice yields varied from 1.8 to 3.8 Mg ha−1 

yr−1 and 1.7 to 4.3 Mg ha−1 yr−1 for the measured and simulated values, respectively. The 

average rice yields were 2.9 and 3.1 Mg ha−1 yr−1, with standard deviations of 0.7 and 0.8 Mg 

ha−1 yr−1 for measured and simulated values, respectively (Table 2). The ranges of SOC 

values were 14.2–111.5 Mg C ha−1 and 15.9–74.8 Mg C ha−1 for the measured and simulated 

values, respectively. The average of the SOC values were 48.1 and 37.8 Mg C ha−1, with 

standard deviations of 28.5 and 21.1 Mg C ha−1, for the measured and simulated values, 

respectively (Table 2).  

For the calibration procedure, the rice yield simulation R2 and Ens values were 0.66 

and 0.62, respectively, and the SOC R2 and Ens values were 0.71 and 0.68, respectively 

(Table 2). The measured and simulated rice yield and SOC values were distributed near the 

line y = x, and the r values were 0.7128 and 0.7708, respectively (Figures 2 and 3). These 

findings indicate that the model was satisfactorily consistent with the results of visual 

evaluations and the best-fitting parameterization. For the sensitivity analysis, higher values 

indicate a higher sensitivity. These results show that HI is the most sensitive parameter for 

rice yield, followed by WA, PHU, PARM(42), and PARM(3), with sensitivity indices of 

0.911, 0.665, 0.515, 0.218, and 0.232, respectively. These findings are consistent with those 

of Liu (2009), which indicate that HI is the most sensitive parameter for rice in Asia, 

followed by WA, PARM(42), PARM(3), and PHU, with sensitivity indices of 0.997, 0.485, 

0.342, 0.334, and 0.318, respectively. This similarity is because the potential yields in the 

EPIC model are based on the accumulation of actual aboveground biomass and harvest 

indices, which are a function of the crop/variety and water stress in defined crop development 

stages (Gaiser et al., 2010). The highest sensitivity parameter for SOC is FHP, followed by 
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PARM(47), PARM(51), PARM(55), PARM(54), PARM(45), PARM(52), PARM(56), 

PARM(53), and PARM(48), with sensitivity indices of 0.512, 0.075, 0.062, 0.033, 0.022, 

0.021, 0.018, 0.013, 0.011, and 0.010, respectively. These results support those of Causarano 

et al. (2007), who reported that FHP was the most influential parameter for microbial biomass 

carbon (MBC) and particulate organic carbon (POC).  

 

3.2 Model validation  

The measured and simulated rice yield and SOC values were distributed near the line 

y = x, and the r values were 0.706 and 0.797, respectively (Figures 2 and 3). The model 

performance of the validation procedure for rice yield was evaluated based on the R2 and Ens 

values, which were 0.78 and 0.75, respectively. For SOC simulation, the statistical 

performance values were R2 = 0.88 and Ens = 0.83, as shown in Table 2. Overall, the 

validation and reliability of the EPIC model are acceptable and indicate good predictive 

capability, as indicated by the values of R2 > 0.50 and Ens > 0.60 for both rice yield and SOC. 

In this study, overestimation by the EPIC model was found for both rice yield and SOC 

(Table 2). These results support those of Guerra et al. (2004), who pointed out that this model 

tends to overestimate at low yields, especially under water-stress conditions. Similarly, 

Izaurralde et al. (2006) reported that the EPIC model overpredicts at low SOC values and 

under predicts at high SOC values. Gaiser et al. (2010) reported that the performance of the 

EPIC model was best for slightly acidic soils (R2 = 0.85) and poorest for strongly acidic soils 

with high aluminum saturation (R2 = 0.40). In particular, when extremely acidic soils were 

associated with semi-arid conditions and with high precipitation variability, then the model 

strongly overestimated crop yields. These findings support the overestimation of the EPIC 

model detected in our study area, where low pH values (3.86–6.66) are measured in surface 

soils to 40 cm depth and precipitation is highly variable for the whole year (Table 4).  

The average simulated and measured rice yields were 2.6 and 2.7 Mg ha−1 yr−1, while 

average values of 37.7 and 37.3 Mg C ha−1 were found for the simulated and measured SOC, 

respectively. These results indicate that the EPIC model tends to overestimate both rice yield 

and SOC, with average overestimations of 0.05 Mg ha−1 yr−1 and 0.28 Mg C ha−1, 

respectively.  
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Figure 2. Result of rice yield calibration and validation of EPIC model. 

 
Figure 3. Result of SOC calibration and validation of EPIC model. 
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Table 2. Model evaluation statistics for the calibration and validation procedures 

 Minimum Maximum Mean±SD 
Model performance 

R2 Ens 
Model calibration procedure (n = 13) 
Rice yield 
(Mg ha-1 yr-1) 

Measured 1.8 3.8 2.9±0.7 0.66 0.62 
Simulated 1.7 4.3 3.1±0.8 

SOC  
(Mg C ha-1) 

Measured 14.2 111.5 48.1±28.5 0.71 0.68 
Simulated 15.9 74.8 37.8±21.1 

Model validation procedure (all sites, n = 64) 

Rice yield 
(Mg ha-1 yr-1) 

Measured 1.3 4.9 2.6±0.9 0.78 0.75 
Simulated 1.1 4.7 2.7±0.8 

SOC  
(Mg C ha-1) 

Measured 3.8 129.9 37.7±32.1 0.88 0.83 
Simulated 5.6 114.5 38.0±30.3 

 

3.3 Changes in future climate scenario 

 Comparison of baseline and CMIP5 climate data, including minimum and maximum 

temperature, and precipitation, are presented in Figure 4. In Roi Et province, an increase in 

the ensemble average of future climate data was detected under all climate scenarios, 

compared with the baseline. The average minimum temperature was predicted to increase by 

22.3 to 25.1°C under RCP2.6 and RCP 8.5, respectively, while the baseline was 21.8°C. 

Similarly, an increasing trend was detected for average maximum temperature, reporting that 

33.2 to 36.2°C will occur under RCP2.6 and RCP 8.5, respectively, while the baseline was 

32.6°C. The average annual precipitation will tend to rise, with values of 1,495.3 to 1,629.1 

mm under RCP2.6 and RCP 8.5, respectively, compared to 1,375.7 mm, which was recorded 

as the baseline.  

All the future climate scenarios show temperatures and precipitation increasing over 

the next 80 years. The RCP8.5 scenario shows the highest average temperatures and 

precipitation. Downing (1992), Rosenzweig and Iglesis (1994), Furuya and Koyama (2005), 

and Aggarwal et al. (2010) also reported that both the maximum and minimum temperatures, 

as well as average temperatures, in Asia are increasing, and average precipitation may also 

increase.  

The average monthly mean temperature change will be the highest during April and 

May under all climate scenarios. However, the increasing temperature will not occur in every 

month. The temperature will tend to decline from the baseline by about 0.2–1.2°C during 

November, December, January, and February. Overall, the precipitation amount tends to 
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increase at all periods of time and all climate scenarios, especially in June, July, August, 

October, November, and December. Meanwhile, it tends to reduce in other months in the 

CMIP5 climate data (see in Supplementary Material, Tables S2-S5).    

 

  
(a) (b) 

 
(c) 

Figure 4. The average CMIP5 climate data: (a) minimum temperature, (b) maximum 

temperature, (c) precipitation. 

 

3.4 The effect of CO2 alone on SOC 

 When all climate variables were assigned as baseline condition, the levels of CO2 

concentration were changed following RCP scenarios. The simulation revealed that the effect 

of CO2 will cause increasing SOC sequestration at all the sites by +32.0%, which under 

RCP8.5 will bring the highest increased SOC, followed by RCP6.0, RCP4.5, and RCP2.6 

with values of +29.1%, 20.0%, and +8.7%, respectively (Table 3). The importance of SOC 

sequestration is that it increases the SOC pool, which can reduce the CO2 concentration in the 
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atmosphere (Ringius, 2002). The simulation showed the positive effect of elevated CO2 on 

SOC increase, consistent with Li et al. (2011) who used the CENTURY model to simulate 

the effects of climate change and elevated CO2 on SOC in an Alpine Steppe. Their simulation 

showed that under the CO2 doubling scenario, SOC increased by 12.87%, compared with the 

unchanged CO2 scenario. This is because increasing atmospheric CO2 concentrations can 

increase the photosynthetic rate of plants, improve water use efficiency and nutrient use 

efficiency (Owensby et al. 1993), which can reduce soil water loss through transpiration (van 

Groenigen et al, 2011). These lead to increased plant productivity, plant litter, and roots, 

resulting in higher soil C sequestration and SOC content (Ojima et al, 1993; Gifford 1994; Ni 

2001). 

 On the other hand, Nie et al. (2013) found that elevated CO2 can increase the ability 

of microbes to decompose SOM and stimulate the activity of enzymes associated with 

decomposition processes (Carney et al, 2007), which lead to loss of SOC through releasing 

CO2 into the atmospheric. Moreover, van Groenigen et al. (2017) strongly suggested that 

faster decomposition of new C (plant-derived inputs can accumulate in the soil and become 

part of the soil C pool) under elevated CO2 negated the higher soil C input rates, resulting in 

longer-term soil C storage being limited. It is important to point out that there are other 

principal factors controlling SOC dynamics, which could have significant impacts on SOC 

sequestration, especially precipitation and temperature (Lal, 2003, 2008). 

 

3.5 The effect of precipitation alone on SOC 

Increasing precipitation resulted in a loss of SOC sequestration at all sites by -30.0%, 

-27.1%, -21.1%, and -18.6% under RCP8.5, RCP6.0, RCP4.5, and RCP2.6, respectively 

(Table 3). This is because precipitation influences soil moisture and hydrological processes, 

which are important for controlling SOC content and its dynamics (Heisler and Weltzin, 

2006; Aanderud et al. 2010) and could also be a modifier of the magnitude of the C sink 

(Goebel et al., 2011). These results are consistent with the study of Meier and Leuschner 

(2010), who found that SOC decreased by about 25% from stands with annual precipitation > 

900 mm year-1 to those with precipitation < 600 mm year-1, and concluded that SOC 

reduction is mainly due to higher decomposition rates, resulting from rising precipitation-

increased microbial activity (Alvarez and Alvarez, 2001; Zhang et al., 2004). 

 

3.6 The effect of temperature alone on SOC 
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 When changing the temperature according to RCP scenarios while keeping other 

factors at the baseline condition, it was found that expected changes in maximum and 

minimum temperatures have similar negative impacts on SOC. Rising maximum 

temperatures result in an 8.8% reduction in SOC at all sites under RCP8.5, and by -5.8%, -

4.3%, and -1.8% in the RCP6.0, RCP4.5, and RCP2.6 scenarios, respectively. Likewise, a 

4.1% reduction in SOC was detected under RCP8.5 at all sites for the effect of minimum 

temperature. However, changing the maximum temperature is likely to have a greater impact 

on SOC than the effect of the minimum temperature (Table 3). These findings are consistent 

with those of Curiel et al. (2004), Conant et al. (2008), Zhou et al. (2009) and Thomas et al., 

(2011), who confirmed that an increase in air temperature causes an increase in soil 

respiration and enhances SOC decomposition because of increased microbial activity (Smith 

et al., 2005; Gottschalk et al., 2012). 

 

3.7 The combined effect of CO2, precipitation and temperature on SOC  

Under four RCP scenarios, SOC decreased significantly in all time periods compared 

to the baseline SOC. The largest decrease in SOC was found to be -32.0%, under RCP8.5 in 

the very far future, followed by RCP4.5, RCP6.0, and RCP2.6 with decreases of -31.0%, -

16.0%, and -16.0%, respectively. On the other hand, there is no statistically significant 

difference between SOC change in the near future and the baseline. The results indicate that 

SOC changes in the near future are slightly increased by +1.6%, +1.5%, +0.8% under 

RCP2.6, RCP6.0, and RCP4.5, and that under RCP8.5 it tends to decrease by -3.2%. The 

results also showed that the decreases of SOC in rain-fed areas were higher than those in 

irrigated areas compared to the baseline, and that the largest decrease in SOC was detected 

under RCP8.5 in the very far future (Figure 5). These findings are in line with a previous 

study in Roi Et province by Arunrat (2017), who used the EPIC model to project the SOC 

changes under the combined effects of CO2, precipitation, and temperature. Their simulation 

showed that climate change decreases SOC sequestration because of rises in temperature and 

precipitation that accelerate SOC decomposition. 

According to the results shown in Table 3, increases in temperature and precipitation 

are the two main factors that cause SOC reduction under the future climate in this area, with 

precipitation being the most important, and negating the enrichment of CO2 fertilization. This 

phenomenon is consistent with the study by Hobley and Wilson (2016), who concluded that 

precipitation is the most important factor influencing SOC dynamics in the soils of eastern 

Australia, compared with other climate variables. Dintwe et al. (2014) showed that the 
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precipitation was strongly related to SOC storage in the Kalahari, thereby Dintwe et al. 

(2018) hypothesized that changes in precipitation will generate the strongest response in SOC 

storage, rather than temperature or CO2 concentrations, whereas the increase in soil 

temperature opposes the effect of increased CO2, leading to lower SOC storage overall.  

Much greater decreases in SOC are estimated under the RCP8.5 scenario than other 

scenarios (Figure 5). Not surprisingly, this difference is because temperatures and 

precipitation under the RCP8.5 scenario rose much higher than those under the other 

scenarios (Figure 4), which results in increased C release and a decreased C reservoir. This 

indicates that the decay rates of the residues are higher than the plant residues added into the 

soil. It is necessary to note that even though SOC at a depth of 40 cm was analyzed in this 

area, it is the closest and most rapid interaction with the atmosphere (Parton et al., 2010) and 

very important for understanding the interactions between the soil and the atmosphere 

(Dintwe et al., 2018). 

 

Table 3. The response of SOC (Mg C ha−1) on the effect of CO2, precipitation, maximum and 

minimum temperature. 

 Baseline 
CMIP5 climate data 

RCP2.6 RCP4.5 RCP6.0 RCP8.5 

Effect of CO2 

Irrigated  
SOC 43.5 47.6 52.2 55.9 57.2 
% of change - 9.5 20.1 28.6 31.6 

Rain-fed  
SOC 34.7 37.3 41.5 44.9 45.9 
% of change - 7.4 19.7 29.5 32.4 

All sites 
SOC 38.0 41.3 45.6 49.1 50.2 
% of change - 8.7 20.0 29.1 32.0 

Effect of precipitation 

Irrigated 
SOC 43.5 35.4 34.6 31.5 31.1 
% of change - -18.7 -20.5 -27.7 -28.5 

Rain-fed  
SOC 34.7 28.3 27.2 25.5 23.8 
% of change - -18.4 -21.7 -26.4 -31.4 

All sites 
SOC 38.0 31.0 30.0 27.7 26.6 
% of change - -18.6 -21.1 -27.1 -30.0 

Effect of maximum temperature 

Irrigated  
SOC 43.5 42.7 41.6 40.8 39.8 
% of change - -1.8 -4.4 -6.1 -8.6 

Rain-fed  
SOC 34.7 34.1 33.2 32.8 31.6 
% of change - -1.8 -4.3 -5.5 -8.9 



22 

 

All sites 
SOC 38.0 37.3 36.3 35.8 34.7 
% of change - -1.8 -4.3 -5.8 -8.8 

Effect of minimum temperature 

Irrigated  
SOC 43.5 43.1 43.0 42.8 41.7 
% of change - -0.9 -1.2 -1.5 -4.2 

Rain-fed  
SOC 34.7 34.1 33.9 33.8 33.3 
% of change - -1.6 -2.3 -2.5 -3.9 

All sites 
SOC 38.0 37.5 37.3 37.2 36.5 
% of change - -1.3 -1.8 -2.0 -4.1 

 

3.8 The effect of CO2 alone on rice yield   

The findings of this study show that when the CO2 effect was accounted for, rice 

yields increased by +5.6%, +16.4%, and +32.9% under the RCP2.6, RCP4.5, and RCP6.0 

scenarios, respectively. Conversely, elevated CO2 under RCP8.5 resulted in a rice yield 

decrease of -2.9% at all sites (Table 4). This is because the elevated CO2 concentration in the 

atmosphere may cause direct effects on plants in the form of CO2 fertilization (McGrath and 

Lobell, 2013), reduction of the stomatal conductance, and enhancement of the plants’ water-

use efficiency (Acock, 1990; Rosenberg, 1981). A large number of previous studies have 

indicated that carbon fertilizer effects are different for C3 (rice) and C4 plants as a result of 

photosynthetic impacts on productivity gain, which could lead to a higher yield of C3 plants 

than C4 plants (Kimball et al., 2002; Caylor and Shugart, 2004; Long et al., 2005; Thomson 

et al., 2005; Högy and Fangmeier, 2008; Shimono et al,, 2009; Bocchiola 2015).  Based on 

observations from many experimental studies, Patterson and Flint (1980), Kimball (1983), 

and Acock (1990) reported that a doubling of the CO2 concentration may cause the average 

yield to increase by 33% to 34% for C3 plants and 14% for C4 plants. From a modelling 

perspective, research by Erda et al. (2004; 2005) using the PRECIS model for China showed 

that rice yields are higher under the A2 scenario (549 ppm CO2 concentration) than under the 

B2 scenario (488 ppm CO2 concentration). Lin et al. (2005) used the PRECIS regional 

climate model and the CERES crop model to analyze the impacts of climate change and CO2 

fertilization on crop productivity for both the A2 and B2 scenarios and found highly variable 

results for wheat, corn, and rice depending on the scenario and irrigation practices used. This 

is because the different levels of CO2 directly affect the rice yields. The continuously 

increasing levels of CO2 also cause yields and biomass to increase by 5−15%. Rice yields at 

550 ppm CO2 are therefore greater than those at 450 ppm CO2. Increasing levels of CO2 may 

cause negative effects on the germination of rice seeds and decrease stomatal aperture sizes 
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but may enhance photosynthetic activity (Mott, 1988). This finding is consistent with 

Bhattarai et al. (2017), who used the EPIC model to project corn and soybean yields under 

climate change during 2015–2099 in the US. Their simulation showed that the carbon 

fertilizer effects on soybean, a C3 plant, increased in yield by 2% to 20%, while both corn 

and soybean yields will decline under the high carbon scenario 2080–2099. This may be 

because the excessive elevated CO2 led to a decrease in the photosynthetic capacity by 

reducing the total nitrogen and chlorophyll contents in the leaves (Nakano et al., 1997). 

 

3.9 The effect of precipitation alone on rice yield 

Increased precipitation can enhance crop growth and production, and result in rice 

yield increases of +13.9%, 29.3%, 25.8%, and +36.8% at all sites under the RCP2.6, RCP4.5, 

RCP6.0, and RCP8.5 scenarios, respectively. Higher rates of increase are found in rain-fed 

areas than in irrigated areas in all periods and under all future climate scenarios (Table 4). 

This indicates that future climate scenarios may evoke greater benefits for rice grown in rain-

fed areas than in irrigated areas because increasing amounts of precipitation can reduce water 

stress in rain-fed areas by increasing soil available water and enhancing crop growth, which 

are accompanied by higher yields (Agele et al., 2011).  Furthermore, as indicated by Salvador 

Sanchis et al. (2008), soil available water and distribution may respond rapidly to climate 

change, especially drought events; therefore, enhancing water infiltration and available water 

in soil may help mitigate the impacts of severe drought events in rain-fed areas. Shen et al. 

(2011) showed that irrigated rice generally has higher rice yields in the middle and lower 

reaches of the Yangtze River valley compared to the rain-fed rice, because irrigated rice is 

less affected by climate change, and irrigation can relieve water stress for rice growing in the 

northern region of the Yangtze River valley. Their results show that under irrigation 

conditions, rice growth is not influenced by precipitation, whereas rain-fed rice is susceptible 

to the temporal and spatial variation of precipitation. These findings support the result that 

future climate change scenarios could have positive impacts on rice yield in northeast 

Thailand in the next 80 years, especially in rain-fed areas, because rice yields in the study 

area vary depending on the distribution of precipitation during the growing season.  

 

3.10 The effect of temperature alone on rice yield 

The negative effect of both maximum and minimum temperatures on rice yield were 

detected when other variables were kept at the baseline condition. An increased maximum 

temperature will decrease rice yield by -1.2%, -2.4%, -2.2%, and -4.75% under the RCP2.6, 
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RCP4.5, RCP6.0, and RCP8.5 scenarios, respectively, at all the sites. Furthermore, increasing 

minimum temperatures could reduce rice yield by more than rising maximum temperatures, 

which will decline by -5.8%, -8.1%, -9.1%, and -9.6% under the RCP2.6, RCP4.5, RCP6.0, 

and RCP8.5 scenarios, respectively, at all sites (Table 4). This is because rising maximum 

and minimum temperatures under future climate exceed the optimal temperature for crop 

growth, which results in crop yield reduction. Similarly, Porter and Gawith (1999) and 

Ottman et al. (2012) reported that temperature increase has the most likely negative impact 

on crop yields. The reasons behind this phenomenon can be explained by the studies of 

Asseng et al. (2011), Nelson et al. (2014), and Zhao et al. (2016) which indicated that 

increasing temperature can increase atmospheric water demand, which could lead to water 

stress, afterward reducing soil moisture and decreasing yield. In addition, Tack et al. (2015) 

and Lesk et al. (2015) mentioned that an indirect impact of rising temperature is more 

frequent heat waves, which benefit weeds, pests, and diseases.  

 

3.11 The combined effect of CO2, precipitation, and temperature on rice yield 

Overall, rice yields at all sites under future climate scenarios tend to increase 

significantly compared to the baseline yield by +0.7% (RCP8.5: 2060–2079) to +18.8% 

(RCP6.0: 2080–2099), with the exception of 2080–2099 under RCP8.5, which results in a 

decline in rice yield by -8.4% (p < 0.01 and 0.05). The average baseline rice yield was 2.6 

Mg ha−1 yr−1 at all sites, while the average values of 2.9 and 2.4 Mg ha−1 yr−1 were the 

baseline yield in irrigated and rain-fed areas, respectively. Under future climate scenarios, 

rice yield will be increased by +3.2% (RCP2.6: 2020–2039) to +18.8% (RCP6.0: 2080–2099), 

whereas in 2060–2079 and 2080–2099 under RCP8.5 there will be a decrease in rice yield by 

-7.0% and -11.2% in irrigated areas, respectively. Beneficially, future climate change will 

bring an increase in rice yield for rain-fed areas in all periods and future climate scenarios by 

+2.6% (RCP8.5: 2080–2099) to +22.7% (RCP6.0: 2080–2099) (Figure 6). These results are 

consistent with a previous study by Arunrat (2017), who used the EPIC model to simulate the 

rice yield changes under the combined effects of CO2, precipitation, and temperature in Roi 

Et province. Results showed that the average rice yield under the A2 scenario were higher 

than those under the B2 scenario. This is because increasing temperature, CO2 concentration, 

and precipitation patterns were detected in this area, which are the general important factors 

of climate with pronounced impacts on crops (Jinger et al., 2017).  Similar findings were 

presented by Tao et al. (2006 and 2014), who reported that crop production would increase 
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by 7.9–11.9% when rising CO2 concentration was not considered, whereas productivity 

would increase by 31.3–44.5% after rising CO2 was input into the model.  

However, the findings of this study show that the precipitation is the most important 

factor for rice yield because it was found to produce the highest percentage of rice yield 

change in this area, followed by the effects of CO2 concentration and temperature. 

Interestingly, although rising temperature will slightly reduce the rice yield, its impact will 

reduce by a large amount with increased CO2 concentration and precipitation (Table 4). This 

is in line with Akpalu et al. (2008), who found that increased temperature and precipitation 

have a positive effect on maize yield, and that precipitation is more important than the 

temperature for maize yield in the Limpopo Basin of South Africa.  

 It is also important to note that as the results for SOC presented here were 

decomposed influencing by increased precipitation under the future climate, resulting in a 

large increase in rice yield in this area. This is because increased precipitation accelerated 

organic matter decomposition rates and causes the rapid release of nutrients into the soil 

(Brady and Weil, 1999), which may increase N availability (Mack et al., 2004; Schaeffer et 

al., 2013) and lead to increased yields (Kant et al., 2012; Xu et al., 2013). 

Table 4. The response of rice yield (Mg ha−1 yr−1) on the effect of CO2, precipitation, 

maximum and minimum temperature. 

 Baseline 
CMIP5 climate data 

RCP2.6 RCP4.5 RCP6.0 RCP8.5 

Effect of CO2 

Irrigated  
Rice yield 2.9 3.1 3.3 4.0 2.8 
% of change - 5.8 13.6 37.1 -2.7 

Rain-fed  
Rice yield 2.4 2.5 2.8 3.1 2.3 
% of change - 4.3 16.2 28.7 -3.2 

All sites 
Rice yield 2.7 2.7 3.0 3.5 2.5 
% of change - 5.6 16.4 32.9 -2.9 

Effect of precipitation 

Irrigated  
Rice yield 2.9 3.3 3.7 3.6 3.9 
% of change - 12.5 28.4 25.2 35.2 

Rain-fed  
Rice yield 2.4 2.8 3.1 3.0 3.3 
% of change - 15.3 30.2 26.4 38.4 

All sites 
Rice yield 2.7 3.0 3.4 3.3 3.6 
% of change - 13.9 29.3 25.8 36.8 

Effect of maximum temperature 
Irrigated  Rice yield 2.9 2.9 2.8 2.9 2.8 
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% of change - -0.7 -1.8 -1.6 -4.9 

Rain-fed  
Rice yield 2.4 2.4 2.3 2.3 2.3 
% of change - -1.4 -3.7 -2.9 -4.6 

All sites 
Rice yield 2.7 2.6 2.5 2.5 2.5 
% of change - -1.2 -2.4 -2.2 -4.75 

Effect of minimum temperature 

Irrigated  
Rice yield 2.9 2.7 2.7 2.7 2.6 
% of change - -5.5 -7.6 -8.4 -9.7 

Rain-fed  
Rice yield 2.4 2.3 2.2 2.2 2.2 
% of change - -6.2 -8.5 -9.7 -9.4 

All sites 
Rice yield 2.7 2.4 2.4 2.4 2.4 
% of change - -5.8 -8.1 -9.1 -9.6 
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Figure 5.  Simulation the effect of precipitation, temperature and CO2 on SOC change under RCP2.6, RCP4.5, RCP6.0, and RCP8.0 climate 

change scenarios. *, ** = Significant at 5% and 1%, between baseline and four long-term periods (2020-2039, 2040-2059, 2060-2079, and 2080-

2099) under RCP2.6, RCP4.5, RCP6.0, and RCP8.0 climate change scenarios. 

 

 
Figure 6.  Simulation the effect of precipitation, temperature and CO2 on rice yield change under RCP2.6, RCP4.5, RCP6.0, and RCP8.0 climate 

change scenarios. *, ** = Significant at 5% and 1%, between baseline and four long-term periods (2020-2039, 2040-2059, 2060-2079, and 2080-

2099) under RCP2.6, RCP4.5, RCP6.0, and RCP8.0 climate change scenarios.  

 

 

RCP2.6 RCP4.5 RCP6.0 RCP8.5 RCP2.6 RCP4.5 RCP6.0 RCP8.5 RCP2.6 RCP4.5 RCP6.0 RCP8.5

Baseline (Mg C ha-1 yr-1)
2020-2039 0.5 0.7 2.0 1.8 -7.5 -7.3 -6.0 -6.2 1.6 0.8 1.5 -3.2
2040-2059 0.9 1.2 0.3 -2.0 -7.1 -6.8 -7.7 -10.0 -4.1 -3.8 -4.7 -7.0
2060-2079 -3.0 -12.0 -5.0 -24.0 -11.0 -20.0 -13.0 -32.0 -13.0 -22.0 -13.0 -29.0
2080-2099 -4.0 -18.0 -7.0 -27.0 -12.0 -26.0 -15.0 -35.0 -16.0 -31.0 -16.0 -32.0

34.7±28.1 38.0±30.3

Time period

43.5±33.4
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Baseline (Mg ha-1 yr-1)
2020-2039 3.2 6.3 6.9 7.7 7.1 10.2 10.8 11.6 4.7 8.0 8.5 9.6

2040-2059 4.9 6.9 7.3 8.2 8.8 10.8 11.2 12.1 5.5 8.5 9.2 10.2

2060-2079 5.6 10.0 10.8 -7.0 9.5 13.9 14.7 8.0 6.9 10.2 11.8 0.7

2080-2099 16.5 18.5 18.8 -11.2 20.4 22.4 22.7 2.6 15.0 17.8 18.4 -8.4

Time period

2.9±1.1
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2.4±0.7 2.7±0.8
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 4. Conclusions 

The EPIC model performance was satisfactory and acceptable; the model therefore 

provided good predictions of rice yields and changes in SOC under future climate conditions 

in rice paddy fields. All the future climate scenarios show temperatures and precipitation 

increasing over the next 80 years. Climate change will impact rice yields positively, which 

will benefit farmers, especially in rain-fed areas. The findings of this study revealed that the 

precipitation is the most important factor for rice yield, and increased precipitation was 

detected as being responsible for the highest percentage of rice yield increase in this area. 

Although rising temperatures will slightly reduce rice yields, the impact will be negated by 

large amounts by increased CO2 concentration and precipitation. SOC sequestration, on the 

other hand, will decrease under the future climate scenarios. It is strongly implied that 

increasing temperature and precipitation are two main factors that cause SOC reduction under 

the future climate in this area, with precipitation being the most important and negating the 

enrichment of CO2 fertilization. It is important to note that the result of SOC was 

decomposed, resulting in large increase of rice yield in this area. This is because rises in 

temperature and precipitation accelerate SOC decomposition, which may increase nitrogen 

availability to the soil and increase yield. These findings contribute to understanding the 

consequences of long-term climate change, which is essential for agricultural policy-making 

and the selection of mitigation strategies. 
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Supplementary Material 
 

Table S1. Characteristic of main soil properties (0-40 cm) in 64 sites as required for the 

model.  

Soil variables Ranges Source 

Bulk density (Mg m-3) 0.71-1.78 This study 

Wilting point at 1500 kPa (m3 m-3) 0.02-0.08 LDD (2003)* 

Field capacity at 33 kPa (m3 m-3) 0.110-0.187 LDD (2003)* 

Sand (Ø 0.05–2 mm) (%) 47.0-86.0 This study 

Silt (Ø 0.002–0.05 mm) (%) 0.10-23.9 This study 

Total nitrogen (g kg-1) 0.045-0.94 This study 

Available phosphorus (mg kg-1) 25.3-102 This study 

pH 3.86-6.66 This study 

Organic carbon (g kg-1) 0.34-3.22 This study 

Cation exchange capacity (cmol ckg-1) 2.31-7.52 This study 

Electrical conductivity (mmho cm-1) 0.01-0.17 This study 

 
* Land Development Department (LDD), 2003. Characterization of Established Soil Series in  

the Northeast Region of Thailand Reclassified According to Soil Taxonomy 2003. 

Land Development Department, Ministry of Agriculture and Cooperatives, Thailand.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 

 
 
 
 
 

 



 

 

Table S2. Average monthly minimum temperature change from baseline under CMIP5 climate data (°C) 

Month Baseline 

RCP2.6   RCP4.5   RCP6.0  RCP8.5  

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

Jan 16.3 -0.3 -0.3 -0.5 0.0 -0.3 0.1 0.9 0.9 -0.3 0.1 0.5 1.2 0.1 0.7 1.6 2.4 
Feb 18.8 -0.7 -0.6 -0.8 -0.2 -0.8 -0.2 0.5 0.7 -0.5 -0.1 0.0 0.7 -0.4 0.3 1.4 2.0 
Mar 21.8 0.3 0.5 0.3 0.5 0.4 0.7 1.6 1.7 0.2 0.6 1.0 1.7 0.5 1.3 2.4 3.2 
Apr 24.0 1.6 1.7 1.9 1.9 1.7 2.1 2.6 2.9 1.5 2.0 2.5 3.1 1.8 2.7 3.8 4.8 
May 24.6 1.7 1.9 2.1 2.0 1.8 2.2 2.5 2.8 1.6 2.2 2.7 3.3 1.9 2.7 3.7 4.7 
Jun 24.8 1.1 1.3 1.3 1.2 1.1 1.6 1.9 2.1 1.0 1.4 2.1 2.5 1.3 2.1 3.0 4.0 
Jul 24.6 0.9 1.2 1.2 0.9 1.0 1.3 1.6 1.8 0.8 1.2 1.7 2.1 1.1 1.9 2.7 3.6 

Aug 24.4 1.0 1.2 1.1 1.0 1.0 1.4 1.7 1.8 0.8 1.2 1.7 2.2 1.1 1.8 2.6 3.6 
Sep 24.1 0.5 0.6 0.5 0.5 0.4 0.9 1.3 1.4 0.4 0.8 1.3 1.7 0.7 1.4 2.3 3.2 
Oct 22.4 0.1 0.2 0.1 0.3 0.0 0.5 0.9 1.1 0.1 0.5 0.9 1.5 0.8 1.0 2.0 2.6 
Nov 19.4 0.3 0.3 0.2 0.5 0.2 0.7 1.2 1.4 0.3 0.7 1.1 1.5 1.4 1.2 2.2 2.9 
Dec 16.6 0.0 0.2 -0.1 0.4 -0.1 0.3 1.2 1.1 0.1 0.5 0.8 1.6 0.4 1.1 2.1 2.7 

 

 
 
 
 
 
 
 
 
 
 
 
 
 



 

 

Table S3. Average monthly maximum temperature change from baseline under CMIP5 climate data (°C) 

Month Baseline 
 RCP2.6  RCP4.5  RCP6.0 RCP8.5  

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

Jan 30.7 -2.3 -2.1 -1.9 -1.6 -2.2 -1.6 -1.0 -0.9 -2.4 -2.0 -1.4 -0.7 -2.2 -1.0 -0.3 0.8 
Feb 32.8 -0.7 -0.5 -0.3 -0.1 -0.8 0.0 0.5 0.8 -0.6 -0.4 0.1 0.6 -0.7 0.5 1.2 2.3 
Mar 35.2 1.6 1.8 2.0 1.9 1.8 2.3 2.9 3.1 1.5 1.7 2.4 2.9 1.7 2.7 3.6 4.5 
Apr 36.3 3.0 3.0 3.5 3.2 3.2 3.6 3.9 3.6 2.8 3.3 3.4 4.5 3.2 4.0 5.1 6.1 
May 34.8 2.5 2.7 3.2 2.8 2.6 3.0 3.2 3.6 2.4 3.1 3.7 4.2 2.8 3.5 4.5 5.5 
Jun 33.4 1.1 1.4 1.6 1.4 1.2 1.3 2.0 2.4 1.1 1.5 2.4 2.8 1.6 2.3 3.2 4.2 
Jul 32.8 0.7 0.9 1.1 0.8 0.8 1.3 1.5 1.7 0.6 1.0 1.5 2.0 1.1 1.6 2.5 3.6 

Aug 31.9 1.2 1.4 1.5 1.4 1.4 1.9 2.2 2.2 1.2 1.7 2.1 2.5 1.5 2.0 3.1 4.0 
Sep 31.5 1.5 1.6 1.7 1.7 1.5 2.1 2.4 2.5 1.4 1.8 2.4 2.8 1.7 2.4 3.4 4.3 
Oct 31.3 0.6 0.8 1.0 1.0 1.2 1.2 1.5 1.9 0.5 1.0 1.6 2.2 0.8 1.7 2.6 3.6 
Nov 30.8 -0.8 -0.7 -0.5 0.1 -0.8 -0.2 0.2 0.5 -0.9 -0.4 0.0 0.7 -0.8 0.3 1.1 2.7 
Dec 29.9 -2.0 -1.8 -1.8 -1.3 -2.1 -1.5 -0.9 -0.7 -2.2 -1.5 -1.1 -0.5 -2.0 -0.9 0.0 1.0 

 

 

 

 

 

 

 

 

 

 



 

 

Table S4. Average monthly mean temperature change from baseline under CMIP5 climate data (°C) 

Month Baseline 

 RCP2.6   RCP4.5  RCP6.0   RCP8.5 

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

Jan 23.3 -1.2 -1.0 -0.9 -0.6 -1.0 -0.5 0.2 0.0 -1.0 -0.8 -0.3 0.5 -0.9 0.0 0.7 1.8 
Feb 25.7 -0.7 -0.5 -0.3 -0.1 -0.7 0.0 0.6 0.7 -0.4 -0.2 0.1 0.7 -0.5 0.4 1.2 2.2 
Mar 28.4 1.0 1.3 1.4 1.3 1.2 1.7 2.3 2.5 1.1 1.2 1.8 2.4 1.2 2.1 3.1 4.0 
Apr 30.0 2.5 2.6 2.9 2.7 2.5 3.1 3.4 3.8 2.3 2.8 3.3 4.0 2.7 3.5 4.8 5.7 
May 29.4 2.3 2.6 2.9 2.6 2.3 2.8 3.0 3.4 2.2 2.9 3.4 4.0 2.5 3.3 4.3 5.4 
Jun 28.9 1.2 1.5 1.6 1.4 1.3 1.9 2.1 2.4 1.1 1.6 2.3 2.8 1.5 2.3 3.2 4.2 
Jul 28.4 1.0 1.2 1.3 1.1 1.1 1.5 1.8 2.0 0.9 1.3 1.8 2.3 1.1 1.8 2.7 3.7 

Aug 28.0 1.2 1.4 1.4 1.3 1.3 1.7 2.0 2.1 1.1 1.5 1.9 2.4 1.2 1.9 2.8 3.8 
Sep 27.6 1.1 1.2 1.3 1.3 1.1 1.6 0.4 2.0 1.0 1.4 1.9 2.4 1.3 2.0 2.9 3.8 
Oct 26.8 0.4 0.7 0.7 0.8 0.5 0.9 1.4 1.6 0.5 0.9 1.4 2.0 0.8 1.6 2.5 3.3 
Nov 25.1 -0.2 0.0 0.1 0.3 -0.1 0.3 0.9 1.0 0.0 0.3 0.7 1.3 0.1 1.0 1.8 2.6 
Dec 23.1 -0.9 -0.6 -0.7 -0.3 -0.8 -0.3 0.3 0.3 -0.6 -0.3 0.0 0.8 -0.6 0.4 1.2 2.0 

 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 

Table S5. Average monthly precipitation change from baseline under CMIP5 climate data (mm) 

Month Baseline 
 RCP2.6  RCP4.5  RCP6.0  RCP8.5  

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

2020-
2039 

2040-
2059 

2060-
2079 

2080-
2099 

Jan 4.8 8.2 6.7 8.3 8.1 7.3 6.1 8.3 9.4 6.9 7.7 8.3 8.7 8.1 6.7 8.6 8.3 
Feb 16.6 -6.3 -7.3 -6.2 -6.4 -6.7 -7.2 -5.8 -5.5 -6.2 -6.5 -6.7 -5.4 -6.1 -7.5 -5.8 -6.5 
Mar 34.7 -15.5 -15.5 -15.4 -14.2 -13.8 -16.0 -13.3 -13.7 -17.3 -16.1 -17.0 -15.8 -15.2 -18.2 -14.4 -14.7 
Apr 81.2 -18.2 -18.0 -20.1 -16.9 -21.9 -17.0 -12.0 -16.9 -20.0 -20.1 -22.9 -22.9 -22.9 -20.8 -5.8 -17.5 
May 187.4 -12.0 -16.2 -23.9 -18.9 -19.5 -18.5 -5.4 -10.0 -22.7 -17.8 -14.5 -15.4 -18.7 -22.0 -7.5 -5.0 
Jun 202.2 33.3 29.4 44.3 45.0 37.4 25.1 44.9 35.5 24.3 40.8 42.1 35.7 25.3 30.7 44.2 50.7 
Jul 202.4 52.8 51.5 63.4 69.2 61.5 45.8 57.5 68.6 44.9 54.1 73.4 73.6 45.8 58.9 77.0 77.9 

Aug 256.2 39.0 45.4 43.9 38.7 23.5 27.5 43.5 55.1 29.9 25.0 44.6 48.9 33.1 52.2 58.9 57.3 
Sep 278.8 -23.2 -28.0 -14.8 -22.9 -26.6 -17.3 -13.6 -6.8 -42.8 -22.9 -18.6 -14.5 -35.7 -16.4 -3.3 6.1 
Oct 97.4 18.3 15.0 26.7 20.3 25.4 20.5 29.2 35.9 12.9 18.6 25.8 25.2 23.6 28.2 39.2 40.5 
Nov 12.5 25.8 24.7 29.0 27.1 26.0 25.4 32.6 29.6 19.9 25.4 28.5 27.2 28.6 23.8 30.4 35.8 
Dec 1.6 17.2 16.1 18.8 18.8 16.9 16.3 18.8 19.1 14.7 17.5 16.9 17.9 17.1 14.6 18.3 20.5 

 

 



 

 

 


