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Abstract: Drought is considered as one of the critical abiotic stresses affecting the growth and produc-
tivity of upland rice. Advanced and rapid identification of drought-tolerant high-yielding genotypes
in comparison to conventional rice breeding trials and assessments can play a decisive role in tackling
climate-change-associated drought events. This study has endeavored to explore the potential of
the CERES–Rice model as a decision support tool (DST) in the identification of drought-tolerant
high-yielding upland rice genotypes. Two experiments mentioned as potential experiment (1) for
model calibration under optimum conditions and an experiment for yield assessment (2) with three
irrigation treatments, (i) a control (100% field capacity [FC]), (ii) moderate stress (70% FC), and (iii) se-
vere stress (50 % FC), were conducted. The results from the yield assessment experiment indicated
that the grain yield of the studied genotypes decreased by 24–62% under moderate stress and by
43–78% under severe stress as compared to the control. The values for the drought susceptibility
index (DSI) ranged 0.54–1.38 for moderate stress and 0.68–1.23 for severe stress treatment. Based on
the DSI and relative yield, genotypes Khao/Sai, Dawk Kham, Dawk Pa–yawm, Goo Meuang Luang,
and Mai Tahk under moderate stress and Dawk Kha, Khao/Sai, Nual Hawm, Dawk Pa–yawm, and
Bow Leb Nahag under severe stress were among the top five drought-tolerant genotypes as well
as high-yielding genotypes. The model accurately simulated grain yield under different irrigation
treatments with normalized root mean square error < 10%. An inverse relationship between sim-
ulated drought stress indices and grain yield was observed in the regression analysis. Simulated
stress indices and water use efficiency (WUE) under different irrigation treatments revealed that
the identified drought-tolerant high-yielding genotypes had lower values for stress indices and
an increasing trend in their WUE indicating that the model was able to aid in decision support
for identifying drought-tolerant genotypes. Simulating the drought stress indices could assist in
predicting the response of a genotype under drought stress and the final yield at harvest. The results
support the idea that the model could be used as a DST in the identification of drought-tolerant
high-yielding genotypes in stressed as well as non-stressed conditions, thus assisting in the genotypic
selection process in rice crop breeding programs.

Keywords: CSM–CERES–Rice; drought stress; yield; simulated water use efficiency; decision support

1. Introduction

Rice (Oryza sativa L.) is the staple food for more than half of the world’s inhabitants.
However, drought stress is a serious threat to global rice production as rice is extremely
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sensitive to drought stress [1]. Climate change has further triggered seasonal variations in
rainfall patterns leading to extreme weather events and increased drought stress intervals.
Drought occurrence is forecasted to be more severe in the future as stated in numerous
studies [2]. Rice genotypes exhibit unique physiological and yield responses to drought
stress depending on its duration and intensity [3], and the stability of a genotype is deter-
mined by its performance and sustaining productivity under stress [4]. Therefore, screening
drought-tolerant rice genotypes for their performance under various drought stress levels
is required to ensure the productivity of upland rice cropping systems.

Rice is considered highly sensitive to drought stress particularly when drought occurs
at reproductive stages [5]. Breeding upland rice for drought tolerance to avoid abiotic
stresses is one of the important factors to increase the efficiency of rice production systems.
Hundreds of some crops and even thousands of genotypes for some species are present
and every year many cultivars are added to each crop [6] causing pressure on genotypic
evaluation and the selection process of suitable and resistant cultivars to sustain production.
Conventional breeding has been met with little success for drought tolerance in rice [7]. Var-
ious methods and processes are adopted for the assessment of drought stress tolerance in
rice [8,9]. Drought scoring has been used in assessing and selecting tolerant genotypes [10],
whereas various stress indices have been used [11–13] to figure out the statistical relation-
ship of yield production under optimal and stressed conditions in different crops including
rice. These indices provide the comparison of yield loss under optimal and stress condi-
tions, and relative yield is considered as the yield of a particular genotype in comparison
to other evaluated genotypes under similar stress where the intensity of yield reduction
is considered as the susceptibility of that specific genotype. Some of these stress indices
include the drought susceptibility index [14], geometric mean productivity [15], harmonic
mean index [16], mean productivity index [17], yield stability index [18], and the tolerance
index [19]. The performance of these indices has been evaluated in numerous studies,
and positive or negative correlations and their significant differences with yield have been
reported [5,20]. However, these stress indices fail to explain the plant physiological mecha-
nisms regulating rice productivity as they only take yield into consideration under different
growing conditions whereas information of each contributing trait is important to enhance
the efficiency of the genotypic selection process [21]. The existing selection approaches are
ineffective for rapid assessment and screening of high-yielding drought-tolerant genotypes
due to the time, resources, and cost involved in yield trails under diverse agro-climatic and
management conditions. Consequently, rapid and cost-effective approaches are imperative
for assessing and screening high-yielding tolerant drought-tolerant rice genotypes.

Crop growth models have been widely used at plant, farm, and regional levels for
crop management decision-making worldwide [22,23]. These models have the potential to
evaluate genotypic performances under different soils, moisture, and climatic conditions
in a rapid and cost-effective manner. Moreover, the crop growth models also explain the
underlying physiological mechanisms of the studied genotypes. The decision support
system for agro–technology transfer (DSSAT) is one of the widely used crop models which
is being utilized in various aspects of agriculture such as in climate risk assessment for
rainfed rice productivity [24], in simulating phenology, development, and yield [25,26],
identification of the relative performance of different capable lines of rice at various loca-
tions, variability in genotypic response to the atmosphere [27], climate change impacts on
rice yield performance and production [28–30] and in the assessment of irrigation schedul-
ing [31,32]. CERES (Crop Environment Resource Synthesis)–Rice was developed to facilitate
better crop production, land-use management, and decision-making in rice field research.
CSM–CERES–Rice is a physiologically based model which simulates daily photosynthesis,
growth, respiration, biomass partitioning, and plant development as a function of input
information such as soil characteristics, management scenarios, cultivar parameters, and
prevailing daily weather conditions [33]. Model performance for various crop management
strategies in number of agro-environments and in climate impact assessments has also been
evaluated [24–26,28–30,34,35]. The drought stress index which is one of valuable outputs of
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CERES–Rice that could be utilized in predicting a genotypic yield response under a diverse
range of management strategies and could lead to decision support in various management
options including yield forecast and genotype recommendation. CERES–Rice has been
used to explore the impact of drought stress on crop yields by simulating drought stress
under stress conditions [31]. Considering drought stress, in CERES–Rice, a comparison
between potential water demand and root water uptake is conducted. It is known that the
conductivity of soil is decreased when soil dries either due to evaporation or transpiration
resulting in decreased root water uptake. If the ratio between potential root water uptake
and potential evapotranspiration is lower than 1.5, drought stress for leaf growth and stem
growth is started while drought stress for photosynthesis and biomass is initiated when
the ratio is less than 1 [36]. To simulate soil and plant water dynamics, CERES–Rice utilizes
two approaches including the Priestley–Taylor evapotranspiration (PT) method [37] and
the daily FAO-56 Penman–Monteith (PM) model [38]. In the DSSAT modelling system, the
PT approach is used by default as fewer parameters for weather data are required com-
pared to the FAO-56 model in which additional weather input including wind speed and
relative humidity of air is required [39]. Detailed processes related to evapotranspiration
in the CERES modules can be studied in Sau et al. [40]. Water use efficiency (WUE) is
an important physiological attribute [41,42] which is generally decreased due to higher
rates of transpiration under drought stress and genotypes failing to produce optimum
yields. In addition to the drought stress index, WUE can be calculated from simulated
grain yield and simulated evapotranspiration by CERES–Rice. Thus, understanding the
WUE of genotypes under different water levels can help to select genotypes with improved
physiological mechanisms.

Keeping in view the importance of the information mentioned above, this study
hypothesized that the model-assisted approach has the potential to curtail the constraints of
conventional breeding approaches that require time, resources, and costs due to field trials
under diverse agro-climatic and management conditions for assessment and screening of
high-yielding drought-tolerant genotypes. So far, according to the authors’ knowledge, no
specific studies have been conducted focusing on the application of CSM–CERES–Rice in
explanation of genotypic yield response to drought stress and WUE for genotypic selection
processes in rice breeding. Thus, the objective of this study was to explore the potential
of the CSM–CERES–Rice model for its use as a DST in the identification of high-yielding
drought-tolerant genotypes in the selection processes rice crop breeding programs.

2. Materials and Methods
2.1. Plant Materials and Experimental Details

Sixteen upland rice genotypes (labeled as G1 to G16) including Hawm Mali Doi (G1),
Jao Khao Pichit (G2), Jao Daeng (G3), Sahm Deuan (G4), Ma–led–nai–fai (G5), Dawk Kha
(G6), Hawm Jet Ban (G7), Khao/Sai (G8), Khao/Ruang (G9), Nual Hawm (G10), Dawk
Kham (G11), Dawk Pa–yawm (G12), Goo Meung Lung (G13), Hua Bon (G14), Bow Leb
Nahag (G15), and Mai Tahk (G16) were assessed in this study. Genotypes G1–G5 were
short-duration genotypes whereas G5–G16 were long-duration genotypes. A description
of the genotypes and the sites of collection are presented in Table S1. Two experiments
interpreted as a potential experiment (1) and an experiment for yield assessment (2) were
conducted in sheds located at the research area at the Faculty of Natural Resources, Prince
of Songkla University, Hat Yai, Thailand. The experimental location lies between 7.0063◦ N
and 100.4986◦ E. Topsoil was collected from the upper 60 cm layer of the cultivated field
located near to the experimental site. The soil was first air-dried and then sieved with 2 mm
mesh. A composite soil sample was taken before filling the soil into containers to determine
the soil physicochemical properties, i.e., field capacity (FC), nutrient status, and fertilizer
requirements. The soil class was sandy clay loam and the texture was coarse containing
66.03, 11.27, and 22.70% of sand, silt, and clay, respectively. The FC was 37.5% while the
total nitrogen (N) and available phosphorus (P) were 0.07 and 10.37%, respectively, in the
soil which indicated the need for optimum fertilizer management. The optimum rate of



Agronomy 2023, 13, 432 4 of 21

fertilizer based on field recommendations at the rate of 75 kg ha–1 N, 45 kg ha–1 P, and
45 kg ha–1 K+ was applied in three splits in both experiments.

The potential experiment (1) was conducted to obtain the grain yield of all of the
genotypes used in the study under optimal conditions (Figure 1a) for model calibration. A
completely randomized design in a factorial arrangement with three repetitions was used
to layout the experiment. Seeds were planted at a 5 cm soil depth with a direct seeding
method maintaining 16 plants m–2 at 30 × 20 cm row and plant spacing. The plants were
irrigated by over-draining to keep the plants under non-stressed conditions from planting
until maturity.
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Figure 1. Schematic diagram of experimental setup indicating the potential experiment (1) under
optimal conditions (a) and the yield assessment experiment (2) with three irrigation treatments (b).
The dark green color indicates optimum and non-water stressed conditions. The light green and
orange color indicate the irrigation at 70% of field capacity (FC) and 50% of FC after 60 days of
planting (DAP) for moderate stress and severe stress treatments, respectively, whereas, the red color
indicates the stress induction duration for moderate stress and severe stress treatments in the yield
assessment experiment.

The second experiment for the yield assessment (2) was conducted to observe the
yield response of all of the genotypes under three irrigation treatments including control
(100% FC), moderate stress (70% FC), and severe stress (50% FC) treatments (Figure 1b). A
strip plot design with three repetitions was used to layout this experiment. The genotypes
in this experiment were divided into two groups to record the soil moisture contents,
apply irrigation, and observe plant development as the genotypes were different in their
growth and maturity duration, considering, genotypes G1–G5 in group A and G6–G16
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in group B. The seeds were planted at a 5 cm soil depth with a direct seeding method
maintaining 20 plants m–2 at 25 × 20 cm row and plant spacing. The plants were irrigated
by over-draining until 60 days after planting (DAP) to keep the plants under non-stressed
conditions for all of the treatments following which irrigation was applied as 100%, 70%,
and 50% FC. Irrigation was withheld ahead of anthesis at the 68th DAP in group A and
the 76th DAP in group B to induce additional water stress to observe temporary wilting
in each genotypic group for the moderate stress and severe stress treatments, whereas the
control treatment was continued to irrigate with 100% FC until maturity. Following stress
induction which lasted for six consecutive days and observation of temporary wilting,
irrigation for the moderate and severe stress treatments was resumed at the 74th DAP in
group A and the 82nd DAP in group B, respectively, to keep the plants at 70% and 50% FC,
respectively, until maturity (Figure 1b). The moisture contents to calculate the irrigation
amount during the treatment application period were recorded by using a W.E.T sensor
(Delta–T Devices) [32] on a daily basis at a 0–15 cm soil depth by taking an average of the
moisture contents recorded from three random units in each treatment of both genotypic
groups. The moisture contents for the control, moderate stress and severe stress treatments
were calculated as 37.5%, 26.25% and 16.75% of FC, respectively. Irrigation was applied to
maintain FC levels, when moisture contents were decreased from their respective values in
each treatment due to water loss and evapotranspiration.

Phenology, grain yield, and biomass were recorded at harvest maturity. Three plants
were selected and were taken as a sample to record the grain yield and biomass after oven-
drying the plants and grain samples at 70 ◦C until no change in weight was observed. The
grain yield and biomass data in kg ha–1 were then calculated by multiplying the respective
weight per plant and plant population.

2.2. Drought Susceptibility Index (DSI)

Mean grain yield at harvest maturity was used to calculate the measure of yield stabil-
ity, the drought susceptibility index (DSI), and the relative yield (RY) for all of the genotypes
in the yield assessment experiment only. The formulae for DSI [14] was as follows:

DSI = (1-Yd/Yw)/D (1)

where Yd = mean yield under applied drought stress, Yw = mean yield under non–stressed
or optimum conditions, and D = environmental stress intensity which is 1– (mean yield
of all genotypes under applied drought conditions/mean yield of all genotypes under
non–stressed or optimum conditions). The RY under each treatment was calculated as the
yield of a particular genotype under the applied respective treatment divided by that of the
highest yielded genotype in the studied specific population [5].

2.3. Model Calibration

The CSM–CERES–Rice module present in DSSAT modeling system software was
the base model in this study. The model requires minimum data sets [43] to calculate
daily vegetative and reproductive growth components as a function of daily growth stage,
photosynthesis, and nitrogen and water stresses. Prior to application of the models, cultivar
coefficients must be calibrated to obtain the observed yield and biomass under optimum
growing conditions [44,45]. For calibrating CSM–CERES–Rice, it needs a set of cultivar-
specific parameters known as phenology and growth coefficients in addition to phyllochron
interval coefficient (PHINT) [25]. The cultivar coefficients used in this study were derived
from our previous study, but for attaining simulation accuracy, the model was readjusted
with phenology and the yield data recorded from the potential experiment (1). PHINT,
which controls the timing of the first appearance of leaves as well as the yield, was used as
a constant for all of the studied genotypes, whereas the remaining eight phenology and
growth coefficients were calibrated [25]. Weather data for model input including the daily
maximum (Tmax.) and minimum temperature (Tmin.) (◦C) were recorded using a data
logger (UA–002 HOBO Economic Data Logger for Temp/Light) and daily solar radiations
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(MJ m–2 day–1) were calculated using the weatherman tool in DSSAT software for the
growth period of both experiments. To calibrate the model, variables for which iterations
were performed included days to 50% anthesis, days to 50% physiological maturity, grain
yield (kg ha–1), aboveground biomass (kg ha–1), and harvest index (%).

2.4. Model Application and Decision Support in Genotypic Identification

Following model calibration, the data recorded from the yield assessment experiment
(2) were used to test the accuracy of simulation of CSM–CERES–Rice to estimate the yield
under different applied irrigation treatments. Model evaluation for the yield assessment
experiment was completed by comparing the observed results with the simulated days to
50% anthesis, days to 50% physiological maturity, and grain yield (kg ha–1). The genotypes
selected from the yield response which was evaluated by DSI and RY under water stress
treatments were further explored using CSM–CERES–Rice to study the effect of drought
stress on genotypic yield and to find out the relationship between grain yield, drought stress,
and WUE for a better understanding and decision support in the selection of genotypes.
Considering the drought stress indices simulated by CSM–CERES–Rice, there are two types
of stress indices, one for photosynthesis (ph) and a second for the growth expansion (ex).
These stresses are calculated on a daily basis and the stress range is between 0 to 1 which
means no drought stress at 0 and full stress at 1 [36]. Both stresses taken as an average stress
during the growing season were used to observe the effect of drought severity on each
genotypic response. The Priestley–Taylor evapotranspiration (PT) method [37] and the daily
FAO-56 Penman–Monteith (PM) model [38] are used in CSM–CERES–Rice for determining
potential evapotranspiration while simulating soil and plant water dynamics as stated
earlier. To estimate the drought stress index under the applied drought stress treatments in
this study, the PT method was used in the model. The simulated WUE was then calculated
as the ratio between simulated grain yield and simulated evapotranspiration for all of
the genotypes.

2.5. Statistics

Data collected from the yield assessment experiment (2) were analyzed using statistical
package Statistix 8.1 (Analytical software, Tallahassee, FL, USA) [46,47] to confirm the
significance of the results from the analysis of variance (ANOVA). Model performance
evaluation was presented by root mean square error normalized (RMSEn) (3) [48] and the
index of agreement (d) (4) [49]. RMSEn was calculated by using the equation for RMSE (2).
These statistical indicators are tools for testing the goodness of simulation models. The
RMSE (2) between the simulated and observed values for a data set with n measured values
and the RMSEn (3) is defined as:

RMSE =

√
∑n

i=1(Si −Oi)
2

n
(2)

RMSEn =
RMSE × 100

O
(3)

where Si = simulated value, Oi = observed field value, n = number of observations, and
Ō = the overall mean of observed field values. The d–index (4) was calculated by the
following equation:

d = 1− ∑n
i=1(Si −Oi)

2

∑n
i=1(|S′ i|+ |O′ i|)

2 (4)

where Si = simulated value, Oi = observed field value, and n = number of observations,
S′i = Si – Ō and O′i = Oi – Ō. The values of RMSEn computed and the d-value defined the
degree of agreement between the simulated values; with respect to the observed values, a
low RMSEn value and a d-value approaching unity is desired. Lower values from 10% for
RMSEn specify strong agreement between simulated and observed results. The simulation
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results are considered excellent if the RMSEn values are less than 10%, good if the RMSEn
values are greater than 10% and less than 20%, fair if the RMSEn values are greater than
20% and less than 30%, and poor if the the RMSEn values are greater than 30% [48].

3. Results
3.1. Weather Conditions and Soil Moisture Contents

The daily maximum and minimum temperatures that prevailed during the growth
period of the potential experiment ranged from 30 to 43 ◦C and 23 to 25 ◦C with an average
of 43 ◦C and 25 ◦C, respectively. The daily maximum and minimum temperatures for
the yield assessment of the experiment ranged from 30 to 43 ◦C and 23 to 24 ◦C with an
average of 43 and 24 ◦C, respectively (Figure 2). The solar radiation calculated by the
Weatherman tool present in the DSSAT modeling system for both experiments ranged from
10 to 18 MJ m–2 day–1 with an average of 18 MJ m–2 day–1 (Figure 2). The moisture contents
observed for group A genotypes (Figure 3a) ranged between 23.4 to 33%, 5.7 to 28.4%, and
4.1 to 25.2% for the control, moderate stress, and severe stress treatments, respectively. The
moisture contents observed for group B genotypes (Figure 3b) for the control, moderate
stress, and severe stress treatments ranged 21.7 to 32.8%, 14.4 to 28.9%, and 9.3 to 24.1%,
respectively. Lower moisture content values in the range for moderate stress and severe
stress treatments indicated a decline in soil moisture contents during stress induction for
six consecutive days. Following that, irrigation resumed, and soil moisture contents were
increased in each genotypic group (Figure 3).
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3.2. Drought Susceptibility Index (DSI) and Grain Yield (GY)

Statistical analysis indicated that grain yield was highly significantly different for
the genotypes, treatments, and their interaction (Table S2). The grain yield of the studied
genotypes decreased by 24–62% under moderate stress and by 43–78% under severe stress
as compared to the control. DSI values ranged from 0.54 to 1.38 for moderate stress
treatment (Table 1). Genotypes G8, G11, G12, G13, and G16 were among the top five
comparatively drought-resistant genotypes (DSI values < 1) while genotypes G3, G4, G5,
G6, G7, G10, G14, and G15 were drought-susceptible (DSI > 1) under moderate stress
treatment. The DSI values for the severe stress treatment ranged from 0.68 to 1.23 (Table 1).
Genotypes G6, G8, G10, G12, and G15 were among the top five comparatively drought-
resistant genotypes (DSI values < 1), while genotypes G1, G3, G5, G7, G13, and G14 were
drought-susceptible (DSI > 1) under severe stress treatment. The observed mean of relative
GY values under non-stressed treatment, the control, and imposed water stress under
moderate and severe stress treatments were 0.72, 0.61, and 0.75, respectively (Table 1). The
mean of the RY under water stress was less as compared to the control with moderate stress
while it was higher with the severe stress treatment. The drought-resistant genotypes (DSI
values < 1) G8, G11, G12, G13, and G16 under moderate stress treatment and G6, G8, G10,
G12, and G15 under severe stress treatment were also among the top five comparatively
high-yielding genotypes (RY > mean RY) (Table 1).

Table 1. Drought susceptibility index and relative yield of sixteen upland rice genotypes under the
control, moderate stress, and severe stressed treatments.

Genotype
Control (100% FC) Moderate Stress (70% FC) Severe Stress (50% FC)

GY ± SE RYW GY ± SE DSI RYS GY ± SE DSI RYS

G1 2267 ± 277 0.52 1387 ± 207 0.86 0.49 633 ± 179 1.14 0.41
G2 1393 ± 79 0.32 900 ± 140 0.79 0.32 793 ± 41 0.68 0.51
G3 2533 ± 419 0.58 1020 ± 130 1.33 0.36 567 ± 133 1.23 0.36
G4 1880 ± 122 0.43 833 ± 29 1.24 0.29 740 ± 0 0.96 0.48
G5 1800 ± 313 0.41 880 ± 64 1.13 0.31 573 ± 97 1.08 0.37
G6 4053 ± 618 0.93 2213 ± 155 1.01 0.78 1526 ± 238 0.99 0.98
G7 4373 ± 311 1.00 1660 ± 155 1.38 0.59 1180 ± 208 1.16 0.76
G8 3260 ± 117 0.75 2213 ± 254 0.71 0.78 1553 ± 225 0.83 1.00
G9 3040 ± 419 0.70 1680 ± 92 0.99 0.59 1240 ± 140 0.94 0.80

G10 3233 ± 267 0.74 1700 ± 214 1.05 0.60 1520 ± 106 0.84 0.98
G11 3780 ± 1024 0.86 2180 ± 20 0.94 0.77 1420 ± 160 0.99 0.91
G12 3800 ± 868 0.87 2120 ± 325 0.98 0.75 1513 ± 208 0.96 0.97
G13 3380 ± 577 0.77 2080 ± 356 0.85 0.73 1120 ± 70 1.06 0.72
G14 3693 ± 746 0.84 1913 ± 164 1.07 0.68 1233 ± 394 1.06 0.79
G15 3967 ± 1178 0.91 1973 ± 345 1.12 0.70 1527 ± 205 0.98 0.98
G16 3747 ± 84 0.86 2833 ± 181 0.54 1.00 1433 ± 210 0.98 0.92

Mean 3137 0.72 1724 – 0.61 1161 – 0.75

GY = Mean grain yield (kg ha–1), ±SE = standard error, DSI = drought stress index, RYW = relative yield under
control, RYS = relative yield under water stress condition.

3.3. Model Calibration

Calibration of a model is an important step for the adjustment of crop growth and
yield parameters to ensure that simulations can be well compared with observations. Data
collected from the potential experiment (1) conducted under optimal management were
used to calibrate the model. Simulations exhibited superior performance and there was
a strong agreement between the simulated and observed values for the phenology and
yield parameters. RMSEn values of 0.76 and 1.06 and a d-index value of 0.99 and 0.98
were observed for days to flowering and maturity (Figure 4a). The model simulated
excellent results for grain yield with RMSEn of 0.02 and a d-index value of 0.99 (Figure 4b).
Aboveground biomass (Figure 4c) and harvest index (Figure 4d) were also very well
simulated with 0.02 and 0.00 RMSEn and 0.99 for the d–index, respectively. Estimated
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cultivar coefficients explained the unique phenological and yield attributes of upland rice
genotypes well, whereas the genetic coefficients for group A genotypes were lower in value
as compared to the group B genotypes.
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Figure 4. Simulated and observed anthesis (days) and physiological maturity [days] (a), grain yield
(kgha–1) as dry matter (b), aboveground biomass (kg ha–1) as dry matter (c) and harvest index [%],
and (d) for model calibration with data collected from the potential experiment conducted under
optimum conditions.

3.4. Simulated Phenology and Grain Yield for Yield Assessment Experiment

Statistical analysis indicated that days to anthesis and days to maturity were highly
significantly different for the genotypes, treatments, and their interaction (Table S2). For
analyzing the capability of CSM–CERES–Rice to predict phenology and grain yield un-
der different water regimes and applied stresses, simulated and observed values were
compared. Phenology was compared with the difference in the number of days for each
genotype. Differences in simulated and observed days to anthesis and maturity ranged
from +5 to –4 and +2 to –6 for T1, +6 to –4 and +4 to –5 for T2 and +2 to –4 and +3 to –4 for
T3 for all of the genotypes. A 1:1 line graph also indicated a good agreement between the
simulated and observed days to anthesis (Figure 5a) and the days to maturity (Figure 5b) for
all of the genotypes in each treatment. RMSEn was used to compare between the simulated
and observed grain yield for the control, moderate stress, and the severe stress treatments,
and their values ranged from 0.92 to 3.82 for the control, 0.37 to 3.78 for moderate stress,
and 0.61 to 3.93 for the severe stress treatments (Table 2). The 1:1 line graph also showed a
good agreement between the simulated and observed grain yield for all of the genotypes in
each treatment (Figure 6).
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Figure 6. Comparison of the simulated versus observed grain yield (kg ha–1) for sixteen upland rice
genotypes under T1: control (100% FC), T2: moderate stress (70% FC), and T3: severe stress (50% FC)
treatments in the yield assessment experiment.

3.5. Simulated Drought Stress Indices

Drought stress indices including the stress index for photosynthesis (ph) (Figure 7a)
and the stress index for growth expansion (ex) (Figure 7b) were simulated for each genotype.
Simulations indicated that under controlled conditions, the genotypes were not exposed to
drought stress as the rice genotypes received an adequate water supply during the growing
season, and all of the genotypes produced maximum grain yields at no stress in the control
treatment. Under moderate stress treatment, the average stress values for photosynthesis
and expansive growth ranged from 0.02 to 0.31 and 0.14 to 0.51, respectively, for the studied
genotypes. The intensity of stress was increased under severe stress treatment and the
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genotypes faced drought stress ranging from 0.11 to 0.36 and 0.21 to 0.66 for stress for
photosynthesis and growth expansion, respectively. Drought stress for growth expansion
had more severity than the stress for photosynthesis in all of the genotypes (Figures 7–10).
Increased drought stress in both treatments significantly decreased the grain yield and a
highly significant inverse relationship was observed between the simulated grain yield
and simulated drought stress indices for photosynthesis and growth expansion in the
regression analysis (Figures 8–10). The relationship between the drought stress index
and the rice grain yield varied among the genotypes due to their genetic tolerance or
susceptibility to drought stress. Simulating drought stress indices for photosynthesis and
growth expansion during crop growth is a useful strategy to estimate the stress and yield
response of genotypes. Drought-tolerant genotypes can be evaluated as they are able to
adapt to drought conditions as compared to drought-susceptible genotypes. It was found
that drought-resistant genotypes G8, G11, G12, G13, and G16 under moderate stress and
genotypes G6, G8, G9, G10, G11, G12, G15, and G16 under severe stress selected using DSI
had lower values for stress indices (Figure 7). It was also found that an increase in drought
stress near the flowering stage caused a decline in the grain yield of all of the genotypes.
Genotypes exhibiting lower values for stress indices showed that these genotypes attained
early drought recovery because of their physiological mechanism assuring that the top five
selected drought-resistant genotypes G8, G11, G12, G13, and G16 under moderate stress
and genotypes G6, G8, G10, G12, and G15 under severe stress were also superior in their
physiological response to drought.

3.6. Simulated Water Use Efficiency (WUE)

Most of the genotypes had their maximum WUE in the control treatment due to
non-stressed conditions and their WUE was decreased with an increase in water deficit
(Figure 11). Genotypes G1, G2, G3, G4, G5, G6, G7, G9, G10, G14, and G15 had their
maximum WUE under the control treatment and their WUE was declined in moderate stress
treatment. Genotypes G8, G11, G12, G13, and G16 under moderate stress and genotypes G6,
G8, G9, G10, G11, G12, G15, and G16 under severe stress had an increasing trend in their
WUE. An increase in the WUE of genotypes G8, G11, G12, G13, and G16 under moderate
stress treatment and genotypes G6, G8, G9, G10, G11, G12, G15, and G16 in severe stress
treatment under water stress conditions occurred possibly because of their physiological
behavior under water deficit which showed their drought-resistant characteristics.

Agronomy 2023, 13, x FOR PEER REVIEW  11  of  21 
 

 

0.66 for stress for photosynthesis and growth expansion, respectively. Drought stress for 

growth expansion had more severity than the stress for photosynthesis in all of the geno‐

types (Figures 7–10). Increased drought stress in both treatments significantly decreased 

the grain yield and a highly significant  inverse relationship was observed between  the 

simulated grain yield and simulated drought stress indices for photosynthesis and growth 

expansion in the regression analysis (Figures 8–10). The relationship between the drought 

stress index and the rice grain yield varied among the genotypes due to their genetic tol‐

erance or susceptibility to drought stress. Simulating drought stress indices for photosyn‐

thesis and growth expansion during crop growth is a useful strategy to estimate the stress 

and yield response of genotypes. Drought‐tolerant genotypes can be evaluated as they are 

able to adapt to drought conditions as compared to drought‐susceptible genotypes. It was 

found that drought‐resistant genotypes G8, G11, G12, G13, and G16 under moderate stress 

and genotypes G6, G8, G9, G10, G11, G12, G15, and G16 under severe stress selected using 

DSI had lower values for stress indices (Figure 7). It was also found that an increase in 

drought stress near the flowering stage caused a decline  in the grain yield of all of the 

genotypes. Genotypes exhibiting lower values for stress indices showed that these geno‐

types attained early drought recovery because of their physiological mechanism assuring 

that the top five selected drought‐resistant genotypes G8, G11, G12, G13, and G16 under 

moderate stress and genotypes G6, G8, G10, G12, and G15 under severe stress were also 

superior in their physiological response to drought. 

 

Figure 7. Simulated average drought stress for photosynthesis [ph] (a), and growth expansion [ex] 

(b) for sixteen upland rice genotypes under T1: control (100% FC), T2: moderate stress (70% FC) and 

T3: severe stress (50% FC) treatments in yield assessment experiment. Vertical bars indicate ± stand‐

ard errors of average values of drought stresses, simulated for treatment duration. 

Figure 7. Simulated average drought stress for photosynthesis [ph] (a), and growth expansion [ex]
(b) for sixteen upland rice genotypes under T1: control (100% FC), T2: moderate stress (70% FC)
and T3: severe stress (50% FC) treatments in yield assessment experiment. Vertical bars indicate
± standard errors of average values of drought stresses, simulated for treatment duration.
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growth expansion (ex) for genotypes in group A under T1: control (100% FC), T2: moderate stress
(70% FC), and T3: severe stress (50% FC) treatments in the yield assessment experiment.
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Figure 9. Linear regression relationship between simulated grain yield and average drought stress
for photosynthesis (ph), and between simulated grain yield and average drought stress for growth
expansion (ex) for genotypes G6–G11 in group B under T1: control (100% FC), T2: moderate stress
(70% FC) and T3: severe stress (50% FC) treatments in yield assessment experiment.
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Figure 10. Linear regression relationship between the simulated grain yield and average drought
stress for photosynthesis (ph) and between the simulated grain yield and average drought stress for
growth expansion (ex) for genotypes G12–G16 in group B under T1: control (100% FC), T2: moderate
stress (70% FC), and T3: severe stress (50% FC) treatments in the yield assessment experiment.
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4. Discussion

Climate change has increased variability in seasonal rainfalls which has triggered the
occurrence of drought incidences [50–53] impacting on crop productivity and posing a
threat to global food security [54]. Various genotypes exhibit a range of yield responses
under different soil moisture statuses. Therefore, the exploration of genotypic diversity
for desired traits [55], i.e., grain yield, is a critical component of sustainable production.
Evaluating genotypic responses helps to identify suitable and stable genotypes. However,
this evaluation is not simple due to large numbers of genotypes being added every year and
their assessment under a range of stresses requires high input costs to conduct trials. Obser-
vation of various crop physiological mechanisms also requires high-priced instrumentation
and skilled manpower. Hence, yield prediction along with simulated crop physiological
responses will help to speed up breeding trials by not only providing additional genotypic
response data but also explaining the chances of genotypic suitability or sensitivity under
prevailing or predicted environments. Therefore, we evaluated the yield performance of
sixteen upland rice genotypes and employed CSM–CERES–Rice to assess the capability
of the model in yield prediction and decision support based on simulated drought stress
indices in the genotypic selection process.

In our study, average daily maximum and minimum temperatures for the potential
experiment were recorded as 43 ◦C and 25 ◦C whereas they were 43 ◦C and 24 ◦C for the
yield assessment experiment. The optimum temperature required for rice growth ranged
from 25 to 35 ◦C [56] and according to Buddhaboon et al. [57], the optimum temperature
for rice growth is 27 ◦C, while the temperature that prevailed during the growth period
of both experiments was higher than the optimum range. The average maximum and
minimum temperatures were almost similar for both experiments. Temperature might
have a significant influence on crop growth and yield response of upland rice as differences
in temperature impact crop growth and regulate the crop life cycle. Fluctuations in temper-
atures affect plant developmental processes [58]. According to Yoshida [56], crop duration
is generally decreased with an increase in temperature and vice versa. In our study, higher
temperatures might have influenced crop duration, and rice might have produced lower
yields as compared to the optimal temperature. The higher temperatures might influenced
soil moisture depletion due to increased evaporation as it was observed that temporary
wilting occurred in both genotypic groups within six days (Figure 3). Soon after the stress
induction, soil moisture was decreased in moderate stress and severe stress treatments
possibly due to the impact of higher temperatures on evapotranspiration.

Drought stress applied in moderate stress and severe stress treatments impacted rice
phenology. Days to anthesis and maturity were increased for the rice genotypes under
stress. Delayed flowering under drought stress in rice is well documented in numerous
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studies [5,32,59,60]. A positive and strong correlation was also observed between days to
anthesis and maturity in our previous study [5]. According to Pantuwan et al. [61] and
Zhao et al. [62], delayed anthesis is a common impact of drought stress occurrence at late
rice crop stages. Rice yield is significantly affected under late-stage drought stress, and it
was observed that the grain yield of all of the genotypes was decreased under increased
drought stress. The yield reduction of rice under a range of stress levels is also well doc-
umented [32,60,61,63,64]. Grain yield was considered to compute drought susceptibility
index values and the relative yield for all of the genotypes under moderate and severe
stress treatments. Genotypes were divided into stress tolerance and stress susceptibility
based on obtained stress index values. According to Bruckner and Frohberg [65], genotypes
with low DSI values (less than 1) could be considered as drought-resistant genotypes
as they showed smaller reductions in yield under drought stress conditions when com-
pared with non-stressed situations. Though a genotype may or may not be considered
as drought-resistant, lower DSI values may not essentially provide a noble indication of
drought resistance. Lower values of DSI for a genotype might be obtained due to a lack
of production under non–stressed conditions rather than its capability to tolerate drought
stress. Clarke et al. [66] described that the duration of drought stress in correspondence
to the development of different genotypes may cause variation in DSI. DSI represents the
measure of yield potential of a genotype under drought stress conditions [65]. However,
according to Clarke et al. [67], the yield potential of different genotypes could not be
differentiated by DSI. Consequently, a drought-tolerant genotype that is defined by the
DSI essentially does not have a higher yield potential, for that relative yield can be taken
into consideration as RY gives the measure of relatively lower or higher yield under stress
conditions. Therefore, the relative yield was considered to identify drought-tolerant as well
as relatively high-yielding genotypes.

Simulation results indicated that the model provided useful information for the studied
genotypes. The model was effectively able to predict the yield of all of the genotypes under
the applied treatments. The results are supported by the findings of Cheyglinted et al. [68],
Hussain et al. [32], and Nasir et al. [35] in that the model was able to able to simulate the
yield. Vilayvong et al. [69] also found that CSM–CERES–Rice adequately accounted for
predicting yields and it could be used to define suitable management practices for improved
rice production. Alejo [30] found that CSM–CERES–Rice was useful in simulating aerobic
rice production under different planting windows. CSM–CERES–Rice also exhibited
superiority over the ORYZA model in simulating the growth duration and yield responses
of rice [26]. Ansari et al. [29] reported that CSM–CERES–Rice was successfully calibrated
and validated over historical data and the model was suitable to the future prediction of rice
genotypes under changing climatic conditions. Our results for simulating rice phenology
and yield are in line with the findings of the abovementioned research.

In addition to the prediction of rice yield, determining drought stress for growth
expansion and photosynthesis could be useful applications in rice breeding as they describe
the stress duration and genotypic response to drought stress. In this study, the drought
stress index was simulated and the model used the Priestley–Taylor evapotranspiration
(PT) method [37]. The model indicated that under controlled conditions, the genotypes
were not exposed to drought stress as rice genotypes received an adequate water supply
during the growing season and all of the genotypes produced maximum grain yields at
no stress in the control treatment. Similar findings were reported by Anothai et al. [70]
who found that CSM–CERES–Maize did not simulate drought stress using either the PT
or the FAO-56 approach under full crop water irrigation. It was observed that simulated
drought stress for growth expansion was higher in value as compared to drought stress for
photosynthesis for all of the genotypes (Figures 7–10). Tojo Soler et al. [31] also found that
the simulated drought stress index for photosynthesis was smaller in value than the stress
index growth expansion in a study of scheduling irrigation and simulating the relationship
between the drought stress and yield of peanuts using CSM–CROPGRO model. Higher
values for the stress index for growth expansion for different genotypes indicated that these
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genotypes were exposed to drought stress for longer durations. Simulating drought stress
indices for photosynthesis and growth expansion during crop growth is a useful strategy
to assess the stress and yield of genotypes. Drought-tolerant genotypes can be evaluated as
they are able to adapt to drought conditions as compared to drought-susceptible genotypes.
Group A genotypes confronted more stress as compared to genotypes in group B which
possibly occurred because of the short duration between the stress period and the maturity
of the group A genotypes. Secondly, group A genotypes had a shorter time for drought
recovery while group B genotypes received water for a comparatively longer period than
the group A genotypes after stress induction showing that all of the drought-resistant
genotypes belonged to long-duration group B genotypes. Verkulkar et al. [71] stated that
rice yield was significantly reduced even with medium stress at the reproductive stage and
rice yield reduction under a range of stresses is well documented and our results are in line
with the reported results [5,32,63,64,72].

Water use efficiency (WUE) is an important indicator that exhibits the response of
a specific genotype under different soil moisture levels. Generally, the WUE of plants
decreases under water deficit and vice versa, but plants maintaining their physiology and
rescheduling their water use are specified for their anti-drought behavior. The WUE of a
genotype must not necessarily mean that it is reduced under water stress. Hu et al. [73]
also found that the WUE of two wheat genotypes was increased under water deficit at
middle-level stress as compared to non-stressed conditions which provided the clue for
water saving. Higher WUE is mainly a characteristic of reduced water use under water
stress than net production [74]. Monclus et al. [75] suggested that producing a high
level of drought tolerance required the ability of a genotype to increase WUE. Genotypes
exhibiting higher WUE in relation to water use are useful for acquiring drought-tolerant
traits. However, WUE alone cannot be considered as an indicator for drought tolerance
as drought tolerance is a complex mechanism in which plant root water uptake and other
physiochemical processes are involved. Thus, WUE provides a preliminary option to select
genotypes for the further screening process. Our study indicated that the WUE of some
upland rice genotypes decreased under stress treatments; however, it was found that the
genotypes which exhibited smaller reductions in their yield had an increasing trend of
their WUE under stress conditions which indicated their drought-tolerant capability. DSI
(Table 1) which is a measure of yield stability and relative yield (Table 1) which explains
the lower or higher difference in yield under drought stress conditions as compared to the
control also exhibited that genotypes G8, G11, G12, G13, and G16 were drought-resistant
and relatively high-yielding under moderate stress while genotypes G6, G8, G10, G12,
and G15 were among the five best comparatively drought-resistant and high-yielding
genotypes under severe stress treatment. The relationship between DSI, RY, and WUE
indicated a similar trend of yield response of genotypes under stress conditions. The top
five genotypes from the moderate stress and severe stress treatments (Table 1) exhibiting
an increasing trend in their WUE under water deficit and having lower stress values for
simulated drought stress indices for photosynthesis and growth expansion were finally
identified as drought-tolerant genotypes.

5. Conclusions

Drought stress impacted on the grain yield of all of the genotypes and an inverse
relationship between the drought stress index and grain yield was observed. The grain
yield of the studied genotypes decreased by 24–62% under moderate stress and by 43–78%
under severe stress as compared to the control. The genotypes Khao/Sai (G8), Dawk
Kham (G11), Dawk Pa–yawm (G12), Goo Meung Lung (G13), and Mai Tahk (G16) under
moderate stress treatment while genotypes Dawk Kha (G6), Khao/Sai (G8), Nual Hawm
(G10), Dawk Pa–yawm (G12) and Bow Leb Nahag (G15) under severe stress treatment
were among the top five drought-resistant and comparatively high-yielding genotypes
under drought stress producing DSI values < 1 and RY > mean RY. These genotypes also
exhibited lower values for stress indices for photosynthesis and growth expansion and an
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increasing trend in their water use efficiency under drought stress. Hence these genotypes
are recommended for acquiring drought-resistant traits. Simulations indicated that the
CSM–CERES–Rice model was excellently able to estimate the growth and yield of upland
rice genotypes under different irrigation treatments as RMSEn less than 10% for grain yield
was observed. Drought stress indices simulated by CSM–CERES–Rice well defined that
grain yield was reduced in each genotype under water deficit and genotypes exhibiting
lower stress values had the capability to combat drought by early drought recovery assuring
smaller reduction in their yield under drought stress. Simulated drought stress indices and
water use efficiency were also useful in explaining the initial findings from DSI and RY
for each genotype which ultimately helped in the final selection of genotypes for drought
tolerance. It was concluded that simulating drought stress indices is a useful strategy to
explain the physiological response of a genotype to drought stress and predict harvestable
yield under various levels of drought stress. The findings of the study support the idea
that CSM–CERES–Rice explaining the physiological aspects of genotypes has the potential
for its useful application as a DST for the selection of genotypes, particularly under water-
limited conditions. Moreover, the authors stress the need for further experimentation on
yield assessment of rice genotypes, assessment of various stress indices and validation of
CSM–CERES–Rice over a large scale.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/agronomy13020432/s1. Table S1: Description of genotypes used
in the study and sites of seed collection. Table S2: Mean squares of analysis of variance of days to
anthesis, days to maturity, and grain yield of sixteen upland rice genotypes.
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