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HIGHLIGHTS 
 Rice yield decreased in the spring-summer and summer-autumn seasons and increased in the winter-spring season. 
 The average annual rice yield in the Artibonite Valley is expected to decrease. 
 MarkSim climate data linked with DSSAT provide a means to simulate climate change impacts on crop yield. 

ABSTRACT. Rice (Oryza sativa) is one of the major crops in the world and one of the most consumed agricultural products 
in Haiti, with the main production area in the Artibonite Valley. Crop management, poor soil conditions, and weather 
uncertainty affect rice production in this region. The objective of this study was to determine the potential impact of climate 
change on rice yield in the Artibonite Valley of Haiti for future periods (near-term: 2010-2039 and mid-century: 2040-2069) 
under two Representative Concentration Pathways (RCPs 4.5 and 8.5) defined by the Fifth Assessment Report of the Inter-
governmental Panel on Climate Change (IPCC). The Crop Estimation Resource and Environment Synthesis (CERES)-Rice 
model of the Decision Support for Agrotechnology Transfer (DSSAT) cropping system model was used to perform the sim-
ulations using local soil characteristics, meteorological data, and crop management following model calibration with local 
experimental data. Temperature (maximum and minimum) was predicted to increase during all three rice-growing seasons 
(spring-summer, summer-autumn, and winter-spring). Under both RCPs (4.5 and 8.5), the simulation results indicated that 
the ensemble-mean rice yield decreased during the spring-summer and summer-autumn seasons (by 5.1% to 6.6% and by 
5.4% to 8.3%, respectively) and increased during the winter-spring season (by 2.3% to 3.6%). Although yield increased 
during the winter-spring season, the average annual yield was predicted to decrease by 3.6% to 7.1% and by 4.2% to 9.6% 
for the near-term and mid-century climate periods, respectively. These findings could assist with the implementation of 
adaptation strategies to mitigate the projected negative impact of climate change on rice production in Haiti. 

Keywords. Cropping system model, DSSAT, Food security, Global climate model, Rice production, Systems analysis. 

he increase of greenhouse gases (GHG) such as 
carbon dioxide (CO2), methane (CH4), and nitrous 
oxide (N2O) due to anthropogenic actions has led 
to climate change, with worldwide economic and 

environmental implications. Climate change has impacted 
the cyclic pattern of weather conditions and has triggered an 
increase in temperature, an increase in the frequency of ex-
treme weather events, and a decrease in precipitation for 
many locations across the globe (Pachauri et al., 2014; Pra-
nuthi and Tripathi, 2018). The Fifth Assessment Report 

(AR5) of the Intergovernmental Panel on Climate Change 
(IPCC, 2014) states that precipitation will likely change de-
pending on the region, and the global mean temperature 
could rise by 4.8°C by the end of the 21st century. These 
climate changes have been predicted to be much more detri-
mental to developing countries such as Haiti compared to 
more developed countries. 

Extreme weather events coupled with a temperature in-
crease and precipitation decrease are predicted to have a neg-
ative impact on agricultural productivity, as crop production 
systems are sensitive to the changes in local weather condi-
tions (IPCC, 2014). An increase in the mean seasonal tem-
perature could lead to a reduction in crop growth periods, 
resulting in a decrease in final yield (Bhattacharya, 2019; Pe-
tersen, 2019; van Oort and Zwart, 2017), and permanent al-
teration of ecosystems may affect water availability. In Haiti, 
both the social and natural systems are already affected by 
climate change, and increasing weather fluctuation will af-
fect the livelihoods of those near poverty who heavily de-
pend on natural resources (Singh and Cohen, 2014). The 
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Haitian Ministry of Agriculture, Natural Resources, and Ru-
ral Development (Ministère de l’Agriculture, des Ressources 
Naturelles, et de Développement Rural, or MARNDR) has 
observed an increase in temperature of 1°C from 1973 to 
2003. According to Singh and Cohen (2014), Haitian farm-
ers are struggling to adapt their practices to changing 
weather conditions due to lack of an efficient climate moni-
toring network and appropriate information delivery sys-
tems. 

More than 60% of Haitians are employed in the agricul-
tural sector and depend entirely on agriculture for their in-
come and livelihood. Due to climate events such as drought, 
floods, and storms, Haiti’s crop production has been severely 
impacted, causing a reduction in crop yield and an increase 
in food insecurity (Singh and Cohen, 2014). Since 1960, the 
average annual precipitation has decreased by 5 mm per 
month per decade, and the frequency of hot days and nights 
has increased from 48 to 63 days between 1960 and 2003 
(USAID, 2017). The unpredictable rainfall and the season 
shift challenge current agricultural management practices, 
such as planting dates. Extreme weather events have im-
pacted the already weak agrarian infrastructure. Climate 
change will likely exacerbate these conditions. 

Many researchers have investigated the potential effects 
of the changing climate on agricultural production on global 
and regional scales (Challinor et al., 2014; Dixit et al., 2018; 
Petersen, 2019; Reilly et al., 2003; Tubiello et al., 2002; 
Xiong et al., 2008). They found that crop production would 
negatively be affected in some regions, while the changing 
climate might be beneficial to crop production in other loca-
tions. Only a few studies (ME, 2013; USAID, 2011, 2013, 
2017) have focused on predicting the potential impact of cli-
mate change in Haiti, and those studies indicate that the 
change in the climate factors is expected to exacerbate the 
living conditions and could have a severe impact on Haitian 
agriculture. However, those studies were conducted on a na-
tional scale, with no regard for regional or local assessment, 
and the authors did not evaluate the impact of the changing 
climate on crop yield. Those simulations also did not con-
sider the local soil nor the commonly grown crop cultivars. 
Therefore, the potential effects of climate change on crop 
production remain unclear in the Artibonite Valley in Haiti. 
Based on previous climate change studies (Pranuthi and 
Tripathi, 2018; Tiepolo and Bacci, 2017; USAID, 2011) and 
the AR5 (IPCC, 2014), this study hypothesizes that climate 
change will reduce rice yield in the Artibonite Valley. The 
objectives of this study were, therefore, to simulate, on a sea-
sonal basis, the future climate trend for the near-term (2010-
2049) and mid-century (2050-2069) climate periods under 
RCP 4.5 and RCP 8.5 and to evaluate the potential impact of 
these future climate trends on rice yield in the Artibonite 
Valley. 

MATERIALS AND METHODS 
STUDY SITE 

The study was conducted in the Artibonite Valley, which 
is located between 18° 50 and 19° 18 N and between 72° 
37 and 72° 00 W in Haiti (fig. 1). Rice is cultivated on over 

35,000 ha in the valley under flooded conditions for all 
growing seasons. About 18,000 ha is cultivated during the 
rainy season due to the unavailability of water in these loca-
tions during the dry season. Approximately 60 km of streams 
cross the regions, and the water distribution and irrigation 
infrastructures are operated by the Organization for the De-
velopment of the Artibonite Valley (ODVA), one of the larg-
est operating bodies of the Haitian Ministry of Agriculture 
(Wilcock and Jean-Pierre, 2012). 

The maximum temperature ranges from 29.0°C in De-
cember to 34.3°C in July, and the minimum temperature var-
ies between 17.8°C in January and 19.9°C in July. The aver-
age annual temperature is 27°C, and the average relative hu-
midity is 63% in April and 69% in September. There is a 
rainy season from May to October, which receives 500 to 
1200 mm of rain, and a dry season from November to April, 
which receives 50 to 100 mm of rain (Lamy et al., 2011). 
However, Lamy et al. (2011) did not provide the period of 
record from which these averages were obtained. 

The NASA Prediction of Worldwide Energy Resources 
(POWER) project provides weather data starting from 1981 
(https://power.larc.nasa.gov). We used NASA POWER to 
estimate the average temperature in the Artibonite Valley 
from 1981 to 2017. The average maximum temperatures in 
the location were 29.6°C in December and 34.0°C in July, 
and the minimum temperatures varied from 19°C in Decem-
ber to 23.8°C in August. These results are similar to the val-
ues reported by Lamy et al. (2011). 

Rice is grown in all ten provinces of Haiti. However, over 
70% of Haitian rice is produced in the Artibonite Valley. Of 
the remaining rice production in Haiti, 15% is cultivated in 
the northern region of the country, while the rest is cultivated 
in the southwestern region. The total rice production area in 
the Artibonite Valley is over 50,000 ha, with some of this 
area cultivated only during the rainy season due to lack of 
water for irrigation during the dry season (Wilcock and Jean-
Pierre, 2012). The crop is cultivated mostly under flooded 
conditions or under irrigation during all three growing sea-
sons, which include spring-summer, summer-autumn, and 
winter-spring. Six rice varieties are commonly grown in the 
valley, including Malaïka, Schela, Bogapoté, Tididi, CAP, 
and TCS10. Varieties such as Schela are grown for their cul-
inary quality, and varieties such as TCS10 are widely pro-
duced because of their high potential yield (FEWS NET, 
2018). 

DSSAT CSM-CERES-RICE 
The DSSAT cropping system model (CSM) is a process-

based dynamic simulation model (Hoogenboom et al., 2019; 
Jones et al., 2003). The CSM-CERES-Rice model of 
DSSAT version 4.7 (Hoogenboom et al., 2018) was used in 
this study. The optimal range of temperature considered in 
the CSM-CERES-Rice model is between 14°C and 32°C 
(Lamsal et al., 2013). Outside of this temperature range, 
yield decreases. The model simulates daily phenological de-
velopment and biomass production in response to local 
weather and soil conditions and crop management practices 
(Ritchie et al., 1998). The input data files required by 
DSSAT are weather (minimum temperature, maximum tem-
perature, rainfall, solar radiation), soil (soil type, organic 
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matter, texture, electrical conductivity, etc.), genotype char-
acteristics (cultivar), and management practices (transplant-
ing date, row and plant spacing, sowing depth, nitrogen fer-
tilizer application rates and dates, irrigation application rates 
and dates) (Hoogenboom et al., 2012). 

CSM-CERES-Rice has been well tested for various types 
of environments and is able to sufficiently simulate rice 
growth, development, and yield for various climate condi-
tions and genetic variations (Vaghefi et al., 2013). The 
model has been used to forecast maturity and yield for both 
weather variability and changing climate in many regions of 
the world, including North and South America, Europe, Af-
rica, and Asia (Dass et al., 2012; Kontgis et al., 2019; Singh 
et al., 2014, 2016). CSM-CERES-Rice and EPIC are re-
ported as the most commonly used models in climate change 
studies (White et al., 2011). CSM-CERES-Rice includes soil 
organic matter decomposition routing and routines describ-
ing the relevant crop management, and the model has been 
able to evaluate the effect of changes in temperature and at-
mospheric CO2 concentration on rice yield and CH4 emis-
sions (Vaghefi et al., 2013). In the model, the development 
stages are controlled by the growing degree days (GDD). 
The different growth stages, including juvenile, floral, head-
ing, flowering, grain filling, maturity, and harvest, corre-
spond to a certain value of cumulated GDD. The GDD is 

therefore important to rice growth and development and ul-
timately yield. More details about GDD are provided by Yan 
et al. (2006). In CSM-CERES-Rice, the crop reaches the 
highest production when the temperature is between the 
baseline and the optimal. However, rice growth and yield de-
cline when the temperature is either extremely high or very 
low (Guo et al., 2019). 

WEATHER DATA FOR MODEL INPUT 
In Haiti, the availability of daily weather data from 

weather stations is limited, and such data were not available 
for this study area. Satellites are an alternative source of 
weather data, although they have inherent uncertainties. For 
locations with limited measured data, gridded weather data 
can be used to obtain the data needed for crop simulation 
models (Battisti et al., 2018; White et al., 2008). Bai et al. 
(2010) used NASA POWER satellite solar radiation data and 
ground station data to simulate potential corn yield in China. 
They concluded that the solar radiation data from NASA 
POWER was a viable option for a regional and national crop 
simulation model. 

The NASA POWER satellite weather system (https://
power.larc.nasa.gov) was developed to provide meteorolog-
ical data for direct applications in fields such as architecture, 

Figure 1. The main region for rice production in the Artibonite Valley, Haiti. 
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energy, and agrometeorology. Weather information is de-
rived from gridded data systems and directly from multiple 
data sources (Maldonado et al., 2019). Weather data from 
the latest version of NASA POWER (Release 8) are availa-
ble on a global grid with a spatial resolution of 0.5° latitude 
by 0.5° longitude (Stackhouse et al., 2018). Kontgis et al. 
(2019) used NASA POWER to calibrate the CSM-CERES-
Rice model for the Mekong River delta in Vietnam because 
no on-site weather data were available. Therefore, in this 
study, NASA POWER daily rainfall, temperature (maxi-
mum and minimum), and solar radiation data were used for 
calibration of the model for the Artibonite Valley of Haiti. 

FIELD EXPERIMENTS 
Three years of rice crop data, including management 

practices, phenology, and yield for two varieties (TCS10 and 
CAP), were provided by the Haitian Ministry of Agriculture. 
The field experiments had been conducted to identify a fer-
tilizer recommendation for rice farmers in the Artibonite 
Valley. The results included the responses of different vari-
eties, including CAP and TCS10, to different nitrogen ferti-
lizer application rates (0, 30, 50, 70, 75, 90, 100, 120, and 
150 kg N ha-1). The pre-germinated seeds were sown in shal-
low furrows, and the seeds were covered with a thin layer of 
soil. The length of stay of seedlings in the nursery was 22 to 
25 days. Prior to the field experiments, the field was plowed 
and harrowed with a tiller. 

The two-variety experiments performed by the Ministry 
of Agriculture were conducted in a randomized block design 
at an experimental farm (Mauger) in the Artibonite Valley. 
The first experiment was conducted during the winter-spring 

season of 2012 and had three blocks and four treatments (0, 
50, 75, and 100 kg N ha-1). Each experimental unit was sub-
divided into two subunits in which the two rice cultivars 
(TCS10 and CAP) were assigned (table 1). The second ex-
periment had four blocks and six treatments (25, 50, 75, 100, 
125, and 150 kg N ha-1) and was conducted during the sum-
mer-autumn season of 2014 with only cultivar TCS10. The 
third experiment was conducted with cultivar TCS10 during 
the spring-autumn summer of 2015 and included three 
blocks with four treatments in each block. Two experiments 
were conducted with the CAP cultivar alone (table 1). The 
first experiment was conducted during the autumn-winter 
season of 2012 in three blocks with four treatments (30, 60, 
90, and 120 kg N ha-1). The second experiment was con-
ducted during the spring-summer season (2016) in three 
blocks, with seven treatments per block. 

SOIL DATA 
A soil survey conducted in the Artibonite Valley showed 

that the valley is relatively homogeneous and generally has 
sandy loam soils with an average of 29% sand, 30% silt, and 
41% clay for the top 30 cm of the soil profile and 29% sand, 
31% silt, and 40% clay for the second layer at a depth of 30 to 
60 cm. These soils are neutral to slightly alkaline, with a pH 
between 7.2 and 8.0 for the top layer and between 7.3 and 8.2 
for the second layer. This alkalinity is due to the accumulation 
of calcareous alluvium that forms the soils of the valley. In the 
top 30 cm, the average organic matter content is 1.7%, the 
electrical conductivity is 0.54 mmhos cm-1, the average nitro-
gen content is 6.75 t ha-1, the average assimilable phosphorus 
content is 0.050 t ha-1, and the average potassium content is 

Table 1. Input parameters for management practices of the TCS10 cultivar for the CSM-CERES-Rice model. The data were obtained from field
experiments conducted in the Artibonite Valley by the Haitian Ministry of Agriculture. 

Treatment 
(kg N ha-1) 

Transplanting Date 
(and Growing Season) Cultivar 

Application Date (AT = after transplanting) and 
Proportion of Fertilizer (Urea) Applied 

Harvesting Date 20 days AT 31 days AT 62 days AT 
0 

16 Feb. 2012 
(winter-spring) 

TCS10 
and CAP 

0% 0% 0% 

3 June 2012 
50 30% 40% 30% 
75 30% 40% 30% 

100 30% 40% 30%  
  15 days AT 30 days AT 61 days AT  

25 

30 July 2014 
(summer-autumn) 

TCS10 

30% 40% 30% 

29 Nov. 2014 

50 30% 40% 30% 
75 30% 40% 30% 

100 30% 40% 30% 
125 30% 40% 30% 
150 30% 40% 30%  

  30 days AT 45 days AT 58 days AT  

30 
13 May 2015 

(spring-summer) 
TCS10 

30% 40% 30% 

17 Sept. 2015 
60 30% 40% 30% 
90 30% 40% 30% 

120 30% 40% 30% 
   28 days AT 42 days AT 56 days AT  

30 
24 Sept. 2012 

(autumn-winter) 
CAP 

30% 40% 30% 

3 Dec. 2013 
60 30% 40% 30% 
90 30% 40% 30% 

120 30% 40% 30%  
  28 days AT 42 days AT 56 days AT  

0 

14 May 2016 
(spring-summer) 

CAP 

0% 0% 0% 

30 Sept. 2016 

25 30% 40% 30% 
50 30% 30% 30% 
75 30% 40% 30% 

100 30% 40% 30% 
125 30% 40% 30% 
150 30% 40% 30% 
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0.42 t ha-1. In the second layer, the average organic matter con-
tent is 1.4%, the electrical conductivity is 0.60 mmhos cm-1, 
the average nitrogen content is 4.172 t ha-1, the average assim-
ilable phosphorus is 0.058 t ha-1, and the average potassium 
content is 0.421 t ha-1 (Louissaint and Duvivier, 2003). Lamy 
et al. (2011) performed soil analysis at the Mauger farm, 
where the field experiments were conducted, and reported 
data for the two layers (0 to 30 cm and 30 to 60 cm), as shown 
in table 2. 

MODEL CALIBRATION AND EVALUATION 
The data used for model calibration and evaluation were 

obtained from the field experiments conducted by the Hai-
tian Ministry of Agriculture, as described previously. The 
field experiments were conducted under flooded conditions 
with different levels of nitrogen fertilizer application. Model 
calibration was performed by adjusting the cultivar coeffi-
cients to reduce the difference between simulated and ob-
served values of phenology, biomass, and yield. The genetic 
parameters included the phenological (P1, P2O, P2R, P5) 
and growth (G1, G2, G3, G4) coefficients (table 3). Two 
years of data (2012 and 2014 for cultivar TCS10; 2012 (win-
ter-summer season) and 2012 (autumn-winter season) for 
cultivar CAP) on rice yield, phenology, and management 
practices were used to estimate the genetic parameters. The 
second experiment with the CAP cultivar ended in winter 
2013. One year of data (2015 for TCS10; 2016 for CAP) was 
used for model evaluation. 

The model for TCS10 was calibrated with two fertilizer 
treatments (100 and 150 kg N ha-1) with the highest nitrogen 
application and without water stress from two different ex-
periments (2012 and 2014, respectively). The first experi-
ment was conducted during winter-spring 2012, and the sec-
ond experiment was conducted during summer-autumn 
2014. The model evaluation was then performed using the 
120 kg N ha-1 fertilizer treatment with no water stress from 
the experiment conducted in spring-summer 2015. 

The model for CAP was calibrated with both the 100 kg 
N ha-1 fertilizer treatment in the winter-spring season of 2012 

and the 120 kg N ha-1 fertilizer treatment in the autumn-win-
ter season of 2012. These two treatments were free of water 
stress and were the highest nitrogen amounts applied in their 
respective seasons. The model was evaluated using the 150 
kg N ha-1 fertilizer treatment with no water stress from the 
spring-summer season of 2016. 

Using the generalized likelihood uncertainty estimation 
(GLUE) method (Beven and Binley, 1992), the phenological 
coefficients were estimated with the anthesis and harvest 
maturity dates, while the growth coefficients were estimated 
with the final yield and yield components. The GLUE 
method is a Bayesian Monte Carlo technique that has been 
widely used for model parameter estimation (He et al., 2010; 
Rankinen et al., 2006) and is suitable for highly parameter-
ized models (Sun et al., 2016). DSSAT includes a GLUE 
tool for estimating the cultivar coefficients (Buddhaboon et 
al., 2018; Jones et al., 2011). The GLUE tool was run 30,000 
times to estimate the genetic parameters during the calibra-
tion process (Gao et al., 2020). The generated coefficients 
were then used to simulate the experimental results and as-
sess the difference between the observed and predicted phe-
nology and growth values. When the results showed a suita-
ble agreement between the predicted and observed values, 
the evaluation was performed. 

The evaluation was conducted by running the model with 
the treatments that were not used in the calibration process. 
The root mean square error (RMSE) and the normal root 
mean square error (NRMSE) were the goodness-of-fit indi-
cators used to evaluate the model performance by estimating 
the errors between the simulated and observed values for the 
flowering and maturity dates and final yield (Yang et al., 
2014): 

  
1 2

2

1

1
RMSE

/n

i i
i

S – O
n 

 
  
  
  (1) 

 
RMSE

NRMSE (%) 100  

iO
     (2) 

Table 2. Soil data for the Mauger farm in the Artibonite Valley (EC = electrical conductivity, K = potassium, CEC = cation-exchange capacity, N 
= nitrogen, P = phosphorus, OC = organic carbon, and OM = organic matter). 

Soil Profile 
pH 

(H2O) 
EC 

(mmhos cm-1) 
K 

(cmol kg-1) 
CEC 

(cmol kg-1) 
N 

(%) 
P 

(ppm) 
OC 
(%) 

OM 
(%) 

Clay 
(%) 

Silt 
(%) 

0 to 30 cm 8.2 0.364 0.27 23 0.19 0.14 1.71 2.94 41 30.2 
30 to 60 cm 8.28 0.322 0.32 22.2 0.14 11.5 1.06 1.82 39.8 31.1 

Table 3. Description and values of the phenological (P) and growth (G) coefficients for rice cultivars TCS10 and CAP (widely cultivated in the
Artibonite Valley of Haiti) for the CSM-CERES-Rice model after calibration with GLUE. 

Coefficient Definition TCS10 CAP 
P1 Period expressed as growing degree-days (GDD) above a base temperature  

of 9°C in the basic vegetative phase of the plant 
475.1 638.9 

P20 The critical photoperiod or longest day length (in hours) during which  
development occurs at a maximum rate 

175.3 195.2 

P2R The extent to which phasic development leading to panicle initiation is delayed 
(expressed as GDD in °C) for each hour increase in photoperiod above P2O 

375.5 373.6 

P5 The time period (GDD) from the beginning of grain filling to physiological  
maturity with a base temperature of 9°C in the grain filling phase 

11.1 12.2 

G1 The coefficient for the potential number of spikelets per panicle 46.3 48.4 
G2 The single-grain weight under ideal growing conditions (non-limiting light,  

water, nutrients and absence of pests and diseases) 
0.025 0.025 

G3 The tillering coefficient relative to IR64 cultivars 0.90 0.82 
G4 The temperature tolerance coefficient 1.00 0.93 
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where Si and Oi are the predicted and observed parameter 
values, respectively, n is the number of observations, iO  is 

the observed mean value, and i is each observation. A simu-
lation is considered excellent when the NRMSE is less than 
10%, good with an NRMSE between 10% and 20%, fair with 
an NRMSE between 20% and 30%, and poor if the NRMSE 
is higher than 30% (Rinaldi et al., 2003). 

CLIMATE DATA 
The MarkSim DSSAT weather file generator (http://gis-

map.ciat.cgiar.org/MarkSimGCM/) was used to generate 
climate data for five global climate models (GFDL-ESM2M, 
HadGEM2-ES, IPSL-CM5A-LR, MIROC-ESM-CHEM, 
and NorESM1-M) that were selected for RCP 4.5 and RCP 
8.5 (table 4). These five GCMs are from Phase 5 of the Cou-
pled Model Intercomparison Project (CMIP5) and were the 
only models to be bias-corrected and downscaled by the In-
ter-Sectoral Impact Model Intercomparison (ISI-MIP) (Li et 
al., 2016; Warszawski et al., 2014). Therefore, these GCMs 
were suitable for use in this study. The MarkSim tool was 
developed to generate weather data for Latin America and 
Africa. The weather generator includes climate data from 
more than 9,200 stations around the world. The MarkSim 
weather generator is based on a third-order Markov process 
that considers events that occurred over the previous three 
days. Climate data (solar radiation, minimum and maximum 
temperatures, and rainfall) for 1980 to 2009 were down-
loaded from MarkSim for use as a baseline (Jones and 
Thornton, 2000). Climate data (solar radiation, minimum 
and maximum temperatures, and rainfall) for future periods 
under RCP 4.5 and RCP 8.5 were also downloaded from 
MarkSim. Data for 2010 to 2039 were used for the near-term 
period, and data for 2040 to 2069 were used for the mid-
century period. The CO2 concentration levels (baseline CO2 
= 360 ppm, RCP 4.5 near-term CO2 = 423 ppm, RCP 4.5 
mid-century CO2 = 499 ppm, RCP 8.5 near-term CO2 = 432 
ppm, and RCP 8.5 mid-century CO2 = 571 ppm) were ob-
tained from the Agricultural Model Intercomparison and Im-
provement Project (AgMIP; www.AgMIP.org) (Rosen-
zweig et al., 2018). 

MODEL SCENARIO SIMULATIONS 
In an agricultural system, numerous ecophysiological 

processes are influenced by environmental conditions (CO2 
concentration, temperature, and rainfall) and management 
factors (nutrients and irrigation). For the climate simulations 

in this study, factors such as cultivar, nitrogen fertilizer ap-
plications, soil water content, and soil conditions remained 
constant, while temperature, rainfall, solar radiation, and 
CO2 concentrations were considered independent variables. 
The temperature, rainfall, and solar radiation varied daily. 
The CO2 concentrations were fixed for each 30-year period 
but varied for historical and future periods and for different 
RCPs. The MarkSim climate data were organized and im-
ported into DSSAT. The CO2 concentrations from AgMIP 
were added in the environmental section of the DSSAT sea-
sonal crop management files. With the cultivars, climate 
data, and soil data configured, the model simulated the po-
tential impact of climate change on rice yield under RCP 4.5 
and RCP 8.5 for the region of study. 

Rice farmers in the Artibonite Valley plant three rice sea-
sons, i.e., spring-summer, summer-autumn, and winter-
spring (table 5). Most of the farmers transplant rice in the 
first week of April for the spring-summer season, in mid-
August for the summer-autumn season, and in the first week 
of December for the winter-spring season (FEWS NET, 
2018). Therefore, April 15, August 22, and December 1 were 
used as planting dates for the spring-summer, summer-au-
tumn, and winter-spring seasons, respectively. The harvest-
ing dates were defined to be at harvest maturity and were 
simulated and predicted by the model. 

The phenology and yield of both cultivars were simulated 
for all seasons for the baseline, near-term, and mid-century 
climate periods under both RCP 4.5 and RCP 8.5. The effect 
of climate change on rice growth stages (anthesis and phys-
iological maturity) and yield were assessed by comparing the 
simulations of the two periods (near-term and mid-century) 
under both RCPs to the simulations obtained for the baseline. 
The variables of interest (duration to anthesis, duration to 
maturity, and yield) were evaluated with each of the five 
GCMs over 30 years for each climate period. 

RESULTS AND DISCUSSION 
MODEL CALIBRATION AND EVALUATION 

DSSAT version 4.7.1 was used to investigate the climate 
change impact on rice yield in the Artibonite Valley. For the 
calibration of cultivar TCS10, the RMSE for yield was 193.4 
kg ha-1, and there was no difference between the simulated 
and observed anthesis dates (80 days after planting) and 
physiological maturity dates (108 days after planting). For 
model evaluation, there was a one-day difference in the 

Table 4. Information related to the five global climate models (GCMs) used in this study. 
GCM Model Source Reference 

GFDL-ESM2M NOAA Geophysical Fluid Dynamics Laboratory, U.S. Dunne et al., 2012 
HadGEM2-ES Met Office Hadley Center, U.K. Collins et al., 2008 

IPSL-CM5A-LR L’Institut Pierre-Simon Laplace, France Dufresne et al., 2013 
MIROC-ESM-CHEM Japan Agency for Marine-Earth Science and Technology, Atmosphere, and Ocean Research  

of the University of Tokyo and National Institute for Environmental Studies 
Watanabe et al., 2011 

NorESM1-M Norwegian Climate Center Iversen et al., 2013 

 

 
Table 5. Current planting and harvesting dates for the Artibonite Valley. These planting dates were simulated in the DSSAT seasonal tool to 
evaluate the potential impact of climate change on rice yield for each growing rice season (P = planting period; H = harvesting period). 

Season Jan. Feb. March April May June July Aug. Sept. Oct. Nov. Dec. 
Spring-summer - - - P - - H - - - - - 
Summer-autumn - - - - - - - P - - H - 

Winter-spring - - H - - - - - - - - P 
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flowering dates (81 days observed vs. 80 days simulated) 
and no difference in the maturity dates (106 days after plant-
ing). The RMSE for the TCS10 evaluation yield was 144 kg 
ha-1. 

The calibration results for CAP showed no difference be-
tween the simulated and observed flowering dates (78 days 
after planting), and the simulated maturity dates were one 
day later than observed (107 days simulated vs. 108 days ob-
served). The RMSE was 505.8 kg ha-1 for the CAP calibra-
tion yield. The model evaluation showed no difference in the 
anthesis dates (80 days after planting), one day difference for 
the maturity dates (108 days simulated vs. 107 days ob-
served), and the RMSE was 210 kg ha-1 for the CAP evalua-
tion yield. 

The rice production in the Artibonite Valley simulated by 
CSM-CERES-Rice showed good agreement with the meas-
ured data for cultivars TCS10 and CAP. The NRMSE values 
for cultivar TCS10 were 1%, 1%, and 2% for the anthesis 
and maturity dates and yield, respectively, while the 
NRMSE values for cultivar CAP were 1%, 1%, and 3% for 
the same variables. The NRMSE values for all parameters 
were less than 10% (Jamieson et al., 1991; Rinaldi et al., 
2003); hence, the performance of the model was considered 
excellent (table 6). Figure 2 shows the relationship between 
the simulated and observed rice grain yields for cultivars 
TCS10 and CAP in the Artibonite Valley of Haiti. 

FUTURE CLIMATE SCENARIOS 
The future climate scenarios were evaluated with respect 

to changes in the minimum and maximum temperatures, so-
lar radiation, and rainfall for each rice growing season. The 

minimum and maximum temperatures both increased for all 
GCMs for all growing seasons for the near-term and mid-
century climate periods under both RCP 4.5 and RCP 8.5 
compared to the baseline (fig. 3). 

Under RCP 4.5, the ensemble-mean maximum tempera-
ture for the spring-summer season increased by 1.2°C to 
1.6°C for the near-term and by 1.7°C to 2.3°C for mid-cen-
tury, while for the summer-autumn season it increased by 
1.6°C to 2.0°C for the near-term and by 2.0°C to 2.8°C for 
mid-century. For the winter-spring season, the ensemble-
mean maximum temperature increased by 0.1°C to 0.5°C for 
the near-term and by 0.2°C to 0.6°C for mid-century. Under 
RCP 8.5, the ensemble-mean maximum daily temperature 
for the spring-summer season increased by 1.3°C to 1.6°C 
for the near-term and by 1.9°C to 3.0°C for mid-century, 
while for the summer-autumn season it increased by 1.7°C 
to 2.1°C for the near-term and by 2.4°C to 3.5°C for mid-
century. For the winter-spring season, the ensemble-mean 
maximum daily temperature increased by 0.2°C to 0.6°C for 
the near-term and by 1.0°C to 2.0°C for mid-century. 

Under RCP 4.5, the ensemble-mean minimum daily tem-
perature for the spring-summer season increased by 1.3°C to 
1.6°C for the near-term and 1.7°C to 2.4°C for mid-century, 
while for the summer-autumn season it increased by 1.2°C 
to 1.9°C for the near-term and by 1.7°C to 2.8°C for mid-
century. For the winter-spring season, the ensemble-mean 
minimum temperature increased by 0.1°C to 0.4°C for the 
near-term and by 0.4°C to 1.4°C for mid-century. Under 
RCP 8.5, the ensemble-mean maximum daily temperature 
for the spring-summer season increased by 1.3°C to 1.7°C 
for the near-term and by 1.9°C to 3.0°C for mid-century, 

Table 6. Calibration and evaluation of the cultivars TCS10 and CAP. Calibration was performed with two treatments from different experiments. 
Evaluation was conducted with treatments that were not used for calibration. 

Variables 
TCS10 

 
CAP 

Observed Simulated RMSE NRMSE Observed Simulated RMSE NRMSE 
Calibration          
 Anthesis (days) 80 80 0.7 1%  78 78 5.523 7% 
 Maturity (days) 108 108 1.0 1%  108 107 4.123 4% 
 Yield (kg ha-1) 5520 5712 193.4 2.2%  5768 6114 505.8 9% 
Evaluation          
 Anthesis (days) 81 80 1 1%  80 80 1 1% 
 Maturity (days) 106 106 1 1%  107 108 1 1% 
 Yield (kg ha-1) 6375 6519 144 2%  7974 8184 210 3% 

 

 

 

Figure 2. Relationship between simulated and observed grain yield for cultivars (a) TCS10 and (b) CAP during model evaluation. Observed data 
were collected in experimental trials conducted in the Artibonite Valley of Haiti in 2012, 2014, 2015, and 2016 by the Haitian Ministry of Agricul-
ture. These data were not used for model calibration. Dashed lines are the 1:1 line, and solid red lines are the regression line. 
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while for the summer-autumn season it increased by 1.3°C 
to 1.9°C for the near-term and by 2.1°C to 3.4°C for mid-
century. For the winter-spring season, the ensemble-mean 
maximum daily temperature increased by 0.2°C to 0.5°C for 
the near-term and by 0.8°C to 2.2°C for mid-century. 

Solar radiation for all five GCMs under RCP 4.5 and RCP 
8.5 decreased for the spring-summer season and increased 
for the summer-autumn and winter-spring seasons. Under 
RCP 4.5, the ensemble-mean solar radiation during the 
spring-summer season decreased by 0.9 to 1.0 MJ m-2 d-1 for 
the near-term and by 0.4 to 0.6 MJ m-2 d-1 for mid-century, 
while for the summer-autumn season it increased by 1.9 to 
2.4 MJ m-2 d-1 for the near-term and by 1.8 to 2.3 MJ m-2 d-1 
for mid-century. For the winter-spring season, the ensemble-
mean solar radiation increased by 0.4 to 0.7 MJ m-2 d-1 for 
the near-term and by 0.3 to 0.8 MJ m-2 d-1 for mid-century. 
Under RCP 8.5, the ensemble-mean solar radiation during 
the spring-summer season decreased by 0.8 to 1.1 MJ m-2 d-

1 for the near-term and by 0.2 to 0.7 MJ m-2 d-1 for mid-cen-
tury, while in the summer-autumn season it increased by 2.0 
to 2.3 MJ m-2 d-1 for the near-term and by 1.8 to 2.4 MJ m-2 
d-1 for mid-century. For the winter-spring season, the ensem-
ble-mean solar radiation increased by 0.6 to 0.8 MJ m-2 d-1 
for the near-term and by 0.3 to 0.8 MJ m-2 d-1 for mid-century 
(fig. 4). 

Rainfall was predicted to decrease for two of the three 
seasons with the five GCMs under both RCP 4.5 and RCP 
8.5. Under RCP 4.5, the ensemble-mean rainfall in the 
spring-summer season increased by 30 to 114 mm for the 
near-term and by 19 to 104 mm for mid-century, while for 
the summer-autumn season it decreased by 61 to 89 mm for 
the near-term and by 13 to 39 mm for mid-century. For the 
winter-spring season, the ensemble-mean rainfall decreased 
by 38 to 85 mm for the near-term and by 12 to 28 mm for 
mid-century. Under RCP 8.5, the ensemble-mean rainfall in 
the spring-summer season increased by 60 to 83 mm for the 
near-term and by 44 to 106 mm for mid-century, while in the 
summer-autumn season it decreased by 63 to 93 mm for the 
near-term and by 35 to 110 mm for mid-century. For the win-
ter-spring season, the ensemble-mean rainfall decreased by 
14 to 23 mm for the near-term and by 7 to 44 mm for mid-
century (fig. 4). 

SIMULATION OF CLIMATE CHANGE IMPACT  
ON RICE PRODUCTION 

The simulation results showed a decrease in the number 
of days to flowering and maturity for both cultivars in the 
future climate periods compared to the baseline. Rice yield 
was predicted to increase for the winter-spring season, while 

 

Figure 3. Projected variations of maximum and minimum temperature for five GCMs during three seasons (spring-summer, summer-autumn,
and winter-spring) for two future climate periods (near-term: 2010-2039; and mid-century: 2040-2069) under RCP 4.5 and RCP 8.5 compared 
with the baseline. The fives GCMs are on the top x-axis, and the three seasons are on the right y-axis. The green, red, and dark red colors indicate 
the baseline (BL), near-term (NT), and mid-century (MC) climate periods, respectively. 
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it was predicted to decrease for the spring-summer and sum-
mer-autumn seasons. 

Climate Effects on Phenology of TCS10 
According to the simulation results, the duration from 

planting to flowering date for cultivar TCS10 decreased un-
der both RCPs (4.5 and 8.5) compared to the baseline. Under 
RCP 4.5, the ensemble-mean duration to flowering for the 
spring-summer season decreased by 4.5 to 5.5 days for the 
near-term and by 6.1 to 7.8 days for mid-century, while for 
the summer-autumn season it decreased by 3.6 to 4.7 days 
for the near-term and by 4.5 to 6.5 days for mid-century. For 
the winter-spring season, the ensemble-mean duration to 
flowering decreased by 0.5 to 1.6 days for the near-term and 
by 2.3 to 5.3 days for mid-century. Under RCP 8.5, the en-
semble-mean duration to flowering for the spring-summer 
season decreased by 4.7 to 5.7 days for the near-term and by 
6.8 to 9.2 days for mid-century, while for the summer-au-
tumn it decreased by 3.8 to 4.8 days for the near-term and by 
1.0 to 1.9 days for mid-century. For the winter-spring sea-
son, the ensemble-mean duration to flowering decreased by 
5.4 to 7.6 days for the near-term and by 3.7 to 7.9 days for 
mid-century (fig. 5). 

The duration from planting to physiological maturity also 
decreased for all future climate periods and all five GCMs 

and climate scenarios. Under RCP 4.5, the ensemble-mean 
duration to maturity for the spring-summer season decreased 
by 5.2 to 6.7 days for the near-term and by 7.4 to 9.5 days 
for mid-century, while for the summer-autumn season it de-
creased by 6.2 to 8.2 days for the near-term and by 8.3 to 
10.8 days for mid-century. For the winter-spring season, the 
ensemble-mean duration to maturity decreased by 0.3 to 3.0 
days for the near-term and by 3.7 to 7.8 days for mid-cen-
tury. Under RCP 8.5, the ensemble-mean duration to ma-
turity for the spring-summer season decreased by 5.4 to 6.8 
days for the near-term and by 8.0 to 11.4 days for mid-cen-
tury, while for the summer-autumn season it decreased by 
6.8 to 8.6 days for the near-term and by 9.2 to 12.4 days for 
mid-century. For the winter-spring season, the ensemble-
mean duration to maturity decreased by 0.6 to 3.4 days for 
the near-term and by 5.8 to 11.0 days for mid-century 
(fig. 5). 

Climate Effects on Phenology of CAP 
The duration from planting to flowering for the CAP cul-

tivar was predicted to decrease under both RCP 4.5 and RCP 
8.5 as compared to the baseline. Under RCP 4.5, the ensem-
ble-mean duration to flowering for the spring-summer sea-
son decreased by 4.6 to 5.7 days for the near-term and by 6.1 
 

Figure 4. Projected variations in solar radiation and rainfall for five GCMs for three rice growing seasons (spring-summer, summer-autumn, and 
winter-spring) for two future climate periods (near-term: 2010-2039; and mid-century: 2040-2069) under RCP 4.5 and RCP 8.5 compared with 
the baseline. The green, red, and dark red colors indicate the baseline (BL), near-term (NT), and mid-century (MC) climate periods, respectively.
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Figure 5. Predicted changes in (a) duration to flowering and (b) duration to physiological maturity for two future climate periods (near-term and 
mid-century) under two RCPs (4.5 and 8.5) for three rice growing seasons (spring-summer, summer-autumn, and winter-spring). The flowering 
and maturity days for each of the three seasons are on the left y-axis, the cultivars are on the bottom x-axis, and the GCMs are on the top y-axis. 
The green, red, and dark red colors indicate the baseline, near-term, and mid-century climate periods, respectively. 
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to 8.1 days for mid-century, while for the summer-autumn 
season it decreased by 3.2 to 4.4 days for the near-term and 
by 3.4 to 5.9 days for mid-century. For the winter-spring sea-
son, the ensemble-mean duration to flowering decreased by 
0.2 to 1.2 days for the near-term and by 1.8 to 5.0 days for 
mid-century. Under RCP 8.5, the ensemble-mean duration 
to flowering for the spring-summer season decreased by 5.0 
to 5.9 days for the near-term and by 6.7 to 9.4 days for mid-
century, while for the summer-autumn season it decreased 
by 3.4 to 4.7 days for the near-term and by 5.0 to 7.1 days 
for mid-century. For the winter-spring season, the ensemble-
mean duration to flowering decreased by 0.9 to 1.7 days for 
the near-term and 3.3 to 8.0 days for mid-century (fig. 5). 

The duration to physiological maturity for the CAP culti-
var decreased for the future climate periods with all the 
GCMs. Under RCP 4.5, the ensemble-mean duration to ma-
turity for the spring-summer season decreased by 5.3 to 6.8 
days for the near-term and by 7.7 to 9.9 days for mid-cen-
tury, while for the summer-autumn season it decreased by 
6.1 to 8.1 days for the near-term and by 7.4 to 8.4 days for 
mid-century. For the winter-spring season, the ensemble-
mean duration to maturity decreased by 0.2 to 2.7 days for 
the near-term and 3.4 to 7.7 days for mid-century. Under 
RCP 8.5, the ensemble-mean duration to maturity for the 
spring-summer season decreased by 5.8 to 7.3 days for the 
near-term and by 8.3 to 11.6 days for mid-century, while for 
the summer-autumn season it decreased by 6.6 to 8.2 days 
for the near-term and by 8.9 to 11.6 days for mid-century. 
For the winter-spring season, the ensemble-mean duration to 
maturity decreased by 0.4 to 3.1 days for the near-term and 
5.3 to 11.2 days for mid-century (fig. 5). 

Climate Effects on Rice Yield 
The yield of cultivar TCS10 was predicted to decrease for 

the spring-summer and summer-autumn seasons and to in-
crease for the winter-spring season for the two climate peri-
ods (near-term and mid-century) under both RCP 4.5 (fig. 6) 
and RCP 8.5 (fig. 7). Under RCP 4.5, the ensemble-mean 
yield for the spring-summer season decreased by 4.9% to 
6.2% for the near-term and by 5.3% to 6.8% for mid-century, 
while for the summer-autumn season it decreased by 4.4% 
to 7.7% for the near-term and by 4.0% to 9.1% for mid-cen-
tury. For the winter-spring season, the ensemble-mean yield 
increased by 2.3% to 4.4% for the near-term and by 1.6% to 
4.1% for mid-century. Under RCP 8.5, the ensemble-mean 
yield for the spring-summer season decreased by 5.3% to 
6.5% for the near-term and by 5.8% to 7.2% for mid-century, 
while for the summer-autumn season it decreased by 5.3% 
to 7.6% for the near-term and by 8.5% to 11.5% for mid-
century. For the winter-spring season, the ensemble-mean 
yield increased by 2.0% to 4.4% for the near-term and by 
0.0% to 4.8% for mid-century. 

Rice yield for cultivar CAP was also predicted to decrease 
for the spring-summer and summer-autumn seasons and to 
increase for the winter-spring season under both RCP 4.5 
(fig. 6) and RCP 8.5 (fig. 7). Under RCP 4.5, the ensemble-
mean yield for the spring-summer season decreased by 4.9% 
to 6.2% for the near-term and by 4.7% to 6.5% for mid-cen-
tury, while for the summer-autumn season it decreased by 
3.4% to 6.4% for the near-term and by 3.6% to 7.3% for mid-
century. For the winter-spring season, the ensemble-mean 
yield increased by 1.8% to 3.2% for the near-term and by 

 

Figure 6. Simulated yields (kg ha-1) of TCS10 and CAP rice cultivars for two climate periods (near-term and mid-century) during three growing 
seasons (spring-summer, summer-autumn, and winter-spring) with five GCMs in the Artibonite Valley under RCP 4.5 compared to the baseline.
The cultivars (TCS10 and CAP) are on the bottom x-axis, the GCMs are on the top x-axis, and the yields for each of the three growing seasons
are on the left y-axis. The green, red, and dark red colors indicate the baseline, near-term, and mid-century climate periods, respectively. 
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2.2% to 3.2% for mid-century. Under RCP 8.5, the ensem-
ble-mean yield for the spring-summer season decreased by 
4.4% to 5.5% for the near-term and by 4.6% to 5.6% for mid-
century, while for the summer-autumn season it decreased 
by 4.0% to 6.1% for the near-term and by 4.7% to 11.2% for 
mid-century. For the winter-spring season, the ensemble-
mean yield increased by 1.7% to 2.9% for the near-term and 
by 0.4% to 3.8% for mid-century. 

DISCUSSION 
MODEL PERFORMANCE 

The quality of the data used in this study for model cali-
bration and evaluation was considered intermediate accord-
ing to the normal quality standards (Kersebaum et al., 2015). 
Information such as initial soil nitrogen was missing from 
the dataset; hence, assumptions were made to estimate the 
initial soil nitrogen concentrations based on soil data for the 
site and experimental rice yield data. However, information 
related to soil characteristics, management practices (such as 
the transplanting date and fertilizer application date and 
rate), and observations (including the anthesis and maturity 
dates and final yield) were sufficient to perform proper cali-
bration and evaluation of the model according to the required 
minimum data set (Bao et al., 2017; Dos Santos et al., 2016). 

The calibration and evaluation for rice phenology (flow-
ering date and maturity date) and yield were adequate, alt-
hough the field data set available for calibration and evalua-
tion was relatively small, as only two treatments from two 

different experiments were used for calibration and one 
treatment from a different experiment was used for evalua-
tion. The NRMSE values for phenology and yield for both 
cultivars were less than 10%, indicating good performance 
of the model. Similar NRMSE levels (<10%) were found in 
previous studies using CSM-CERES-Rice for prediction of 
duration to flowering, duration to physiological maturity, 
and grain yield (Basso et al., 2016; Li et al., 2016; Zhang et 
al., 2019). 

MODEL SIMULATION 
The number of days required for flowering and for phys-

iological maturity was predicted to decrease with the two 
cultivars for the future climate periods and all seasons due to 
the increase in temperature. However, the reductions in time 
to anthesis and maturity were greater for CAP than for 
TCS10. When all three seasons were considered, the ensem-
ble means for flowering and maturity were not significantly 
different for both cultivars. Although there have been no pre-
vious studies on the effect of climate change in the Arti-
bonite Valley in Haiti, similar findings have been reported 
for other locations where climate change was predicted to 
result in a reduction in the number of days to anthesis and 
maturity due to an increase in temperature. For instance, Shi 
et al. (2015) found a decrease in the duration of the pheno-
logical phase due to higher temperatures using the RiceGrow 
model. Xu et al. (2017) reported similar conclusions using 
CSM-CERES-Rice for assessing climate change impacts on 
rice in the Sichuan basin in China. 

 

Figure 7. Simulated yields (kg ha-1) of TCS10 and CAP rice cultivars for two climate periods (near-term and mid-century) during three growing 
seasons (spring-summer, summer-autumn, and winter-spring) with five GCMs in the Artibonite Valley under RCP 8.5 compared to the baseline.
The cultivars (TCS10 and CAP) are on the bottom x-axis, the GCMs are on the top x-axis, and the yields for each of the three growing seasons
are on the left y-axis. The green, red, and dark red colors indicate the baseline, near-term, and mid-century climate periods, respectively.  
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During the winter-spring season, the increase in tempera-
ture triggered an increase in yield compared to the other two 
seasons. The average temperature during the winter-spring 
season did not exceed the optimal temperature range (14°C 
to 32°C) for yield in CSM-CERES-Rice (Lamsal et al., 
2013). Rice is considered a heat-stress tolerant crop and has 
a higher optimal temperature for growth compared to tem-
perate and sub-tropical cereal crops. In the tropics, the in-
crease in local temperatures is usually smaller than the 
global mean temperature (Iizumi et al., 2017). Hence, the 
relatively low temperature during the winter-spring season 
for the future climate periods might benefit rice production 
in the Artibonite Valley. 

The rice yields for both cultivars during the spring-sum-
mer and summer-autumn seasons were predicted to decrease 
due to warmer temperatures in the Artibonite Valley. Ritchie 
et al. (1998) stated that a reduction in the average growth 
duration due to temperature increasing beyond the optimal 
range could significantly affect rice yield. Net photosynthe-
sis, which is the difference between gross photosynthesis 
and respiration, governs growth and is influenced by the 
temperature, and warm temperature could reduce grain size 
by increasing the rates of development and respiration (Hat-
field et al., 2011). The warming climate could also trigger 
lower yield, spikelet sterility, and potential crop failure at 
extremely high temperatures, especially during the anthesis 
growth phase (Jagadish et al., 2015; Lobell and Gourdji, 
2012). Thus, an increase in temperature close to very high 
temperatures during the rice growing seasons (spring-sum-
mer and summer-autumn in the Artibonite Valley) would re-
duce the rice growth rate by reducing the net photosynthesis. 
The growth duration, which includes the durations to flow-
ering and maturity and determines the time for grain filling 
and biomass accumulation, was predicted to decrease under 
both RCPs (4.5 and 8.5) in a changing climate. Therefore, 
rice yields for both cultivars were expected to decrease. This 
finding is consistent with previous climate studies using a 
range of models (Bocchiola et al., 2015; Krishnan et al., 
2007; Xu et al., 2017) that all predicted a reduction in rice 
yield. 

The findings related to the effect of CO2 agree with pre-
vious research that has been conducted with crop simulation 
models and in controlled experiments in growth chambers 
(Kontgis et al., 2019; Matsui et al., 1997; Zhao et al., 2019). 
However, the positive effects of CO2 fertilization were in-
sufficient to offset the adverse effects of rising temperatures 
on rice yield for the spring-summer and summer-autumn 
seasons in the Artibonite Valley. This is consistent with the 
findings of Kontgis et al. (2019) and Xu et al. (2017). 

CONCLUSION 
This study modeled the potential impacts of climate 

change on rice yield in the Artibonite Valley, which is the 
main region of rice production in Haiti. The impacts of the 
future climate for the near-term and mid-century under RCP 
4.5 and RCP 8.5 were investigated using the CSM-CERES-
Rice model. Rice yield was predicted to decrease for two of 
the three growing seasons (spring-summer and summer-au-

tumn) for both RCPs (4.5 and 8.5), while the ensemble-mean 
yield for the winter-spring growing season was predicted to 
increase under RCP 4.5 and RCP 8.5 compared to the base-
line. The results of this study suggest that adaptation strate-
gies, such as changes in planting date, should be simulated 
to estimate each strategy’s potential to reduce the negative 
effects of the changing climate on rice yield in the Artibonite 
Valley. 
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